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Preface 
 

Face recognition represents an important computer vision domain that has been 
vividly researched in the last decades. Face recognition is a task that the human vision 
system performs almost effortlessly and successfully, but artificial face recognition 
represents still a difficult task.  

The history of the automatic facial recognition area begins in 1960s, but this 
technology has been propelled into the spotlight by the major advancements in 
computing capability and research initiatives of the past 20 years. In spite of more than 
two decades of extensive research, numerous papers being published in prestigious 
journals and conference volumes in that period, the development of a computer-based 
artificial facial recognition system having capabilities comparable with those of human 
vision systems represents an unachieved goal. 

Artificial face recognition is quite difficult because of many factors, such as viewpoint, 
lightning conditions, facial expressions, aging effects and occlusions. While humans 
can recognize easily faces affected by these factors, the computer systems are not even 
close to this.  

Face recognition represents both a pattern recognition and biometric domain.  As any 
biometric system, a facial recognition system performs two major operations: person 
identification and verification. Face identification represents a supervised pattern 
recognition process performing two other operations: feature extraction and 
classification respectively. Also, face recognition represents the most popular and the 
most successful object recognition area.  

Human face is a physiological biometric identifier widely used in biometric 
authentication. Face recognition is preferable to many other biometric technologies 
because of its non-intrusive character and because it is very easy to use. The main 
application areas of facial recognition are access control, surveillance systems, robotics, 
human-computer interactions and medical diagnosis.   

The purpose of this book, entitled Face Analysis, Modeling and Recognition Systems is to 
provide a concise and comprehensive coverage of artificial face recognition domain 
across four major areas of interest: biometrics, robotics, image databases and cognitive 
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models. Our book aims to provide the reader with current state-of-the-art in these 
domains.   

The book is composed of 12 chapters which are grouped in four sections. The chapters 
in this book describe numerous novel face analysis techniques and approach many 
unsolved issues. The first section, entitled Face Recognition Systems using Principal 
Component Analysis, consists of the first two chapters and deals with the PCA or 
Eigenfaces approach, which represents a benchmark face recognition technique. While 
Chapter 1 describes an improved Eigenface-based recognition system applied 
successfully in the robotics field, in Chapter 2 are presented two novel face recognition 
methods. A PCA-based recognition approach is compared with a robust face 
authentication technique using a set of 2D Gabor filters for facial feature extraction. 

The second book section, Feature-based Face Detection, Analysis and Recognition 
Algorithms, is composed of the next four chapters. Numerous innovative face 
detection, processing, analysis and recognition algorithms are proposed in this section. 

Chapter 3 investigates various frequency domain facial feature extraction techniques 
based on discrete transforms, emphasizing their advantages: compact extraction of the 
face information, easy implementation, robustness against condition changes and fast 
processing. Chapter 4 analyzes the task of developing an automatic face recognition 
system using local feature-based methods. Three local feature based algorithms are 
implemented for AFR. They use Harris corner detectors for feature point detection and 
NN- classifiers.  

In Chapter 5 the authors introduce two methods for evaluation of the facial paralysis 
degree for clinical purpose. They propose a simple and efficient scheme for grading 
facial paralysis based on corner and salient point detection. Chapter 6 explores face 
recognition, classification, inversion within the framework of the multidimensional 
space model. The successfully experiments described in this chapter prove that the 
MDS model enhances our understanding of face recognition. 

The third section, entitled Facial Image Database Development - Recognition Evaluation and 
Security Algorithms, contains the next two chapters of the book. Development of face 
image databases is important because these databases are essential to evaluate the face 
recognition procedures. Chapter 7 presents a face database created for investigating 
the effect of out-of-focus blur on the performances of face detection and recognition 
systems. In Chapter 8 the author considers improving the security of facial image 
databases by using a fragile digital watermarking technique. 

The last section, entitled Cognitive Models for Face Recognition Disorders, is composed of 
the last four chapters of this book. In this section there are investigated the most 
popular facial recognition medical disorders. Chapter 9 analyzes the roles of featural 
and configurational processing in face recognition performed by humans. The authors 
examine patients suffering of diseases producing aberrant face recognition, like 

Preface XI 

prosopagnosia and schizophrenia, to determine how featural and configurational 
information contribute to human face recognition.

The psychiatric disorders of face recognition are also investigated in Chapter 10. The
chapter represents a literature survey of face misidentification syndromes and
neurocognitive models for face recognition.  In Chapter 11 the issue of face recognition 
heritability is investigated. Its authors try to demonstrate that face recognition 
represents an inherited cognitive ability by studying the hereditary prosopagnosia. 
Chapter 12, the final chapter of the book, first presents an overview of the recent
research on the neural mechanisms of facial recognition. Then, the authors review the 
neuropsychological findings of behavioral, structural and functional studies on 
abnormalities of face recognition in patients with schizophrenia disease.  

The authors who contributed to this book work as professors and researchers at 
important institutions across the globe, and are recognized experts in the scientific 
fields approached here. The topics in this book cover a wide range of issues related to
face analysis and here are offered many solutions to open issues. We anticipate that 
this book will be of special interest to researchers and academics interested in 
computer vision, biometrics, image processing, pattern recognition and medical 
diagnosis. 

Tudor Barbu, PhD
Institute of Computer Science,

Romanian Academy, Iaşi branch
Romania
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An Improved Face Recognition System  
for Service Robot Using Stereo Vision 

Widodo Budiharto1, Ari Santoso2, Djoko Purwanto2 and Achmad Jazidie2  
1Dept. of Informatics Engineering, BINUS University, Jakarta 

2Dept. of Electrical Engineering, Institute of Technology Sepuluh Nopember, Surabaya 
Indonesia 

1. Introduction  
Service robot is an emerging technology in robot vision, and demand from household and 
industry will be increased significantly in the future. General vision-based service robot 
should recognizes people and obstacles in dynamic environment and accomplishes a 
specific task given by a user. The ability to face recognition and natural interaction with a 
user are the important factors for developing service robots. Since tracking of a human face 
and face recognition are an essential function for a service robot, many researcher have 
developed face-tracking mechanism for the robot (Yang M., 2002) and face recognition 
system for service robot( Budiharto, W., 2010).  
The objective of this chapter is to propose an improved face recognition system using 
PCA(Principal Component Analysis) and implemented to a service robot in dynamic 
environment using stereo vision. The variation in illumination is one of the main 
challenging problem for face recognition. It has been proven that in face recognition, 
differences caused by illumination variations are more significant than differences between 
individuals (Adini et al., 1997). Recognizing face reliably across changes in pose and 
illumination using PCA has proved to be a much harder problem because eigenfaces 
method comparing the intensity of the pixel. To solve this problem, we have improved the 
training images by generate random value for varying the intensity of the face images.  
We proposed an architecture of service robot and database for face recognition system. A 
navigation system for this service robot and depth estimation using stereo vision for 
measuring distance of moving obstacles are introduced. The obstacle avoidance problem is 
formulated using decision theory, prior and posterior distribution and loss function to 
determine an optimal response based on inaccurate sensor data. Based on experiments, by 
using 3 images per person with 3 poses (frontal, left and right) and giving training images 
with varying illumination, it improves the success rate for recognition. Our proposed 
method very fast and successfully implemented to service robot called Srikandi III in our 
laboratory. 
This chapter is organized as follows. Improved method and a framework for face 
recognition system is introduced in section 2. In section 3, the system for face detection and 
depth estimation for distance measurement of moving obstacles are introduced. Section 4, a 
detailed implementation of improved face recognition for service robot using stereo vision is 
presented. Finally, discussions and future work are drawn in section 5.  
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2. Improved face recognition system using PCA  
The face is our primary focus of attention in developing a vision based service robot to serves 
peoples. Unfortunatelly, developing a computational model of face recognition is quite difficult, 
because faces are complex, meaningful visual stimuli and multidimensional. Modelling of face 
images can be based on statistical model such as Principal Component Analysis (PCA) (Turk & 
Pentland, 1991 ) and Linear Discriminat analysis (LDA) (Etemad & Chellappa, 1997; Belhumeur 
et.al, 1997), and physical modelling based on the assumption of certain surface reflectance 
properties, such as Lambertian surface (Zoue et al., 2007). Linear Discriminant Analysis (LDA) 
is a method of finding such a linear combination of variables which best separates two or more 
classes. Constrasting ther PCA which encodes information in an orthogonal linear space, the 
LDA which also known as fischerfaces method encodes discriminatory information in a linear 
separable space of which bases are not necessary orthogonal. However, the LDA result is 
mostly used as part of a linear classifier (Zhao et al., 1998). 
PCA is a standard statistical method for feature extraction by reduces the dimension of input 
data by a linear projection that maximizes the scatter of all projected samples. The scheme is 
based on an information theory approach that decomposes faces images into a small set of 
characteristic feature images called eigenfaces, as the principal components of the initial 
training set of face images. Recognition is performed by projecting a new image into the 
subspace spanned by the eigenfaces called face space, and then classifying the face by 
comparing its position in face space with the positions of known individuals. PCA based 
approaches typically include two phases: training and classification. In the training phase, an 
eignespace is established from the training samples using PCA and the training face images 
are mapped to the eigenspace for classification. In the classification phase, an input face is 
projected to the same eignespace and classified by an appropriate classifier (Turk & Pentland, 
1991 ). Let a face image ���� �� be a two-dimensional � by � array of (8-bit) intensity values. 
An image may also be considered as a vector of dimension ��, so that a typical image of size 
256 by 256 becomes a vector of dimension 65,536 ( a point in 65,536-dimensional space). If  is 
face images and M training set face images, we can compute the eigenspace iu  : 

 
1

M

i ik k
k

u v


   � = ���� � ��	  (1) 

Where ��	a��	���	are	the	i��	eigenspace and the	k��	value of the i�� eigenvector. Then, we can 
determining which face class provides the best description of an input face images to find 
the face class k by using the euclidian distance �� between the new face projection Ω, the 
class projection	Ω� and threshold	� using formula : 

 �� = ‖Ω−Ω�‖ � �  (2) 

The stereo camera used in this research is 640x480 pixels. The size of face image is cropped 
to 92x112pixels using Region of Interest method (ROI) as shown in figure below. These 
images also used as training images for face recognition system. We use histogram 
equalization for contrast adjustment using the image's histogram. This method usually 
increases the global contrast of many images, especially when the usable data of the image is 
represented by close contrast values. Through this adjustment, the intensities can be better 
distributed on the histogram. This allows for areas of lower local contrast to gain a higher 
contrast. Histogram equalization accomplishes this by effectively spreading out the most 
frequent intensity values. 
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                                     (a)                              (b)                                (c) 

Fig. 1. Original image (a) , then applied preprocessing image to greyscale image (b) and 
histogram equalization (c). 

The illumination variation is one of the main challenging problems that a practical face 
recognition system needs to deal with. Various methods have been proposed to solve the 
problem, named as face and illumination modeling, illumination invariant feature extraction 
and preprocessing and normalization. In (Belhumeur & Kriegman 1998), an illumination 
model illumination cone is proposed for the first time. The authors proved that the set of n-
pixel images of a convex object with a Lambertian reflectance function, under an arbitrary 
number of point light sources at infinity, formed a convex polyhedral cone in IRn named as 
illumination cone (Belhumeur & Kriegman 1998). In this research, we construct images 
under different illumination conditions by generate a random value for brightness level 
developed using Visual C++ technical Pack using this formula : 

  ��(�� �) � � ��(�� �) � ��   (3) 

Where �� is the intensity value after brightness operation applied, �� is the intensity value 
before brightness operation and � is a brightness level. The effect of brightness level shown 
at histogram below: 

 
Fig. 2. Effect of varying the illumination for a face. 
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Where ��	a��	���	are	the	i��	eigenspace and the	k��	value of the i�� eigenvector. Then, we can 
determining which face class provides the best description of an input face images to find 
the face class k by using the euclidian distance �� between the new face projection Ω, the 
class projection	Ω� and threshold	� using formula : 

 �� = ‖Ω−Ω�‖ � �  (2) 

The stereo camera used in this research is 640x480 pixels. The size of face image is cropped 
to 92x112pixels using Region of Interest method (ROI) as shown in figure below. These 
images also used as training images for face recognition system. We use histogram 
equalization for contrast adjustment using the image's histogram. This method usually 
increases the global contrast of many images, especially when the usable data of the image is 
represented by close contrast values. Through this adjustment, the intensities can be better 
distributed on the histogram. This allows for areas of lower local contrast to gain a higher 
contrast. Histogram equalization accomplishes this by effectively spreading out the most 
frequent intensity values. 

 
An Improved Face Recognition System for Service Robot Using Stereo Vision 5 

 
                                     (a)                              (b)                                (c) 

Fig. 1. Original image (a) , then applied preprocessing image to greyscale image (b) and 
histogram equalization (c). 

The illumination variation is one of the main challenging problems that a practical face 
recognition system needs to deal with. Various methods have been proposed to solve the 
problem, named as face and illumination modeling, illumination invariant feature extraction 
and preprocessing and normalization. In (Belhumeur & Kriegman 1998), an illumination 
model illumination cone is proposed for the first time. The authors proved that the set of n-
pixel images of a convex object with a Lambertian reflectance function, under an arbitrary 
number of point light sources at infinity, formed a convex polyhedral cone in IRn named as 
illumination cone (Belhumeur & Kriegman 1998). In this research, we construct images 
under different illumination conditions by generate a random value for brightness level 
developed using Visual C++ technical Pack using this formula : 

  ��(�� �) � � ��(�� �) � ��   (3) 

Where �� is the intensity value after brightness operation applied, �� is the intensity value 
before brightness operation and � is a brightness level. The effect of brightness level shown 
at histogram below: 

 
Fig. 2. Effect of varying the illumination for a face. 
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We have developed a Framework of Face recognition system for vision-based service robot. 
This framework very usefull as a information for robot to identify a customer and what 
items ordered by a customer. First, to storing training faces of customers, we have proposed 
a database for face recognition that consists of a table faces, products and order. An 
application interface for this database shown below : 
 

 
Fig. 3. We have proposed face databases using 1 table, 3 images used for each person 
(frontal, left and right poses). 

We have identified the effect varying illumination to the accuracy of recognition for our 
database called ITS face database as shown in table 1 : 
 

Training images Testing images Success rate 
No varying illumination 
6 6 100% 
12 6  100% 
24 6 100% 
Varying Illumination 
6 6 50.00% 
12 6 66.00% 
24 6 100% 
24 10 91.60% 

Table 1. Testing images without and with varying illumination. Results shows that by 
giving enough training images with variation of illumination generated randomly, the 
success rate of face recognition will be improved. 

We also evaluate the result of our proposed face recognition system and compared with 
ATT and Indian face database using Face Recognition Evaluator developed by Matlab. Each 
of face database consists of 10 sets of people’s face. Each set of ITS face database consists of 3 
poses (front, left, right ) and varied with illumination. ATT face database consists of 9 
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differential facial expression and small occlusion (by glass) without variation of 
illumination . The Indian face database consists of eleven pose orientation without variation 
of illumination and the size of each image is too small than ITS and ATT face database. The 
success rate comparison between 3 face databases shown below:  
 

 
Fig. 4. Success rate comparison of face recognition between 3 faces databases, each using 10 
sets face. It shown clearly that ITS database have highest success rate than ATT and Indian face 
database when the illumination of testing images is varied. The success rate using PCA in our 
proposed method and ITS face database is 95.5 %, higher than ATT face database 95.4%. 
 

 
Fig. 5. For total execution time, we can see the Indian face database (IFD) is shortest because 
the size of each image is lowest then ITS and ATT. 
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3. Face detection and depth estimation using stereo vision  
We have developed a system for face detection using Haar cascade classifier and depth 
estimation for measuring distance of peoples as moving obstacles using stereo vision. The 
camera used is a Minoru 3D stereo camera. The reason for using stereo camera in order 
robot able to estimate distance to obstacle without additional sensor(only 1 ultrasonic sensor 
infront of robot for emergency), so the cost for development can be reduced. Let’s start 
froma basic conce where a point q captured by camera, the point in the front image frame 
Ip(Ipx,Ipy) is the projection of the point in camera frame Cp(Cpx,Cpy,Cpz) onto the front image 
frame. Here, f denotes the focal length of the lens. Fig. 6 shown is the projection of a point on 
the front image frame. 
 

 
Fig. 6. Projection of point on front image frame. 
 

 
Fig. 7. Stereo Imaging model 
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In the stereo imaging model, the tree-dimensional points in stereo camera frame are 
projected in the left and the right image frame. On the contrary, using the projection of the 
points onto the left and right image frame, the three-dimensional points positions in stereo 
camera frame can be located. Fig. 7 shows the stereo imaging model using the left front 
image frame LF and right front image frame RF (Purwanto, D., 2001). 
By using stereo vision, we can obtain the position of each moving obstacle in the images, 
then we can calculate and estimate the distance of the moving obstacle. The three-
dimensional point in stereo camera frame can be reconstructed using the two-dimensional 
projection of point in left front image frame and in right front image frame using formula: 

 

1
2 ( )
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x x x
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q a q q
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Note that LI RI
y yq q  

Figure shown below is the result of 2 moving obstacle identification using stereo vision, 
distance of obstacle obtained using depth estimation based on eq. 4. State estimation is used 
for handling inaccurate vision sensor, we adopted it using Bayesian approach for 
probability of obstacle denoted as p(Obstacle) and probability of direction p(Direction) with 
the value between 0-1. 
 

 
Fig. 8. Robot succesfully identified and estimated distance of 2 moving obstacles in front of 
robot. 
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4. Implementation to vision-based service robot 
4.1 Architecture of service robot 
We have developed a vision-based service robot called Srikandi III with the ability to face 
recognition and avoid people as moving obstacles, this wheeled robot is next generation 
from Srikandi II (Budiharto, W. 2010). A mobile robot involving two actuator wheels is 
considered as a system subject to nonholonomic constraints. Consider an autonomous 
wheeled mobile robot and position in the Cartesian frame of coordinates shown in fig. 10, 
where �� and ��	are the two coordinates of the origin P of the moving frame and ��	is the 
robot orientation angle with respect to the positive x-axis. The rotation angle of the right and 
left wheel denoted as �� and �� and radius of the wheel by R thus the configuration of the 
mobile robot cR can be described by five generalized coordinates such as : 

 ( , , , , )T
R R R R r lc x y      (5) 

Based on fig, 10, �� is the linear velocity, ��	is the angular velocity, �� and �� are radial and 
angular coordinate of the robot (Mahesian, 2007). The kinematics equations of motion for 
the robot given by : 

  cosR R Rx v    (6) 

  sinR R Ry v    (7) 

 R R   (8) 

 

 
Fig. 9. Proposed Cartesian model of mobile robot with moving obstacle 

The angular velocity of the right and left wheel can be obtained by :   
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 r
r

d
dt
   and l

l
d
dt
    (9) 

Finally, the linear velocity �� can be formulated as : 

  ( ) /2R r lv R       (10) 

Camera become important sensor if we want to identify specific object such as face, small 
object, shape etc) that could not identified by other sensor such as ultrasonic sensors. 
Camera as a vision sensor have limitation in angle area for capturing object. We defined 
����		as a maximum angle that moving obstacle can be detected by camera used in this 
research. Based on the fig. 1, we defined angle between moving obstacle and robot ��� as: 

 180 ( )OR R cam       (11) 

, , , ,O OR Cam R Rv     and Ov  are very important properties for calculating whether robot will 

collides or not with moving obstacle. To calculate the speed of moving obstacle Ov based on 
vision is a complex task, we propose the model for calculate the Ov  that moving with angle 
�� detected by the camera, whereas at the same time the robot moving with speed Rv to the 
goal with angle ��, we need 2 point of tracked images with interval t = 1 second, then the 
difference of pixel position obtained. 
Based on the fig. 10, the equation for estimates Ov  when moving obstacle and robot are 
moving is : 

  2 1cosO O
p p s

v
t




 + cosR Rv    (12) 

Finally, we can simplified the eq. 12 as : 

 2 1

 cosO
O

p p s
v

t 


 + cos
cos
R R

O

v 


  (13) 

Where �� and �� are the position of the obstacle in pixel and s  is the scaling factor in 
cm/pixel. We proposed mechanism for predicting collision using time t  needed for robot to 
collides the moving obstacle that move with orientation ��	 as shown in fig, 1 and should be 
greater than threshold T for robot to allowing moving forward, can be calculated by 
formula: 

  sin
( sin sin )

O OR

R R O O

dt
v v


 




  (14)  

                               Note: if t <= T then robot stop 
                                         if t > T then robot moving forward 
Fig. 10 shown below is an architecture of service robot Srikandi III that utilizing stereo camera, 
compass and distance sensors. Because this robot need to recognizes and tracks people, many 
supporting functions developed and integrated such as face recognition system, static and 
moving obstacles detection and moving obstacle tracking, to make the robot robust and 
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reliable. We developed efficient Faces database used by face recognition system for 
recognizing customer. There is interface program between Laptop for coordinating robot 
controller. 1 controller using Propeller used for coordinating actuator and communication with 
the and used for distance measurement. Srikandi III implements path planning based on the 
free area obtained from the landmark by edge and smoothing operation. 
 

 
Fig. 10. General architecture of service robot called Srikandi III. Hardware and software 
parts are separated by the dashed line. All arrows indicate dataflow.  

Because of the limitation of stereo camera used for distance measurement, Kalman filtering 
applied to make sure the measurement of distance between robot and obstacle more stable. 
The prototype of service Robot Srikandi III that utilized a low cost stereo camera using 
Minoru 3D is shown in fig. 11: 

4.2 Proposed navigation system of vision-based service robot 
4.2.1 Flow chart of a navigation system 
The service robot should navigates from start to goal position and go back to home savely. 
We assumed the when robot running, people as moving obstacle may collides with the 
robot. So we proposed a method for obstacles avoidance for Service robot in general as 
shown in Fig. 12. The model of experiment for customer identification is using stereo camera, 
the advantage is we can estimate the distance of customer/obstacles and direction’s 
movement of obstacles. There is no map or line tracking to direct a robot to an identified 
customer. Image captured by stereo camera used as testing images to be processed by Haar 
classifier to detect how many people in the images, and face recognition by PCA. We 
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Fig. 11. Prototype of Service robot Srikandi III using stereo camera 

implementing visual tracking to heading a robot to a customer. Robot continuously 
measures the distance of obstacle and send the data to Laptop. The next step is multiple 
moving obstacle detection and tracking. If there is no moving obstacle, robot run from start 
to goal position in normal speed. If moving obstacle appeared and collision will occurred, 
robot will maneuver to avoids obstacle.  
Figure shown below is a flowchart that describes general mechanism for our method for 
detecting multiple moving obstacle and maneuver to avoids collision with the obstacles.   
To implement the flowchart above for service robot that should recognize the customer and 
have the ability for multiple moving obstacle avoidance, we have developed algorithm and 
programs consist of 3 main modules such as a framework for face recognition system, 
multiple moving obstacle detection and Kalman filtering as state estimator for distance 
measurement using stereo camera.  

4.2.2 Probabilistic robotics for navigation system 
Camera as vision sensor sometimes have distortion, so Bayesian decision theory used to 
state estimation and determine the optimal response for the robot based on inaccurate 
sensor data. Bayesian decision rule probabilistically estimate a dynamic system state from 
noisy observations. Examples of measurement data include camera images and range scan. 
If x is a quantity that we would like to infer from y, the probability p(x) will be referred to as 
prior probability distribution. The Bayesian update formula is applied to determine the new 
posterior p(x, y) whenever a new observation is obtained: 

 �(�� �) = �(�|���)�(�|�)
�(�|�)     (15) 

To apply Bayesian decision theory for obstacle avoidance, we consider the appearance of an 
unexpected obstacle to be a random event, and optimal solution for avoiding obstacles is 
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obtained by trading between maneuver and stop action. If we want service robot should 
stay on the path in any case, strategies to avoid moving obstacle include: 
 Maneuver, if service robot will collides.  
 stop, if moving obstacle too close to robot. 
 

 
Fig. 12. Flow chart of Navigation System from start to goal position for service robot. 
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Then, we restrict the action space denoted as A as : 

 1, 2 3( , )a a a    (16) 

   = maneuver to left, maneuver to right, stop  (17)        

We define a loss function L(a, θ) which gives a measure of the loss incurred in taking action a 
when the state is θ. The robot should chooses an action a from the set A of possible actions 
based on the observation z of the current state of the path θ. This gives the posterior 
distribution of θ as: 

 ( | ) ( )( | )
( | ) ( )

p z pp z
p z p

 


 



 (18) 

Then, based on the posterior distribution in (17), we can compute the posterior expected loss 
of an action (Hu, H et al., 1994): 

   ( ( | ), ) ( , ) ( | )B p z a L a p z


      (19) 

The figure below shows the proposed model of maneuvering on the service robot, pL which 
is the probability of moving obstacle leads to the left, and pR the probability of moving 
obstacle leads to the right. By estimating the direction of motion of the obstacle, then the 
most appropriate action to avoid to the right / left side can be determined, to minimize 
collisions with these obstacles. If there are more than 1 moving obstacle, then robot should 
identified the nearest moving obstacle to avoid it, and the direction of maneuver should be 
opposite with the direction of moving obstacle.  
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opposite with the direction of moving obstacle.  
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Fig. 13. A maneuvering model to avoids multiple moving obstacle using stereo vision, 2 
multiple moving obstacle with the different direction (a) and the same direction (b) 

Result of simulation using improved face recognition system and implemented to a service 
robot to identify a customer shown in figure 14. In this scheme, robot will track the face of a 
customer until the robot heading exactly to a customer, after that, robot will run to 
customer. If there are moving obstacles, robot will maneuver to avoid the obstacle. 
 

 
Fig. 14. Result of simulation using improved face recognition system and implemented to a 
service robot to identify a customer. 
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5. Discussion 
This chapter presents an improved face recognition system using PCA and implemented to 
a service robot in dynamic environment using stereo vision. By varying illumination in 
training images, it will increase the success rate in face recognition. The success rate using 
our proposed method using ITS face database is 95.5 %, higher than ATT face database 
95.4%. The simple face database system propsed can be used for the vision-based service 
robot. Experimental results with various situations have shown that the proposed methods 
and algorithms working well and robot reaches the goal points while avoiding moving 
obstacle. Estimation of distance of moving obstacle obtained by stereo vision. Bayesian 
decision rule implemented for state estimation makes this method more robust because the 
optimal solution for avoiding obstacles is obtained by trading between maneuver and stop 
action. In future work, we will implementing this system and develop a Vision-based 
humanoid service robot for serving customers at Cafe/Restaurants. 

6. Acknowledgment 
Research described in this paper was done in the Robotics Center, Institute of Technology 
Sepuluh Nopember (ITS) Surabaya, Indonesia. Part of this research also funded by JASSO 
Scholarship and conducted at Robotics Lab, Graduate school of Science and Technology, 
Kumamoto Universty-Japan. 

7. References  
Adini, Y.; Moses, Y. & Ulman, S. (1997). Face Recognition : the problem of compensating for 

changes in illumination direction, IEEE Trans. On Pattern Analysis and Machine 
Intelligence, Vol. 19, no. 7, 721-732, ISSN : 0162-8828 

Belhumeur, P. & Kriegman, D. (1998). What is the set of images of an object under all 
possible illumination conditions, International Journal of Computer Vision, Vol. 28, 
NO. 3, 245-260, ISSN : 1573-1405 (electronic version). 

Etemad, K. & Chellappa R (1997). Discriminant analysis for recognition of human face 
images, Journal of the Optical Society of America A, Vol. 14, No. 8, 1724-1733, ISSN : 
1520-8532 (online). 

Borenstein, J. & Koren, Y.(1991). Potential Field Methods and Their Inherent Limitations for 
Mobile Robot Navigation, Proceeding IEEE Conf. on Robotics and Automation, 
California, pp.1398-1404. 

Budiharto, W., Purwanto, D. & Jazidie, A. (2011), A Robust Obstacle Avoidance for Service 
Robot using Bayesian Approach . International Journal of Advanced Robotic Systems, 
Vol. 8, No.1, (March 2011), pp. 52-60, ISSN 1729-8806. 

Budiharto, W.; Purwanto, D. & Jazidie, A. (2010), A Novel Method for Static and Moving 
Obstacle Avoidance for Service robot using Bayesian Filtering, Proceeding of IEEE 
2nd International conf. on Advances in Computing, Control and Telecommunications 
Technology, Jakarta-Indonesia, pp. 156-160. DOI: 10.1109/ACT.2010.51. 

Fatih, K.; Binnur, K. & Muhittin, G. (2010). Robust Face Alignment for Illumination and Pose 
Invariant Face Recognition, Face Recognition, ISBN: 978-953-307-060-5.  



 
Face Analysis, Modeling and Recognition Systems 16

 
(b) 

Fig. 13. A maneuvering model to avoids multiple moving obstacle using stereo vision, 2 
multiple moving obstacle with the different direction (a) and the same direction (b) 

Result of simulation using improved face recognition system and implemented to a service 
robot to identify a customer shown in figure 14. In this scheme, robot will track the face of a 
customer until the robot heading exactly to a customer, after that, robot will run to 
customer. If there are moving obstacles, robot will maneuver to avoid the obstacle. 
 

 
Fig. 14. Result of simulation using improved face recognition system and implemented to a 
service robot to identify a customer. 

 
An Improved Face Recognition System for Service Robot Using Stereo Vision 17 

5. Discussion 
This chapter presents an improved face recognition system using PCA and implemented to 
a service robot in dynamic environment using stereo vision. By varying illumination in 
training images, it will increase the success rate in face recognition. The success rate using 
our proposed method using ITS face database is 95.5 %, higher than ATT face database 
95.4%. The simple face database system propsed can be used for the vision-based service 
robot. Experimental results with various situations have shown that the proposed methods 
and algorithms working well and robot reaches the goal points while avoiding moving 
obstacle. Estimation of distance of moving obstacle obtained by stereo vision. Bayesian 
decision rule implemented for state estimation makes this method more robust because the 
optimal solution for avoiding obstacles is obtained by trading between maneuver and stop 
action. In future work, we will implementing this system and develop a Vision-based 
humanoid service robot for serving customers at Cafe/Restaurants. 

6. Acknowledgment 
Research described in this paper was done in the Robotics Center, Institute of Technology 
Sepuluh Nopember (ITS) Surabaya, Indonesia. Part of this research also funded by JASSO 
Scholarship and conducted at Robotics Lab, Graduate school of Science and Technology, 
Kumamoto Universty-Japan. 

7. References  
Adini, Y.; Moses, Y. & Ulman, S. (1997). Face Recognition : the problem of compensating for 

changes in illumination direction, IEEE Trans. On Pattern Analysis and Machine 
Intelligence, Vol. 19, no. 7, 721-732, ISSN : 0162-8828 

Belhumeur, P. & Kriegman, D. (1998). What is the set of images of an object under all 
possible illumination conditions, International Journal of Computer Vision, Vol. 28, 
NO. 3, 245-260, ISSN : 1573-1405 (electronic version). 

Etemad, K. & Chellappa R (1997). Discriminant analysis for recognition of human face 
images, Journal of the Optical Society of America A, Vol. 14, No. 8, 1724-1733, ISSN : 
1520-8532 (online). 

Borenstein, J. & Koren, Y.(1991). Potential Field Methods and Their Inherent Limitations for 
Mobile Robot Navigation, Proceeding IEEE Conf. on Robotics and Automation, 
California, pp.1398-1404. 

Budiharto, W., Purwanto, D. & Jazidie, A. (2011), A Robust Obstacle Avoidance for Service 
Robot using Bayesian Approach . International Journal of Advanced Robotic Systems, 
Vol. 8, No.1, (March 2011), pp. 52-60, ISSN 1729-8806. 

Budiharto, W.; Purwanto, D. & Jazidie, A. (2010), A Novel Method for Static and Moving 
Obstacle Avoidance for Service robot using Bayesian Filtering, Proceeding of IEEE 
2nd International conf. on Advances in Computing, Control and Telecommunications 
Technology, Jakarta-Indonesia, pp. 156-160. DOI: 10.1109/ACT.2010.51. 

Fatih, K.; Binnur, K. & Muhittin, G. (2010). Robust Face Alignment for Illumination and Pose 
Invariant Face Recognition, Face Recognition, ISBN: 978-953-307-060-5.  



 
Face Analysis, Modeling and Recognition Systems 18

Hu, H. & Brady, M. (1994). A Bayesian Approach to Real-Time Obstacle Avoidance for a 
Mobile Robot. Autonomous Robots, vol. 1, Kluwer Academic Publishers, Boston, 
pp. 69-92. 

Khatib, O.(1986) Real-time Obstacle Avoidance for Manipulator and Mobile Robots, 
International Journal of Robotics Research, vol. 5 no. 1, pp.90-98. 

Masehian, E. & Katebi, Y. (2007). Robot Motion Planning in Dynamic Environments with 
Moving Obstacles and Target, Int. Journal of Mechanical Systems Science and 
Engineering, 1(1), pp. 20-25. 

Purwanto, D. (2001). Visual Feedback Control in Multi-Degrees-of-Freedom Motion System, 
Dissertation at Graduate School of Science and Technology - Keio University, 
Japan. 

Turk, M. & Pentland A. (1991). Eigenfaces for recognition, International Journal of Cognitive 
Neuroscience, Vol. 3, No. 1, pp. 71-86. 

Yang M. (2002) Detecting faces images: A survey, IEEE Transactions on Pattern Analysis 
and Machine Inteligence, vol. 24 no. 1, pp.34-58 

Zhichao, L. & Meng Joo E. (2010). Face Recognition Under Varying Illumination, New Trends 
in Technologies: Control, Management, Computational Intelligence and Network Systems, 
ISBN: 978-953-307-213-5. 

OpenCV (2010). www.opencv.org. 
ATT face database, http://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html. 
Indian face database (2010). http://vis-www.cs.umass.edu/~vidit/IndianFaceDatabase 

2 

Two Novel Face Recognition Approaches 
Tudor Barbu 

 Institute of Computer Science of the Romanian Academy, Iasi branch, 
 Romania 

1. Introduction 
Face recognition represents a very important biometric domain, the human face being a 
psychological biometric identifier that is widely used in person authentication. Also, it 
constitutes a popular computer vision domain, facial recognition being the most successful 
application of object recognition. Recognizing of faces is a task performed easily by humans 
but it remains a difficult problem in the computer vision area. Automated face recognition 
constitutes a relatively new concept, having a history of some 20 years of research. Major 
initiatives and achievements in the past decades have propelled facial recognition 
technology into the spotlight (Zhao et. al, 2003). 
A facial recognition system represents a computer-driven application for automatically 
authenticating a person from a digital image, using the characteristics of its face. As any 
biometric recognition system, it performs two essential processes: identification and 
verification. Facial identification consists in assigning an input face image to a known 
person, while face verification consists in accepting or rejecting the previously detected 
identity. Also, facial identification is composed of a feature extraction stage and a 
classification step. 
Face recognition technologies have a variety of application areas, such as: access control 
systems for various services, surveillance systems and law enforcement (Zhao et. al, 2003).. 
Also, these technologies can be incorporated into more complex biometric systems, to obtain 
a better human recognition. Facial recognition techniques are divided into two major 
categories: geometric and photometric methods. Geometric approaches represent feature-
based techniques and look at distinguishing individual features, such as eyes, nose, mouth 
and head outline, and developing a face model based on position and size of these 
characteristics. Photometric techniques are view-based recognition methods. They distill an 
image into values and compare these values with templates. Many face recognition 
algorithms have been developed in the last decades. The most popular techniques include 
Eigenfaces (Turk & Pentland, 1991, Barbu, 2007), Fisherfaces (Yin et. al, 2005), Linear 
Discriminant Analysis (LDA), Elastic Bunch Graph Matching (EBGM), Hidden Markov 
Models (HMM) (Samaria et. al, 1994) and the neuronal model Dynamic Link Matching 
(DLM) (Wiskott et. al, 1996).  
In this chapter we present two facial recognition approaches. The first one is an Eigenface-
based recognition technique, based on the influential work of Turk and Pentland (Turk & 
Pentland, 1991). Proposed in 1991 by M. Turk and A. Pentland, the Eigenface approach was 
the first genuinely successful system for automatic recognition of human faces, representing 
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algorithms have been developed in the last decades. The most popular techniques include 
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Discriminant Analysis (LDA), Elastic Bunch Graph Matching (EBGM), Hidden Markov 
Models (HMM) (Samaria et. al, 1994) and the neuronal model Dynamic Link Matching 
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In this chapter we present two facial recognition approaches. The first one is an Eigenface-
based recognition technique, based on the influential work of Turk and Pentland (Turk & 
Pentland, 1991). Proposed in 1991 by M. Turk and A. Pentland, the Eigenface approach was 
the first genuinely successful system for automatic recognition of human faces, representing 
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a breakaway from contemporary research trend on facial recognition. The second technique, 
described in the third section, uses Gabor filtering in the feature extraction stage (Barbu, 
2010). It applies a set of 2D Gabor filters, at various frequencies, orientations and standard 
deviations, on the facial images. A supervised classifier is used in the classification stage. 

2. Eigenimage-based facial recognition approach 
We have proposed an eigenimage-based face recognition technique based on the well-
known approach of Turk and Pentland (Turk & Pentland, 1991). Their recognition method 
considers a large set of facial images that works as a training set.  
Thus, each of these images is represented as a vector  1i ,   i ,...,M  ,  then one computes 

the average vector Ψ . The covariance matrix is computed next as TC A A  , where 
 1 MA ,...,   and i i    . The matrix C is a very large one and its eigenvectors and 

eigenvalues are obtained from those of TA A . Thus, TA A  and TA A  have the same 
eigenvalues and their eigenvectors are related as follows: i iu Av . One keeps only 

'M eigenvectors, corresponding to the largest eigenvalues. Each of these eigenvectors 
represents an eigenimage (eigenface). Each face image is projected onto each of these 
eigenfaces, its feature vector, containing 'M coefficients, being obtained. Any new input face 
image is identified by computing the Euclidean distance between its feature vector and each 
feature training vector. Next, some verification procedures may be necessary to determine if 
the input image represents a face at all or if it represents a registered person. 
We have developed a derived version of this Eigenface approach. Thus, we propose a 
continuous mathematical model for face feature extraction in the first subsection (Barbu, 
2007). Then we discretize this model, the discretized version being presented in the second 
subsection (Barbu, 2007). A supervised face classification system, that produces the 
identification results, is described in the third subsection. Facial verification is the last 
recognition process. In the fourth section we present a threshold-based verification 
approach. Some experiments performed by using our facial recognition method are 
presented in the fifth section.  

2.1 A continuous model for face feature extraction  
We develop a continuous differential model for facial feature extraction. Thus, our approach 
replaces the 2D face image   by a differentiable function u u(x,y )  and the covariance 

matrix by a linear symmetric operator on the space 2L ( )  involving the image vector u and 
its gradient u . We determine a finite number of eigenfunctions, the identification process 
being developed on this finite dimensional space (Barbu, 2007). 
Therefore, the continuous facial image become u : R    and we denote by 2L ( )  the 

space of all 2L - integrable functions u with the norm  1 22
2

/
u u (x,y)dxdy


  , and by 

1H ( )  the Sobolev space of all functions 2u L ( )  with the distributional derivatives 

x
uD u
x





 and y
uD u
y





 respectively (Barbu V., 1998). Also, we denote by 

 
Two Novel Face Recognition Approaches 

 

21 

x yu(x,y) (D u(x,y),D u(x,y))   the gradient of u u(x,y) . The Euclidean 2L - norm 
2u (x,y)dxdy

  is replaced in this new approach by the 1H ( )  - energetic norm 
2 2u u dxdy


  , that is sharper and more appropriate to describe the feature variations of 

the human faces. This technique is inspired by the diffusion models for image denoising, 
representing our main contribution (Barbu, 2007). Thus, the norm of 1H ( )  is computed as: 

 1
22 2 2 2

x yH ( )u (u (x,y) (D u(x,y)) (D u(x,y)) )dxdy (u (x,y) u(x,y) )dxdy  
         (1) 

We are given an initial set of facial images, 1
1

M
M{u ,...,u } (H ( )) , representing the 

training set. Therefore, its average value is computed as: 

 
1

1 M

i
i

(x,y) u (x,y),   x,y
M

 


    (2) 

Next, we compute the differences: 

 1i i(x ,y) u (x,y ) (x,y),   i ,...,M      (3) 

Then, we set 

 1i i x i y iW u {D u ,D u },   i ,...,M     (4) 

and consider the covariance operator 2 3 2 3Q L((L ( )) ,(L ( )) )   associated with the vectorial 

process 1
M

i i i{ ,W }  . If 2 2 2
1 2 3h {h ,h ,h } L ( ) L ( ) L ( )      , then we have: 

 

1 1
1 2

1 1

2 2 2
3

1
1 2 3

M M

i i i i
i i

M

i i k
i

(Qh)(x,y) (x,y) ( )h ( )d W (x,y) W ( )h ( )d

                 W (x,y) W ( )h ( )d ,  , h L ( ),k , ,

 



       

   

 



  


   


  

 
  (5) 

where 1 2 1 2 1i i i i x i i y iW {W ,W }, W (x,y) D U (x,y), W (x,y) D U (x,y),  i ,...,M    . 

Equivalently we may view Q as covariance operator of the process 1
M

i i{ }    in the space 
1H ( )  endowed with norm 1H . Indeed, for 1 2 3x yh z,h D z,h D z   , the equation (5) 

becomes: 

 2 2 1
1

L ( ) L ( ) H ( )(Qh)(x,y) { ( ,z) , ( , z) } { , } ,z ,  z H ( )                       (6) 

This means Q is just the covariance operator of the 1H ( )  - variable  . We may consider 

  to be a random variable. The operator Q is self-adjoint in 2 3(L ( ))  and has an 
orthonormal complet system of eigenfunctions j{ } , i.e., 0j j j jQ ,      (Barbu V., 1998). 
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Moreover, 1 3
j ( H ( )) ,  j   . Let us associate with Q the  3 3M M  matrix TQ A A , 
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We consider 3
1

M
j j{ }   and 3 3

1
M M

j j{ } R    a linear independent system of eigenvectors for Q , 

therefore 1 3j j jQ , j ,..., M   . One can see that the sequence 3
1

M
j j{ }  , defined by 

1j j j ,  for  j M     , 1 1 2j j jW ,  for M j M     , and 2
j j jW ,   for 

2 1 3M j M   , represent the eigenfunctions of operator Q, i.e., 1 3j j jQ , j ,..., M    . The 
eigenfunctions of the covariance operator Q maximizes the variance of projected samples: 

 2 32 3 1j (L ( ))( L ( ))arg{max Qh,h ; h }      (8)                          

In this way the eigenfunctions 3
1

M
j j{ }   capture the essential features of images from the 

initial training set. From j{ }  we keep a smaller number of eigenfaces 3
1

'M
j j{ }  , with 
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2.2 Discretization of the feature extraction approach 
We discretize the continuous model described in the last section. Let us assume that 

21[0,L ] [0,L ]    and let us set 21ix i ,  i ,...N   and 11jy j ,  j ,...N  , 0  (Barbu, 
2007). 
Therefore, we obtain M matrices of size 21N  N , which represent the discrete images. We 
denote their corresponding 2 11N N     image vectors as 1 MI ,..., I . Now, we have 
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The obtained matrix has a 3 3M M dimension. Thus, we determine the eigenvectors i  of 

the matrix Q . Then, the eigenvectors of the discretized covariance operator Q are computed 
as following: 
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We keep only 'M M  eigenimages corresponding to the largest eigenvalues and consider 

the space 3
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i i i[ ,W ,W ]  on X is given by the 
discrete version of i , that is computed as: 
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where 1 2j T T
j i i iiw [ ,W ,W ]   . So, for each facial image iI  a corresponding training feature 

vector is extracted as the sequence of all these weights: 
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Moreover, 1 3
j ( H ( )) ,  j   . Let us associate with Q the  3 3M M  matrix TQ A A , 

where 3 2 3MA : R (L ( ))  is given by 1 1
1 2 3

1 1 1

M M M
i i i

i i i
i i i

AY y , W y , W y
  

 
  
 
   , 1 2 3 1

i i i M
iY { y ,y ,y }  , 

and 2 3 3T MA : (L ( )) R  , that represents the adjoint operator, is given by 

1 1 2 2
1 1 1 1 2 2 1 3 3

T
M M MA h ( )h d ,..., h d , W ( )h d ,..., W ( )h d , W ( )h d ,..., W ( )h d

     

            
 

  
  
     

where 2 3
1 2 3h (h ,h ,h ) (L ( ))  . One results:  

 

1

0 0

0 0

0 0

M

i j

T
i j

i j
i , j

d

A A d

d







 

 

 




 



  (7) 

We consider 3
1

M
j j{ }   and 3 3

1
M M

j j{ } R    a linear independent system of eigenvectors for Q , 

therefore 1 3j j jQ , j ,..., M   . One can see that the sequence 3
1

M
j j{ }  , defined by 

1j j j ,  for  j M     , 1 1 2j j jW ,  for M j M     , and 2
j j jW ,   for 

2 1 3M j M   , represent the eigenfunctions of operator Q, i.e., 1 3j j jQ , j ,..., M    . The 
eigenfunctions of the covariance operator Q maximizes the variance of projected samples: 

 2 32 3 1j (L ( ))( L ( ))arg{max Qh,h ; h }      (8)                          

In this way the eigenfunctions 3
1

M
j j{ }   capture the essential features of images from the 

initial training set. From j{ }  we keep a smaller number of eigenfaces 3
1

'M
j j{ }  , with 

'M M  corresponding to largest eigenvalues j  and consider the space 

 3 2 3
1

'M
j jX lin{ } (L ( ))    (9) 

Assuming that systems j{ }  is normalized (orthonormal in 2 3(L ( )) ) one can project any 

initial image 1 2 2 3
i i i{ ,W ,W } (L ( ))   on X by formula   

 2 3

3

1
1 3

'M

i j j i (L ( ))
j

(x ,y ) (x,y ) ,T ,  i ,..., M  


     (10) 

where 1 2
i i i iT { ,W ,W } 1 3,  i ,..., M  and 2 3(L ( )),      is the scalar product in  

2 2 2L ( ) L ( ) L ( )    . We denote the weights 2 3 1 3j
j ii (L ( ))w ,T , i ,..., M   , and the 

resulted feature vector will be 

 
Two Novel Face Recognition Approaches 

 

23 

 1 3 1 3
'M

i i iV(u ) (w ,...,w ),  i ,..., M    (11) 

2.2 Discretization of the feature extraction approach 
We discretize the continuous model described in the last section. Let us assume that 

21[0,L ] [0,L ]    and let us set 21ix i ,  i ,...N   and 11jy j ,  j ,...N  , 0  (Barbu, 
2007). 
Therefore, we obtain M matrices of size 21N  N , which represent the discrete images. We 
denote their corresponding 2 11N N     image vectors as 1 MI ,..., I . Now, we have 

TQ A A   , where 

  1 1
1

2 2
1

0 0

0 0

0 0

1 M

M

M

,...,

A W ,...,W  

W ,...,W

 

   (12)                          

and 

 

2 1

2 1

2 1

1

1
1 1

2
1 1

N ,N
k k i j i , j

N ,N
k k i j k i j i , j

N ,N
k k i j k i j i , j

(x ,y )

W (x ,y ) (x ,y )

W (x ,y ) (x ,y )

 

 

 



 

 

 
  

  

   (13)  

The obtained matrix has a 3 3M M dimension. Thus, we determine the eigenvectors i  of 

the matrix Q . Then, the eigenvectors of the discretized covariance operator Q are computed 
as following: 

 1i iA ,   i ,...,M     (14)                          

We keep only 'M M  eigenimages corresponding to the largest eigenvalues and consider 

the space 3
1

'M
i iX linspan{ }   . Then, the projection of 1 2

i i i[ ,W ,W ]  on X is given by the 
discrete version of i , that is computed as: 

 
3

1 2

1
1 3

'M
j

X i i i ji
j

P ([ ,W ,W ]) w ,  i ,..., M 


     (15) 

where 1 2j T T
j i i iiw [ ,W ,W ]   . So, for each facial image iI  a corresponding training feature 

vector is extracted as the sequence of all these weights: 

 1 3 1 3
'M T

i i iV( I ) [w ,...,w ] ,   i ,..., M    (16) 



 
Face Analysis, Modeling and Recognition Systems 

 

24

Therefore, the feature training set of the face recognition system is obtained as 
1 M{V( I ),...,V( I )} , each feature vector being given by (16). The Euclidean metric could be 

used to measure the distance between these vectors. 

2.3 Facial feature vector classification and verification 
The next step of face recognition is the classification task (Duda et. al, 2000). We provide a 
supervised classification technique for facial authentication. Thus, we consider an unknown 
input image I  to be recognized using the face training set 1 M{ I ,...,I } . The feature training 
set of our classifier is 1 M{V( I ),...,V( I )}  and its metric is the Euclidean distance for vectors. 

We normalize the input image, first. So, we get I   , where 
1

1 M

i
i

I
M




  . The vectors 

1W  and 2W  are computed from   using formula (13). Then it is projected on the 

eigenspace, using the formula 
1

'M
i

i
i

P( ) w 


 , where i T 1 2 T
iw [ ,  W , W ]   . Obviously, 

its feature vector is computed as 1 'M TV( I ) [w ,...,w ] (Barbu, 2007).  
A threshold-based facial test could be performed to determine if the given image represents 
a real face or not. Thus, if P( ) T   , where T is a properly chosen threshold value, 
then I represents a face, otherwise it is a non-facial image. We consider K registered 
(authorized) persons whose faces are represented in the training set 1 M{ I ,...,I } .  We 

redenote this set as 1 1 1 1
1 1

n( ) n( i ) n(K )
i K Ki{ I ,...,I ,..., I ,..., I ,..., I ,..., I } , where K M and 1 n( i )

i i{ I ,...,I }  
represents the training subset provided by the ith authorized person, n(i) being the number 
of its registered faces.  
A minimum average distance classifier, representing an extension of the classical variant of 
minimum distance classifier (Duda et. al, 2000), is used for feature vector classification. So, 
for each registered user, one calculates the average distance between its feature training 
subset and the feature vector of the input face. The input image is associated to the user 
corresponding to the minimum distance value. That user is the kth registered person, where 

 1

n( i )
j
i

j

i

d(V( I ),V( I ))
k argmin

n(i)



 (17)  

where d is the Euclidean metric. Thus, each input face I is identified as a registered person 
by this formula. However, the face identification procedure has to be completed by a facial 
verification step, to determine if that face really represents the associated person. We 
propose a threshold-based verification approach. 
First, we provide a novel threshold detection solution, considering the overall maximum 
distance between any two feature vectors belonging to the same training feature sub-set as a 
threshold value (Barbu, 2007). Therefore, the input face I  may represent the kth registered 
user if the following condition is fulfilled: 

    1

n( i )
j
i
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i

d(V( I ),V( I ))
min T
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where k is computed by (17) and the threshold is given by formula: 

 j t
iii j t

T maxmax d(V( I ),V( I ))


  (19) 

If the condition (18) is not satisfied, then the input face is rejected by our recognition system 
and labeled as unregistered. 

2.4 Experiments 
The proposed Eigenface-based recognition system has been tested on numerous face 
datasets. We have performed many experiments and achieved satisfactory facial recognition 
results. Our technique produces a high recognition rate, of approximately 90%. We have 
used “Yale Face Database B”, containing thousands of 192 168 face images corresponding 
to many persons, in our research (Georghiades et. al, 2001). In the next figures, there is 
represented such a face recognition example. In Fig. 1 one can see a set of 10 input faces to 
be recognized.  
 

 
Fig. 1. Input face images  

This example uses a training set containing 30 facial images belonging to 3 persons. The face 
set is illustrated in Fig. 2, where each registered individual has 10 photos positioned on two 
consecutive rows.  
Therefore, one computes 90 eigenfaces for this training set but only the most  important 27  
( 9'M  ) of them are necessary. The most significant eigenfaces are represented in Fig. 3. 
Thus, the feature training set, containing face feature vectors, is obtained on the basis of 
these eigenimages.  
The mean distances between these feature vectors are computed and the identification 
process provided by (17) is applied. Faces 2, 6 and 10 are identified as belonging to the first 
person, faces 4 and 7 are identified to the second person. Also, the faces 5 and 9 are 
associated to the first registered individual but their distance values, 5.795 and 5.101, are 
greater than the threshold value provided by (19), computed as 2 568T . , so the 
verification procedure labels them as unregistered.  
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Fig. 2. Facial training set 
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Fig. 3. The main eigenfaces 
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3. Face recognition technique using two-dimensional Gabor filtering 
The second face authentication approach is based on two-dimensional Gabor filtering. As 
one knows, a great amount of research papers have been published in literature for Gabor 
filter-based image processing (Movellan, 2008). Besides face recognition, Gabor filters are 
successfully used in many other image processing and analysis domains, such as: image 
smoothing, image coding, texture analysis, shape analysis, edge detection, fingerprint and 
iris recognition. 
We use the Gabor filters in the feature extraction process, that is described in the next 
subsection. Then, we use a feature vector classification approach that is similar to the 
supervised method proposed in the previous section. A threshold-based face verification is 
also described in the second subsection. Some facial recognition experiments are presented 
in the last subsection.         

3.1 A Gabor filter based facial feature extraction  
We intend to obtain some feature vectors which provide proper characterizations of the 
visual content of face images. For this reason we use the two-dimensional Gabor filtering as 
a feature extraction tool (Barbu, 2010). 
The Gabor filter represents a band-pass linear filter whose impulse response is defined by a 
harmonic function multiplied by a Gaussian function. Thus, a bidimensional Gabor filter 
constitutes a complex sinusoidal plane of particular frequency and orientation modulated 
by a Gaussian envelope. It achieves optimal resolutions in both spatial and frequency 
domains (Movellan, 2008, Barbu, 2010). Our approach designs 2D odd-symmetric Gabor 
filters for face image recognition, having the following form: 

  
2 2

2 2 2k k
k i x y k, f , , i

x y

x y
G (x,y ) exp cos f x 
    

 

  
      
    

 (20)                          

where 
kk yxx

k
 sincos  , kk xyy

k
 sincos  , if  provides the central 

frequency of the sinusoidal plane wave at an angle k  with the x – axis, x  and y  

represent the standard deviations of the Gaussian envelope along the axes x and y.  

Then, we set the phase 2/   and compute each orientation as k
k
n
  , where 

 1k ,...,n . The 2D filters 
k x y, f , ,G    computed by (20) represent a group of wavelets which 

optimally captures both local orientation and frequency information from a digital image 
(Barbu, 2010).  
Each facial image has to be filtered by applying 

k x y, f , ,G    at various orientations, 

frequencies and standard deviations. A proper design of Gabor filters for face authentication 
requires an appropriated selection of those parameters. Therefore, we consider some proper 
variance values, a set of radial frequencies and a sequence of orientations, respectively. 
The settings for the filter parameters are: 2x  , 1y  ,  0 75 1 5if . ,  .  and n = 5, which 

means 2 3 4
5 5 5 5k , , , ,      

 
. One results the filter bank    2 1 0 75 1 5 1 5k i

i
, f , , f . , . ,k [ , ]
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, that is 
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composed of 10 channels. The current face image is convolved with each 2D Gabor filter 
from this set. The resulted Gabor responses are then concatenated into a three-dimensional 
feature vector. So, if I represents a  X Y  face image, then the feature extraction is modeled 
as: 

 
x y( z), f ( z), ,V( I )[x,y ,z] V ( I )[x,y]    (21) 

where 1x [ ,X] , 1y [ ,Y ] and 

  1

2

1 1
1 2 1 2

z

z n

,           z [ ,n] f ,         z [ ,n]
( z) ,   f ( z)  

,z [n , n] f ,z [n , n]



 

  
      

  (22) 

and 

 
x y x y( z), f ( z), , ( z), f ( z ), ,V ( I )[x,y] I(x,y ) G (x,y)         (23) 

A fast 2D convolution is performed using Fast Fourier Transform, so, the face feature vector 
is computed as 1

x y x y( z), f ( z), , ( z), f ( z), ,V ( I ) FFT [FFT( I ) FFT(G )]     
  . For each face I one 

obtains a 3D face feature vector V( I ) , that has a 2[X Y n]  dimension.  
This feature vector proves to be a satisfactory content descriptor of the input face. In Fig. 4 
one depicts a facial image and its 10 Gabor representations, representing the components of 
its feature vector. 
 

 
Fig. 4. Feature vector components of a face image 

The distance between these feature vectors must be computed using a proper metric. Since 
the size of each vector depends on the dimension of the featured image, a resizing 
procedure has to be performed on the face images, first. Then, we compute the distance 
between these 3D feature vectors using a squared Euclidean metric, which is characterized by 
formula:                                                
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X Y n
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where I and J are two face images, resized to the same [X Y] dimension. 

3.2 Face feature vector classification and verification 
Feature vector classification represents the second step of the face identification process. We 
provide a similar supervised classification approach for these Gabor filter-based 3D feature 
vectors. Some well-known supervised classifiers (Duda et. al, 2000), such as minimum 
distance classifier or the K-Nearest Neighbour (K-NN) classifier, could be also used in this 
case.  
The training set of this classifier is created first. Therefore, one considers N authorized 
system users. Each of them provides a set of faces of its own, named templates, which are 
included in the training set. Thus, the training face set can be modeled as 

  1 1

i
j j ,...,n( i ) i ,...,N
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where the obtained  1Class( j) ,N  represents the index of the face class where jI  is 

introduced. Let 1 NC ,...,C  be the resulted classes, representing the facial identification result.  
Next, a verification procedure is performed, to complete the face recognition task. We use a 
similar automatic threshold-based verification approach (Barbu, 2010). Therefore, one 
computes a proper threshold value as the overall maximum distance between any two 
training face feature vectors corresponding to the same registered user, that is: 
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If the average distance corresponding to an image from a class is greater than threshold T, 
then that image has to be rejected from the face class. The verification process is represented 
formally as follows: 
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The rejected images, that could represent non-facial images or faces of unregistered users, 
are included in a new class 1NC  , labeled as Unauthorized.  

3.3 Experiments and method comparisons 
We have performed many facial recognition experiments, using the proposed Gabor filter 
based approach. Our recognition system has been tested on various large face image 
datasets and good results have been obtained. 
A high face recognition rate, of approximately 90%, has been reached by our recognition 
system in the experiments involving hundreds frontal images. We have obtained high 
values (almost 1) for the performance parameters, Precision and Recall, and for the combined 
measure 1F . That means our approach produce a small number of false positives and false 
negatives (missed hits).  
We have used the same database as in the previous case, Yale Face Database B, containing 
thousands of 192 168  faces at different illumination conditions, representing various 
persons, for our authentication tests (Georghiades et. al, 2001). The obtained results prove 
the effectiveness of the proposed human face authentication approach. We have obtained 
lower recognition rates for images representing rotated or non-frontal faces, and higher 
authentication rates for frontal images. 
We have performed some comparisons between the two proposed facial recognition 
techniques. Also, we have compared them with other face authentication methods. Thus, we 
have compared the performance of our approaches with the performances of Eigenface-
based systems, which are the most popular in the facial recognition area.  
Therefore, we have tested the Eigenface algorithm of Turk & Pentland, our Eigenface 
technique and the Gabor filter based method on the same facial dataset. One have computed 
the statistical parameters Precision and Recall, using the number of correctly recognized faces 
and the number of correctly rejected faces, for these approaches, the values registered in 
Table 1 being obtained.  
 

 Eigenface (T&P) Eigenface (TB) Gabor filter based 
Precision 0.95 0.85 0.88 
Recall 0.94 0.85 0.90 

Table 1. Performance parameter comparison 

As one can see in this table, the three face recognition techniques produce comparable 
performance results. The original Eigenface technique performs slightly better than our two 
methods. 

4. Conclusions 
We have proposed two automatic supervised facial recognition approaches in this chapter. 
As one can observe, the two face authentication techniques performs the same sequence of 
recognition related processes: feature extraction, feature vector classification and verification 
of the face identity.  
While the two recognition methods differ substantially in the feature extraction stage, they 
use quite similar classification and verification techniques. In both cases, the feature vector 
classification process is supervised and based on a facial training set. We propose a 
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minimum average distance classifier that produces proper face identification. Also, both 
methods use a threshold-based verification technique. We have provided a threshold value 
detection approach for face verification. 
The main contributions of this work are brought in the feature extraction stages of the 
proposed recognition techniques. The most important contribution is the continuous model 
for the Eigenface-based feature extraction. Then, the discretized version of this model 
represents another important originality element of this chapter.  
The proposed Gabor filtering based feature extraction procedure represents another 
contribution to face recognition domain. We have performed a proper selection of the Gabor 
2D filter parameters and obtained a powerful Gabor filter set which is successfully applied 
to facial images. 
We have compared the two recognition methods, based on the results of our experiments, 
and found they have quite similar performances. Also, both of them are characterized by 
high face recognition rates. The facial authentication techniques described here work for 
cooperative human subjects only. Our future research in the face recognition domain will 
focus on developing some recognition approaches for non-cooperative individuals.  
The recognition techniques of this type can be applied successfully in surveillance systems 
and law enforcement domains. A facial authentication approach that works for non-
cooperative persons could be obtained by combining one of the recognition techniques 
proposed in this chapter with a face detection method (Barbu, 2011). 
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1. Introduction 

The development of security systems based on biometric features has been a topic of active 
research during the last years, because the recognition of the people identity to access 
control is a fundamental issue in this day. Terrorist attacks happened during the last decade 
have demonstrated that it is indispensable to have reliable security systems in offices, banks, 
airports, etc.; increasing in such way the necessity to develop more reliable methods for 
people recognition. The biometrics systems consist of a group of automated methods for 
recognition or verification of people identity using the physical characteristics or personal 
behavior of the person under analysis.  
In particular, face recognition is a task that humans perform carry out routinely in their 
daily lives. Face recognition is the most common form human beings have of telling one 
another apart. Faces are universal, and they provide a means to differentiate individuals. An 
advantage of biometric face recognition compared to other biometric is the ability to capture 
a facial image with a camera from a distance and without the subject’s knowledge. The face 
recognition has been a topic of active research because the face is the most direct way to 
recognize the people. In addition, the data acquisition of this method consists, simply, of 
taking a picture with or without collaboration of the person under analysis, doing it one of 
the biometric methods with larger acceptance among the users. The face recognition is a 
very complex activity of the human brain. For example, we can recognize hundred of faces 
learned throughout our life and to identify familiar faces at the first sight, even after several 
years of separation, with relative easy. However it is not a simple task for a computer. Thus 
to develop high performance face recognition systems, we must to develop accurate feature 
extraction and classification methods, because, as happens with any pattern recognition 
algorithm, the performance of a face recognition algorithm strongly depends on the feature 
extraction method and the classification systems used to carry out the face recognition task. 
Thus several feature extraction methods for using in face recognition systems have been 
proposed during the last decades, which achieve high accurate recognition. Among the 
situations that drastically decrease the accuracy and that must be considered to develop 
high performance face recognition method we have: partial occlusion, illumination 
variations, size change, rotation and translation of the capture image, etc. To solve these 
problems several efficient feature extraction methods have been proposed, several of them 
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using frequency domain transforms such as Discrete Gabor Transform, Discrete Cosine 
Transform, Discrete Wavelet Transform, etc.  
The face image as biometric feature has very high intra-person variations comparing with 
other features, such as iris pattern and fingerprints (Reid, 2004). These variations make the 
face recognition a very difficult task (Chellappa, Wilson and Sirohey, 1995). However 
because its advantages are overcome the potential disadvantages, several face recognition 
algorithms have been proposed to solve the still remaining problems. Thus during the last 
years have been proposed template-based face recognition methods (Brunelli, Poggio, 1993), 
face recognition using eigenfaces methods (Turk and Pentland, 1991; Moghaddam, Wahid 
and Pentland, 1998), Bayesian algorithms (Chellappa, Wilson and Sirohey, 1995), geometric 
feature based methods (Smith, 2002; Tanaka, Ikeda and Chiaki, 1998) and Walsh transform 
based algorithms (Yoshida, Kamio and Asai, 2003; Shanks, 1969), etc. Other related systems 
that also have been applied are face region locating method proposed in (Baron, 1981), the 
deformable model proposed in (Lanitis, Taylor and Cootes, 1995) and face recognition 
methods using the Karhunen-Loeve transform (Kirby and Sirovich, 1990), etc. Recently 
several authors have proposed the combination of different features to improve the face 
recognition rate (Hallinan, Gordon, Yullie, Gablin and Mumford, 1999). On the other hand, 
the discrete Gabor Transform, that presents some relation with the human visual system, 
has been successfully used in several applications such as fingerprint enhancement (Hong, 
Wan and Jain, 1998), signature recognition (Cruz, Reyes, Nakano and Perez, 2004), image 
compression (Daugman, 1988), etc. 
In this chapter, several frequency domain feature extraction methods based on the Discrete 
Gabor Transform, Discrete Wavelet Transform, Discrete Cosine Transform, Discrete Walsh-
Hadamard Transform, Eigenfaces, and Eigenphases are analyzed. These feature extraction 
methods are used with different classifiers such as artificial neural networks (ANN), 
Gaussian Mixture Models (GMM) and Support vector machines (SVM) to evaluate each 
method. 

2. Face recognition algorithms 
The face recognition systems can perform either, face identification and identity verification 
tasks. In the first case the system output provides the identity of the person with highest 
probability, while in the second case the system determines is the person is whom he/she 
claims to be. In general, in both cases consists of three modules: face detection, feature 
extraction, and matching. Face detection separates the face area from background. Feature 
extraction is performed to provide effective information that is useful for distinguishing 
between faces of different persons. In the identification process, for face matching, the 
extracted feature vector of the input face is matched against those of enrolled face in the 
database. In the verification process, the extracted feature vector of the input face is matched 
against versus one feature vector. Face recognition percentages depend too much on 
features that are extracted to represent the input face.  

2.1 Discrete Gabor transform 
To estimate the features vector, firstly the NM captured image is divided in MxMy receptive 
fields each one of size (2Nx+1)(2Ny+1), where Nx=(N-Mx)/2Mx, Ny=(M- My)/2My. This 
fact allows that the features vector size be independent of the captured image size.  
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Fig. 1. a) Original image b) Nx*Ny receptive fields and central points estimation (x,y)  

Next, the central point of each receptive field whose coordinates are given by (ci,dk), where 
i=1,2,..,Nx y k=1,2,3,...,Ny, are estimated. Subsequently the first point of the cross-correlation 
between each receptive field and the NN Gabor functions are estimated using eqs. (1)-(4), 
where N denotes the number of normalized radial frequencies and N the number of angle 
phases as follows: 
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Thus the cross-correlation between the Gabor functions, given by eqs. (1)-(3), with each 
receptive field can be estimated as 

 ( , ) ( , ) ( , , , )
NyNx

i k m n
x Nx y Ny

h u v I x c y d w x y  
 

     (4) 

where u=My*(i-1)+k and v=N(m-1)+n. Next, to avoid complex valued data in the features 
vector we can use the fact that the magnitude of h(u,v) presents a great similarity with the 
behavior of the complex cells of the human visual system. Thus the magnitude of h(u,v) 
could be used instead of its complex value. However, as shown in eq.(4) the number of 
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Thus to reduce the number of elements in the features vector, we can average h(u,v) to 
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fields each one of size (2Nx+1)(2Ny+1), where Nx=(N-Mx)/2Mx, Ny=(M- My)/2My. This 
fact allows that the features vector size be independent of the captured image size.  
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Fig. 1. a) Original image b) Nx*Ny receptive fields and central points estimation (x,y)  

Next, the central point of each receptive field whose coordinates are given by (ci,dk), where 
i=1,2,..,Nx y k=1,2,3,...,Ny, are estimated. Subsequently the first point of the cross-correlation 
between each receptive field and the NN Gabor functions are estimated using eqs. (1)-(4), 
where N denotes the number of normalized radial frequencies and N the number of angle 
phases as follows: 
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is the Gaussian function, σ2 is the radial bandwidth, λ is Gaussian shape factor and ( '
nx , '

ny ) 
is the position of the pixel (x,y) rotated by an angle n as follows 
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Thus the cross-correlation between the Gabor functions, given by eqs. (1)-(3), with each 
receptive field can be estimated as 
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where u=My*(i-1)+k and v=N(m-1)+n. Next, to avoid complex valued data in the features 
vector we can use the fact that the magnitude of h(u,v) presents a great similarity with the 
behavior of the complex cells of the human visual system. Thus the magnitude of h(u,v) 
could be used instead of its complex value. However, as shown in eq.(4) the number of 
elements in the features vector is still so large even for small values of Mx, My, N y N. 
Thus to reduce the number of elements in the features vector, we can average h(u,v) to 
obtain the proposed features vector M(u) which is given by 
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where Nv=NN. Figure 2 illustrates the results of this method. One can see that for the 
same person with different rotations the feature vector has a similarity, but with another 
person is very different. 
 
 

 
 

 
 

 
 

 
 
 

 
 

 
 

 

 
 
 

 
 

a) 

 
 

b) 

 
 

c) 
Fig. 2. a) Original images, b) Estimated features vectors, c) Features extracted from each 
receptive field h(u,v). 

2.1.1 Results  
To evaluate this method two different databases were used. “The AR Face Database”, which 
includes face images with several different illuminations, facial expression and partial 
occluded face images with transparent eyeglasses, dark eyeglasses and scarf, etc. and the 
“ORL database”, created by Olivetti Research Laboratories in Cambridge UK. A 
Backpropagation neuronal network was trained with feature vectors of 50 face images and 
tested with feature vectors of 72 face images that were not used in the training process. To 
carry out the personal verification using face images with different ages, the neural network 
was trained with feature vectors extracted from 10 different images and evaluated using 
feature vectors extracted from 24 images do not used in training process. The evaluation 
results, under the above mentioned conditions are shown in Table 1. 
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Identification Percentage Verification Percentage 
85.6% 99.3% 

Table 1. Results using Discrete Gabor Transform 

2.2 Discrete Cosine Transform 
The DCT is used in many standard image compression and stationary video as the JPEG 
and MPEG, because it presents excellent properties in codifying the outlines of the images 
that, in fact, has been one of the main reasons to be selected into almost all the coding 
standards. The cosine transform, like the Fourier transform, uses sinusoidal basis functions. 
The difference is that the cosine transform basis functions are not complex; they use only 
cosine functions and not sine functions (Scott, 1999). 2D DCT based features are sensitive to 
changes in the illumination direction (Conrad, Kuldip, 2003). The idea of using the 
transform for facial features extraction is summarized as follows: the given face image is 
analyzed on block by block basis given an image block I(x, y), where x,y = 0,1,..., Np−1, and 
result is an Np x Np matrix C(u,v) containing 2D DCT coefficients. The DCT equations are 
given by formulas (6-9) below: 
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To ensure adequate representation of the image, each block overlaps its horizontally and 
vertically neighboring blocks by 50%, thus for an image which has Ny rows and Nx 
columns, there are ND blocks found by following formula: 

 (2( / ) 1) * (2( / ) 1)DN Ny Np Nx Np    (9) 

Compared to other transforms, DCT has the advantages of having been implemented in a 
single integrated circuit because of input independency, packing the most information into 
the fewest coefficients for most natural images, and minimizing block like appearance 
(Feichtinger and Strohmer, 1998; Kamio, Ninomiya, and Asai, 1994). An additional 
advantage of DCT is that most DCT coefficients on real world images turn out to be very 
small in magnitude (Feichtinger and Strohmer, 1998). 
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where Nv=NN. Figure 2 illustrates the results of this method. One can see that for the 
same person with different rotations the feature vector has a similarity, but with another 
person is very different. 
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Fig. 2. a) Original images, b) Estimated features vectors, c) Features extracted from each 
receptive field h(u,v). 

2.1.1 Results  
To evaluate this method two different databases were used. “The AR Face Database”, which 
includes face images with several different illuminations, facial expression and partial 
occluded face images with transparent eyeglasses, dark eyeglasses and scarf, etc. and the 
“ORL database”, created by Olivetti Research Laboratories in Cambridge UK. A 
Backpropagation neuronal network was trained with feature vectors of 50 face images and 
tested with feature vectors of 72 face images that were not used in the training process. To 
carry out the personal verification using face images with different ages, the neural network 
was trained with feature vectors extracted from 10 different images and evaluated using 
feature vectors extracted from 24 images do not used in training process. The evaluation 
results, under the above mentioned conditions are shown in Table 1. 
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To ensure adequate representation of the image, each block overlaps its horizontally and 
vertically neighboring blocks by 50%, thus for an image which has Ny rows and Nx 
columns, there are ND blocks found by following formula: 
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Compared to other transforms, DCT has the advantages of having been implemented in a 
single integrated circuit because of input independency, packing the most information into 
the fewest coefficients for most natural images, and minimizing block like appearance 
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advantage of DCT is that most DCT coefficients on real world images turn out to be very 
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Fig. 3. a) Original image, b) Reducing image, c) Spectrum of a block, d) Feature vector 
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b) 
Fig. 4. a) Original images, b) Feature vectors. 

Figure 3 shows an example. Figure 3a shows the input image. Figure 3b shows the 
frequency coefficients in a block of 8 x 8 and finally Figure 3c shows the characteristic vector 
of the face. To form the feature vector, in each block were selected the first 10 coefficients in 
zig-zag to be later concatenated. Figure 4 shows the feature vectors using DCT. One can see 
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that for the same person with different distance the feature vector has a similarity, but with 
another person is very different. 

2.2.1 Results  
To evaluate this method were used the same conditions mentioned for Gabor’s method. The 
results are shown in table 2. 
 

Identification Percentage Verification Percentage 

79.7 % 95.1% 

Table 2. Results using Discrete Cosine Transform 

2.3 Discrete Walsh Transform   
The discrete Walsh transform (DWT) is one of the most important techniques as well as 
the discrete Fourier transform in the field of signal processing (Kamio, Ninomiya and 
Asai, 1994; Mar and Sheng, 1973). The DWT works well for digital signals due to the 
fundamental function called the Walsh function. The Walsh function has only +/- 1, and 
is the system of orthogonal functions. In general, the Walsh function can be generated by 
the Kronecker’s product of the Hadamard matrix H’s. First, the 2-by-2 Hadamard matrix 
H2 is defined by 

 2H
  

    
 (10) 

where the symbols + and – mean +1 and -1, respectively. Furthermore, calculating the 
Kronecker’s product between two H2’s, the 4-by-4 Hadamard matrix H4 is easily given as 
follow: 

 2 2
4 2 2

2 2

H H
H H H

H H

    
                       
     

 (11) 

where the symbol ⊗ indicates the Kronecker’s product. The Hadamard matrix can give the 
frequency characteristics. Along each row of the Hadamard matrix, the number of changes 
in sign expresses the frequency. The number of changes is called “sequence”. The sequence 
has the characteristics similar to the frequency. The Walsh function can be expressed as each 
row of HN, where N is order on Hadamard matrix. Therefore, DWT is known as a kind of 
the Hadamard transform, where HN has some useful following characteristics. Thus, the 
DWT and the inverse DWT are defined as follows: 
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Fig. 3. a) Original image, b) Reducing image, c) Spectrum of a block, d) Feature vector 
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Fig. 4. a) Original images, b) Feature vectors. 
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frequency coefficients in a block of 8 x 8 and finally Figure 3c shows the characteristic vector 
of the face. To form the feature vector, in each block were selected the first 10 coefficients in 
zig-zag to be later concatenated. Figure 4 shows the feature vectors using DCT. One can see 
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that for the same person with different distance the feature vector has a similarity, but with 
another person is very different. 
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where B is the sampled data vector, HN is the Hadamard matrix, i.e. Hadamard-ordered 
Walsh functions. V is the DWT of B. V is called Walsh spectrum. The 2D-DWT does the 
DWT toward the images of m-by-n pixels. The 2D-DWT and the 2D-IDWT are defined as 
follows:  
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where f is the sample data matrix and F is the 2D-DWT of f. F is called 2-dimensional Walsh 
spectrum. In case of orthogonal transform of the image, the 2D-DWT is more efficient than 
the DWT. However, to use 2D-DWT, the row and column numbers of sample data, matrix 
must be 2n (n is a natural number) respectively, because Hadamard matrix can be generated 
by the Kronecker’s product of Hadamard matrix H2. 
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Fig. 5. a) Original image, b) Spectrum of a block, c) Feature vector 

 

 
 

 
 

 
 

 
 

Fig. 6. Input images and features vectors of the same person. 

Figure 5 shows the input image, the frequency coefficients in a block of 8 x 8 and the feature 
vector respectively. Figure 6 shows two images of one same person but with different 
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rotation. The feature vectors have a very similar despite the change and the figure 7 shows 
that the feature vectors change significantly when the input faces are different people. 
 

 
 

 
 

 
 

 
Fig. 7. Input images and features vectors of the same person. 

2.3.1 Results  
To evaluate this method were used the same conditions mentioned for Gabor’s method. The 
results are shown in table 3. 
 

Identification Percentage Verification Percentage 
76.2 % 90.3% 

Table 3. Results using Discrete Walsh Transform 

2.4 Eigenfaces  
The objective of the recognition by the Eigenfaces method is to extract relevant information 
from face image, encode this information as efficiently as possible and compare them with 
each model stored in a database. In mathematical terms, we wish to find the principal 
components of the distribution of faces, or the eigenvectors of the covariance matrix of the 
set of face images (Smith, 2002). 
The idea of using eigenfaces was motivated by a technique developed by Sirovich and Kirby 
(Sirovich and Kirby, 1987) for efficiently representing pictures of faces using principal 
component analysis. They argued that a collection of face images can be approximately 
reconstructed by storing a small collection of weights for each face and a small set of 
standard pictures. 
The Eigenfaces computation is as follows: Let the training set of face images be 

1 2 3, , ,..., M    . The average face of the set is defined by  
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where B is the sampled data vector, HN is the Hadamard matrix, i.e. Hadamard-ordered 
Walsh functions. V is the DWT of B. V is called Walsh spectrum. The 2D-DWT does the 
DWT toward the images of m-by-n pixels. The 2D-DWT and the 2D-IDWT are defined as 
follows:  
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rotation. The feature vectors have a very similar despite the change and the figure 7 shows 
that the feature vectors change significantly when the input faces are different people. 
 

 
 

 
 

 
 

 
Fig. 7. Input images and features vectors of the same person. 
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Each face differs from the average by the vector  

 n n     (17) 

 

 
Fig. 8. a) Average face. b) Eigenfaces 

The set of very large vectors is then subject to principal component analysis, which seeks a 
set of M orthonormal vectors n and their associated eigenvalues k which best describes the 
distribution of the data. The vectors k and scalars k are the eigenvectors and eigenvalues, 
respectively, of the covariance matrix 
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1 M T T

n nnC AA
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where the matrix 1 2[ ... ]MA    , AT is a transposed matrix. The matrix C, however, is N2 by 
N2, and determining the N2 eigenvectors and eigenvalues is an intractable task for typical 
image sizes. We need a computationally feasible method to find these eigenvectors. 
Fortunately we can determine the eigenvectors by first solving a much smaller M by M 
matrix problem, and taking linear combinations of the resulting vectors. 
Consider the eigenvectors n of ATA such that   

 T
n n nA Av v  (19) 

Premultiplying both sides by A, we have 

 T
n n nAA Av Av  (20) 

from which we see that An are the eigenvectors of C = AAT Following this analysis, we 
construct the M by M matrix L = ATA, where ,

T
m n m nL     , and find the M eigenvectors n 
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of L. These vectors determine linear combinations of the M training set face images to form 
the eigenfaces un 
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With this analysis the calculations are greatly reduced, from the order of the number of 
pixels in the images (N2) to the order of the number of images in the training set (M). In 
practice, the training set of face images will be relatively small (M<<N2), and the 
calculations become quite manageable. The associated eigenvalues allow us to rank the 
eigenvectors according to their usefulness in characterizing the variation among the images. 
 

 
 

 
 

 
Fig. 9. Face and feature vectors of the same person. 

Once the Eigenfaces have been calculated, the image is projected onto "face space" by a 
simple operation, 

 ( )n nu     (22) 

for n=1,....,M. This describes a set of point-by-point image multiplications and summations. 
Some Eigenfaces are shown in figure 8b. 
The weights form a vector 1 2[ , ,..., ]T

M     that describes the contribution of each 
eigenface in representing the input face image, treating the eigenfaces as a basis set for face 
images. Finally, the simplest method for determining which face class provides the best 
description of an input face image is to find the face class k that minimizes the Euclidian 
distance 

 22
k k     (23) 

where k is a vector describing the kth face class. Figure 9 shows the feature vectors of the 
same person with different rotation using the Eigenfaces method. 
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where k is a vector describing the kth face class. Figure 9 shows the feature vectors of the 
same person with different rotation using the Eigenfaces method. 
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Figure 10 shows the feature vectors of different people using the Eigenfaces method. 
 

 
 

 
 

 
 

 
Fig. 10. Images of different people and their feature vectors. 

2.4.1 Results  
To evaluate this method were used the same conditions mentioned for Gabor’s method. The 
results are shown in table 4. 
 

Identification Percentage Verification Percentage 
83 % 99.6% 

Table 4. Results using Eigenfaces 

2.5 Discrete Wavelet Transform  
The Discrete Wavelet Transform (DWT) is a special case of the WT that provides a compact 
representation of a signal in time and frequency that can be computed efficiently it is easy to 
implement and reduces the computation time and resources required. Wavelet transform 
(WT) has been widely applied to engineering fields, including signal and image processing, 
geophysical signal processing, computer vision and encoding, speech synthesis and 
analysis, signal singularity detection and spectrum estimation, pattern recognition quantum 
physics, hydrodynamics, fractal and chaos theory, etc. The wavelet theory adopts gradually 
precise step sizes of time domain or space domain for high frequency, and thus can focus on 
any details of an analyzed target. 
The DWT of a given signal x is estimated by passing it through a series of low pass and high 
pass filters (Fig. 11). First the samples are passed through a low pass filter with impulse 
response g(n,m) resulting in a convolution of the two. The signal is also decomposed 
simultaneously using a high-pass filter h(n,m). The detail coefficients are the high-pass filter 
outputs and the approximation coefficients are the low-pass ones. It is important that the 
two filters, related to each other, are known as a quadrature mirror filter. However, since 
half the frequencies of the signal have now been removed, half the samples can be discarded 
according to Nyquist’s rule. The filter outputs are: 
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This decomposition reduces the spatial resolution since only a quarter of each filter output 
allows characterizing the face image.  However, because each output has bandwidth equal 
to a quarter of the original one, the output image can be decimated to reduce the image size. 
 

 
Fig. 11. 3 level wavelet decomposition 

Here only the approximation coefficients are used to characterize the face image.  This 
decomposition is repeated to further increase the frequency resolution and the 
approximation coefficients decomposed with high and low pass filters and then down-
sampled. This is represented as a binary tree with nodes representing a sub-space with 
different time-frequency localization. The tree is known as a filter bank. At each level in the 
above diagram the signal is decomposed into low and high frequencies. Due to the 
decomposition process the input signal must be a multiple of 2n where n is the number of 
levels.   

2.5.1 Results  
To evaluate this method was used a SVM classifier. The feature vectors of training images 
obtained as mentioned above are applied to a SVM to obtain the optimal model of each 
class; these models are used in the classification stage. Where the input of each one is the 
feature vector of the face to classify and the output is an approximation of each model. 
Since the support vector machine is a supervised system, it needs a smaller amount of 
information in the training stage to obtain a model capable of separating the classes 
successfully. 
To evaluate this methods “The AR Face Database” was used, which has a total of 5,670 face 
images of 120 people (65 men and 55 women) that includes face images with several 
different illuminations, facial expression and partial occluded face images with sunglasses 
and scarf. The training set consists of images with and without occlusions, as well as 
illumination and expressions variations. Here the occlusions are a result of using sunglasses 
and scarf. These images sets and the remaining images of the AR face database are used for 
testing. The results are shown in table 5. 
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Figure 10 shows the feature vectors of different people using the Eigenfaces method. 
 

 
 

 
 

 
 

 
Fig. 10. Images of different people and their feature vectors. 

2.4.1 Results  
To evaluate this method were used the same conditions mentioned for Gabor’s method. The 
results are shown in table 4. 
 

Identification Percentage Verification Percentage 
83 % 99.6% 

Table 4. Results using Eigenfaces 

2.5 Discrete Wavelet Transform  
The Discrete Wavelet Transform (DWT) is a special case of the WT that provides a compact 
representation of a signal in time and frequency that can be computed efficiently it is easy to 
implement and reduces the computation time and resources required. Wavelet transform 
(WT) has been widely applied to engineering fields, including signal and image processing, 
geophysical signal processing, computer vision and encoding, speech synthesis and 
analysis, signal singularity detection and spectrum estimation, pattern recognition quantum 
physics, hydrodynamics, fractal and chaos theory, etc. The wavelet theory adopts gradually 
precise step sizes of time domain or space domain for high frequency, and thus can focus on 
any details of an analyzed target. 
The DWT of a given signal x is estimated by passing it through a series of low pass and high 
pass filters (Fig. 11). First the samples are passed through a low pass filter with impulse 
response g(n,m) resulting in a convolution of the two. The signal is also decomposed 
simultaneously using a high-pass filter h(n,m). The detail coefficients are the high-pass filter 
outputs and the approximation coefficients are the low-pass ones. It is important that the 
two filters, related to each other, are known as a quadrature mirror filter. However, since 
half the frequencies of the signal have now been removed, half the samples can be discarded 
according to Nyquist’s rule. The filter outputs are: 
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This decomposition reduces the spatial resolution since only a quarter of each filter output 
allows characterizing the face image.  However, because each output has bandwidth equal 
to a quarter of the original one, the output image can be decimated to reduce the image size. 
 

 
Fig. 11. 3 level wavelet decomposition 

Here only the approximation coefficients are used to characterize the face image.  This 
decomposition is repeated to further increase the frequency resolution and the 
approximation coefficients decomposed with high and low pass filters and then down-
sampled. This is represented as a binary tree with nodes representing a sub-space with 
different time-frequency localization. The tree is known as a filter bank. At each level in the 
above diagram the signal is decomposed into low and high frequencies. Due to the 
decomposition process the input signal must be a multiple of 2n where n is the number of 
levels.   

2.5.1 Results  
To evaluate this method was used a SVM classifier. The feature vectors of training images 
obtained as mentioned above are applied to a SVM to obtain the optimal model of each 
class; these models are used in the classification stage. Where the input of each one is the 
feature vector of the face to classify and the output is an approximation of each model. 
Since the support vector machine is a supervised system, it needs a smaller amount of 
information in the training stage to obtain a model capable of separating the classes 
successfully. 
To evaluate this methods “The AR Face Database” was used, which has a total of 5,670 face 
images of 120 people (65 men and 55 women) that includes face images with several 
different illuminations, facial expression and partial occluded face images with sunglasses 
and scarf. The training set consists of images with and without occlusions, as well as 
illumination and expressions variations. Here the occlusions are a result of using sunglasses 
and scarf. These images sets and the remaining images of the AR face database are used for 
testing. The results are shown in table 5. 
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Identification Percentage Verification Percentage 
92.5 % 99.2% 

Table 5. Results using Discrete Wavelet Transform 

2.6 Eigenphases  
Oppenheim et al (Oppenheim, 1981) have shown that phase information of an image retains 
the most of the intelligibility of an image. This is also demonstrated by Oppenheim’s 
experiment shown in Figure 12. 
Their research also shows that given just the phase spectrum of an image, one can 
reconstruct the original image up to a scale factor, thus phase information is the most 
important in representing a 2D signal in the Fourier domain. We have taken two face 
images; one from person 1 and one from person 2 as shown. The Fourier transform of both 
images were computed, and the respective phase spectrum and magnitude spectrum were 
extracted. We then synthesized new frequency array using the phase spectrum of person 1 
combined with the magnitude spectrum from person 2. Similarly we took the phase 
spectrum from person 1 and combined it with the magnitude spectrum of person 2. We 
observe, that the synthesized face images closely resemble the face image from which the 
corresponding phase spectrum was extracted from, thus supporting the proposition that 
phase spectrum contains most of the intelligibility of images.  
Since we have established that the complex phase spectrum contains most of the image 
information, it seems logical to seek to model the image variation by modeling the variation 
in the phase spectrum of a given sequence of training images.  
 

 
Fig. 12. Oppenheim’s experiment. 

To perform the face classification task, a PCA (Smith, 2002) is used to obtain the main 
characteristics of the faces training. Figure 13 shows the process: 
Image 1, Image 2...Image N in Figure 13 are the phase spectrum of the training faces. In 
training phase, basis vectors are obtained by PCA. In the testing phase, the basis vectors 
obtained in training phase are used to extract the features for a classifier. 
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Fig. 13. Feature extraction by PCA 

This method per- forms well although the recognition performance can be de- graded in the 
presence of illumination variations and partial face occlusions. 
Figure 14 shows the features vector obtained using Eigenphases. The vectors of the same 
person with different illumination show similitude.  
 

 
 

 
 

 
 

 

Fig. 14. Features vectors. 

In this method a histogram equalization stage was proposed. Histogram equalization is a 
method in image processing for contrast adjustment. This method usually increases the 
global contrast of many images, especially when the usable data of the image is represented 
by close contrast values. Through this adjustment, the intensities can be better distributed 
on the histogram. The method is useful in images with backgrounds and foregrounds that 
are both bright and dark. 
Histogram equalization was performed in 5 different ways: 
Global equalization of the image and obtain the phase spectrum of the complete image 
(Global EQ) 
Perform a local equalization of the image using windows of size 3 × 3 and obtain the phase 
spectrum of the complete image (Local 3) 
Perform a local equalization of the image using windows of size 6 × 6 and obtain the phase 
spectrum of the complete image (Local 6) 
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In this method a histogram equalization stage was proposed. Histogram equalization is a 
method in image processing for contrast adjustment. This method usually increases the 
global contrast of many images, especially when the usable data of the image is represented 
by close contrast values. Through this adjustment, the intensities can be better distributed 
on the histogram. The method is useful in images with backgrounds and foregrounds that 
are both bright and dark. 
Histogram equalization was performed in 5 different ways: 
Global equalization of the image and obtain the phase spectrum of the complete image 
(Global EQ) 
Perform a local equalization of the image using windows of size 3 × 3 and obtain the phase 
spectrum of the complete image (Local 3) 
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spectrum of the complete image (Local 6) 
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Equalization of the image and estimate the phase spectrum locally using windows of size 3 
× 3 (Local Fourier 3) 
Equalization of the image and estimate the phase spectrum locally using windows of size 6 
× 6 (Local Fourier 6) 
The histogram equalization is obtained by: 

 0 1 2 1k
r k

np (r ) k , , ,...,L
MN

     (26) 

where pr is the probability that an intensity occurs rk, nk is the number of times the pixel 
with intensity k appearing in the picture and M and N is the number of rows and columns 
in the original image. To compute the output of the histogram equalization, the following 
equation is used: 
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where L is the gray scale. 

2.6.1 Results  
To evaluate this method were used the same conditions mentioned for Wavelet’s method. 
The results are shown in table 6. 
 

Identification Percentage Verification Percentage 

87.5 % 99% 

Table 6. Results using Eigenphases 

 
Method Identification Percentage False acceptance False reject 

E.G 87.24 % 0.07% 4.66% 
Local 3 87.58 % 0.03% 7.65% 
Local 6 86.95 % 0.01% 8.93% 

Local Fourier 3 89.57% 0.29% 0.8% 
Local Fourier 6 89.37% 0.68% 0.52% 

Table 7. Results using Histogram equalization 

3. Conclusion 
In this chapter several frequency domain feature extraction methods were analyzed. The 
feature vectors are then fed into a classifier, for example a multilayer neural network 
(ANN), Gaussian Mixture Models (GMM) or Support vector machines (SVM) to recognize 
the face image. 
A modification to the Eigenphases algorithm was proposed based on the Histogram 
Equalization and the Phase Spectrum of an image. Also a method that allows that the 
features vector size can be independent of the captured image size was proposed for Gabor 
method. 
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The evaluation of some methods for feature extraction show that the some vectors are 
robust against changes in illumination, wardrobe, facial expressions and additive noise, 
blurred images (filters), resizing, shifting and even with some age changes. Therefore, the 
identity verification system could verify correctly the input face images with different 
illumination level, different facial expression, with some accessories, as well as when the 
face images pass through some common image processing such as filtering, contamination 
by noise and geometrical transformation (rotating, shifting, resizing).  
The combination of methods to obtain the feature vector, such as Gabor and Eigenfaces, 
could deliver a higher percentage of recognition. Finally, we can emphasize some 
advantages of the Frequency Domain Feature Extraction Methods: Compact extraction of 
the face information, easy implementation, robustness against several condition changes 
and fast processing. 
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Local Feature Based Face Recognition 
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India 

1. Introduction  
A reliable automatic face recognition (AFR) system is a need of time because in today's 
networked world, maintaining the security of private information or physical property is 
becoming increasingly important and difficult as well. Most of the time criminals have been 
taking the advantage of fundamental flaws in the conventional access control systems i.e. 
the systems operating on credit card, ATM etc. do not grant access by "who we are", but by 
"what we have”. The biometric based access control systems have a potential to overcome 
most of the deficiencies of conventional access control systems and has been gaining the 
importance in recent years. These systems can be designed with biometric traits such as 
fingerprint, face, iris, signature, hand geometry etc. But comparison of different biometric 
traits shows that face is very attractive biometric because of its non-intrusiveness and social 
acceptability. It provides automated methods of verifying or recognizing the identity of a 
living person based on its facial characteristics. 
In last decade, major advances occurred in face recognition, with many systems capable of 
achieving recognition rates greater than 90%. However real-world scenarios remain a 
challenge, because face acquisition process can undergo to a wide range of variations. Hence 
the AFR can be thought as a very complex object recognition problem, where the object to be 
recognized is the face. This problem becomes even more difficult because the search is done 
among objects belonging to the same class and very few images of each class are available to 
train the system. Moreover different problems arise when images are acquired under 
uncontrolled conditions such as illumination variations, pose changes, occlusion, person 
appearance at different ages, expression changes and face deformations. The numbers of 
approaches has been proposed by various researchers to deal with these problems but still 
reported results cannot suffice the need of the reliable AFR system in presence of all facial 
image variations. A recent survey paper (Abate et al., 2007) states that the sensibility of the 
AFR systems to illumination and pose variations are the main problems researchers have 
been facing up till. 

2. Face recognition methods  
The existing face recognition methods can be divided into two categories: holistic matching 
methods and local matching methods.The holistic matching methods use complete face 
region as a input to face recognition system and constructs a lower dimensional subspace 
using principal component analysis (PCA) (Turk & Pentland, 1991), linear discriminant 
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2. Face recognition methods  
The existing face recognition methods can be divided into two categories: holistic matching 
methods and local matching methods.The holistic matching methods use complete face 
region as a input to face recognition system and constructs a lower dimensional subspace 
using principal component analysis (PCA) (Turk & Pentland, 1991), linear discriminant 
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analysis (LDA) (Belhumeur et al., 1997) , or independent component analysis (ICA) (Bartlett 
et al., 2002). The query face image is then projected into this subspace and matched with 
nearest face image on the basis of distance criterion. Recently, local matching methods are 
gaining more importance for face recognition application (Mandal et al., 2006; Zhang et al., 
2005;, Ersi & Zelek, 2006; Kisku et al., 2007; Luo et al., 2007) because of the following reasons 
1. It represents face image by a set of low dimensional local feature vectors and hence 

reduces computational cost and storage requirement.  
2. The extracted local feature vectors are distinctive and invariant to many kinds of 

geometric and photometric transformations. Hence good face description can be 
obtained with few training samples.  

3. It recognizes a face based on its parts; hence the common and class-specific features can 
be easily identified.  

4. The use of face specific features increases classifier diversity and hence improves face 
recognition rate. 

5. The problem of imprecise localization can be avoided by using proper feature matching 
algorithm such as voting based algorithm. 

The general idea of local matching methods is to first locate several facial features and then 
classify the faces by comparing and combining the corresponding local statistics. The 
comparison of holistic and local matching methods given by (Heisele et al., 2003) shows that 
local matching methods are superior to holistic matching methods. The detection of local 
features can be done by local appearance based methods or local feature based methods. 
The local appearance based methods detects feature points by segmenting the image into 
sub regions. But since the performance of current image segmentation techniques are still 
limited, performance of recognition using local appearance based methods is limited too. 
However, this problem can be solved easily with local feature based methods because it 
forms the database of local features, each representing a unique object and during 
recognition, local features for an object are matched with the features stored in the database. 
Since images of the same object can be taken in different environmental and instrumental 
conditions, they are probably different but related. A difference between these images 
occurs due to noise level, change in illumination, scaling, rotation and change in viewing 
angle. In order to match such images, local features should be invariant to these differences. 
Thus success of local feature based methods depends largely on correct detection of local 
features which are highly distinctive and invariant to different imaging conditions.  
The comparison of various face recognition methods, given in Table 1, confirms that local 
matching methods (LGBPHS and Person specific SIFT) outperform holistic matching methods. 
It is also evident from table that the performance of local appearance based method is better as 
compared to local feature based methods but the results are reported with certain restrictions 
and local feature based method have a potential to overcome these restrictions. 
The restrictions are as follows:   
1. The performance of local appearance based methods depends largely on proper image 

segmentation. But image segmentation is a very hard problem in itself and requires a 
high-level understanding of the image content. However, local feature based methods 
detects most discriminative feature points in the image and operates on them. Hence it 
does not require image segmentation.  

2. The results of local appearance based methods largely depend on proper image 
registration which is again very difficult in presence of occlusion and geometric and 
photometric transformations. It is not required in local feature based methods.  
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3. The dimensionality of feature vector is very less in local feature based methods as 
compared to local appearance based method because optimum number of feature 
points required for image representation can be determined.  

 
Variation

 
Distance metric 

Expression Illumination Session Time 

Holistic matching method 
(Bartlett et al., 2002) 83.85% 64.95% 42.66% 28.21% 

Local appearance based 
methods (Zhang et al., 2005) 94% 97% ---- 68% 

Local feature based 
Methods  
(Luo et al., 2007) 

97% 47% 61% 53% 

Table 1. Recognition rates comparison  

2.1 Local feature based methods  
Three important stages involved in local feature based methods are feature detection, 
feature description and feature matching. 

2.1.1 Feature detector 
The objective of this stage is to detect feature points of the image which are highly 
distinctive and invariant to different imaging conditions. The 2-D image windows, where 
there is some form of 2-D texture likes corner, are the most distinctive image patches 
compared with other types of image windows. The (Mikolajczyk & Schmid, 2002), presented 
evaluation of various feature point detectors and found that the performance of Harris 
detector is better for variations in scale, rotation, illumination, view point changes and 
image blur. However the repeatability of Harris detector degrades significantly when the 
images have large-scale changes. In order to cope with such changes, scale space 
representation of Harris detector is useful such as relative scale Harris detector or Harris-
Laplace detector.  

2.1.2 Feature descriptor 
The objective of this stage is to describe detected feature points with the help local image 
statistics. A number of techniques for representing local image patch have been reported in 
the literatures such as differential descriptors (Mikolajczyk & Schmid, 2002), complex filters 
( Schaffalitzky & Zisserman, 2002), moment invariants (Van gool at el., 1996) and SIFT 
(Lowe,2004). The experimental evaluation of these descriptors is given by (Mikolajczyk, 
2004) and it shows that SIFT descriptor provide best matching results. However, SIFT 
descriptor have high dimensionality and is also computationally expensive and can be 
replaced with Gabor filters. The (Zou at el.,2007) presented comparative study of local 
matching approach for face recognition and showed that good recognition rate can be 
obtained with Gabor features. This is possible because Gabor filter can detect changes in 
object location, scale, and orientation and these properties of Gabor filters make invariant 
detection of object possible, but in addition, Gabor filters also establish a significant degree 
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analysis (LDA) (Belhumeur et al., 1997) , or independent component analysis (ICA) (Bartlett 
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gaining more importance for face recognition application (Mandal et al., 2006; Zhang et al., 
2005;, Ersi & Zelek, 2006; Kisku et al., 2007; Luo et al., 2007) because of the following reasons 
1. It represents face image by a set of low dimensional local feature vectors and hence 

reduces computational cost and storage requirement.  
2. The extracted local feature vectors are distinctive and invariant to many kinds of 

geometric and photometric transformations. Hence good face description can be 
obtained with few training samples.  

3. It recognizes a face based on its parts; hence the common and class-specific features can 
be easily identified.  

4. The use of face specific features increases classifier diversity and hence improves face 
recognition rate. 

5. The problem of imprecise localization can be avoided by using proper feature matching 
algorithm such as voting based algorithm. 

The general idea of local matching methods is to first locate several facial features and then 
classify the faces by comparing and combining the corresponding local statistics. The 
comparison of holistic and local matching methods given by (Heisele et al., 2003) shows that 
local matching methods are superior to holistic matching methods. The detection of local 
features can be done by local appearance based methods or local feature based methods. 
The local appearance based methods detects feature points by segmenting the image into 
sub regions. But since the performance of current image segmentation techniques are still 
limited, performance of recognition using local appearance based methods is limited too. 
However, this problem can be solved easily with local feature based methods because it 
forms the database of local features, each representing a unique object and during 
recognition, local features for an object are matched with the features stored in the database. 
Since images of the same object can be taken in different environmental and instrumental 
conditions, they are probably different but related. A difference between these images 
occurs due to noise level, change in illumination, scaling, rotation and change in viewing 
angle. In order to match such images, local features should be invariant to these differences. 
Thus success of local feature based methods depends largely on correct detection of local 
features which are highly distinctive and invariant to different imaging conditions.  
The comparison of various face recognition methods, given in Table 1, confirms that local 
matching methods (LGBPHS and Person specific SIFT) outperform holistic matching methods. 
It is also evident from table that the performance of local appearance based method is better as 
compared to local feature based methods but the results are reported with certain restrictions 
and local feature based method have a potential to overcome these restrictions. 
The restrictions are as follows:   
1. The performance of local appearance based methods depends largely on proper image 

segmentation. But image segmentation is a very hard problem in itself and requires a 
high-level understanding of the image content. However, local feature based methods 
detects most discriminative feature points in the image and operates on them. Hence it 
does not require image segmentation.  

2. The results of local appearance based methods largely depend on proper image 
registration which is again very difficult in presence of occlusion and geometric and 
photometric transformations. It is not required in local feature based methods.  
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3. The dimensionality of feature vector is very less in local feature based methods as 
compared to local appearance based method because optimum number of feature 
points required for image representation can be determined.  
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Holistic matching method 
(Bartlett et al., 2002) 83.85% 64.95% 42.66% 28.21% 

Local appearance based 
methods (Zhang et al., 2005) 94% 97% ---- 68% 

Local feature based 
Methods  
(Luo et al., 2007) 

97% 47% 61% 53% 

Table 1. Recognition rates comparison  

2.1 Local feature based methods  
Three important stages involved in local feature based methods are feature detection, 
feature description and feature matching. 

2.1.1 Feature detector 
The objective of this stage is to detect feature points of the image which are highly 
distinctive and invariant to different imaging conditions. The 2-D image windows, where 
there is some form of 2-D texture likes corner, are the most distinctive image patches 
compared with other types of image windows. The (Mikolajczyk & Schmid, 2002), presented 
evaluation of various feature point detectors and found that the performance of Harris 
detector is better for variations in scale, rotation, illumination, view point changes and 
image blur. However the repeatability of Harris detector degrades significantly when the 
images have large-scale changes. In order to cope with such changes, scale space 
representation of Harris detector is useful such as relative scale Harris detector or Harris-
Laplace detector.  

2.1.2 Feature descriptor 
The objective of this stage is to describe detected feature points with the help local image 
statistics. A number of techniques for representing local image patch have been reported in 
the literatures such as differential descriptors (Mikolajczyk & Schmid, 2002), complex filters 
( Schaffalitzky & Zisserman, 2002), moment invariants (Van gool at el., 1996) and SIFT 
(Lowe,2004). The experimental evaluation of these descriptors is given by (Mikolajczyk, 
2004) and it shows that SIFT descriptor provide best matching results. However, SIFT 
descriptor have high dimensionality and is also computationally expensive and can be 
replaced with Gabor filters. The (Zou at el.,2007) presented comparative study of local 
matching approach for face recognition and showed that good recognition rate can be 
obtained with Gabor features. This is possible because Gabor filter can detect changes in 
object location, scale, and orientation and these properties of Gabor filters make invariant 
detection of object possible, but in addition, Gabor filters also establish a significant degree 
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of robustness to photometric disturbances, such as illumination change and image noise, 
and to natural image variations, such as backgrounds. 

2.1.3 Feature descriptor matching 
In most face recognition applications, there are many classes, but very few training samples 
are available per class and it makes difficult to estimate the parameters of sophisticated 
classifiers. In the view of this difficulty, the simple nearest neighbor classifier is usually 
adopted. The key to classification then is the similarity or distance function. Many similarity 
measures for both histogram and vector features have been proposed and studied in 
(Beveridge at el., 2004; Rubner at el., 2001). But in local matching approaches, faces are 
partitioned into local components and an unavoidable question is how to combine these 
local components to reach the final classification. Nearly all of the existing local matching 
methods choose to concatenate local features into single global feature before classification. 
An alternative approach for combining local features is to let them act as individual 
classifiers and then combine these classifiers for final decision. Many classifier combination 
methods have been studied in the literature, from static combiners, such as majority vote, 
sum rule, and Borda count to trainable combiners, including logistic regression and 
AdaBoost (Friedman at el., 2000;, Ho at el., 1994;, Kittler at el., 1998). 

3. Local feature based face recognition algorithms  
The three different algorithms are implemented for AFR and each of these algorithm consist 
of three stages i.e. feature point detector, feature point descriptor and classifier. The each 
algorithm is developed with different feature point detector and classifier to get reliable face 
recognition algorithm. The details of these algorithms and their performances in terms of 
recognition rate achieved for illumination, pose and expression variations as well as average 
recognition rate are given in sections 3.1 to 3.4. 

3.1 Algorithm 1 
The algorithm consist of three stages i.e. feature point detection with Harris corner detector, 
feature extraction with 2-D Gabor filters and feature matching with nearest neighbor 
classifier. The steps of the proposed algorithm given by (Pardeshi & Talbar,2006) are 
1. Detect important facial feature points by application of Harris corner detector to given 

face image. 
2. Perform segmentation of facial region from non-facial region with skin color based face 

segmentation algorithm. It is useful to remove the feature points detected on image 
background, neck, hair etc. and retain face-specific feature points. 

3. Group the retained feature points into 14-clusters. The number of clusters used is 14 
assuming:  2 clusters for forehead (left side and right side), 2 clusters for ears (left and 
right ear), 4 clusters for eyes corners (left and right corners of each eye), 2 clusters for 
nose corners, 2 clusters for mouth corners and 2 clusters for chin corners. After 
clustering, each cluster center is used as feature point. 

4. Extract image local information from these feature points with 2-D Gabor filters. The 
Gabor filters are designed for 4-scales and 4-orientations and it results in total 16 masks. 
Each Gabor mask is centered at feature point and convolved with local image patch of 
size 25 × 25. The magnitude value of each convolution is used to construct a feature 
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vector. Since each feature point is convolved with 16 Gabor masks, the resulting feature 
vector has a size of 1 × 16.  

5. Concatenate the feature vectors extracted from 14 feature points to form single global 
feature vector of size 1 × 224. 

6. In training phase, apply PCA to global feature vectors extracted from all training 
images and build an eigenspace.   

7. During recognition phase, project the global feature vector extracted from test image, by 
application of all steps mentioned in 1 to 5, into eigenspace. 

8. Check image similarity in eigenspace with six different distance metrics i.e. city-block 
distance (L1 norm), Euclidian distance (L2 norm), Cosine distance (COS), Mahalanobis 
distance (MAH), sum of L1 and MAH distance (L1 + MAH) and sum of L2 and MAH 
distance (L2 + MAH). The image with shortest distance to test image will be considered 
as a best match.  

3.1.1 Feature point detector 
The Harris corner detector analyzes the auto-correlation matrix M of every location in an 
image that is computed from image derivatives as given in equation (1): 

 � � �(��) � �
���(�) ����(�)
����(�) ���(�)

�      (1) 

here � is pixel location vector, ��(�) is x-gradient at location X, ��(�)) is y-gradient at 
location X and �(��) is Gaussian kernel of scale ��. A point is located as a corner if 

 � � ���(�) � � � �����(�)� � ������ � (����)� � � � (�����)�   (2) 

here K is an empirical constant ranged from 0.04 to 0.06. The repeated detection of same 
corner point in local neighborhood of feature point is avoided by setting threshold and 
ensuring that feature point has maximum value of R in its local neighborhood as  

 �(�) � �(��)��� � ���(�) � ���������   (3) 

here W denotes the 8-neighbors of the point X. The result of application of Harris corner 
detector to one of the subject of Asian Face database is shown in image displayed as Fig.1.  
 

 
Fig. 1. Feature Point Detector Stage 

It shows input image, detected feature points and result of clustering. The all feature points 
are shown by highlighting its 3 × 3 neighborhood for the purpose of visibility. It is evident 
from figure that feature points are detected at eyebrow corners, eye corners, nose corners, 
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of robustness to photometric disturbances, such as illumination change and image noise, 
and to natural image variations, such as backgrounds. 

2.1.3 Feature descriptor matching 
In most face recognition applications, there are many classes, but very few training samples 
are available per class and it makes difficult to estimate the parameters of sophisticated 
classifiers. In the view of this difficulty, the simple nearest neighbor classifier is usually 
adopted. The key to classification then is the similarity or distance function. Many similarity 
measures for both histogram and vector features have been proposed and studied in 
(Beveridge at el., 2004; Rubner at el., 2001). But in local matching approaches, faces are 
partitioned into local components and an unavoidable question is how to combine these 
local components to reach the final classification. Nearly all of the existing local matching 
methods choose to concatenate local features into single global feature before classification. 
An alternative approach for combining local features is to let them act as individual 
classifiers and then combine these classifiers for final decision. Many classifier combination 
methods have been studied in the literature, from static combiners, such as majority vote, 
sum rule, and Borda count to trainable combiners, including logistic regression and 
AdaBoost (Friedman at el., 2000;, Ho at el., 1994;, Kittler at el., 1998). 

3. Local feature based face recognition algorithms  
The three different algorithms are implemented for AFR and each of these algorithm consist 
of three stages i.e. feature point detector, feature point descriptor and classifier. The each 
algorithm is developed with different feature point detector and classifier to get reliable face 
recognition algorithm. The details of these algorithms and their performances in terms of 
recognition rate achieved for illumination, pose and expression variations as well as average 
recognition rate are given in sections 3.1 to 3.4. 

3.1 Algorithm 1 
The algorithm consist of three stages i.e. feature point detection with Harris corner detector, 
feature extraction with 2-D Gabor filters and feature matching with nearest neighbor 
classifier. The steps of the proposed algorithm given by (Pardeshi & Talbar,2006) are 
1. Detect important facial feature points by application of Harris corner detector to given 

face image. 
2. Perform segmentation of facial region from non-facial region with skin color based face 

segmentation algorithm. It is useful to remove the feature points detected on image 
background, neck, hair etc. and retain face-specific feature points. 

3. Group the retained feature points into 14-clusters. The number of clusters used is 14 
assuming:  2 clusters for forehead (left side and right side), 2 clusters for ears (left and 
right ear), 4 clusters for eyes corners (left and right corners of each eye), 2 clusters for 
nose corners, 2 clusters for mouth corners and 2 clusters for chin corners. After 
clustering, each cluster center is used as feature point. 

4. Extract image local information from these feature points with 2-D Gabor filters. The 
Gabor filters are designed for 4-scales and 4-orientations and it results in total 16 masks. 
Each Gabor mask is centered at feature point and convolved with local image patch of 
size 25 × 25. The magnitude value of each convolution is used to construct a feature 
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vector. Since each feature point is convolved with 16 Gabor masks, the resulting feature 
vector has a size of 1 × 16.  

5. Concatenate the feature vectors extracted from 14 feature points to form single global 
feature vector of size 1 × 224. 

6. In training phase, apply PCA to global feature vectors extracted from all training 
images and build an eigenspace.   

7. During recognition phase, project the global feature vector extracted from test image, by 
application of all steps mentioned in 1 to 5, into eigenspace. 

8. Check image similarity in eigenspace with six different distance metrics i.e. city-block 
distance (L1 norm), Euclidian distance (L2 norm), Cosine distance (COS), Mahalanobis 
distance (MAH), sum of L1 and MAH distance (L1 + MAH) and sum of L2 and MAH 
distance (L2 + MAH). The image with shortest distance to test image will be considered 
as a best match.  

3.1.1 Feature point detector 
The Harris corner detector analyzes the auto-correlation matrix M of every location in an 
image that is computed from image derivatives as given in equation (1): 
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here � is pixel location vector, ��(�) is x-gradient at location X, ��(�)) is y-gradient at 
location X and �(��) is Gaussian kernel of scale ��. A point is located as a corner if 
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here K is an empirical constant ranged from 0.04 to 0.06. The repeated detection of same 
corner point in local neighborhood of feature point is avoided by setting threshold and 
ensuring that feature point has maximum value of R in its local neighborhood as  
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here W denotes the 8-neighbors of the point X. The result of application of Harris corner 
detector to one of the subject of Asian Face database is shown in image displayed as Fig.1.  
 

 
Fig. 1. Feature Point Detector Stage 

It shows input image, detected feature points and result of clustering. The all feature points 
are shown by highlighting its 3 × 3 neighborhood for the purpose of visibility. It is evident 
from figure that feature points are detected at eyebrow corners, eye corners, nose corners, 
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mouth corners and chin i.e. at locations where signal changes in both directions 
simultaneously. These points carry highly discriminative information and used as feature 
points.  

3.1.2 Feature extraction  
The 2-D Gabor filters are used for feature point description. The Gabor filters enhances low 
level image features such as the peaks, valleys and ridges so that the eyes, the nose and the 
mouth, as well as the other salient local features like dimples are get enhanced. These key 
features are important for discrimination of different faces. A family of complex Gabor 
filters is defined as 
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here θ: Orientation, λ: wavelength of cosine wave, φ: phase of sinusoid, σ: radius of the 
Gaussian and γ: aspect ratio of the Gaussian. The Gabor filter bank is designed for 4-scales (λ) 
and 4-orientations (θ) and it results in total 16 Gabor filters. The values of λ and θ used are 
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To extract a feature vector, each Gabor filter mask of size 25 × 25 is placed at selected feature 
point and convolved with local image patch centered at feature point. The magnitude values 
of these convolutions are used to get feature vector of size 16 × 1 for each feature point. All 
these feature vectors extracted from feature points are concatenated to get final global 
feature vector. Since each image is represented by 14 feature points and each feature point is 
represented by feature vector of size 16 × 1, global feature vector has size of 224 × 1 as 

 �� � ���� ������ � ��� ��������� � 22�, � � �������   (6) 

The Asian face database is used to carry out various experiments. This database consists of 
true-color face images of 103 people, out of that 53 are men and remaining 50 are women. 
This dataset is divided into training dataset and test dataset. The images from training 
dataset are used for training of algorithm while images from test dataset are used for 
checking the results. For each training image, single global Gabor feature vector is extracted 
and these vectors are placed, side-by-side, to create a data matrix X of size N × P (where 
N=224 × 1 is size of global feature vector and P = number of persons used for training) as 

 � � ���|��|������ � ���   (7) 

3.1.3 Feature vector dimensionality reduction  
The dimensionality of data matrix X is very high i.e. 224 × P and is reduced further by PCA 
technique. The PCA is used to obtain the low dimensional representation of the data 
contained in data matrix while retaining as much information (energy) from the original 
data matrix as possible. For this mean centered feature vector �̅� is obtained as 
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The mean centered data matrix �� is obtained as  

 �� = ������������������� |������    (9) 

The �� is multiplied by its transpose to get the covariance matrix as 

 Ω = �����    (10) 

The eigenvectors and eigenvalues of the covariance matrix Ω are calculated as  

 Ω� =� �                 (11) 

here � is the set of eigenvectors associated with the eigenvalues Λ. The eigenvectors ��� ∈ �  
are ordered according to their corresponding eigenvalues ��� ∈ Λ from high to low because 
eigenvector associated with largest eigenvalue represent greatest variation in features and 
eigenvector associated with smallest eigenvalue represent small variation in features. 
Finally, each mean centered feature vector is projected into eigenspace as 

 ��� = ���̅�                  (12) 

3.1.4 Recognition  
The face recognition is done by projecting the test image, to be recognized, into eigenspace 
and then checking its similarity by nearest neighbor classifier. To achieve this, test image is 
subjected to all steps mentioned in section 3.1 to get global feature vector��. It is then 
subtracted from mean vector of data matrix (�, as calculated in equation 8), referred as�����, 
and projected into same eigenspace defined by�� as  

 �� = ����                  (13) 
 

The projected test image is compared to every projected training image in eigenspace and 
the closest training image is selected based on minimum distance criterion 

3.1.5 Distance criterion  
The distance between training image and test image is calculated with six distance metrics 
as proposed by (Moon &Phillips, 2001) and given by equations 14 to 19. 
1. City-block distance (L1 norm):  
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2.  Squared Euclidian distance (L2 norm):  
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3. Cosine distance (COS): 
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4. Mahalanobis distance (MAH):  
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   with �� = eigenvalues of ith eigenvector                   (17)  
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mouth corners and chin i.e. at locations where signal changes in both directions 
simultaneously. These points carry highly discriminative information and used as feature 
points.  

3.1.2 Feature extraction  
The 2-D Gabor filters are used for feature point description. The Gabor filters enhances low 
level image features such as the peaks, valleys and ridges so that the eyes, the nose and the 
mouth, as well as the other salient local features like dimples are get enhanced. These key 
features are important for discrimination of different faces. A family of complex Gabor 
filters is defined as 
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here θ: Orientation, λ: wavelength of cosine wave, φ: phase of sinusoid, σ: radius of the 
Gaussian and γ: aspect ratio of the Gaussian. The Gabor filter bank is designed for 4-scales (λ) 
and 4-orientations (θ) and it results in total 16 Gabor filters. The values of λ and θ used are 
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To extract a feature vector, each Gabor filter mask of size 25 × 25 is placed at selected feature 
point and convolved with local image patch centered at feature point. The magnitude values 
of these convolutions are used to get feature vector of size 16 × 1 for each feature point. All 
these feature vectors extracted from feature points are concatenated to get final global 
feature vector. Since each image is represented by 14 feature points and each feature point is 
represented by feature vector of size 16 × 1, global feature vector has size of 224 × 1 as 
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The Asian face database is used to carry out various experiments. This database consists of 
true-color face images of 103 people, out of that 53 are men and remaining 50 are women. 
This dataset is divided into training dataset and test dataset. The images from training 
dataset are used for training of algorithm while images from test dataset are used for 
checking the results. For each training image, single global Gabor feature vector is extracted 
and these vectors are placed, side-by-side, to create a data matrix X of size N × P (where 
N=224 × 1 is size of global feature vector and P = number of persons used for training) as 
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3.1.3 Feature vector dimensionality reduction  
The dimensionality of data matrix X is very high i.e. 224 × P and is reduced further by PCA 
technique. The PCA is used to obtain the low dimensional representation of the data 
contained in data matrix while retaining as much information (energy) from the original 
data matrix as possible. For this mean centered feature vector �̅� is obtained as 

 ��� � �� � ����������� � �
�∑ ���

���    (8) 

 
Local Feature Based Face Recognition 

 

59 

The mean centered data matrix �� is obtained as  
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The �� is multiplied by its transpose to get the covariance matrix as 
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The eigenvectors and eigenvalues of the covariance matrix Ω are calculated as  
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here � is the set of eigenvectors associated with the eigenvalues Λ. The eigenvectors ��� ∈ �  
are ordered according to their corresponding eigenvalues ��� ∈ Λ from high to low because 
eigenvector associated with largest eigenvalue represent greatest variation in features and 
eigenvector associated with smallest eigenvalue represent small variation in features. 
Finally, each mean centered feature vector is projected into eigenspace as 

 ��� = ���̅�                  (12) 

3.1.4 Recognition  
The face recognition is done by projecting the test image, to be recognized, into eigenspace 
and then checking its similarity by nearest neighbor classifier. To achieve this, test image is 
subjected to all steps mentioned in section 3.1 to get global feature vector��. It is then 
subtracted from mean vector of data matrix (�, as calculated in equation 8), referred as�����, 
and projected into same eigenspace defined by�� as  

 �� = ����                  (13) 
 

The projected test image is compared to every projected training image in eigenspace and 
the closest training image is selected based on minimum distance criterion 

3.1.5 Distance criterion  
The distance between training image and test image is calculated with six distance metrics 
as proposed by (Moon &Phillips, 2001) and given by equations 14 to 19. 
1. City-block distance (L1 norm):  

 �(�� �) = |� − �| = ∑ |�� − ��|�
���                        (14) 

2.  Squared Euclidian distance (L2 norm):  

  
2K2

1d(x,y)= x-y = i ii x y


     (15) 

3. Cosine distance (COS): 

 �(�� �) = − ���
‖�‖‖�‖ = − ∑ �����

���

�∑ ����
��� ∑ ����

���
                   (16) 

4. Mahalanobis distance (MAH):  

 �(�� �) = ∑ ���
��� �� �

���
   with �� = eigenvalues of ith eigenvector                   (17)  
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5. Sum of L1 and Mahalanobis distance (L1+MAH):  

 k
ii=1

i

1d(x,y)= x  iy
                  (18) 

6. Sum of L2 and Mahalanobis distance (L2+MAH):  

  k 2
ii=1

i

1d(x,y)=d(x,y)= x  iy


   (19) 

3.1.6 Test dataset 
A well-designed Korean Face Database (KFDB) is used to check the algorithm performance.  
The database consists of images of 640 × 480 pixel resolution, 24-bit color depth and is stored 
in BMP and JPEG formats. It consist images of 56 male subjects and 51 female subjects with 
17 variations: one frontal face image with natural expression; 4 illumination variations; 8 
pose variations and 4 expression variations. The illumination variations are obtained by 
changing lighting directions and illumination color. The lighting direction is changed by 
using circular arrangement of 8-light sources separated by interval of 450 and illumination 
color variation is achieved by using fluorescent light and glow light. The pose variations are 
obtained by capturing the images with 7-different cameras, one camera is placed at center to 
capture frontal image and remaining 6-cameras are placed with 3-cameras to left side of 
center camera and 3-cameras to right side of center camera. The cameras on left side and 
right side are separated by interval of 50, 100 and 150 with respect to center camera to achieve 
total variation of 150 on either side of center camera. The four expression variations are also 
provided as Happiness, Anger, Blink and Surprise with 2-illumination colors. 
The experiments are carried out to report recognition rates for three categories of test images 
i.e. illumination variation, pose variation and expression variation. In addition, average 
recognition rate is also calculated by taking average of recognition rates obtained for 
illumination, pose and expression variations. For each variation, one frontal face image and 
50% of images of respective variation category are used for training and remaining 50% 
images of respective variation category are used for testing. It result in gallery and probe 
dataset with sizes as mentioned in Table 2.  
 

 
Probe category 

Illumination variations Pose variations Expression variations 

Gallery Size 168 280 168 

Probe set size 112 224 112 

Table 2. Sizes of gallery dataset and probe dataset for three variations 

3.1.7 Experimental results and analysis 
The (Moon &Phillips, 2001) carried out various experiments for design of PCA based holistic 
face recognition system and concluded that  
 Illumination normalization as pre-processing step improves recognition rate.    
 The good recognition rate can be obtained by using only first 40% eigenvectors or by 

removing 1st eigenvector from face representation. 
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 The COS is good distance metric to measure image similarity in eigenspace.  
However, these results are reported for FERET database with holistic PCA based face 
recognition system. But, algorithm under consideration is local feature PCA based face 
recognition and database is also different i.e. Asian face database. Hence it is very much 
essential to check the applicability of these results to the algorithm under consideration. This 
is done by conducting similar experiments on Asian face database with proposed algorithm. 
Total four experiments are conducted to check recognition rates for illumination, pose and 
expression variations with six different distance metrics. 
The first experiment is conducted as per the steps mentioned in section 3.1 and is referred as 
“baseline algorithm”. The second experiment is performed by using illumination 
normalization as pre-processing step to baseline algorithm and is referred as “illumination 
normalization as pre-processing step”. The third experiment is conducted with illumination 
normalization and by using only first 40% eigenvectors for face representation. It is referred as 
“first 40% eigenvectors”. The last experiment is carried out with illumination normalization 
and by removing first eigenvector from face representation. It is referred as “removal of 1st 
eigenvector”. The comparison of results obtained for illumination variation is shown 
graphically in Fig.2. It shows that maximum recognition accuracy of 76.25% is obtained by 
using illumination normalization as pre-processing step with COS distance metric. Thus 
illumination normalization as pre-processing step is helpful to improve the performance of 
proposed algorithm but use of first 40% eigenvectors for image representation or removal of 1st 
eigenvector from image representation actually reduces the performance. 
 

 
Fig. 2. Comparison of recognition rates obtained for illumination variation: Algorithm 1 

The similar comparison for pose variation is shown in Fig. 3 and it shows that recognition 
rate of 72.5% can be obtained by using illumination normalization as pre-processing step 
with COS distance metric or by using 40% eigenvectors for image representation with L2 
and COS distance metrics or by removing 1st eigenvector with L1 distance metric. Hence 
selection of proper distance metric it is very difficult.  
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Fig. 3. Comparison of recognition rates obtained for pose variation: Algorithm 1 

The graphical representation of comparison for recognition rates obtained for expression 
variation is shown in Fig 4. The comments of pose variation are also applicable to expression 
variation and maximum recognition rate achieved is 67.5%. 
 

 
Fig. 4. Comparison of recognition rates obtained for expression variation: Algorithm 1 
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It is clearly evident from above comparison that it very difficult to select most suitable 
distance metric which works well in presence of all image variations. This problem is solved 
by comparing average recognition rates and its comparison is shown graphically in Fig. 5. It 
is evident from this comparison that maximum recognition rate of 70% can be achieved with 
proposed algorithm. Further it also shows that use of illumination normalization as pre-
processing step is useful to improve the performance of local feature based face recognition 
algorithm and cosine distance metric is most suitable to measure image similarity in 
eigenspace.  
 

 
Fig. 5. Comparison of average recognition rates: Algorithm 1 

3.1.8 Limitations 
The recognition rates achieved with the Algorithm 1 are limited and required to be 
improved further. The recognition rate for expression and pose variations can be improved 
by making the process of feature point detection scale invariant. The reason for this is that 
Harris corner detector detects the feature point invariant to image rotation, scale change, 
illumination variation, viewpoint changes and imaging system noise but still the range is 
very limited. In addition, the number of feature points used to represent face image are only 
14 and required to be increased further because representing the entire face image by only 
14 feature points does not provide enough discrimination power to the classifier.  

3.2 Algorithm 2 
It is similar to Algorithm 1 except feature point detection is done with relative scale Harris 
detector. The steps of the proposed algorithm as given by (Pardeshi & Talbar, 2008) are 
1. Illumination normalization of gray scale version of the original color face image so that 

normalized face image have zero mean and unity standard deviation. 
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Fig. 3. Comparison of recognition rates obtained for pose variation: Algorithm 1 
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2. Detect important facial feature points by application of relative scale Harris detector to 
given face image. 

3. Perform segmentation of facial region from non-facial region with skin color based face 
segmentation algorithm. 

4. Selection of required number of feature points based on their stability and magnitude of 
Harris corner response. 

5. Extract image local information from these feature points with 2-D Gabor filters as 
mentioned in Algorithm 1.  

6. Concatenate the feature vectors extracted from all feature points to form single global 
feature vector.   

7. In training phase, apply PCA to global feature vectors extracted from all training 
images to build the eigenspace.  

8. During recognition phase, project the global feature vector extracted from test image, by 
application of all steps mentioned in 1 to 6, into eigenspace.  

9. Check image similarity in eigenspace with three distance metrics i.e. L1 norm, L2 norm 
and COS. The image with shortest distance to test image will be considered as a best 
match.  

3.2.1 Feature point detector 
The Harris corner detector, used in Algorithm 1, is not invariant to large scale changes and 
hence hampers correct detection of feature points in presence of pose and expression 
variations. To make Harris corner detector scale invariant, the scale-space representation of 
Harris corner detector can be explored. The idea behind this is that real-world objects are 
composed of different structures at different scales i.e. real-world objects may appear in 
different ways depending on the scale of observation. Hence to identify and select 
interesting image components, it is required to observe them at appropriate scale. The scale-
space representation of Harris corner detector is given by (Islam at el., 2005). It allows 
detection of stable feature points in presence of rotation, scale change, intensity scaling, 
background clutter and partial occlusion. It uses relative scale �� as the variance of Gaussian 
for Harris integration while variance of Gaussian for Harris differentiation is given by	�� =
���, where k is a constant. The scale normalized auto-correlation matrix of Harris detector at 
a point   � = (�� �) of the image I is given as  

 �(�� ��) = ����(��) � � ��
�(�� ��) ����(�� ��)

����(�� ��) ���(�� ��)
�                                (20) 

�(�� ) is the circular Gaussian integration window at the scale �� and given by 

 �(��) = �
�����

��
�����
����                   (21) 

��(�� ��)	and ��(�� ��) are given by 

 ��(�� ��) = ℎ(��)� �(�)		���	��(�� ��) = (ℎ(��))� � �(�)	                (22) 

here ℎ(��) is the 1-D Gaussian first derivative kernel at the scale of �� defined as 

 ℎ(��) = − �
��√��
� ��

��
����               (23)  
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The measure of corner response at the point X and scale �� is 

 �(�� ��) � ���	(��(�� ��)� � ����(�(�� ��))                  (24) 

where λ is a constant.	 The point is selected as a corner point if  

 �(�� ��) � �		���	�(�� ��) � �(��� ��)��� ∈ �                 (25) 

here W is the 3×3 neighborhood of the point X. To build the scale-space representation as 
mentioned in (20), pre-selected scales are used with �� � ����; �� is the initial scale factor 
set to 1; factor k is scale factor between successive scale levels (set to 1.4 as mentioned in 
(Lowe, 1999), �	give number of resolution levels. The matrix �(�� ��) is computed with 
�� � �� and	�� � ���, where S ∈ [0.7,0.8, …1.4]. The large scale change of 1.4 is used to 
detect initial interest points i.e. k=1.4 and n =1 and then small scale changes, specified by s, 
are used to observe the detected interest points at various scales. 
It detects large number of feature points, representing important image contents, at various 
resolution levels. But as scale changes, the spatial location of feature point changes slightly 
and it result in detection of same image structure at various resolution levels. To avoid this 
feature points are selected on the basis of its stability and strength. The feature point is said 
to be stable if same feature point is detected at every level of the scale while strength of the 
feature point is judged on the basis of magnitude of its corner response. These feature points 
are further sorted in descending order of their corner responses because larger corner 
response represents larger bidirectional signal variation at that point and hence indicate the 
presence of discriminant information at that point. The experiments are carried out with 
different number of feature points and recognition rate is checked with the objective to 
decide optimum number of feature points required to get good recognition rate. The 
detected feature points based on criterion of stability and out of these selected 30 feature 
points based on their corner strength are shown in Fig. 6. The feature points are 
superimposed on original image and 3×3 neighborhood of the feature point is highlighted 
for proper visibility. The remaining details of this algorithm are similar to Algorithm 1 as 
mentioned in 3.1.2 to 3.1.6.   
 

 
Fig. 6. Feature Point Detector Stage 

3.2.2 Experimental results and analysis 
The experiments are conducted to determine recognition rates obtained for illumination, pose 
and expression variations. These experiments are conducted by using 10, 20 and 30 feature 
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representation.  The maximum number of feature points used for experimentation is only 30 
because very few feature points satisfies the criterion of stability. The comparison of results 
obtained for illumination variation is shown graphically in Fig.7. It shows that maximum 
recognition accuracy of 72% is obtained by using 30 feature points with L1 and COS distance 
metrics. It also shows that recognition rate increases with number of feature points. 
 

 
Fig. 7. Comparison of recognition rates obtained for illumination variation: Algorithm 2 
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Fig. 9. Comparison of recognition rates obtained for expression variation: Algorithm 2 
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number of feature points is used for face representation. The limitation of the proposed 
algorithm is maximum number of feature points available for face representation is only 30 
hence it is also difficult to determine optimum number of feature points required for face 
representation. It is necessary to modify the stability condition so that more number of 
feature points will be available for face representation. Further, Other limitation is 
performances of various distance metrics are not consistent and it is very difficult to select 
most suitable distance metric to measure image similarity.  

3.3 Algorithm 3 
The algorithm is similar to Algorithm 1 except feature point detection is done with Harris-
Laplace detector and classification is achieved with Classifier1 and Classifier2. The 
Classifier1 is nearest neighbor classifier while Classifier2 is voting based classifier. The steps 
of the proposed algorithm are 
1. Illumination normalization of gray scale version of the original color face image so that 

normalized face image have zero mean and unity standard deviation. 
2. Detect important facial feature points by application of scale invariant Harris detector 

to given face image. 
3. Perform segmentation of facial region from non-facial region with skin color based face 

segmentation algorithm. 
4. Characteristic scale selection of feature points by checking whether it’s Laplacian-of-

Gaussian (LoG) response is lower for finer and coarser scales than the response at 
associated scale. 

5. Sorting of the selected feature points in descending order of their corner responses. 
6. Extract image local information from these feature points with 2-D Gabor filters  
7. Concatenate the feature vectors extracted from all feature points to form single global 

feature vector.   
8. Perform classification with Classfier1 and Classifier2 
a. Classifier 1: (Pardeshi & Talbar, 2008; Pardeshi & Talbar, 2009) 
i. In training phase, apply PCA to global feature vectors extracted from all training images 

to build the eigenspace. 
ii. During recognition phase, project the global feature vector extracted from test image, by 

application of all steps mentioned in 1 to 7, into eigenspace. 
iii. Check image similarity in eigenspace with three distance metrics i.e. L1 norm, L2 norm and 

COS. The image with shortest distance to test image will be considered as a best match.  
b. Classifier2 (Pardeshi & Talbar, 2009; Pardeshi & Talbar, 2010) 
i. During training phase, develop reference database by storing each feature vector, 

obtained by application of steps 1 to 6, in reference database with pointer to model image 
from which they originates. 

ii. During recognition phase compare every feature vector, extracted from test image by 
application of steps 1 to 6, with each feature vector stored in reference database for 
similarity. 

iii. Based on similarity, assign the votes to the model image and model image receiving 
maximum number of votes is considered as best match.    

3.3.1 Feature point detector 
In Algorithm 2 multi-scale representation of Harris detector is obtained using predefined 
scales and there is no any guarantee that predefined scales will perfectly reflect the real scale 
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of the image structure. Other problem associated with multi-scale approach is that in 
general a local image structure is present in a certain range of scales. It results in detection of 
the feature point at each scale level within this range. As a consequence, there are many 
points, which represent the same image structure, but the location and the scale of these 
points are slightly different. The inclusion of these feature points reduces discrimination 
ability of the classifier. Similarly, condition used for selection of feature points includes 
image structures which are prominent at and every level of the scale and ignores image 
structures which are prominent only at certain scale e.g. The eyebrow corners or eye corners 
will not be prominent at coarser scales but they will become prominent only at finer scales 
while eyes will be prominent at coarser as well as finer scales. As per the selection criteria 
used in Algorithm 2, eyes will be get detected while eyebrow corners or eye corners will get 
ignored.  But it is very much important to include these image structures for face 
representation because they carry highly discriminative information. This can be done with 
detection of feature points using multi-scale representation of Harris detector and selection 
of feature points with LoG. It is referred as Harris-Laplace detector and proposed by 
(Mikolajczyk,2004). The scale invariant Harris detector allows detection of scale invariant 
feature points while LoG allows selection of the scale at which each feature point is 
prominent. Moreover, repeatability and accuracy of detected feature points is also good. The 
implementation of scale invariant Harris detector is done as described in section 3.2.1 of 
Algorithm 2. The detected feature points are stored with their spatial locations and 
associated scales. It is followed with checking that whether scale associated with feature 
point is characteristic scale. The characteristic scale is the scale at which there is maximum 
similarity between the feature detection operator and the local image structure and this scale 
estimate obeys perfect scale invariance under rescaling of the image pattern. It is done with 
the help of LoG because it finds highest percentage of correct characteristic scale for local 
image structures such as corners, edges, ridges and multi-junctions. If LoG response attains 
maximum at its associated scale, feature point is retained else rejected. The LoG response is 
calculated by  

 |LOG(X, σ�)| = σ���L��(X, σ�) + L��(X, σ�)� where σ� = set	of	scales   (26) 

The number of detected feature points is very large. To reduce the number of feature points 
further, these feature points are sorted in descending order of their corner responses and 
then experiments are carried out with different number of feature points with objective to 
determine optimum number of feature points required for face representation. The detected 
scale invariant feature points and out of that, selected 100 feature points are shown in Fig. 
11. The feature points are superimposed on original image and 3×3 neighborhood of the 
feature point is highlighted for proper visibility.  
 

 
Fig. 11. Feature Point Detector Stage 
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After detection of feature points, feature extraction from these feature points is done as 
described in section 3.1.2 of Algorithm 1 while details of test dataset and gallery dataset are 
mentioned in section 3.1.6 of Algorithm 1. The training of the algorithm and recognition of 
test image is done by two classification techniques i.e. Classifier1 and Classifier2.  

3.3.2 Classifier 1 
The classification technique is similar to technique used in Algorithm 1 and Algorithm 2 and 
details of the implementation is described in sections 3.1.3 to 3.1.5 of Algorithm 1. The PCA 
is used for dimensionality reduction of feature vectors followed by measuring image 
similarity in eigenspace with three different distance metrics. The experiments are 
conducted with different number of feature points i.e. 50, 75,100,125 and 150 for face 
representation. The main intention to conduct these experiments is to determine optimum 
number of feature points required to achieve good recognition rate and to determine how 
recognition rate varies with number of feature points. 

3.3.3 Classifier 1-experimental results and analysis 
The experiments are conducted to determine recognition rates obtained for illumination, 
pose and expression variations. The comparison of results obtained for illumination 
variation is shown graphically in Fig.12. It shows that maximum recognition rate of 78% is 
obtained by using 125 feature points with L1 distance metric. The similar comparison for 
pose variation is shown in Fig. 13. It shows that maximum recognition rate of 82.5% is 
obtained by using 125 feature points with L1 and L2 distance metrics. Since performance of 
two distance metrics is similar, it is very difficult to select proper distance metric to measure 
image similarity in eigenspace. The graphical representation of comparison for recognition 
rates obtained for expression variation is shown in Fig 14. It shows that maximum 
recognition rate of 85% is obtained by using 125 feature points with COS distance metric. All 
these experiments confirm that optimum number of feature points required to get good 
recognition rate are 125. But performances of distance metrics are not consistent and it is 
very difficult to select one particular distance metric which works well with all types of 
image variations. To solve this problem, average recognition rates are compared. 
 

 
Fig. 12. Recognition rates obtained for illumination variation: Algorithm 3- Classifier1 
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Fig. 13. Recognition rates obtained for pose variation: Algorithm 3- Classifier 1 

 
 

 
 

Fig. 14. Recognition rates obtained for expression variation: Algorithm 3- Classifier 1 
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Fig. 13. Recognition rates obtained for pose variation: Algorithm 3- Classifier 1 

 
 

 
 

Fig. 14. Recognition rates obtained for expression variation: Algorithm 3- Classifier 1 
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Fig. 15. Comparison of average recognition rates: Algorithm 3- Classifier 1 
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3.3.5 Classifier 2-experimental results and analysis 
The experiments are conducted to determine recognition rates obtained for illumination, 
pose and expression variations and results are represented graphically in Fig. 16. These 
experiments are performed with different number of feature points i.e. 50, 75 and 100 with 
the intention to determine optimum number of feature points required to achieve good 
recognition rate. It shows drastic improvement in performance. The recognition rates are 
100% for pose and expression variations while the recognition rate for illumination variation 
is 78%. Actually recognition rates for pose and expression variations are same for 50, 75 and 
100 feature points but comparatively on the basis of recognition rates achieved for 
illumination variations, recognition rates achieved with 75 feature points are excellent. It 
confirms that optimum number of feature points required to get good recognition rate with 
Classifier2 are 75. It also highlights the fact that to get good recognition rate fine tuned 
combination of feature point detector, feature extractor and classifier is very important.  
 

 
Fig. 16. Recognition rates obtained with Algorithm 3- Classifier 2 
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Fig. 15. Comparison of average recognition rates: Algorithm 3- Classifier 1 
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response at (x�, y�).	 To match test image, set of Gabor feature vectors ����	 are extracted 
from detected feature points on the test image. These vectors are compared with each of the 
vector �� in reference database for similarity by using squared Euclidian distance metric 
given by equation (15). The most similar ��  for each �� is identified and vote is given to the 
corresponding model. Then votes received by each model are summed and this sum is 
stored in the vector T (k). The model received more votes is considered as best match to the 
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3.3.5 Classifier 2-experimental results and analysis 
The experiments are conducted to determine recognition rates obtained for illumination, 
pose and expression variations and results are represented graphically in Fig. 16. These 
experiments are performed with different number of feature points i.e. 50, 75 and 100 with 
the intention to determine optimum number of feature points required to achieve good 
recognition rate. It shows drastic improvement in performance. The recognition rates are 
100% for pose and expression variations while the recognition rate for illumination variation 
is 78%. Actually recognition rates for pose and expression variations are same for 50, 75 and 
100 feature points but comparatively on the basis of recognition rates achieved for 
illumination variations, recognition rates achieved with 75 feature points are excellent. It 
confirms that optimum number of feature points required to get good recognition rate with 
Classifier2 are 75. It also highlights the fact that to get good recognition rate fine tuned 
combination of feature point detector, feature extractor and classifier is very important.  
 

 
Fig. 16. Recognition rates obtained with Algorithm 3- Classifier 2 
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3.3, is given in this section. Out of four variations of Algorithm 1, the performance 
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algorithm is better with COS distance metric. This variation is referred as LFPCAIN i.e. 
local feature based PCA approach with illumination normalization as preprocessing step. 
The performance of Algorithm 2 was tested by using 10, 20 and 30 feature points with 
different distance metrics. It is observed that recognition rate obtained with 30 feature 
points and L1-norm distance metric is best. This variation is referred as LFPCA30 i.e. local 
feature based PCA approach with 30 feature points. The Algorithm 3 was implemented 
with Classifier1 and Classifier2. For Classifier1, performance obtained with 125 feature 
points and COS distance metric is best. This variation is referred as LFPCA125 i.e. local 
feature based PCA approach with 125 feature points. Similarly in case of Classifier2, 
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LFVM75 i.e. local feature based voting mechanism approach with 75 feature points. The 
comparison of recognition rates achieved with above mentioned methods is carried out to 
select the most suitable algorithm for face recognition application. Moreover, the 
recognition rates reported in (Hwang at el., 2004) are also used for comparison because 
they reported recognition rates on Asian face database using holistic PCA approach for 
same image variations. The comparison of this approach with proposed algorithms will 
be helpful to check the effectiveness of the local feature based methods for face 
recognition application. This approach is referred as HPCA i.e. holistic feature based 
approach. The Fig. 17, 18, 19 and 20 shows this comparison for variations in illumination, 
pose, expression and average recognition rate respectively.  
 

 
Fig. 17. Recognition rates comparison for illumination variation  

 

 
Fig. 18. Recognition rates comparison for pose variation  
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Fig. 19. Recognition rates comparison for expression variation  

 

 
Fig. 20. Comparison of average recognition rates  

It confirms that the local feature based algorithms are best suitable for face recognition 
applications because performances of all proposed local feature based algorithms are better 
than HPCA approach. Moreover, comparison also shows a continuous rise in recognition 
rate because each algorithm is proposed with the intention to overcome the limitations of 
previous algorithm. The maximum average recognition rate of 92.67% is reported by 
LFVM75 approach, and it reveals the fact that excellent recognition rate can be obtained by 
using invariant local feature detectors, invariant local feature descriptors and voting based 
classifier. The LFPCAIN approach uses Harris detector as feature point detector but Harris 
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detector is not invariant to scale changes, and it results in lower recognition rate for pose 
and expression variations. This limitation of LFPCAIN approach is overcome by LFPCA30 
approach with use of scale invariant feature point detector for detection of feature points. It 
results in increased recognition accuracy for pose and the expression variations but number 
of feature points detected is very less. In addition, most of the points represent same image 
structure and contribution of other important image structures is not taken into 
consideration while representing face image. It affects the discrimination ability of the 
classifier and hence recognition rate. These limitations are overcome by LFPCA125 
approach. It used Harris-Laplace detector as a feature point detector and is truly invariant 
detector to most of the image transformations, and it results in increased recognition rate for 
all image variations. However, use of PCA for dimensionality reduction results in global 
feature vector and it nullifies the benefits of the local feature based methods.  To avoid this, 
LFVM75 approach does classification of each local feature independently and results of 
individual classifiers are combined to get a final decision. It is achieved with voting 
mechanism, and it results in 100% recognition accuracy against pose and expression 
variations. The recognition accuracy against illumination variations is also increased 
considerably. The success rate achieved by LFVM75 approach highlights the fact that proper 
combination of a feature detector, feature descriptor and classifier is very much important to 
develop the highly efficient automatic face recognition system.  The comparison of feature 
vector dimensionality of proposed local feature based methods with holistic method is given 
in Table 3. It shows that increased recognition rates are achieved with fewer numbers of 
feature points so that dimensionality of feature vectors gets drastically reduced. It further 
reduces the storage requirement, database size and execution time as well. 
 

Approach HPCA LFPCAIN  LFPCA30 LFPCA125 LFVM75 

Number of 
feature points Whole image 14 30 125 75 

Feature vector 
size 10304×1 224×1 480×1 2000×1 1200×1 

Table 3. Comparison of feature vector dimensionality 

5. Conclusion 
The promising capability of the local feature based method for AFR is presented by taking 
advantage of recent developments in local feature detection and feature extraction 
techniques. The important issues addressed by proposed systems are: 1) robustness of the 
local feature based approach to pose, illumination and expression variations, 2) 
identification of optimum number of facial feature points required for face description and 
3) requirement of fine tuned combination of feature detector, feature descriptor and 
classifier. The proposed algorithms works on color face images: after having localized the 
face, it determines and selects important fiducial facial points, and describes them by 
application of bank of Gabor filters. Finally classification is done with nearest neighbor 
classifier or voting based classifier. The experiments were carried out on KFDB and the 
experimental results confirms the superiority of the approach for face recognition. 
Nevertheless, most interesting point required to be consider is that the reported 
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performance is obtained at reduced computation cost, storage requirement and computation 
time. All these advantages are very important for development of a practicable face 
recognition system. 
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1. Introduction 
The majority research into human faces in computer vision and pattern recognition is 
concerned with normal people, i.e. their faces are not affected by any diseases and appear 
symmetric or approximately symmetric. However, a great number of people in the world 
are suffering from facial paralysis. Facial Paralysis is a devastating disorder. It is caused 
when the facial nerve, which sends nerve impulses to the muscles of the face, loses its 
function. Facial paralysis results in significant psychological and functional disability from 
the impairment of facial expression, communication and eye protection. For example, it 
usually affects one side of the face, causing a drooping mouth, drooling, and excessive 
tearing from one eye.  
Thus, the evaluation of the degree of paralysis is very important (Beurskens & Heymans , 
2003), as different degree requires different medical treatment. For example, as a reliable 
and effective method, acupuncture doctors may use different needles based on the patient’s 
paralysis degree. In the past, several evaluation criterions regarding face nerve were 
proposed. Traditional assessment of facial paralysis is by the House-Brackmann(HB) 
grading system (House & Brackman, 1985) which was proposed in 1983 and has been 
adopted as the North American standard for the evaluation of facial paralysis. Grading is 
achieved by asking the patient to perform certain movements and then using clinical 
observation and subjective judgment to assign a grade of palsy ranging from grade I 
(normal) to grade VI (no movement). The advantages of the HB grading scale are its ease of 
use by clinicians and that it offers a single figure description of facial function. The 
drawbacks are that it relies on a subjective judgment and it is insensitive to regional 
differences of function in the different parts of the face.  
To provide physicians with an objective and quantitative measurement of single-sided facial 
paralysis, several computer-based methods have been proposed. Maximum static response 
assay (MSRA) assesses facial function by measuring the displacement of standard reference 
points of the face (Johnson et al., 1994). The method measures the amplitude of standard 
facial movements by comparing facial photographs taken at rest and at maximum 
contraction. For voluntary expressions of a patient, Wang et al present a facial paralysis 
grading approach based on measuring the patient’s asymmetry (S et al., 2004). Compared 
with other international grading scales for facial paralysis, such as House-Brackmann and 
DEFS, the advantages of the approach are that it is objective and can diagnose facial 
paralysis automatically. 
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usually affects one side of the face, causing a drooping mouth, drooling, and excessive 
tearing from one eye.  
Thus, the evaluation of the degree of paralysis is very important (Beurskens & Heymans , 
2003), as different degree requires different medical treatment. For example, as a reliable 
and effective method, acupuncture doctors may use different needles based on the patient’s 
paralysis degree. In the past, several evaluation criterions regarding face nerve were 
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points of the face (Johnson et al., 1994). The method measures the amplitude of standard 
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This book chapter introduces two methods for evaluating the degree of facial paralysis. The 
first type is the computer-based realization of traditional medical methods, for example the 
House-Brackmann(H-B) method, mainly using image processing and pattern recognition 
techniques. In order to assess the degree of movement in the different regions of the face, the 
patients are first asked to perform five separate facial expressions, which are raising 
eyebrows, closing eye, screwing up nose, drumming cheek and opening mouth. The basic 
idea is to compare the differences between key points or regions in the two half sides of a 
face. Techniques involved in this type of methods include face detection, salient point or 
region detection, edge detection, clustering and machine learning schemes. This type of 
methods might require user interaction with the software system.  
The second type of methods aims to automatically evaluate the facial paralysis and provide 
evaluation results without user intervention. Same as the first type of methods, patients are 
also asked to perform facial motions instructed by doctors. Salient regions and eigen-based 
methods are used to measure the asymmetry between the two sides of face and compare the 
expression variations between the abnormal and normal sides. Support vector machines are 
employed to produce the degree of paralysis. Both methods are tested on voluntary clinic 
patients. The strength and weakness of both methods are also presented. 

2. Estimating degrees of facial paralysis based on Harris corner detection 
First we describe the first one that is the computer-based realization of traditional medical 
methods, mainly using image processing and pattern recognition techniques. Our main 
goal is to find several key facial feature points and use these points to obtain the 
differences of motions between the two halves of the patient’s face. These points include 
eye corners, nose corners and mouth corners. We first change the images into gray ones 
and then apply smoothing filters to the facial images so that noises can be reduced. This is 
because the images are unavoidably influenced by noises which make it difficult to obtain 
correct result. There are two purposes of filtering: 1. smoothing the regions that are not in 
edge region; 2. protecting edge regions. The median filter is an effective method to wipe 
out noise in images. In the next step, we apply integration projection on images to divide 
them into an eye region, a nose region and a mouth region. In each region, we use the 
Smallest Univalue Segment Assimilating Nucleus (SUSAN) algorithm and Harris corner 
detectors to locate feature points. Finally, we decide the paralysis degree by the 
combination of different scores derived from these points by comparing the two halves of 
the faces.  

2.1 Integration projection for region detection 
The integration projection method is based on the projection of an image into different 
directions. Let the processed image be ( , )G x y , the size of which is M×N. Then the function 
of integration projection is described as follows: 
The horizontal integration projection: 
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The two projections can be used to decide different regions. 

2.2 Edge detection 
Our previous experiments have shown that if we direct the corner detector on image, we 
may not obtain all the points as we wish. Thus, we first extract the edge in the image, and 
then apply the Harris corner detector. 
We choose SUSAN edge detector (SM & JM, 2007) to extract edges. The SUSAN operator has 
been widely implemented by using circle masks. The usual radius is 3 to 4 pixels, and the 
smallest mask considered is the traditional 3×3 mask. The 37 pixel circular mask is used in 
all feature detection experiments unless otherwise stated. 
The mask is placed at each point in the image and, for each point, the brightness of each 
pixel within the mask is compared with that of the nucleus (the centre point).Originally a 
simple equation determined this comparison: 
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where: 
0r
  is the position of the nucleus in the two dimensional image;  
r  is the position of any other point within the mask;  
( )I r  is the brightness of any pixel;  

t  is the brightness difference threshold and c  is the output of the comparison.  
This comparison is done for each pixel within the mask, and a running total n  of the 
outputs( c )is expressed as: 
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Next, n  is compared with a fixed threshold g , which is set to 3 maxn /4, where maxn  is the 
maximum value which n  can take. The initial edge response is created by using the 
following rule: 
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where 0( )R r  is the initial edge response. 
The algorithm as described above can produce good result. However, a much more stable 
and sensible equation that can be used for choosing c  is: 
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2.3 Corner detection 
We use Harris corner detector to detect corners. The Harris corner detector (C & M, 1988) is 
a popular interest point detector due to its strong invariance to rotation, scale, illumination 
variation and image noise. The Harris corner detector is based on the local auto-correlation 
of a signal, where the local auto-correlation function measures the local changes of the signal 
with patches shifted by a small amount in different directions. A discrete predecessor of the 
Harris detector was presented by Moravec. Here the discreteness refers to the shifting of the 
patches. 
Given a shift ( , )x y  and a point ( , )i ix y , the auto-correlation function is defined as: 

 2( , ) [ ( , ) ( , )]i i i i
W

c x y I x y I x x y y             (7) 

where I denotes the image function and ( , )i ix y  are the points in the W (Gaussian window) 
centered on ( , )x y . 

2.4 Algorithms for locating feature points 
 

 
Fig. 1. An example image to be processed 

2.4.1 Locating eyes regions and points 
The location of eyes plays an important role in finding facial feature points. The following 
procedure can be used to locate eyes:  
1. apply the Horizontal Integration Projection method on the image. 
2. normalize the histogram of Integration Projection and find the y coordinate of the eyes 

according to minimum points of the histogram. 
3. separate a region according to (2) and apply the Vertical Integration projection method 

to this region. 
4. find two minimum points in the region and set them as the x coordinate of center of 

eyes. 
After locating the eyes, we find the eyes region according to the center point. Then we apply 
Susan edge detector to extract edge and use the Harris corner detector to locate eyes corner 
points. There are some points we do not want; we choose left-most, right-most, top and 
bottom points. 
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Then we separate the eyebrow region based on the location of eyes. This is achieved by 
applying the Horizontal Integration Projection method on this region to find the y 
coordinate of the eyebrows, and then applying the Vertical Integration Projection method to 
find the x coordinate of the eyebrows.  
Example results are shown in Fig. 2(a) and Fig. 2(b). 

2.4.2 Locating nose region and points 
Similar to locating eyes, the procedure for detecting the nose position is: 
1. apply the Horizontal Integration Projection method to the region below the eye region; 
2. find the first minimum point and set it as the y coordinate of the nose; 
3. apply the Vertical Integration Projection to the region and set the height as [(y of nose)-

(y of eyes)]*0.6;  
4. find two minimum points and set them as the x coordinate of the hole of nose;  
5. separate the nose region; 
6. apply the SUSAN edge detection method on the region to extract edges and use the 

Harris corner detector. 
We choose the left-most and right-most points. 
Example results are shown in Fig. 2(c). 

2.4.3 Locating the mouth region and points 
Similar to methods introduced in previous sections, we first apply integration projection to 
the region below the nose and set the first minimum point as y of the mouth. According to 
this, we can find the mouth region. We use SUSAN method to extract edges and by using 
the Harris method we can find mouth corners and the middle line of the mouth. We choose 
the left-most, right-most and bottom points. The results are shown in Fig. 2(d). 
 

                  
            (a) eyes points         (b) eyebrow points   (c) nose points   (d) mouth points 

Fig. 2. Results of locating feature points 

2.5 The grading scheme 
We capture facial images of patients while they perform expressions. Fig. 3 shows facial 
feature points we need. The following expressions are required and the corresponding 
distances are measured:   
1. closing eyes: the distance of 0oS I  is calculated. 
2. raising nose: the distance of cM L  is calculated. 
3. raising eyebrows: the distance of 0oS I  is calculated. 
4. plumping cheek: the distance of MMid  is calculated. 
5. opening mouth: the distance of MMid  is calculated. 
In order to avoid the limitation of subjective decision, Burres presents an objective decision 
system (Burres & Fisch, 1986), namely linear measure index (B-FLMI), based on the research 
into calculating distances between certain points on human face. This system presents a 
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Then we separate the eyebrow region based on the location of eyes. This is achieved by 
applying the Horizontal Integration Projection method on this region to find the y 
coordinate of the eyebrows, and then applying the Vertical Integration Projection method to 
find the x coordinate of the eyebrows.  
Example results are shown in Fig. 2(a) and Fig. 2(b). 

2.4.2 Locating nose region and points 
Similar to locating eyes, the procedure for detecting the nose position is: 
1. apply the Horizontal Integration Projection method to the region below the eye region; 
2. find the first minimum point and set it as the y coordinate of the nose; 
3. apply the Vertical Integration Projection to the region and set the height as [(y of nose)-

(y of eyes)]*0.6;  
4. find two minimum points and set them as the x coordinate of the hole of nose;  
5. separate the nose region; 
6. apply the SUSAN edge detection method on the region to extract edges and use the 

Harris corner detector. 
We choose the left-most and right-most points. 
Example results are shown in Fig. 2(c). 

2.4.3 Locating the mouth region and points 
Similar to methods introduced in previous sections, we first apply integration projection to 
the region below the nose and set the first minimum point as y of the mouth. According to 
this, we can find the mouth region. We use SUSAN method to extract edges and by using 
the Harris method we can find mouth corners and the middle line of the mouth. We choose 
the left-most, right-most and bottom points. The results are shown in Fig. 2(d). 
 

                  
            (a) eyes points         (b) eyebrow points   (c) nose points   (d) mouth points 

Fig. 2. Results of locating feature points 
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method for recovery of face through measuring the percentage of distance (PD) of certain 
points. Although it can produce an objective evaluation of facial nerve, it is time consuming. 
In contrast, we apply face recognition techniques to evaluate facial condition.  
 

 
Fig. 3. Facial feature points (Junyu et al., 2008) 

 

 
(a) close eyes      (b) raise  nose       (c) raise eyebrow    (d) plump cheek    (e) open mouth 

Fig. 4. Facial expressions made by a patient 

The indices include: 
1. two distance classes, i.e. D1 indicates the measured distances between designated points 

of the healthy half of face and d1 represents the distances between designated points on 
the sick half . 

2. displacement percentage, i.e.  

 1 1 1 1

1 1 1 1

/ ,
/ ,

PD d D if D d
PD D d if D d

 
 

         (8) 

3. FNI1~FNI5, which are indices of facial nerve function and denote the PD value of 
closing eyes, raising nose, raising eyebrow, plumping cheek, opening mouth. 

4. the whole face nerve index, which is expressed as  

    /TFNI sum of each FNI number of indices        (9) 

5. the percentage of face nerve motion function, which is defined by 

    Pr /T unhealthy TFNI healthy TFNI        (10) 
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This system divides motions mentioned above into regions as follows: forehead, eyes, nose 
and mouth. The global evaluation method can also be used for locating regions. 
The establishment of two indices, TFNI and TPr, is based on the overlay ratio of diagnose of 
facial paralysis. TPr is the ratio of TFNI measured twice. 
Based on the formula: 

 2 1Pr / , '/T TFNI TFNI TFNI PD PD       (11) 

We can obtain:  

 1 2 2 1Pr ( / ) ( '/ ')T PD PD PD PD          (12) 

PD1/PD2 is the ratio of two measurements of the healthy parts. This ratio reduces the 
error caused by two measurements. Because patients go to see the doctor only after they 
are affected by facial paralysis, we normally cannot get healthy TFNI. Thus, we can only 
employ unhealthy TFNI. The result will be more precise if both the two indices are 
considered. 
The following rules are used to produce the final conclusion:  
1. if the value of TFNI is above 0.80, we can decide that the patient may recover after 1 

month.  
2. if TPr is above 0.90, there is more assurance.  
3. if TPFI is 0.60~0.70 and TPr is larger than 0.75, the patient will recover in one year.  
4. if TPr is 0.80~0.85, they will recover in 2~3 months. 
If TFNI is less than 0.40 and TPr is less than 0.50, the patient’s face nerve is in bad condition 
and it should be treated early. 

2.6 Experimental results 
The experiments were carried out in a hospital. We ask 100 patients to perform certain 
facial expression and use the method introduced in the previous sections to evaluate the 
condition of patients. All images in our experiments were of frontal-viewed human faces 
and were warped to a standard size (200*250). The results are well consistent with the 
diagnosis based on a group of doctor’s decision. The accuracy is above 95%. Table. 1 
shows 10 example evaluation results. The final score is a weighted average of individual 
evaluation results. 
 

 1 2 3 4 5 6 7 8 9 10 

FNI1 0.75 0.67 0.84 0.78 0.84 0.76 0.76 0.90 0.95 0.65 
FNI2 0.83 0.53 0.61 0.50 0.74 0.72 0.91 0.85 0.85 0.70 
FNI3 0.75 0.41 0.83 0.89 0.90 0.63 0.43 0.74 0.75 0.64 
FNI4 0.56 0.74 0.72 0.50 0.85 0.55 0.74 0.72 0.37 0.53 
FNI5 0.95 0.88 0.75 0.59 0.91 0.92 0.83 0.64 0.50 0.74 
TFNI 0.77 0.65 0.75 0.65 0.85 0.72 0.73 0.77 0.68 0.65 

Table 1. Examples of grading results. Each column shows the evaluation result for each 
facial expression. 
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3. Estimating degrees of facial paralysis based on salient point detection 
The key points introduced in the previous section can be seen as salient points, which are 
important for human visual system to capture key characteristics of an image. This section 
proposed another method for locating facial key points based on salient point detection. 
In order to detect salient points quickly and accurately, we introduce a method based on 
wavelet transform. We first determine a set of key points based on salient point detection(Q 
et al., 2001), and then apply the K-MEANS clustering(K et al., 1998) algorithm to these key 
points and classify them into 6 categories. Finally, we calculate certain distances to estimate 
the state of facial paralysis. 

3.1 Salient point detection 
We apply a wavelet-based method for saliency detection to find the salient points which will 
include the key points we concern. The key points we concern include the two corners of the 
mouth, the topmost points of the two eyebrows, the internal and external corners of the 
eyes, the bottommost points of the eyes and the two points on the nosewing. 
The wavelet representation of an image provides information about the variations in the 
image at different scales. We study the image at three scales 2 j , j= -1, -2, -3. At each scale, 
the image is decomposed into four sub-images. We use symbols LL, LH, HL and HH to 
represent approximate coefficients, horizontal details, vertical details and diagonal details 
respectively. In this paper, we denote the wavelet detail image as 2

jW f . We know from 

which signal points each wavelet coefficient at the scale 2 j  is computed and we also 
calculate the coefficients at the scale 12 j  at which the resolution is higher. There is a set of 
coefficients at the scale 12 j  computed with the same points as a coefficient  2

jW f n  at the 

scale 2 j . The set of coefficients is denoted as   2
jC W f n and we call it the children of the 

coefficient  2
jW f n . Their relationship is as follows: 
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where p  is the wavelet regularity and N  is the length of the signal 2 j p . A formula that 
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Where  w k  is the weight of the maximum wavelet coefficients at different scales.  w k  is 
calculated according to the following set of expressions: 
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Where: S is the number of the set of maximum wavelet coefficients at k level: 

0 z s    

2 ( )w f z  is one of the elements of wavelet decomposition in the maximum coefficients.  

A problem will appear when the patient’s image contains closed eyes or mostly closed eyes. 
In this case, too many irrespective points can be found because of a great number of tiny 
wrinkles. Thus, the Log operator(D & E, 1980) is applied to find edges of eyes. Next, we 
choose the SUSAN edge detector to extract edges. When edges are extracted, the points that 
are not on the edges are discarded from the set of salient points. The remaining set of salient 
points is mostly points about facial features and we denote it as S. 

3.2 K-MEANS clustering 
Salient points S detected as described in the above section gather in the regions of eyebrows, 
eyes, nose, mouth and the contour of the face. In order to find the 14 key points in the facial 
features separately, the salient points need to be classified into six categories. We apply the 
K-MEANS clustering algorithm to S and classify them into 6 categories.  
The main idea of K-MEANS is to define K centroids, one for each cluster. The steps are 
summarized as follows: 
1. Select K points among the objects that are being clustered; these K points represent 

initial group centroids. 
2. Assign each object to a group that has the closest centroid. 
3. When all objects have been assigned, replace the K centroids with the new ones. 
4. Repeat steps 2 and 3 until all the centroids do not change their positions any longer. The 

objects are separated into K groups finally. 

3.3 Key point detection 
We find the 14 key points on the edges of facial features respectively. The face model is 
shown as Figure 5: 
We detect these key points among the salient points set S found in the previous section 
according to the edges detected through the SUSAN edge detection algorithm. The 
procedures for finding the topmost points of the two eyebrows are summarized as follows: 
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3. Estimating degrees of facial paralysis based on salient point detection 
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3.3 Key point detection 
We find the 14 key points on the edges of facial features respectively. The face model is 
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We detect these key points among the salient points set S found in the previous section 
according to the edges detected through the SUSAN edge detection algorithm. The 
procedures for finding the topmost points of the two eyebrows are summarized as follows: 
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Fig. 5. Face model 

We first select a topmost point from the salient point set of the right eyebrow and denote the 
selected point as P0, then we check if the point P0 is on the edge of the right eyebrow. If it is 
on the edge of the right eyebrow, then denote P0 as the topmost point of the right eyebrow. 
Otherwise, find a point P0new to replace P0; P0new is calculated according to the following 
formulate: 

  2
0 0minnew ip imum p                (19)  

where xi is any point in the salient points set of the right eyebrow. 
The procedure for finding the other key points are similar to the steps of finding the 
topmost points of the two eyebrows. However, when the two topmost points of eyes are 
not accurate, the Log operator is applied to complement the deficiency. Edges of eyes are 
found using the Log operator and take place of the edges of eyes found using the SUSAN 
operator. 

3.4 The final estimation of the facial paralysis 
In this step, we apply the same method as introduced in the section of 3.5 to calculate the 
differences between the two sides of the face. The greater the difference is, the severer the 
disease is and the smaller the ratio is. 

3.5 Experimental results 
The images were taken in the hospital using the imaging set-up designed by ourselves. In 
our experiment we choose some patients to join our project voluntarily. We have stored 
their images which are divided into different classes according to different periods during 
the treatment. Each period has a final ration TPD obtained through our system. They are 
compared to ensure if the status of the patient is getting better, and the degree of the 
recovery. Our results are mostly consistent with the doctors’ subjective evaluation. 
Examples of results are shown in Figure 6 and Table 2: 
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Fig. 6. Key points (green points: 14 key points) 

 

 
Table 2. Some results 

3.6 Implement of the methods 
We implement the methods introduced in previous sections in a hospital. The whole system 
consists of software and an imaging device. First, we introduce the imaging set-up as shown 
in Figure 7. It includes a seat with a positioning device and a 3 million pixel camera. The 
imaging system has advantages that it consists of simple device, the manipulation is 
convenient and the estimation accuracy is high. Furthermore, it is an interactive and real-
time device. 
The software part of the system for facial paralysis evaluation is installed in a desktop PC 
and is connected with the image acquisition device. We can collect the images of patients’ 
facial expression in real time and upload the images to the database. In the evaluation 
process, we can capture the same facial expression image repeatedly, until a satisfied image 
is obtained. 
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Fig. 7. The imaging system 

So far the system has been tested based on evaluation of more than 120 patients. In the 
evaluation stage, we first load the patients’ images from the camera. The system then 
automatically locates the key points which are in correspondence with every facial 
expression. If doctors think automatically located key points are not accurate enough, they 
can adjust the position of the key points manually. Finally, the system calculates a score 
according to the procedure introduced in the previous section. The score represents the 
degree of facial paralysis and is stored in the database for future reference. 

4. Conclusion and discussion 
 While the majority research into human faces in computer vision and pattern recognition is 
concerned with normal people, we introduced methods for assessing degree facial paralysis 
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for clinical purpose. Our main contribution is the proposition of a simple and efficient 
scheme for grading facial paralysis based on corner and salient point detection. The novel 
aspects include the location of the feature points and automatically evaluate the degree of 
facial condition. The proposed framework has produced promising results in clinical 
practice. The evaluation results produced by the methods are mostly consistent with the 
doctors’ subjective assessment. 
It should be noted that the two methods introduced in the previous sections have the same 
key problem, which can be described using intrinsic and extrinsic variability. The intrinsic 
variability in individuals can be due to multiple factors, including injury and age-related 
change. The extrinsic variability is also related to environment conditions and caused by 
viewing orientation, illuminations, shadows, and highlights. The variations of these factors 
can result in a significant decrease in facial recognition rate, and therefore make it difficult 
to detect key points. In this case, the software of implementation of the proposed methods 
requires the users' or doctors’ intervention. To achieve a better performance, we elect to use 
the Active Appearance Model (AAM) (Cootes et al., 1998), which is well studied for face 
recognition, to model patients’ faces due to facial paralysis. Our preliminary experiments 
have been carried out the results are promising for detecting key points and future work 
will include the use of AAM for the evaluation purpose. 
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1. Introduction 
1.1 The multidimensional space 
One of the leading models of face recognition is the multidimensional space (MDS) model 
proposed by Valentine (1991a) which suggests that faces are encoded as points in a 
metaphoric multidimensional space, and that any characteristic which differentiates among 
faces can serve as a dimension in that space (Bruce, Burton, & Dench, 1994; Valentine, 1991a; 
Valentine & Endo, 1992). 
According to the model, faces are normally distributed along each of the dimensions which 
share a common center (Bruce et al., 1994; Johnston, Milne, Williams, & Hosie, 1997; Lewis & 
Johnston, 1999b). Most faces that one encounters are typical, and as such are distributed 
around the center of the MDS. Distinctive faces, on the other hand, are located far from the 
center. Therefore, the more typical a face is on the various dimensions, the closer it is to the 
center of the MDS and to other faces, and consequently the smaller is its representation 
space (Lewis & Johnston, 1999a; Tanaka, Giles, Kremen, & Simon, 1998). Thus, the greater 
the similarity among the faces, the more densely they are located and hence their 
recognition is more difficult (Busey, 1998; Johnston, Milne et al., 1997; Lewis & Johnston, 
1999a; Tanaka et al, 1998; Valentine, 1991a,b, 2001; Valentine & Bruce, 1986a,c). As the MDS 
model suggests, distinctive faces are indeed recognized faster and more accurately than 
typical ones (Lewis & Johnston, 1997; Valentine, 1991a, 2001; Valentine & Bruce, 1986a,c; 
Valentine & Ferrara, 1991; Wickham, Morris, & Fritz, 2000). 

1.2 The inversion effect 
A similar phenomenon is observed regarding faces presented in the upright or in the 
inverted position: Inverted faces are more difficult to recognize than upright faces (Yin, 
1969). The greater decline in the recognition of inverted faces than in that of other visual 
stimuli is known as the inversion effect (Valentine, 1988; Yin, 1969, 1978). Encoding of 
inverted faces is assumed to involve mental rotation to the upright position (Collishaw & 
Hole, 2000; Rakover & Teucher, 1997; Valentine & Bruce, 1988; Yin, 1969) - a procedure 
which is likely to be erroneous. Therefore, recognition of inverted faces, regardless of 
whether they are typical or distinctive, is more error prone than that of upright faces 
(Valentine & Bruce, 1986b). But since typical faces are more densely located in the MDS than 
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distinctive faces, the potential for their erroneous recognition is greater than that of 
distinctive faces, and consequently the inversion effect is larger for typical than for 
distinctive faces (Byatt & Rhodes, 1998; Valentine, 1991a,b, 2001; Valentine & Endo, 1992). 
According to the MDS model, the difference between upright and inverted face recognition 
is quantitative since it reflects the task's relative difficulty (Kanwisher, Tong, & Nakayama, 
1998; Nachson & Shechory, 2002; Rakover & Teucher, 1997; Valentine, 1988, 1991a; Valentine 
& Bruce, 1988). For example, Collishaw and Hole (2000) found a linear decline in face 
recognition according to the angle of inversion from upright to totally inverted faces. 
Yet, other researchers (Bartlett & Searcy, 1993; Carey & Diamond, 1977; Farah, Tanaka, & 
Drain, 1995; Farah, Wilson, Drain, & Tanaka, 1998; Leder & Bruce, 1998; Rossion, 2008; 
Sergent, 1984) have argued that processing of inverted faces is qualitatively different from 
that of upright faces as recognition of upright faces is both holistic and featural, whereas 
that of inverted faces is only featural. For example, Farah et al. (1995) showed that while 
faces and dot-aggregates showed inversion effects when learned as whole stimuli (holistic 
processing), no inversion effect appeared when the stimuli were learned part-by-part 
(featural processing). 

1.3 Classification versus recognition 
Unlike recognition which requires differentiation among individuals (Valentine, 1991a), 
classification (face/non-face judgment) requires differentiation between groups. Thus, in 
contrast to recognition that is easier for distinctive faces, classification is easier for typical 
faces due to their proximity to the center of the MDS (Valentine, 1991a; Valentine & Bruce, 
1986c; Valentine & Endo, 1992). Inversion affects face recognition, and as such it requires a 
within-group judgment which presumably interacts with face distinctiveness. However, 
classification requires differentiation among categories (between-group judgment), and it is 
not expected to yield interactive effects between distinctiveness and inversion (Levin, 1996; 
Valentine, 1991a; Valentine & Endo, 1992). 

1.4 Empirically testing the MDS model 
The previous findings (e.g. Bruce et al., 1994; Byatt & Rhodes, 1998; Tanaka et al., 1998; 
Valentine & Endo, 1992; Wickham et al., 2000) have been explained in reference to an MDS 
metaphorical model (Valentine, 1991a, 2001). One of the problems with this model is its 
ability to explain different phenomena using opposite arguments. As Levin (1996) pointed 
out, by changing the estimated weight of different dimensions or the relative density of the 
theoretical faces, one can explain different phenomena. Thus, although many studies have 
referred to the MDS metaphoric model (e.g., Bruce et al., 1994; Burton & Vokey, 1998; Busey, 
1998; Byatt & Rhodes, 1998; Johnston, Kanazawa, Kato, & Oda, 1997; Lewis & Johnston, 
1997, 1999a,b; Tanaka et al., 1998; Valentine, Chiroro, & Dixon, 1995; Valentine & Endo, 
1992; Wickham et al., 2000), it is necessary to test its predictions on an empirically defined 
MDS. 
Recently, an attempt was made (Catz, Kampf, Nachson, & Babkoff, 2009) to construct an 
operational MDS that included 200 faces which were each rated on 21 dimensions. A factor 
analysis enabled the empirical establishment of six factors that distinguished among the 
faces. Three of the factors were holistic (configural): Size (of the face, the chin, the forehead, 
and the eyebrows), Form (the size of the cheeks, face length, and shapes of the cheeks, the 
chin and the face) and Nose through Eyebrows (a combination of centrally located internal 
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features: Nose shape and size, distance between the eyes, and the shape of the eyebrows); 
and three were featural: Mouth (thickness, shape and size), Eyes (size and shape), and Face 
Appearance (eyes and facial color and marks). An overall index referring to the faces' 
distance from the center of the MDS was also calculated on the basis of the 21 facial 
dimensions. This index was based on the relative distance of the faces on each of the MDS 
dimensions (for further details, see Catz et al., 2009). 
The purpose of the present study was to utilize an empirically based MDS, in which faces 
are located relative to six face-defining factors, to test predictions regarding both face 
recognition and classification. Experiment 1 was designed to measure the relative 
contribution of the six factors to the recognition of upright and inverted faces. According to 
the quantitative approach, spelled out above, no difference was expected between the 
relative importance of holistic and featural factors to face recognition. Significant differences 
between the two would support the notion that the difference between upright and inverted 
face recognition is qualitative. 
In Experiment 2 the effects of distinctiveness and inversion on face recognition and 
classification were tested. According to the MDS model, typical (as opposed to distinctive) 
faces are difficult to recognize (due to their relatively dense distribution) but easy to classify 
(due to their proximity to the MDS center). Inversion was expected to enhance these 
differences in face recognition (by interrupting the encoding of typical faces), but not in 
classification (which does not require differentiation among faces). 

2. Experiment I 
The main purpose of Experiment 1 was to the measure the efficacy of the MDS model in 
accounting for the speed and accuracy of upright and inverted face recognition. Upright 
faces were expected to be better (faster and more accurately) recognized than inverted faces. 
Similarly, distinctive faces were expected to be better recognized than typical faces. 
Furthermore, the inversion effect was expected to be larger for the typical than for 
distinctive faces.  
In addition, since the distance from the center of the MDS is defined by all facial 
dimensions, it was reasonable to assume that it would better predict the speed and accuracy 
of face recognition than each of the 21 dimensions alone. Finally, as noted above, 
comparison of the relative importance of the factors for the recognition of upright and 
inverted faces was expected to distinguish between the quantitative and qualitative 
approaches to the facial inversion effect. 

2.1 Method 
2.1.1 Participants 
Forty students (half females and half males) participated in the experiment. Participants' 
ages ranged between 20 and 32 years (M: 23.95, SD: 2.60). 

2.1.2 Stimuli and material 
Two hundred frontal photos of faces were used as stimuli. The faces were all with neutral 
expression, without glasses, beards or moustaches, and with hair and ears removed (by 
Adobe Photoshop 6.0 ME; see Figure 1). The faces which were placed on a white 
background were about 16 x 11 cm (thus preserving the faces' original proportions), with a 
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distinctive faces, the potential for their erroneous recognition is greater than that of 
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of face recognition than each of the 21 dimensions alone. Finally, as noted above, 
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approaches to the facial inversion effect. 

2.1 Method 
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ages ranged between 20 and 32 years (M: 23.95, SD: 2.60). 
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Adobe Photoshop 6.0 ME; see Figure 1). The faces which were placed on a white 
background were about 16 x 11 cm (thus preserving the faces' original proportions), with a 
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resolution of 72 pixels. The faces were presented by a Pentium 2 computer on a 17" screen 
with SuperLab Pro for Windows. 
 

 
Fig. 1. Fig. 1. Example of a female face (right) and a male face (left) 

The faces were ranked for distinctiveness in a previous study (Catz et al., 2009) by assessing 
the relative ease of spotting them in a crowd (Chiroro & Valentine, 1995; Tanaka et al., 1998; 
Valentine & Bruce, 1986a,c; Valentine et al., 1995; Valentine & Endo, 1992). On the basis of 
these rankings, faces above the median were considered typical, and those below the 
median were considered distinctive. The 200 faces were then subdivided into five groups of 
40 faces; half distinctive and half typical. 

2.1.3 Procedure 
The experiment consisted of two stages: learning and testing. In the learning stage the 
participants were asked to remember 20 faces (10 distinctive and 10 typical). The faces were 
randomly presented for 3s each with 1s interstimulus interval during which a blank white 
screen appeared. 
In the test stage, which began one minute after the conclusion of the learning stage, the 
participants were presented with 40 faces; half typical and half distinctive. In each category 
of faces, half were familiar (presented in the first stage) and half were unfamiliar (new 
faces). Following the presentation of each face the participants pressed, as quickly as they 
could, the "M" key, marked "yes", when they considered the face to be familiar, and the "C" 
key, marked "no", when they considered it to be unfamiliar. The faces were presented for an 
unlimited duration, and once a response was made, a blank white screen appeared for 1s 
before the next face was shown. Both reaction time (RT) and accuracy were recorded. 
The 20 faces which were familiar to half of the participants were unfamiliar to the other half, 
and vice versa. Half of the familiar faces and half of the unfamiliar faces were presented in 
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the upright position, and half were inverted. For each half of the participants the inverted 
and upright faces were interchanged. 
Since the 200 faces were subdivided into 5 subgroups of 40 faces each, 30 seconds after the 
termination of the test stage, another session began with new faces from another subgroup and 
so forth. The first six pictures served as practice trials and were not included in data analysis. 

2.2 Results 
Mean RTs and the number of hits, misses, false alarms and correct rejections were calculated 
for both upright and inverted faces. RTs above 5000ms were considered errors, and RTs 
deviating more than 2 SD from each participant's mean RT were adjusted to fit his or her 
minimal or maximal RT. Hit rate was calculated by adding 0.5 to the number of hits and 
dividing it by the number of hits plus the number of misses plus 1. Similarly, false alarm 
rate was calculated by adding 0.5 to the number of false alarms and dividing it by the 
number of false alarms plus the number of correct rejections plus 1. This procedure 
produced a Z-score range of -1.86 to +1.86 rather than - through + (Snodgrass & Corwin, 
1988; Wright, Boyd, & Tredoux, 2003). d' was calculated by deducting the false alarm Z-
score from the hit Z-score. 
In order to test trade-off effects between the RT and d', Pearson correlations for upright and 
inverted faces were calculated. No significant correlations were found; r(198)=-.07, p>.05 
and r(198)=-.04, p>.05, respectively. 

2.2.1 Predicting face recognition by the MDS 
Four stepwise regressions, two for the upright and two for the inverted faces, were 
administered for d' (regressions for RTs were discarded due to low betas and negligible 
explained variance). For two of the regressions (one for upright- and one for inverted-faces) 
the predicting variables were distance from the center and the six MDS factors mentioned 
above: Size, Form, Mouth, Eyes, Face Appearance and Nose through Eyebrows. In the other 
two regressions the predicting variables were the six MDS factors only. 
For the upright faces, Distance and Nose through Eyebrows had a significant contribution to 
the explained variance. However, for the inverted faces, Eyes and Face Appearance 
significantly contributed to the explained variance (Table 1). 
 

Step Variables B SE B  ΔR² R² 
d' - Upright faces      
1 Distance .160 .036 .302*** .080*** .080*** 
2 Nose through Eyebrows -.100 .043 -.157* .024* .104*** 
d' - Inverted faces      
1 Eyes .092 .030 .213** .049** .049** 
2 Face Appearance  .063 .026 .165* .027* .076** 

* p< .05     ** p<.01     *** p<.001 

Table 1. Stepwise regressions for predicting d' by the distance from the center and the six 
MDS factors 

When distance was excluded from the regressions, Eyes and Face Appearance had a 
significant contribution to the explained variance for the recognition of both upright and 
inverted faces (Table 2). 
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the upright position, and half were inverted. For each half of the participants the inverted 
and upright faces were interchanged. 
Since the 200 faces were subdivided into 5 subgroups of 40 faces each, 30 seconds after the 
termination of the test stage, another session began with new faces from another subgroup and 
so forth. The first six pictures served as practice trials and were not included in data analysis. 

2.2 Results 
Mean RTs and the number of hits, misses, false alarms and correct rejections were calculated 
for both upright and inverted faces. RTs above 5000ms were considered errors, and RTs 
deviating more than 2 SD from each participant's mean RT were adjusted to fit his or her 
minimal or maximal RT. Hit rate was calculated by adding 0.5 to the number of hits and 
dividing it by the number of hits plus the number of misses plus 1. Similarly, false alarm 
rate was calculated by adding 0.5 to the number of false alarms and dividing it by the 
number of false alarms plus the number of correct rejections plus 1. This procedure 
produced a Z-score range of -1.86 to +1.86 rather than - through + (Snodgrass & Corwin, 
1988; Wright, Boyd, & Tredoux, 2003). d' was calculated by deducting the false alarm Z-
score from the hit Z-score. 
In order to test trade-off effects between the RT and d', Pearson correlations for upright and 
inverted faces were calculated. No significant correlations were found; r(198)=-.07, p>.05 
and r(198)=-.04, p>.05, respectively. 

2.2.1 Predicting face recognition by the MDS 
Four stepwise regressions, two for the upright and two for the inverted faces, were 
administered for d' (regressions for RTs were discarded due to low betas and negligible 
explained variance). For two of the regressions (one for upright- and one for inverted-faces) 
the predicting variables were distance from the center and the six MDS factors mentioned 
above: Size, Form, Mouth, Eyes, Face Appearance and Nose through Eyebrows. In the other 
two regressions the predicting variables were the six MDS factors only. 
For the upright faces, Distance and Nose through Eyebrows had a significant contribution to 
the explained variance. However, for the inverted faces, Eyes and Face Appearance 
significantly contributed to the explained variance (Table 1). 
 

Step Variables B SE B  ΔR² R² 
d' - Upright faces      
1 Distance .160 .036 .302*** .080*** .080*** 
2 Nose through Eyebrows -.100 .043 -.157* .024* .104*** 
d' - Inverted faces      
1 Eyes .092 .030 .213** .049** .049** 
2 Face Appearance  .063 .026 .165* .027* .076** 

* p< .05     ** p<.01     *** p<.001 

Table 1. Stepwise regressions for predicting d' by the distance from the center and the six 
MDS factors 

When distance was excluded from the regressions, Eyes and Face Appearance had a 
significant contribution to the explained variance for the recognition of both upright and 
inverted faces (Table 2). 
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Step Variables B SE B  ΔR² R² 
d' - Upright faces      
1 Eyes .068 .030 .157* .028* .028* 
2 Face Appearance  .059 .027 .155* .023* .051** 
d' - Inverted faces      
1 Eyes .092 .030 .213** .049** .049** 
2 Face Appearance  .063 .026 .165* .027* .076*** 

* p< .05     ** p<.01     ** p<.001 

Table 2. Stepwise regressions for predicting d' by the six MDS factors 

Stepwise regression is a computer-generated analysis in which the computer enters 
variables, one by one, according to their contribution to the explained variance. The variable 
entered first is the one with the highest correlation with the predicted variable. The variable 
entered on the next step is the one with the largest partial correlation with the predicted 
variable, which reflects the variable's contribution to the remaining unexplained variance. 
Further steps are carried out by the computer until no more variables have significant 
contributions for explaining the variance and are therefore left out of the regression. Thus, 
even slight differences between the correlations of predicting variables with the predicted 
one might alter the course of the regression. Therefore, correlations between the predicted 
variable (d') and the predicting variables (the factors and the distance) were carried out. As 
Table 3 shows, for upright faces, the correlation between d' and Distance, which was entered 
first, is considerably higher than those between it and the other variables. For inverted faces, 
although the correlations between d' and Eyes was a bit higher, Distance and Face 
Appearance were similarly high. 
 

Predicting variables d' for Upright Faces d' for Inverted Faces 
Distance 0.28** 0.21** 
Size 0.04 -0.10 
Form 0.05 0.07 
Mouth 0.03 -0.01 
Eyes 0.17* 0.22** 
Appearance 0.16* 0.18* 
Nose Through Eyebrows -0.12 -0.06 

   * p<.05     ** p<.01 

Table 3. Correlations between d', distance from the center, and the six MDS factors 

In order to account for the relative contributions of all variables, four simultaneous 
regressions, similar to those described above, were carried out. For upright faces, Distance, 
Size, Form, Mouth, and Nose through Eyebrows had significant contributions to the 
explained variance. For inverted faces, Distance and Size significantly contributed to the 
explained variance (Table 4). 
Distance is a measure based on all six factors. Evaluation of the relative contributions of 
each factor alone was done by two additional regressions (one for the upright and one for 
the inverted faces) with Distance excluded. Table 5 shows, Face Appearance and Eyes had 
significant contributions to the explained variance. 
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 Variables B SE B  R² 
d' - Upright faces Distance .302 .069 .569***  
 Size -.053 .027 -.162*  
 Form -.064 .028 -.212*  
 Mouth -.068 .029 -.184*  
 Eyes -.010 .034 -.023  
 Appearance -.019 .032 -.050  
 Nose through Eyebrows -.131 .045 -.205** .151*** 
d' - Inverted faces Distance .195 .069 .370**  
 Size -.076 .027 -.235**  
 Form -.029 .028 -.096  
 Mouth -.054 .030 -.147  
 Eyes .047 .034 .109  
 Appearance .013 .032 .034  
 Nose through Eyebrows -.062 .046 -.097 .133*** 

* p< .05     ** p<.01     *** p<.001 

Table 4. Simultaneous regressions for predicting d' by the distance from the center and the 
six MDS factors 

 
      
 Variables B SE B  R² 
d' - Upright faces Size .013 .023 .041  
 Form .018 .021 .060  
 Mouth -.001 .026 -.002  
 Eyes .062 .031 .143*  
 Appearance .061 .027 .160*  
 Nose through Eyebrows -.064 .045 -.100 .066* 
d' - Inverted faces Size -.033 .023 -.103  
 Form .024 .021 .081  
 Mouth -.011 .026 -.029  
 Eyes .093 .030 .216**  
 Appearance .065 .026 .171*  
 Nose through Eyebrows -.018 .044 -.029 .097** 

 * p< .05     ** p<.01 

Table 5. Simultaneous regressions for predicting d' by the six MDS factors 

2.2.2 Inversion effects and distinctiveness 
Two ANOVAs with repeated measurements were carried out in order to test the interactive 
effect of inversion and distinctiveness on face recognition. In order to make the dichotomy 
between distinctive and typical faces clear-cut, the 40 highest ranking faces on the 
distinctiveness scale were considered typical, and the 40 lowest ranking faces were 
considered distinctive. 
As Table 6 shows, recognition of upright faces was significantly faster than that of inverted 
faces, F(1,78)=28.86, p<.001, η2=0.270, and recognition of distinctive faces was significantly 
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each factor alone was done by two additional regressions (one for the upright and one for 
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Table 5. Simultaneous regressions for predicting d' by the six MDS factors 

2.2.2 Inversion effects and distinctiveness 
Two ANOVAs with repeated measurements were carried out in order to test the interactive 
effect of inversion and distinctiveness on face recognition. In order to make the dichotomy 
between distinctive and typical faces clear-cut, the 40 highest ranking faces on the 
distinctiveness scale were considered typical, and the 40 lowest ranking faces were 
considered distinctive. 
As Table 6 shows, recognition of upright faces was significantly faster than that of inverted 
faces, F(1,78)=28.86, p<.001, η2=0.270, and recognition of distinctive faces was significantly 
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faster than that of typical faces, F(1,78)=15.07, p<.001, η2=0.162. There was no significant 
interaction between the two, F(1,78)=0.17, n.s., η2=0.002. 
Accuracy of face recognition was significantly higher for upright than for inverted faces, 
F(1,78)=53.09, p<.001, η2=0.405, and accuracy for distinctive faces was significantly higher 
than that for typical faces, F(1,78)=29.52, p<.001, η2=0.275. There was no significant 
interaction between the two, F(1,78)=1.58, n.s., η2=0.020. 
 

Table 6. Means and SDs for RT and accuracy of face recognition of upright and inverted 
faces by distinctiveness, distance from the center and density 

2.2.3 Inversion effects and distance from the center 
Two ANOVAs with repeated measurements were carried out in order to test the interactive 
effect of inversion and distance from the center of the MDS on face recognition. In order to 
make the dichotomy between the near and the distant faces clear-cut, the 40 lowest ranking 
faces on the distance index were considered "near" the center of the MDS, and the 40 highest 
ranking faces on that index were considered "distant" from the center. 
As Table 6 shows, recognition of upright faces was significantly faster than that of inverted 
faces, F(1,78)=28.93, p<.001, η2=0.271, but recognition of distant faces was not significantly 
faster than that of faces near the center, F(1,78)=3.27, n.s., η2=0.040. There was no significant 
interaction between the two, F(1,78)=3.46, n.s., η2=0.042. 
Accuracy of face recognition was significantly higher for upright than for inverted faces, 
F(1,78)=84.66, p<.001, η2=0.520, and accuracy for distant faces was significantly higher than 
that for faces near the center of the MDS, F(1,78)=12.23, p<.001, η2=0.136. There was no 
significant interaction between the two, F(1,78)=0.82, n.s., η2=0.010. 

2.3 Discussion 
The purpose of Experiment 1 was to test which of the MDS facial characteristics best predict 
recognition speed and accuracy of upright and inverted faces. When the distance from the 
center of the MDS and the six MDS factors were included as predictors, in three of four 
regressions, distance contributed significantly more than the other factors. However, when 

  Upright Inverted Overall 
Measure  M SD M SD M SD 

Distinctiveness       
RT distinctive 1277.96 220.22 1509.99 297.54 1393.97 202.09 

 typical 1446.11 308.48 1716.53 359.37 1581.32 228.79 
 overall 1362.03 279.42 1613.26 343.89 1487.65 234.28 

d' distinctive 1.83 0.75 1.00 0.81 1.41 0.62 
 typical 1.04 0.67 0.45 0.56 0.74 0.47 
 overall 1.43 0.81 0.72 0.74 1.08 0.64 
Distance from the center      

RT distant 1246.10 177.18 1543.69 327.30 1394.90 206.76 
 near 1410.78 318.30 1555.53 293.68 1483.15 229.50 
 overall 1328.44 269.03 1549.61 309.03 1439.03 221.54 

d' distant 1.75 0.79 0.81 0.77 1.28 0.69 
 near 1.19 0.71 0.42 0.67 0.80 0.52 
 overall 1.47 0.80 0.61 0.74 1.04 0.65 
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only the six MDS factors were included as predicting variables, for all regressions 
(simultaneous and stepwise), and for the two facial orientations (upright and inverted), only 
Eyes and Face Appearance had significant contributions to recognition. Thus, when the 
MDS factors are considered alone, face recognition seems to rely on featural characteristics. 
However, when distance is introduced, face recognition seems to be better accounted for, 
thus supporting the notion that face recognition is a holistic process (Bartlett & Searcy, 1993; 
Carey & Diamond, 1977; Diamond & Carey, 1986; Farah et al., 1995; Farah et al., 1998; Leder 
& Bruce, 1998). Distance may be considered a holistic measure since it is a mathematically 
derived aggregate of the distances of all 21 dimensions from a prototypical face. In other 
words, unlike distinctiveness which may rely on a single feature, distance relies on all 
dimensions and is therefore a holistic measure (Catz et al., 2009).  
Most researchers agree that recognition of upright faces is holistic in nature, yet a 
controversy exists as to whether inverted faces are similarly processed holistically 
(Collishaw & Hole, 2000; Kanwisher et al., 1998; Nachson & Shechory, 2002; Rakover & 
Teucher, 1997; Valentine, 1988, 1991a; Valentine & Bruce, 1988) or feature-by-feature 
(Bartlett & Searcy, 1993; Carey & Diamond, 1977; Farah et al., 1995; Farah et al., 1998; Leder 
& Bruce, 1998; Sergent, 1984). The data of Experiment 1 seem to be relevant to this 
controversy. When implementing a stepwise regression with Distance and the six MDS 
factors to upright and inverted face recognition, the variables which emerged as significant 
in the upright condition were holistic or configural - Distance and Nose through Eyebrows, 
whereas the variables which emerged as significant in the inverted condition were featural - 
Eyes and Face Appearance. This difference may suggest that recognitions of upright and of 
inverted faces are qualitatively different from each other. Yet, when implementing a 
simultaneous regression for both upright and inverted faces, the variables which emerged as 
significant were holistic, thus supporting the idea of a quantitative difference between the 
two processes. 
This apparent contradiction may be resolved by considering the correlations between d' for 
face recognition and its predicting variables. The correlations showed that on one hand, the 
same three characteristics - Distance, Eyes and Face Appearance - are significantly 
correlated with both upright and inverted d' for face recognition. However, the correlation 
between Distance and d' for upright faces is higher than that for inverted faces. It therefore 
seems that recognition of both upright and inverted faces relies on holistic as well as on 
featural properties. However, whereas for upright faces the holistic component may be 
stronger than the featural components, for inverted faces all components, holistic as well as 
featural, are about equally strong.  
As predicted by the MDS model, upright and distinctive faces were consistently recognized 
faster and more accurately than inverted and typical faces. Similarly, faces located far from 
the center were recognized more accurately (though not significantly faster) than faces 
located near the center (Johnston, Milne et al., 1997; Lewis & Johnston, 1997, 1999a; Tanaka 
et al., 1998; Valentine, 1991a,b, 2001; Valentine & Bruce, 1986a,b,c; Valentine & Ferrara, 1991; 
Wickham et al., 2000). 
However, contrary to expectation, no interaction was found between inversion and facial 
properties (distinctiveness and distance from the center). This finding clearly does not 
support the notion that the harder the face recognition, the greater the inversion effect 
(Valentine, 1991a), but it is in line with the results of the present experiment which 
demonstrate a quantitative rather than a qualitative difference between the recognitions of 
upright and of inverted faces. 
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only the six MDS factors were included as predicting variables, for all regressions 
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Eyes and Face Appearance had significant contributions to recognition. Thus, when the 
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& Bruce, 1998). Distance may be considered a holistic measure since it is a mathematically 
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Most researchers agree that recognition of upright faces is holistic in nature, yet a 
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& Bruce, 1998; Sergent, 1984). The data of Experiment 1 seem to be relevant to this 
controversy. When implementing a stepwise regression with Distance and the six MDS 
factors to upright and inverted face recognition, the variables which emerged as significant 
in the upright condition were holistic or configural - Distance and Nose through Eyebrows, 
whereas the variables which emerged as significant in the inverted condition were featural - 
Eyes and Face Appearance. This difference may suggest that recognitions of upright and of 
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same three characteristics - Distance, Eyes and Face Appearance - are significantly 
correlated with both upright and inverted d' for face recognition. However, the correlation 
between Distance and d' for upright faces is higher than that for inverted faces. It therefore 
seems that recognition of both upright and inverted faces relies on holistic as well as on 
featural properties. However, whereas for upright faces the holistic component may be 
stronger than the featural components, for inverted faces all components, holistic as well as 
featural, are about equally strong.  
As predicted by the MDS model, upright and distinctive faces were consistently recognized 
faster and more accurately than inverted and typical faces. Similarly, faces located far from 
the center were recognized more accurately (though not significantly faster) than faces 
located near the center (Johnston, Milne et al., 1997; Lewis & Johnston, 1997, 1999a; Tanaka 
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However, contrary to expectation, no interaction was found between inversion and facial 
properties (distinctiveness and distance from the center). This finding clearly does not 
support the notion that the harder the face recognition, the greater the inversion effect 
(Valentine, 1991a), but it is in line with the results of the present experiment which 
demonstrate a quantitative rather than a qualitative difference between the recognitions of 
upright and of inverted faces. 
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3. Experiment II 
The purpose of Experiment 2 was to test the effects of inversion and distinctiveness on face 
recognition and classification. According to the MDS model (Valentine, 1991a), upright faces 
are expected to be recognized and classified faster and more accurately than inverted faces. 
Since distinctive faces are located more sparsely and farther away from the center than 
typical faces, they should be easier to recognize but harder to classify. Finally, though not 
supported by the results of Experiment 1, it made sense to assume that since recognition is 
affected by density, inversion effect would be greater for face recognition of typical than of 
distinctive faces. Unlike face recognition, classification is based on differentiation between 
classes of stimuli and not between individuals, and consequently inversion effect is not 
supposed to be influenced by traits that differentiate among faces. Therefore, inversion 
effects for classification of typical and distinctive faces were expected be similar. 

3.1 Method 
3.1.1 Participants 
Thirty two students (half females and half males) participated in the experiment. 
Participants' ages ranged between 18 and 30 years (M: 24.13, SD: 2.90). 

3.1.2 Stimuli and material 
Recognition task: 40 of the highest ranking (typical) and 40 of the lowest ranking (distinctive) 
photos of faces used in Experiment 1 served as stimuli for the recognition task.  
Classification task: The 80 faces, modified by Adobe Photoshop 6.0 ME so that the eyes, nose, 
and mouth were each surrounded by a rectangle, were considered "faces". "Non-faces" were 
created by jumbling the internal features of these stimuli (Figure 2). 
 

 
Fig. 2. Example of a "face" stimulus (right) and a "non-face" stimulus (left) 
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3.1.3 Procedure 
All participants performed both, the recognition and the classification tasks in that order to 
avoid possible bias on the recognition task due to pre-exposure of the faces in the 
classification task. 
Recognition task: The procedure of the recognition task was the same as in Experiment 1, 
except that in the learning stage 40 faces (20 distinctive and 20 typical) were presented, and 
in the test stage 80 faces were presented (half of which were familiar and half unfamiliar). 
Classification task: A total of 320 stimuli, 160 "faces" and 160 "non-faces" (in each category, 
half upright and half inverted) were randomly presented to the participants as described in 
Experiment 1. Following the presentation of each face the participants pressed, as quickly as 
they could, the "M" key, marked "yes", when they considered the stimuli to be "face", and 
the "C" key, marked "no", when they considered it to be "non-face". Exposure duration and 
response pattern were the same as in Experiment 1. 

3.2 Results 
Mean RTs and d's were calculated for "face" recognition and classification. RT above 5000ms 
were considered errors, and RTs deviating more than 2 SD from each participant's mean 
were adjusted to fit his or her minimal or maximal RT. ANOVA with repeated 
measurements revealed no gender effects (of both participants and facial stimuli). Therefore, 
all responses were pooled together for analysis across gender. 

3.2.1 Recognition 
In order to test the effects of inversion and distinctiveness on face recognition, two ANOVAs 
with repeated measurements were conducted, one for RT and one for accuracy (d'). Pearson 
correlations between the measures revealed no trade-off effect, r(30) = -.01, p>.05. 
RT for distinctive faces was significantly faster than for typical faces, F(1,31)=5.42, p<.05, 
η2=0.149, and RT for upright faces was significantly faster than for inverted faces, 
F(1,31)=21.83, p<.001, η2=0.413. There was no significant interaction between inversion and 
distinctiveness, F(1,31)=0.01, n.s., η2=0.001 (Table 7). 
Accuracy of face recognition was significantly higher for distinctive than for typical faces, 
F(1,31)=8.31, p<.005, η2=0.211, and accuracy for upright faces was significantly higher than 
that for inverted faces, F(1,31)=80.25, p<.001, η2=0.721. The interaction between inversion 
and distinctiveness, F(1,31)=4.05, p=.05, η2=0.115 was marginal (Table 7). As a paired t-test 
(=.05) showed, accuracy for upright faces was greater than that for inverted faces for both 
typical and distinctive faces, but the inversion effect was larger for distinctive than for 
typical faces. Thus, the difference in accuracy between distinctive and typical faces was for 
upright faces only. 

3.2.2 Classification 
In order to test the effect of inversion and distinctiveness on face classification, an ANOVA 
with repeated measurements was performed on the RT data. Accuracy was not analyzed 
because of a ceiling effect: Classifications of upright and of inverted faces were 98.87% and 
97.63% correct, respectively. 
RT for upright faces was significantly faster than for inverted faces, F(1,31)=28.16, p<.001, 
η2=0.476. Neither the main effect for distinctiveness, F(1,31)=0.68, n.s., η2=0.021, nor its 
interactive effect with inversion, F(1,31)=0.27, n.s., η2=0.009, were significant (Table 7). 
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  Upright Inverted Overall 
Measure  M SD M SD M SD 
Recognition       
RT distinctive 1360.87 534.50 1627.38 458.99 1494.12 460.96 
 typical 1497.50 564.19 1762.98 578.96 1630.24 522.63 
 overall 1429.18 511.79 1695.18 470.63 1562.18 464.18 
d' distinctive 1.49 0.59 0.55 0.62 1.02 0.47 
 typical 0.94 0.74 0.40 0.52 0.67 0.54 
 overall 1.21 0.48 0.47 0.39 0.84 0.37 
Classification       
RT distinctive 667.97 126.30 719.01 159.48 693.49 140.99 
 typical 666.55 141.34 711.23 154.44 688.89 144.34 
 overall 667.26 131.80 715.12 155.37 691.19 141.79 

Table 7. RT and accuracy of face recognition and RT for classification of upright and 
inverted faces by distinctiveness  

3.3 Discussion 
According to the MDS model, distinctive faces should be easier to recognize and more 
difficult to classify than typical faces. The results of Experiment 2 supported the prediction 
for recognition but not for classification: Distinctive faces were easier to recognize than 
typical faces, but the latter were not easier to classify than distinctive faces. A ceiling effect 
in the classification task, perhaps due to very short RTs, might account for these results. 
The existence of an inversion effect was indicated by the easier recognition and classification 
of upright relative to inverted faces. Due to their greater density, typical faces were expected 
to be more influenced by the inversion effect than distinctive faces. However, the interaction 
that was found for recognition accuracy revealed the opposite pattern: The inversion effect 
was greater for distinctive faces than for typical faces. Inspection of the data raises the 
possibility that this is a result of a floor effect (very small d') for accuracy of recognition of 
inverted faces: As expected, accuracy of typical inverted faces was lower than for distinctive 
inverted faces, but d' was very low and consequently the difference between the accuracy of 
upright and of inverted faces was small. 

4. Conclusion 
The present study constitutes a pioneering attempt to systematically explore face 
recognition, classification, distinctiveness and inversion within the framework of the MDS 
model. 
The MDS model, which began as a metaphor for mental representations of faces (Valentine, 
1991a), and has been extensively investigated ever since its conceptualization (e.g. Bruce et 
al., 1994; Burton & Vokey, 1998; Busey, 1998; Byatt & Rhodes, 1998; Johnston, Kanazawa et 
al., 1997; Lewis & Johnston, 1997, 1999a,b; Tanaka et al., 1998; Valentine, 2001; Valentine et 
al., 1995; Valentine & Endo, 1992; Wickham et al., 2000), was only recently empirically 
validated (Catz et al., 2009). Once validated, it was possible to test some of the model's 
predictions. 
Consistent with previous studies (Lewis & Johnston, 1997; Valentine, 1991a, 2001; Valentine 
& Bruce, 1986a,c; Valentine & Ferrara, 1991; Wickham et al., 2000), faces which were 
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distinctive and distant from the center of the MDS were recognized faster and more 
accurately than those which were typical and close to the center. As well, corroborating 
earlier studies (e.g., Diamond & Carey, 1986; Valentine, 1988; Yin, 1969, 1978), upright faces 
were recognized faster and more accurately than inverted faces. 

4.1 The inversion effect: Holistic and featural factors 
Analysis of the factors that contributed to accurate recognition showed that for both, upright 
and inverted faces, it is based upon holistic as well as featural factors. However, for upright 
faces the holistic or configural factor is predominant. As our data show, this distinction is 
relative rather than absolute. A stepwise regression suggested that recognitions of upright 
and inverted faces are qualitatively different from each other (Bartlett & Searcy, 1993; Carey 
& Diamond, 1977; Diamond & Carey, 1986; Farah et al., 1995; Farah et al., 1998; Leder & 
Bruce, 1998). Yet, a simultaneous regression suggested the idea of a quantitative difference 
between the two processes (Collishaw & Hole, 2000; Kanwisher et al., 1998; Nachson & 
Shechory, 2002; Rakover & Teucher, 1997; Valentine, 1988, 1991a; Valentine & Bruce, 1988). 
Further examination of the correlations between the variables suggested that although both 
upright and inverted face recognition may rely on holistic as well as on featural properties, 
upright face recognition is based primarily on holistic components, while inverted face 
processing relies on both holistic and featural ones. 

4.2 The interaction between inversion and distinctiveness 
One purpose of the present study was to explore the difference between upright and 
inverted face recognition in conjunction with distinctiveness. However, five out of six 
pertinent interactions were insignificant, and the only interaction that was marginally 
significant yielded a bigger inversion effect for distinctive than for typical faces. Similar 
findings have been found regarding inversion effect in recognition of other-race faces. 
Similarly to typical faces, it is difficult to distinguish among other-race faces which are 
densely located in the MDS. Therefore, recognition of other-race faces is expected to be 
impaired relative to that of own-race faces in a manner similar to the recognition of typical 
versus distinctive faces (Valentine et al., 1995; Valentine & Endo, 1992). In the past, some 
studies have reported greater inversion effects for other-race than for own-race faces 
(Valentine & Bruce, 1986b), but others have reported the opposite effect (Nachson & Catz, 
2003; Rhodes, Brake, Taylor, & Tan, 1989; Sangrigoli & de Schonen, 2004). Still others have 
found no differences between the two (Buckhout & Regan, 1988; James, Johnstone, & 
Hayward, 2001; Rhodes, Hayward, & Winkler, 2006). Indeed, the few studies which have 
uncovered race differences have also reported some insignificant results. 
Presumably, inversion requires mental rotation which impairs face encoding regardless of 
its specific features (Collishaw & Hole, 2000; Rakover & Teucher, 1997; Valentine & Bruce, 
1988; Yin, 1969). Therefore, regardless of the facial distinctiveness, distance from the center 
and other properties, upright faces are always better recognized than inverted faces. 
The contradictory findings raise the question of whether they are genuine or a 
methodological artifact. Hopefully, this question will be answered by further research on 
the inversion effect of faces varying in terms of distinctiveness and race. 
In conclusion, the MDS model enhances our understanding of face recognition and 
classification. Specifically, the model which began as a metaphor, finally became a tangible 
entity uncovering the differential processes that underlie the recognition of upright and 
inverted faces. 
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  Upright Inverted Overall 
Measure  M SD M SD M SD 
Recognition       
RT distinctive 1360.87 534.50 1627.38 458.99 1494.12 460.96 
 typical 1497.50 564.19 1762.98 578.96 1630.24 522.63 
 overall 1429.18 511.79 1695.18 470.63 1562.18 464.18 
d' distinctive 1.49 0.59 0.55 0.62 1.02 0.47 
 typical 0.94 0.74 0.40 0.52 0.67 0.54 
 overall 1.21 0.48 0.47 0.39 0.84 0.37 
Classification       
RT distinctive 667.97 126.30 719.01 159.48 693.49 140.99 
 typical 666.55 141.34 711.23 154.44 688.89 144.34 
 overall 667.26 131.80 715.12 155.37 691.19 141.79 

Table 7. RT and accuracy of face recognition and RT for classification of upright and 
inverted faces by distinctiveness  

3.3 Discussion 
According to the MDS model, distinctive faces should be easier to recognize and more 
difficult to classify than typical faces. The results of Experiment 2 supported the prediction 
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inverted faces, but d' was very low and consequently the difference between the accuracy of 
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4. Conclusion 
The present study constitutes a pioneering attempt to systematically explore face 
recognition, classification, distinctiveness and inversion within the framework of the MDS 
model. 
The MDS model, which began as a metaphor for mental representations of faces (Valentine, 
1991a), and has been extensively investigated ever since its conceptualization (e.g. Bruce et 
al., 1994; Burton & Vokey, 1998; Busey, 1998; Byatt & Rhodes, 1998; Johnston, Kanazawa et 
al., 1997; Lewis & Johnston, 1997, 1999a,b; Tanaka et al., 1998; Valentine, 2001; Valentine et 
al., 1995; Valentine & Endo, 1992; Wickham et al., 2000), was only recently empirically 
validated (Catz et al., 2009). Once validated, it was possible to test some of the model's 
predictions. 
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distinctive and distant from the center of the MDS were recognized faster and more 
accurately than those which were typical and close to the center. As well, corroborating 
earlier studies (e.g., Diamond & Carey, 1986; Valentine, 1988; Yin, 1969, 1978), upright faces 
were recognized faster and more accurately than inverted faces. 
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upright face recognition is based primarily on holistic components, while inverted face 
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One purpose of the present study was to explore the difference between upright and 
inverted face recognition in conjunction with distinctiveness. However, five out of six 
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significant yielded a bigger inversion effect for distinctive than for typical faces. Similar 
findings have been found regarding inversion effect in recognition of other-race faces. 
Similarly to typical faces, it is difficult to distinguish among other-race faces which are 
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impaired relative to that of own-race faces in a manner similar to the recognition of typical 
versus distinctive faces (Valentine et al., 1995; Valentine & Endo, 1992). In the past, some 
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Presumably, inversion requires mental rotation which impairs face encoding regardless of 
its specific features (Collishaw & Hole, 2000; Rakover & Teucher, 1997; Valentine & Bruce, 
1988; Yin, 1969). Therefore, regardless of the facial distinctiveness, distance from the center 
and other properties, upright faces are always better recognized than inverted faces. 
The contradictory findings raise the question of whether they are genuine or a 
methodological artifact. Hopefully, this question will be answered by further research on 
the inversion effect of faces varying in terms of distinctiveness and race. 
In conclusion, the MDS model enhances our understanding of face recognition and 
classification. Specifically, the model which began as a metaphor, finally became a tangible 
entity uncovering the differential processes that underlie the recognition of upright and 
inverted faces. 
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1. Introduction

Face recognition is one of the most popular research fields of computer vision and machine
learning(Tores (2004); Zhao et al. (2003)). Along with investigation of face recognition
algorithms and systems, many face image databases have been collected(Gross (2005)).
Face databases are important for the advancement of the research field. Because of the
nonrigidity and complex 3D structure of face, many factors influence the performance
of face detection and recognition algorithms such as pose, expression, age, brightness,
contrast, noise, blur and etc. Some early face databases gathered under strictly controlled
environment(Belhumeur et al. (1997); Samaria & Harter (1994); Turk & Pentland (1991)) only
allow slight expression variation. To investigate the relationships between algorithms’
performance and the above factors, more face databases with larger scale and various
characters were built in the past years(Bailly-Bailliere et al. (2003); Flynn et al. (2003);
Gao et al. (2008); Georghiades et al. (2001); Hallinan (1995); Phillips et al. (2000); Sim et al.
(2003)). For instance, The "CAS-PEAL", "FERET", "CMU PIE", and "Yale B" databases include
various poses(Gao et al. (2008); Georghiades et al. (2001); Phillips et al. (2000); Sim et al.
(2003)); The "Harvard RL", "CMU PIE" and "Yale B" databases involve more than 40 different
conditions in illumination(Georghiades et al. (2001); Hallinan (1995); Sim et al. (2003)); And
the "BANCA", and "ND HID" databases contain over 10 times gathering(Bailly-Bailliere et al.
(2003); Flynn et al. (2003)). These databases help researchers to evaluate and improve their
algorithms about face detection, recognition, and other purposes.
Blur is not the most important but still a notable factor affecting the performance of a biometric
system(Fronthaler et al. (2006); Zamani et al. (2007)). The main reasons leading blur consist in
out-of-focus of camera and motion of object, and the out-of-focus blur is more significant in
the application environment of face recognition(Eskicioglu & Fisher (1995); Kim et al. (1998);
Tanaka et al. (2007); Yitzhaky & Kopeika (1996)). To investigate the influence of blur on a face
recognition system, a face image database with different conditions of clarity and efficient blur
evaluating algorithms are needed. This chapter introduces a new face database built for the
purpose of blur evaluation. The application environments of face recognition are analyzed
firstly, then a image gathering scheme is designed. Two typical gathering facilities are used
and the focus status are divided into 11 steps. Further, the blur assessment algorithms are
summarized and the comparison between them is raised on the various-clarity database. The
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result of the comparison may give some advice on the selection of blur assessment algorithms
and onwards help controlling the quality of the face recognition system.
The rest of this chapter is organized as follow: section 2 introduces the gathering scheme of
the database and part of the reason. Section 3 describes the content of the database. Section
4 summarizes the blur assessment algorithms and raises test and comparison of them. The
results are also shown in this section. Finally, the conclusion and future works are given in
section 5.

2. The acquiring scheme of database

Most of the blur of digital image is caused by out-of-focus of camera or motion of objects.
In the environments of face recognition system, the motion of face is not so fast, and a faster
shutter may eliminate the motion blur in this case. Hence, the blur of face image is mostly
caused by the out-of-focus of camera. The purpose of the new database is to help evaluating
the blur assessment algorithms used in face recognition systems and the effect of the blur
image on face recognition algorithms.
Around the topic of the database, an acquiring scheme is designed. The characters of the
acquiring equipments are shown in table 1.

Equipment PC camera Professional camera

Number of pixels 1, 300, 000 10, 200, 000

Focus mode manually manually

Focus states 11 11

Table 1. Characters of acquiring equipments

28 volunteers were invited to contribute. The focus states are divided into 11 step include
10 out-of-focus states and 1 correct focused state. The expression is not restricted. Wearing
glasses is allowed but will be gathered twice with glasses and without glasses. So the two
equipments is expected to gather 682 frontal facial images in total.

3. The contents of database

The contents of the database are described in table 2. The database contains two parts of face
images gathered from two typical facilities – a PC camera (Part I) and a digital single-lens
reflex (DSLR) camera (Part II). Images in part I usually come with the face recognition
applications in PC, mobile phone, ineternet authentication, and etc. While images in part
II appear more in face detection, face retrieval and some other applications.
Figure 1 and 2 show some example images in the blur database. Figure 1 show images in
part I and figure 2 show which in part II. 11 images of each faces are grouped into one troop.
The correct focused image in part I is no.6, and that in part II is no.4. The shown samples are
selected from the 11 images of each group(No.1,3,5,6,9,11 from part I, No.1,2,3,5,7,9 from part
II).
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Part I Part II
Individuals 28 28

Faces 31 31
With glasses 3 3

Male 11 11
Female 17 17

Race Oriental Oriental
Pose Frontal Frontal

Correct focus 1 image 1 image
Out of focus 10 images 10 images

Correct focused No.6 No.4
Image size 320 × 240 2896 × 1936

Table 2. Overview of the blur face image databases

(a) Image No.1 (b) Image No.3 (c) Image No.5

(d) Image No.6 (e) Image No.9 (f) Image No.11

Fig. 1. Images acquired by PC camera (Fig.1(d) is the correct focused image)

(a) Image No.1 (b) Image No.2 (c) Image No.4

(d) Image No.5 (e) Image No.7 (f) Image No.9

Fig. 2. Images acquired by DSLR camera (Fig.6(c) is the correct focused image)
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4. The evaluation on blur assessment algorithms

Based on the database aiming on the image character of out-of-focus blur, a comprehensive
evaluation of blur assessment algorithms is raised. The more credible benchmarking database,
the result may be more universal – at least in the application fields related with face image.

4.1 The blur assessment algorithms
There are a great deal of blur assessment algorithms in literatures(Kim & Paik (1998); Li (2004);
Maoyong et al. (2001); Subbarao et al. (1993)). Typical algorithms are summarized as follow
(Suppose f (x, y) is the grey scale value of pixel (x, y) of the image, Nx, Ny are the size of the
image, and s is the clarity score.):

1. Variation of grey scale based algorithms:
(alg-1) Variance of grey scale:

ḡ = 1
Nx×Ny

Nx

∑
x=1

Ny

∑
y=1

f (x, y)

s = 1
Nx×Ny

Nx

∑
x=1

Ny

∑
y=1

( f (x, y)− ḡ)2
(1)

(alg-2) Grey scale threshold. Define the average grey scale of a image as u. fH(x, y)
means the grey scale value of all the CH pixels satisfying f (x, y) > (1 + W)u, and
fL(x, y) means those of CL pixels satisfying f (x, y) < (1 + W)u. Then the clarity score
is computed as: ⎧⎪⎪⎪⎨

⎪⎪⎪⎩

H =
Nx

∑
x=1

Ny

∑
y=1

fH(x, y)/CH

L =
Nx

∑
x=1

Ny

∑
y=1

fL(x, y)/CL

s = (H − L)/(H + L)

(2)

2. Gradient based algorithms:
(alg-3) Sum of modulus of grey scale difference:

Δx f (x, y) = f (x + 1, y)− f (x, y)

Δy f (x, y) = f (x, y + 1)− f (x, y)

s =
Nx−1

∑
x=1

Ny−1
∑

y=1
{|Δx f (x, y)| − |Δy f (x, y)|}

(3)

(alg-4) Brenner function:

s =
Nx−2

∑
x=1

Ny

∑
y=1

( f (x + 2, y)− f (x, y))2 (4)
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(alg-5) Square plane sum modulus difference:

s =
Nx−1

∑
x=1

Ny−1
∑

y=1
(Δ2

x + Δ2
y) (5)

(alg-6) Sum of Roberts gradient:

s =
Nx−1

∑
x=1

Ny−1
∑

y=1
{| f (x, y)− f (x + 1, y + 1)|

+| f (x + 1, y)− f (x, y + 1)|}
(6)

(alg-7) Sum of Laplace gradient I:

∇ f (x, y) = [ f (x + 1, y) + f (x − 1, y)

+ f (x, y + 1) + f (x, y − 1)]− 4 f (x, y)

s =
Nx−1

∑
x=2

Ny−1
∑

y=2
|∇ f (x, y)|

(7)

(alg-8) Sum of Laplace gradient II:

∇ f (x, y) = [ f (x + 1, y) + f (x − 1, y)

+ f (x, y + 1) + f (x, y − 1) + f (x + 1, y − 1)

+ f (x − 1, y + 1) + f (x + 1, y − 1)

+ f (x − 1, y − 1)]− 8 f (x, y)

s =
Nx−1

∑
x=2

Ny−1
∑

y=2
|∇ f (x, y)|

(8)

(alg-9) Tenengrad function, define fx(x, y) = f (x, y) ∗ Kx and fy(x, y) = f (x, y) ∗ Ky,
where:

Kx =

⎡
⎢⎢⎣

0 −1 0

0 2 0

0 −1 0

⎤
⎥⎥⎦ , Ky =

⎡
⎢⎢⎣

0 0 0

−1 2 −1

0 0 0

⎤
⎥⎥⎦ (9)

Then:
s =

�
f 2
x (x, y) + f 2

y (x, y) (10)

3. (alg-10) Grey scale entropy based algorithm, define p(g) as the probability of the grey scale
value g satisfies g ∈ [0, G]. Then:

s = − G
∑

g=0
p(g) log p(g) (11)
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4. (alg-11) Fourier-Transform based algorithm:

F(u, v) =
Nx

∑
x=1

Ny

∑
x=1

f (x, y)e[−j2π(xu/Nx+yv/Ny)]

s =

⎡
⎢⎣Re

⎛
⎜⎝ F(u,v)

Nx
∑

x=1

Ny

∑
y=1

f (x,y)

⎞
⎟⎠

⎤
⎥⎦

2

+

⎡
⎢⎣Im

⎛
⎜⎝ F(u,v)

Nx
∑

x=1

Ny

∑
y=1

f (x,y)

⎞
⎟⎠

⎤
⎥⎦

2
(12)

5. (alg-12) Wavelet-Transform based algorithm. Suppose A is the vector of decompose
coefficients, the image size is l × l, then:

s = 1
l2−1

�
l2−1
∑

i=(l/2m)2
A[i]2

�
(13)

6. (alg-13) Median filtering based algorithm. Define F� is the 3 × 3 median filtered result of
image F. D = |F − F�|, then:

s = ∑
x

∑
y

D(x, y) (14)

Alg-1 to alg-13 are the most frequently used algorithms in literatures which cover the spatial
domain and frequency domain methods. The evaluation over them aims to investigate
their performance on face images. The references will be the clarity information recorded
at gathering of the database. The guideline to evaluate an algorithm is correctness,
susceptiveness and unimodality of the curve on the testing image database.

4.2 The evaluation on the database
To evaluate the performance of the blur assessment algorithms effectively, an evaluation
scheme is designed as follow:

1. Implement a blur assessment algorithm Ai;

2. Compute the clarity scores of each image in each group, and get 31 × 11 × 2 scores of the
ith algorithm: (sI

1,i, sI
2,i, · · · , sI

11,i),· · · ,(sI I
1,i, sI I

2,i, · · · , sI I
11,i);

3. Compute the average scores of each group in each part, and get 2 score sequences of each
part of the database: (sI

1, sI
2, · · · , sI

11) and (sI I
1 , sI I

2 , · · · , sI I
11);

4. Go to step 1, repeat the process until all algorithms get their scores;

5. Plot these scores and analysis the result.

Because the image size of part II is 2896 × 1936 which is much bigger than that in part I
(320 × 240). Another data set named part III is acquired via sampling from image in part II.
The image size of part III is 362 × 242 which is close to part I. Some interesting results will be
shown in the next section.

4.3 The results and analysis
The results of the evaluation are shown in figure 3 to figure 5. The algorithm-9 exhibits the
best performance in part I and part III of database, while the algorithm-12 shows the stablest
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Fig. 3. The evaluating curves on part I

Fig. 4. The evaluating curves on part II
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Fig. 4. The evaluating curves on part II
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Fig. 5. The evaluating curves on part III

performance in the three testing sets even though it’s curves are not the steepest curves in part
I and III.

(a) 21 × 21 block from part I (b) 21 × 21 block from part II (c) 21 × 21 block from part III

Fig. 6. Comparison of small pixel blocks from different part of database

And there is an interesting phenomenon shown by the curves: most of the blur assessment
algorithms give the not so bad image lower scores in database part II. These curves lost their
unimodality in this case. In fact, this result reveals an important guide line of blur assessing
on images of different sizes: To small size images such as images taken by PC camera, most
of the current blur assessment algorithms work well; but only a few algorithms keep their
performance on big size images. The reason may be explained partly by figure 6. The three
images are the amplified pixel blocks in a image. Their real size is 21 × 21 pixels. They are
cut separately from a smooth area of blur images of each part. The noise from camera makes
notable spots whose size is comparable with the size of many algorithms’ mask. So only
the algorithms which use the global features won’t be influence too much by these spots.
In that way the curves of algorithm 1, 2, 11 and 12 could keep their unimodality. So the
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evaluation suggests that the choosing of blur assessment algorithm should depend on the
images’ features, especially the size and noise spots’ influence. The figure 3 to 5 could serve
as a reference to help choosing the suitable algorithm.

5. Conclusion and future works

Out-of-focus blur is an important factor related with the performance of face detection,
recognition and retrieval algorithms. This chapter describes a new database specially aiming
at the factor of out-of-focus blur. And a comprehensive evaluation of blur assessment
algorithms is raised which takes this database as a benchmark. 13 typical algorithms are
evaluated on three datasets with different features. Some useful results are revealed from the
result which may be a guideline for choosing suitable algorithms in a certain application. The
future works may include further evaluation of face detection and recognition algorithms, and
the applications of the guidelines in a real system.
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Fig. 5. The evaluating curves on part III

performance in the three testing sets even though it’s curves are not the steepest curves in part
I and III.

(a) 21 × 21 block from part I (b) 21 × 21 block from part II (c) 21 × 21 block from part III

Fig. 6. Comparison of small pixel blocks from different part of database

And there is an interesting phenomenon shown by the curves: most of the blur assessment
algorithms give the not so bad image lower scores in database part II. These curves lost their
unimodality in this case. In fact, this result reveals an important guide line of blur assessing
on images of different sizes: To small size images such as images taken by PC camera, most
of the current blur assessment algorithms work well; but only a few algorithms keep their
performance on big size images. The reason may be explained partly by figure 6. The three
images are the amplified pixel blocks in a image. Their real size is 21 × 21 pixels. They are
cut separately from a smooth area of blur images of each part. The noise from camera makes
notable spots whose size is comparable with the size of many algorithms’ mask. So only
the algorithms which use the global features won’t be influence too much by these spots.
In that way the curves of algorithm 1, 2, 11 and 12 could keep their unimodality. So the
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evaluation suggests that the choosing of blur assessment algorithm should depend on the
images’ features, especially the size and noise spots’ influence. The figure 3 to 5 could serve
as a reference to help choosing the suitable algorithm.

5. Conclusion and future works

Out-of-focus blur is an important factor related with the performance of face detection,
recognition and retrieval algorithms. This chapter describes a new database specially aiming
at the factor of out-of-focus blur. And a comprehensive evaluation of blur assessment
algorithms is raised which takes this database as a benchmark. 13 typical algorithms are
evaluated on three datasets with different features. Some useful results are revealed from the
result which may be a guideline for choosing suitable algorithms in a certain application. The
future works may include further evaluation of face detection and recognition algorithms, and
the applications of the guidelines in a real system.
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1. Introduction  
Recently, face recognition technique is an active field (Zhao et al., 2000; Viola et al., 2001; 
Gu et al., 2002) in computer vision and anti-terror, safety defense, etc. Current face 
recognition pays more attention to these fields: 1) detection failure of some or all of 
features due to a variety of lighting conditions and head motions; 2) multiple and non-
rigid object tracking; and 3) features occlusion when the head is in oblique angles and so 
on. But the security of facial image database has rarely been studied in face recognition 
system. Once hackers attack facial images database by unlawful approach, such as 
tamper, substitution and addition etc, there are great fatal influences to the availability of 
commercial face recognition systems. It is very important to improve the security of facial 
image database. 
Current security of facial image database depends on the conventional database protection 
strategy (Zhang et al., 2005; Su et al., 2005). To resist various attacks on facial image 
database, such as tamper, substitution and addition form unlawful approach, a fragile 
digital watermarking method is proposed to improve security of facial image database in 
this paper, which can distinguish any minute tampers on facial image, and detect the 
modification location. First, the low-frequency compressed facial image, which low-
frequency wavelet coefficients of 7 Most Significant Bits (MSBs) of original facial image are 
non-uniform scalar quantization, is converted into a binary sequence as the watermark to be 
embedded. The improved security watermark scrambled by chaotic systems is embedded 
into the LSB of the facial image data. When facial image is identified, the fragile digital 
watermarking method is able to detect the tampered location and discriminate the validity 
of facial image database, which comes from the difference facial image between the low-
frequency compressed image and reconstructed image by watermark. We also analyze the 
error estimation factor for identifying facial images embedded fragile digital watermarking. 
Experimental results show that the fragile digital watermarking technique has high 
sensitivity to tampers on the watermarked facial images, it not only can improve the 
security of the watermarked facial image database, but also will not impact feature 
extraction, detection rate and detection speed of face recognition. 
The organization of the paper is as follows: application of the fragile digital watermarking 
technique to facial image database is given in Section 2. Section 3 gives the theoretical 
analysis about the error estimation factor after embedded fragile digital watermarking. The 
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1. Introduction  
Recently, face recognition technique is an active field (Zhao et al., 2000; Viola et al., 2001; 
Gu et al., 2002) in computer vision and anti-terror, safety defense, etc. Current face 
recognition pays more attention to these fields: 1) detection failure of some or all of 
features due to a variety of lighting conditions and head motions; 2) multiple and non-
rigid object tracking; and 3) features occlusion when the head is in oblique angles and so 
on. But the security of facial image database has rarely been studied in face recognition 
system. Once hackers attack facial images database by unlawful approach, such as 
tamper, substitution and addition etc, there are great fatal influences to the availability of 
commercial face recognition systems. It is very important to improve the security of facial 
image database. 
Current security of facial image database depends on the conventional database protection 
strategy (Zhang et al., 2005; Su et al., 2005). To resist various attacks on facial image 
database, such as tamper, substitution and addition form unlawful approach, a fragile 
digital watermarking method is proposed to improve security of facial image database in 
this paper, which can distinguish any minute tampers on facial image, and detect the 
modification location. First, the low-frequency compressed facial image, which low-
frequency wavelet coefficients of 7 Most Significant Bits (MSBs) of original facial image are 
non-uniform scalar quantization, is converted into a binary sequence as the watermark to be 
embedded. The improved security watermark scrambled by chaotic systems is embedded 
into the LSB of the facial image data. When facial image is identified, the fragile digital 
watermarking method is able to detect the tampered location and discriminate the validity 
of facial image database, which comes from the difference facial image between the low-
frequency compressed image and reconstructed image by watermark. We also analyze the 
error estimation factor for identifying facial images embedded fragile digital watermarking. 
Experimental results show that the fragile digital watermarking technique has high 
sensitivity to tampers on the watermarked facial images, it not only can improve the 
security of the watermarked facial image database, but also will not impact feature 
extraction, detection rate and detection speed of face recognition. 
The organization of the paper is as follows: application of the fragile digital watermarking 
technique to facial image database is given in Section 2. Section 3 gives the theoretical 
analysis about the error estimation factor after embedded fragile digital watermarking. The 
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experimental results for implementing security of facial image database using fragile digital 
watermarking are provided in section 4. Finally conclusions are in section 5.  

2. Fragile digital watermarking based facial image database  
In 1993, Caronni (Kutter et al., 1999) proposed digital watermarking technique to 
complement cryptographic process to protect copyright ownership (Liu et al., 1999). Digital 
watermarking techniques make it possibly to embed a watermark (such as identification 
data, serials number, text or image etc) to audio, video, image, and multimedia data. 
Current digital watermarking techniques have become a solution to DRM (Digital Rights 
Management), images of law evidence, seal identification etc (Wang et al., 2002). Herein, a 
fragile digital watermarking scheme is used to improve the security of facial image 
database. The low-frequency compressed facial image, which low-frequency wavelet 
coefficients of 7 Most Significant Bits (MSBs) of original facial image are non-uniform scalar 
quantization, is converted into a binary sequence as the watermark to be embedded. The 
watermark scrambled by chaotic systems is embedded into the LSB of the facial image data 
to enhance security of facial image database. Experimental results are provided to support 
the validity of the method.  

2.1 The algorithm of watermarking 
The algorithm of fragile digital watermarking is as follows: 

Step 1: The facial image I  is the new image which the least significant bit (LSB) of 
facial image I (size: m*n) is transformed to zero. Next, we make two-dimension wavelet of  
image I  ,and gain the low-frequency wavelet coefficient LL; 

Step 2: The low-frequency wavelet coefficient LL is Quantized in 4-bits non-uniform 
scalar basing on cryptograph key1. And the low-frequency compressed facial image LLI  is 
coming into being; 

The formula of quantization process is  

  LL 1I Q(LL,key )                                                             (1) 

Step 3: Let each element of low-frequency compressed image LLI  be transformed into 4-
bits binary system element, and array to matrix LbI  according to spatial sequence. 

That is  

 LL (m/2)*(n/2) Lb (m/2)*(n/2)(I ) (I )                                              (2) 

Step 4: The chaotic sequence Lx  can be achieved by chaotic system, which length is L. 
And we can acquire address sequence A using steady ranking method. 

Step 5: We can gain the watermarking W which address sequence A scrambles to  
matrix LbI . 

In this paper, matrix LbI is divided into the same size block. 
nk—the number of row block 
mk—the number of column block 
and L=mk*nk 
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According above-mentioned valid address sequence A, scrambled matrix W  can be 
achieved from re-ranking matrix LbI . 
The formula is 

 
resume

scramble
( , ) ( , )w w Lb Lb LbW i j I i j

                                            (3) 

In this case ,  

 1 1w iji (A(temp ) ) /nk       

1w ij wj A(temp ) (i ) * nk    

1ij Lb Lbtemp (i ) * nk j    

So, the facial images embedded fragile digital watermarking come into being. In this paper, 
we use ORL facial database. 
Fig.1 (a) shows the original facial image of database, and the facial image database 
embedded fragile digital watermarking is shown in Fig.1 (b). The size of image is 384*304, 
PSNR= 51.1237.  
 

               
(a) Original image                  (b) Watermarked facial image 

Fig. 1. Facial image embedded watermarking 

2.2 Watermarking detection 
The watermarking is embedded into the LSB of the facial image data to enhance security of 
database. The formula is  

 I I /2 * 2      wI I W                                                     (4) 

Where I  is the original facial image of face recognition system, and wI  represents facial 
image embedded watermarking. 
It is known that the least significant bit(LSB) plane is corresponding watermarking. So it 
needn’t use original facial image to extract watermarking.  
That is  

  * *W mod(I ,2)                                                           (5) 
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experimental results for implementing security of facial image database using fragile digital 
watermarking are provided in section 4. Finally conclusions are in section 5.  

2. Fragile digital watermarking based facial image database  
In 1993, Caronni (Kutter et al., 1999) proposed digital watermarking technique to 
complement cryptographic process to protect copyright ownership (Liu et al., 1999). Digital 
watermarking techniques make it possibly to embed a watermark (such as identification 
data, serials number, text or image etc) to audio, video, image, and multimedia data. 
Current digital watermarking techniques have become a solution to DRM (Digital Rights 
Management), images of law evidence, seal identification etc (Wang et al., 2002). Herein, a 
fragile digital watermarking scheme is used to improve the security of facial image 
database. The low-frequency compressed facial image, which low-frequency wavelet 
coefficients of 7 Most Significant Bits (MSBs) of original facial image are non-uniform scalar 
quantization, is converted into a binary sequence as the watermark to be embedded. The 
watermark scrambled by chaotic systems is embedded into the LSB of the facial image data 
to enhance security of facial image database. Experimental results are provided to support 
the validity of the method.  

2.1 The algorithm of watermarking 
The algorithm of fragile digital watermarking is as follows: 

Step 1: The facial image I  is the new image which the least significant bit (LSB) of 
facial image I (size: m*n) is transformed to zero. Next, we make two-dimension wavelet of  
image I  ,and gain the low-frequency wavelet coefficient LL; 

Step 2: The low-frequency wavelet coefficient LL is Quantized in 4-bits non-uniform 
scalar basing on cryptograph key1. And the low-frequency compressed facial image LLI  is 
coming into being; 

The formula of quantization process is  

  LL 1I Q(LL,key )                                                             (1) 

Step 3: Let each element of low-frequency compressed image LLI  be transformed into 4-
bits binary system element, and array to matrix LbI  according to spatial sequence. 

That is  

 LL (m/2)*(n/2) Lb (m/2)*(n/2)(I ) (I )                                              (2) 

Step 4: The chaotic sequence Lx  can be achieved by chaotic system, which length is L. 
And we can acquire address sequence A using steady ranking method. 

Step 5: We can gain the watermarking W which address sequence A scrambles to  
matrix LbI . 

In this paper, matrix LbI is divided into the same size block. 
nk—the number of row block 
mk—the number of column block 
and L=mk*nk 

 
Improving Security for Facial Image Using Fragile Digital Watermarking 

 

123 

According above-mentioned valid address sequence A, scrambled matrix W  can be 
achieved from re-ranking matrix LbI . 
The formula is 

 
resume

scramble
( , ) ( , )w w Lb Lb LbW i j I i j

                                            (3) 

In this case ,  

 1 1w iji (A(temp ) )/nk       

1w ij wj A(temp ) (i ) * nk    

1ij Lb Lbtemp (i ) * nk j    

So, the facial images embedded fragile digital watermarking come into being. In this paper, 
we use ORL facial database. 
Fig.1 (a) shows the original facial image of database, and the facial image database 
embedded fragile digital watermarking is shown in Fig.1 (b). The size of image is 384*304, 
PSNR= 51.1237.  
 

               
(a) Original image                  (b) Watermarked facial image 

Fig. 1. Facial image embedded watermarking 

2.2 Watermarking detection 
The watermarking is embedded into the LSB of the facial image data to enhance security of 
database. The formula is  

 I I /2 * 2      wI I W                                                     (4) 

Where I  is the original facial image of face recognition system, and wI  represents facial 
image embedded watermarking. 
It is known that the least significant bit(LSB) plane is corresponding watermarking. So it 
needn’t use original facial image to extract watermarking.  
That is  

  * *W mod(I ,2)                                                           (5) 



 
Face Analysis, Modeling and Recognition Systems 

 

124 

Where *I  is the facial image which will be detected, and *W  represents the watermarking 
extracted from facial images.   
While facial image authenticating, the general picture can be discovered from the low-
frequency compressed facial image. The method is able to detect the tamper location, and 
discriminate the changes from comparing original facial image with low-frequency 
compressed facial image. The detailed approach is as follows: 
Sept1: According to chaotic cryptograph key2 and watermarking *W  from new 
watermarked facial image, we can resume the original low-frequency compressed facial 
image '

LLI . The general picture of facial image can be discovered from the low-frequency 

compressed facial image '
LLI . 

Sept2: The low-frequency compressed image *
LLI  can be obtained by computing the facial 

image  *I  from the setp1 and step 2 previous algorithm of watermarking.   
 Sept3: The difference of image is defined as  
 ' *

LL LLI -I  . It's very clearly that we can discriminate between image tampers from the 

non-zero dot distribution of  . 
The improving security of facial image database using fragile digital watermarking is as 
follows:  
1. First, the image of face recognition system database does not be tampered if the value of  

*
LLI is equal to LLI ; 

2. If the difference of image   has any area of centralized non-zero dot, it is clearly that 
the area of facial image has been tampered. 

3. The tampered location can be detected according to the area (ΔS) of centralized non-
zero dot. Hence, we consider that the area of facial image has been tampered if 

S T  .Where T is the template of threshold value. 

3. Face recognition impact after embedded watermarking   
At the same time, we must consider the face recognition algorithm impact when facial 
image database has been embedded watermarking. Whether the feature extraction, 
detection rate and detection speed of face recognition will be affected of not? These 
problems have been seldom paid attention to by former references. In this section, we give 
the theoretical analysis of the error estimation factor after embedded fragile digital 
watermarking, and identify it. Theoretic analysis and experimental results also indicate that 
it doesn’t impact feature extraction, detection rate and detection speed of face recognition 
using fragile digital watermarking. 
Because of being many different face recognition algorithms currently, in this paper, we will 
analyze a typical face recognition algorithm with SVD face recognition algorithm, and other 
algorithms can be deduced analogously. 

3.1 SVD based face recognition algorithm 
SVD (Singular Value Decomposition) is an effective algebra feature extraction method. The 
feature of SVD is steady, which has transpose invariability, rotation invariability, 
displacement invariability, enantiomorphous invariability etc. Thus, the feature of SVD can 
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be a good algebra feature extraction to image processing (Zhou et al., 2003).So SVD 
algorithm can be a stable approach to detect face in variety lighting condition and oblique 
angles. 
SVD based face recognition algorithm can transform real symmetrical matrix to diagonal 
matrix by orthonormal transform. And each real matrix m nA   is able to be transformed into 
diagonal matrix using singular value decomposition (SVD). In this paper, we set m nA   to a 
real matrix. Where rank（A）＝k, that is     

 TA UDV                                                                 (6)          

In this case, m mU  and n nV  are orthonormal matrixes.  
Where m nD   is a diagonal matrix.     
In this case 

k k
m n

O
D

O O



 

  
 

 , 

1 2( , ,...., ),k k kdiag      

1 2 1( , ,...., , ,...., )m m k k mU u u u u u  ,  

1 2 1( , ,...., , ,...., )n n k k nV v v v v v  ,  

Where T is the transpose and i  is singular value of matrix A.   

( 1,2,...., ,...., )i i i k n     

Where 1 2 ..... 0k      are the non-zero eigenvalues set of TAA and TAA . Where 

1 2
..... 0k k n        are eigenvalues which consist of n-1. Where , ( 1,2,...., )i iu v i k are 

non-zero eigenvectors which belong to the non-zero eigenvalues of TAA and TA A . 
Where ( 1,...., )iu i k m  is the eigenvector of TA A which correspond to 0i  . 

So ( 1,...., )iv i k n   is the eigenvector of TA A  which correspond to 0i  .  
That is, formula (6) can also be written as follows: 

 
1

K
T

i i i
I

A u v


                                                           (7) 

If matrix A is a facial image, and formula (7) is the orthonormal decomposition of the facial 
image. If we buildup a n-dimensional column vector using singular value element i  in  
matrix Σ diagonal and the residual (n-k) zero.  
That is       

 1 1( ,....., ,0......0)T
n n n kx D e                                         （8） 
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Where *I  is the facial image which will be detected, and *W  represents the watermarking 
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be a good algebra feature extraction to image processing (Zhou et al., 2003).So SVD 
algorithm can be a stable approach to detect face in variety lighting condition and oblique 
angles. 
SVD based face recognition algorithm can transform real symmetrical matrix to diagonal 
matrix by orthonormal transform. And each real matrix m nA   is able to be transformed into 
diagonal matrix using singular value decomposition (SVD). In this paper, we set m nA   to a 
real matrix. Where rank（A）＝k, that is     

 TA UDV                                                                 (6)          

In this case, m mU  and n nV  are orthonormal matrixes.  
Where m nD   is a diagonal matrix.     
In this case 

k k
m n

O
D

O O



 

  
 

 , 

1 2( , ,...., ),k k kdiag      

1 2 1( , ,...., , ,...., )m m k k mU u u u u u  ,  

1 2 1( , ,...., , ,...., )n n k k nV v v v v v  ,  

Where T is the transpose and i  is singular value of matrix A.   

( 1,2,...., ,...., )i i i k n     

Where 1 2 ..... 0k      are the non-zero eigenvalues set of TAA and TAA . Where 

1 2
..... 0k k n        are eigenvalues which consist of n-1. Where , ( 1,2,...., )i iu v i k are 

non-zero eigenvectors which belong to the non-zero eigenvalues of TAA and TA A . 
Where ( 1,...., )iu i k m  is the eigenvector of TA A which correspond to 0i  . 

So ( 1,...., )iv i k n   is the eigenvector of TA A  which correspond to 0i  .  
That is, formula (6) can also be written as follows: 

 
1

K
T

i i i
I

A u v


                                                           (7) 

If matrix A is a facial image, and formula (7) is the orthonormal decomposition of the facial 
image. If we buildup a n-dimensional column vector using singular value element i  in  
matrix Σ diagonal and the residual (n-k) zero.  
That is       

 1 1( ,....., ,0......0)T
n n n kx D e                                         （8） 
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Where m nD   is the first n-order sub-formula of D  , and 1(1,1,.....,1)T
ne   is column vector. 

In this case, 1nx   is singular value eigenvector of matrix A . In any case, singular value 
diagonal matrixΣ is unique in the condition of 1 2 ..... k     . So we can indicate that 
former facial image is corresponding to a unique singular value eigenvector.  
Hence, we have designed a face recognition experimental system and implemented SVD 
algorithm basing on OpenCV (Open Source Computer Vision Library) platform. Our 
workgroup can analyze and validate the face recognition algorithms impact that facial 
images have been embedded watermarking on this experimental platform.  
Next, we give the theoretical analysis about the error estimation factor after embedded 
watermarking, and reasons are as follows. 

3.2 The error estimation factor 
In order to evaluate the error estimation factor after embedded fragile digital watermarking, 
spectrum norm is firstly defined as : 
We set n nA R   

 max max2
A S                                                  (9)    

Equation (9) is the definition of spectrum norm. In this case, max is the maximal eigenvalue 

of matrix TA A ,  and maxS is the maximal singular value of matrix A . 
Lemma 1: 
If n nU R  and n nV R   are orthonormal matrix, and we set n nA R  . So we can result in  

2 2
UAV A                                                      （10）  

Lemma 2: 
If we set aA  to be the disturbance of matrix A , where n nA R   is the matrix in Lemma 1. 

That is
~
A A aA  . 

So ( )iS A  and 
~

( )iS A  are the i  sequence singular values of matrix A and
~
A , which arrange in 

step-down sequence. The formula can be written as: 

 
~

2( ) ( )i iS A S A aA                                                    (11) 

Where the parameter i  is the positive integer from number 1 to n, and 1,2,.....,i n . 
From the discussion in the previous Lemmas and definition, the conclusions are given as 
follows: 
Matrix A is the original facial image, and ( )LSB A  is LSB plane. Sign W represents 
watermarking, and ( )LSB A W  is the error between watermarking and the original facial 
image which facial image LSB is transformed to zero. 

And matrix 
~
A  is a facial image which has been embedded fragile digital watermarking.  So, 

the error estimation factor after embedded watermarking is 
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Where ijW satisfies the Bernoulli distribution. Therefore, ( )LSB A  satisfies the same 

distribution with ijW ( Rafael et al., 2004). Especially that ( )LSB A  is the LSB plane of A . It is 

clear that the singular value 
~

( ) ( )i iS A S A  is very little, and we can make a conclusion that 

it doesn’t impact feature extraction, detection rate and detection speed of face 
recognition(Bernhard et al., 2002). The final experiments are provided to support above-
mentioned theoretical analysis.  

4. Experimental results  
In this section, we present experimental results using above proposed method, including 
security experiments of facial image database and face recognition performance experiments 
after embedded watermarking. The experimental results are as follows: 

4.1 Images security experiment  
1. Valid Facial Images Database Detection 
One original facial image of face recognition system database is shown in Fig.2 (a), and the 
image in Fig.2 (b) is the facial image embedded fragile digital watermarking. That is 
PSNR=51.1237. The results of detection are shown in Fig.2 (c). There isn't non-zero area in 
Fig.2 (c), so we can judge that this image is valid facial image of database. 
 

                                                 
 

(a) Original image      b) Image embedded watermarking      (c) Result of authentication 
 

Fig. 2. Valid facial image database detection  

2. Tampered facial images detection  
In this experiment, we use the image editor software “photoshop” to tamper the image in 
Fig.2 (b). We tamper the mouth of Fig.2 (b) with other person’s mouth, as shown in Fig.3 (a). 
The result of detection is shown in Fig.3 (b), where there is non-zero centralized area. 
Because the shape of non-zero centralized area is a mouth, we can detect that mouth of 
image database has been tampered, and indicate the tampered location. 
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In this experiment, we use the image editor software “photoshop” to tamper the image in 
Fig.2 (b). We tamper the mouth of Fig.2 (b) with other person’s mouth, as shown in Fig.3 (a). 
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(a) Tempered image                       (b) Detection result 
 

Fig. 3. Tampered facial image detection 

3. Invalid Facial Images database Detection 
If there is an invalid facial image of face recognition database in Fig.4 (a), the result of 
detection is shown in Fig.4 (b). The image of detection not only has random noise but also 
has not non-zero centralized area. So we can make a conclusion that the image in Fig.4 (a) is 
an invalid facial image of database. 
 

                             
 

                                 (a) No watermarking image                (b) Detection result 

 

Fig. 4. Invalid facial image database detection 

4.2 Face recognition algorithms impact after embedded watermarking 
Finally, we have designed a face recognition experimental system and implemented SVD 
algorithm, EHMM algorithm and PCA algorithm basing on OpenCV. We can analyze and 
compare the face recognition algorithms impact after embedded watermarking.  
In above three typical face recognition algorithms, we use ORL facial images database. 
There are 400 facial images in database, forty persons and each person has 10 images. We 
use first image to build facial feature, and 10 facial images are all used to recognition. The 
experimental results are as follows: 
From all results, we see that the proposed method may not only indicate the tampered 
location, but also detect the validity of facial image of database.  It improves the security of 
facial image database. Extensive experiments also indicate that it doesn’t impact feature 
extraction, detection rate and detection speed of face recognition using fragile digital 
watermarking. 
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Algorithm Recognition 
accuracy Detection rate Time Detection speed 

SVD 

No 
watermarking 

330 
images 82.5％ 1.38 

sec 
0.00345 

sec/image 

watermarked 329 
images 82.255％ 1.40 sec 0.0035 

sec/image 

EHM
M 

No 
watermarking 

329 
images 82.255％ 52 sec 0.13 

sec/image 

watermarked 328 
images 82％ 52.5 sec 0.1312 

sec/image 

PCA 

No 
watermarking 

343 
images 85.75％ 3 

sec 
0.0075 

sec/image 

watermarked 340 
images 85％ 3.5 sec 0.00875 

sec/image 

Table 1. Shows face recognition algorithms impact after embedded watermarking. For 
comparison, we have finished SVD algorithm, EHMM algorithm and PCA algorithm 
experiments. From table 1, we see the impact of detection rate, detection time and detection 
speed is very little after embedded watermarking.  

 

 
Fig. 5. The experimental interface of face recognition algorithm impact after embedded 
watermarking 

5. Conclusion 
In this paper, we proposed a fragile digital watermarking for facial image database 
authentication, which not only can distinguish any minute tampers of facial image database 
but also detect the modification location. The watermarking has been used to resist various 
attacks on facial image database, such as tamper, substitution and addition form unlawful 
approach. We also give the theoretical analysis about the error estimation factor for 
identifying facial images embedded fragile digital watermarking. Experimental results show 
that the fragile digital watermarking technique has high sensitivity to tampers on the 
watermarked facial images, it not only can improve the security of the watermarked facial 
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image database, but also will not impact feature extraction, detection rate and detection 
speed of face recognition.  
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1. Introduction   
During the last few decades, face perception has emerged as a prevailing issue in social 
research. Face recognition is a fundamental and crucial skill for communicating and 
understanding in human society. Fortunately, most adults are able to recognize faces to 
identify a particular face and to discriminate among faces at a glance, begging questions 
of the nature of the mechanisms that underlie such face recognition. It has been 
established that the processing involved in face recognition likely differs qualitatively 
from that involved in recognizing other objects. Indeed, responses to faces are more 
affected by inversion than are those to non-face objects. When faces are presented upside 
down, it is much harder to identify them accurately. Configurational properties are 
disrupted by presenting visual objects upside down or by laterally offsetting the top and 
bottom halves of objects, and greater disruption has been found when those objects are 
faces than when they are other types of objects (Maurer et al., 2002). Clinical studies have 
provided additional evidence of the special nature of face processing. Individuals with 
prosopagnosia experience difficulties with discriminating among human faces. They are 
able to perceive a face as face, but are unable to distinguish among different persons 
(Banich, 2004). Their deficit is specific to faces and derives neither from problems with 
visual perception nor from memory impairment. Neuroimaging studies have also 
indicated that the neural correlates involved in face recognition are distinct from those 
involved in the recognition of other objects.  
Face processing can be divided into two types: configurational and featural (Maurer et al., 
2007). Configurational processing refers to perceptions of the internal relationships among 
features. This approach contrasts with featural, analytic, piecemeal, or parts-based 
processing, which refers to perceptions of the shapes of individual features. The relative 
contributions of the two types of processing to face recognition and the interaction between 
them remain controversial. Although researchers have proposed different hypotheses about 
the mechanisms by which faces are processed on the basis of experimental findings, this 
issue is unresolved. In the context of the remarkable progress in brain imaging technology, 
recent studies have investigated the neural correlates of featural and configurational face 
processing, offering biological evidence related to behavioral phenomena. Consistent with 
these findings, this chapter addresses how humans recognize faces by reviewing the 
relevant findings from several research areas. In particular, the chapter focuses on the 
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contributions of configurational and featural processing to face recognition. Based on 
behavioral and biological evidence, we will discuss how these two types of facial 
information are processed. For this purpose, we will discuss both aberrant and healthy 
approaches to recognizing faces, including psychiatric disorders other than prosopagnosia 
that are characterized by problems with recognizing faces. For example, patients with 
schizophrenia who suffer from psychotic symptoms such as hallucinations and delusions 
have shown impairments in their ability to perceive faces (Shin et al., 2008). Observations of 
individuals who suffer from impaired face recognition can provide important clues to the 
ways in which faces are processed. 

2. Healthy processes underlying face recognition 
2.1 Configurational and featural processing 
Human faces share basic individual features including eyes, noses, and mouths as well as 
consistencies in the arrangement of these features (i.e., eyes above the nose and mouth 
below the nose). These common basic relationships among facial parts is known as a first-
order configurational relationship (Diamond & Carey, 1986). First-order information is 
important for face detection (i.e., recognition of a stimulus as a face) (Kanwisher et al., 
1998; Moscovitch et al., 1997). Even newborn infants have visual preferences for face or 
face-like stimuli that have first-order relationships (Johnson et al., 1991; Mondloch et al., 
1999). On the other hand, the shapes of the features and the spatial distances between the 
features differ among individuals. Thus, to identify a particular person’s face accurately, 
information about both the facial features and the spatial relationships among features 
must be encoded. The spatial distances among facial parts are referred to second-order 
configurational information, which is crucial for face identification and differentiation 
among faces (Diamond & Carey, 1986). Sensitivity to first-order relationships is important 
for face detection, whereas sensitivity to second-order relationships is crucial for the 
identification of particular individuals. According to developmental studies, 
configurational processing is available later in life (Brace et al., 2001; Carey & Diamond, 
1977, 1994; Tanaka et al., 1998). Although several researchers have argued that even 
newborn infants were able to encode configurational information (Simion et al., 2007), 
access to second-order information seems to be unavailable until 4 years of age (Pellicano 
& Rhodes, 2003; Pellicano et al., 2006). Previous findings have suggested that young 
children recognize faces in ways that differ qualitatively from the ways in which adults 
recognize faces.  

2.2 Measures of face recognition 
Various manipulations of faces have been employed to elucidate the mechanisms 
underlying face recognition. In 1969, Yin compared the abilities of healthy subjects to 
recognize face and non-face objects presented in upright and inverted orientations (Yin, 
1969). According to that study, the recognition of inverted faces was significantly more 
disrupted than that of inverted non-face objects such as houses and airplanes. Indeed, 
discrimination accuracy was reduced and reaction time was increased when faces were 
presented in an inverted position (Bartlett & Searcy, 1993). Inverting stimuli rendered 
objects more difficult to recognize, but the disruption was greater in response to faces than 
to other objects. This phenomenon, which has been termed the “inversion effect,” has 
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provided evidence that faces are distinct from other objects and that configurational 
information plays an important role in recognizing faces. Other frequently used 
manipulations of facial information have involved modifications of faces themselves (Leder 
& Bruce, 1998). As shown as Figure 1, featural information can be altered by modifying the 
shapes of specific features (a). Similarly, second-order configurational information can be 
manipulated by changing the distances between specific features but maintaining the shapes 
of features as unchanged (b). Other alterations in facial information can involve the gradual 
blurring of faces (Fig. 1c) (Sergent, 1986). The blurred faces degraded featural information 
more severely than configurational information. When blurred faces were inverted, both 
featural and configurational information were disrupted, resulting in severe impairments in 
recognition (Collishaw & Hole, 2000).  
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Fig. 1. Examples of the manipulation of facial information. (a) an alteration of featural 
information by replacing eyes with other female of the same race. (b) an alteration of 
configurational information by modifying distance between eyes. (c) a blurred face   
(d) composite faces 

Another frequently employed technique is a composite face (Fig. 1d), in which the top half 
of one face is paired with the bottom half of another face and presented as a whole face or is 
offset laterally. When adults were asked to discriminate the top halves of a pair of faces, 
their discrimination performance was slower and less accurate under the whole-face 
condition than under the offset condition, indicating the holistic processing of face 
recognition (Young et al., 1987). This phenomenon is known as the “composite-face effect.” 
Various techniques have facilitated progress in research on face recognition. Measures have 
been modified, and new techniques have been created to examine how featural and 
configurational information affected face recognition. In the next section, we will focus on 
the role of featural and configurational processing in face recognition, on the relationship 
between two types of processing, and finally on whether the two types of information rest 
on differentiated or shared biological mechanisms. 
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2.3 Hypotheses about face-recognition processing 
Although it has been established that both configurational and featural processing are 
involved in face recognition, the contribution of each type of processing to the recognition of 
faces remains controversial  Traditionally, three kinds of hypotheses about how facial 
information is processed have been advanced: (a) the holistic-processing hypothesis, which 
emphasizes holistic processing in the recognition of faces; (b) the featural-processing 
hypothesis, which argues that featural processing can account for face recognition; and (c) 
the dual-coding hypothesis, which asserts that featural and configurational information are 
processed independently. Beyond these traditional approaches, an alternative view 
integrating these hypotheses has been recently introduced. 

2.3.1 The holistic processing hypothesis 
One group of researchers has argued that holistic processing, in which featural information 
is combined with configurational information, dominates the processes underlying the 
recognition of faces (Tanaka & Sengco, 1997). Tanaka and Farah (1993) compared the 
performance of participants under conditions in which learned face parts were presented in 
isolation and under conditions in which they were presented in context. They found that 
subjects identified the face parts under the whole-face condition better than under the 
isolation condition, underscoring the role of configurational processing in face recognition. 
This was not the case when scrambled faces and house parts were presented. The composite 
effect reported by Young et al. (1987) supported this hypothesis. People performed worse 
when faces composed of top and bottom halves from different individuals were presented 
as a whole face than when they were offset laterally. This phenomenon reflected the reliance 
of face processing on holistic representation. To examine how facial features were processed 
during facial recognition, Tanaka and Sengco (1997) examined the effect of configurational 
information on featural information. Faces were altered only with respect to the distance 
between the eyes. Subjects were asked to recognize features such as the nose and mouth 
under three conditions: the learned-configuration condition, the unlearned-configuration 
condition, and the isolated-feature condition. The results showed that subjects recognized 
noses or mouths better under the learned upright-configuration condition than under the 
unlearned-condition or the isolated-feature condition. In other words, altered 
configurational information affected the recognition of facial features. The above 
observations implicated the dominant role of configurational information in face 
recognition. The configurational hypothesis entails interdependence between featural and 
configurational information, whereas interactions between them would rely on a holistic 
representation.  

2.3.2 Featural processing hypothesis 
Disagreeing with the configurational hypothesis, another group of researchers have posited 
that the processing of featural information is crucial for face recognition (Rakover & 
Teucher, 1997). They assert that the inversion effect results from factors other than 
disruptions in configurational information. Accordingly, the delayed development of 
configurational processing is argued by these researchers to reflect children’s use of a 
featural strategy for face recognition. Alternatively, they also argue that mental rotation 
causes the inversion effect for faces (Valentine & Bruce, 1988), and this explains the finding 
that when the degree to which upright faces were rotated was increased, reaction times 
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followed a linear path. Another explanation, based on feature saliency, argues that facial 
features themselves have no configurational information; hence, visual information about 
features, including their saliency, is key to facial recognition. These views differ from the 
configurational hypothesis in that they demote the role of configurational information in 
face recognition. In its most extreme incarnation, this perspective holds that configurational 
information is less important than featural information. For example, Rokover and Teucher 
(1997) argued that isolated features can account for 91% of the variance in the recognition of 
upright face.  

2.3.3 Dual-coding hypothesis 
The dual-coding hypothesis has been proposed as an intermediate account of facial 
recognition (Bartlett & Searcy, 1993; Searcy & Bartlett, 1996). This hypothesis maintains 
that both sources of information are important and that they are processed 
simultaneously and independently (Ingvalson & Wenger, 2005). Accordingly, two modes 
are specialized for face recognition: one mode for encoding spatial information and the 
other mode for encoding featural information. According to this perspective, both modes 
would operate in response to upright faces, but the featural mode would be dominant in 
the recognition of inverted faces. To test this hypothesis, Cabeza and Kato (2000) 
conducted research using the prototyping effect. The prototyping effect refers to the 
tendency to misidentify a new face (prototype) as a face that had been seen before when it 
is composed of a series of faces that had already been presented. When prototypes were 
presented in an upright orientation, subjects incorrectly identified unlearned prototypes, 
and this tendency was equal in response to both featural and configurational prototypes. 
However, when prototypes were presented in an inverted orientation, this effect 
disappeared for the configurational prototype. The authors concluded that both featural 
and configurational information played important roles in recognizing faces and that their 
effects were independent.  

2.3.4 Alternative views 
Recently, Amishav and Kimchi (2010) offered interesting experimental data on how featural 
and configurational information interacted in the recognition of faces. Employing Garner’s 
(1974) speeded-classification method, they asked participants to classify faces on a relevant 
dimension (e.g., configurational information) while ignoring an irrelevant dimension (e.g., 
featural information). Under the control condition, only the relevant dimension was altered, 
and under the filtering condition, both relevant and irrelevant dimensions were altered. 
Equivalent performances under both conditions would indicate that featural and 
configurational information did not interfere with each other, whereas poorer performance 
under the filtering condition would indicate that one source of information affected another 
source of information. The findings showed that reaction times were slower under the 
filtering condition, indicating that judgments about featural changes interfered with those 
about configurational changes and vice versa. The authors concluded that both featural and 
configurational data were integral to the processing of upright faces. This evidence 
contradicted the dual-mode hypothesis, which assumes the independent processing of 
featural and configurational information. This evidence was also inconsistent with the 
holistic processing hypothesis, which argues that holistic processing plays the dominant role 
in the recognition of upright faces.  
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2.4 Biological evidence 
Although a substantial body of evidence has shown how faces are processed behaviorally, 
these data have been limited to confirming the contributions of featural and configurational 
information to face recognition. Recent neuroimaging studies have used various techniques 
such as event-related potentials (ERPs), magnetoencephalography (MEG), and functional 
magnetic resonance imaging (fMRI) to provide evidence about the brain correlates of face 
perception. More recently, researchers have attempted to find the distinct neural 
mechanisms underlying each featural and configurational process. Biological evidence may 
help us to understand the way in which faces are processed, even though the neural 
mechanisms underpinning face recognition have not been fully elucidated due to the small 
number of studies.  

2.4.1 Evidence from neurophysiology 
ERP studies investigating face processing have reported the involvement of various 
electrophysiological components including P100 (P1), N170, and P200 (P2), primarily in the 
posterior cortex (Bentin & Deouell, 2000; Boutsen et al., 2006; Pesciarelli et al., in press; 
Rossion et al., 2000). In particular, the N170 component, with a negative peak at about 170 
ms after stimulus onset, appeared to reflect face-specific processing. The amplitude of N170 
is greater in response to faces than to objects (Boutsen et al., 2006) and is sensitive to the 
inversion effect (Bentin et al., 1996; Eimer, 2000; Rossion et al., 1999). Inversion of faces 
induces increased and delayed activity in N170 of the right hemisphere, indicating that this 
component may be involved with the configurational processing related to face recognition 
(Rossion et al., 1999). However, the aspects of face processing to which N170 is sensitive 
remain uncertain. Scott and Nelson (2006) observed that activity in the right hemisphere 
N170 was greater for configurational processing, whereas activity in the left hemisphere 
N170 was greater for featural processing. Mercure et al. (2008) examined ERPs using a 
similar task but did not find that featural and configurational alterations affected N170. 
Instead, that study found that the amplitude of P2 was greater in response to 
configurational modification. Although the particular ERP components that modulated the 
two types of facial information remain uncertain, limited neurophysiological evidence has 
implied that featural and configurational processing are likely mediated by differential 
neural correlates.  

2.4.2 Evidence from functional neuroimaging 
Many previous studies have detected a face-specific brain area, the so-called “face area.”  
The fusiform face area (FFA), which is located in the region of the occipito–temporal 
cortex, has shown increased activity during the viewing of faces (Downing et al., 2006; 
Grill-Spector et al., 2006; J. V. Haxby et al., 2000; J.V. Haxby et al., 1994; Kanwisher et al., 
1997). However, the neural activity in this brain region did not seem to selectively 
respond to specific types of face processing (Aguirre et al., 1999; R. Epstein et al., 2006; J. 
V. Haxby et al., 1999; Kanwisher et al., 1998; Mazard et al., 2006; Schiltz & Rossion, 2006). 
Yovel and Kanwisher (2004) investigated neural activity while subjects discriminated 
whether pairs of faces were the same or different. Stimuli were modified in terms of either 
the shapes of facial features or the distances between features. The central finding was 
that FFA activity did not differ under featural and configurational conditions, indicating 
the absence of face-processing activity specific to the FFA. Indeed, many neuroimaging 
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studies have sought to associate FFA activity with an inversion effect, but most could not 
find increased activity in this area (J. V. Haxby et al., 1999; Kanwisher et al., 1998; Schiltz 
& Rossion, 2006). In this context, the brain regions specific to each type of face processing 
remain unidentified. Maurer et al. (2007) investigated the neural mechanism 
underpinning featural and configurational processing using featurally or 
configurationally altered face stimuli. They reported that the right fusiform area, which is 
adjacent to the FFA, exhibited more activity in response to spacing than to features (Fig. 
2). In addition to the right fusiform area, multiple regions in the right frontal cortex also 
showed increased activity during configurational processing, whereas left prefrontal 
activity increased during featural processing. These findings suggest that the neural 
correlates involved in the processing of second-order information are likely to differ from 
those involved in featural processing. Another similar study from Switzerland supported 
this notion by showing dissociated neural pathways associated with featural and 
configurational processing during face recognition (Lobmaier et al., 2008). Although no 
consensus on what brain regions are associated with each type of face processing has been 
reached thus far, speculation favoring separate neural networks for featural and 
configurational processing appears plausible.  

3. Aberrant face-recognition processing 
Close examination of patients who suffer from impaired face recognition should provide 
important insights into the mechanisms underlying face processing. Similar to studies 
focusing on healthy face processing, recent studies examining abnormal face recognition 
have attempted to identify the aspects of face processing that are impaired in disorders of 
face recognition. Interestingly, visual agnosia, which refers to the inability to recognize 
visual stimuli, is domain-specific. Indeed, damage to various brain areas caused various 
types of agnosia. For example, topographical agnosia, which results from damage to the 
parahippocampal area, is characterized by impairment in scene recognition despite intact 
object recognition, (R. Epstein et al., 2001). Prosopagnosia is a kind of face-specific agnosia 
in which patients experience difficulty in indentifying the faces even in the absence of 
other kinds of visual agnosia. Some patients have suffered from deficits after damage to 
specific brain areas such as the occipito–temporal cortex (acquired prosopagnosia), 
whereas others have suffered from these deficits in the absence of neurological damage 
(developmental or congenital prosopagnosia). Due to the specificity of deficits in face 
recognition, the mechanism underlying prosopagnosia has been extensively studied in 
research addressing face recognition. Patients with psychiatric disorders such as 
schizophrenia also experience problems with face recognition, but their deficits derive 
primarily from neurodevelopmental alterations in the brain rather than from invasive 
brain damage (Cornblatt et al., 2003). Patients with schizophrenia have shown 
dysfunction in various cognitive domains including working memory, executive 
functioning (Antonova et al., 2004), and social perception (Marwick & Hall, 2008). 
Difficulties with the perception of social objects and the interpretation of social contexts 
have been identified as especially critical contributors to the outcomes of the illness, 
although the question of whether social dysfunction in schizophrenia is associated with 
other sorts of cognitive deficits remains debatable. 
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studies have sought to associate FFA activity with an inversion effect, but most could not 
find increased activity in this area (J. V. Haxby et al., 1999; Kanwisher et al., 1998; Schiltz 
& Rossion, 2006). In this context, the brain regions specific to each type of face processing 
remain unidentified. Maurer et al. (2007) investigated the neural mechanism 
underpinning featural and configurational processing using featurally or 
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adjacent to the FFA, exhibited more activity in response to spacing than to features (Fig. 
2). In addition to the right fusiform area, multiple regions in the right frontal cortex also 
showed increased activity during configurational processing, whereas left prefrontal 
activity increased during featural processing. These findings suggest that the neural 
correlates involved in the processing of second-order information are likely to differ from 
those involved in featural processing. Another similar study from Switzerland supported 
this notion by showing dissociated neural pathways associated with featural and 
configurational processing during face recognition (Lobmaier et al., 2008). Although no 
consensus on what brain regions are associated with each type of face processing has been 
reached thus far, speculation favoring separate neural networks for featural and 
configurational processing appears plausible.  

3. Aberrant face-recognition processing 
Close examination of patients who suffer from impaired face recognition should provide 
important insights into the mechanisms underlying face processing. Similar to studies 
focusing on healthy face processing, recent studies examining abnormal face recognition 
have attempted to identify the aspects of face processing that are impaired in disorders of 
face recognition. Interestingly, visual agnosia, which refers to the inability to recognize 
visual stimuli, is domain-specific. Indeed, damage to various brain areas caused various 
types of agnosia. For example, topographical agnosia, which results from damage to the 
parahippocampal area, is characterized by impairment in scene recognition despite intact 
object recognition, (R. Epstein et al., 2001). Prosopagnosia is a kind of face-specific agnosia 
in which patients experience difficulty in indentifying the faces even in the absence of 
other kinds of visual agnosia. Some patients have suffered from deficits after damage to 
specific brain areas such as the occipito–temporal cortex (acquired prosopagnosia), 
whereas others have suffered from these deficits in the absence of neurological damage 
(developmental or congenital prosopagnosia). Due to the specificity of deficits in face 
recognition, the mechanism underlying prosopagnosia has been extensively studied in 
research addressing face recognition. Patients with psychiatric disorders such as 
schizophrenia also experience problems with face recognition, but their deficits derive 
primarily from neurodevelopmental alterations in the brain rather than from invasive 
brain damage (Cornblatt et al., 2003). Patients with schizophrenia have shown 
dysfunction in various cognitive domains including working memory, executive 
functioning (Antonova et al., 2004), and social perception (Marwick & Hall, 2008). 
Difficulties with the perception of social objects and the interpretation of social contexts 
have been identified as especially critical contributors to the outcomes of the illness, 
although the question of whether social dysfunction in schizophrenia is associated with 
other sorts of cognitive deficits remains debatable. 
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Fig. 2. Neural correlates of face recognition. Brain regions (upper panel) and the pattern of 
activity (lower panel) involved with the featural (blue) and configurational processing (red). 
Adapted from Maurer et al. (2007) 

3.1 Prosopagnosia 
Prosopagnosia is a rare deficit characterized by impaired face identification. Patients with 
this neurological disorder experience difficulties with face recognition but function in an 
intact manner in tasks involving the visual recognition of non-face objects. Many studies 
have reported findings from single cases (Ariel & Sadeh, 1996; Bentin et al., 1999; Busigny & 
Rossion, in press; de Gelder & Rouw, 2000; Duchaine, 2000; Duchaine et al., 2003; 
McConachie, 1976; Saumier et al., 2001; Steeves et al., 2006; Wilkinson et al., 2009). Although 
several studies have compared the performances of groups, individual differences, even 
within the patient group, have been prominent, especially in the case of developmental 
prosopagnosia (Le Grand et al., 2006). The core question raised by these studies involves the 
nature of the face-recognition impairment in prosopagnosia. One influential early view held 
that these patients experienced difficulties with recognizing faces holistically (Levine & 
Calvanio, 1989). According to this assumption, patients failed to integrate featural 
information into a whole representation. This view appeared to be compelling for patients 
with acquired prosopagnosia who showed damage to the brain areas primarily linked to the 
occipito–temporal cortex. However, findings regarding developmental prosopagnosia have 
varied in that patients have shown individual differences on the same task due to the 
heterogeneity of this disorder. For example, of the eight patients with developmental 
prosopagnosia studied by Le Grand et al. (2006), seven showed normal abilities to the 
discriminate the top halves of faces under the misaligned condition; indeed, their 
performance under the misaligned condition was better than that under the aligned 
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condition, indicating intact holistic processing. Additionally, two patients showed specific 
deficits in the discrimination either of featurally or of configurationally modified faces, 
whereas one patient showed abnormalities in the ability to process both types of facial 
information. Another case study compared two patients, one with prosopagnosia and the 
other with object agnosia, to examine interactions between featural and configurational 
processing (Rivest et al., 2009). The main finding of this study was that the patient with 
prosopagnosia showed impairment in processing featural and configurational facial 
information, whereas the patient with object agnosia exhibited deficits in only featural 
processing despite normal face-recognition ability. The authors noted that configurational 
processing is required for face recognition and that therefore featural processing cannot 
proceed without configurational processing. Taken together, and despite the remaining 
controversy about the nature of face processing, the deficits found in studies related to 
prosopagnosia have implicated differentiated mechanisms underlying configurational and 
featural processing as well as their interactions.  

3.2 Schizophrenia  
Schizophrenia is a neuropsychiatric disorder characterized by social dysfunction as well as 
abnormal mental processes such as hallucinations and delusions. Patients with 
schizophrenia have difficulty identifying social objects such as faces (Joshua & Rossell, 2009; 
Shin et al., 2008) and bodies (Takahashi et al., 2010), recognizing facial expressions (Aleman 
& Kahn, 2005; Doop & Park, 2009; Morris et al., 2009; Pinkham et al., 2007), and 
understanding the mental states of others (Brüne & Brüne-Cohrs, 2006; Chung et al., 2008; 
Corcoran et al., 1995; Pinkham et al., 2003). Recent studies have investigated the basic 
mechanisms underlying impaired face recognition in this disorder. Shin et al. (2008) 
compared patients with schizophrenia with healthy control subjects without psychiatric 
histories in their ability to discriminate modified faces. This study found that patients with 
schizophrenia were less accurate in discriminating faces that differed with respect to 
configurational or featural facial information, whereas their ability to recognize modified 
non-face objects such as chairs was normal. Interestingly, the impairment in the ability to 
recognize configurational information was much greater than that in the ability to 
discriminate featural information. Additionally, the inversion effect was reduced among 
those with schizophrenia compared with those in the control group, indicating disrupted 
configurational processing among those with this disorder (Fig. 3).  
However, because both configurational and featural processing were abnormal in the 
patients in this study, the specific aspects of face processing that contributed to aberrant face 
recognition remain unclear. A recent study investigated the face-recognition abilities of 
individuals at risk for the development of schizophrenia (Kim et al., 2010). The results 
indicated that subjects at risk showed alterations only in their ability to discriminate 
configurational, not featural, information. This observation suggested the possibility that the 
impairments involved in configurational processing in the service of face recognition begin 
earlier than do those involved in featural processing and that featural processing gradually 
deteriorates prior to the onset of the illness. Another study from Australia reported similar 
findings in patients with schizophrenia (Joshua & Rossell, 2009). Patients with schizophrenia 
did not rely as heavily on configurational information as did control subjects, indicating less 
use of configurational processing. In this context, the difficulties with face recognition 
experienced by patients with schizophrenia can probably be attributed to impairment in 
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condition, indicating intact holistic processing. Additionally, two patients showed specific 
deficits in the discrimination either of featurally or of configurationally modified faces, 
whereas one patient showed abnormalities in the ability to process both types of facial 
information. Another case study compared two patients, one with prosopagnosia and the 
other with object agnosia, to examine interactions between featural and configurational 
processing (Rivest et al., 2009). The main finding of this study was that the patient with 
prosopagnosia showed impairment in processing featural and configurational facial 
information, whereas the patient with object agnosia exhibited deficits in only featural 
processing despite normal face-recognition ability. The authors noted that configurational 
processing is required for face recognition and that therefore featural processing cannot 
proceed without configurational processing. Taken together, and despite the remaining 
controversy about the nature of face processing, the deficits found in studies related to 
prosopagnosia have implicated differentiated mechanisms underlying configurational and 
featural processing as well as their interactions.  
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Schizophrenia is a neuropsychiatric disorder characterized by social dysfunction as well as 
abnormal mental processes such as hallucinations and delusions. Patients with 
schizophrenia have difficulty identifying social objects such as faces (Joshua & Rossell, 2009; 
Shin et al., 2008) and bodies (Takahashi et al., 2010), recognizing facial expressions (Aleman 
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Corcoran et al., 1995; Pinkham et al., 2003). Recent studies have investigated the basic 
mechanisms underlying impaired face recognition in this disorder. Shin et al. (2008) 
compared patients with schizophrenia with healthy control subjects without psychiatric 
histories in their ability to discriminate modified faces. This study found that patients with 
schizophrenia were less accurate in discriminating faces that differed with respect to 
configurational or featural facial information, whereas their ability to recognize modified 
non-face objects such as chairs was normal. Interestingly, the impairment in the ability to 
recognize configurational information was much greater than that in the ability to 
discriminate featural information. Additionally, the inversion effect was reduced among 
those with schizophrenia compared with those in the control group, indicating disrupted 
configurational processing among those with this disorder (Fig. 3).  
However, because both configurational and featural processing were abnormal in the 
patients in this study, the specific aspects of face processing that contributed to aberrant face 
recognition remain unclear. A recent study investigated the face-recognition abilities of 
individuals at risk for the development of schizophrenia (Kim et al., 2010). The results 
indicated that subjects at risk showed alterations only in their ability to discriminate 
configurational, not featural, information. This observation suggested the possibility that the 
impairments involved in configurational processing in the service of face recognition begin 
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deteriorates prior to the onset of the illness. Another study from Australia reported similar 
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did not rely as heavily on configurational information as did control subjects, indicating less 
use of configurational processing. In this context, the difficulties with face recognition 
experienced by patients with schizophrenia can probably be attributed to impairment in 
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configurational processing. Deficient configurational processing may force patients to rely 
on featural information to recognize faces, resulting in imperfect face recognition. 
 

  
Fig. 3. Comparison of face discrimination performance between patients with schizophrenia 
and healthy controls. Adapted from Shin et al. (2008) 

4. Conclusion  
The ability to recognize faces is crucial for social communication and adaptation in human 
societies. Although several research approaches have sought to provide a clear answer to 
how and on what basis faces are recognized, this questions remain unanswered at this point. 
Relatively confirmatory long-standing evidence has suggested that face processing is 
distinct from the processing of non-face objects; this evidence has included behavioral 
phenomena such as the inversion effect, the existence of a face-specific disorder such as 
prosopagnosia, and neural correlates (e.g., the FFA) that have exhibited relative selectivity 
in their responses to faces. The first line of behavioral studies has provided various effective 
tasks or techniques to enable differentiation between featural and configurational 
processing, establishing a foundation for identifying the mechanisms underlying face 
recognition. Observations from behavioral studies have served as a basis for ideas and 
assumptions about how featural and configurational processing contribute to face 
recognition. Nonetheless, behavioral data do not consistently and clearly explain whether 
one type of processing plays a dominant role in face recognition or whether both types of 
facial processing interact or act independently. An extreme view has argued that holistic 
processing, in interaction with featural information, dominates face recognition. At the other 
extreme, arguments that featural information is processed independently and is critical for 
face recognition have been advanced. A neutral view holds that both featural and 
configurational data are important and that they interact in the accurate and efficient 
recognition of faces. According to limited recent evidence, the last assumption appears to be 
the most plausible. Some patients with prosopagnosia were unable to utilize configurational 
information, but others failed to recognize featural information, although all showed 
difficulties in the identification of faces. This evidence raises questions about whether 
people would fail to recognize faces if one type of process were disrupted. In other words, 
do both types of processing make essential contributions to accurate face recognition?  
Recent evidence has implicated the operation of separate neural mechanisms for featural 
and configurational processing. If featural and configurational processing interact during 
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face recognition, it can be presumed that the two types of information, processed in separate 
brain regions, would be connected through neural networks that function in an interactive 
way. Future studies investigating neural connectivity will help our understanding of the 
nature of the interplay between featural and configurational face processing and will clarify 
how faces are processed. Indeed, studies conducted from within different domains—
including neuropsychology, neurophysiology, neuroimaging, neurology, and psychiatry—
should be synthesized. The data collected thus far are insufficient for determining the 
processes underlying face recognition. Future research using effective tasks is needed to 
elucidate the neuropsychological mechanisms and neural correlates involved in healthy and 
abnormal face processing. 
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1. Introduction 
Reports of cases of patients suffering from an impairment of the brain function of face 
recognition have appeared in the medical literature since 1923. In some instances the cause 
is a cerebral accident, others occur in the context of a psychiatric condition. 
Those face recognition disorders associated with psychiatric diseases are called 
misidentification syndromes and may be less well known by clinicians. 
There are several syndromes, all defined by the delusional belief that familiar people or 
even the patient himself have been replaced by doubles or sosies. 
The first and most common disorder to have been described is the Capgras delusion named 
after French Professor Jean-Marie Joseph Capgras who, with his intern Jean Reboul-
Lachaux, first described this “curious little syndrome”1 as he named it (Capgras & Reboul-
Lachaux, 1923). 

1.1 Clinical interest of Capgras delusion 
Clinical studies of this pathology are justified and valuable because it is a disease that is 
stable over time, that can last for years and that is similar between patients whatever the 
context. 
Hence Capgras delusion seems to be a basic concept, a clinical entity that is found in several 
diseases, both of lesional (neurologic, iatrogenic, infectious…) or psychiatric etiology. This 
observation has given rise to numerous debates about whether Capgras delusion is a 
symptom or a syndrome, a controversy that we won’t discuss in this chapter. 

1.2 Psychopathological interest 
Understanding the abnormality in Capgras delusion could help understand the physiology 
underlying the identification and recognition of individuals by the human brain.  
In this chapter, we first clinically describe the Capgras delusion and other misidentification 
syndromes in their historic version. Then we examine the different explanatory models that 
have been reported in the scientific literature, considering psychodynamical hypotheses, 
neurocognitive and neuro-lesional theories and finally global models. 

                                                 
1 In French “un curieux petit syndrome” 
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2. Clinical description of misidentification syndromes 
2.1 Some epidemiological data 
Several classifications of psychiatric diseases have been developed because psychiatry is 
mainly a clinical science. As Capgras delusion occurs in many diseases, no standard 
definition exists for this particular entity in the current international classifications such as 
in the Diagnostic and Statistical manual of Mental disorders (APA, 1994) or the International 
Classification of diseases (WHO, 2010).  
Thus evaluating its frequency is challenging. Capgras delusion is believed to occur seldom 
(or stays unnoticed), but seems to be the most common of the misidentification syndromes 
known. 
Its prevalence varies widely across studies. Huang et al. report a prevalence of 2.5% among 
patients admitted in the psychiatric unit of the Memorial Hospital of Chang Gung in Taiwan 
between October 1994 and November 1995 (Huang et al., 1999, as cited in Henriet et al., 
2008) against 0.14% for Fischbain among patients admitted to the psychiatric emergency 
unit of the Jackson Memorial Hospital in Miami during the year 1983 (Fishbain, 1987, as 
cited in Henriet et al., 2008). 

2.2 Historical description of Capgras delusion 
French Professor Jean-Marie Joseph Capgras and his intern Jean Reboul-Lachaux presented 
the original case of Mrs M. to the Clinical Society of Mental Health in Paris in 1923. He first 
termed it “l’illusion des sosies” (Capgras & Reboul-Lachaux, 1923). 
Mrs M., a 53 year old seamstress, was living in Paris with her husband and their 20 year old 
daughter. She was hospitalized in 1919 in the French psychiatric hospital Maison-Blanche 
after asking the Police to help her free the many people sequestrated in the basement of her 
house and throughout Paris. Professor Capgras reported how Mrs M. explained that she 
was the victim of a vast conspiracy of “sosies”, real people being imprisoned underground 
while their doubles act badly. 
“Her husband [...] also disappeared: a sosie took his place; she wanted to divorce this sosie; 
she drew up a complaint and requested a separation from the court. Her real husband was 
murdered and the "gentlemen" who come to visit her at the hospital are "sosies" of her 
husband; she counted at least eighty of them. [...] "If this person is my husband, she says, he 
is totally unrecognizable, he is transformed. I certify that this so-called husband that they are 
trying to foist on me in fact ceased to exist ten years ago".”2 
“To replace my stolen daughter, they always put another one who was in turn removed and 
immediately replaced ... Whenever they took away a child, they gave me another one who 
looked like her. I had over two thousand in five years [...]. Every day girls came to my home 
and every day they were taken away; I warned the Police Superintendent, saying that their 
parents had disappeared and that these girls had pricks to the face to remove all their ideas 

                                                 
2 In French “Son mari […] a également disparu : un sosie a pris sa place ; elle a voulu divorcer d’avec ce 
sosie ; elle a adressé une plainte et fait une demande de séparation au Palais. Son véritable mari a été 
assassiné et "les messieurs" qui viennent la voir sont des "sosies" de son mari ; elle en a compté au moins 
quatre-vingts. […] Si cette personne est mon mari, il est plus que méconnaissable, c’est une personne 
métamorphosée. Je certifie que le prétendant mari que l’on cherche à m’insinuer pour le mien n’existe 
plus depuis dix ans. ” 
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and that they were abused ... This coming and going of children at my house lasted from 
1914 to 1918 without interruption.”3 
“But disappearances go well beyond the family of Mrs. M., extending to her household, to 
the whole world and especially to Paris. [...] All the people who are around Mrs M. every 
day at the hospital have their sosies. [...] The head of department has been replaced by sosies 
and when asked if she is certain, she stops and then, with conviction, exclaims "The doctors 
who come here with a cloak, you can’t tell me there is only one: I know at least fifteen of 
them! "”4 
The patient herself uses the word “sosie”. The concept of the existence of doubles is the 
clinical particularity of this delusion for Capgras. 
Capgrass and Reboul-Lachaux explained the process of face recognition as a struggle 
between two feelings caused by the visual stimulus: a sense of familiarity and a sense of 
strangeness, which he compared with the mixed feelings one has when confronted with 
someone one hasn’t seen in a long time. 
In the case of Mrs. M., the sensory recognition is associated with the feeling of strangeness, 
the sense of familiarity has disappeared. Capgras believed it didn’t come from a sensory 
disorder but from a primary affective disorder with a secondary delusional interpretation 
or, as Capgras said “an emotional state first, then a habit, finally an automatic state of 
mind.”5 

2.3 Other misidentification syndromes are known 
2.3.1 Fregoli delusion 
The “syndrome d’illusion de Frégoli” was first described in 1927 by two French 
psychiatrists, Paul Courbon and Gustave Fail (Courbon & Fail, 1927, as cited in Henriet et 
al., 2008). 
In this syndrome, the patient holds the delusion that different people who have no physical 
resemblance are in fact a single person who changes appearance or is in disguise, like the 
famous Italian actor Leopoldo Fregoli (1867-1936) who was renowned for his ability to make 
quick changes of appearance during his stage act. 
In the original case, a 27 year old French woman, a servant, believed she was the victim of 
two actresses, Sarah Bernhardt and Robine, who had the capacity to take over the bodies of 
the people she met, to take her thoughts or to make her do specific acts. Her persecutors had 

                                                 
3 “Pour me remplacer ma propre fille volée, on en mettait toujours une, à son tour enlevée et remplacée 
aussitôt… Au fur et à mesure qu’ils m’enlevaient une enfant, ils m’en donnaient une autre qui lui 
ressemblait. J’en ai eu plus de deux mille en cinq ans  […] Il venait journellement des fillettes chez moi 
qui journellement m’étaient enlevées ; j’ai prévenu le Commissaire de police du quartier Necker lui 
disant que leurs parents avaient disparu et que ces fillettes avaient des piqûres à la physionomie pour 
leur enlever toute idée et qu’elles étaient maltraitées… Ce va-et-vient d’enfants chez moi a duré de 1914 
à 1918, sans discontinuer.” 
4 “Mais les disparitions débordent largement le milieu familial de Mme M., pour s’étendre à sa maison, 
au monde entier et spécialement à Paris. […] Tous les gens qui entourent journellement Mme M. à 
l’asile ont leurs sosies. […] On a remplacé le chef de service par des sosies et comme on lui demande si 
elle en est bien certaine, elle s’arrête, puis, avec conviction, s’exclame "Les docteurs qui viennent ici avec 
les pèlerines, vous ne me direz pas qu’il n’y en a qu’un : j’en connais au moins quinze ! " ” 
5 In French “un état affectif d’abord, une habitude, une tournure d’esprit ensuite” 
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the power of Fregoli and could even “fregolify” other people, meaning to put other people 
than themselves inside the bodies of relatives of the patient. 

2.3.2 Intermetamorphosis or "syndrome d'intermétamorphose et de charme" 
Soon after Capgras delusion and Fregoli syndrome, a case of “intermetamorphosis” was 
presented to the medical and psychological society meeting in Paris by Paul Courbon and 
Jean Tusques (Courbon & Tusques, 1932). 
The main symptom is the belief that the body and soul of different people are incarnated in 
the body of a single person. 

2.3.3 The syndrome of subjective doubles 
In this more recently described pathology (Christodoulou, 1978, as cited in Henriet et al., 
2008), the subject experiences the illusion that he or she has one or more doubles with the 
same physical appearance but different character traits, with each double leading a life of its 
own. 

2.4 What misidentification syndromes have in common (Weinstein, 1994, as cited in 
Henriet, 2003) 
A first common trait is the belief in duplication of people. Each patient suffering from one of 
these syndromes has the idea that multiple versions of people can exist at the same moment 
(but not at the same place). 
This illusion of substitution comes from an agnosia of identification: the impersonator is 
physically identical (i.e. physically recognized) but psychologically different (the sense of 
familiarity that should accompany the visual recognition has disappeared). 
The impersonator uses his resemblance with the real person to persecute the patient; he is 
always ill intentioned. 
The person replaced isn’t chosen at random. In most cases the person is emotionally related 
to the patient, by attraction or repulsion. 
Finally, in every case, the fate of the « original » person seems quite unimportant: he or she 
may have disappeared, been kidnapped, confined, murdered… The explanations are often 
poor and evasive, given with little emotion. 

2.5 Their differences according to the literature 
To work on these syndromes, authors tried to classify them according to their differences, 
suggesting that the psychopathology processes could be different. 
For Jacques Vié in 1930, all of the misidentification syndromes are a single disease that he 
calls “syndrome des sosies” and that can take two forms: a positive and a negative form. In 
the first category, the patient finds imaginary resemblances between people; Vié in this case 
describes the sosies as “positive”, as in Fregoli delusion or intermetamorphosis.  In the 
second category, the person denies the identity of his relative, discovering tiny differences 
between the “original” person and his sosie, creating a “negative” double. Capgras delusion 
or the syndrome of subjective doubles are examples of the negative form of syndrome des 
sosies (Vié, 1930). 
Georgios Christodoulou in 1977 proposed the same kind of classification, distinguishing 
hypo-identification from hyper-identification syndromes (Christodoulou, 1977, as cited in 
Henriet, 2003). Some specific facial recognition tests could differentiate between these two 
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sub-groups of patients suggesting that the facial recognition process is altered in different 
ways in the two groups (Walther et al., 2010). 
Oyebode in 1996 identified patients who recognize familiar faces (Capgras), and patients 
who recognize unfamiliar faces (Frégoli). According to this author, this distinction could 
mean that these two syndromes come from two different anatomical lesions, considering 
that the recognition process for familiar faces would be located in the right temporal lobe 
whereas for unfamiliar faces the right parietal lobe would be implicated (Oyebode et al., 
1996, as cited in Henriet, 2003). 

2.6 These clinical entities are found in several pathologies 
Capgras delusion can be associated with organic diseases like epilepsy, stroke, iatrogenic 
pathologies or infectious diseases. Capgras delusion seems to be mostly found coupled with 
psychiatric disorders, mainly paranoid schizophrenia, but also mood or schizoaffective 
disorders. 
A case of isolated Capgras was described by Henriet et al. in 2006. A 59 year old woman 
believed her husband and daughter were replaced by evil sosies. The paraclinical test results 
(blood test, electroencephalogram, cerebral scan, single photon emission computed 
tomography, intellectual efficiency) were normal, showing no neurological disease. The 
psychiatric exam didn’t reveal any schizophrenia, chronic hallucinatory psychosis, paranoid 
psychosis or mood disorder. She had a similar episode four years earlier and recovered 
without treatment at the time, keeping her social and professional position. 

2.7 Differential diagnosis 
The “recognitions” in Capgras delusion are different from false recognitions which are 
defined by the recognition of an unknown person. Patients with false recognitions perceive 
face similarities when there aren’t any whereas patients with Capgras detect tiny details to 
justify their denial of the identity of the person. 
Capgras is not a memory disorder because the patient doesn’t have any trouble 
remembering the faces of the people whose identity he denies. 
Capgras differs also from prosopagnosia. The latter is the inability to recognize faces of 
familiar people by sight (but the person can be recognized by his or her voice, glasses, 
mustache…), but is not accompanied by the mention of the existence of sosies or by 
persecutory delusional experiences. 
The symptoms of paramnesia of reduplication look like Capgras delusion because the 
patient holds the delusional belief that a place or a person familiar to him has been 
duplicated, but there isn’t any notion of substitution or imposture. 

3. Explanatory models of face recognition 
Three categories of models have been considered in the scientific literature. Psychodynamic 
theories inspired by psychoanalysis were initially preferred given the selective nature and 
the emotional value of the sosified person (most of the time a family member, or the 
patient’s caregiver).  
Neuro-lesional models have been developed starting from the 1960s with the objective of 
locating the face processing area in the human brain, using anatomical and functional 
neuro-imaging techniques. 
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sub-groups of patients suggesting that the facial recognition process is altered in different 
ways in the two groups (Walther et al., 2010). 
Oyebode in 1996 identified patients who recognize familiar faces (Capgras), and patients 
who recognize unfamiliar faces (Frégoli). According to this author, this distinction could 
mean that these two syndromes come from two different anatomical lesions, considering 
that the recognition process for familiar faces would be located in the right temporal lobe 
whereas for unfamiliar faces the right parietal lobe would be implicated (Oyebode et al., 
1996, as cited in Henriet, 2003). 

2.6 These clinical entities are found in several pathologies 
Capgras delusion can be associated with organic diseases like epilepsy, stroke, iatrogenic 
pathologies or infectious diseases. Capgras delusion seems to be mostly found coupled with 
psychiatric disorders, mainly paranoid schizophrenia, but also mood or schizoaffective 
disorders. 
A case of isolated Capgras was described by Henriet et al. in 2006. A 59 year old woman 
believed her husband and daughter were replaced by evil sosies. The paraclinical test results 
(blood test, electroencephalogram, cerebral scan, single photon emission computed 
tomography, intellectual efficiency) were normal, showing no neurological disease. The 
psychiatric exam didn’t reveal any schizophrenia, chronic hallucinatory psychosis, paranoid 
psychosis or mood disorder. She had a similar episode four years earlier and recovered 
without treatment at the time, keeping her social and professional position. 

2.7 Differential diagnosis 
The “recognitions” in Capgras delusion are different from false recognitions which are 
defined by the recognition of an unknown person. Patients with false recognitions perceive 
face similarities when there aren’t any whereas patients with Capgras detect tiny details to 
justify their denial of the identity of the person. 
Capgras is not a memory disorder because the patient doesn’t have any trouble 
remembering the faces of the people whose identity he denies. 
Capgras differs also from prosopagnosia. The latter is the inability to recognize faces of 
familiar people by sight (but the person can be recognized by his or her voice, glasses, 
mustache…), but is not accompanied by the mention of the existence of sosies or by 
persecutory delusional experiences. 
The symptoms of paramnesia of reduplication look like Capgras delusion because the 
patient holds the delusional belief that a place or a person familiar to him has been 
duplicated, but there isn’t any notion of substitution or imposture. 

3. Explanatory models of face recognition 
Three categories of models have been considered in the scientific literature. Psychodynamic 
theories inspired by psychoanalysis were initially preferred given the selective nature and 
the emotional value of the sosified person (most of the time a family member, or the 
patient’s caregiver).  
Neuro-lesional models have been developed starting from the 1960s with the objective of 
locating the face processing area in the human brain, using anatomical and functional 
neuro-imaging techniques. 
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More recently the development of cognitive neuropsychology offered a different approach 
based on models of the face processing function, trying to discover not the brain structure 
responsible for the dysfunction, but the cognitive operation deficiency. 

3.1 Psychodynamic models 
These models were mainly developed at the time of the first description in 1923, 
approximately when Sigmund Freud was elaborating his psychoanalytic theories, in 
particular in his book “The Uncanny” (“Das Unheimliche”) where he discusses the concept 
of the “double” (Freud, 1919, as cited in Henriet, 2003). 
The first theory is the hypothesis of depersonalization where the notion of sosie would be 
due to the projection by the patient of his own “Uncanny” on others. The patient finds it 
easier to believe that others have changed rather than himself. Hence the impression of “not 
being oneself” becomes the impression of others “not being themselves”, having been 
replaced by sosies. 
The most widely accepted psychodynamic theory currently is the hypothesis that Capgras 
delusion is a psychotic solution to the problem of ambivalence. 
The definition of ambivalence in psychoanalysis is the fact of having simultaneously 
contradictory feelings toward a person, usually love and hate. The defense mechanism used 
to cope with these conflicting feelings depends on personality.  
For patients suffering from Capgras delusion, the defense mechanism used to cope with the 
split between the feeling of hate and the feeling of love would be the idea of the existence of 
two persons: a bad one, the sosie, considered as an impostor and a persecutor, and a good 
one, the “original” person. This theory allows the patient to continue loving his or her 
relative while expressing his or her hate of the sosie without any feeling of guilt.  
Capgras delusion is also believed to result from early relational disturbances, or a childhood 
trauma causing a loss of confidence in the reality of the objective world or even an attempt 
to overcome a poorly repressed Oedipius complex. 
Jean-Marie Joseph Capgras’ own etiological hypothesis is a primary affective disorder 
because of the simultaneous feelings of familiarity and strangeness. He explained that the 
belief in sosies is the intellectual conclusion of disturbed feelings. 

3.2 Psychometrics 
Neuropsychological tests are based on the concept of the human face as a specific 
recognition object. Thus the human face is seen as a geometric figure that changes with 
age, mood, health status, presence of accessories (glasses, make-up …) or expressed 
emotions. 
Psychometric tests use match-to sample, discrimination or naming of human faces which 
differ in the viewing  angle, the sex, the age, the expressed emotion, the pose, the features... 
For instance, the Benton Face Recognition Test (Benton & Van Allen, 1968 as cited in Vanier, 
1991) evaluates face identification skills by matching pictures of non familiar faces 
presenting differences in the lighting or the viewing angle. The Bruyer and Schweich face 
recognition battery uses a famous faces discrimination task and identification subtests of 
features independent of the expression (Bruyer & Schweich, 1991). Familiarity can also be 
experimentally induced before the tests with repeated exposure to a face.  
Neuropsychological models have been developed based on the test errors observed in 
Capgras delusion and prosopagnosia patients. 
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3.2.1 Bruce and Young’s sequential model  
Bruce and Young imagined a three step model of face recognition that progresses in a 
particular order (Bruce & Young, 1986, as cited in Ellis, 2004). 
The first step is the encoding (i.e the conversion of the stimulus to information that can be 
stored in memory) of general physical characteristics such as age, sex or skin color and of 
physiognomic characteristics that are unique to this face. 
The next step is the comparison of this information with the memory stock of familiar 
people (composed of different Face Recognition Units or FRU), producing or not the feeling 
of familiarity. 
If the face is familiar, the final step consists of the stimulation by the FRU of the Person 
Identity Node (or PIN) containing the relevant semantic and biographical information. 
In Capgras delusion, the third step would be disturbed resulting in a dysfunction of the 
access to the sosified person’s PIN, the recognition of his face (steps 1 and 2) being 
preserved but not his identification. The familiar face activates the information related to the 
imaginary persecutor and not those of the real person. 
 

.  

Fig. 1. A simplified version of Bruce & Young’s sequential model. A familiar face activates 
the corresponding Face Recognition Unit (FRU), then the Personal Identity Node (PIN), 
finally the Name Retrieval Module (Bruce & Young, 1986, as cited in Ellis, 2004). 

  My name is 
Sophie 

My name is 
Gaspard 

Stimulus Encoding 

FRU FRU FRU 

   

   

Unknown 
person 

PIN PIN PIN 

Sophie Gaston Patrick 



 
Face Analysis, Modeling and Recognition Systems 

 

154 

More recently the development of cognitive neuropsychology offered a different approach 
based on models of the face processing function, trying to discover not the brain structure 
responsible for the dysfunction, but the cognitive operation deficiency. 

3.1 Psychodynamic models 
These models were mainly developed at the time of the first description in 1923, 
approximately when Sigmund Freud was elaborating his psychoanalytic theories, in 
particular in his book “The Uncanny” (“Das Unheimliche”) where he discusses the concept 
of the “double” (Freud, 1919, as cited in Henriet, 2003). 
The first theory is the hypothesis of depersonalization where the notion of sosie would be 
due to the projection by the patient of his own “Uncanny” on others. The patient finds it 
easier to believe that others have changed rather than himself. Hence the impression of “not 
being oneself” becomes the impression of others “not being themselves”, having been 
replaced by sosies. 
The most widely accepted psychodynamic theory currently is the hypothesis that Capgras 
delusion is a psychotic solution to the problem of ambivalence. 
The definition of ambivalence in psychoanalysis is the fact of having simultaneously 
contradictory feelings toward a person, usually love and hate. The defense mechanism used 
to cope with these conflicting feelings depends on personality.  
For patients suffering from Capgras delusion, the defense mechanism used to cope with the 
split between the feeling of hate and the feeling of love would be the idea of the existence of 
two persons: a bad one, the sosie, considered as an impostor and a persecutor, and a good 
one, the “original” person. This theory allows the patient to continue loving his or her 
relative while expressing his or her hate of the sosie without any feeling of guilt.  
Capgras delusion is also believed to result from early relational disturbances, or a childhood 
trauma causing a loss of confidence in the reality of the objective world or even an attempt 
to overcome a poorly repressed Oedipius complex. 
Jean-Marie Joseph Capgras’ own etiological hypothesis is a primary affective disorder 
because of the simultaneous feelings of familiarity and strangeness. He explained that the 
belief in sosies is the intellectual conclusion of disturbed feelings. 

3.2 Psychometrics 
Neuropsychological tests are based on the concept of the human face as a specific 
recognition object. Thus the human face is seen as a geometric figure that changes with 
age, mood, health status, presence of accessories (glasses, make-up …) or expressed 
emotions. 
Psychometric tests use match-to sample, discrimination or naming of human faces which 
differ in the viewing  angle, the sex, the age, the expressed emotion, the pose, the features... 
For instance, the Benton Face Recognition Test (Benton & Van Allen, 1968 as cited in Vanier, 
1991) evaluates face identification skills by matching pictures of non familiar faces 
presenting differences in the lighting or the viewing angle. The Bruyer and Schweich face 
recognition battery uses a famous faces discrimination task and identification subtests of 
features independent of the expression (Bruyer & Schweich, 1991). Familiarity can also be 
experimentally induced before the tests with repeated exposure to a face.  
Neuropsychological models have been developed based on the test errors observed in 
Capgras delusion and prosopagnosia patients. 

 
Psychiatric Disorders of Face Recognition 

 

155 

3.2.1 Bruce and Young’s sequential model  
Bruce and Young imagined a three step model of face recognition that progresses in a 
particular order (Bruce & Young, 1986, as cited in Ellis, 2004). 
The first step is the encoding (i.e the conversion of the stimulus to information that can be 
stored in memory) of general physical characteristics such as age, sex or skin color and of 
physiognomic characteristics that are unique to this face. 
The next step is the comparison of this information with the memory stock of familiar 
people (composed of different Face Recognition Units or FRU), producing or not the feeling 
of familiarity. 
If the face is familiar, the final step consists of the stimulation by the FRU of the Person 
Identity Node (or PIN) containing the relevant semantic and biographical information. 
In Capgras delusion, the third step would be disturbed resulting in a dysfunction of the 
access to the sosified person’s PIN, the recognition of his face (steps 1 and 2) being 
preserved but not his identification. The familiar face activates the information related to the 
imaginary persecutor and not those of the real person. 
 

.  

Fig. 1. A simplified version of Bruce & Young’s sequential model. A familiar face activates 
the corresponding Face Recognition Unit (FRU), then the Personal Identity Node (PIN), 
finally the Name Retrieval Module (Bruce & Young, 1986, as cited in Ellis, 2004). 

  My name is 
Sophie 

My name is 
Gaspard 

Stimulus Encoding 

FRU FRU FRU 

   

   

Unknown 
person 

PIN PIN PIN 

Sophie Gaston Patrick 



 
Face Analysis, Modeling and Recognition Systems 

 

156 

This sequential model is currently supplanted by a serial model which better accounts for 
Capgras delusion. 

3.2.2 The two-route model of face recognition has become a widely accepted 
hypothesis  
Bauer suggested another model, based on the observed emotional reactivity caused by a face 
in prosopagnosic patients (Bauer, 1984, 1986, as cited in Breen et al., 2000). He assumed that 
emotional reactivity could be measured by “skin conductance response” (which varies with 
the skin’s sweating level), and that a change in this parameter would represent an 
unconscious recognition of the face. In prosopagnosia, a change in the patient’s skin 
conductance response appears when he is confronted with a familiar face, but he isn’t 
capable of consciously recognizing his relative. Bauer concluded that there are two parallel 
pathways, instead of one in the first model, connecting the visual cortex to the limbic system 
(an association of cerebral areas believed to support emotion, behavior, and memory skills).  
The first is an overt ventral route via the inferior temporal lobe which makes it possible to 
recognize consciously and explicitly the identity of the observed face. 
The second is the covert dorsal route going via the superior temporal sulcus and the inferior 
parietal lobule which is responsible for the affective and unconscious recognition of the face. 
In a 1990 paper published in the British Journal of Psychiatry, psychologists Ellis and 
Young, considering Bauer’s model, suggested that Capgras delusion could result from a 
dysfunction of the dorsal route with an intact ventral route (Ellis & Young, 1990, as cited in 
Henriet et al., 2008). 
In the case of patients with Capgras delusion, the Ellis and Young hypothesis was confirmed 
with the observation of a deficit in emotional reactivity while the conscious awareness of 
recognition is preserved (Hirstein & Ramachandran, 1997). The patient physically 
recognizes his relative’s face but doesn’t have the affective confirmation of this recognition. 
Faced with this conflicting information, he calls upon rationalization and concludes that 
there must be a sosie of his relative. The authors emphasized the fact that the face 
recognition deficit in Capgras delusion is selective to the visual domain. Indeed some 
patients remain capable of recognizing their sosified relative by his voice.  
Ellis and Young also hypothesized Capgras delusion could be the “mirror” of 
prosopagnosia. In Bauer’s model, prosopagnosia would represent an interruption in the 
overt route, whereas Capgras delusion would result from an impairment of the covert 
pathway. 

3.2.3 Breen’s serial model  
Breen et al. proposed in 2000 a bidirectional cognitive model of face processing based on 
Bauer’s model. They state that there isn’t any evidence supporting the theory of two 
anatomical regions responsible for face recognition. Thus they claim that the visual-limbic 
ventral route described by Bauer is the sole face processing area of the human brain. 
They argue that within this area there are two functional pathways from the Face 
Recognition Unit, one leading to the related Personal Identity Node, the other to an 
“affective response to familiar stimuli” module. The two pathways are independent. 
According to the authors, Capgras delusion would be the outcome of a lesion or a 
dysfunction in the access to the additional module, whereas prosopagnosia would be the 
result of a dysfunction in the FRU or in the access to the associated PIN. 
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Fig. 2. A simplified version of Breen’s serial model based on Bauer’s theory. Two 
independent cognitive pathways leading to the person’s identification but one anatomical 
route (Breen et al., 2000). 
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Fig. 2. A simplified version of Breen’s serial model based on Bauer’s theory. Two 
independent cognitive pathways leading to the person’s identification but one anatomical 
route (Breen et al., 2000). 
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Fig. 3. An adapted version of the Ellis and Lewis model model. The Personal Identity Node 
(PIN) and the affective response module are connected by an integrative device (Ellis & 
Lewis, 2001, as cited in Henriet, 2003). 
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3.2.4 Ellis and Lewis add a step to Breen’s model  
They suggest that the information coming from the recognition system and the affective 
response system are re-integrated to be matched with the memorized face (Ellis & Lewis, 
2001, as cited in Henriet, 2003). This processing would take place in an “integrative device”. 
Capgras delusion would appear if the face is recognized but the familiarity response is not 
confirmed.  

3.3 Neuro-lesional models 
Neuro-lesional models of Capgras delusion were developed after cases of Capgras delusion  
associated with organic diseases and not just psychiatric conditions were described, for 
instance with migraine or cerebral localization of human immunodeficiency virus. New 
paraclinical tests have also become available, especially neuro-imaging techniques. 
Cases of prosopagnosia have been widely studied to understand the anatomical support of 
face recognition. Results have been extrapolated to account for Capgras delusion. 

3.3.1 A right hemisphere dysfunction 
Ellis in 1994 suggested that Capgras delusion results from a right hemisphere dysfunction 
based on two arguments (Ellis, 1994, as cited in Henriet, 2003). 
The first argument was that schizophrenia is due to a right hemisphere dysfunction 
(Cutting, 1985, as cited in Henriet, 2003), a hypothesis that is currently widely criticized. 
The second argument was based on a literature review (Feinberg & Shapiro, 1989, as cited in 
Henriet, 2003) which demonstrated that the majority of patients with Capgras delusion 
associated with brain abnormalities (they listed 26 patients in this situation in the literature) 
had bilateral lesions. If lesions were unilateral (the case for 8 among the 26 patients), the 
lesions were most often in the right hemisphere. 
His hypothesis was supported by cognitive neuropsychological data from his 1993 study 
where he presented two images of faces in the right or the left visual hemi-field to a group 
of 3 patients with Capgras delusion and to a control group of 3 patients diagnosed with 
schizophrenia (Ellis et al., 1993, as cited in Henriet et al., 2008). The subjects had to 
determine whether the two faces were identical or different, and their answer was timed. He 
postulated that “normal” subjects would react faster when the images are presented in the 
left side of their visual field, because the right cerebral hemisphere would process the 
stimulus faster than the left one. The results in the Capgras delusion group showed no 
difference between the two hemi-fields, whereas the answer was faster in the left hemi-field 
for the schizophrenia group. Ellis’s conclusion, aside from contradicting Cutting’s theory 
about schizophrenia, was that the face processing deficit in Capgras delusion is located in 
the right hemisphere. 

3.3.2 Gobbini and Haxby incorporate neuro-imaging data within neuropsychological 
models (Gobbini & Haxby, 2007) 
Recently, functional magnetic resonance imaging (fMRI) studies have found anatomic 
regions giving rise to face-related activity in the right hemisphere. An association of two 
cortical networks, a core and an extended one, are believed to be in charge of the different 
functions implicated in face recognition. 
The core system could be composed of separate anatomical regions, like the lateral portion 
of the mid-fusiform gyrus or “fusiform face area” or FFA which has been discovered 
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Fig. 3. An adapted version of the Ellis and Lewis model model. The Personal Identity Node 
(PIN) and the affective response module are connected by an integrative device (Ellis & 
Lewis, 2001, as cited in Henriet, 2003). 

Stimulus Encoding 

FRU 

 
Sophie 

 
PIN 

 

 
Affective 

response to 
familiar 
stimuli 

 Integrative 
device 

My name is 
Sophie 

 
Psychiatric Disorders of Face Recognition 

 

159 

3.2.4 Ellis and Lewis add a step to Breen’s model  
They suggest that the information coming from the recognition system and the affective 
response system are re-integrated to be matched with the memorized face (Ellis & Lewis, 
2001, as cited in Henriet, 2003). This processing would take place in an “integrative device”. 
Capgras delusion would appear if the face is recognized but the familiarity response is not 
confirmed.  

3.3 Neuro-lesional models 
Neuro-lesional models of Capgras delusion were developed after cases of Capgras delusion  
associated with organic diseases and not just psychiatric conditions were described, for 
instance with migraine or cerebral localization of human immunodeficiency virus. New 
paraclinical tests have also become available, especially neuro-imaging techniques. 
Cases of prosopagnosia have been widely studied to understand the anatomical support of 
face recognition. Results have been extrapolated to account for Capgras delusion. 

3.3.1 A right hemisphere dysfunction 
Ellis in 1994 suggested that Capgras delusion results from a right hemisphere dysfunction 
based on two arguments (Ellis, 1994, as cited in Henriet, 2003). 
The first argument was that schizophrenia is due to a right hemisphere dysfunction 
(Cutting, 1985, as cited in Henriet, 2003), a hypothesis that is currently widely criticized. 
The second argument was based on a literature review (Feinberg & Shapiro, 1989, as cited in 
Henriet, 2003) which demonstrated that the majority of patients with Capgras delusion 
associated with brain abnormalities (they listed 26 patients in this situation in the literature) 
had bilateral lesions. If lesions were unilateral (the case for 8 among the 26 patients), the 
lesions were most often in the right hemisphere. 
His hypothesis was supported by cognitive neuropsychological data from his 1993 study 
where he presented two images of faces in the right or the left visual hemi-field to a group 
of 3 patients with Capgras delusion and to a control group of 3 patients diagnosed with 
schizophrenia (Ellis et al., 1993, as cited in Henriet et al., 2008). The subjects had to 
determine whether the two faces were identical or different, and their answer was timed. He 
postulated that “normal” subjects would react faster when the images are presented in the 
left side of their visual field, because the right cerebral hemisphere would process the 
stimulus faster than the left one. The results in the Capgras delusion group showed no 
difference between the two hemi-fields, whereas the answer was faster in the left hemi-field 
for the schizophrenia group. Ellis’s conclusion, aside from contradicting Cutting’s theory 
about schizophrenia, was that the face processing deficit in Capgras delusion is located in 
the right hemisphere. 

3.3.2 Gobbini and Haxby incorporate neuro-imaging data within neuropsychological 
models (Gobbini & Haxby, 2007) 
Recently, functional magnetic resonance imaging (fMRI) studies have found anatomic 
regions giving rise to face-related activity in the right hemisphere. An association of two 
cortical networks, a core and an extended one, are believed to be in charge of the different 
functions implicated in face recognition. 
The core system could be composed of separate anatomical regions, like the lateral portion 
of the mid-fusiform gyrus or “fusiform face area” or FFA which has been discovered 



 
Face Analysis, Modeling and Recognition Systems 

 

160 

bilaterally but predominantly in the right hemisphere (Kanwisher et al., 1997, as cited in 
Gobbini & Haxby, 2007). Other occipito-temporal areas are supposed to be part of this 
network, such as regions in the inferior occipital gyrus (or occipital face area or OFA) or the 
superior temporal sulcus (or STS) (Haxby et al., 2000, as cited in Gobbini & Haxby, 2007). 
This core face processing network could be further connected to an extended network for 
which the anatomical substrate has not been yet completely discovered, contrary to the core 
system. 
Using Breen’s neuropsychology model, the authors assume that the core system is 
responsible for the perception stage of face processing and the extended network for the 
memory operations of facial processing. The PINs are believed to be located in this extended 
network.  
Given the anatomical segregation of these processes, damage can either appear in the 
specific regions or in their connections, and create various symptoms depending on where 
they occur. This hypothesis could support the fact that diverse lesions can lead to similar 
deficits, explaining the multiplicity of lesions found in neurologic Capgras delusion. 

3.3.3 “Right brain lesions and left brain delusions” 
Hirstein & Ramachandran in 1997, then Devinsky in 2009 postulate that Capgras delusion 
(and misidentification syndromes in general), when associated with a neurologic disease, is 
due to frontal lobes and/or right hemisphere dysfunction while specific (but unknown) left 
brain areas are preserved. 
Right hemisphere lesions would be responsible for errors in emotions related to face stimuli 
and self-monitoring. Left preserved areas then “unleash a creative narrator” from these 
erroneous data and, since the cognitive method of classification of the left hemisphere is 
often binary, the patient with Capgras delusion imagines two different people instead of 
one. 

3.3.4 Conclusion about neuro-lesional models in Capgras delusion 
The paraclinical data are scarce and Capgras delusion rarely diagnosed. The explanatory 
models are mainly based upon prosopagnosics or neurologic Capgras. Hence it seems 
difficult at present to formally conclude that an anatomical lesion alone is responsible for 
Capgras delusion.  
In addition, these theories cannot account for cases of Capgras delusion associated with 
psychiatric diseases where no cerebral abnormality is found, and certainly not for the case of 
isolated Capgras delusion described above. 
The Gobbini and Haxby’s model integrates paraclinical observations in neuropsychological 
models, opening the path to other propositions of global theories for Capgras delusion. 

3.4 Global approach to Capgras delusion 
The model of Capgras delusion based on Bauer’s two-route theory seems confirmed by 
anatomical data and by neuropsychological explanations, supporting global hypotheses for 
the development of Capgras delusion. 
Henriet in 2003 has proposed a global model integrating psychodynamic, organic and 
functional theories. 
The first step in the development of Capgras delusion would be a functional 
neuropsychological deficit sometimes but not always due to organic lesions. 
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The patient would need to have a specific personality with “paranoid” traits and defense 
mechanisms such as projection or interpretation where this functional deficit would appear. 
All these phenomena lead to a secondary delusional rationalization, producing the 
symptoms of Capgras delusion. 

4. Conclusion 
The cleavage between organic and functional etiology is currently outdated and denied. 
Capgras delusion seems to be a transnosographic entity, which starts as a lesional or 
functional impairment, and then manifests as a psychiatric disorder. 
Research in this area shows that cerebral face recognition processing is complex and not 
currently fully understood. Face recognition depends on a combination of anatomical 
structures, cognitive functions and psychopathological processing. Global approaches must 
be used to explore its dysfunction and function. 
It is important to emphasize that, beside its scientific interest this syndrome remains a real 
source of pain for patients and their caretakers. 
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1. Introduction 
To access facial information about identity certainly belongs to the highest visual skills and 
is part of “visual intelligence” (Hoffman 1998). Faces per se are crucial for nonverbal 
communication and necessary for directing ones attention (e.g. by gaze direction) and for 
effective social interactions. Face perception provides a multitude of different information 
and awareness of that provides critical information about social status, health status, 
physical attractiveness, gender, age, allowing considerations about one´s, life style, 
nutritional condition, or eventually premature aging. Sexual attractiveness is perceived not 
only consciously but also unconsciously. An elevated but still physiological level of 
testosterone in males results in a receding forehead/hairline and is significantly more 
common in politicians representing “alpha leader”. Woman mate preferences differ 
according to their cycle-based fertility status regarding among other cues men´s facial 
masculinity (Gangestad et al. 2010). Also, faces allow on-the-spot diagnosis of many genetic 
syndromes (Gorlin et al. 2001). 
Face perception (to see a face as a face) is predominantly triggered by the T-shape order 
of eyes, nose, mouth (Tsao and Livingstone 2004). Face perception is followed by face 
processing which finally may result in face recognition. Humans are extremely 
competent to recognize someone by the face alone. This high cognitive skill is very 
robust and also very rapid and allows individualizing a face out of thousands of 
familiar and unfamiliar faces. The false-negative and false-positive rates of these 
multiple daily decisions appear to be extremely low. Face perception is characterized by 
its simultaneous sensitivity and insensitivity to subtle changes. On the one hand subtle 
changes complicate the representation of invariant aspects of faces necessary for face 
recognition. On the other hand these changeable aspects play a central role for social 
communication (Haxby et al. 2002). Constitution will fluctuate depending on changing 
life style or physical exercise which is reflected in the face like facial rash; facial skin 
might be clean, bright, youthful; lips might be dry, cracked, puffy; eyes might be dark, 
bruised appearance below the eyes. However, face recognition ability is not 
significantly hampered by these changes. 
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How face recognition functions is coming into the focus of interest by an increasing number 
of disciplines ranging from neurology, psychiatry, psychology, genetics to computational 
sciences and mathematics. The face recognition development process during growth and 
maturation of the brain is still being debated.  
There is ample evidence that face recognition is a highly specific cognitive ability that is 
highly heritable. A positive proof of inheritance of face recognition ability comes from twin 
studies (Polk et al. 2007, Wilmer et al. 2010).Based on extensive studies in large families we 
could show that the specificity and heritability is also true for the extreme low end of the 
face recognition ability (i.e. face blindness, syn. prosopagnosia). The term prosopagnosia (PA) 
was first introduced by Bodamer (1947) by assimilating the greek words prosopon for “face” 
and agnosia for “not knowing, ignorant”. We are aware of an intra-familial continuum in the 
congenital ability of face recognition: From exceptionally poor face recognition to poor, 
good, and extraordinary face recognition ability (i.e. super recognizers).  People who lack 
the ability of face recognition but exhibiting normal object recognition are extremely 
valuable in the delineation of the physiology of face recognition. The most convincing 
evidence that face recognition functions as a heritable unit - irrespective of a putative 
modular or distributed neuronal processing - comes from prosopagnosic family studies. 
These are families in which non-functioning face recognition segregates in a regular pattern. 
Congenital prosopagnosia as a counterpart of face recognition ability may serve as a model 
for further studies on high functioning visual recognition.  

2. Face perception and recognition 
Faces are a special class of visual stimuli and there is a significant face preference already seen 
in newborns. They look significantly longer at a direct gaze than at an averted gaze and there 
is an enhanced neuronal processing of faces in 4-month-old infants (Farroni et al. 2002).  

2.1 Evolution of the visual information gathering and processing system 
According to the often cited expression by Theodosius Grigorevich Dobzhansky (Феобосий 
Гриэорбеецч ДоБржанский, 1900-1975) "Nothing in biology makes sense except in the light of 
evolution" we want to argue that the eyes (i.e. information gathering system) and the brain 
(i.e. information processing system) are under strong genetic control and cooperate 
evolutionarily in the same environmental context (Fig. 1).  

2.1.1 Eye development 
In the course of evolution more than 40 different eye types have been generated. There are 
three major eye-types, the camera-type eye with a single lens (in vertebrates), the compound 
eye with numerous repeating units the ommatidia (in insects), each of which functions as a 
separate visual receptor, and the mirror eye with a lens and a reflecting mirror (in scallops). 
For long a coincidental, i.e. independent evolutionary development was stated. Recent 
studies on genetics control of eye development now clearly supported a monophyletic (i.e. a 
common) origin of the eyes in evolution. This was essentially based on findings of a gene 
regulatory network controlling eye development in drosophila (for review see Gehring 
2005). In a process of evolutionary tinkering, a cascade of some 2,000 genes is involved for 
eye morphogenesis. A master-control-gene thesis was proposed which is successfully tested. 
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It could be shown that these genes are switched on by the gene PAX6 (review van 
Heyningen and Williamson 2002) (Fig. 1). 

2.1.2 Development of the brain 
As the optic nerve is rather part of the brain than a “nerve” it is only consequent to assume 
that the visual processing system of the visual cortex of the brain evolved hand in hand with 
the information gathering system - the eye (Fig. 1). In the last decade a slowly increasing 
number of papers support a substantial genetic control and environmental influence. This is 
true for the total brain volume which differs between ethnic groups as well as partial 
morphometric measures including total gray and white matter (Baare et al. 2001, Joshi et al. 
2011, Hulshoff Pol et al. 2006), cortical thickness (Schmitt et al. 2008, Lenroot et al. 2009, 
2010) or visual fine structure (in the cat,  Kashube et al. 2002). Also the white matter integrity 
and connectivity is beside some environmental input under genetic control (Pfefferbaum et 
al. 2001, Chiang et al. 2009, 2011). Total lack of visual experience affects the fine structure of 
visual cortex neurons (Wallace et al. 2006). In case of face recognition ability early visual 
input is necessary for developing full expertise (LeGrand et al. 2003, 2006). But maturation 
starts before the onset of vision and there is ample evidence that genetics also plays an 
important role during development of neural circuitry of face processing (Luo et al. 2008, 
Polk et al. 2007, Tropea et al. 2011). It is suggested that full quantitative maturity is reached 
latest at 5-7 years of age (Crookes & Kone 2009). 

2.2 Processing and recognition of faces 
In general, facial information processing comprises a number of different processes targeted at 
extracting different kinds of information. The resulting processing complexity was first 
addressed at a functional level by conceptual models of face recognition which aimed at 
separating different processing stages, e.g. by Hay and Young (1982) in a linear hierarchic 
model and by Bruce and Young (1986) in a box-and-arrow model which is still considered a 
standard reference model (Fig. 2). As a box-and-arrow model the focus is on a 
conceptualization of functional steps but no reference is provided as to how these steps could 
be achieved by specific information processing and where in the brain these processing 
modules could be located. The latter has been clarified to some extent by more recent imaging 
studies revealing a distributed neural system of face recognition (Haxby et al. 2000, see Fig. 3). 

2.2.1 Modular vs. distributed face processing 
In 2001 two papers appeared in the same volume of the Science Magazine. One supporting a 
modular (Downing et al. 2001) the other a distributed fashion (Haxby et al. 2001) of processing 
and finally of recognizing faces in the brain. Cohen and Tong 2001 comment on this seemingly 
alternate or controversial findings: “We can imagine a variety of possible intermediate or alternative 
positions: a heterogeneous mix of special porpose modules and more distributed general mechanisms; 
representations that appear modular at one scale but distributed at finer scales; or representational 
structure that does not divide along the lines of common stimulus categories (such as faces versus 
objects) but rather is organized along more complex or abstract dimensions”.  
Quiroga et al. (2005) even showed visual representation by single neurons in the medial 
temporal lobe. As the same neurons also report when showing the written name of the same 
individual these cells might simply be memory cells and might express maximal compact or 
sparse coding. 
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Fig. 1. Hypothetical evolution of the visual systems of eye and brain. The morphogenetic 
pathways consist of the information-gathering system and the information-processing system. 
Both are not linear but rather a complex network. The “eye development pathway” is partially 
adopted from Gehring & Ikeo 1999,  Gehring 2005). Evolution started with eye pigment coded 
by the Rhodopsin gene and accidentally by a universal master control gene PAX6. 
Successively new genes were acquired stochastically and evolutionarily optimized – this has 
been termed “intercalary evolution” (Gehring & Ikeo 1999). There is an estimate of around 
2,000 genes required for eye morphology only (Halder et al. 1995). In analogy to the eye also 
the brain with the neuronal visual system might fit the concept of intercalary evolution. In a 
bilateral response both the eye and the visual cortex had been successively adapted and 
optimized. (MRT image of the head by courtesy of Stanislaw Milachowski, Department of 
Radiology, Westfälische Wilhelms University, Münster, Germany).  
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Fig. 2. A two dimensional box-and-arrow diagram for illustrating a functional model for face 
recognition (modified from Bruce & Young 1986, Deffke 2005). The central idea of the model is 
the clear distinction between face recognition unit (FRU) and the person identity nodes (PIN). 
It is also assumed that the person identity nodes - for each individual there should be one - can 
be accessed via the voice, the name, or facial markers like the hair line. Dotted arrows denote 
the processing of familiar faces and dashed arrows the processing of unfamiliar faces.  
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Fig. 1. Hypothetical evolution of the visual systems of eye and brain. The morphogenetic 
pathways consist of the information-gathering system and the information-processing system. 
Both are not linear but rather a complex network. The “eye development pathway” is partially 
adopted from Gehring & Ikeo 1999,  Gehring 2005). Evolution started with eye pigment coded 
by the Rhodopsin gene and accidentally by a universal master control gene PAX6. 
Successively new genes were acquired stochastically and evolutionarily optimized – this has 
been termed “intercalary evolution” (Gehring & Ikeo 1999). There is an estimate of around 
2,000 genes required for eye morphology only (Halder et al. 1995). In analogy to the eye also 
the brain with the neuronal visual system might fit the concept of intercalary evolution. In a 
bilateral response both the eye and the visual cortex had been successively adapted and 
optimized. (MRT image of the head by courtesy of Stanislaw Milachowski, Department of 
Radiology, Westfälische Wilhelms University, Münster, Germany).  
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Fig. 3. A schematic depiction of the distributed neural system for face recognition (adapted 
from Haxby et al., 2000). 

2.2.2 Face specific neuronal processing vs. unspecific high resolution pattern 
recognition 
A strongly debated question is whether and how face processing differs from non-face 
processing. It is argued that face recognition has a specific neuronal processing (Kanwisher 
et al. 2000) and that it is not just an instance of higher order object recognition. Others 
propose that face recognition is just a specific instance of visual expertise and the same 
neuronal mechanisms and areas are also recruited by bird, dog or car experts in their field of 
expertise (Gauthier et al. 2000, Gauthier and Bukach 2007). While it is undisputed that faces 
are processed in specific areas, the debate is still ongoing as to whether these areas are 
exclusively recruited for the recognition of faces (domain-specificity).  More generally, this 
debate can be framed as part of the more general nature vs. nurture discussion and is still 
ongoing (Pascalis  et al. 2009, Park et al. 2009, Robbins and McKone 2007, 2010).  
In analogy to face recognition it has also been suggested that the human voice is an 
“auditory face” (Belin et al. 2004) based on auditory expertise (Chartrand et al. 2008).  
For more than a decade it is known that face recognition is a very quick function of the brain. 
As early as 100 to 120 ms there is a electrophysiological response to emotional faces or face 
categorization and after 170 there is an event related potential (called N170) associated with 
face recognition (Eimer & Holmes 2002, Liu et al. 2002). This supports the idea that special 
neuronal pathways for visual recognition of faces exist. This hypothesis of face-specific 
processing pathways is further substantiated by brain imaging studies (functional brain 
mapping studies, fMRI). Brain areas in the occipito-temporal cortex preferentially response to 
faces. In particular in the mid-fusiform area (FFA) there is a significant response when 
someone is seeing a face but much less to non-facial objects (Behrman et al. 2005). The same is 
true for the inferior occipital gyrus (IOG) (Hoffman & Haxby 2000). Interestingly also an 
evolutionary old brain area beyond the cortex and the amygdala responds significantly to 
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faces (Behrman et al. 2007). The relevance for face processing of the FFA is also supported by 
patients who suffered a sudden loss of face recognition ability after a traumatic event covering 
this area (e.g. Steeves et al. 2009). In a recent study with a large sample of people who lack face 
recognition ability from childhood without any detectable brain damage some anatomical and 
functional differences to a control collection could be seen. In particular a diminished gray 
matter density in the bilateral lingual gyrus, the right middle temporal gyrus, and the 
dorsolateral prefrontal cortex. A decreased functional activity in the left fusiform face area and 
the dorsolateral prefrontal cortex. An enhanced activation in the left medial prefrontal cortex 
and the anterior cingulate. This is suggestive of a network dysfunction and anatomic curtailing 
of visual processing in the lingual gyrus (Dinkelacker et al. 2011). 
Experimental investigations of differences in face and object recognition are complicated 
by the fact that for most people faces are the only area of visual expertise. Thus, a direct 
comparison of neural recruitment for different areas of expertise, which would be needed 
to distinguish between the two conflicting views on face specificity, is most often not 
possible.  
From a theoretical viewpoint there are clearly differences in the processing of objects as 
stimuli belonging to a specific class or as stimuli idiosyncratically displayed by a specific 
individual (Stollhoff 2010, 2011 a, b). By incorporating these differences into models of facial 
encoding, Stollhoff et al. (2011b) provided a link from deficits in face recognition (behavioral 
level), via a lack of holistic processing (computational level) to decreased structural neural 
network connectivity (implementation level). Whether or not this link also holds in the 
reverse direction such that a comparatively increased neural connectivity is specific to the 
processing of faces in contrast to the more general visual expertise still needs to be 
investigated. 

2.2.3 High functioning and low functioning face recognition 
There is a broad distribution of face recognition ability in humans. From daily experience 
we are not only aware of people with ordinary face recognition ability but also of some who 
are extremely good but also some who are very poor. An increasing number of papers 
support that the variability of face recognition ability in humans is even much higher than 
hitherto thought. In the context of studies with very poor recognizers (i.e. “face-blind” 
people or prosopagnosics, see chapter 2.4.4) there were self-reports of people who claimed 
that their ability is just opposite. These people with exceptionally good face recognition 
ability were called “super-recognizers” (Russell et al. 2009). 

2.3 Heritability of neurocognitive functions and dysfunctions 
There is an increasing but still surprisingly low number of isolated neurocognitive deficits 
with a proven or suspected genetic background. Such demonstrable impairments in visual, 
auditory, tactile, smell and other perceptions also help to characterize the normal basic 
neuronal mechanisms that have an impact on multiple brain modalities (Tab. 1). 

2.4 Heritability of face perception and recognition 
There is converging evidence that face recognition is highly heritable. The neurogenetic 
background and heredity of visual intelligence can be achieved through an increasing 
number of very different approaches. 
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2.4.1 Evolution of face perception and recognition 
“Evolution is best understood as the genetic turnover of the individuals of every population from 
generation to generation” (Mayr 2001). Visual expertise of face recognition is evolutionarily 
conserved in distant species telling us about a strong genetic background. There are many 
reasons for improving face recognition over non-facial recognition. One reason might be 
described by “preparedness” (Seligman 1970, cit. in Öhman 2005). Hunter-gatherers sitting 
in a palaeolithic cave certainly will have an increased chance to survive when they can 
decide immediately whether the face of someone looking inside is a family member or a 
stranger and a putative enemy. Better survival means better reproduction. Depending on 
the selective pressure even a slight advantage can drive evolution. Since ancient times it is of 
common knowledge that elephants never forget a (human) face – at least when associated 
with aversive events. Sheep underwent behavioral and electrophysiological tests for visual 
face recognition of faces (Kendrick et al. 2001). In a number of trials these sheep could 
accurately discriminate not only individual sheep faces but also human faces even after 600 
days. Such a high visual expertise is also reported in social insects with much simpler 
nervous systems. The paper wasps (Tibbetts and Dale 2004) and honeybees (Dyer et al. 2005) 
are able to recognize conspecifics by facial cues only. In honeybees this ability is also shown 
for human(!) faces. It should be mentioned that honey bees have less than 1 million neurons 
in contrast to 100 billion neurons in humans (Pakkenberg and Gundersen, 1997). As the 
experiment only tested recognition of specific face images, and not the ability to generalize 
across different views, successful completion of the experiment would have been possible 
without an engagement of all of the cortical processes normally involved in face recognition.  
 
Neurocognitive 
functions/dysfunctions Gene(s) known 

mutation
Chromoso
me locus 

Mendelian 
phenotype OMIM 

Hereditary prosopagnosia, 
congenital prosopagnosia NN - unknown AD, suspected 610382 

Dyslexia 1 DYX1 + 15q21 AD, 
multifactorial 127700 

Dyslexia 1C1 DYX1C1 + 15q21 QTL suspected 608706 

Dyslexia 2 DYX2 - 6p21.1 AD, QTL, 
multifactorial 600202 

Dyslexia 3 DYX3 - 2p16-p15 AD, 
multifactorial 604254. 

Dyslexia 4 DYX4 - 6q11.2-q12 multifactorial 127700 
Dyslexia 5 DYX5 - 3p12-q13 multifactorial 606896. 
Dyslexia 6 DYX6 - 18p11.2 multifactorial 606616 
Dyslexia 7 DYX7 - 11p15.5 multifactorial 127700 

Dyslexia 8 DYX8 - 1p36-p34 AD, 
multifactorial 608995 

Dyslexia 9 DYX9 - Xq27.3 multifactorial 300509 
Achromatopsia , syn. Pingelapese 
blindness, total colorblindness 
with myopia 

ACHM3
 - unknown ar, suspected 262300 
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Neurocognitive 
functions/dysfunctions Gene(s) known 

mutation
Chromoso
me locus 

Mendelian 
phenotype OMIM 

Congenital stationary night 
blindness type 1A CSNB 1A - Xp11.4 X-linked 310500 

Congenital stationary night 
blindness type 2A CSNB 2A - Xp11.23 X-linked 300071 

Congenital stationary night 
blindness type 1B CSNB 1B - 5q35 ar 257270 

Congenital stationary night 
blindness type 2B CSNB 2B - 11q13.1 ar 610427 

Congenital stationary night 
blindness type 1C CSNB 1C - 15q13-q14 ar 613216 

Congenital stationary night 
blindness autosomal dominant 1 CSNBAD1 - 3q21-q24 AD 610445 

Congenital stationary night 
blindness autosomal dominant 2 CSNBAD2 - 4p16.3 AD 163500 

Congenital stationary night 
blindness autosomal dominant 3 CSNBAD3 - 3p21 AD 610444 

Familial developmental dysphasia NN - unknown AD, suspected 600117 
Speech-language disorder 1, syn. 
SLD orofacial dyspraxia SPCH1 FOXP2 - 7q31 AD / 

multifactorial 602081 

Specific language impairment 1 SLI1 
 - 16q multifactorial 606711 

Specific language impairment 2 SLI2 - 19q multifactorial 606712 
Specific language impairment 3 SLI3 - 13q21 multifactorial 607134 
Specific language impairment 4 SLI4 - 7q35-q36 multifactorial 612514 

Speech-sound disorder, SSD 
same 
locus 
DYX5 

- 3p12-q13 multifactorial 608445 

Hereditary whispering dysphonia NN - unknown AD, suspected 193680 

Musical perfect pitch, syn. 
absolute pitch AP - unknown 

AD, 
multifactorial, 

suspected 
159300. 

Musical aptitude quantitative trait 
locus MUSQTL1 - 4q22 multifactorial, 

suspected 612343 

Tune deafness , syn. congenital 
dysmelodia, amusia NN - unknown AD 191200 

Congenital indifference to pain, 
syn. congenital analgesia 

SCN9A 
NN + 

2q24
unknown 

ar 
AD 

243000 
147430 

Congenital anosmia ANIC - 18p11.23-
q12.2 AD 107200 

Inability to smell musk NN - unknown ar, suspected 254150 
Inability to smell isovaleric acid NN - unknown ar, suspected 243450 
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Neurocognitive 
functions/dysfunctions Gene(s) known 

mutation
Chromoso
me locus 

Mendelian 
phenotype OMIM 

Synesthesia SYNSTH - 2q24.1  612759 
Contactin-associated protein-like 2 
(speech) 

CNTNAP
2 +  SLI 7q35-q36  604569 

Table 1. Neurocognitive functions and dysfunctions with known genetic background. The 
data are collected from the most comprehensive genetic database Online Mendelian 
Inheritance in Man TM (World Wide Web URL: http://www.ncbi.nlm.nih.gov/omim/) 
(Abbreviations AD = autosomal dominant, ar = autosomal recessive, QTL = quantitative 
trait locus). 

2.4.2 Gender bias for face recognition 
Sex differences of a variety of cognitive functions are known (Rehnman and Herlitz 2006). 
Women outperform men in their ability to recognize female faces. When shown male faces 
both perform on similar levels (Rehnman and Herlitz 2006). The authors have no 
explanation for the neurophysiology of this female driven own-sex-bias. On the other hand 
there is a positive correlation of verbal IQ and face recognition in men but not(!) in women 
(Herlitz and Yonker 2002). Nothing indicates that this sex-biased advantage is a result of 
social or cultural learning only. As gender and a variety of secondary sexual characteristics 
are strongly genetically determined also genetic modification of sex-biased face recognition 
might be assumed. A causal interpretation still requires caution. Epigenetic mechanisms 
also might in part or fully explain these differences. The term epigenetic refers to 
modification of the DNA that does not alter the DNA sequence. The DNA stores the genetic 
information and the expression of genes results e.g. in the processing of structural and 
regulatory proteins. It is now known that this basic genetic information stored in the DNA is 
just optional. The reason is that the genetic information underlies large modifications (e.g. 
by methylation). This is also called “imprint”. By this not the gene sequence is altered but 
the way the specific information is processed, e.g. by enhancing or silencing gene 
expression. Thus epigenetics enables different read-outs from a fixed template (review 
Egger et al. 2004, Fagiolini et al.  2009). 

2.4.3 Twin studies 
As already delineated there is no doubt that the morphological and functional brain 
development is under genetic control. Yet, knowledge about the heritability of cognitive 
skills is still poor. Best described is the genetic impact of superior general intelligence 
(Haworth et al. 2010). A classical approach to behavioural genetic traits which do not follow 
simple Mendelian inheritances are twin studies. Such studies allow an estimate of the 
respective environmental and genetic contribution to a given phenotype. Identical or 
monozygotic twins are genetically almost similar. Hence, the more discordant they are for a 
behavioural trait the less heritable and the more environmental effects account for the 
phenotype. In other words, best proof for high heritability are concordant monozygotic 
twins which are grown up in different families. By such studies the heritability of general 
cognitive ability (mostly called g) was estimated. Results from different studies vary. Meta- 
analyses of such studies give heritability estimates of 50%, i.e. half of the total variance in g 
is due to genetic difference between individuals (Harworth et al. 2010). In a functional 

 
Heritability of Face Recognition 

 

173 

magnetic resonance imaging twin study a significant influence of genetic similarity on the 
cortical response is shown for face and place stimuli but not for objects like chairs. 
Monozygotic twins showed a significantly more similar neural activity pattern than 
dizygotic twins (Polk et al. 2007). In a recent twin study it was shown that such genetic 
differences can account not only for face perception but also for face recognition ability. 
Monozygotic and dizygotic twins underwent a face memory test (Cambridge Face Memory 
Test, CFMT). The monozygotic vs. dizygotic intraclass correlation was 0.70 vs. 0.29, giving 
evidence of high heritability of face recognition ability (McKone 2010, Wilmer et al. 2010). 
Zhu et al. (2010) also demonstrated in a large twin study by cognitive tests (old/new 
recognition task), face inversion test, composite test and global-local test that monozygitic 
twins are more correlated than dizygotic twins for the specific ability of face perception. 

2.4.4 Hereditary prosopagnosia (i.e. non-functioning face recognition) 
The strongest support for heritability of face recognition per se comes from the counterpart. 
There is a dysfunction in the neuronal processing of face recognition which is called 
prosopagnosia. Prosopagnosia is a specific inability to recognize familiar faces. The synonym 
face blindness is misleading as the perception of human faces is preserved. The term 
prosopagnosia was coined by Bodamer in 1947 as an assimilation of the Greek words 
prosopon (πρόσωπον) meaning face and agnosia (αγνωσία) meaning not knowing, not 
recognizing or ignorant. He came across the phenomenon of acquired prosopagnosia when 
examining soldiers suffering from brain injuries. In a detailed review of the literature he 
states that the first well documented clinical descriptions of an agnosia would be from 
Quaglino (1867)(cited by Bodamer 1947). Della Sala and Young (2003) come back to that case 
showing that this observation is very typical for prosopagnosia. The oldest convincing 
report is from Wigan (1844) describing a man who is not able to remember faces: “He would 
converse with a person for an hour, but after an interval of a day could not recognise him again. Even 
friends, with whom he had been engaged in business transactions, he was unconscious of ever having 
seen. Being in an occupation in which it was essential to cultivate the good-will of the public, his life 
was made perfectly miserable by this unfortunate defect, and his time was passed in offending and 
apologizing”. These cases have in common that they are acquired by traumatic events or 
strokes.  
Only recently, an increasing number of cases with an idiopathic form of prosopagnosia – 
mostly called  congenital or developmental form - in the absence of any exogenous event are 
reported (review Behrmann and Avidan, 2005). Until 2003 three reports about familial 
segregation were published clearly supporting the heredity of “non”-face recognition (De 
Haan 1999, Galaburda and Duchaine 2003, McConachie 1976) (Fig. 4).  
In contrast to the rare acquired form of prosopagnosia, the inborn form of prosopagnosia is 
among the most common anomalies in humans with a prevalence of around 2% (Bowles et 
al., 2009, Kennerknecht et al. 2006, 2007, 2008a). Most interestingly these cases almost always 
run familiar following a simple mode of segregation patterns (Kennerknecht et al. 2008b). 
We therefore coined the term hereditary prosopagnosia (Schwarzer et al. 2006, Grüter et al. 
2007, Kennerknecht et al. 2006).  
Such recurrent disorders of higher visual function may help to delineate normal neuronal 
processing. The function of a gene can be tested in the laboratory by genetically engineered 
mice either by turning off gene expression by targeted mutation or rudely by knocking out 
the gene physically (“knock-out mouse”). Mice have gradually become a model system in 
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Neurocognitive 
functions/dysfunctions Gene(s) known 

mutation
Chromoso
me locus 

Mendelian 
phenotype OMIM 

Synesthesia SYNSTH - 2q24.1  612759 
Contactin-associated protein-like 2 
(speech) 

CNTNAP
2 +  SLI 7q35-q36  604569 

Table 1. Neurocognitive functions and dysfunctions with known genetic background. The 
data are collected from the most comprehensive genetic database Online Mendelian 
Inheritance in Man TM (World Wide Web URL: http://www.ncbi.nlm.nih.gov/omim/) 
(Abbreviations AD = autosomal dominant, ar = autosomal recessive, QTL = quantitative 
trait locus). 
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magnetic resonance imaging twin study a significant influence of genetic similarity on the 
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vision research (Luo et al. 2008, Wang et al. 2010, Zhang et al. 2007). From a genetic 
approach the prosopagnosic subjects might serve as “natural knock-out” humans for loss-of-
function experiments for the module “face recognition”. So far no genes or candidate genes 
are known to be associated with the development of visual processing or in particular with 
face processing and face recognition. However, formal genetic studies of familiar 
transmission of dysfunctions of the visual intelligence are powerful tools to guide molecular 
genetic dissection.  
 

 

Fig. 4. First published observations of familial transmission of congenital face blindness. The 
pedigrees were drawn according to the descriptions given in the original papers. An arrow 
indicates the index subject, filled symbols prosopagnosia. (1) McConachie 1976):  “[The] 
mother also claims not to be able to recognize familiar faces. She suggests that as a child she had less 
difficulty, than her daughter because she lived in a small community, and went to a school where no 
uniform was worn. She remembers believing that a family friend was two different people until one 
day he put on his spectacles in her company. She has found ways, over time, of overcoming the 
handicap, for example, by using tone of voice for recognition.” (2) De Haan (1999):  “The eldest 
daughter – who had reportedly no face recognition difficulties – declined to participate) […] The 
results […] are clear cut. Both daughters and the father displayed definite problems in the recognition 
of familiar faces. […] … the son performed in the normal range.”  (3) Galaburda and Duchaine 
(2003): “TA´s [see arrow] son, mother and grandmother also have prosopagnosia, it clearly has a 
genetic basis”.  

Besides functional testing the diagnosis can also be established by highly informative 
narratives about situations where family members or very close friends have been 
overlooked. This can further be substantiated by the finding of compensation strategies for 
overcoming such problems. E.g. normal sighted (emmetropic) prosopagnosics apologize for 
having forgotten their glasses or for having been kept in thought. Such compensation 
strategies are otherwise very rare in control collections. 
The question is whether the prosopagnosic phenotype can be unambiguously distinguished 
from poor face recognition ability? (Fig.  5A). If there are overlapping features it might be 
argued that these could be due to individual development of a more or less effective 
compensation strategies and/or clinical distinct severity of symptoms and/or part of 
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varying methods of assessment (Minnebusch et al. 2007, LeGrand et al.  2006,  Stollhoff et al. 
2010, 2011 a, b) (Fig. 5B).  
Prosopagnosics and controls show only as a group statistically significant differences by 
behavioural and physiological tests. On an individual level there is always an overlap in the 
performance of some control and prosopagnosic individuals in a varying number of tests. 
Moreover there is no single test available today which unambiguously allows to 
differentiate between a poor recognizer (at the lower end of the normal face recognition 
distribution) and a prosopagnosic (at the extreme low end).  
 

A) 

B) 

Fig. 5. Phenotypic distributions of face recognition ability and prosopagnosia. A) In a given 
population there are people with very good, average, and poor recognition ability. Distinct 
from this group are those who have no face recognition ability at all. B) Now there is 
increasing evidence by behavioural and electrophysiological studies that the phenotypes 
might partially overlap. Nevertheless, both groups might still be defined as distinct entities. 
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In principal, studies of familial segregation of variable face recognition might help to 
address this topic. As prosopagnosia is of increasing scientific interest it is not surprising 
that intra familial variability of face recognition was described recently (Schmalzl et al. 2008, 
Kischka 2011) (Fig. 6).  
 

A) 
 

 
B) 

Fig. 6. Intrafamilial variability of face recognition. A) White symbols denote not impaired; 
black symbols denote impaired on familiarity tasks; grey symbols denote normal on 
familiarity task, impaired on more subtle measures of face processing (Schmalzl et al., 2008). 
B) White symbols denote unimpaired; shaded symbols denote face recognition ability below 
average; black symbols denote prosopagnosia (Kischka 2011). 

Further studies will show whether the phenotypic variability follows a continuum described 
by a bimodal distribution (Fig. 7A) or simply by a Gaussian distribution (Fig. 7B). At the low 
end there are 2.5% prosopagnosics and it is assumed that at the high end there are the same 
number of super recognizers (Russell et al. 2009). So far this seems highly suggestive of a 
regular bell-shaped distribution. 

2.4.5 Genetic considerations 
Human face recognition is highly heritable however it´s genetic basis is unclear. Based on 
literature and own data an attempt is made for the genetic dissection of this higher level 
perception and cognition skill. Different genetic traits support one or the other finding and 
there is ample evidence that the complex neuronal processing also has a complex genetic 
background. More than 2,000 genes are involved in eye development only (Halder et al. 
1995). A screening for genes that wire the (visual) cortex has been started in the mouse 
(review Lokmane and Garel 2011). One such approach is to look in transgenic mice for 
defects during embryogenesis and the functional consequences on the developing cerebral 
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cortex. These genetic studies allow conclusions on the etiology of cerebral disorders in mice 
and also in humans and help to dissect the molecular pathways responsible for normal brain 
development. 
 

A) 

B) 

Fig. 7.  Face recognition ability might be continuously distributed either in a (A) bimodal 
way with respect to non-functioning face recognizing (prosopagnosia) or (B) alternatively, 
low and high performers are just tail-enders of a normal distribution. 
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a. Mendelian inheritance 
Already the first published cases of congenital prosopagnosia showed familiar segregation 
and are fully compatible with a monogenic disorder of dominant phenotypic expression 
(Fig. 3). Dominant in that case means that the phenotype is already expressed in the 
heterozygous status i.e. when only one of the two inherited parental copies (alleles) shows 
the mutation. This is surprising as behavioral phenotypes are part of complex genetic 
mechanisms, environmental influences and epigenetic modifications. One explanation 
might be that already one dominant acting gene mutation in the molecular cascade for the 
processing of face recognition interrupts or disturbs the resulting neurocognitive function. 
Along with such an assumption all our observations of familiar cases perfectly fit. We have 
meanwhile more than 100 families with recurrent prosopagnosia in two to four generations 
(the first 38 families of them are reported in Kennerknecht et al. 2008b). In favor of an 
autosomal dominant inheritance are (1) vertical transmission of the disorder, (2) males and 
females are equally impaired, and (3) father-to son transmission. As the father only 
transmits the Y-chromosome to a son (but an X-chromosome to the daughter) X-linked 
inheritance is excluded (Fig. 8).  
 

 
Fig. 8. Regular transmission of prosopagnosia fully compatible with autosomal dominant 
inheritance (modified from Grüter et al. 2007, Kennerknecht et al. 2008b) 

Among 38 pedigrees (Kennerknecht et al. 2008b) only 6 exceptions were observed which are 
still compatible with the concept of autosomal dominant inheritance. In four families one 
generation is “skipped”, i.e. an obligate carrier does not manifest prosopagnosia (normal 
transmitter) but one parent and the child(s). In two other families there is evidence of a de 
novo mutation as only one family member is impaired. It can be argued that already 
mutations in only one gene of the gene cascade or gene network might be sufficient in 
disrupting the processing of face recognition. This does not necessarily mean that all 
obligate carriers of such a mutation must manifest prosopagnosia. “Generation skipping” is 
a common phenomenon in autosomal dominant traits and is described by incomplete 
penetrance. Yet, it cannot be differentiated whether these are sporadic cases or isolated 
familial cases which are the only carriers of the mutation in a family. The genetic 
background (which is similar but not identical in a family) and putative epigenetic 
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mechanisms might modify gene expression (Fig. 9). Such formal genetic considerations are 
extremely helpful in dissecting moleculargenetic etiology of face recognition.  
 

 
Fig. 9. Pedigree with reduced penetrance  still suggestive of autosomal dominant 
inheritance. The father of the prosopagnosic female in the third generation is obviously a 
normal transmitter. 

b. Polygenic inheritance 
Despite large families we still do not have candidate genes. The most plausible answer is that 
in a certain number of families more than one gene should be mutated (polygenic inheritance). 
The phenotypic variability shown in our family (Fig. 3) can be simulated in the most simple 
way by two genes (e.g. A and B), multiple alleles, and threshold effects at which a given 
phenotype is expressed.  The genes A and B should have several alternative forms (i.e. alleles) 
e.g. gene A the alleles A0, A4, and A5, gene B the alleles B4 and B5. The figures 4 and 5 denote 
the relative contribution to the face recognition ability. The figure 0 (zero) describes a loss-of-
function mutation and should be rare in the general population. The other alleles represent the 
wild type and are common. Thresholds are defined for different phenotypes of high, normal, 
low and no recognition (prosopagnosia) ability (Tab. 2) 
 

Threshold value Face recognition ability 
Genotype Phenotype 

≥ 19 (A5/A4, B5/B5); (A5/A5, B5/B4) Super recognizer 

≥ 18 (A5/A4, B5/B4); (A4/A4, B5/B5); 
(A5/A5, B4/B4) Average 

≥ 16 (A5/A4, B4/B4); (A4/A4, B5/B4); 
(A4/A4, B4/B4); Below average 

≤ 15 
(A5/A0, B5/B4); (A4/A0, B5/B5); 
(A5/A0, B5/B5); (A5/A0, B4/B4); 
(A4/A0, B5/B4); (A4/A0, B4/B4) 

Prosopagnosia 

Table 2. Schematic genotype-phenotype correlation of assumed digenic (genes A and B), 
multiallelic inheritance of face recognition. The higher the figure the more it contributes to 
the phenotype. 
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According to these assumptions the prosopagnosic mother might have the genotype A0/A4 
and B4/B5 and the normal father A4/A5 and B4/B5. In a two-factor-cross of the uncoupled 
genes the filial generation (F1 generation) predicts a variety of genotypes and resulting 
phenotypes (Tab. 3). 
 

Paternal gametes 

M
at

er
na

l g
am

et
es

 

 A4/B4 A4/B5 A5/B4 A5/B5 

A0/B4 A0/A4, B4/B4 
(12)* 

A0/A4, B4/B5 
(13) 

A0/A5, B4/B4 
(13) 

A0/A5, B4/B5 
(14) 

A0/B5 A0/A4, B5/B4
(13)

A0/A4, B5/B5
(14)

A0/A5, B5/B4
(14)

A0/A5, B5/B5 
(15) 

A4/B4 A4/A4, B4/B4
(16)

A4/A4, B4/B5
(17)

A4/A5, B4/B4
(17)

A4/A5, B4/B5 
(18) 

A4/B5 A4/A4, B5/B4 
(17) 

A4/A4, B5/B5 
(18) 

A4/A5, B5/B4 
(18) 

A4/A5, B5/B5 
(19) 

* Figures denote the relative contribution of the genotype to the phenotype of the face recognition 
ability. 

Table 3. Genotypic and phenotypic  segregation ratios of a two-factor-crossing.  

According to the resulting genotypes in the filial generation (see Tab. 3) the genotypes of the 
family members with variable face recognition ability (see Fig. 3) are simulated (Fig. 10). 
 
 
 
 
 
 

 
 
 
 
 
 

Fig. 10. Observed phenotypic distribution in a large family with assumed genotypes as 
derived from a hypothetic two-factor-cross (see Tab. 3). 
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The observed segregation ratio comes close to the expected segregation ratio (Tab. 4). 
 

Face recognition ability Expected segregation 
[N] 

Observed segregation in 
the family of Fig. 7 

[N] 

    average 4 (25 %) 3 (30 %) 

    below average 4 (25 %) 3 (30 %) 

    prosopagnosia 8 (50 %) 4 (40 %) 

Table 4. Genotypic and phenotypic segregation ratios of a two-factor-cross of the family 
described in Fig. 10.  

c. Multifactorial inheritance 
In a multifactorial mode of inheritance a phenotype is not entirely defined by one or more 
gene(s) (i.e. monogenic or polygenic) but also significantly influenced by environment 
and/or experience. In short, endogenic and exogenic contribution is necessary. Twin studies 
are an ideal approach to evaluate the relative contribution of nature and nurture. In 
monocygotic twins who almost completely share the same genetic background a high 
concordance or discordance of a given phenotype stands for a high or low genetic influence 
and vice versa for a low or high environmental influence. So far twin studies show a 
significant genetic influence on functional brain organization as documented by functional 
brain imaging studies (Polk et al. 2007) and by face recognition memory tests (Willmer et al. 
2010).  

3. Conclusion 
Face recognition ability is a high level perception and recognition skill. It remains unclear 
whether it is neurologically processed in a modular or in a distributed manner in the cortex 
or subcortical structures. Also an open question is whether face recognition ability differs 
from object recognition or whether it is just the top functioning end of visual recognition. At 
all levels a consistent finding however, is the high heritability of face recognition. So far 
there is no gene cloned which functions in the cascade of the visual cortex. Yet, the genetics 
of cerebral visual function has been shown by different approaches. Here we argue that 
prosopagnosia may open a window on the physiology and genetics of normal face 
recognition (= visual intelligence). From a large collection of prosopagnosic families 
phenotypic heterogeneity is obvious. Preliminary molecular genetic data also indicate 
genetic heterogeneity. This might be due to altered gene expression of one or more genes of 
the gene network associated with brain development. Depending on the impairment 
different familiar segregation patterns are expected either following classical modes of 
inheritance (Mendelian phenotype), polygenic or multifactorial inheritance and/or 
epigenetic modifications (Fig. 11). 
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Fig. 11. A hypothetical network of genes and their respective expression that contributes to 
face recognition ability. Exogenic/environmental and epigenetic influences are not shown 
but should also play a role. A) Suggested allelic variance of the respective genes will 
differentially attribute to the phenotype. In a given population the face recognition ability 
might describe a Gaussian distribution. B) In a small subgroup one or more allelic drop-outs 
(e.g. by loss-of-function mutations) might occur which then result in the phenotype of poor 
recognizers or prosopagnosics.  

By means of a permanent functional contact it can be considered that eye and brain 
development are simultaneously driven forward by evolution (co-evolution) as well as 
backward (retrograde evolution). During this process a plethora of genes had entered the 
network by gene duplications and successive evolutionary adaption of the duplex to its new 
task (intercalary evolution). 
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1. Introduction 
Human faces may be one of the most familiar visual stimuli, and the most important 
stimulus for human social life. The highly evolved human ability to recognize faces 
represents an important component of species social communication, naturally selected to 
solve adaptive problems critical for survival, such as distinguishing friend from foe, familiar 
from unfamiliar, related from unrelated. Moreover, face recognition represents an 
evolutionarily significant element of nonverbal decoding that may be viewed as a 
neuropsychological building block for sociality that is a core ingredient of extraversion. 
Indeed, a critical component of the kind of effective nonverbal decoding seen in extraverts 
may presuppose a capacity to extract social and affective cues from faces. Face recognition 
may be qualitatively different from other memory recognition systems in terms of the 
underlying neurobiological structure and developmental trajectory. It has been suggested 
that a special brain processing network, present early in development, underlies face 
perception. For example, two-month-old infants recognize their mothers' faces among 
others (Morton & Johnson, 1991), showing that infants have the perceptual skill of eye gaze 
from birth (Farroni et al., 2002). These studies suggest that face recognition is formed in the 
first few months of life. Face recognition includes many processes (perception of the face 
configuration, retention, memorization, and verification of face images). There has been 
uniform agreement that the facial recognition processes involves multiple brain areas. 
In the last several decades, methods of cognitive neuroscience have been applied fruitfully 
to the study the cognitive deficits in schizophrenia; however, the studies of the processes for 
facial recognition and recognition of facial expressions have received less attention. 
Recently, application of neuroscience techniques, including electroencephalography (EEG), 
magnetoencephalography (MEG), and structural and functional magnetic resonance 
imaging (MRI) to the study of face recognition has produced a new field of neuroscience. 
Therefore, abnormalities in the face recognition processes associated with psychiatric 
diseases have been revealed using these techniques. 
This chapter first presents an overview of the recent findings from studies on the neuronal 
mechanisms of face recognition, based on the current theoretical models. Second, the 
findings on abnormalities of facial recognition in patients with schizophrenia will be 
reviewed. 
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1. Introduction 
Human faces may be one of the most familiar visual stimuli, and the most important 
stimulus for human social life. The highly evolved human ability to recognize faces 
represents an important component of species social communication, naturally selected to 
solve adaptive problems critical for survival, such as distinguishing friend from foe, familiar 
from unfamiliar, related from unrelated. Moreover, face recognition represents an 
evolutionarily significant element of nonverbal decoding that may be viewed as a 
neuropsychological building block for sociality that is a core ingredient of extraversion. 
Indeed, a critical component of the kind of effective nonverbal decoding seen in extraverts 
may presuppose a capacity to extract social and affective cues from faces. Face recognition 
may be qualitatively different from other memory recognition systems in terms of the 
underlying neurobiological structure and developmental trajectory. It has been suggested 
that a special brain processing network, present early in development, underlies face 
perception. For example, two-month-old infants recognize their mothers' faces among 
others (Morton & Johnson, 1991), showing that infants have the perceptual skill of eye gaze 
from birth (Farroni et al., 2002). These studies suggest that face recognition is formed in the 
first few months of life. Face recognition includes many processes (perception of the face 
configuration, retention, memorization, and verification of face images). There has been 
uniform agreement that the facial recognition processes involves multiple brain areas. 
In the last several decades, methods of cognitive neuroscience have been applied fruitfully 
to the study the cognitive deficits in schizophrenia; however, the studies of the processes for 
facial recognition and recognition of facial expressions have received less attention. 
Recently, application of neuroscience techniques, including electroencephalography (EEG), 
magnetoencephalography (MEG), and structural and functional magnetic resonance 
imaging (MRI) to the study of face recognition has produced a new field of neuroscience. 
Therefore, abnormalities in the face recognition processes associated with psychiatric 
diseases have been revealed using these techniques. 
This chapter first presents an overview of the recent findings from studies on the neuronal 
mechanisms of face recognition, based on the current theoretical models. Second, the 
findings on abnormalities of facial recognition in patients with schizophrenia will be 
reviewed. 
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2. Face-responsive brain regions 
Research to investigate the direct neuronal activities of face recognition require invasive 
procedures, so most studies have been investigated by examining monkey brains. Hasselmo 
et al. (1989) reported that the superior temporal sulcus (STS) and the inferior temporal gyrus 
(ITG) in monkeys contain neurons which responded only to a picture of human or monkey 
faces. Neurons in the STS analyze mainly the changeable aspects of faces; the emotional 
expression (Perrett et al., 1984), eye gaze (Eifuku et al., 2004), and mimicry (Oram & Perrett, 
1996). The ITG seems to be the site for storage of static features of faces (Hasselmo et al., 
1989; Perrett et al., 1984, 1985). The amygdala is involved in emotional perception and 
regulation, and production of emotional feelings (Nakamura et al., 1992). In addition, 
several other brain regions are involved in face recognition. The region of the orbitofrontal 
cortex and the vicinity are activated by faces for longer durations and with lower activation 
compared to the temporal lobes (Thorpe et al., 1983; Rolls et al., 2006; Wilson et al., 1993). 
The section below presents an overview of each region related to face recognition. 

2.1 Fusiform gyrus 
A key brain region of the network for face recognition is the fusiform gyrus (FG) (Allison et 
al., 1999; Damasio et al., 1982; Kanwisher et al., 1997), which is located on the ventromedial 
surface of the temporal and occipital lobes (see Figure 1). The FG is bordered medially by 
the collateral sulcus and laterally by the occipitotemporal sulcus; both of the sulci are 
frequently interrupted with bifurcations, particularly in the anterior and posterior part of 
the FG (Naidich et al., 1987; Ono et al., 1990).  
 

 
Fig. 1. Ventral view of a three-dimensional reconstruction of the FG.  
The gray matter of the anterior fusiform gyrus is shown in red (left subject) and orange 
(right subject). The gray matter of the posterior fusiform gyrus is shown in purple (left 
subject) and blue (right subject).  

Although both face and non-face object perception use the ventral pathway (Martin et al., 
2001), EEG, MEG and fMRI studies have reported that faces are perceived, at least in part, 
by a separate processing stream in the ventral pathway (Allison et al., 1999; Kanwisher et al., 
1997; Watanabe et al., 1999). Using fMRI, Kanwisher et al. (1997) reported that the middle 
portion of the FG responded predominantly to faces, leading them to call it the fusiform face 
area (FFA). Many studies have supported that the FFA is more active when stimuli have 
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been detected as faces. The most robust face-sensitive activation is consistently found on the 
lateral side of the right middle portion of the FG (Kanwisher et al., 1997). Additionally, the 
FFA responds to a wide variety of face stimuli; front and profile photographs of faces (Tong 
et al., 2000), line drawings of faces (Spiridon et al., 2002), animal faces (Chao et al., 1999b; 
Tong et al., 2000) and even faces of cartoon characters (Tong et al., 2000). Although the FFA 
shows the strongest increase in blood flow in response to faces, it also responds to non-face 
stimuli, such as houses (Aguirre et al., 1998; Ishai et al., 1999), chairs (Ishai et al., 1999), tools 
(Chao et al., 1999a), landscapes (Epstein et al., 1998) or nonsense stimuli (Clark et al., 1996; 
Epstein et al., 1998). Some fMRI studies suggest that the right FFA, also associated with face 
perception, can also be recruited in the processing of objects that subjects are highly familiar 
with, as in cases of expert knowledge for objects (Gauthier et al., 1999, 2001). Indeed, similar 
EEG responses to faces and, after repeated training, to other objects, have been reported 
(Tanaka et al., 2001; Rossion et al., 2002). This observation has led to the suggestion that 
functional and anatomical specialization for faces in healthy adults could simply reflect our 
extensive experience with human faces (Gauthier et al., 2001). An important assumption of 
the expertise hypothesis is that object expertise can be developed entirely as an adult, and 
the predictor of processing style is merely the amount of practice. This assumption has 
remained implicit in subsequent research (Gauthier et al., 1997; Grill-Spector et al., 2004; 
Rossion et al., 2002).    

2.2 Superior temporal sulcus region 
The STS is the sulcus separating the superior temporal gyrus (STG) from the middle 
temporal gyrus (MTG) in the temporal lobe of the brain (see Figure 2). The STS is frequently 
interrupted (the proportion of STS that have a single continuous sulcus is 36% for the right 
side and 28% for the left side), and the posterior part of the STS is extremely varied (Ono et 
al., 1990). For face processing by the STS, Kanwisher et al. (1997) reported that the superior 
and lateral regions of the right STS were significantly activated, as observed using fMRI, 
when the subjects viewed faces. Although the STS is generally involved in the perception of 
biological motion (Bonda et al., 1996; Decety et al., 1999; Grossman et al., 2000), for face 
recognition, the STS is also activated by mimics of faces. The STS responds to dynamic 
aspects of faces beyond gaze shifts (Calder et al., 2002), including lip movements (Puce et al., 
1998) and emotion expression (Narumoto et al., 2001) as well as complex social cues such as 
trustworthiness (Winston et al., 2002). Moreover, it has been reported that the changeable 
aspects of faces are processed by a second face-specific processor located in the posterior 
part of the STS (Chao et al., 1999; Haxby et al., 1999; Hoffman & Haxby, 2000; Puce et al., 
2007). For instance, Hooker et al. (2003) reported that STS activity accompanied extracting 
directional information from a gaze relative to directional information from an arrow and 
relative to eye motion without relevant directional information. In this study, subjects 
attempted to detect a particular directional cue provided either by gaze changes on an 
image of a face or by an arrow presented alone or by an arrow superimposed on the face. 
Another control condition was included in which the eyes moved without providing 
meaningful directional information. Moreover, Hoffman and Haxby (2000) reported that 
activation of the STS depended on the aspects of the face upon which attention was focused. 
In their results, the activity in the STS region was significantly higher when subjects were 
paying attention to the changeable aspects of the face than in the invariant condition. Such 
selectivity for gaze processing was observed only in the STS, but not in the FG. 
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Fig. 2. STG, MTG, and ITG in the left hemisphere on a three-dimensional image.  
A: anterior STG, B: posterior STG, C: anterior MTG, D: mid- MTG, E: posterior MTG, F: 
anterior ITG, G: mid- ITG, H: posterior ITG. 

2.3 Inferior occipital gyrus (Occipital face area: OFA) 
In addition to the FG and the STS, the lateral inferior occipital gyrus is one of the face-
responsive regions (Adolphs, 2003; Halgren et al., 1999). The FG and the STS are responsible 
for preliminary face analysis according to the Haxby model (Haxby et al., 1999, 2000), and it 
is suggested that the OFA may glean more significant information from faces compared to 
both the FG and the STS (Haxby et al., 1999; Hoffman & Haxby, 2000). However, the OFA is 
activated by tasks in which the FFA is activated, thus suggesting that the OFA is also 
involved in processing the identity of faces (Hoffman & Haxby, 2000). 

2.4 Other regions  
Many research studies have shown that there are other regions engaged in face perception; 
the anterior portion of the middle temporal gyrus (aMTG) (see Figure 2), the orbitofrontal 
cortex (Nakamura et al., 2000; Sergent et al., 1992) and the right ventrolateral prefrontal 
cortex (Marinkovic et al., 2000; Vignal et al., 2000). The aMTG and the orbitofrontal cortex 
show both show a high activity when faces of famous or familiar persons are viewed. 
Studies with epilepsy patients also revealed the role of the right ventrolateral prefrontal 
cortex relevant to face processing.  
The amygdala also participates in face recognition. The amygdala is an almond-shaped 
nucleus located deep within the medial temporal lobes of the brain in complex vertebrates. 
The amygdala has a primary role in the processing and memory of emotional reactions, and 
it is considered to be part of the limbic system. Actually, the recognition of emotions elicited 
a stronger response than neutral face detection. The activation occurs first in the STS (140–
170 ms after the stimulus onset) and later in the right amygdala (around 220 ms after the 
stimulus onset) (Streit et al., 1999). Moreover, it has been reported that the amygdala plays a 
crucial role in processing fear (LaBar et al., 1998; Morris et al., 1998). Subsequent studies also 
showed activation of the amygdala in response to a happy face (Sheline et al., 2001) as well 
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as negative emotional faces like those expressing fear, sadness, anger (Blair et al., 1999) and 
disgust (Gorno-Tempini et al., 2001). 
Additional regions in other parts of the brain also participate in face perception. For 
example, lip-reading elicits activity in regions associated with auditory processing of speech 
sounds (Calvert et al., 1997) and the perception of eye gaze direction elicits activity in 
parietal regions that are associated with spatial attention (Hoffman & Haxby, 2000). 

3. Face recognition systems 
Bruce and Young proposed a model of distributed face processing in humans (Bruce & 
Young, 1986). The essences of their model are that face perception differs qualitatively from 
the perception of other objects or words, and there may be several modules that 
independently process face information in human brain. Each face stimulates seven distinct 
types of mental processing; pictorial, structural, visually derived semantic, identity-specific 
semantic, name, expression and facial speech. According to this model, face perception 
processing consists of a four stage process; the first-stage being structural encoding to 
provide descriptions suitable for the analysis of facial speech, for the analysis of expression 
and for face recognition units; the second-stage being recognition of familiar faces, which 
involves a match between the products of structural encoding and previously stored 
structural codes describing the appearance of familiar faces; the third-stage is identification 
of specific semantic codes accessed from person identity nodes; and in the fourth-stage, 
name codes are retrieved.  
Haxby et al. (2000) postulated a face processing model mediated by distributed neural 
systems in the human brain with core and extended systems. The core system is composed 
of regions in the visual cortex (inferior occipital cortex, FG, STS), which modulate the visual 
analysis of faces. In their model, the extended system of neural networks is as follows; 
intraparietal sulcus, auditory cortex, amygdala, insula, limbic system, and temporal pole. 
Both models postulate multistage processing of face information and separate means of face 
analysis. Although these models do not take into account the attention effect, unconscious 
face processing is also important for face perception. With regard to this point, Bauer 
suggested a two-route model (Bauer, 1984), which was later developed by Ellis and Young 
(1990). Bauer reported that the skin conductance response was highly sensitive to the 
presentation of familiar faces in patients with prosopagnosia despite their inability to recog-
nize familiar faces due to damage to the inferior temporal lobes (Bauer, 1984). Therefore, 
Bauer concluded that visual information processing remained partially separate from 
conscious face processing. The human brain has two neural visual pathways for the analysis 
of face information, both being directly connected with the limbic system. First, the ventral 
stream is responsible for overt face recognition. It starts at the visual association cortex and 
continues via the inferior temporal lobes to the amygdala and hypothalamus. The ventral 
stream, sometimes called the "what pathway", is associated with configuration recognition 
and object representation. Second, the dorsal stream is responsible for the covert analysis of 
facial stimuli. This pathway starts at the visual association cortex and comprises the superior 
temporal and inferior parietal lobes, the cingulate gyrus and the hypothalamus. The dorsal 
stream is sometimes called the "where pathway" or "how pathway". Bauer’s model may 
account for the face recognition deficits accompanying some other disorders such as 
Capgras syndrome (Ellis & Young, 1990), unilateral spatial neglect (Vuilleumier, 2000) and 
the blind sight phenomenon (Morris et al., 1998). 
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4. Prosopagnosia 
Neuropsychological studies have reported a number of brain-damaged patients who 
exhibited a disproportionate impairment for recognizing faces as compared to other objects. 
Especially, prosopagnosia has been crucial in the development of theories of face 
recognition. Prosopagnosia is one of the disorders of face perception, usually associated 
with bilateral or right unilateral occipito-temporal lesions (Damasio et al., 1982; Farah, 1991; 
Landis et al., 1988; Wada & Yamamoto, 2001). For example, Wada and Yamamoto (2001) 
reported a case of prosopagnosia caused by a hematoma limited to the right FG and to the 
lateral occipital region.  
The word “prosopagnosia” derives from the Greek prosopon (face) and gnosis (knowledge), 
which was introduced by Bodamer (1947). Damasio et al. (2000) described that the deficit of 
prosopagnosia is not limited to human faces. The magnitude of the deficit of visual agnosia 
varies in prosopagnosia; a farmer cannot recognize his cows individually and a bird-
watcher cannot identify different species of birds. According to their description (Damasio 
et al., 2000), patients with prosopagnosia can recognize a pencil, or an article of furniture, or 
a car, as, respectively, pencils, furniture, and cars; but they often cannot decide whether 
such an article belongs to them or not, or who the specific manufacturer of a given car is. 
Although dysfunction of the FG produces difficulties in identifying a face, patients with 
prosopagnosia can recognize facial expressions (Morris et al., 2001). The dissociation 
between recognizing a face and a facial expression may be associated with the tectopulvinar 
system, which processes facial expression perception. Thus, patients with prosopagnosia 
can recognize a face implicitly because of emotional responses to facial expressions even if 
they are not perceived consciously. This suggests that emotion also plays a significant role in 
face recognition, as a relatively independent module. 

5. The face-related potentials 
The evidence regarding face recognition comes from two very different methodologies, 
neuroimaging and neurophysiology. Face processing also can be assessed by metabolic 
activity, blood deoxygenation, and glucose uptake in the human brain (Haxby & Gobbini, 
2002; Henson et al., 2003). Metabolic brain imaging techniques produce information about 
the regions that are related to the face recognition processes. Meanwhile, neurophysiological 
studies, including EEG and MEG, have revealed the individual regions associated with 
human face processing with a high temporal resolution. 
Of particular note, numerous EEG studies, especially event-related potentials (ERP) studies 
have revealed the presence of face-sensitive potentials are absent or attenuated to non-face 
visual stimuli (Jeffreys, 1989). ERPs are measures of neurophysiological activity, and 
represents a non-invasive method used to clarify the time course of visual object 
categorization processes in the human brain. Artifact-free EEG segments time-locked to 
stimuli onsets have been averaged over many trials, revealing the timing and magnitude of 
consistent neural processing elicited by stimuli. Data from ERP studies have demonstrated 
the negative potential recorded at occipitotemporal leads, the N170, to be larger for faces 
than objects in humans (Bentin et al., 1996; Botzel et al., 1995; Rossion et al., 2000). For MEG, 
the magnetic counterpart of N170 (M170) to the face is also larger for faces than objects (e.g., 
Lu et al., 1991). 
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There is a face-sensitive potential with a maximum amplitude and minimum latency to faces 
than other objects at vertex electrodes, called vertex positive potentials (VPP) (Botzel & 
Grusser, 1989; Jeffreys, 1989). It has been reported that the VPP represents the positive 
counterpart of the N170 (Botzel et al., 1995).  
Intracranial ERP recordings of epilepsy patients have also found face-sensitive N200, which 
were recorded from both hemispheres of the FG and the ITG (Allison et al., 1994, 1999). 
Several discrepancies have been reported between the scalp N170 and intracranial N200. For 
example, the intracranial face-N200 showed no hemispheric asymmetry, whereas right-
greater-than-left scalp face-N170 amplitudes have been frequently demonstrated (Henson et 
al., 2003; Itier & Taylor, 2004). The scalp N170 generally corresponds to the intracranial 
N200, but the N170 may be an overlapping potential and, therefore, the N170 is not exactly 
the same as the N200. 

6. Evaluation of face processing 
As emotionally expressive stimuli, faces can bridge multiple levels of the emotional 
response. Faces can be classified as showing positive and negative emotions. In addition, 
faces also express categorical emotions. The universality of facial expressions that 
communicate anger, disgust, fear, happiness, sadness, and surprise is widely accepted 
(Ekman, 1994; Izard, 1994). Subjects tend to mistake fear and surprise, disgust and anger, 
and neutrality and sadness (Ekman, 1972; Gur et al., 2002). Most facial expression research is 
done with static, posed images (Edwards et al., 2002); however, naturally elicited 
expressions will change within milliseconds and there are differences in the way in which 
some subjects respond to posed vs. natural expressions (Davis & Gibson, 2000). This section 
will focus on the neuropsychological findings for processing of static images of emotional 
faces. It should also be noted that most studies used their own original emotional face 
recognition tests. For example, one research group has worked extensively with emotional 
face processing. The Penn Emotion Acuity Test (PEAT) (Kohler et al., 2000) consists of 10 
happy, 10 sad, and 20 neutral expressions of Caucasian faces. The task requires the 
participant to indicate the emotion depicted on a 7-point Likert-type intensity scale (1 = very 
sad, 2 = moderately sad, 3 = somewhat sad, 4 = neutral, 5 = somewhat happy, 6 = 
moderately happy, 7 = very happy). The Emotion Intensity Differentiation task (Emodiff) 
presents two faces of the same individual showing the same emotion (happy or sad), 
requiring the participant to select the more intense expression. A total of 40 face pairs (20 
happy, 20 sad) are used in this study (Silver et al., 2002). However, various tests are used to 
assess the recognition of emotional faces in reading the following sections. 
Although threatening stimuli, including faces, are detected more rapidly in visual search 
tasks, studies that emphasize identification of expressions, rather than detection of 
differences, commonly find that happy faces elicit faster response times than other 
expressions (Leppanen & Hietanen, 2004). Happy faces are also widely found to be 
identified more accurately (e.g., Gur et al., 2002). Both of these effects could be due to 
structural aspects of the expressions as visual stimuli, rather than the affective meaning 
itself. Happy expressions are of a very different structural conformation and rely more on 
visual analysis of the mouth area and less on the eye areas than negative expressions 
(sadness, fear, anger; [Ekman & Friesen, 1978; Smith et al., 2003]). 
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4. Prosopagnosia 
Neuropsychological studies have reported a number of brain-damaged patients who 
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system, which processes facial expression perception. Thus, patients with prosopagnosia 
can recognize a face implicitly because of emotional responses to facial expressions even if 
they are not perceived consciously. This suggests that emotion also plays a significant role in 
face recognition, as a relatively independent module. 
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7. Behavioral studies for face recognition in schizophrenia 
Recently, interest in the neural physiology of emotional processing in schizophrenic 
patients has undergone a resurgence. Impaired emotional functioning is fundamental to 
schizophrenia, and negative symptoms, including flat affect, are debilitating and resistant 
to intervention. These emotional impairments include deficits in how emotional meaning 
is assigned to incoming sense data, how emotions are felt and elicited by life 
circumstances (e.g., inappropriate affect, persecutory delusions), and how emotions are 
encoded and transmitted during communication (e.g., symptoms of flat or restricted 
affect).  
In particular, the ability to identify and interpret facial expressions is imperative for effective 
non-vocal social communication. Individuals with schizophrenia have an impaired ability to 
both recognize faces and both discriminate and respond to emotional facial expressions, 
which are activities critical to social functioning (Addington & Addington, 1998; Edwards et 
al., 2002; Kerr & Neale, 1993; Mandal et al., 1998; Wolwer et al., 1996). However, to simplify, 
the findings of neuropsychological tests for emotional face recognition will be the focus of 
this section. 
It has been repeatedly reported that patients with schizophrenia have deficits in the 
recognition of emotional faces. For example, Kohler et al. (2000) performed PEAT and the 
age recognition task with facial images for 35 patients with schizophrenia and 45 normal 
controls. The patients with schizophrenia performed worse than the controls on both the 
PEAT and age recognition task without differential deficits. In patients with schizophrenia, 
a poor performance on PEAT correlated with the severity of negative and positive 
symptoms, with no significant correlation for age recognition. Hooker and Park (2002) 
tested 20 chronic, medicated schizophrenia patients and 27 normal control participants in a 
battery of face recognition and affect recognition tasks. They demonstrated that 
schizophrenia patients were less accurate than normal control participants on face 
recognition, facial affect recognition and vocal affect recognition tasks, but among 
schizophrenia patients, only affect recognition performance was related to social 
functioning.  
It was also reported that schizophrenia patients with persecutory delusions were slower 
than normal controls for identifying angry faces (Green & Phillips, 2004). Patients also 
misattribute disgust and fear to neutral faces at a higher error rate than healthy controls 
(Kohler et al., 2003). These behavioral deficits in the recognition of emotional faces are stable 
over at least a few months (4 weeks [Gaebel & Wolwer, 1992]; 4 and 12 weeks [Wolwer et al., 
1996]; 12 weeks [Addington & Addington, 1998]) and appear to be unrelated to either the 
symptom severity or medication status (Edwards et al., 2002). Differences among 
schizophrenia subtypes have also been reported. Paranoid-subtype patients are more 
accurate than non-paranoid-subtype patients at identifying negative facial expressions 
(Davis & Gibson, 2000; Kline et al., 1992; Lewis & Garver, 1995; Phillips et al., 1999). 
Although the reaction time is slower, paranoid-subtype patients may be more accurate 
judges of facial affect than normal control subjects. For example, Davis and Gibson (2000) 
reported an enhanced perception in paranoid-subtype patients relative to normal controls 
for negative facial expressions. However, the precise nature of emotional face recognition 
deficits in patients with schizophrenia remains unclear.  

 
New Findings for Face Processing Deficits in the Mental Disorder of Schizophrenia 

 

197 

8. Neuroanatomical abnormalities of the fusiform gyrus in schizophrenic 
patients 
MRI studies have provided useful findings regarding the subtle structural brain 
abnormalities in patients with schizophrenia (Shenton et al., 2001). It should be noted that 
only positive MRI findings on FG have been included in this section. Paillère-Martinot et al. 
(2001) investigated the gray and white matter volumes in early onset schizophrenic patients 
using voxel-based morphometry. They reported significant gray matter reductions in the 
medial frontal gyri, left insula, left parahippocampus and left FG in patients. Lee et al. (2002) 
manually measured the FG volume and reported bilateral FG reduction, which was specific 
to first-episode schizophrenia compared with first-episode manic psychosis. Moreover, 
Onitsuka et al. (2003) reported an association between FG reduction and delayed facial 
recognition memory deficits in male patients with chronic schizophrenia. Premkumar et al. 
(2008) demonstrated that a longer duration of illness was associated with a smaller volume 
of left FG grey matter. In addition, the authors suggested that the right middle frontal cortex 
is particularly vulnerable to the long-term effects of schizophrenia, whereas the dorsomedial 
prefrontal cortex, FG and cerebellum are affected by both a long duration of illness and 
aging. In the study by Bangalore et al. (2009), the duration of untreated illness was found to 
be inversely correlated with gray matter changes in the left FG. Recently, Goghari et al. (in 
press) reported the left FG to decrease by 11% in patients and 7% in their biological relatives 
compared with normal controls. 
The FG abnormalities represent a social communication disturbance of the disease, 
expressed symptomatically as asociality and social anhedonia, and neuropsychologically 
due to poor facial memory, and this three-variable relationship was uninfluenced by 
medication. Negative symptoms emphasize a loss of interest, motivation, and pleasure in 
social interaction which may reflect a risk factor that is present long before the onset of the 
disease and may mediate the relationship between the FG volume and lower scores on 
neuropsychological tests of facial recognition memory (Onitsuka et al., 2003) as well as 
lower levels of extraversion (Onitsuka et al., 2005), all of which may constitute the well-
known disease-related disturbance of social communication. 

9. Neuroimaging findings for neutral/emotional face recognition deficits in 
schizophrenia 
Patients with schizophrenia obviously have deficits in the neural substrate of visual face 
processing. As noted before, a number of structural and functional studies have also 
reported abnormalities in the FG. A meta-analysis of voxel-based MRI studies showed 
decreased volume of the left FG in around a quarter of studies, whereas only 5% or fewer 
showed a reduction in the right FG (Honea et al., 2005). Functionally, a deficit of FG 
activation relative to control subjects is also evident in functional MRI studies of matching 
facial identity and emotion (Quintana et al., 2003). Moreover, structural MRI has also 
revealed decreased STG gray matter volumes (Wright et al., 2000); thus other brain areas 
related face recognition may be affected in patients with schizophrenia. 
In humans, various brain regions have been associated with emotion processing, as 
described before. Volume reductions of several brain regions involved in emotional face 
recognition have been reported, including the amygdala, prefrontal and orbitofrontal 
regions (Shenton et al., 2001; Wright et al., 2000). The amygdala may be structurally and 
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functionally abnormal in patients with schizophrenia. Brain morphometric studies have 
indicated that there is a 6% bilateral amygdala volume reduction on average in patients with 
schizophrenia compared to healthy subjects (Wright et al., 2000). The responses of the 
amygdala to facial emotion appear to be abnormal in schizophrenic patients. For example, 
several studies have reported blood flow hypoactivation of the amygdala elicited by fearful 
faces compared with the activities to neutral faces in patients with schizophrenia (Aleman & 
Kahn, 2005). On the other hand, recent studies have shown hyperactivation of the medial 
temporal lobe, especially the amygdala, to neutral faces in schizophrenic patients (Holt et 
al., 2006; Surguladze et al., 2006). Differences in the methodology and required tasks may 
account for some of the disparate results.  
Functional neuroimaging studies have suggested several brain regional deficits in patients 
with schizophrenia, including a lack of FG activation relative to healthy subjects in facial 
affect and individual identification matching tasks (Quintana et al., 2003). Phillips et al. 
(1999) found differences between paranoid and non-paranoid schizophrenia patients using a 
gender discrimination task to compare expressions of fear, anger, and disgust to a mildly 
happy/neutral baseline in an fMRI study. Both groups showed decreased activation and 
accuracy at emotion identification relative to controls, and decreased amygdala activity to 
fearful faces. Paranoid patients showed increased visual cortex activity to fearful faces than 
non-paranoid patients, and abnormal activity in the inferior frontal cortex, anterior cingulate 
cortex, and visual cortex to angry expressions. Non-paranoid patients showed no activation 
of the insula to disgust, and some abnormal activation of the amygdala to faces showing 
disgust. There was also a trend for paranoid patients to be more accurate than non-paranoid 
patients at classifying negative emotions. In contrast to the decreased activation of visual 
and emotional processing areas in schizophrenic patients, functional neuroimaging studies 
have found increased responses in the amygdala and hippocampus to happy, neutral, and 
fearful expressions using non-face visual stimuli as the baseline of brain activity (Holt et al., 
2006; Kosaka et al., 2002). 
In summary, the results of a large number of neuroimaging studies suggest that facial 
emotion recognition in schizophrenic patients is impaired, especially for negative emotions. 
This impairment may be related to structural and functional abnormalities of the amygdala 
in patients with schizophrenia. 

10. Face-sensitive visual evoked potentials in schizophrenic patients 
In this section, the evoked potentials or ERPs elicited by neutral or emotional face images of 
schizophrenia will be reviewed for each component.  

10.1 P1 (P100) 
The P1 is a positive potential at the occipital area elicited at around 100 ms after the stimulus 
onset and generated within the extrastriate cortex (Pourtois et al., 2005). This potential is 
associated with the global processing of visual perception. The “global processing” is the 
initial stage of face categorization (Liu et al., 2002). Herrmann et al. (2004)  reported a 
normal occipital P1 amplitude to images of neutral faces and buildings, with larger P1 
amplitudes to faces than to buildings. Similarly, some studies reported normal P1 during 
processing of faces or facial affect in schizophrenic patients (Doniger et al., 2002; Schechter et 
al., 2005). On the other hand, some studies revealed P1 deficits during the processing of 
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faces (Haenschel et al., 2008; Yeap et al., 2006); thus, the differences in P1 during face 
processing in schizophrenic patients remain to be elucidated.  
The mechanism of the P1 evoked during processing of emotion identification remains 
unclear, and the effects of facial emotional expressions on the P1 are still being debated even 
for healthy subjects. The difficulties of required tasks may account for the P1 during 
emotion recognition (Di Russo et al., 1999; Hillyard et al., 1998). Furthermore, the P1 is very 
sensitive to the properties of the stimulus such as contrast, spatial frequency, and luminance 
(Tobimatsu et al., 1993; Rebai et al., 1998). Pourtois et al. (2005) reported that the P1 was 
significantly enhanced by low-spatially-filtered fearful faces in healthy subjects. However, 
several investigators reported no significant effects of facial expressions on P1 amplitudes in 
either normal controls or schizophrenics (Campanella et al., 2006; Johnston et al., 2005; 
Turetsky et al., 2007). Obayashi et al. (2009) reported no significant effects of the facial 
expressions for normal controls or patients with schizophrenia, regardless of spatially-
filtered face images, thus suggesting that recognition of facial emotional expressions is 
higher-level visual processing, and that lower-level visual perception as reflected by the P1 
cannot account for this process. Further studies will be necessary to reveal the mechanism 
responsible for the P1 component for face processing. 

10.2 N170 
The N170 is a negative potential recorded over occipitotemporal areas at around 170 ms, 
and is considered to function as an index of the structural encoding of faces (Bentin & 
Deouell, 2000), and the extraction of configural information (Goffaux et al., 2003; Rossion et 
al., 1999). The N170 is also associated with the local processing of identifying individual 
faces (Liu et al., 2002). 
As noted before, the N170 is larger for faces than for objects in healthy subjects. However, 
Onitsuka et al. (2006) reported that male chronic schizophrenia patients showed specific 
N170 reduction to faces compared to normal controls (see Figure 3). Additionally, in this 
study, patients with schizophrenia, but not normal controls, showed a significant 
association between right posterior FG reduction and N170 reduction to faces but not to 
other objects at right posterior temporal electrodes. It has been repeatedly reported that 
patients with schizophrenia showed reduced N170 amplitudes to neutral and emotional 
faces (Caharel et al., 2007; Campanella et al., 2006; Lee et al., 2010; Lynn & Salisbury, 2008; 
Obayashi et al., 2009; Turetsky et al., 2007). 
However, the effects of facial emotional expressions on N170 still remain controversial. For 
example, Batty and Taylor (2003) found that the N170 amplitude to fearful faces was larger 
than the N170 to neutral faces in healthy subjects. On the other hand, it was reported that 
N170 was unaffected by any emotional expressions in healthy subjects (Eimer, 2000; Eimer 
& Holmes, 2002). The authors documented that the N170 reflects the process of 
identification and recognition of faces, but not facial emotional expressions. Lynn and 
Salisbury (2008) demonstrated that healthy subjects showed bilateral differences in N170 
amplitude among facial expressions, while schizophrenic patients failed to show this 
modulation. However, Obayashi et al. (2009) reported no significant effects of facial 
expressions for normal controls or schizophrenics, regardless of spatially-filtered face 
images. They also suggested possible dysfunction of the magnocellular and parvocellular 
pathways, which may underlie the deficits associated with facial recognition in 
schizophrenic patients. Therefore, electrophysiological studies have indicated that the N170 
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functionally abnormal in patients with schizophrenia. Brain morphometric studies have 
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Kahn, 2005). On the other hand, recent studies have shown hyperactivation of the medial 
temporal lobe, especially the amygdala, to neutral faces in schizophrenic patients (Holt et 
al., 2006; Surguladze et al., 2006). Differences in the methodology and required tasks may 
account for some of the disparate results.  
Functional neuroimaging studies have suggested several brain regional deficits in patients 
with schizophrenia, including a lack of FG activation relative to healthy subjects in facial 
affect and individual identification matching tasks (Quintana et al., 2003). Phillips et al. 
(1999) found differences between paranoid and non-paranoid schizophrenia patients using a 
gender discrimination task to compare expressions of fear, anger, and disgust to a mildly 
happy/neutral baseline in an fMRI study. Both groups showed decreased activation and 
accuracy at emotion identification relative to controls, and decreased amygdala activity to 
fearful faces. Paranoid patients showed increased visual cortex activity to fearful faces than 
non-paranoid patients, and abnormal activity in the inferior frontal cortex, anterior cingulate 
cortex, and visual cortex to angry expressions. Non-paranoid patients showed no activation 
of the insula to disgust, and some abnormal activation of the amygdala to faces showing 
disgust. There was also a trend for paranoid patients to be more accurate than non-paranoid 
patients at classifying negative emotions. In contrast to the decreased activation of visual 
and emotional processing areas in schizophrenic patients, functional neuroimaging studies 
have found increased responses in the amygdala and hippocampus to happy, neutral, and 
fearful expressions using non-face visual stimuli as the baseline of brain activity (Holt et al., 
2006; Kosaka et al., 2002). 
In summary, the results of a large number of neuroimaging studies suggest that facial 
emotion recognition in schizophrenic patients is impaired, especially for negative emotions. 
This impairment may be related to structural and functional abnormalities of the amygdala 
in patients with schizophrenia. 

10. Face-sensitive visual evoked potentials in schizophrenic patients 
In this section, the evoked potentials or ERPs elicited by neutral or emotional face images of 
schizophrenia will be reviewed for each component.  

10.1 P1 (P100) 
The P1 is a positive potential at the occipital area elicited at around 100 ms after the stimulus 
onset and generated within the extrastriate cortex (Pourtois et al., 2005). This potential is 
associated with the global processing of visual perception. The “global processing” is the 
initial stage of face categorization (Liu et al., 2002). Herrmann et al. (2004)  reported a 
normal occipital P1 amplitude to images of neutral faces and buildings, with larger P1 
amplitudes to faces than to buildings. Similarly, some studies reported normal P1 during 
processing of faces or facial affect in schizophrenic patients (Doniger et al., 2002; Schechter et 
al., 2005). On the other hand, some studies revealed P1 deficits during the processing of 
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faces (Haenschel et al., 2008; Yeap et al., 2006); thus, the differences in P1 during face 
processing in schizophrenic patients remain to be elucidated.  
The mechanism of the P1 evoked during processing of emotion identification remains 
unclear, and the effects of facial emotional expressions on the P1 are still being debated even 
for healthy subjects. The difficulties of required tasks may account for the P1 during 
emotion recognition (Di Russo et al., 1999; Hillyard et al., 1998). Furthermore, the P1 is very 
sensitive to the properties of the stimulus such as contrast, spatial frequency, and luminance 
(Tobimatsu et al., 1993; Rebai et al., 1998). Pourtois et al. (2005) reported that the P1 was 
significantly enhanced by low-spatially-filtered fearful faces in healthy subjects. However, 
several investigators reported no significant effects of facial expressions on P1 amplitudes in 
either normal controls or schizophrenics (Campanella et al., 2006; Johnston et al., 2005; 
Turetsky et al., 2007). Obayashi et al. (2009) reported no significant effects of the facial 
expressions for normal controls or patients with schizophrenia, regardless of spatially-
filtered face images, thus suggesting that recognition of facial emotional expressions is 
higher-level visual processing, and that lower-level visual perception as reflected by the P1 
cannot account for this process. Further studies will be necessary to reveal the mechanism 
responsible for the P1 component for face processing. 

10.2 N170 
The N170 is a negative potential recorded over occipitotemporal areas at around 170 ms, 
and is considered to function as an index of the structural encoding of faces (Bentin & 
Deouell, 2000), and the extraction of configural information (Goffaux et al., 2003; Rossion et 
al., 1999). The N170 is also associated with the local processing of identifying individual 
faces (Liu et al., 2002). 
As noted before, the N170 is larger for faces than for objects in healthy subjects. However, 
Onitsuka et al. (2006) reported that male chronic schizophrenia patients showed specific 
N170 reduction to faces compared to normal controls (see Figure 3). Additionally, in this 
study, patients with schizophrenia, but not normal controls, showed a significant 
association between right posterior FG reduction and N170 reduction to faces but not to 
other objects at right posterior temporal electrodes. It has been repeatedly reported that 
patients with schizophrenia showed reduced N170 amplitudes to neutral and emotional 
faces (Caharel et al., 2007; Campanella et al., 2006; Lee et al., 2010; Lynn & Salisbury, 2008; 
Obayashi et al., 2009; Turetsky et al., 2007). 
However, the effects of facial emotional expressions on N170 still remain controversial. For 
example, Batty and Taylor (2003) found that the N170 amplitude to fearful faces was larger 
than the N170 to neutral faces in healthy subjects. On the other hand, it was reported that 
N170 was unaffected by any emotional expressions in healthy subjects (Eimer, 2000; Eimer 
& Holmes, 2002). The authors documented that the N170 reflects the process of 
identification and recognition of faces, but not facial emotional expressions. Lynn and 
Salisbury (2008) demonstrated that healthy subjects showed bilateral differences in N170 
amplitude among facial expressions, while schizophrenic patients failed to show this 
modulation. However, Obayashi et al. (2009) reported no significant effects of facial 
expressions for normal controls or schizophrenics, regardless of spatially-filtered face 
images. They also suggested possible dysfunction of the magnocellular and parvocellular 
pathways, which may underlie the deficits associated with facial recognition in 
schizophrenic patients. Therefore, electrophysiological studies have indicated that the N170 
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amplitude reduction of schizophrenia during face and facial affect processing may reflect 
deficient processing of facial structures and facial structure encoding. 
 

 
Fig. 3. The group average N170 waveforms at P7/P8 (typical N170 recording sites) and 
PO9/PO10 (more ventral sites with the largest effect).  
The waveforms of patients with schizophrenia (n = 20) are shown in solid lines and those of 
normal controls (n = 16) are shown in dashed lines.  

With regard to clinical correlations in patients with schizophrenia, a few studies have 
reported an association between the N170 and the clinical features. One study found 
significant associations between N170 and social dysfunction in patients with schizophrenia. 
Obayashi et al. (2009) reported correlations between reduced N170 amplitude in response to 
faces and lower Global Assessment of Functioning (GAF) scores in patients with 
schizophrenia. The N170 amplitude to faces could therefore function as a 
neurophysiological index of social functioning in schizophrenia. Further studies of social 
functioning of patients with schizophrenia using face processing paradigms would be of 
value to schizophrenia research. An fMRI study of healthy subjects suggested that the right 
FFA can be activated by highly trained object categories (Gauthier et al., 1999) (e.g., by birds 
in expert bird watchers). Moreover, Gauthier and Nelson (2001) speculate that the functional 
and anatomical specialization for faces in normal adults could simply be a result of our 
experience with human faces. As reviewed in this article, a number of findings suggest that 
anatomical/functional abnormalities underlie facial processing problems in patients with 
schizophrenia. Whether such abnormalities in schizophrenia are secondary to the limited 
experience of patients and/or are based on abnormalities in the neural substrate of face 
perception, it seems reasonable to speculate that abnormalities in face processing are related 
to the disinterest in social contact and social isolation observed in schizophrenic patients. In 
summary, a number of face-ERP studies have reported N170 amplitude reduction specific to 
faces, thus indicating that the neuronal populations involved in face perception may be 

 
New Findings for Face Processing Deficits in the Mental Disorder of Schizophrenia 

 

201 

specifically reduced in patients with schizophrenia. Moreover, schizophrenia may be 
characterized by deficits in the modulation of the N170 responses to different face stimuli. 

10.3 N250 
Beyond the N170 potential, face-sensitive potentials also exist, but only a few studies have 
examined the N250 potential in patients with schizophrenia. The N250 is an affect-related 
negative potential that occurs approximately 250 ms after the stimulus onset at fronto-
central electrode sites, and is sensitive to the emotional content of a face and familiar faces 
(Streit et al., 1999, 2001b; Tanaka et al., 2006). 
In an MEG study, Streit et al. (2001a) found decreased amplitude in the 150-250 ms potential 
at left inferior parietal cortex, and in the 250-350 ms potential at the left inferior prefrontal 
cortex. In an ERP study, Streit et al. (2001b) reported decreased ERPs at frontal sites in 
schizophrenia patients compared to normal controls between 180-250 ms. These studies may 
indicate deficits in decoding of emotional information in patients with schizophrenia 
beyond the N170 potential. 
However, the findings of previous studies tend to be mixed with regard to the N250 in 
patients with schizophrenia. For instance, other researchers have suggested that these 
deficits are secondary flow-on effects of broader deficits in the structural encoding of faces 
(Johnston et al., 2005; Turetsky et al., 2007), and reported abnormally small N170 
amplitudes, but normal N250 responses. This finding suggested impaired facial feature 
encoding but unaffected emotion decoding (Johnston et al., 2005). Further research will 
therefore be needed to clarify this issue. 

11. Conclusion 
In this chapter, we have reviewed recent research on the neural mechanisms of facial 
recognition. Face perception may be one of the most familiar visual stimuli and the most 
important stimulus with regard to social interactions. Studies in monkeys showed face-
selective neurons in the monkey brain. Human research to clarify the neuronal systems of 
face perception were also performed in patients, including those with prosopagnosia, and 
contributed significant information that helped in the elucidation of the human face 
processing system. Two models of human face processing, the Bruce and Young model and 
the Haxby model have so far been proposed. In addition, Bauer’s model that has two neural 
visual pathways (the ventral stream and the dorsal stream) account for attentional face 
processing. The results from the study of human face processing show that there are face 
perception-related regions, including the FFA, STS, OFA, aMTG, the orbitofrontal cortex 
and the right ventrolateral prefrontal cortex, and the amygdala.  
For face recognition deficits of patients with schizophrenia, this chapter reviewed findings 
of behavioral, structural and functional studies. Neuropsychological findings for face 
processing have indicated deficits in the formation and retention of memory for face 
configuration information in patients with schizophrenia. Brain morphometric studies have 
indicated that abnormalities of the FG may be associated with the pathophysiology of 
schizophrenia. Neurophysiologically, schizophrenia may be characterized by deficits in 
modulating the N170 in response to different face stimuli.  
Although the respective roles of the different brain regions involved in face processing have 
emerged, both neuroimaging and neurophysiology studies, including FRP studies, have 
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Fig. 3. The group average N170 waveforms at P7/P8 (typical N170 recording sites) and 
PO9/PO10 (more ventral sites with the largest effect).  
The waveforms of patients with schizophrenia (n = 20) are shown in solid lines and those of 
normal controls (n = 16) are shown in dashed lines.  

With regard to clinical correlations in patients with schizophrenia, a few studies have 
reported an association between the N170 and the clinical features. One study found 
significant associations between N170 and social dysfunction in patients with schizophrenia. 
Obayashi et al. (2009) reported correlations between reduced N170 amplitude in response to 
faces and lower Global Assessment of Functioning (GAF) scores in patients with 
schizophrenia. The N170 amplitude to faces could therefore function as a 
neurophysiological index of social functioning in schizophrenia. Further studies of social 
functioning of patients with schizophrenia using face processing paradigms would be of 
value to schizophrenia research. An fMRI study of healthy subjects suggested that the right 
FFA can be activated by highly trained object categories (Gauthier et al., 1999) (e.g., by birds 
in expert bird watchers). Moreover, Gauthier and Nelson (2001) speculate that the functional 
and anatomical specialization for faces in normal adults could simply be a result of our 
experience with human faces. As reviewed in this article, a number of findings suggest that 
anatomical/functional abnormalities underlie facial processing problems in patients with 
schizophrenia. Whether such abnormalities in schizophrenia are secondary to the limited 
experience of patients and/or are based on abnormalities in the neural substrate of face 
perception, it seems reasonable to speculate that abnormalities in face processing are related 
to the disinterest in social contact and social isolation observed in schizophrenic patients. In 
summary, a number of face-ERP studies have reported N170 amplitude reduction specific to 
faces, thus indicating that the neuronal populations involved in face perception may be 

 
New Findings for Face Processing Deficits in the Mental Disorder of Schizophrenia 

 

201 

specifically reduced in patients with schizophrenia. Moreover, schizophrenia may be 
characterized by deficits in the modulation of the N170 responses to different face stimuli. 
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Beyond the N170 potential, face-sensitive potentials also exist, but only a few studies have 
examined the N250 potential in patients with schizophrenia. The N250 is an affect-related 
negative potential that occurs approximately 250 ms after the stimulus onset at fronto-
central electrode sites, and is sensitive to the emotional content of a face and familiar faces 
(Streit et al., 1999, 2001b; Tanaka et al., 2006). 
In an MEG study, Streit et al. (2001a) found decreased amplitude in the 150-250 ms potential 
at left inferior parietal cortex, and in the 250-350 ms potential at the left inferior prefrontal 
cortex. In an ERP study, Streit et al. (2001b) reported decreased ERPs at frontal sites in 
schizophrenia patients compared to normal controls between 180-250 ms. These studies may 
indicate deficits in decoding of emotional information in patients with schizophrenia 
beyond the N170 potential. 
However, the findings of previous studies tend to be mixed with regard to the N250 in 
patients with schizophrenia. For instance, other researchers have suggested that these 
deficits are secondary flow-on effects of broader deficits in the structural encoding of faces 
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encoding but unaffected emotion decoding (Johnston et al., 2005). Further research will 
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recognition. Face perception may be one of the most familiar visual stimuli and the most 
important stimulus with regard to social interactions. Studies in monkeys showed face-
selective neurons in the monkey brain. Human research to clarify the neuronal systems of 
face perception were also performed in patients, including those with prosopagnosia, and 
contributed significant information that helped in the elucidation of the human face 
processing system. Two models of human face processing, the Bruce and Young model and 
the Haxby model have so far been proposed. In addition, Bauer’s model that has two neural 
visual pathways (the ventral stream and the dorsal stream) account for attentional face 
processing. The results from the study of human face processing show that there are face 
perception-related regions, including the FFA, STS, OFA, aMTG, the orbitofrontal cortex 
and the right ventrolateral prefrontal cortex, and the amygdala.  
For face recognition deficits of patients with schizophrenia, this chapter reviewed findings 
of behavioral, structural and functional studies. Neuropsychological findings for face 
processing have indicated deficits in the formation and retention of memory for face 
configuration information in patients with schizophrenia. Brain morphometric studies have 
indicated that abnormalities of the FG may be associated with the pathophysiology of 
schizophrenia. Neurophysiologically, schizophrenia may be characterized by deficits in 
modulating the N170 in response to different face stimuli.  
Although the respective roles of the different brain regions involved in face processing have 
emerged, both neuroimaging and neurophysiology studies, including FRP studies, have 
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positively contributed to elucidating the neural network responsible for face processing in 
the human brain. 
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