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Even though video compression has become a mature field, a lot of research is still 
ongoing. Indeed, as the quality of the compressed video for a given size or bit rate 

increases, so does users’ level of expectations and their intolerance to artefacts. The 
development of compression technology has enabled number of applications; key 
applications in television broadcast field. Compression technology is the basis for 
digital television. The “Video Compression” book was written for scientists and 

development engineers. The aim of the book is to showcase the state of the art in the 
wider field of compression beyond encoder centric approach and to appreciate the need 

for video quality assurance. It covers compressive video coding, distributed video 
coding, motion estimation and video quality.
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Preface 

Visual compression has been a very active field of research and development for over 
20 years, leading to many different compression systems and to the definition of
international standards. There is likely to be a continued need for better compression
efficiency, as video content becomes increasingly ubiquitous and places
unprecedented pressure on upcoming new applications in the future. At the same
time, the challenge of handling ever more diverse content coded in a wide variety of
formats makes reconfigurable coding a potentially useful prospect.

This book aims to bring together selected recent advances, applications and some
original results in the area of image and video compression. They can be useful for
researchers, engineers, graduate and postgraduate students, experts in this area and
hopefully also for people interested generally in computer science, video coding and
video quality.

Regarding the organization of the book, it is divided into three parts having seven 
chapters in total. Chapters are clustered into compression, motion estimation and
quality.

The first chapter presents a review of techniques proposed compressed sensing.
Compressive Sensing is a new field and its application to video systems is even more
recent. There are many avenues for further research and thorough quantitative 
analyses are still lacking. Number of encoding strategies that has been adopted is 
described.

Chapter two analyses the transcoding framework for video communications between
mobile devices. In addition, it is proposed a WZ to H.264/AVC transcoder designed to
support mobile-to-mobile video communications. Since the transcoder device
accumulates the highest complexity from both video coders, reducing the time spent
in this process is an important goal. This chapter also presents two approaches to 
speed-up WZ decoding and H.264/AVC encoding.  

Chapter three presents a few evaluations and analysis that characterize the loss in
perceived interpretability of motion imagery arising from various compression 
methods and compression rates. Evaluation of image compression for motion imagery 
illustrates how interpretability-based methods can be applied to the analysis of the 
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image chain. The chapter also presents both objective image metrics and analysts’ 
assessments of various compressed products.  

Chapter four presents an overview of H.264 motion estimation and its types and also 
the various estimation criterions that decides the complexity of the chosen algorithm.  

Chapter five is a systematic review of the pixel domain based global motion estimation 
approaches. The chapter discusses shortcomings in noise filtering and computational 
cost, the improvement approaches including hierarchical global motion estimation, 
partial pixel set based global motion estimation and compressed domain based global 
motion estimation are provided. Four global motion based applications including 
GMC/LMC in MPEG-4 video coding standard, global motion based sport video shot 
classification, GM/LM based error concealment and text occluded region recovery are 
described in this chapter. 

Chapter six argues that exploiting saliency-based video compression is a challenging and 
exciting area of research and especially nowadays when saliency models include more 
and more top-down information and manages to better and better predict real human 
gaze. Multimedia applications are a continuously evolving domain and compression 
algorithms must also evolve and adapt to new applications. The explosion of portable 
devices with less bandwidth and smaller screens, but also the future semantic TV/web 
and its object-based description will lead in the future to a higher importance of saliency-
based algorithms for multimedia data repurposing and compression.  

The large amount of studies developed for this purpose related to quality assessment 
gives a general idea about the importance of this theme in video compression. The 
evolution of metrics and techniques is constant, finding the best ways of evaluating 
the quality of video sequences. 

Chapter seven describes a state of the art in quality assessment and techniques of 
subjective and objective assessment, with the most common artefacts and impairments 
derived from compression and transmission. 

I wish to thank all the authors who have contributed to this book. I hope that by 
reading this book you will get many useful ideas for your own research, which will 
help to bridge the gap between video compression technology and applications. 

I also hope this book is enjoyable to read and will further contribute to video 
compression, which requires a further interest and attention in both research and 
application fields. 

Dr Amal Punchihewa 
PhD, MEEng, BSC(Eng)Hons, CEng, FIET, MIPENZ,  

MIEEE, MSLAAS , MCS, Leader - Multi-Media Research Group,  
The School of Engineering and Advanced Technology, Massey University (Turitea),  

New Zealand 
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Compressive Video Coding:  
A Review of the State-Of-The-Art 

Muhammad Yousuf Baig, Edmund M-K. Lai and Amal Punchihewa
Massey University 

School of Engineering and Advanced Technology 
Palmerston North 

New Zealand 

1. Introduction 
Video coding and its related applications have advanced quite substantially in recent years.
Major coding standards such as MPEG [1] and H.26x [2] are well developed and widely 
deployed. These standards are developed mainly for applications such as DVDs where the 
compressed video is played over many times by the consumer. Since compression only 
needs to be performed once while decompression (playback) is performed many times, it is
desirable that the decoding/decompression process can be done as simply and quickly as 
possible. Therefore, essentially all current video compression schemes, such as the various 
MPEG standards as well as H.264 [1, 2] involve a complex encoder and a simple decoder.
The exploitation of spatial and temporal redundancies for data compression at the encoder 
causes the encoding process to be typically 5 to 10 times more complex computationally 
than the decoder [3]. In order that video encoding can be performed in real time at frame
rates of 30 frames per second or more, the encoding process has to be performed by 
specially designed hardware, thus increasing the cost of cameras. 

In the past ten years, we have seen substantial research and development of large sensor 
networks where a large number of sensors are deployed. For some applications such as
video surveillance and sports broadcasting, these sensors are in fact video cameras. For such 
systems, there is a need to re-evaluate conventional strategies for video coding. If the
encoders are made simpler, then the cost of a system involving tens or hundreds of cameras
can be substantially reduced in comparison with deploying current camera systems.
Typically, data from these cameras can be sent to a single decoder and aggregated. Since 
some of the scenes captured may be correlated, computational gain can potentially be
achieved by decoding these scenes together rather than separately. . Decoding can be simple 
reconstruction of the video frames or it can be combined with detection algorithms specific 
to the application at hand. Thus there are benefits in combing reduced complexity cameras
with flexible decoding processes to deliver modern applications which are not anticipated 
when the various video coding standards are developed.

Recently, a new theory called Compressed Sensing (CS) [4, 5, 6] has been developed which 
provides us with a completely new approach to data acquisition. In essence, CS tells us that
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for signals which possess some “sparsity” properties, the sampling rate required to 
reconstruct these signals with good fidelity can be much lower than the lower bound 
specified by Shannon’s sampling theorem. Since video signals contain substantial amounts 
of redundancy, they are sparse signals and CS can potentially be applied. The simplicity of 
the encoding process is traded off by a more complex, iterative decoding process. The 
reconstruction process of CS is usually formulated as an optimization problem which 
potentially allows one to tailor the objective function and constraints to the specific 
application. Even though practical cameras that make use of CS are still in their very early 
days, the concept can be applied to video coding. A lower sampling rate implies less energy 
required for data processing, leading to lower power requirements for the camera. 
Furthermore, the complexity of the encoder can be further simplified by making use of 
distributed source coding [21, 22]. The distributed approach provides ways to encode video 
frames without exploiting any redundancy or correlation between video frames captured by 
the camera. The combined use of CS and distributed source coding can therefore serve as 
the basis for the development of camera systems where the encoder is less complex than the 
decoder.  

We shall first provide a brief introduction to Compressed Sensing in the next Section. This is 
followed by a review of current research in video coding using CS.  

2. Compressed sensing  
Shannon’s uniform sampling theorem [7, 8] provides a lower bound on the rate by which an 
analog signal needs to be sampled in order that the sampled signal fully represents the 
original. If a signal �(�) contains no frequencies higher than ���� radians per second, then it 
can be completely determined by samples that are spaced � � �� ����⁄ 	seconds apart. �(�) 
can be reconstructed perfectly using the these samples �(��)	by 

�(�) � � �(��)���� ( � �⁄ −
{���}

�) (1.1)

The uniform samples �(��) of �(�) may be interpreted as coefficients of basis functions 
obtained by shifting and scaling of the sinc function. For high bandwidth signals such as 
video, the amount of data generated based on a sampling rate of at least twice the 
bandwidth is very high. Fortunately, most of the raw data can be thrown away with almost 
no perceptual loss. This is the result of lossy compression techniques based on orthogonal 
transforms. In image and video compression, the discrete cosine transform (DCT) and 
wavelet transform have been found to be most useful. The standard procedure goes as 
follows. The orthogonal transform is applied to the raw image data, giving a set of 
transform coefficients. Those coefficients that have values smaller than a certain threshold 
are discarded. Only the remaining significant coefficients, typically only a small subset of 
the original, are encoded, reducing the amount of data that represents the image. This 
means that if there is a way to acquire only the significant transform coefficients directly by 
sampling, then the sampling rate can be much lower than that required by Shannon’s 
theorem. 

Emmanuel Candes, together with Justin Romberg and Terry Tao, came up with a theory of 
Compressed Sensing (CS) [9] that can be applied to signals, such as audio, image and video 
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that are sparse in some domain. This theory provides a way, at least theoretically, to acquire 
signals at a rate potentially much lower than the Nyquist rate given by Shannon’s sampling 
theorem. CS has already inspired more than a thousand papers from 2006 to 2010 [9]. 

2.1 Key Elements of compressed sensing 

Compressed Sensing [4-6, 10] is applicable to signals that are sparse in some domain. 
Sparsity is a general concept and it expresses the idea that the information rate or the 
signal significant content may be much smaller than what is suggested by its bandwidth. 
Most natural signals are redundant and therefore compressible in some suitable domain. 
We shall first define the two principles, sparsity and incoherence, on which the theory of 
CS depends. 

2.1.1 Sparsity 

Sparsity is important in Compressed Sensing as it determines how efficient one can acquire 
signals non-adaptively. The most common definition of sparsity used in compressed sensing 
is as follows. Let � ∈ �� be a vector which represents a signal which can be expanded in an 
orthonormal basis � = [���� ���] as  

�(�) =�����
�

���
 (1.2)

Here, the coefficients �� = 〈�, ��〉	. In matrix form, (1.2) becomes 

� = �� (1.3)

When all but a few of the coefficients �� are zero, we say that � is sparse in a strict sense. If 
�	denotes the number of non-zero coefficients with	� � �, then � is said to be S-sparse. In 
practice, most compressible signals have only a few significant coefficients while the rest 
have relatively small magnitudes. If we set these small coefficients to zero in the way that it 
is done in lossy compression, then we have a sparse signal. 

2.1.2 Incoherence 

We start by considering two different orthonormal bases, Φ and Ψ, of ��. The coherence 
between these two bases is defined in [10] by 

μ(Φ,Ψ) = √� ∙ max���,��� |〈ϕ�, ψ�〉| (1.4)

which gives us the largest correlation between any two elements of the two bases. It can be 
shown that 

�(Φ,Ψ) ∈ [1, √�] (1.5)

Sparsity and incoherence together quantify the compressibility of a signal. A signal is more 
compressible if it has higher sparsity in some representation domain Ψ that is less coherent 
to the sensing (or sampling) domain	Φ. Interestingly, random matrices are largely 
incoherent with any fixed basis [18]. 
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Sparsity and incoherence together quantify the compressibility of a signal. A signal is more 
compressible if it has higher sparsity in some representation domain Ψ that is less coherent 
to the sensing (or sampling) domain	Φ. Interestingly, random matrices are largely 
incoherent with any fixed basis [18]. 
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2.1.3 Random sampling 

Let � be a discrete time random process and let � = ��[1], � �[�]� be a vector of � real-
valued samples of �. If the representation of � in a transform domain Ψ given by �, then 

� = �� =�����
�

���
 (1.6)

Here � = [��, �� ���] is the transform basis matrix and � = [�� � ��] is the vector of 
weighted coefficients where��� =� �,�� >. 

Consider a general linear measurement process that computes � � � inner products of 
�� = 〈�, ��〉 between � and a collection of vectors �����

�. Let � denote the �� � � matrix with 
the measurement vectors �� as rows. Then � is given by 

� = �� = ��� = �� (1.7)

where � = ��. If � is fixed, then the measurements are not adaptive or depend on the 
structure of the signal � [6]. The minimum number of measurements needed to reconstruct 
the original signal depends on the matrices � and �.  

Theorem 1 [11]. Let � � �� has a discrete coefficient sequence � in the basis �. Let � be �-
sparse. Select�� measurements in the domain � uniformly at random. Then if 

� � � � ��(Φ,Ψ) � � ���� (1.8)

for some positive constant �, then with high probability, � can be reconstructed using the following 
convex optimization program: 

min�� �|��|��� ������� �� �� = 〈��,Ψ��〉, � � � � (1.9)

where � denotes the index set of the � randomly chosen measurements. 

This is an important result and provides the requirement for successful reconstruction. It has 
the following three implications [10]:  

i. The role of the coherence in above equation is transparent – the smaller the coherence 
between the sensing and basis matrices, the fewer the number of measurements needed. 

ii. It provides support that there will be no information loss by measuring any set of � 
coefficients, which may be far less than the original signal size. 

iii. The signal � can be exactly recovered without assuming any knowledge about the non-
zero coordinates of � or their amplitudes. 

2.1.4 CS Reconstruction 

The reconstruction problem in CS involves taking the � measurements � to reconstruct the 
length-�� signal � that is �-sparse, given the random measurement matrix � and the basis 
matrix �. Since � � �, this is an ill-conditioned problem. The classical approach to solving 
ill-conditioned problems of this kind is to minimize the �� norm. The general problem is 
given by 

 
Compressive Video Coding: A Review of the State-Of-The-Art 7 

�� = argmin ‖s�‖� ���� ���� �s� = � (1.10)

However, it has been proven that this �� minimization will never return a �-sparse solution. 
Instead, it can only produce a non-sparse solution [6]. The reason is that the �� norm 
measures the energy of the signal and signal sparsity properties could not be incorporated 
in this measure. 

The �� norm counts the number of non-zero entries and therefore allows us to specify the 
sparsity requirement. The optimization problem using this norm can be stated as 

�� = argmin‖��‖� ���� ���� ��� = � (1.11)

There is a high probability of obtaining a solution using only � = � � � i.i.d Gaussian 
measurements [10]. However, the solution produced is numerically unstable [6]. It turns out 
that optimization based on the �� norm is able to exactly recover � sparse signals with high 
probability using only � � �� ��g� �⁄  i.i.d Gaussian measurements [4, 5]. The convex 
optimization problem is given by 

�� = argmin‖��‖� ���� ���� ��� = � (1.12)

Which can be reduced to a linear program. Algorithms based on Basis Pursuit [12] can be 
used to solve this problem with a computational complexity of ����) [4]. 

3. Compressed Video Sensing (CVS) 
Research into the use of CS in video applications has only started very recently. We shall 
now briefly review what has been reported in the open literature. 

The first use of CS in video processing is proposed in [13]. Their approach is based on the 
single pixel camera [14]. The camera architecture employs a digital micro mirror array to 
perform optical calculations of linear projections of an image onto pseudo-random binary 
patterns. It directly acquires random projections. They have assumed that the image changes 
slowly enough across a sequence of snapshots which constitutes one frame. They acquired 
the video sequence using a total of M measurements, which are either 2D or 3D random 
measurements. For 2D frame-by-frame reconstruction, 2D wavelets are used as the sparsity-
inducing basis. For 3D joint reconstruction, 3D wavelets are used. The Matching Pursuit 
reconstruction algorithm [15] is used for reconstruction. 

Another implementation of CS video coding is proposed in [16]. In this implementation, 
each video frame classified as a reference or non-reference frame. A reference frame (or key 
frame) is sampled in the conventional manner while non-reference frames are sampled by 
CS techniques. The sampled reference frame is divided into � non-overlapping blocks each 
of size � � � = � pixels whereby discrete cosine transform (DCT) is applied. A compressed 
sensing test is applied to the DCT coefficients of each block to identify the sparse blocks in 
the non-reference frame. This test basically involves comparing the number of significant 
DCT coefficients against a threshold �. If the number of significant coefficients is small, then 
the block concerned is a candidate for CS to be applied. The sparse blocks are compressively 
sampled using an i.i.d. Gaussian measurement matrix and an inverse DCT sensing matrix. 
The remaining blocks are sampled in the traditional way. A block diagram of the encoder is 
shown in Figure 1. 
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sampled using an i.i.d. Gaussian measurement matrix and an inverse DCT sensing matrix. 
The remaining blocks are sampled in the traditional way. A block diagram of the encoder is 
shown in Figure 1. 
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Signal recovery is performed by the OMP algorithm [17]. In reconstructing compressively 
sampled blocks, all sampled coefficients with an absolute value less than some constant � 
are set to zero. Theoretically, if there are � � � non significant DCT coefficients, then at least 
� � � � �	samples are needed for signal reconstruction [10]. Therefore the threshold is set 
to � � � � �. The choice of values for �, �, and � depends on the video sequence and the 
size of the blocks. They have proved experimentally that up to 50% of savings in video 
acquisition is possible with good reconstruction quality.  

 
Fig. 1. System Block Diagram of Video Coding Scheme Proposed in [16] 

Another technique which uses motion compensation and estimation at the decoder is 
presented in [18]. At the encoder, only random CS measurements were taken independently 
from each frame with no additional compression. A multi-scale framework has been proposed 
for reconstruction which iterates between motion estimation and sparsity-based reconstruction 
of the frames. It is built around the LIMAT method for standard video compression [19].  

LIMAT [19] uses a second generation wavelets to build a fully invertible transform. To 
incorporate temporal redundancy, LIMAT adaptively apply motion-compensated lifting 
steps. Let k-th frame of the � frame video sequence is given by �� , where � � {���� � }. The 
lifting transform partitions the video into even frames {���} and odd frames {�����	} and 
attempts to predict the odd frames from the even ones using a forward motion 
compensation operator. Suppose {���} and {�����	} differ by a 3-pixel shift that is captured 
precisely by a motion vector ��, then it is given by {�����	} � �����	� ��) exactly.  
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The proposed algorithm in [18] uses block matching (BM) to estimate motion between a pair of 
frames. Their BM algorithm divides the reference frame into non-overlapping blocks. For each 
block in the reference frame the most similar block of equal size in the destination frame is 
found and the relative location is stored as a motion vector. This approach overcomes previous 
approaches such as [13] where the reconstruction of a frame depends only on the individual 
frame’s sparsity without taking into account any temporal motion. It is also better than using 
inter-frame difference [20] which is insufficient for removing temporal redundancies. 

3.2 Distributed Compressed Video Sensing (DCVS) 

Another video coding approach that makes use of CS is based on the distributed source 
coding theory of Slepian and Wolf [21], and Wyner and Ziv [22]. Source statistics, partially 
or totally, is only exploited at the decoder, not at the encoder as it is done conventionally. 
Two or more statistically dependent source data are encoded by independent encoders. 
Each encoder sends a separate bit-stream to a common decoder which decodes all incoming 
bit streams jointly, exploiting statistical dependencies between them.  

In [23], a framework called Distributed Compressed Video Sensing (DISCOS) is introduced. 
Video frames are divided into key frames and non-key frames at the encoder. A video 
sequence consists of several GOPs (group of pictures) where a GOP consists of a key frame 
followed by some non-key frames. Key frames are coded using conventional MPEG intra-
coding. Every frame is both block-wise and frame-wise compressively sampled using 
structurally random matrices [25]. In this way, more efficient frame based measurements are 
supplemented by block measurement to take advantage of temporal block motion.  

At the decoder, key frames are decoded using a conventional MPEG decoder. For the 
decoding of non-key frames, the block-based measurements of a CS frame along with the two 
neighboring key frames are used for generating sparsity-constraint block prediction. The 
temporal correlation between frames is efficiently exploited through the inter-frame sparsity 
model, which assumes that a block can be sparsely represented by a linear combination of few 
temporal neighboring blocks. This prediction scheme is more powerful than conventional 
block-matching as it enables a block to be adaptively predicted from an optimal number of 
neighboring blocks, given its compressed measurements. The block-based prediction frame is 
then used as the side information (SI) to recover the input frame from its measurements. The 
measurement vector of the prediction frame is subtracted from that of the input frame to form 
a new measurement vector of the prediction error, which is sparse if the prediction is 
sufficiently accurate. Thus, the prediction error can be faithfully recovered. The reconstructed 
frame is then simply the sum of the prediction error and the prediction frame.  

Another DCVS scheme is proposed in [24]. The main difference from [23] is that both key 
and non-key frames are compressively sampled and no conventional MPEG/H.26x codec is 
required. However, key frames have a higher measurement rate than non-key frames.  

The measurement matrix Φ is the scrambled block Hadamard ensemble (SBHE) matrix [28]. 
SBHE is essentially a partial block Hadamard transform, followed by a random permutation 
of its columns. It provides near optimal performance, fast computation, and memory 
efficiency. It outperforms several existing measurement matrices including the Gaussian 
i.i.d matrix and the binary sparse matrix [28]. The sparsifying matrix used is derived from 
the discrete wavelet transform (DWT) basis.  
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Video frames are divided into key frames and non-key frames at the encoder. A video 
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neighboring key frames are used for generating sparsity-constraint block prediction. The 
temporal correlation between frames is efficiently exploited through the inter-frame sparsity 
model, which assumes that a block can be sparsely represented by a linear combination of few 
temporal neighboring blocks. This prediction scheme is more powerful than conventional 
block-matching as it enables a block to be adaptively predicted from an optimal number of 
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then used as the side information (SI) to recover the input frame from its measurements. The 
measurement vector of the prediction frame is subtracted from that of the input frame to form 
a new measurement vector of the prediction error, which is sparse if the prediction is 
sufficiently accurate. Thus, the prediction error can be faithfully recovered. The reconstructed 
frame is then simply the sum of the prediction error and the prediction frame.  

Another DCVS scheme is proposed in [24]. The main difference from [23] is that both key 
and non-key frames are compressively sampled and no conventional MPEG/H.26x codec is 
required. However, key frames have a higher measurement rate than non-key frames.  

The measurement matrix Φ is the scrambled block Hadamard ensemble (SBHE) matrix [28]. 
SBHE is essentially a partial block Hadamard transform, followed by a random permutation 
of its columns. It provides near optimal performance, fast computation, and memory 
efficiency. It outperforms several existing measurement matrices including the Gaussian 
i.i.d matrix and the binary sparse matrix [28]. The sparsifying matrix used is derived from 
the discrete wavelet transform (DWT) basis.  
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At the decoder, the key frames are reconstructed using the standard Gradient Projection for 
Sparse Reconstruction (GPSR) algorithm. For the non-key frames, in order to compensate for 
lower measurement rates, side information is first generated to aid in the reconstruction. Side 
information can be generated from motion-compensated interpolation from neighboring key 
frames. In order to incorporate side information, GPSR is modified with a special initialization 
procedure and stopping criteria are incorporated (see Figure 3). The convergence speed of the 
modified GPSR has been shown to be faster and the reconstructed video quality is better than 
using original GPSR, two-step iterative shrinkage/thresholding (TwIST) [29], and orthogonal 
matching pursuit (OMP) [30]. 

 
Fig. 2. Architecture of DISCOS [23] 

 
Fig. 3. Distributed CS Decoder [24] 

3.3 Dictionary based compressed video sensing 

In dictionary based techniques, a dictionary (basis) is created at the decoder from 
neighbouring frames for successful reconstruction of CS frames.  

A dictionary based distributed approach to CVS is reported in [32]. Video frames are divided 
into key frames and non-key frames. Key frames are encoded and decoded using conventional 
MPEG/H.264 techniques. Non-key frames are divided into non-overlapping blocks of  
pixels. Each block is then compressively sampled and quantized. At the decoder, key frames 
are MPEG/H.264 decoded while the non-key frames are dequantized and recovered using a 
CS reconstruction algorithm with the aid of a dictionary. The dictionary is constructed from 
the decoded key frame. The architecture of this system is shown in Figure 4. 
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Fig. 4. A Dictionary-based CVS System [32] 

Two different coding modes are defined. The first one is called the SKIP mode. This mode is 
used when a block in a current non-key frame does not change much from the co-located 
decoded key frame. Such a block is skipped for decoding. This is achieved by increasing the 
complexity at the encoder since the encoder has to estimate the mean squared error (MSE) 
between decoded key frame block and current CS frame block. If the MSE is smaller than some 
threshold, the same decoded block is simply copied to current frame and hence the decoding 
complexity is very minimal. The other coding mode is called the SINGLE mode. CS 
measurements for a block are compared with the CS measurements in a dictionary using the 
MSE criterion. If it is below some pre-determined threshold, then the block is marked as a 
decoded block. Dictionary is created from a set of spatially neighboring blocks of previous 
decoded neighboring key frames. A feedback channel is used to communicate with the 
encoder that this block has been decoded and no more measurements are required. For blocks 
that are not encoded by either SKIP or SINGLE mode, normal CS reconstruction is performed.  

Another dictionary based approach is presented in [33]. The authors proposed the idea of 
using an adaptive dictionary. The dictionary is learned from a set of blocks globally 
extracted from the previous reconstructed neighboring frames together with the side 
information generated from them is used as the basis of each block in a frame. In their 
encoder, frame are divided as Key-frames and CS frames. For Key-frames, frame based CS 
measurements are taken and for CS frames, block based CS measurements are taken. At the 
decoder, the reconstruction of a frame or a block can be formulated as an l1-minimization 
problem. It is solved by using the sparse reconstruction by separable approximation 
(SpaRSA) algorithm [34]. Block diagram of this system is shown in Figure 5. 

Adjacent frames in the same scene of a video are similar, therefore a frame can be predicted 
by its side information which can be generated from the interpolation of its neighboring 
reconstructed frames. at decoder in [33], for a CS frame �� , its side information �� can be 
generated from the motion-compensated interpolation (MCI) of its previous ���� and next 
reconstructed key frames ����, respectively. To learn the dictionary from ����	, �� and ����	, � 
training patches were extracted. For each block in the three frames, 9 training patches  
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Fig. 5. Distributed Compressed Video Sensing with Dictionary Learning 

including the nearest 8 blocks overlapping this block and this block itself are extracted. After 
that, the K-SVD algorithm [35] is applied to  training patches to learn the dictionary 

,   is an overcomplete dictionary containing  atoms. By using the 
learned dictionary , each block  in  can be sparsely represented as a sparse coefficient 
vector . This learned dictionary provides sparser representation for the frame than 
using the fixed basis dictionary. Same authors have extended their work in [36] for dynamic 
measurement rate allocation by incorporating feedback channel in their dictionary based 
distributed video codec.  

4. Summary 
CS is a new field and its application to video systems is even more recent. There are many 
avenues for further research and thorough quantitative analyses are still lacking. Key 
encoding strategies adopted so far includes: 

• Applying CS measurements to all frames (both key frames and non-key frames) as 
suggested by [24]. 

• Applying conventional coding schemes (MPEG/H.264) to key frames and acquire local 
block-based and global frame-based CS measurements for non-key frames as suggested 
in [23, 32]. 

• Split frames into non-overlapping blocks of equal size. Reference frames are sampled 
fully. After sampling, a compressive sampling test is carried out to identify which 
blocks are sparse [16]. 

Similarly, key decoding strategies includes: 

• Reconstructing the key frames by applying CS recovery algorithms such as GPSR and 
reconstruct the non-key frames by incorporating side information generated by 
recovered key frames [24]. 

• Decoding key frames using conventional image or video decompression algorithms and 
perform sparse recovery with decoder side information for prediction error 
reconstruction. Add reconstructed prediction error to the block-based prediction frame 
for final frame reconstruction [23].  

• Using a dictionary for decoding [32] where a dictionary is used for comparison and 
prediction of non-key frames. Similarly, a dictionary can be learned from neighboring 
frames for reconstruction of non-key frames [33].  

These observations suggest that there are many different approaches to encode videos using 
CS. In order to achieve a simple encoder design, conventional MPEG type of encoding 
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process should not be adopted. Otherwise, there is no point in using CS as an extra 
overhead. We believe that the distributed approach in which each key-frame and non-key-
frame is encoded by CS is able to utilise CS more effectively. While spatial domain 
compression is performed by CS, temporal domain compression is not exploited fully since 
there is no motion compensation and estimation performed. Therefore, a simple but 
effective inter-frame compression will need to be devised. In the distributed approach, this 
is equivalent to generating effective side information for the non-key frames. 
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1. Introduction 
Nowadays, mobile devices demand multimedia services such as video communications due 
to the advances in mobile communications systems (such us 4G) and the integration of 
video cameras into mobile devices. However, these devices have some limitations of 
computing power, resources and complexity constraints for performing complex 
algorithms. For this reason, in order to establish a video communications between mobile 
devices, it is necessary to use low complex encoding techniques. In traditional video codecs 
(such as H.264/AVC (ISO/IEC, 2003)) these low complexity requirements have not been 
met because H.264/AVC is more complex at the encoder side. Then, mobile video 
communications based on H.264/AVC low complexity imply a penalty in terms of Rate – 
Distortion (RD). However, Distributed Video Coding (DVC) (Girod et al., 2005), and 
particularly Wyner-Ziv (WZ) video coding (Aaron et al., 2002), provides a novel video 
paradigm where the complexity of the encoder is reduced by shifting the complexity of the 
encoder to the decoder (Brites et al., 2008). Taking into account the benefits of both 
paradigms, recently WZ to H.26X transcoders have been proposed in the multimedia 
community to support mobile-to-mobile video communications. The transcoding 
framework provides a scheme where transmitter and receiver execute lower complexity 
algorithms and the majority of the computation is moved to the network where the 
transcoder is allocated. This complexity is thus assumed by a transcoder, which has more 
resources and no battery limitations. Nevertheless, for real time communications it is 
necessary to perform this conversion from WZ to H.264/AVC with a short delay, and then 
the transcoding process must be executed as efficiently as possible. 

At this point, this work presents a WZ to H.264/AVC transcoding framework to support 
mobile-to-mobile video communications. In order to provide a faster transcoding process 
both paradigms involve in the transcoder (WZ decoding and H.264/AVC encoding) are 
accelerated. On the one hand, nowadays parallel programming is becoming more important 
to solve high complexity computation tasks and, as a consequence, the computing market is 
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1. Introduction 
Nowadays, mobile devices demand multimedia services such as video communications due 
to the advances in mobile communications systems (such us 4G) and the integration of 
video cameras into mobile devices. However, these devices have some limitations of 
computing power, resources and complexity constraints for performing complex 
algorithms. For this reason, in order to establish a video communications between mobile 
devices, it is necessary to use low complex encoding techniques. In traditional video codecs 
(such as H.264/AVC (ISO/IEC, 2003)) these low complexity requirements have not been 
met because H.264/AVC is more complex at the encoder side. Then, mobile video 
communications based on H.264/AVC low complexity imply a penalty in terms of Rate – 
Distortion (RD). However, Distributed Video Coding (DVC) (Girod et al., 2005), and 
particularly Wyner-Ziv (WZ) video coding (Aaron et al., 2002), provides a novel video 
paradigm where the complexity of the encoder is reduced by shifting the complexity of the 
encoder to the decoder (Brites et al., 2008). Taking into account the benefits of both 
paradigms, recently WZ to H.26X transcoders have been proposed in the multimedia 
community to support mobile-to-mobile video communications. The transcoding 
framework provides a scheme where transmitter and receiver execute lower complexity 
algorithms and the majority of the computation is moved to the network where the 
transcoder is allocated. This complexity is thus assumed by a transcoder, which has more 
resources and no battery limitations. Nevertheless, for real time communications it is 
necessary to perform this conversion from WZ to H.264/AVC with a short delay, and then 
the transcoding process must be executed as efficiently as possible. 

At this point, this work presents a WZ to H.264/AVC transcoding framework to support 
mobile-to-mobile video communications. In order to provide a faster transcoding process 
both paradigms involve in the transcoder (WZ decoding and H.264/AVC encoding) are 
accelerated. On the one hand, nowadays parallel programming is becoming more important 
to solve high complexity computation tasks and, as a consequence, the computing market is 
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full of multicore systems, an approach is proposed to execute WZ decoding in a parallel 
way. On the other hand, at the same time WZ is decoding, some information could be 
gathered are sent to the H.264/AVC encoder in order to reduce the encoding algorithm 
complexity. In this work, the search area of the Motion Estimation (ME) process is reduced 
by means of Motion Vectors (MVs) calculated in the WZ decoding algorithm. In this way, 
the complexity of the two most complex tasks of this framework (WZ decoding and 
H.264/AVC encoding) are largely reduced making the transcoding process more efficient.  

2. Background 
2.1 Wyner-Ziv video coding 

The first practical Wyner-Ziv framework was proposed by Stanford in (Aaron et al., 2002), 
and this work was widely referenced and improved in later proposals. As a result, in 
(Artigas et al., 2007) an architecture called DISCOVER was proposed which outperforms the 
previous Stanford one. This architecture provided a reference for the research community 
and finally it was later improved upon with the VISNET-II architecture (Ascenso et al., 
2010), which is depicted in Figure 1. In this architecture, the encoder splits the sequence into 
two kinds of frames: Key Frames (K) and Wyner-Ziv Frames (WZ) in module (1). K frames 
are encoded by an H.264/AVC encoder  in (2). On the other hand, WZ frames are sent to the 
WZ encoder, where the information is firstly quantized (3a), and BitPlanes (BPs) are 
extracted in (3b); in (3c) each BP is independently channel encoded and several parity bits, 
which are stored in a buffer (3d), are calculated. On the decoder side, initially K frames are 
decoded by an H.264/AVC decoder (4). From these frames, Side Information (SI) is 
calculated in (5), which represents an estimation for each non-present original WZ frame. 
For this estimation, the Correlation Noise Model (CNM) module (6) generates a Laplacian 
distribution, which models the residual between SI and the original frame. Afterwards, SI 
and CNM are sent to the turbo decoder, which corrects differences of SI and the original 
frame by means of iterative decoding (requesting several parity bits from the encoder 
through the feedback channel). Finally, decoding bitplanes are reconstructed in module (7c). 

 
Fig. 1. Block diagram of the reference WZ architecture [Ascenso et al. 2010]. 
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2.2 H.264/AVC 

H.264/AVC or MPEG-4 part 10 Advanced Video Coding (AVC) is a compression video 
standard developed by the ITU-T Video Coding Experts Group (ITU-T VCEG) together with 
the ISO/IEC Moving Picture Experts Group (MPEG). In fact, both standards are technically 
identical (ISO/IEC, 2003). 

The main purpose of H.264/AVC is to offer a good quality standard able to considerably 
reduce the output bit rate of the encoded sequences, compared with previous standards, 
while exhibiting a substantially increasing definition of quality and image. H.264/AVC 
promises a significant advance compared with the commercial standards currently most in 
use (MPEG-2 and MPEG-4). For this reason H.264/AVC contains a large amount of 
compression techniques and innovations compared to previous standards; it allows more 
compressed video sequences to be obtained and provides greater flexibility for 
implementing the encoder. Figure 2 shows the block diagram of the H.264/AVC encoder. 

 
Fig. 2. H.264/AVC encoder diagram 

The ME is the most time-consuming task in the H.264/AVC encoder. It is a process which 
removes the temporal redundancy between images, comparing the current one with 
previous or later images in terms of time (reference images), looking for a pattern that 
indicates how the movement is produced inside the sequence. 

To improve the encoding efficiency, H.264/AVC allows the use of partitions resulting from 
dividing the MB in different ways. Greater flexibility for the ME and Motion Compensated 
(MC) processes and greater motion vector precision give greater reliability to the 
H.264/AVC encoding process. The ME process is thus carried out many times per each 
partition and sub-partition. This feature is known as variable block size for the ME. 

3. Related work 
3.1 Parallel Wyner-Ziv 

The DVC framework is based on displacing the complexity from encoders to decoders. 
However, reducing the complexity of decoders as much as possible is desirable. In 
traditional feedback-based WZ architectures (Aaron et al., 2002), the rate control is 
performed at the decoder and is controlled by means of the feedback channel; this is the 
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full of multicore systems, an approach is proposed to execute WZ decoding in a parallel 
way. On the other hand, at the same time WZ is decoding, some information could be 
gathered are sent to the H.264/AVC encoder in order to reduce the encoding algorithm 
complexity. In this work, the search area of the Motion Estimation (ME) process is reduced 
by means of Motion Vectors (MVs) calculated in the WZ decoding algorithm. In this way, 
the complexity of the two most complex tasks of this framework (WZ decoding and 
H.264/AVC encoding) are largely reduced making the transcoding process more efficient.  

2. Background 
2.1 Wyner-Ziv video coding 

The first practical Wyner-Ziv framework was proposed by Stanford in (Aaron et al., 2002), 
and this work was widely referenced and improved in later proposals. As a result, in 
(Artigas et al., 2007) an architecture called DISCOVER was proposed which outperforms the 
previous Stanford one. This architecture provided a reference for the research community 
and finally it was later improved upon with the VISNET-II architecture (Ascenso et al., 
2010), which is depicted in Figure 1. In this architecture, the encoder splits the sequence into 
two kinds of frames: Key Frames (K) and Wyner-Ziv Frames (WZ) in module (1). K frames 
are encoded by an H.264/AVC encoder  in (2). On the other hand, WZ frames are sent to the 
WZ encoder, where the information is firstly quantized (3a), and BitPlanes (BPs) are 
extracted in (3b); in (3c) each BP is independently channel encoded and several parity bits, 
which are stored in a buffer (3d), are calculated. On the decoder side, initially K frames are 
decoded by an H.264/AVC decoder (4). From these frames, Side Information (SI) is 
calculated in (5), which represents an estimation for each non-present original WZ frame. 
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and CNM are sent to the turbo decoder, which corrects differences of SI and the original 
frame by means of iterative decoding (requesting several parity bits from the encoder 
through the feedback channel). Finally, decoding bitplanes are reconstructed in module (7c). 

 
Fig. 1. Block diagram of the reference WZ architecture [Ascenso et al. 2010]. 
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2.2 H.264/AVC 

H.264/AVC or MPEG-4 part 10 Advanced Video Coding (AVC) is a compression video 
standard developed by the ITU-T Video Coding Experts Group (ITU-T VCEG) together with 
the ISO/IEC Moving Picture Experts Group (MPEG). In fact, both standards are technically 
identical (ISO/IEC, 2003). 

The main purpose of H.264/AVC is to offer a good quality standard able to considerably 
reduce the output bit rate of the encoded sequences, compared with previous standards, 
while exhibiting a substantially increasing definition of quality and image. H.264/AVC 
promises a significant advance compared with the commercial standards currently most in 
use (MPEG-2 and MPEG-4). For this reason H.264/AVC contains a large amount of 
compression techniques and innovations compared to previous standards; it allows more 
compressed video sequences to be obtained and provides greater flexibility for 
implementing the encoder. Figure 2 shows the block diagram of the H.264/AVC encoder. 

 
Fig. 2. H.264/AVC encoder diagram 

The ME is the most time-consuming task in the H.264/AVC encoder. It is a process which 
removes the temporal redundancy between images, comparing the current one with 
previous or later images in terms of time (reference images), looking for a pattern that 
indicates how the movement is produced inside the sequence. 

To improve the encoding efficiency, H.264/AVC allows the use of partitions resulting from 
dividing the MB in different ways. Greater flexibility for the ME and Motion Compensated 
(MC) processes and greater motion vector precision give greater reliability to the 
H.264/AVC encoding process. The ME process is thus carried out many times per each 
partition and sub-partition. This feature is known as variable block size for the ME. 

3. Related work 
3.1 Parallel Wyner-Ziv 

The DVC framework is based on displacing the complexity from encoders to decoders. 
However, reducing the complexity of decoders as much as possible is desirable. In 
traditional feedback-based WZ architectures (Aaron et al., 2002), the rate control is 
performed at the decoder and is controlled by means of the feedback channel; this is the 
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main reason for the decoder complexity, as once a parity chunk arrives at the decoder, the 
turbo decoding algorithm (one of the most computationally-demanding tasks (Brites et al., 
2008) is called. Taking this fact into account, there are several approaches which try to 
reduce the complexity of the decoder, which usually induces a rate distortion penalty. 
However, due to technological advances, new parallel hardware is beginning to be 
introduced into practical video coding solutions. These new features of computers offer a 
new challenge to the research community with regards to integrating their algorithms into a 
parallel framework; this opens a new door in multimedia research. It is true that, with 
regards to traditional standards, several approaches have been proposed since multicores 
appeared on the market, but this chapter focuses on parallel computing applied to the WZ 
framework. 

Having said this, in 2010 several different parallel solutions for WZ were proposed. In 
particular, in (Oh et al., 2010) Oh et al. proposed a WZ parallel execution carried out by 
Graphic Processing Units (GPUs). In this proposal, the authors focus on designing a parallel 
distribution for a Slepian-Wolf decoder based on rate Adaptative Low Density Check Code 
(LDPC) with Accumulator (LDPCA). LDPC codes are composed of many bit-nodes which 
do not have many dependencies between each node, so they propose a parallel execution in 
three kernels (steps): i) kernels for check node calculations, ii) kernels for bit node 
calculations, and iii) kernels for termination condition calculations. In a GPU they achieve a 
decoding 4~5 times faster for QCIF and 15~20 for CIF. On the other hand, in (Momcilovic et 
al., 2010) Momcilovic et al. proposed a WZ LDPC parallel decoding based on multicore 
processors. In this work, the authors parallelize several LDPC approaches. On a Quad-Core 
machine, they achieve a speedup of about 3.5. Both approaches propose low-level 
parallelism for a particular LDPC/LDPCA implementation. 

This chapter presents a WZ to H.264/AVC transcoder which includes a higher-level parallel 
WZ video decoding algorithm implemented on a multicore system. The reference WZ 
decoding algorithm is adapted to a multicore architecture, which divides each frame into 
several slices and distributes the work among available cores. In addition, the proposed 
algorithm is scalable because it does not depend on the hardware architecture, the number 
of cores or even on the implementation of the internal Wyner-Ziv decoder. Therefore, the 
time reduction can be increased simply by increasing the number of cores, as technology 
advances. Furthermore, the proposed method can also be applied to WZ architectures with 
or without a feedback channel (Sheng et al., 2010). 

3.2 WZ to H.26x transcoding 

Nowadays, mobile-to-mobile video communications are getting more and more common. 
Transcoding from a low cost encoder format to a low cost decoder provides a practical 
solution for these types of communications. Although H.264/AVC has been included in 
multiple transcoding architectures from other coding formats (such as MPEG-2 to 
H.264/AVC (Fernandez-Escribano et al., 2007, 2008) or even homogeneous H.264/AVC (De 
Cock et al., 2010), proposals in WZ to H.26x to support mobile communications are rather 
recent and there are only a few approaches so far.  

In 2008, the first WZ transcoder architecture was introduced by Peixoto et al. in (Peixoto et al., 
2010). In this work, they presented a WZ to H.263 transcoder for mobile video 
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communications. However, H.263 offers lower performance than other codecs based on 
H.264/AVC and they did not exploit the correlation between the WZ MVs and the traditional 
ME successfully and only used them to determine the starting centre of the ME process. 

In our previous work, we proposed the first transcoding architecture from WZ to H.264/AVC 
(Martínez et al., 2009). This work introduced an improvement to accelerate the H.264/AVC 
ME stage using the Motion Vectors (MV) gathered in the WZ decoding stage. Nevertheless, 
this transcoder is not flexible since it only applies the ME improvement for transcoding from 
WZ frames to P frames. In addition, it only allows transcoding from WZ GOPs of length 2 to 
IPIP H.264/AVC GOP patterns, so it does not use practical patterns due to the high bit rate 
generated neither flexible. Furthermore, this work used a less realistic WZ implementation. 
For this reason, the approach presented in this chapter improves this part by introducing a 
better and more realistic WZ implementation based on the VISNET-II codec (Ascenso et al., 
2010), which implements lossy key frame coding, on-line correlation noisy modeling and uses 
a more realistic procedure call at the decoder for the stopping criterion. 

4. Transcoding for mobile to mobile communications 
4.1 Introduction 

The main task of a transcoder is to convert a source coding format into another one. In the 
case of mobile video communications, the transcoding process should be done as fast as 
possible. In addition, a flexible transcoder should take into account the conversion between 
the input and the output patterns. In order to provide a flexible and fast transcoding 
architecture, it is proposed the architecture displayed in Figure 3.  

This architecture is composed of a Wyner-Ziv decoder and a H.264/AVC encoder with 
several modifications or extra modules. In particular, the WZ decoder is redesigned to 
parallelize the decoding process and the black modules in Figure 3 have been included or 
modified to obtain a faster H.264/AVC encoding. Details will be given in the following 
subsections. 

4.2 Parallelization of WZ decoding  

WZ video coding accumulates the majority of the complexity on the decoder side. If you 
study each module inside the decoder scheme (Figure 1), you discover that most of this 
complexity is concentrated in the Channel Decoder module (Brites et al., 2008). This module 
receives successive chunks of parity bits. Then, the quantized symbol stream associated to 
each bitplane is obtained in an iterative process, which is based on the residual statistics 
calculated by the CNM. This procedure stops when a condition based on probabilities is 
satisfied. Obviously, the complexity of the decoder increases when more bitplanes (in the 
pixel domain) or coefficient bands (for the transform domain) are decoded. At this point, as 
a first stage on the transcoding process, it is proposed a WZ decoding architecture which 
distributes decoding complexity across several processing units. The proposed architecture 
is shown in Figure 3. The approach is a flexible and scalable architecture which distributes 
the parallel decoding between two parallelism levels: GOPs and frames. First, the input 
bitstream composed of K frames is stored in a K-frame buffer. Then, at the first parallelism 
level, the WZ frames inside two K frames delimit a GOP structure, and therefore each GOP 
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main reason for the decoder complexity, as once a parity chunk arrives at the decoder, the 
turbo decoding algorithm (one of the most computationally-demanding tasks (Brites et al., 
2008) is called. Taking this fact into account, there are several approaches which try to 
reduce the complexity of the decoder, which usually induces a rate distortion penalty. 
However, due to technological advances, new parallel hardware is beginning to be 
introduced into practical video coding solutions. These new features of computers offer a 
new challenge to the research community with regards to integrating their algorithms into a 
parallel framework; this opens a new door in multimedia research. It is true that, with 
regards to traditional standards, several approaches have been proposed since multicores 
appeared on the market, but this chapter focuses on parallel computing applied to the WZ 
framework. 

Having said this, in 2010 several different parallel solutions for WZ were proposed. In 
particular, in (Oh et al., 2010) Oh et al. proposed a WZ parallel execution carried out by 
Graphic Processing Units (GPUs). In this proposal, the authors focus on designing a parallel 
distribution for a Slepian-Wolf decoder based on rate Adaptative Low Density Check Code 
(LDPC) with Accumulator (LDPCA). LDPC codes are composed of many bit-nodes which 
do not have many dependencies between each node, so they propose a parallel execution in 
three kernels (steps): i) kernels for check node calculations, ii) kernels for bit node 
calculations, and iii) kernels for termination condition calculations. In a GPU they achieve a 
decoding 4~5 times faster for QCIF and 15~20 for CIF. On the other hand, in (Momcilovic et 
al., 2010) Momcilovic et al. proposed a WZ LDPC parallel decoding based on multicore 
processors. In this work, the authors parallelize several LDPC approaches. On a Quad-Core 
machine, they achieve a speedup of about 3.5. Both approaches propose low-level 
parallelism for a particular LDPC/LDPCA implementation. 

This chapter presents a WZ to H.264/AVC transcoder which includes a higher-level parallel 
WZ video decoding algorithm implemented on a multicore system. The reference WZ 
decoding algorithm is adapted to a multicore architecture, which divides each frame into 
several slices and distributes the work among available cores. In addition, the proposed 
algorithm is scalable because it does not depend on the hardware architecture, the number 
of cores or even on the implementation of the internal Wyner-Ziv decoder. Therefore, the 
time reduction can be increased simply by increasing the number of cores, as technology 
advances. Furthermore, the proposed method can also be applied to WZ architectures with 
or without a feedback channel (Sheng et al., 2010). 

3.2 WZ to H.26x transcoding 

Nowadays, mobile-to-mobile video communications are getting more and more common. 
Transcoding from a low cost encoder format to a low cost decoder provides a practical 
solution for these types of communications. Although H.264/AVC has been included in 
multiple transcoding architectures from other coding formats (such as MPEG-2 to 
H.264/AVC (Fernandez-Escribano et al., 2007, 2008) or even homogeneous H.264/AVC (De 
Cock et al., 2010), proposals in WZ to H.26x to support mobile communications are rather 
recent and there are only a few approaches so far.  

In 2008, the first WZ transcoder architecture was introduced by Peixoto et al. in (Peixoto et al., 
2010). In this work, they presented a WZ to H.263 transcoder for mobile video 
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communications. However, H.263 offers lower performance than other codecs based on 
H.264/AVC and they did not exploit the correlation between the WZ MVs and the traditional 
ME successfully and only used them to determine the starting centre of the ME process. 

In our previous work, we proposed the first transcoding architecture from WZ to H.264/AVC 
(Martínez et al., 2009). This work introduced an improvement to accelerate the H.264/AVC 
ME stage using the Motion Vectors (MV) gathered in the WZ decoding stage. Nevertheless, 
this transcoder is not flexible since it only applies the ME improvement for transcoding from 
WZ frames to P frames. In addition, it only allows transcoding from WZ GOPs of length 2 to 
IPIP H.264/AVC GOP patterns, so it does not use practical patterns due to the high bit rate 
generated neither flexible. Furthermore, this work used a less realistic WZ implementation. 
For this reason, the approach presented in this chapter improves this part by introducing a 
better and more realistic WZ implementation based on the VISNET-II codec (Ascenso et al., 
2010), which implements lossy key frame coding, on-line correlation noisy modeling and uses 
a more realistic procedure call at the decoder for the stopping criterion. 

4. Transcoding for mobile to mobile communications 
4.1 Introduction 

The main task of a transcoder is to convert a source coding format into another one. In the 
case of mobile video communications, the transcoding process should be done as fast as 
possible. In addition, a flexible transcoder should take into account the conversion between 
the input and the output patterns. In order to provide a flexible and fast transcoding 
architecture, it is proposed the architecture displayed in Figure 3.  

This architecture is composed of a Wyner-Ziv decoder and a H.264/AVC encoder with 
several modifications or extra modules. In particular, the WZ decoder is redesigned to 
parallelize the decoding process and the black modules in Figure 3 have been included or 
modified to obtain a faster H.264/AVC encoding. Details will be given in the following 
subsections. 

4.2 Parallelization of WZ decoding  

WZ video coding accumulates the majority of the complexity on the decoder side. If you 
study each module inside the decoder scheme (Figure 1), you discover that most of this 
complexity is concentrated in the Channel Decoder module (Brites et al., 2008). This module 
receives successive chunks of parity bits. Then, the quantized symbol stream associated to 
each bitplane is obtained in an iterative process, which is based on the residual statistics 
calculated by the CNM. This procedure stops when a condition based on probabilities is 
satisfied. Obviously, the complexity of the decoder increases when more bitplanes (in the 
pixel domain) or coefficient bands (for the transform domain) are decoded. At this point, as 
a first stage on the transcoding process, it is proposed a WZ decoding architecture which 
distributes decoding complexity across several processing units. The proposed architecture 
is shown in Figure 3. The approach is a flexible and scalable architecture which distributes 
the parallel decoding between two parallelism levels: GOPs and frames. First, the input 
bitstream composed of K frames is stored in a K-frame buffer. Then, at the first parallelism 
level, the WZ frames inside two K frames delimit a GOP structure, and therefore each GOP 
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decoding procedure is carried out independently by a different core. Additionally, for each 
WZ frame inside a GOP, an SI is calculated and then split into several parts. Then each 
portion of the frame is assigned to any core which executes the iterative turbo decoding 
procedure in order to decode the corresponding part of the WZ reconstructed frame. 
Therefore, each spatial division of the frame is decoded in an independent way by using the 
feedback channel to request parity bits from the encoder. When each part of a given frame is 
decoded, these parts are joined in spatial order and the frame is reconstructed. Finally, a 
sequence joiner receives each decoded frame and key frames in order to reorganize the 
sequence in its temporal order. 
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Fig. 3. Proposed WZ-to-H.264/AVC transcoding achitecture 

Concerning the scheduler, a dynamic scheduler is implemented. That means that whenever 
a core is free and there is no pending task, it is assigned to the idle core. The number of tasks 
is always equal to, or bigger than, the number of cores. So that means there are always tasks 
in the scheduler queue until the end of the decoding stage is reached. However, partial 
decoding for each frame requires a synchronization barrier. To illustrate this, Figure 4 shows 
the decoding time line for a sequence composed of 5 GOPs (with length = 2) on a multicore 
with four cores. As can be seen, decoder initialization takes some time at the beginning of 
the decoder process. After that, each core receives a task (defined by a thread) from the 
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scheduler. When a thread finishes the decoding of a part of a frame, it can continue 
decoding other parts of the same frame. In the case of there being no more parts of this 
frame for decoding, this core has to wait until the rest of parts of the same frame are 
decoded. This is a consequence of the synchronization barrier implicit for each frame to be 
reconstructed. In Figure 4, when a thread is waiting it is labeled as being in an idle state. In 
addition, while the sequence decoding process is finishing, there are not enough tasks for 
available cores, so several cores change their status to idle until the decoding process 
finishes. Nevertheless, real sequences are composed of many GOPs and decoder 
initialization and ending times are quite shorter than the whole decoding time. 

 
Fig. 4. Timeline for the proposed parallel WZ decoding with a sequence with 5 GOPs (GOP 
length = 2) and 4 cores. 

The size of the K-frame buffer S is defined by Equation 1, where i is the number of GOPs 
which can be executed in parallel. For example, in the execution in Figure 4, a 4-core 
processor can execute two GOPs at the same time, so three stored K frames are providing 
enough tasks for four cores. In addition, it is not necessary to fill the buffer fully and it could 
be filled progressively during the decoding process. For different GOP lengths, the buffer 
size would be the same, since every WZ GOP length only needs two K frames to start the 
first WZ decoding frame. 

  (1) 

Finally, considering that the parity bits could be requested to the encoder without following 
a sequential order, it calculates the Parity Position (PP) which determinates the parity bit 
position to start to send. PP is calculated by Equation 2, where I is the Intra period, P is the 
position of the current GOP, Q is the quantification parameter, and W is the width of the 
image and H the height.  

  (2) 
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decoding procedure is carried out independently by a different core. Additionally, for each 
WZ frame inside a GOP, an SI is calculated and then split into several parts. Then each 
portion of the frame is assigned to any core which executes the iterative turbo decoding 
procedure in order to decode the corresponding part of the WZ reconstructed frame. 
Therefore, each spatial division of the frame is decoded in an independent way by using the 
feedback channel to request parity bits from the encoder. When each part of a given frame is 
decoded, these parts are joined in spatial order and the frame is reconstructed. Finally, a 
sequence joiner receives each decoded frame and key frames in order to reorganize the 
sequence in its temporal order. 

Decoded 
Frame

Partial WZ
decoder i.1

+
CNM i.1

Frame Joiner i 
and 

Reconstruction i

Partial WZ
decoder i.2

+
CNM i.2

Partial WZ
decoder i.j

+
CNM i.j

Frame 
Spliter i

+
Scheduler i

...

FeedBack
Channel

Side 
Information 

Frame 
Spliter 1

+
Scheduler 1

Key Frames 
Buffer

Input WZ
bitstream

Decoded 
Frame

Partial WZ
decoder 1.1

+
CNM 1.1

Frame Joiner 1
and 

Reconstruction 1

Partial WZ
decoder 1.2

+
CNM 1.2

Partial WZ
decoder 1.j

+
CNM 1.j

...

...
Sequence 

JoinerSequence 
Spliter

+
Scheduler 

Wyner-Ziv Parallel Decoder (GOP level)

Wyner-Ziv Parallel Decoder (frame level)

H.264 ENCODER

Entropy 
encodeReorderT

Deblocking
Filter

Fn
(reconstructed)

Fn-1
(reference)

Intra 
Prediction

MC

ME

∑ Q NAL

Q-1T-1∑

Inter

Intra

+

+

-

+

Side 
Information 

MVs Buffer

MVs

MVs

Fn
(current) Output H.264/

AVC 
bitstream

WZ PARALLEL DECODER

 
Fig. 3. Proposed WZ-to-H.264/AVC transcoding achitecture 

Concerning the scheduler, a dynamic scheduler is implemented. That means that whenever 
a core is free and there is no pending task, it is assigned to the idle core. The number of tasks 
is always equal to, or bigger than, the number of cores. So that means there are always tasks 
in the scheduler queue until the end of the decoding stage is reached. However, partial 
decoding for each frame requires a synchronization barrier. To illustrate this, Figure 4 shows 
the decoding time line for a sequence composed of 5 GOPs (with length = 2) on a multicore 
with four cores. As can be seen, decoder initialization takes some time at the beginning of 
the decoder process. After that, each core receives a task (defined by a thread) from the 
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scheduler. When a thread finishes the decoding of a part of a frame, it can continue 
decoding other parts of the same frame. In the case of there being no more parts of this 
frame for decoding, this core has to wait until the rest of parts of the same frame are 
decoded. This is a consequence of the synchronization barrier implicit for each frame to be 
reconstructed. In Figure 4, when a thread is waiting it is labeled as being in an idle state. In 
addition, while the sequence decoding process is finishing, there are not enough tasks for 
available cores, so several cores change their status to idle until the decoding process 
finishes. Nevertheless, real sequences are composed of many GOPs and decoder 
initialization and ending times are quite shorter than the whole decoding time. 
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The size of the K-frame buffer S is defined by Equation 1, where i is the number of GOPs 
which can be executed in parallel. For example, in the execution in Figure 4, a 4-core 
processor can execute two GOPs at the same time, so three stored K frames are providing 
enough tasks for four cores. In addition, it is not necessary to fill the buffer fully and it could 
be filled progressively during the decoding process. For different GOP lengths, the buffer 
size would be the same, since every WZ GOP length only needs two K frames to start the 
first WZ decoding frame. 
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Finally, considering that the parity bits could be requested to the encoder without following 
a sequential order, it calculates the Parity Position (PP) which determinates the parity bit 
position to start to send. PP is calculated by Equation 2, where I is the Intra period, P is the 
position of the current GOP, Q is the quantification parameter, and W is the width of the 
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4.3 H.264/AVC transcoding approach 

In order to provide fast and flexible transcoding at the H.264/AVC encoder side, we have to 
study two issues: firstly, how MVs generated during the SI process could help to reduce the 
time used in ME; secondly, taking into account that DVC and H.264/AVC can build 
different GOPs, how to map MVs between different GOP combinations in order to provide 
flexibility. 

4.3.1 Reducing motion estimation complexity 

Within the WZ decoding process, an important task is the SI generation stage, which is the 
first step in the process for generating the WZ frames from K frames. VISNET-II performs 
Motion Compensated Temporal Interpolation (MCTI) to estimate the SI. The first step of this 
method is shown in Figure 5, which consists in matching each forward frame MB with a 
backward frame MB inside the search area. The process checks all the possibilities inside the 
search area and chooses the MV that generates the lowest residual. The middle of this MV 
represents the displacement for the MB interpolated (more details about the SI generation 
process in (Ascenso et al., 2005)). 

 
Fig. 5. First step of SI generation process. 

Obviously, MVs generated in the WZ decoding stage contain approximated information 
about the quantity of movement of the frame. Following this idea, the present approach 
proposes to reuse the MVs to accelerate the H.264/AVC encoding stage by reducing the 
search area of the ME stage. Moreover, the present reduction is adjusted for every input 
DVC GOP to every H.264/AVC GOP in an efficient and dynamic way. As is shown in 
Figure 6, the search area for each MB is defined by a circumference with a radius dependent 
on the incoming SI MV (Rmv). This search area can oscillate between a minimum (defined 
by Rmin) and a maximum (limited by the H.264 search area). In particular, the length will 
vary depending on the type of frame and the length of the reference frame, as will be 
explained in section 4.2.2. Furthermore, a minimum area is considered since MVs are 
calculated from 16x16 MBs in the SI process, and H.264/AVC can even work with smaller 
partitions than 16x16. Besides, SI is an approximation of the frame, so some changes could 
occur when the fame is completely reconstructed. For these reasons, this minimum was set 
at 4 pixels. 
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Fig. 6. Search area reduction for H.264 encoding stage. 

4.3.2 Mapping GOPs from DVC to H.264 

One desired feature of every transcoder is flexibility. To achieve it, an important process is 
to perform a with care known as GOP mapping. On the second part of the transcoder, it is 
proposed a DVC to H.264/AVC conversion which allows every mapping combination by 
performing this task using techniques to improve the time spending by the transcoding 
process. To extract MVs, first the distance used to calculate the SI is considered. For 
example, Figure 7 shows the transcoding process for a DVC GOP of length 4 to a 
H.264/AVC pattern IPPP (baseline profile). In step 1, DVC starts to decode the frame 
labeled as WZ2 and the MVs generated in its SI generation are discarded because they are 
not closely correlated with the proper movement (low accuracy). When the WZ2 frame is 
reconstructed (through the entire WZ decoding algorithm, WZ’2) in step 2, the WZ decoding 
algorithm starts to decode frames WZ1 and WZ3 by using the reconstructed frame WZ’2. At 
this point, the MVs V0-2 and V2-4 generated in this second iteration of the DVC decoding 
algorithm are stored. These MVs will be used to reduce the H.264/AVC ME process. Notice 
that in the case of higher GOP sizes the procedure is the same. In other words, MVs are 
stored and reused when the distance between SI and the two reference frames is 1. Finally, 
V0-2 and V2-4 are divided into two halves because P frames have the reference frame with 
distance one and MVs were calculated for a distance of two during the SI process. 

 
Fig. 7. Mapping from DVC GOP of length 4 to H.264 GOP IPPP. 
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4.3 H.264/AVC transcoding approach 

In order to provide fast and flexible transcoding at the H.264/AVC encoder side, we have to 
study two issues: firstly, how MVs generated during the SI process could help to reduce the 
time used in ME; secondly, taking into account that DVC and H.264/AVC can build 
different GOPs, how to map MVs between different GOP combinations in order to provide 
flexibility. 

4.3.1 Reducing motion estimation complexity 

Within the WZ decoding process, an important task is the SI generation stage, which is the 
first step in the process for generating the WZ frames from K frames. VISNET-II performs 
Motion Compensated Temporal Interpolation (MCTI) to estimate the SI. The first step of this 
method is shown in Figure 5, which consists in matching each forward frame MB with a 
backward frame MB inside the search area. The process checks all the possibilities inside the 
search area and chooses the MV that generates the lowest residual. The middle of this MV 
represents the displacement for the MB interpolated (more details about the SI generation 
process in (Ascenso et al., 2005)). 

 
Fig. 5. First step of SI generation process. 

Obviously, MVs generated in the WZ decoding stage contain approximated information 
about the quantity of movement of the frame. Following this idea, the present approach 
proposes to reuse the MVs to accelerate the H.264/AVC encoding stage by reducing the 
search area of the ME stage. Moreover, the present reduction is adjusted for every input 
DVC GOP to every H.264/AVC GOP in an efficient and dynamic way. As is shown in 
Figure 6, the search area for each MB is defined by a circumference with a radius dependent 
on the incoming SI MV (Rmv). This search area can oscillate between a minimum (defined 
by Rmin) and a maximum (limited by the H.264 search area). In particular, the length will 
vary depending on the type of frame and the length of the reference frame, as will be 
explained in section 4.2.2. Furthermore, a minimum area is considered since MVs are 
calculated from 16x16 MBs in the SI process, and H.264/AVC can even work with smaller 
partitions than 16x16. Besides, SI is an approximation of the frame, so some changes could 
occur when the fame is completely reconstructed. For these reasons, this minimum was set 
at 4 pixels. 
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Fig. 6. Search area reduction for H.264 encoding stage. 

4.3.2 Mapping GOPs from DVC to H.264 
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labeled as WZ2 and the MVs generated in its SI generation are discarded because they are 
not closely correlated with the proper movement (low accuracy). When the WZ2 frame is 
reconstructed (through the entire WZ decoding algorithm, WZ’2) in step 2, the WZ decoding 
algorithm starts to decode frames WZ1 and WZ3 by using the reconstructed frame WZ’2. At 
this point, the MVs V0-2 and V2-4 generated in this second iteration of the DVC decoding 
algorithm are stored. These MVs will be used to reduce the H.264/AVC ME process. Notice 
that in the case of higher GOP sizes the procedure is the same. In other words, MVs are 
stored and reused when the distance between SI and the two reference frames is 1. Finally, 
V0-2 and V2-4 are divided into two halves because P frames have the reference frame with 
distance one and MVs were calculated for a distance of two during the SI process. 

 
Fig. 7. Mapping from DVC GOP of length 4 to H.264 GOP IPPP. 
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For more complex patterns, which include mixed P and B frames (main profile), this method 
can be extended in a similar way with some changes. Figure 8 shows the transcoding from a 
DVC GOP of length 4 to a H.264 pattern IBBP. MVs are also stored by always following the 
same procedure. However, in this case the way to apply them in H.264/AVC changes. 

 
Fig. 8. Mapping from DVC GOP of length 4 to H.264 GOP IBBP. 

For P frames, MVs are multiplied by a factor of 1.5 because MVs were calculated for a 
distance of 2 and P frames have their references with a distance of 3. For B frames, it 
depends on the position that they are allocated and it changes for backward and forward 
searches. 

As can be observed, this procedure can be applied to both K and WZ frames. Therefore, 
following this method the proposed transcoder can be used for transcoding from every DVC 
GOP to every H.264/AVC GOP.  

5. Experimental results  
The proposed transcoder has been evaluated by using four representative QCIF sequences 
with different motion levels were considered. These sequences were coded at 15 fps and 30 
fps using 150 frames and 300 respectively. In the DVC to H.264/AVC transcoder applied, 
the DVC stage was generated by the VISNET II codec using PD with BP = 3 as quantification 
in a trade-off between RD performance and complexity constraints but with whatever BP 
could be used. In addition, sequences were encoded in DVC with GOPs of length 2, 4 and 8 
to evaluate different patterns. The parallel decoder was implemented by using an Intel C++ 
compiler (version 11.1) which combines a high-performance compiler as well as Intel 
Performance Libraries to provide support for creating multi-threaded applications. In 
addition, it provides support for OpenMP 3.0 (OpenMP, 2011). In order to test the 
performance of parallel decoding, it was executed over an Intel i7-940 multicore processor 
(Intel, 2011), although the proposal is not dependent on particular hardware. For the 
experiments, the parallel decoding was split into 9 parts where each core has thus a ninth 
part of the frame. This value is a good selection for QCIF frames (176x144), 16x16 
macroblocks (this is the size of the block in the SI generation and thus a QCIF frame has 99 
16x16 blocks) and 4 processors (4 cores, 8 simultaneous processes with hyper-threading). 
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During the decoding process, the MVs generated by the SI generation stage were sent to 
the H.264/AVC encoder; hence it does not involve any increase in complexity. In the 
second stage, the transcoder performs a mapping from every DVC GOP to every 
H.264/AVC GOP using QP = 28, 32, 36 and 40. In our experiments we have chosen 
different H.264/AVC patterns in order to analyze the behavior for the baseline profile 
(IPPP GOP) and the main profile (IBBP pattern). These patterns were transcoded by the 
reference and the proposed transcoder. The H.264/AVC reference software used in the 
simulations was theJM reference software (version 17.1). As mentioned in the 
introduction, the framework described is focused on communications between mobile 
devices; therefore, a low complexity configuration must be employed. For this reason, we 
have used the default configuration for the H.264/AVC main and baseline profile, only 
turning off the RD Optimization. The reference transcoder is composed of the whole DVC 
decoder followed by the whole H.264/AVC encoder. In order to analyze the performance 
of the proposed transcoder in detail we have taken into account the two halves and global 
results are also presented.  

Furthermore, the performance of the proposed DVC parallel decoding is shown in Tables 1 
(for 15 and 30fps sequences). PSNR and bitrate (BR) display the quality and bitrate 
measured by the reference WZ decoding. To calculate the PSNR difference, the PSNR of 
each sequence was estimated before transcoding starts and after transcoding finishes. Then 
the PSNR of the proposed transcoding was subtracted from the reference one for each 
H.264/AVC RD point, as defined by Equation 3. However, Table 1 do not include results for 
ΔPSNR because the quality obtained by DVC parallel decoding is the same as the reference 
decoding, it iterates until a given threshold is reached (Brites et al., 2008). 

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

Equation 4 was applied in order to calculate the Bitrate increment (ΔBR) between reference 
and proposed DVC decoders as a percentage. Then a positive increment means a higher 
bitrate is generated by the proposed transcoder. As the results of Table 1 show, when DVC 
decodes smaller and less complex parts, sometimes the turbo decoder (as part of the DVC 
decoder) converges faster with less iterations and it implies less parity bits requested and 
thus a bitrate reduction. However, generally speaking the turbo codec yields a better 
performance for longer inputs. For this reason, the bitrate is not always positive or negative. 
Comparing different GOP lengths, in short GOPs most of the bitrate is generated by the K 
frames. When the GOP length increases, the number of K frames is reduced and then WZ 
frames contribute to reducing the global bitrate in low motion sequences (like Hall) or 
increasing it in high motion sequences (Foreman or Soccer). Generally, decoding smaller 
pieces of frame (in parallel) works better for high motion sequences, where the bitrate is 
similar or even lower in some cases. 

 ���(�) � ��� � �����������������������������������  (4) 

Concerning the time reduction (TR), it was estimated as a percentage by using Equation 5. 
In this case, negative time reduction means decoding time saved by the proposed DVC 
decoding. As is shown in Table 1, DVC decoding time is reduced by up to 70% on average. 
TR is similar for different GOP lengths, but it works better for more complex sequences. 
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For more complex patterns, which include mixed P and B frames (main profile), this method 
can be extended in a similar way with some changes. Figure 8 shows the transcoding from a 
DVC GOP of length 4 to a H.264 pattern IBBP. MVs are also stored by always following the 
same procedure. However, in this case the way to apply them in H.264/AVC changes. 

 
Fig. 8. Mapping from DVC GOP of length 4 to H.264 GOP IBBP. 

For P frames, MVs are multiplied by a factor of 1.5 because MVs were calculated for a 
distance of 2 and P frames have their references with a distance of 3. For B frames, it 
depends on the position that they are allocated and it changes for backward and forward 
searches. 

As can be observed, this procedure can be applied to both K and WZ frames. Therefore, 
following this method the proposed transcoder can be used for transcoding from every DVC 
GOP to every H.264/AVC GOP.  

5. Experimental results  
The proposed transcoder has been evaluated by using four representative QCIF sequences 
with different motion levels were considered. These sequences were coded at 15 fps and 30 
fps using 150 frames and 300 respectively. In the DVC to H.264/AVC transcoder applied, 
the DVC stage was generated by the VISNET II codec using PD with BP = 3 as quantification 
in a trade-off between RD performance and complexity constraints but with whatever BP 
could be used. In addition, sequences were encoded in DVC with GOPs of length 2, 4 and 8 
to evaluate different patterns. The parallel decoder was implemented by using an Intel C++ 
compiler (version 11.1) which combines a high-performance compiler as well as Intel 
Performance Libraries to provide support for creating multi-threaded applications. In 
addition, it provides support for OpenMP 3.0 (OpenMP, 2011). In order to test the 
performance of parallel decoding, it was executed over an Intel i7-940 multicore processor 
(Intel, 2011), although the proposal is not dependent on particular hardware. For the 
experiments, the parallel decoding was split into 9 parts where each core has thus a ninth 
part of the frame. This value is a good selection for QCIF frames (176x144), 16x16 
macroblocks (this is the size of the block in the SI generation and thus a QCIF frame has 99 
16x16 blocks) and 4 processors (4 cores, 8 simultaneous processes with hyper-threading). 
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During the decoding process, the MVs generated by the SI generation stage were sent to 
the H.264/AVC encoder; hence it does not involve any increase in complexity. In the 
second stage, the transcoder performs a mapping from every DVC GOP to every 
H.264/AVC GOP using QP = 28, 32, 36 and 40. In our experiments we have chosen 
different H.264/AVC patterns in order to analyze the behavior for the baseline profile 
(IPPP GOP) and the main profile (IBBP pattern). These patterns were transcoded by the 
reference and the proposed transcoder. The H.264/AVC reference software used in the 
simulations was theJM reference software (version 17.1). As mentioned in the 
introduction, the framework described is focused on communications between mobile 
devices; therefore, a low complexity configuration must be employed. For this reason, we 
have used the default configuration for the H.264/AVC main and baseline profile, only 
turning off the RD Optimization. The reference transcoder is composed of the whole DVC 
decoder followed by the whole H.264/AVC encoder. In order to analyze the performance 
of the proposed transcoder in detail we have taken into account the two halves and global 
results are also presented.  

Furthermore, the performance of the proposed DVC parallel decoding is shown in Tables 1 
(for 15 and 30fps sequences). PSNR and bitrate (BR) display the quality and bitrate 
measured by the reference WZ decoding. To calculate the PSNR difference, the PSNR of 
each sequence was estimated before transcoding starts and after transcoding finishes. Then 
the PSNR of the proposed transcoding was subtracted from the reference one for each 
H.264/AVC RD point, as defined by Equation 3. However, Table 1 do not include results for 
ΔPSNR because the quality obtained by DVC parallel decoding is the same as the reference 
decoding, it iterates until a given threshold is reached (Brites et al., 2008). 
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Equation 4 was applied in order to calculate the Bitrate increment (ΔBR) between reference 
and proposed DVC decoders as a percentage. Then a positive increment means a higher 
bitrate is generated by the proposed transcoder. As the results of Table 1 show, when DVC 
decodes smaller and less complex parts, sometimes the turbo decoder (as part of the DVC 
decoder) converges faster with less iterations and it implies less parity bits requested and 
thus a bitrate reduction. However, generally speaking the turbo codec yields a better 
performance for longer inputs. For this reason, the bitrate is not always positive or negative. 
Comparing different GOP lengths, in short GOPs most of the bitrate is generated by the K 
frames. When the GOP length increases, the number of K frames is reduced and then WZ 
frames contribute to reducing the global bitrate in low motion sequences (like Hall) or 
increasing it in high motion sequences (Foreman or Soccer). Generally, decoding smaller 
pieces of frame (in parallel) works better for high motion sequences, where the bitrate is 
similar or even lower in some cases. 
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Concerning the time reduction (TR), it was estimated as a percentage by using Equation 5. 
In this case, negative time reduction means decoding time saved by the proposed DVC 
decoding. As is shown in Table 1, DVC decoding time is reduced by up to 70% on average. 
TR is similar for different GOP lengths, but it works better for more complex sequences. 
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  (5) 

 
15 fps sequences 30 fps sequences 

 Reference DVC 
decoder 

Proposed DVC 
parallel decoder

Reference DVC 
decoder 

Proposed DVC 
parallel decoder 

Sequence GOP PSNR 
(dB) 

BR 
(kbps)

Δ  
(%) (%) 

PSNR 
(dB) 

BR 
(kbps) 

Δ  
(%) 

 
(%) 

 2 30.25 295.58 0.66 -75.99 32.41 504.93 -2.37 -74.29 

Foreman 4 29.73 450.59 -0.05 -70.88 31.95 648.69 -1.91 -74.7 

 8 28.96 571.31 -1.04 -76.98 30.87 804.73 -0.88 -73.23 

 2 32.81 222.24 -2.52 -75.14 36.4 439.74 1.33 -70.89 

Hall 4 33.1 224.09 7.99 -70.47 36.34 412.8 1.27 -70.83 

 8 33.06 224.13 9.05 -69.34 36.03 384.31 6.49 -68.96 

Coast 
Guard 

2 30.14 289.84 1.11 -72.8 33.84 592.64 4.69 -71.88 

4 30.13 371.62 1.38 -74.46 33.32 608.2 5.88 -72.51 

8 29.65 437.85 1.91 -74.73 32.24 661.11 4.72 -70.92 

 2 29.56 377.15 -2.67 -74.17 30.52 532.94 1.2 -74.86 

Soccer 4 29.05 593.66 -2.82 -75.81 30.21 855.23 -0.58 -75.41 

 8 28.34 735.48 -3.2 -73.94 29.53 1069.21 -1.19 -74.65 

mean    0.82 -73.73   1.55 -72.76 

Table 1. Performance of the proposed DVC parallel decoder for 15 and 30 fps sequences 
(first stage of the proposed transcoder). 

Results for the second stage of the transcoder are shown in Tables 2 and 3. In this case, both 
H.264/AVC encoders (reference and proposed) start from the same DVC output sequence 
(as DVC parallel decoding obtains the same quality as the reference DVC decoding), which 
is quantified with four QP values. For these four QP values, ΔPSNR and ΔBRare calculated 
as specified in Bjøntegaard and Sullivan’s common test rule (Sullivan et al., 2001). TR is 
given by Equation 5. In Table 2, DVC decoded sequences are mapped to an IPPP pattern. In 
this case RD loss is negligible and TR is around 40%. For 30 fps sequences, the accuracy of 
the proposed method works better and RD loss is even lower. In addition, Figure 9 displays 
each plot for each of the four 4 QP values simulated. As can be observed, all RD points are 
much closer. For the IBBP pattern (Table 3), the conclusions are similar. Comparing both 
patterns, the IBBP pattern generates a slightly higher RD loss, but H.264/AVC encoding is 
performed faster (up to 48%). This is because B frames have two reference frames, but 
dynamic ME search area reduction is carried out in both of them. Figure 10 displays plots 
for each of the four QP points when an IBBP pattern is performed. As can be observed, the 
RD drop penalty is negligible. 
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IPPP H.264 pattern 
 15fps 30fps 

Sequence GOP Δ (db) Δ (%)  (%) Δ (db) Δ (%)  (%) 
 2 -0.02 0.57 -41.57 -0.01 0.31 -42.54 

Foreman 4 -0.03 0.86 -44.62 0.00 0.18 -41.81 
 8 -0.04 1.11 -45.85 -0.01 0.36 -43.71 
 2 -0.01 0.41 -30.04 0.00 0.05 -30.50 

Hall 4 0.00 0.12 -30.77 0.00 0.06 -29.28 
 8 0.00 0.17 -27.21 0.00 0.01 -27.81 

Coast 
Guard 

2 -0.01 0.27 -47.46 -0.01 0.19 -46.39 
4 -0.01 0.33 -46.15 0.00 0.08 -45.59 
8 -0.01 0.20 -47.61 0.00 0.09 -45.23 

 2 -0.01 0.19 -38.85 -0.01 0.15 -37.86 
Soccer 4 -0.04 1.18 -43.35 -0.03 0.84 -40.61 

 8 -0.05 1.63 -44.98 -0.03 0.90 -42.35 
mean  -0.02 0.59 -40.70 -0.01 0.27 -39.47 

Table 2. Performance of the proposed transcoder mapping method for IPPP H.264 pattern 
with 15fps and 30fps sequences. 
 

IBBP H.264 pattern 
 15fps 30fps 

Sequence GOP Δ (db) Δ (%)  (%) Δ (db) Δ (%)  (%) 
 2 -0.06 1.51 -48.86 -0.08 2.31 -48.17 

Foreman 4 -0.08 2.00 -51.11 -0.07 2.18 -49.56 
 8 -0.07 2.18 -52.19 0.00 0.00 -37.71 
 2 -0.01 0.21 -39.06 -0.01 0.24 -37.31 

Hall 4 -0.01 0.55 -37.11 -0.01 0.13 -35.74 
 8 -0.01 0.48 -36.15 0.00 0.01 -52.41 

Coast 
Guard 

2 -0.04 1.13 -49.44 -0.01 0.26 -51.14 
4 -0.04 1.24 -49.90 -0.01 0.37 -50.62 
8 -0.05 1.40 -51.07 -0.05 1.59 -45.19 

 2 -0.02 0.43 -42.93 -0.08 2.63 -46.90 
Soccer 4 -0.05 1.54 -46.03 -0.08 2.57 -48.52 

 8 -0.08 2.52 -48.71 -0.04 1.21 -45.93 
mean  -0.04 1.27 -46.05 -0.08 2.31 -48.17 

Table 3. Performance of the proposed transcoder mapping method for IBBP H.264 pattern 
with 15fps and 30fps sequences. 
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15 fps sequences 30 fps sequences 
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Proposed DVC 
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(kbps)
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Foreman 4 29.73 450.59 -0.05 -70.88 31.95 648.69 -1.91 -74.7 

 8 28.96 571.31 -1.04 -76.98 30.87 804.73 -0.88 -73.23 

 2 32.81 222.24 -2.52 -75.14 36.4 439.74 1.33 -70.89 

Hall 4 33.1 224.09 7.99 -70.47 36.34 412.8 1.27 -70.83 

 8 33.06 224.13 9.05 -69.34 36.03 384.31 6.49 -68.96 

Coast 
Guard 

2 30.14 289.84 1.11 -72.8 33.84 592.64 4.69 -71.88 

4 30.13 371.62 1.38 -74.46 33.32 608.2 5.88 -72.51 

8 29.65 437.85 1.91 -74.73 32.24 661.11 4.72 -70.92 
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 8 28.34 735.48 -3.2 -73.94 29.53 1069.21 -1.19 -74.65 

mean    0.82 -73.73   1.55 -72.76 

Table 1. Performance of the proposed DVC parallel decoder for 15 and 30 fps sequences 
(first stage of the proposed transcoder). 

Results for the second stage of the transcoder are shown in Tables 2 and 3. In this case, both 
H.264/AVC encoders (reference and proposed) start from the same DVC output sequence 
(as DVC parallel decoding obtains the same quality as the reference DVC decoding), which 
is quantified with four QP values. For these four QP values, ΔPSNR and ΔBRare calculated 
as specified in Bjøntegaard and Sullivan’s common test rule (Sullivan et al., 2001). TR is 
given by Equation 5. In Table 2, DVC decoded sequences are mapped to an IPPP pattern. In 
this case RD loss is negligible and TR is around 40%. For 30 fps sequences, the accuracy of 
the proposed method works better and RD loss is even lower. In addition, Figure 9 displays 
each plot for each of the four 4 QP values simulated. As can be observed, all RD points are 
much closer. For the IBBP pattern (Table 3), the conclusions are similar. Comparing both 
patterns, the IBBP pattern generates a slightly higher RD loss, but H.264/AVC encoding is 
performed faster (up to 48%). This is because B frames have two reference frames, but 
dynamic ME search area reduction is carried out in both of them. Figure 10 displays plots 
for each of the four QP points when an IBBP pattern is performed. As can be observed, the 
RD drop penalty is negligible. 
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IPPP H.264 pattern 
 15fps 30fps 

Sequence GOP Δ (db) Δ (%)  (%) Δ (db) Δ (%)  (%) 
 2 -0.02 0.57 -41.57 -0.01 0.31 -42.54 

Foreman 4 -0.03 0.86 -44.62 0.00 0.18 -41.81 
 8 -0.04 1.11 -45.85 -0.01 0.36 -43.71 
 2 -0.01 0.41 -30.04 0.00 0.05 -30.50 

Hall 4 0.00 0.12 -30.77 0.00 0.06 -29.28 
 8 0.00 0.17 -27.21 0.00 0.01 -27.81 

Coast 
Guard 

2 -0.01 0.27 -47.46 -0.01 0.19 -46.39 
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 2 -0.01 0.19 -38.85 -0.01 0.15 -37.86 
Soccer 4 -0.04 1.18 -43.35 -0.03 0.84 -40.61 

 8 -0.05 1.63 -44.98 -0.03 0.90 -42.35 
mean  -0.02 0.59 -40.70 -0.01 0.27 -39.47 

Table 2. Performance of the proposed transcoder mapping method for IPPP H.264 pattern 
with 15fps and 30fps sequences. 
 

IBBP H.264 pattern 
 15fps 30fps 

Sequence GOP Δ (db) Δ (%)  (%) Δ (db) Δ (%)  (%) 
 2 -0.06 1.51 -48.86 -0.08 2.31 -48.17 

Foreman 4 -0.08 2.00 -51.11 -0.07 2.18 -49.56 
 8 -0.07 2.18 -52.19 0.00 0.00 -37.71 
 2 -0.01 0.21 -39.06 -0.01 0.24 -37.31 

Hall 4 -0.01 0.55 -37.11 -0.01 0.13 -35.74 
 8 -0.01 0.48 -36.15 0.00 0.01 -52.41 

Coast 
Guard 

2 -0.04 1.13 -49.44 -0.01 0.26 -51.14 
4 -0.04 1.24 -49.90 -0.01 0.37 -50.62 
8 -0.05 1.40 -51.07 -0.05 1.59 -45.19 

 2 -0.02 0.43 -42.93 -0.08 2.63 -46.90 
Soccer 4 -0.05 1.54 -46.03 -0.08 2.57 -48.52 

 8 -0.08 2.52 -48.71 -0.04 1.21 -45.93 
mean  -0.04 1.27 -46.05 -0.08 2.31 -48.17 

Table 3. Performance of the proposed transcoder mapping method for IBBP H.264 pattern 
with 15fps and 30fps sequences. 



 
Video Compression 28

 
 
 

(a) 
 

(b) 

(c) 
 

(d) 

(f) 
 

(g) 
 

 
 
 

Fig. 9. PSNR/bitrate results transcoding to H.264 IPPP GOP from DVC GOP = 2, 4, and 8 in 
sequences with 15 and 30 fps. Reference symbols: ■Foreman ♦Hall ▲CoastGuard ●Soccer 
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Fig. 10. PSNR/bitrate results transcoding to H.264 IBBP GOP from DVC GOP = 2, 4, and 8 in 
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Fig. 9. PSNR/bitrate results transcoding to H.264 IPPP GOP from DVC GOP = 2, 4, and 8 in 
sequences with 15 and 30 fps. Reference symbols: ■Foreman ♦Hall ▲CoastGuard ●Soccer 
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15 fps for IPPP H.264 pattern 
Sequence GOP Δ  (dB) Δ  (%)  (%) 

 2 -0.02 0.64 -75.50 
Foreman 4 -0.02 -0.05 -70.66 

 8 -0.01 -1.02 -76.78 
 2 0 -2.47 -74.48 

Hall 4 0 7.86 -70.01 
 8 0 8.91 -68.92 

Coast 
Guard 

2 0 1.07 -72.41 
4 0 1.35 -74.18 
8 0 1.88 -74.52 

 2 -0.03 -2.62 -73.82 
Soccer 4 -0.03 -2.78 -75.61 

 8 -0.03 -3.15 -73.79 
mean  -0.01 0.80 -73.39 

Table 4. Performance of the proposed transcoder for 15fps sequences and IPPP pattern. 

 
 
 

30 fps for IPPP H.264 pattern 
Sequence GOP Δ  (dB) Δ  (%)  (%) 

 2 -0.01 -2.32 -73.72 
Foreman 4 0 -1.88 -74.34 

 8 0 -0.87 -72.99 
 2 0 1.31 -70.03 

Hall 4 0 1.25 -70.24 
 8 0 6.40 -68.48 

Coast 
Guard 

2 0 4.59 -71.31 
4 -0.01 5.78 -72.15 
8 -0.01 4.65 -70.65 

 2 -0.02 1.16 -74.39 
Soccer 4 -0.02 -0.57 -75.15 

 8 -0.02 -1.17 -74.45 
mean  -0.01 1.53 -72.33 

Table 5. Performance of the proposed transcoder for 30fps sequences and IPPP pattern. 
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15 fps for IBBP H.264 pattern 
Sequence GOP Δ  (dB) Δ  (%)  (%) 

 2 -0.03 0.67 -75.12 
Foreman 4 -0.03 -0.03 -70.51 

 8 -0.03 -1.01 -76.63 
 2 0 -2.47 -73.99 

Hall 4 0 7.86 -69.66 
 8 0 8.92 -68.63 

Coast 
Guard 

2 -0.01 1.10 -72.00 
4 -0.01 1.37 -73.92 
8 -0.02 1.89 -74.31 

 2 -0.04 -2.61 -73.45 
Soccer 4 -0.04 -2.77 -75.39 

 8 -0.03 -3.15 -73.64 
mean  -0.02 0.81 -73.10 

Table 6. Performance of the proposed transcoder for 15fps sequences and IBBP pattern. 

 
 
 

30 fps for IBBP H.264 pattern 
Sequence GOP Δ  (dB) Δ  (%)  (%) 

 2 -0.04 -2.28 -73.25 
Foreman 4 -0.03 -1.86 -74.06 

 8 -0.02 -0.85 -72.80 
 2 0 1.31 -69.40 

Hall 4 0 1.25 -69.82 
 8 0 6.40 -68.13 

Coast 
Guard 

2 0 4.60 -70.94 
4 -0.01 5.78 -71.88 
8 0 4.66 -70.46 

 2 -0.04 1.20 -74.01 
Soccer 4 -0.05 -0.55 -74.92 

 8 -0.04 -1.16 -74.29 
mean  -0.02 1.54 -72.00 

Table 7. Performance of the proposed transcoder for 30fps sequences and IBBP pattern. 
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Finally, to analyze the global transcoding improvement, Tables 4, 5, 6 and 7 summarize 
global transcoding performance. In this case, Bjøntegaard and Sullivan´s common test rule 
(Sullivan et al., 2001) was not used because it is a recommendation only for H.264/AVC. 
Then, to estimate the PSNR obtained by the transcoder, the original sequences were 
compared with the output sequences after transcoding. For each four QP points, the PSNR 
measured is displayed as an average (Δ )). To estimate the BR generated by the 
reference and the proposed transcoder, the BR generated by both stages (DVC decoding 
and H.264/AVC encoding) was added. Then equation (1) was applied and it was 
averaged for each four H.264/AVC QPs (Δ ). As the DVC decoding contributes with 
most of the bitrate, results are very similar to those in Tables 1. In order to evaluate the 
TR, total transcoding time was measured for the reference and proposed transcoder. Then 
Equation 5 was applied and a mean was calculated for each of the four H.264/AVC QPs 
( ). As DVC decoding takes up most of the transcoding time, improvements in this stage 
have a bigger influence on the overall transcoding time, and so the TR obtained is similar 
to that in Table 1, reducing the complexity of the transcoding process by up to 73% (on 
average). 

6. Conclusions  

In this chapter it is analyzed the transcoding framework for video communications between 
mobile devices. In addition, it is proposed a WZ to H.264/AVC transcoder designed to 
support mobile-to-mobile video communications. Since the transcoder device accumulates 
the highest complexity from both video coders, reducing the time spent in this process is an 
important goal. With this aim, in this chapter two approaches are proposed to speed-up WZ 
decoding and H.264/AVC encoding. The first stage is improved by using parallelization 
techniques as long as the second stage is accelerated by reusing information generated 
during the first stage. As a result, with both approaches a time reduction of up to 73% is 
achieved for the complete transcoding process with negligible RD losses. In addition, the 
presented transcoder performs a mapping for different GOP patterns and lengths between 
the two paradigms by using an adaptive algorithm, which takes into account the MVs 
gathered in the side information generation process.  
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1. Introduction 
Video imagery provides a rich source of information for a range of applications including 
military missions, security, and law enforcement. Because video imagery captures events 
over time, it can be used to monitor or detect activities through observation by a user or 
through automated processing. Inherent in these applications is the assumption that the 
image quality of the video data will be sufficient to perform the required tasks. However, 
the large volume of data produced by video sensors often requires data reduction through 
video compression, frame rate decimation, or cropping the field-of-view as methods for 
reducing data storage and transmission requirements. This paper presents methods for 
analyzing and quantifying the information loss arising from various video compression 
techniques. The paper examines three specific issues: 

 Measurement of image quality: Building on methods employed for still imagery, we 
present a method for measuring video quality with respect to performance of relevant 
analysis tasks. We present the findings from a series of perception experiments and user 
studies which form the basis for a quantitative measure of video quality. 

 User-based assessments of quality loss: The design, analysis, and findings from a user-
based assessment of image compression are presented. The study considers several 
compression methods and compression rates for both inter- and intra-frame 
compression. 

 Objective measures of image compression: The final topic is a study of video 
compression using objective image metrics. The findings of this analysis are compared 
to the user evaluation to characterize the relationship between the two and indicate a 
method for performing future studies using the objective measures of video quality. 

1.1 Information content and analysis 

Video data provides the capability to analyze temporal events which enables far deeper 
analysis than is possible with still imagery. At the primitive level, analysis of still imagery 
depends on the static detection, recognition, and characterization of objects, such as people 
or vehicles. By adding the temporal dimension, video data reveals information about the 
movement of objects, including changes in pose and position and changes in the spatial 
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configuration of objects. This additional information can support the recognition of basic 
activities, associations among objects, and analysis of complex behavior (Fig. 1).  

Fig. 1 is a hierarchy for target recognition information complexity. Each box’s color indicates 
the ability of the developer community to assess the performance and provide confidence 
measures. The first two boxes on the left exploit information in the sensor phenomenology 
domain. The right two boxes exploit extracted features derived from the sensor data.  

To illustrate the concept, consider a security application with a surveillance camera 
overlooking a bank parking lot. If the bank is robbed, a camera that collects still images 
might acquire an image depicting the robbers exiting the building and show several cars in 
the parking lot. The perpetrators have been detected but additional information is limited. A 
video camera might collect a clip showing these people entering a specific vehicle for their 
getaway. Now both the perpetrators and the vehicle have been identified because the 
activity (a getaway) was observed. If the same vehicle is detecting on other security cameras 
throughout the city, analysis of multiple videos could reveal the pattern of movement and 
suggest the location for the robbers’ base of operations. In this way, an association is formed 
between the event and specific locations, namely the bank and the robbers’ hideout. If the 
same perpetrators were observed over several bank robberies, one could discern their 
pattern of behavior, i.e. their modus operandi. This information could enable law enforcement 
to anticipate future events and respond appropriately (Gualdi et al. 2008; Porter et al. 2010).  

 
Fig. 1. Image Exploitation and Analysis 

1.2 Image interpretability 

A fundamental premise of the preceding example is that the imagery, whether a still image 
or a video clip, is of sufficient quality that the appropriate analysis can be performed (Le 
Meur et al. 2010; Seshadrinathan et al. 2010; Xia et al. 2010). Military applications have led to 
the development of a set of standards for assessing and quantifying this aspect of the 
imagery. The National Imagery Interpretability Rating Scale (NIIRS) is a quantification of 
image interpretability that has been widely applied for intelligence, surveillance, and 
reconnaissance (ISR) missions (Irvine 2003; Leachtenauer 1996; Maver et al. 1995). Each 
NIIRS level indicates the types of exploitation tasks an image can support based on the 
expert judgments of experienced analysts. Development of a NIIRS for a specific imaging 
modality rests on a perception-based approach. Additional research has verified the 
relationship between NIIRS and performance of target detection tasks (Baily 1972; Driggers 
et al. 1997; Driggers et al. 1998; Lubin 1995). Accurate methods for predicting NIIRS from the 
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sensor parameters and image acquisition conditions have been developed empirically and 
substantially increase the utility of NIIRS (Leachtenauer et al. 1997; Leachtenauer and 
Driggers 2001).  

The NIIRS provides a common framework for discussing the interpretability, or information 
potential, of imagery. NIIRS serves as a standardized indicator of image interpretability within 
the community. An image quality equation (IQE) offers a method for predicting the NIIRS of 
an image based on sensor characteristics and the image acquisition conditions (Leachtenauer et 
al. 1997; Leachtenauer and Driggers 2001). Together, the NIIRS and IQE are useful for: 

 Communicating the relative usefulness of the imagery,  
 Documenting requirements for imagery, 
 Managing the tasking and collection of imagery, 
 Assisting in the design and assessment of future imaging systems, and 
 Measuring the performance of sensor systems and imagery exploitation devices. 

The foundation for the NIIRS is that trained analysts have consistent and repeatable 
perceptions about the interpretability of imagery. If more challenging tasks can be 
performed with a given image, then the image is deemed to be of higher interpretability. A 
set of standard image exploitation tasks or “criteria” defines the levels of the scale. To 
illustrate, consider Fig. 2. Several standard NIIRS tasks for visible imagery appear at the 
right. Note that the tasks for levels 5, 6, and 7 can be performed, but the level 8 task cannot. 
The grill detailing and/or license plate on the sedan are not evident. Thus, an analyst would 
assign a NIIRS level 7 to this image. 

 
Fig. 2. Illustration of NIIRS for a still image 

Recent studies have extended the NIIRS concept to motion imagery (video). In exploring 
avenues for the development of a NIIRS-like metric for motion imagery, a clearer 
understanding of the factors that affect the perceived quality of motion imagery was needed 
(Irvine et al. 2006a; Young et al. 2010b). Several studies explored specific aspects of this 
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problem, including target motion, camera motion, and frame rate, and the nature of the 
analysis tasks (Hands 2004; Huynh-Thu et al. 2011; Moorthy et al. 2010). Factors affecting 
perceived interpretability of motion imagery include the ground sample distance (GSD) of 
the imagery, motion of the targets, motion of the camera, frame rate (temporal resolution), 
viewing geometry, and scene complexity. These factors have been explored and 
characterized in a series of evaluations with experienced imagery analysts: 

 Spatial resolution: Evaluations shows that for motion imagery the interpretability of an 
video clip exhibits a linear relationship with the natural log of the ground sample 
distance (GSD), at least for clips where the GSD is fairly constant over the clip (Cermak 
et al. 2011; Irvine et al. 2004; Irvine et al. 2005; Irvine et al. 2007b) .  

 Motion and Complexity: User perception evaluations assessed the effects of target 
motion, camera motion, and scene complexity on perceived image quality (Irvine et al. 
2006b). The evaluations indicated that target motion has a significant positive effect on 
perceived image quality, whereas camera motion has a barely discernable effect.  

 Frame Rate: These evaluations assessed object detection and identification and other 
image exploitation tasks as a function of frame rate and contrast (Fenimore et al. 2006). 
The study demonstrated that an analyst’s ability to detect and recognize objects of 
interest degrades at frame rates below 15 frames per second. Furthermore, the effect of 
reduced frame rate is more pronounced with low contrast targets.  

 Task Performance: The evaluations assessed the ability of imagery analysts to perform 
various image exploitation tasks with motion imagery. The tasks included detection 
and recognition of objects, as might be done with still imagery and the detection and 
recognition of activities, which relies on the dynamic nature of motion imagery (Irvine 
et al. 2006b; Irvine et al. 2007c). Analysts exhibited good consistency in the performance 
of these tasks. In addition, dynamic exploitation tasks that require detection and 
recognition of activities are sensitive to the frame rate of the video clip.  

Building on these perceptions studies, a new Video NIIRS was developed (Petitti et al. 2009; 
Young et al. 2009). The work presented in this paper quantifies video interpretability using a 
100-point scale described in Section 3 (Irvine et al. 2007a; Irvine et al. 2007b; Irvine et al. 
2007c). The scale development methodologies imply that each scale is a linear transform of 
the other, although this relationship has not been validated (Irvine et al. 2006a; Irvine et al. 
2006b). Other methods for measuring video image quality frequently focus on objective 
functions of the imagery data, rather than perception of the potential utility of the imagery 
to support specific types of analysis (Watson et al. 2001; Watson and Kreslake 2001; Winkler 
2001; Winkler et al. 2001). 

2. Image compression 
A recent study of compression for motion imagery focused on objective performance of target 
detection and target tracking tasks to quantify the information loss due to compression 
(Gibson et al. 2006). Gibson et al. (2006) leverage recent work aimed at quantification of the 
interpretability of motion imagery (Irvine et al. 2007b). Using techniques developed in these 
earlier studies, this paper presents a user evaluation of the interpretability of motion 
imagery compressed under three methods and various bitrates. The interpretability of the 
native, uncompressed imagery establishes the reference for comparison (He and Xiong 2006; 
Hewage et al. 2009; Yang et al. 2010; Yasakethu et al. 2009). 
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2.1 Data compression 

The dataset for the study consisted of the original (uncompressed) motion imagery clips and 
clips compressed by three compression methods at various compression rates (Abomhara et 
al. 2010). The three compression methods were:  

 Motion JPEG 2000 – intraframe only 
 MPEG-2 – intraframe and interframe 
 H.264 – intraframe and interframe 

All three were exercised in intraframe mode. Each of the parent clips was compressed to 
three megabits per second, representing a modest level of compression. In addition, each 
parent clip was severely compressed to examine the limits of the codecs. Actual bitrates for 
these severe cases depend on the individual clip and codec. The choice of compression 
methods and levels supports two goals: comparison across codecs and comparisons of the 
same compression method at varying bitrates. Table 1 shows the combinations represented 
in the study. We recorded the actual bit rate for each product and use this as a covariate in 
the analysis. 

The study used the Kakadu implementation of JPEG2000, the Vanguard Software Solutions, 
Inc. implementation of H.264, and the Adobe Premiere’s MPEG-2 codec. In each case, the 
300 key frame interval was used for interframe compression unless otherwise noted. 
Intraframe encoding is comparable to interframe encoding with 1 key frame interval. 

The study used progressive scan motion imagery in a 848 x 480 pixel raster at 30 frames per 
second (f/s). Since most of the desirable source material was available to us in 720 P HD 
video, a conversion process was employed to generate the lower resolution/lower frame 
rate imagery. We evaluated the conversion process to assure the goals of the study could be 
met. The video clips were converted using Adobe Premiere tools. 
 

Bitrate Uncompressed H.264 (VSS) 
JPEG 
2000 

(KDU) 

MPEG 2 
(Premiere) 

  Inter-
frame 

Intra-
frame 

Intra- 
frame 

Inter-
frame 

Intra-
frame 

Native X      
3 MB/sec  X X X X X 

Severe  X  X X  
Note: the severe bitrate represents the limit of the specific codec on a given clip. 

Table 1. Codecs and Compression Rates 

2.2 Experimental design 

The study consists of two parts. Both parts used the set of compression products described 
above. The first part was an evaluation in which trained imagery analysts viewed the 
compressed products and the original parent clip to assess the effects of compression on 
interpretability. The second part of the study implemented a set of computational image 
metrics and examined their behavior with respect to bitrate and codec. The typical duration 
of each clip is 10 seconds. Ten video clips were used for this study.  
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3. User-based evaluation of compression 
To quantify image interpretability, subjective rating scale was developed by Irvine et al. 
(2007c), based on consistent ratings by trained imagery analysts. The scale assigns the values 
0 to a video clip of no utility and 100 to clips that could support any of the analysis tasks 
under consideration (Fig. 3). Three additional clips identified in this study formed markers 
to evenly divide the subjective interpretability space. Thus, reference clips were available at 
subjective rating levels of 0, 25, 50, 75, and 100. 

 
Fig. 3. NIIRS Development Functional Decomposition 

A set of specific image exploitation tasks were reviewed by imagery analysts and rated 
relative to these marker video clips. In this way, these analysis tasks were calibrated to the 
subjective rating scale. A subset of these “calibrated” analysis tasks were used to evaluate 
the compressed video products (Table 2). Note that some of these tasks do not require 
analysis of temporal activity and could be performed with still imagery. We label these as 
“static” tasks. A second set of tasks are “dynamic” because they require direct observation 
or inference about movements of objects.  

Image analysts rated their confidence in performing each image exploitation task with 
respect to each compression product, including the original (uncompressed) clip. We 
calculated an overall interpretability rating from each analyst for each clip.  

3.1 Approach 

For each parent clip, three criteria (image exploitation tasks) were assigned. The 
considerations for selecting the criteria were: 

 The criteria should “bound” the interpretability of the parent clip, i.e. at least one of the 
three should be difficult to do and one should be easy 

 The criteria (or at least some of the criteria) should reference objects and activity that are 
comparable to the content of the clip 

 The criteria should have exhibited low rater variance in the previous evaluations 
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St
at

ic
 

C
ri

te
ri
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Detect large buildings (e.g. hospitals, factories) 

Identify individual rail cars (e.g. gondola, flat, box) and locomotives by type 
(e.g. steam, diesel) 

Identify vehicles by general class (civilian, military tracked, artillery, 
construction) 

Detect presence of freight in open-bed trucks 

Detect gatherings of 5 or more people 

D
yn

am
ic

 
C

ri
te

ri
a 

Determine motion and direction of large vehicles (e.g. trains, barges, 18-
wheelers) 

Track a civilian-size moving vehicle (e.g., car, truck, SUV) 

Distinguish between an orderly assembly and a panicked crowd 

Distinguish among a person walking, a person running, and a person riding a 
small vehicle (bicycle, moped, or motorcycle) 

Determine whether a person is getting into or out of a vehicle 

Table 2. Video Analysis Tasks 

3.2 Analysis and findings 

The data analysis progresses through several stages: verification and quality control, 
exploratory analysis to uncover interesting relationships, and statistical modeling to validate 
findings and formally test hypotheses of interest. The initial analysis examined the data for 
anomalies or outliers. None were found in this case. 

Next, we calculated an overall interpretability rating from each analyst for each clip. The 
method for calculating these ratings was as follows: Each of the three criteria used to rate 
each clip was calibrated (on a 0-100 scale) in terms of interpretability, where this calibration 
was derived from an earlier evaluation (Irvine et al. 2007c). Multiplying the interpretability 
level by the IA’s confidence rating produces a score for each criterion. The final 
interpretability score (Equation 1) was the maximum of the three scores for a given clip.  

 Interpretability Score(j, k) = max {Ci,j,k Ii,k : i=1,2,3} / 100 (1) 

Where Ci,j,k is the confidence rating by the jth IA on the kth clip for the ith criterion and Ii,k is 
the calibrated interpretability level for that criterion. All subsequent analysis presented 
below is based on this final interpretability score. The remaining analysis is divided into two 
sections: interframe compression and intraframe compression. Ultimately, we compared the 
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3. User-based evaluation of compression 
To quantify image interpretability, subjective rating scale was developed by Irvine et al. 
(2007c), based on consistent ratings by trained imagery analysts. The scale assigns the values 
0 to a video clip of no utility and 100 to clips that could support any of the analysis tasks 
under consideration (Fig. 3). Three additional clips identified in this study formed markers 
to evenly divide the subjective interpretability space. Thus, reference clips were available at 
subjective rating levels of 0, 25, 50, 75, and 100. 

 
Fig. 3. NIIRS Development Functional Decomposition 
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Detect large buildings (e.g. hospitals, factories) 

Identify individual rail cars (e.g. gondola, flat, box) and locomotives by type 
(e.g. steam, diesel) 
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Table 2. Video Analysis Tasks 
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analyst derived utility measures, as a NIIRS surrogate, to the automated computational 
values. 

All three codecs yielded products for the evaluation. However, MPEG-2 would not support 
extreme compression rates. Bitrate was the dominant factor, but pronounced differences 
among the codecs emerged too (Fig. 6 and Fig. 7). At modest compression rates, MPEG-2 
exhibited a substantial loss in interpretability compared to either H.264 or JPEG-2000. Only 
JPEG-2000 supported more extreme intraframe compression. A computational model was 
developed to characterize the significance among codec, scene, and bitrate’s effect on data 
quality. There were systematic differences across the clips, as expected, but the effects of the 
codecs and bitrates were consistent. When modeled as a covariate, the effects of bitrate 
dominate. The effect due to codec is modest, but still significant. As expected, there is a 
significant main effect due to scene, but no scene-by-codec interaction.  

3.3 Interframe compression 

Analysis of the interframe ratings shows a loss in image interpretability for both MPEG-2 
and H.264 as a function of bitrate (Fig. 4). The initial compression from the native rate to 3 
MB per second corresponds to a modest loss in interpretability. This finding is consistent 
with previous work. At extreme compression levels (below 1 MB per second), the 
interpretability loss is substantial. H.264 generally supported more extreme compression 
levels, but the interpretability degrades accordingly. Although the exact compression level  
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varies by clip, the pattern is clear for all clips. Statistical analysis shows that bitrate, modeled 
as a covariate, is the primary factor affecting interpretability. For interframe compression, 
the differences between H.264 and MPEG-2 are small but statistically significant (Table 3). 
The pattern holds across all scenes, as indicated by the lack of a codec-by-scene interaction 
effect. 
 

Source Deg. Of
Freedom F-statistic Significance

<0.025 
Intercept 1 6.2 0.0033 
BitRate 1 59.7 0.00003 
Codec 2 5.7 0.015 
Scene 4 15.4 0.00028 

Codec * Scene 8 0.5 0.82 

Table 3. Analysis of Covariance for Interframe Comparisons 

3.4 Intraframe compression 

In the case of intraframe compression, all three codecs yielded products for the evaluation, 
although MPEG-2 would not support extreme compression rates. The findings in this case 
are slightly different than interframe compression. Bitrate remained the dominant factor, but 
more pronounced differences among the codecs emerged (Figure 4). At modest compression 
rates, MPEG-2 exhibited a substantially loss in interpretability compared to either H.264  
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analyst derived utility measures, as a NIIRS surrogate, to the automated computational 
values. 
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quality. There were systematic differences across the clips, as expected, but the effects of the 
codecs and bitrates were consistent. When modeled as a covariate, the effects of bitrate 
dominate. The effect due to codec is modest, but still significant. As expected, there is a 
significant main effect due to scene, but no scene-by-codec interaction.  
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and H.264 as a function of bitrate (Fig. 4). The initial compression from the native rate to 3 
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varies by clip, the pattern is clear for all clips. Statistical analysis shows that bitrate, modeled 
as a covariate, is the primary factor affecting interpretability. For interframe compression, 
the differences between H.264 and MPEG-2 are small but statistically significant (Table 3). 
The pattern holds across all scenes, as indicated by the lack of a codec-by-scene interaction 
effect. 
 

Source Deg. Of
Freedom F-statistic Significance
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Intercept 1 6.2 0.0033 
BitRate 1 59.7 0.00003 
Codec 2 5.7 0.015 
Scene 4 15.4 0.00028 

Codec * Scene 8 0.5 0.82 

Table 3. Analysis of Covariance for Interframe Comparisons 

3.4 Intraframe compression 

In the case of intraframe compression, all three codecs yielded products for the evaluation, 
although MPEG-2 would not support extreme compression rates. The findings in this case 
are slightly different than interframe compression. Bitrate remained the dominant factor, but 
more pronounced differences among the codecs emerged (Figure 4). At modest compression 
rates, MPEG-2 exhibited a substantially loss in interpretability compared to either H.264  
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or JPEG-2000. Only JPEG-2000 supported more extreme intraframe compression and highly 
compressed renditions were produced from all of the parent clips. As with the interframe 
comparisons, there were systematic differences across the clips, as expected, but the effects 
of the codecs and bitrates were consistent. The analysis of covariance confirms these 
statistical effects (Table 4). When modeled as a covariate, effects of bitrate dominate. The 
effect due to codec is modest, but still significant. As expected, there is a significant main 
effect due to scene, but no scene-by-codec interaction. 
 

Source Deg. of 
Freedom F-statistic Significance

< 0.025 
Intercept 1 0.9 0.0038 
BitRate 1 24.4 0.0078 
Codec 3 5.6 0.001 
Scene 4 26.2 0.00001 

Codec * Scene 12 0.5 0.84 

Table 4. Analysis of Variance for Interframe Comparisons 

4. Computational measures and performance assessment 
In the previous section, analyst assessments of image quality were characterized. This 
section identifies computational attributes for image quality that can be extracted from 
video clips. Performance measures will evaluate the computational image quality metrics 
and provide an understanding of how well they compare to codec, bitrate, and scene 
parameters. 

4.1 Computational image metrics 

We reviewed a variety of image metrics to quantify image quality (Bhat et al. 2010; 
Chikkerur et al. 2011; Culibrk et al. 2011; Huang 2011; Sohn et al. 2010). Based on a review of 
the literature and assessment of the properties of these metrics, we selected four measures 
for this study: two edge-based metrics, structural similarity image metric (SSIM), and SNR. 
SSIM and edge metrics are performed at each pixel location. The resultant can be viewed as 
an image (Fig. 6). SNR metrics deal with overall information content and cannot be 
visualized as an image. These metrics were computed for the original (uncompressed) clips 
and for all of the compressed products. We will present the computation methods and the 
results.  

The color information was transposed into panchromatic (intensity) using either a HSI 
transformation or luminance. Intensity was computed using (2): 
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Luminance was computed (3) 
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                                         (a)                                                                         (b) 

 
                                         (c)                                                                         (d) 

 
                                         (e)                                                                         (f) 

 
                                                 (g) 

Fig. 6. (a) Original, (b) Compressed version, (c,d) original edge images, (e) edge images 
displayed together where Red, Blue, Magenta are from the original, the compressed, both 
edge images respectively (f) edge intensities, and (g) is the SSIM image darker areas 
represent more noticeable differences. 

Imagery extracted from the VIVID 
Public Release Data set provided 
by Air Force Research Laboratory 
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or JPEG-2000. Only JPEG-2000 supported more extreme intraframe compression and highly 
compressed renditions were produced from all of the parent clips. As with the interframe 
comparisons, there were systematic differences across the clips, as expected, but the effects 
of the codecs and bitrates were consistent. The analysis of covariance confirms these 
statistical effects (Table 4). When modeled as a covariate, effects of bitrate dominate. The 
effect due to codec is modest, but still significant. As expected, there is a significant main 
effect due to scene, but no scene-by-codec interaction. 
 

Source Deg. of 
Freedom F-statistic Significance

< 0.025 
Intercept 1 0.9 0.0038 
BitRate 1 24.4 0.0078 
Codec 3 5.6 0.001 
Scene 4 26.2 0.00001 

Codec * Scene 12 0.5 0.84 

Table 4. Analysis of Variance for Interframe Comparisons 

4. Computational measures and performance assessment 
In the previous section, analyst assessments of image quality were characterized. This 
section identifies computational attributes for image quality that can be extracted from 
video clips. Performance measures will evaluate the computational image quality metrics 
and provide an understanding of how well they compare to codec, bitrate, and scene 
parameters. 

4.1 Computational image metrics 

We reviewed a variety of image metrics to quantify image quality (Bhat et al. 2010; 
Chikkerur et al. 2011; Culibrk et al. 2011; Huang 2011; Sohn et al. 2010). Based on a review of 
the literature and assessment of the properties of these metrics, we selected four measures 
for this study: two edge-based metrics, structural similarity image metric (SSIM), and SNR. 
SSIM and edge metrics are performed at each pixel location. The resultant can be viewed as 
an image (Fig. 6). SNR metrics deal with overall information content and cannot be 
visualized as an image. These metrics were computed for the original (uncompressed) clips 
and for all of the compressed products. We will present the computation methods and the 
results.  

The color information was transposed into panchromatic (intensity) using either a HSI 
transformation or luminance. Intensity was computed using (2): 
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Fig. 6. (a) Original, (b) Compressed version, (c,d) original edge images, (e) edge images 
displayed together where Red, Blue, Magenta are from the original, the compressed, both 
edge images respectively (f) edge intensities, and (g) is the SSIM image darker areas 
represent more noticeable differences. 

Imagery extracted from the VIVID 
Public Release Data set provided 
by Air Force Research Laboratory 
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4.1.1 SSIM 

The first metric for image quality is the Structural Similarity Image Metric (Wang et al. 2004). 
SSIM quantifies differences between two images, I1 and I2, by taking three variables into 
consideration, luminance, contrast, and spatial similarity. For grey level images, those 
variables are measured in the images as the mean, standard deviation, and Pearson’s 
correlation coefficient between the two images respectively. For our application, the RGB 
data was converted to grey level using the standard Matlab function. Let: 
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Equation 4 is modified to avoid singularities, e.g., when both means are 0. SSIM is computed 
locally on each corresponding MxM sub-image of I1 and I2. In practice, the sub-image 
window size is 11x11, implemented as a convolution filter. The SSIM value is the average 
across the entire image. 

4.1.2 Edge metrics 

Two edge metrics were examined. The first is denoted by CE for Common Edges and the 
second is denoted SE for strength of edges (O’Brien et al. 2007). Heuristically, CE measures 
the ratio of the number edges in a compressed image to the number of edges in the original; 
whereas SE measures a ratio of the strength of the edges in a compressed version to strength 
of the edges in the original. 

Given two images I1 and I2 CE(I1, I2 ) and SE(I1, I2 ) are computed as follows. From the grey 
level images, edge images are constructed using the Canny edge operator. The edge images 
are designated as E1 and E2. Assume that the values in E1 and E2 are 1 for an edge pixel and 
0 otherwise. Let “*” denote the pixel wise product. Let G1 and G2 denote the gradient images 
of I1 and I2 respectively. G(m,n) was approximated as the maximum of absolute value of the 
set {I(m,n) - I(m+t1,n + t2) | -6 < t1 < 6 and -6< t2 < 6}, i.e. the maximum difference between 
the center value and all values in a 5x5 neighborhood around it. With that notation,  
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where the sum is taken over all the pixels within a given frame. 
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where the sum is taken over all the pixels within a given frame. 

An additional set of edge operators were also applied. These operators are called edge 
strength (ES) metrics. Let Y1 be the luminance component of an original frame from an clip 
and let Y2 be the corresponding frame after compression processing, also in luminance. We 
apply a Sobel filter, S, to both Y1 and Y2, where for a grayscale frame F:  

      2 2* *S F H F V F    (7) 

The filters H and V used in the Sobel edge detector are: 

 
1 0 1
2 0 2
1 0 1

H


 


 (7.1) 

 TV H  (7.2) 

We define two metrics, one for local loss of edge energy (EL) (thus finding blurred edges 
from Y1 in Y2) and the other for the addition of edge energy (thus finding edges added to Y2 
that are weaker in Y1). Each metric examines the strongest edges in one image (either Y1 or 
Y2) and compares them to the edges at the corresponding pixels in the other (Y2 or Y1). 

For the grayscale image F, let I(F,f) be the set of image pixels, p, where F (p) is at least as 
large as f * max(F). That is: 

  ( , ) : ( ) * max( )I F f Pixels F p f F   (8) 

Using the definition of Y(F,f), the two edge metrics are: 
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where the means are taken over the set I(S(I1), 0.99) 
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where the means are taken over the set I(S(Y2), 0.99). 

4.1.3 SNR 

Finally, we examined the peak signal to noise ratio (PSNR). The PSNR is defined for a pair 
of m×n luminance images, Y1 and Y2. Let MSE be defined by, 
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The PSNR is defined as:  
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where the sum is taken over all the pixels within a given frame. 

An additional set of edge operators were also applied. These operators are called edge 
strength (ES) metrics. Let Y1 be the luminance component of an original frame from an clip 
and let Y2 be the corresponding frame after compression processing, also in luminance. We 
apply a Sobel filter, S, to both Y1 and Y2, where for a grayscale frame F:  
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2

10 1010 log 20logI IMAX MAXPSNR
MSE MSE

    (12) 

where MAXI is maximum pixel value of the image. In our case, MAXI is taken to be 255. 

4.2 Metrics and performance 

The image metrics were plotted (Fig. 7). The image metrics are all highly correlated across 
both bitrate and codec, for both intraframe and interframe compression techniques. For the 
set of clips with every 300 key frame interval, the correlation was greater than 0.9. In each 
case, the lower information content is indicated by lower position on the Y axis, quality. The 
X axis is the target bitrate. Due to the high correlation a single computational metric was 
chosen for more detailed analysis to quantify the relationship between image quality and 
bitrate. SSIM was selected because it generates an image to diagnose unexpected values and 
the computation is based upon perceptual difference of spatial similarity and contrast. 

 
Fig. 7. Target Bitrate (k bps) versus Image Metric: SSIM, EL, ES, and PSNR 

Fig. 7 indicates that SSIM, CE, and SE that measures separate image quality based on bitrate. 
H.264’s asymptotic quality improvement observed in the rise in the graph from the initial 
frames (Fig. 7). This corresponds to exactly where the algorithm is increasing its fidelity of 
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the compressed frames to the original frames. Along this initial portion of the clip the 
metrics agree with human perception of the image quality increasing. 

Fig. 8 plots SSIM versus frame at differeing bitrates for the H.264 codec, which is an 
interframe codec. The saw-tooth nature of the graph is the result of the group of pictures 
(GOP) sequence. The peak and trough differences are between bilinear interpolation 
between key frames (B) and predicted (P) encoded frames. 

The observations for the metrics listed above for H.264 were also visually evident in the case 
of MPEG compression. Close inspection of the clips shows the quality to be lower in the case 
of MPEG than for H.264. The example in Fig. 9 is taken from a clip that was compressed to 2 
Mbits/second using both codecs. While discernable in both the original and the H.264 
compressed versions, some of the individuals' heads seem to be nearly totally lost in the 
MPEG version. 

 
Fig. 8. Plot of the SSIM evaluated on each frame for 11 different bit rates.  
Each clip was compressed using H.264 with the key frames 1 every 300 frames. 

5. Discussion 
These experiments demonstrate the existence of several metrics that are monotonic with 
bitrate. The metrics showed considerable sensitivity to image quality that matched the 
authors’ observations. Specifically, the MPEG quality was considerably less than H.264 at 
the same bitrate. The knee of the quality curves exist between 500k and 1000k bps. In 
addition, the metrics were sensitive to the encoded structure of the individual frames as the 
saw tooth differences between the B and P frames were readily observable.  



 
Video Compression 48

 
2

10 1010 log 20logI IMAX MAXPSNR
MSE MSE

    (12) 
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both bitrate and codec, for both intraframe and interframe compression techniques. For the 
set of clips with every 300 key frame interval, the correlation was greater than 0.9. In each 
case, the lower information content is indicated by lower position on the Y axis, quality. The 
X axis is the target bitrate. Due to the high correlation a single computational metric was 
chosen for more detailed analysis to quantify the relationship between image quality and 
bitrate. SSIM was selected because it generates an image to diagnose unexpected values and 
the computation is based upon perceptual difference of spatial similarity and contrast. 

 
Fig. 7. Target Bitrate (k bps) versus Image Metric: SSIM, EL, ES, and PSNR 

Fig. 7 indicates that SSIM, CE, and SE that measures separate image quality based on bitrate. 
H.264’s asymptotic quality improvement observed in the rise in the graph from the initial 
frames (Fig. 7). This corresponds to exactly where the algorithm is increasing its fidelity of 
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the compressed frames to the original frames. Along this initial portion of the clip the 
metrics agree with human perception of the image quality increasing. 

Fig. 8 plots SSIM versus frame at differeing bitrates for the H.264 codec, which is an 
interframe codec. The saw-tooth nature of the graph is the result of the group of pictures 
(GOP) sequence. The peak and trough differences are between bilinear interpolation 
between key frames (B) and predicted (P) encoded frames. 

The observations for the metrics listed above for H.264 were also visually evident in the case 
of MPEG compression. Close inspection of the clips shows the quality to be lower in the case 
of MPEG than for H.264. The example in Fig. 9 is taken from a clip that was compressed to 2 
Mbits/second using both codecs. While discernable in both the original and the H.264 
compressed versions, some of the individuals' heads seem to be nearly totally lost in the 
MPEG version. 

 
Fig. 8. Plot of the SSIM evaluated on each frame for 11 different bit rates.  
Each clip was compressed using H.264 with the key frames 1 every 300 frames. 

5. Discussion 
These experiments demonstrate the existence of several metrics that are monotonic with 
bitrate. The metrics showed considerable sensitivity to image quality that matched the 
authors’ observations. Specifically, the MPEG quality was considerably less than H.264 at 
the same bitrate. The knee of the quality curves exist between 500k and 1000k bps. In 
addition, the metrics were sensitive to the encoded structure of the individual frames as the 
saw tooth differences between the B and P frames were readily observable.  



 
Video Compression 50

       
                                          (a)                                                                       (b) 

 
(c) 

Fig. 9. (a) Original frame and compressed using (b) H.264 and (c) MPEG. 

A qualitative comparison of the objective metrics to the user assessment of interpretability 
shows strong consistency. Compression of these video products to bitrates below 1,000k bps 
yields discernable losses in image interpretability. The objective metrics shows a similar 
knee in the curve. These data suggest that one could estimate loss in interpretability from 
compression using the objective metrics and derive a prediction of the loss in Video NIIRS. 
Development of such a model would require conducting a second user experiment to 
establish the relationship between the subjective interpretability scale used in this study and 
the published Video NIIRS. The additional data from such an experiment would also 
support validation of a model for predicting loss due to compression.  

6. Conclusion 
The evaluations and analyses presented in this Chapter characterize the loss in perceived 
interpretability of motion imagery arising from various compression methods and 
compression rates. The findings build on previous studies (Irvine et al. 2007a; O’Brien et al. 
2007). The findings are consistent with other evaluations of video compression (Gibson et al. 
2006; Young et al. 2010a). Evaluation of image compression for motion imagery illustrates 
how interpretability-based methods can be applied to the analysis of the image chain. We 
present both objective image metrics and analysts’ assessments of various compressed 
products. The results show good agreement between the two approaches. Further research 
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is needed to validate a model-based relationship that could predict Video NIIRS loss due to 
compression using the objective image metrics presented here.  
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Fig. 9. (a) Original frame and compressed using (b) H.264 and (c) MPEG. 

A qualitative comparison of the objective metrics to the user assessment of interpretability 
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the published Video NIIRS. The additional data from such an experiment would also 
support validation of a model for predicting loss due to compression.  
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is needed to validate a model-based relationship that could predict Video NIIRS loss due to 
compression using the objective image metrics presented here.  
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1. Introduction 
A video signal represented as a sequence of frames of pixels contains vast amount of 
redundant information that can be eliminated with video compression technology 
enhancing the total transmission and hence storage becomes more efficient. To facilitate 
interoperability between compression at the video producing source and decompression at 
the consumption end, several generations of video coding standards have been defined and 
adapted by the ITU-G and VCEG etc... Demand for high quality video is growing 
exponentially and with the advent of the new standards like H.264/AVC it has placed a 
significant increase in programming and computational power of the processors. In 
H.264/AVC, the motion estimation part holds the key in capturing the vital motion vectors 
for the incoming video frames and hence takes very high processing at both encoder and the 
decoder. This chapter gives an overview of Motion estimation and the various search 
algorithms and also the scalability of parallelism in their operations to enhance the 
performance and improve the overall video quality. For low-end applications, software 
solutions are adequate. For high-end applications, dedicated hardware solutions are needed.  

This chapter gives an overview of H.264/AVC video coding in general and its applications 
in four main sections. Section 1 deals with motion estimation and the types of algorithms 
one of the key modules of H.264 and the most time-consuming. Section 2 deals with the 
estimation criterion and their role in determining the complexiety of the estimation 
algorithms. Section 3 briefly discusses about the scalability of parallelism in H.264 and the 
final section deals with the applications of H.264 focussing on Aerial video surveillance and 
its advantages. 

1.1 Motion estimation 

Motion estimation techniques form the core of H.264/AVC (Iain Richardson, 2010) video 
compression and video processing applications. It extracts motion information from the 
video sequence where the motion is typically represented using a motion vector (x, y). The 
motion vector indicates the displacement of a pixel or a pixel block from the current location 
due to motion. This information is used in video compression to find best matching block in 
reference frame to calculate low energy residue to generate temporally interpolated frames. 
It is also used in applications such motion compensated de-interlacing, video stabilization, 
motion tracking etc. Varieties of motion estimation techniques are available. There are pel-
recursive techniques, which derive motion vector (T.Wiegand et.al, 2003) for each pixel and 
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there is also the phase plane correlation technique, which generates motion vectors via 
correlation between current frame and reference frame. However, the most popular 
technique is Block Matching methodology which is the prime topic of discussion here. 

1.1.1 Block matching algorithm  

Block Matching Algorithm (BMA) (IEG Richardson 2003) is the most popular motion 
estimation algorithm. BMA calculates motion vector for an entire block of pixels instead of 
individual pixels. The same motion vector is applicable to all the pixels in the block. This 
reduces computational requirement and also results in a more accurate motion vector since 
the objects are typically a cluster of pixels. BMA algorithm is illustrated in figure 1.  

 
Fig. 1. Block Matching Algorithm 

The current frame is divided into pixel blocks and motion estimation is performed 
independently for each pixel block. Motion estimation is done by identifying a pixel block 
from the reference frame that best matches the current block, whose motion is being 
estimated. The reference pixel block is generated by displacement from the current block’s 
location in the reference frame. The displacement is provided by the Motion Vector (MV). 
MV consists of is a pair (x, y) of horizontal and vertical displacement values. There are 
various criteria available for calculating block matching. 

The reference pixel blocks are generated only from a region known as the search area. 
Search region defines the boundary for the motion vectors and limits the number of blocks 
to evaluate. The height and width of the search region is dependent on the motion in video 
sequence. The available computing power also determines the search range. Bigger search 
region requires more computation due to increase in number of evaluated candidates. 
Typically the search region is kept wider (i.e. width is more than height) since many video 
sequences often exhibit panning motion. The search region can also be changed adaptively 
depending upon the detected motion. The horizontal and vertical search range, Sx & Sy, 
define the search area (+/-Sx and +/- Sy) as illustrated in figure 1. 
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1.1.2 Full search block matching  

Full search block matching algorithm (Alois, 2009) evaluates every possible pixel block in 
the search region. Hence, it can generate the best block matching motion vector. This type of 
BMA can give least possible residue for video compression. But, the required computations 
are prohibitively high due to the large amount of candidates to evaluate in a defined search 
region. The number of candidates to evaluate are ((2*Sx) +1)*((2*Sy) +1) which is 
predominantly high compared to any of the search algorithms. There are several other fast 
block-matching algorithms, which reduce the number of evaluated candidates yet try to 
keep good block matching (Yu-Wen, 2006) accuracy. Note that since these algorithms test 
only limited candidates, they might result in selecting a candidate corresponding to local 
minima, unlike full search, which always results in global minima. Some of the algorithms 
are listed below.  

1.1.3 Fast search algorithms 

There are many other block matching algorithms (Nuno, 2002) and their variants available, 
but differs in the manner how they select the candidate for comparison and what is the 
motion vector resolution. Although, the full search algorithm is the best one in terms of the 
quality of the predicted image and its resolution of the motion vector it is very 
computationally intensive. With the realization that motion estimation is the most 
computationally intensive operation in the coding and transmitting of video streams, people 
started looking for more efficient algorithms. However, there is a trade-off between the 
efficiency of the algorithm and the quality of the prediction image. Keeping this trade-off in 
mind a lot of algorithms have been developed. These algorithms are called Sub-Optimal 
(Alois, 2009) because although they are computationally more efficient than the Full search, 
they do not give as good a quality as in the full search. 

1.1.4 Three step search  

In a three-step search (TSS) algorithm (Alan Bovik, 2009), the first iteration evaluates nine 
candidates as shown in figure 2. The candidates are centered on the current block’s position. 
The step size for the first iteration is typically set to half the search range. These algorithms 
operate by calculating the energy measure (e.g. SAD) at a subset of locations within the 
search window as illustrated (TSS, sometimes described as N-Step Search) in Figure.2. SAD 
is calculated at position (0, 0) (the centre of the Figure) and at eight locations ±2N−1 (for a 
search window of ± (2N −1) samples). The first nine search locations are numbered ‘1’. The 
search location that gives the smallest SAE is chosen as the new search centre and a further 
eight locations are searched, this time at half the previous distance from the search centre 
(numbered ‘2’ in the figure). Once again, the ‘best’ location is chosen as the new search 
origin and the algorithm is repeated until the search distance cannot be subdivided further. 
This is the last iteration of the three-step search algorithm. The best matching candidate 
from this iteration is selected as the final candidate. The motion vector corresponding to this 
candidate is selected for the current block. The number of candidates evaluated during 
three-step search is very less compared to the full search algorithm. The TSS is 
considerably simpler than Full Search (8N + 1 search compared with (2N+1 −1)2 searches 
for Full Search) but the TSS (and other fast search algorithms) do not usually perform as 
well as Full Search. 
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Fig. 2. Fast Search Algorithms 

1.1.5 2D logarithmic search  

2D Logarithmic (Alois, 2009) search is another algorithm, which tests limited candidates. It 
is similar to the three-step search. During the first iteration, a total of five candidates are 
tested. The candidates are centered on the current block location in a diamond shape. The 
step size for first iteration is set equal to half the search range. For the second iteration, the 
centre of the diamond is shifted to the best matching candidate. The step size is reduced by 
half only if the best candidate happens to be the centre of the diamond. If the best candidate 
is not the diamond centre, same step size is used even for second iteration. In this case, some 
of the diamond candidates are already evaluated during first iteration. Hence, there is no 
need for block matching calculation for these candidates during the second iteration. The 
results from the first iteration can be used for these candidates. The process continues till the 
step size becomes equal to one pixel. For this iteration all eight surrounding candidates are 
evaluated. The best matching candidate from this iteration is selected for the current block. 
The number of evaluated candidate is variable for the 2D logarithmic search. However, the 
worst case and best case candidates can be calculated. 

1.1.6 One at a time search algorithm  

The one at a time search algorithm estimates the x-component and the y-component of the 
motion vector independently. The candidate search is first performed along the x-axis. 
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During each ite ration, a set of three neighboring candidates along the x-axis are tested in 
Fig.2. The three-candidate set is shifted towards the best matching candidate, with the best 
matching candidate forming the centre of the set for the next iteration. The process stops if 
the best matching candidate happens to be the centre of the candidate set. The location of 
this candidate on the x-axis is used as the x-component of the motion vector. The search now 
continues parallel to the y-axis. A procedure similar to x-axis search is followed to estimate 
y-component of the motion vector. One-step at a time search on average tests less number of 
candidates. However, the motion vector accuracy is poor.  

1.1.7 Sub-pixel motion estimation (Fractional Pel Motion Estimation) 

Integer pixel motion estimation (also called as full search method) is carried out in the 
process of motion estimation that is mainly used to reduce the duplication (redundant data) 
among adjacent frames. But in practice, the distance of real motion is not always made by 
multiplier (which is constant) at the sampling interval.The actual motion in the video 
sequence can be much finer. Hence, the resulting object might not lie on the integer pixel 
(Iain Richardson, 2010) grid. To get a better match, the motion estimation needs to be 
performed on a sub-pixel grid. The sub-pixel grid can be either at half pixel resolution or 
quarter pixel resolution.  

Therefore it is advantageous to use the subpixel motion estimation technique to ensure high 
compression with high PSNR ratio of reconstructed image. The motion vector can be 
calculated at 1/2, 1/4, 1/8 subpixel (Young et.al 2010) positions. The motion vector is to be 
calculated at 1/4 pixel gives more detailed information than at 1/2 pixel position. Since, the 
image has been enlarged, interpolation must be implemented to compensate for the pixel 
value in case of enlargement.  

 
Fig. 3. 6-tap Directional interpolation filter for luma  
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Figure.3 shows the support pixels for each quarter-pixel position (Young et.al 2010) with 
different colours. For instance, the blue integer pixels are used to support the interpolation 
of three horizontal fractional pixels, a, b and c, the light-blue integer pixels for three vertical 
fractional pixels, d, h and n, the deep-yellow integer pixels for two down-right fractional 
pixels, e and r, the light-yellow integer pixels for two down-left fractional pixels, g and p, 
the purple integer pixels for the central fractional pixel j. 

For each of the three horizontal fractional (Zhibo et.al.,2007) positions, a, b and c, and the 
three vertical fractional positions, d, h and n, which are aligned with full pixel positions, a 
single 6-tap filter is used and their equations are produced . The filter coefficients of DIF are 
{3, -15, 111, 37, -10, 2}/128 for ¼ position (and mirrored for ¾ position), {3, -17, 78, 78, -17, 
3}/128 for ½ position. 

a=(3H-15I+111J+37K-10L+2M+64)>>7 
b=(3H-17I+78J+78K-17L+3M+64)>>7 
c = (2H-10I+37J+111K-15L+3M+64)>>7 

(1)

d=(3B-15E+111J+37O-10S+2W+64)>>7 
h=(3B-17E+78J+78O-17S+3W+64)>>7 
n = (2B-10E+37J+111O-15S+3W+64)>>7 

(2)

For the 4 innermost quarter-pixel positions, e, g, p, and r, the 6-tap filters at +45 degree and -
45 degree angles are used respectively. 

e= (3A-15D+111J+37P-10U+2X+64)>>7 
g = (3C-15G+111K+37O-10R+2V+64)>>7 
p = (2C-10G+37K+111O-15R+3V+64)>>7 
r = (2A-10D+37J+111P-15U+3X+64)>>7 

(3)

For another 4 innermost quarter-pixel positions, f, i, k, and q, a combination of the 6-tap 
filters at +45 degree and -45 degree angles, which is equivalent to a 12-tap filter, is used. 

f = (e+g+1)>>1 = ((3A-15D+111J+37P-10U+2X)+(3C-15G+111K+37O-10R+2V)+128)>>8 
i = (e+p+1)>>1 = ((3A-15D+111J+37P-10U+2X)+(2C-10G+37K+111O-15R+3V)+128)>>8 
k = (g+r+1)>>1 = ((3C-15G+111K+37O-10R+2V)+(2A-10D+37J+111P-15U+3X)+128)>>8 
q= (p+r+1)>>1 = ((2C-10G+37K+111O-15R+3V)+(2A-10D+37J+111P-15U+3X)+128)>>8 

(4)

 j = ((5E+5F) + (5I+22J+22K+5L) + (5N+22O+22P+5Q) + (5S+5T) +64)>>7 (5) 

The exception is the central position, j, where a 12-tap non-separable filter is used. The filter 
coefficients of DIF are {0, 5, 5, 0; 5, 22, 22, 5; 5, 22, 22, 5; 0, 5, 5, 0}/128 for the central position. 

1.1.8 Hierarchical block matching  

Hierarchical block matching algorithm (Alan Bovik, 2009) is a more sophisticated motion 
estimation technique which provides consistent motion vectors by successively refining the 
motion vector at different resolutions. In this, a pyramid fig.4 of reduced resolution video 
frame is formed from the source video. The original video frame forms the highest 
resolution image and the other images in the pyramid are formed by down sampling the 
original image. A simple bi-linear down sampling can be used. This is illustrated in figure 4. 
The block size of NxN at the highest resolution is reduced to (N/2) x (N/2) in the next 
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resolution level. Similarly, the search range is also reduced. The motion estimation process 
starts at the lowest resolution. Typically, full search motion estimation is performed for each 
block at the lowest resolution. Since the block size and the search range are reduced, it does 
not require large computations. The motion vectors from lowest resolution are scaled and 
passed on as candidate motion vectors for each block to next level. At the next level, the 
motion vectors are refined with a smaller search area. A simpler motion estimation 
algorithm and a small search range is enough at close to highest resolution since the motion 
vectors are already close to accurate motion vectors. 

 
Fig. 4. Hierarchial block matching  

1.1.9 Global motion estimation 

There is another type of motion estimation technique known as global motion estimation. 
The motion estimation techniques discussed so far are useful in estimating local motion (i.e. 
motion of objects within the video frame). However, the video sequence can also contain 
global motion. For some applications, such as video stabilization, it is more useful to find 
global motion (Alan Bovik 2009) rather than local motion. In global motion, the same type of 
motion is applicable to each pixel in the video frame. Some examples of global motion are 
panning, tilting and zoom in/out. In all these motion, each pixel is moving using the same 
global motion model. The motion vectors for each pixel or pixel block can be described 
using following parametric model with four parameters Global motion vector for a pixel or 
pixel block is given (6) & (7). For pan and tilt global motion, only q0 and q1 are non-zero i.e. 
constant motion vector for the entire video frame. For pure zoom in/out, only p0 and p1 
will be nonzero. 

 Gx = p0* x + q0 (6) 
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45 degree angles are used respectively. 
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For another 4 innermost quarter-pixel positions, f, i, k, and q, a combination of the 6-tap 
filters at +45 degree and -45 degree angles, which is equivalent to a 12-tap filter, is used. 
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i = (e+p+1)>>1 = ((3A-15D+111J+37P-10U+2X)+(2C-10G+37K+111O-15R+3V)+128)>>8 
k = (g+r+1)>>1 = ((3C-15G+111K+37O-10R+2V)+(2A-10D+37J+111P-15U+3X)+128)>>8 
q= (p+r+1)>>1 = ((2C-10G+37K+111O-15R+3V)+(2A-10D+37J+111P-15U+3X)+128)>>8 

(4)

 j = ((5E+5F) + (5I+22J+22K+5L) + (5N+22O+22P+5Q) + (5S+5T) +64)>>7 (5) 

The exception is the central position, j, where a 12-tap non-separable filter is used. The filter 
coefficients of DIF are {0, 5, 5, 0; 5, 22, 22, 5; 5, 22, 22, 5; 0, 5, 5, 0}/128 for the central position. 

1.1.8 Hierarchical block matching  

Hierarchical block matching algorithm (Alan Bovik, 2009) is a more sophisticated motion 
estimation technique which provides consistent motion vectors by successively refining the 
motion vector at different resolutions. In this, a pyramid fig.4 of reduced resolution video 
frame is formed from the source video. The original video frame forms the highest 
resolution image and the other images in the pyramid are formed by down sampling the 
original image. A simple bi-linear down sampling can be used. This is illustrated in figure 4. 
The block size of NxN at the highest resolution is reduced to (N/2) x (N/2) in the next 
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resolution level. Similarly, the search range is also reduced. The motion estimation process 
starts at the lowest resolution. Typically, full search motion estimation is performed for each 
block at the lowest resolution. Since the block size and the search range are reduced, it does 
not require large computations. The motion vectors from lowest resolution are scaled and 
passed on as candidate motion vectors for each block to next level. At the next level, the 
motion vectors are refined with a smaller search area. A simpler motion estimation 
algorithm and a small search range is enough at close to highest resolution since the motion 
vectors are already close to accurate motion vectors. 

 
Fig. 4. Hierarchial block matching  

1.1.9 Global motion estimation 

There is another type of motion estimation technique known as global motion estimation. 
The motion estimation techniques discussed so far are useful in estimating local motion (i.e. 
motion of objects within the video frame). However, the video sequence can also contain 
global motion. For some applications, such as video stabilization, it is more useful to find 
global motion (Alan Bovik 2009) rather than local motion. In global motion, the same type of 
motion is applicable to each pixel in the video frame. Some examples of global motion are 
panning, tilting and zoom in/out. In all these motion, each pixel is moving using the same 
global motion model. The motion vectors for each pixel or pixel block can be described 
using following parametric model with four parameters Global motion vector for a pixel or 
pixel block is given (6) & (7). For pan and tilt global motion, only q0 and q1 are non-zero i.e. 
constant motion vector for the entire video frame. For pure zoom in/out, only p0 and p1 
will be nonzero. 

 Gx = p0* x + q0 (6) 
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 Gy = p1* x + q1  (7) 

However a combination of all the parameters is usually present. Global motion estimation 
involves calculation of the four parameters in the model (p0, p1, q0, q1). The parameters can be 
calculated by treating them as four unknowns. Hence, ideally sample motion vectors at four 
different locations can be used to calculate the four run known parameters. In practice though, 
more processing is needed to get good estimate for the parameters. Also, note that still local 
motion estimation, at least at four locations, is essential to calculate the global motion 
estimation parameters. However, there are algorithms for global motion estimation, which do 
not rely on local motion estimation. The above parametric model with four parameters cannot 
fit rotational global motion. For rotational motion a six-parameter model is needed. However, 
the same four-parameter model concepts can be extended to the six-parameter model. 

1.1.10 True motion estimation  

For video compression applications it is enough to get a motion vector corresponding to best 
match. This in turns results in lower residual energy and better compression. However, for 
video processing applications, especially for scan rate conversion, true motion estimation is 
desired. In True Motion estimation, the motion vectors should represent true motion of the 
objects in the video sequence rather than providing best block match. Hence, it is important 
to achieve a consistent motion vector field rather that best possible match. True motion 
estimation can be achieved via both post-processing the motion vectors to get smooth 
motion vector field as well as building the consistency measures in motion estimation 
algorithm itself. Three Dimensional Recursive Search (3DRS) in Fig.5 is one such algorithm 
where the consistency assumption is inbuilt into the motion estimation.  

The algorithm works on two important assumptions – objects are larger than block size and 
objects have inertia. The first assumption suggests that the neighboring block’s motion 
vectors can be used as candidates for the current block. However, for neighboring blocks 
ahead in raster scan, there is no motion vectors calculated yet. Here, the second assumption 
is applied and motion vectors from previous frame are for these blocks. 3DRS motion 
estimator’s candidate set consists of only spatial & temporal neighboring motion vectors. 
This results in a very consistent motion vector field giving true motion. To kick-start the 
algorithm a random motion vector is also used as a candidate as illustrated in figure 5.  

1.2 Distortion metrics role of estimation criteria 

The algorithms/techniques discussed above need to be incorporated into an estimation 
criterion that will subsequently be optimized in order to obtain the prediction error (Young 
et.al 2009) or the residual energy of the video frames. There is no unique criterion as such for 
motion estimation because its choice depends on the task/application at hand. For example, 
in compression an average performance (prediction error) of a motion estimator is 
important, whereas in motion-compensated interpolation (Philip 2009) the worst case 
performance (maximum interpolation error) may be of concern. Moreover, the selection of a 
criterion may be guided by the processor capabilities on which the motion estimation will be 
implemented. The difficulty in establishing a good criterion is primarily caused by the fact 
that motion in images is not directly observable and that particular dynamics of intensity in 
an image sequence may be induced by more than one motion. 
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Motion estimation therefore aims to find a ‘match’ to the current block or region that 
minimizes the energy in the motion compensated residual (the difference between the 
current block and the reference area). An area in the reference frame centered on the current 
macro block (Iain Richardson 2010) position (the search area) is searched and the 16 × 16 
region within the search area that minimizes a matching criterion is chosen as the ‘best 
match’. The choice of matching criterion is important since block matching might require the 
distortion measure for ‘residual energy’ affects computational complexity and the accuracy 
of the motion estimation process. Therefore, all attempts to establish suitable criteria for 
motion estimation require further implicit or explicit modeling of the image sequence of the 
video. If all matching criteria resulted in compressed video of the same quality then, of 
course, the least complex of these would always be used for block matching. 

 However matching criteria (IEG Richardson 2003) often differ on the choice of substitute for 
the target block, with consequent variation in the quality of the coded frame. The MSD, for 
example, requires many multiplications whereas the MAD primarily uses additions. While 
multiplication might not have too great an impact on a software (Romuald 2006) coder, a 
hardware coder using MSE could be significantly more expensive than a hardware 
implementation of the SAD/MAD function. Equations 8,9,10 describe three energy 
measures, MSD, MAD and SAD. The motion compensation block size is N × N samples; Cur 
i, j, Ref i, j are current and reference area samples respectively.Fig.6 shows the image in 
macroblock form for the current video frame.(see photo) 

  
Fig. 6. Macroblock view of the Frame 
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video processing applications, especially for scan rate conversion, true motion estimation is 
desired. In True Motion estimation, the motion vectors should represent true motion of the 
objects in the video sequence rather than providing best block match. Hence, it is important 
to achieve a consistent motion vector field rather that best possible match. True motion 
estimation can be achieved via both post-processing the motion vectors to get smooth 
motion vector field as well as building the consistency measures in motion estimation 
algorithm itself. Three Dimensional Recursive Search (3DRS) in Fig.5 is one such algorithm 
where the consistency assumption is inbuilt into the motion estimation.  

The algorithm works on two important assumptions – objects are larger than block size and 
objects have inertia. The first assumption suggests that the neighboring block’s motion 
vectors can be used as candidates for the current block. However, for neighboring blocks 
ahead in raster scan, there is no motion vectors calculated yet. Here, the second assumption 
is applied and motion vectors from previous frame are for these blocks. 3DRS motion 
estimator’s candidate set consists of only spatial & temporal neighboring motion vectors. 
This results in a very consistent motion vector field giving true motion. To kick-start the 
algorithm a random motion vector is also used as a candidate as illustrated in figure 5.  

1.2 Distortion metrics role of estimation criteria 

The algorithms/techniques discussed above need to be incorporated into an estimation 
criterion that will subsequently be optimized in order to obtain the prediction error (Young 
et.al 2009) or the residual energy of the video frames. There is no unique criterion as such for 
motion estimation because its choice depends on the task/application at hand. For example, 
in compression an average performance (prediction error) of a motion estimator is 
important, whereas in motion-compensated interpolation (Philip 2009) the worst case 
performance (maximum interpolation error) may be of concern. Moreover, the selection of a 
criterion may be guided by the processor capabilities on which the motion estimation will be 
implemented. The difficulty in establishing a good criterion is primarily caused by the fact 
that motion in images is not directly observable and that particular dynamics of intensity in 
an image sequence may be induced by more than one motion. 
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MSD is also called as Mean Square Error (MSE). It is the indication of amount of difference 
between two macro blocks. Practically, the lower MSD value better is the match. 

 
Fig. 7. MSD Map 
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Fig. 8. MAD Map 

The lower MAD the better the match and so candidate block with minimum MAD should 
be chosen. The function is also called as Min Absolute Error (MAE). 
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1.2.3 Sum of absolute difference  
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SAD is commonly used as the error estimate to identify the most similar block when trying 
to obtain the block motion vectoring the process of motion estimation, which requires only 
easy calculation as in fig.9 without the need for multiplication.  

 

  
 

 
 

Fig. 9. SAD Map & its PSNR sketch 
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The lower MAD the better the match and so candidate block with minimum MAD should 
be chosen. The function is also called as Min Absolute Error (MAE). 

 
H.264 Motion Estimation and Applications 

 

67 
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SAD is commonly used as the error estimate to identify the most similar block when trying 
to obtain the block motion vectoring the process of motion estimation, which requires only 
easy calculation as in fig.9 without the need for multiplication.  
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SAD (Young et.al 2009) is an extremely fast metric due to its simplicity; it is effectively the 
simplest possible metric that takes into account every pixel in a block. Therefore it is very 
effective for a wide motion search of many different blocks. 

SAD is also easily parallelizable since it analyzes each pixel separately, making it easily 
implementable with hardware and software coders. Once candidate blocks are found, the 
final refinement of the motion estimation process is often done with other slower but more 
accurate metrics like which better take into account human perception. These include the 
sum of absolute transformed differences (SATD), the sum of squared differences (SSD), and 
rate-distortion optimization (RDO). 

The usual coding techniques applied to moving objects within a video scene lower the 
compression efficiency as they only consider the pixels at the same position in the video 
frames. Motion estimation with SAD as the distortion metric used to capture such movements 
more accurately for better compression efficiency. For example in video surveillance using 
moving cameras, a popular way to handle translation problems on images, using template 
matching is to compare the intensities of the pixels, using the SAD measure. The motion 
estimation on a video sequence using SAD uses the current video frame and a previous frame 
as the target frame. The two frames are compared pixel by pixel, summing up the absolute 
values of the differences of each of the two corresponding pixels. The result is a positive 
number that is used as the score. SAD reacts very sensitively to even minor changes within a 
scene. 

SAD is probably the most widely-used measure of residual energy for reasons of 
computational simplicity. The H.264 reference model software [5] uses SA (T) D, the sum of 
absolute differences of the transformed residual data, as its prediction energy measure (for 
both Intra and Inter prediction). Transforming the residual at each search location increases 
computation but improves the accuracy of the energy measure. A simple multiply-free 
transform is used and so the extra computational cost is not excessive. The results of the 
above example in Fig.6 indicate that the best choice of motion vector is (+2, 0). The 
minimum of the MSE or SAE map indicates the offset that produces a minimal residual 
energy and this is likely to produce the smallest energy of quantized transform. 

1.2.4 Rate distortion optimization 

These distortion metrics often play the pivotal role in deciding the quality of the videos 
viewed when choosing the method of Rate of Distortion Optimization (RDO) (Iain 
Richardson 2010)which is a technique for choosing the coding mode of a macroblock based 
on the rate and the distortion cost. Formulating this, we represent bitrate R and distortion 
cost D combined into a single cost J given by, 

 J = D+ λ R  (11) 

The bits are mathematically measured by multiplying the bit cost by the Lagrangian λ, a 
value representing the relationship between bit cost and quality for a particular quality 
level. The deviation from the source is usually measured in terms of distortion metrics in 
order to maximize the PSNR video quality metric.   
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The RDO mode selection algorithm attempts to find a mode that minimizes the joint cost J. 
The trade-off between Rate and Distortion is controlled by the Lagrange multiplier λ (Alan 
Bovik 2009). A smaller λ will give more emphasis to minimizing D, allowing a higher rate, 
whereas a larger λ will tend to minimize R at the expense of a higher distortion. Selecting 
the best λ for a particular sequence is a highly complex problem. Fortunately, empirical 
approximations have been developed that provide an effective choice of λ in a practical 
mode selection scenario. 

Good results can be obtained by calculating λ as a function of QP. 

  λ = 0.852(QP−12)/3  (12) 

Distortion (D) is calculated as the Sum of Squared Distortion (SSD,  

 
1 1 2

, ,
1 0 0

Cur Re f
N N

SSD i j i j
j

D
 

 
    

Where i,j are the sample positions in a block, Cur(i,j) are the original sample values and 
Ref(i,j) 

are the decoded sample values at each sample position. Other distortion metrics, such as 
Sum of Absolute Differences (SAD), Mean of Absolute Difference (MAD) or Mean of 
Squared errors (MSE) may be used in processes such as selecting the best motion vector for 
a block [iv]. A different distortion metric typically requires a different λ calculation and 
indeed will have an impact in the computation process taken as a whole. 

A typical mode selection algorithm might proceed as follows: 

For every macroblock 

 For every available coding mode m 
 Code the macroblock using mode m and calculate R, the number of bits required to 

code the macroblock 
 Reconstruct the macroblock and calculate D, the distortion between the original and 

decoded macroblock 
 Calculate the mode cost Jm using (11), with appropriate choice of λ 
 Choose the mode that gives the minimum Jm 

This is clearly a computationally intensive process, since there is hundreds of possible 
modes combination and therefore it is necessary to code the macroblock hundreds of times 
to find the ‘best’ mode in a rate-distortion sense.   

1.2.5 Conclusions and results 

Thus a matching criterion, or distortion function, is used to quantify the similarity between the 
target block and candidate blocks. If, due to a large search area, many candidate blocks are 
considered, then the matching criteria will be evaluated many times. Thus the choice of the 
matching criteria has an impact on the success of the compression. If the matching criterion 
is slow, for example, then the block matching will be slow. If the matching criterion results 
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Where i,j are the sample positions in a block, Cur(i,j) are the original sample values and 
Ref(i,j) 

are the decoded sample values at each sample position. Other distortion metrics, such as 
Sum of Absolute Differences (SAD), Mean of Absolute Difference (MAD) or Mean of 
Squared errors (MSE) may be used in processes such as selecting the best motion vector for 
a block [iv]. A different distortion metric typically requires a different λ calculation and 
indeed will have an impact in the computation process taken as a whole. 

A typical mode selection algorithm might proceed as follows: 

For every macroblock 

 For every available coding mode m 
 Code the macroblock using mode m and calculate R, the number of bits required to 

code the macroblock 
 Reconstruct the macroblock and calculate D, the distortion between the original and 

decoded macroblock 
 Calculate the mode cost Jm using (11), with appropriate choice of λ 
 Choose the mode that gives the minimum Jm 

This is clearly a computationally intensive process, since there is hundreds of possible 
modes combination and therefore it is necessary to code the macroblock hundreds of times 
to find the ‘best’ mode in a rate-distortion sense.   

1.2.5 Conclusions and results 

Thus a matching criterion, or distortion function, is used to quantify the similarity between the 
target block and candidate blocks. If, due to a large search area, many candidate blocks are 
considered, then the matching criteria will be evaluated many times. Thus the choice of the 
matching criteria has an impact on the success of the compression. If the matching criterion 
is slow, for example, then the block matching will be slow. If the matching criterion results 
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in bad matches then the quality of the compression will be adversely affected. Fortunately a 
number of matching criteria are suitable for use in video compression. Although, the 
number of matching criteria evaluated by block matching algorithms is largely independent 
of the sequence coded, the success of the algorithms is heavily dependent on the sequence 
coded.  

1.3 Scalability of parallelism in H.264 video compression 

The H.264/AVC standard provides several profiles to define the applied encoding techniques, 
targeting specific classes of applications. For each profile, several levels are also defined, 
specifying upper bounds for the bit stream or lower bounds for the decoder capabilities, 
processing rate, memory size for multipicture buffers, video rate, and motion vector range 
(Alois 2009) significantly improving the compression performance relative to all existing video 
coding standards [1]. To achieve the offered encoding performance, this standard incorporates 
a set of new and powerful techniques: 4×4 integer transform, inter-prediction with variable 
block-size, quarter-pixel motion estimation (ME), in-loop deblocking filter, improved entropy 
coding based on Context-Adaptive Variable-Length Coding (CAVLC) or on Content-Adaptive 
Binary Arithmetic Coding (CABAC), new modes for intra prediction, etc. Moreover, the 
adoption of bi-predictive frames (B-frames) along with the previous features provides a 
considerable bit-rate reduction with negligible quality losses. 

For instance using Intel VTune software running on a Pentium IV 3 GHz CPU with 
H.264/AVC SD in main profile encoding solution with Arithmetic, controlling, and data 
transfer instructions are separated would require about 1,600 billions of operations per 
second. Table.1 illustrates a typical profile of the H.264/AVC encoder complexity based on 
the Pentium IV general purpose processor architecture. Notice that motion estimation, 
macroblock/block processing (including mode decision), and motion compensation 
modules which take up nearly the entire cycle (78%) of operations and account for higher 
resource usage. 

 
Table 1. Instruction profiling in Baseline Profile H.264 
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It can be observed that motion estimation, including integer-pel motion estimation, 
fractional-pel motion estimation, and fractional-pel interpolation in the table, takes up more 
than 95 percent of the computation in the whole encoder, which is a common characteristic 
in all video encoders. The total required computing power for a H.264 encoder is more than 
300 giga instructions per second (GIPS), which cannot be achieved by existing processors. To 
account for this problem, several approaches have been adopted, such as the application of 
new low complexity ME algorithms that have been studied and developed (Yu Wen 2006), 
dedicated hardware (HW) structures and, more recently, multi-processor solutions.  

Nevertheless, the innumerous data dependencies imposed by this video standard frequently 
inflict a very difficult challenge in order to efficiently take advantage of the several possible 
parallelization strategies that may be applied. Up recently, most parallelization (Florian et.al 
2010) efforts around the H.264 standard have been mainly focused on the decoder 
implementation [2]. When the most challenging and rewarding goal of parallelizing the 
encoder is concerned, it has been observed that a significant part of the efforts have been 
devised in the design of specialized and dedicated systems [7, 6]. Most of these approaches 
are based on parallel or pipeline topologies, using dedicated HWstructures to implement 
several parts of the encoder. When only pure software (SW) approaches are considered, 
fewer parallel solutions have been proposed. Most of them are based on the exploitation of 
the data independency between Group-of-Pictures (GOPs) of slices. For such a video 
encoder, it may be probably necessary to use some kind of parallel programming approach 
to share the encoding application execution time and also to balance the workload among 
the concurrent processors.  

1.3.1 Parallelism in H.264 

The primary aim of this section is to provide a deeper understanding of the scalability of 
parallelism in H.264. Several analyses and parallel optimizations have been presented about 
H.264/AVC encoders [3, 4, 8]. Due to the encoder’s nature, many of these parallelization 
approaches exploit concurrent execution at: frame-level, slice-level, macroblock-level..The 
H.264 codec can be parallelized either by task-level and data-level decomposition. In Fig.10 
the two approaches are sketched. In task-level decomposition individual tasks of the H.264 
Codec are assigned to processors while in data-level decomposition different portions of 
data are assigned to processors running the same program.  

1.3.2 Task-level decomposition 

In task-level decomposition the functional partitions of the algorithm are assigned to 
different processors. As shown in Fig.10 the process of decoding H.264 consists of 
performing a series of operations on the coded input bitstream. Some of these tasks can be 
done in parallel. For example, Inverse Quantization (IQ) and the Inverse Transform (IDCT) 
can be done in parallel with the Motion Compensation (MC) stage. In Fig. 10a the tasks are 
mapped to a 4-processor system. A control processor is in charge of synchronization and 
parsing the bitstream. One processor is in charge of Entropy Decoding, IQ and IDCT, 
another one of the prediction stage (MC or IntraP), and a third one is responsible for the 
deblocking filter. 
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number of matching criteria are suitable for use in video compression. Although, the 
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The H.264/AVC standard provides several profiles to define the applied encoding techniques, 
targeting specific classes of applications. For each profile, several levels are also defined, 
specifying upper bounds for the bit stream or lower bounds for the decoder capabilities, 
processing rate, memory size for multipicture buffers, video rate, and motion vector range 
(Alois 2009) significantly improving the compression performance relative to all existing video 
coding standards [1]. To achieve the offered encoding performance, this standard incorporates 
a set of new and powerful techniques: 4×4 integer transform, inter-prediction with variable 
block-size, quarter-pixel motion estimation (ME), in-loop deblocking filter, improved entropy 
coding based on Context-Adaptive Variable-Length Coding (CAVLC) or on Content-Adaptive 
Binary Arithmetic Coding (CABAC), new modes for intra prediction, etc. Moreover, the 
adoption of bi-predictive frames (B-frames) along with the previous features provides a 
considerable bit-rate reduction with negligible quality losses. 

For instance using Intel VTune software running on a Pentium IV 3 GHz CPU with 
H.264/AVC SD in main profile encoding solution with Arithmetic, controlling, and data 
transfer instructions are separated would require about 1,600 billions of operations per 
second. Table.1 illustrates a typical profile of the H.264/AVC encoder complexity based on 
the Pentium IV general purpose processor architecture. Notice that motion estimation, 
macroblock/block processing (including mode decision), and motion compensation 
modules which take up nearly the entire cycle (78%) of operations and account for higher 
resource usage. 

 
Table 1. Instruction profiling in Baseline Profile H.264 
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It can be observed that motion estimation, including integer-pel motion estimation, 
fractional-pel motion estimation, and fractional-pel interpolation in the table, takes up more 
than 95 percent of the computation in the whole encoder, which is a common characteristic 
in all video encoders. The total required computing power for a H.264 encoder is more than 
300 giga instructions per second (GIPS), which cannot be achieved by existing processors. To 
account for this problem, several approaches have been adopted, such as the application of 
new low complexity ME algorithms that have been studied and developed (Yu Wen 2006), 
dedicated hardware (HW) structures and, more recently, multi-processor solutions.  

Nevertheless, the innumerous data dependencies imposed by this video standard frequently 
inflict a very difficult challenge in order to efficiently take advantage of the several possible 
parallelization strategies that may be applied. Up recently, most parallelization (Florian et.al 
2010) efforts around the H.264 standard have been mainly focused on the decoder 
implementation [2]. When the most challenging and rewarding goal of parallelizing the 
encoder is concerned, it has been observed that a significant part of the efforts have been 
devised in the design of specialized and dedicated systems [7, 6]. Most of these approaches 
are based on parallel or pipeline topologies, using dedicated HWstructures to implement 
several parts of the encoder. When only pure software (SW) approaches are considered, 
fewer parallel solutions have been proposed. Most of them are based on the exploitation of 
the data independency between Group-of-Pictures (GOPs) of slices. For such a video 
encoder, it may be probably necessary to use some kind of parallel programming approach 
to share the encoding application execution time and also to balance the workload among 
the concurrent processors.  

1.3.1 Parallelism in H.264 

The primary aim of this section is to provide a deeper understanding of the scalability of 
parallelism in H.264. Several analyses and parallel optimizations have been presented about 
H.264/AVC encoders [3, 4, 8]. Due to the encoder’s nature, many of these parallelization 
approaches exploit concurrent execution at: frame-level, slice-level, macroblock-level..The 
H.264 codec can be parallelized either by task-level and data-level decomposition. In Fig.10 
the two approaches are sketched. In task-level decomposition individual tasks of the H.264 
Codec are assigned to processors while in data-level decomposition different portions of 
data are assigned to processors running the same program.  

1.3.2 Task-level decomposition 

In task-level decomposition the functional partitions of the algorithm are assigned to 
different processors. As shown in Fig.10 the process of decoding H.264 consists of 
performing a series of operations on the coded input bitstream. Some of these tasks can be 
done in parallel. For example, Inverse Quantization (IQ) and the Inverse Transform (IDCT) 
can be done in parallel with the Motion Compensation (MC) stage. In Fig. 10a the tasks are 
mapped to a 4-processor system. A control processor is in charge of synchronization and 
parsing the bitstream. One processor is in charge of Entropy Decoding, IQ and IDCT, 
another one of the prediction stage (MC or IntraP), and a third one is responsible for the 
deblocking filter. 
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(a) (b) 
Fig. 10. H.264 parallelization techniques. a Task-level decomposition. b Data-level 
decomposition. 

Task-level decomposition requires significant communication between the different tasks in 
order to move the data from one processing stage to the other, and this may become the 
bottleneck. This overhead can be reduced using double buffering and blocking to maintain 
the piece of data that is currently being processed in cache or local memory. Additionally, 
synchronization is required for activating the different modules at the right time. This 
should be performed by a control processor and adds significant overhead.  

The main drawbacks, however, of task-level decomposition are load balancing and 
scalability. Balancing the load is difficult because the time to execute each task is not known 
a priori and depends on the data being processed. In a task-level pipeline the executiontime 
for each stage is not constant and some stage can block the processing of the others. 
Scalability is also difficult to achieve. If the application requires higher performance, for 
example by going from standard to high definition resolution, it is necessary to reimplement 
the task partitioning which is a complex task and at some point it could not provide the 
required performance for high throughput demands. Finally from the software optimization 
perspective the task-level decomposition requires that each task/processor implements a 
specific software optimization strategy, i.e., the code for each processor is different and 
requires different optimizations.  

1.3.3 Data-level decomposition 

In data-level decomposition the work (data) is divided into smaller parts and each assigned 
to a different processor, as depicted in Fig.10b. Each processor runs the same program but 
on different (multiple) data elements (SPMD). In H.264 data decomposition can be applied 
at different levels of the data structure (see Fig.11), which goes down from Group of Pictures 
(GOP), to frames, slices, MBs, and finally to variable sized pixel blocks. Data-level 
parallelism can be exploited at each level of the data structure, each one having different 
constraints and requiring different parallelization methodologies. 

1.3.4 GOP-level parallelism 

The coarsest grained parallelism is at the GOP level. H.264 can be parallelized at the GOP-
level by defining a GOP size of N frames and assigning each GOP to a processor. GOP-level 
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Fig. 11. GOP Structure of H.264 Video 

parallelism requires a lot of memory for storing all the frames, and therefore this technique 
maps well to multicomputers in which each processing node has a lot of computational and 
memory resources. However, parallelization at the GOP-level results in a very high latency 
that cannot be tolerated in some applications. This scheme is therefore not well suited for 
multicore architectures, in which the memory is shared by all the processors, because of 
cache pollution. 

1.3.5 Frame-level parallelism for independent frames 

At frame-level in fig.12, the input video stream is divided in GOPs. Since GOPs are usually 
made independent from each other, it is possible to develop a parallel architecture where a 
controller is in charge of distributing the GOPs among the available cores.In a sequence of I-
B-B-P frames inside a GOP, some frames are used as reference for other frames (like I and P 
frames) but some frames (the B frames in this case) might not. Thus in this case the B frames 
can be processed in parallel. To do so, a control/central processor assigns independent 
frames to different processors.  

 
Fig. 12. Frame-level Parallelism 

Frame-level parallelism has scalability problems due to the fact that usually there are no 
more than two or three B frames between P frames. The advantages of this model are clear: 
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more than two or three B frames between P frames. The advantages of this model are clear: 
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PSNR and bit-rate do not change and it is easy to implement, since GOPs’ independency is 
assured with minimal changes in the code. However, the memory consumption significantly 
increases, since each encoder must have its own Decoded Picture Buffer (DPB), where all 
GOP’s references are stored. Moreover, real-time encoding is hardly implemented using this 
approach, making it more suitable for video storage purposes.However, the main 
disadvantage of frame-level parallelism is that, unlike previous video standards, in H.264 B 
frames can be used as reference [24]. In such a case, if the decoder wants to exploit frame-
level parallelism, the encoder cannot use B frames as reference. This might increase the 
bitrate, but more importantly, encoding and decoding are usually completely separated and 
there is no way for a decoder to enforce its preferences to the encoder. 

1.3.6 Slice-level parallelism 

In slice-level parallelism (Fig. 13), frames are divided in several independent slices, making 
the processing of macroblocks from different slices completely independent. In the 
H.264/AVC standard, a maximum of sixteen slices are allowed in each frame. This 
approach allows exploiting parallelism at a finer granularity, which is suitable, for example, 
for multicore computers.In H.264 and in most current hybrid video coding standards each 
picture is partitioned into one or more slices. Slices have been included in order to add 
robustness to the encoded bitstream in the presence of network transmission errors and 
losses.  

 
Fig. 13. Slice-level Parallelism 

In order to accomplish this, slices in a frame should be completely independent from each 
other. That means that no content of a slice is used to predict elements of other slices in the 
same frame, and that the search area of a dependent frame can not cross the slice boundary 
[10, 16]. Although supports for slices have been designed for error resilience, it can be used 
for exploiting TLP because slices in a frame can be encoded or decoded in parallel. The main 
advantage of slices is that they can be processed in parallel without dependency or ordering 
constraints.This allows exploitation of slice-level parallelism (Rodriguez 2006) without 
making significant changes to the code.  

However, there are some disadvantages associated with exploiting TLP at the slice level. 
The first one is that the number of slices per frame (sixteen in the H.264 standard) is 
determined by the encoder. That poses a scalability problem for parallelization at the 
decoder level. If there is no control of what the encoder does then it is possible to receive 
sequences with few (or one) slices per frame and in such cases there would be reduced 
parallelization opportunities. The second disadvantage comes from the fact that in H.264 the 
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encoder can decide that the deblocking filter has to be applied across slice boundaries. This 
greatly reduces the speedup achieved by slice level parallelism. Another problem is load 
balancing wherein the slices are created with the same number of MBs, and thus can result 
in an imbalance at the decoder because some slices are decoded faster than others 
depending on the content of the slice. 

1.3.7 Macroblock level parallelism 

There are two ways of exploiting MB-level parallelism: in the spatial domain and/or in the 
temporal domain. In the spatial domain MB-level parallelism can be exploited if all the 
intra-frame dependencies are satisfied. In the temporal domainMB-level parallelism can be 
exploited if, in addition to the intra-dependencies, interframe dependencies are satisfied.  

1.3.8 Macroblock-level parallelism in the spatial domain 

Usually MBs in a slice are processed in scan order, which means starting from the top left 
corner of the frame andmoving to the right, row after row. To exploit parallelism between 
MBs inside a frame it is necessary to take into account the dependencies between them. In 
H.264, motion vector prediction, intra prediction, and the deblocking filter use data from 
neighboring MBs defining a structured set of dependencies. These dependencies are shown 
in Fig. 14.  

 
Fig. 14. 2D-Wave approach for exploiting MB parallelism in the spatial domain. The arrows 
indicate dependencies. 

MBs can be processed out of scan order provided these dependencies are satisfied. Processing 
MBs in a diagonal wavefront manner satisfies all the dependencies and at the same time 
allows to exploit parallelism between MBs. We refer to this parallelization technique as 2D-
Wave.  

Fig.14 depicts an example for a 5×5 MBs image (80×80 pixels). At time slot T7 three 
independent MBs can be processed: MB (4,1), MB (2,2) and MB (0,3). The figure also shows 
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the dependencies that need to be satisfied in order to process each of these MBs. The 
number of independent MBs in each frame depends on the resolution. For a low resolution 
like QCIF there are only 6 independent MBs during 4 time slots. For High Definition 
(1920×1080) there are 60 independent MBs during 9 slots of time. Fig. 15 depicts the 
available MB parallelism over time for a FHD resolution frame, assuming that the time to 
decode a MB is constant.  

  
Fig. 15. MB parallelism for a single FHD frame using the 2Dwave approach. 

MB-level parallelism in the spatial domain has many advantages over other schemes for 
parallelization of H.264. First, this scheme can have a good scalability. As shown before the 
number of independent MBs increases with the resolution of the image. Second, it is 
possible to achieve a good load balancing if a dynamicscheduling system is used. That is 
due to the fact that the time to decode a MB is not constant and depends on the data being 
processed. Load balancing could take place if a dynamic scheduler assigns a MB to a 
processor once all its dependencies have been satisfied. Additionally, because in MB-level 
parallelization all the processors/threads run the same program the sameset of software 
optimizations (for exploiting ILP and SIMD) can be applied to all processing elements. 
However, this kind ofMB-level parallelism has some disadvantages. The first one is the 
fluctuating number of independent MBs causing underutilization of cores and decreased 
total processing rate. The second disadvantage is that entropy decoding cannot be 
parallelized at the MB level. MBs of the same slice have to be entropy decoded sequentially. 
If entropy decoding is accelerated with specialized hardware MB level parallelism could still 
provide benefits. 

1.3.9 Macroblock-level parallelism in the temporal domain  

In the decoding process the dependency betweenframes is in the MC module only. MC can 
be regarded as copying an area, called the reference area, from the reference frame, and then 
to add this predicted area to the residual MB to reconstruct the MB in the current frame. The 
reference area is pointed to by a Motion Vector (MV). Although the limit to the MV length is 
defined by the standard as 512 pixels vertical and 2048 pixels horizontal, in practice MVs are 
within the range of dozens of pixels.  

When the reference area has been decoded it can be used by the referencing frame. Thus it is 
not necessary to wait until a frame is completely decoded before decoding the next frame. 
The decoding process of the next frame can start after the reference areas of the reference 
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frames are decoded. Figure 16 shows an example of two frames where the second depends 
on the first. MBs are decoded in scan order and one at a time. The figure shows that MB (2, 
0) of frame i + 1 depends on MB (2, 1) of frame i which has been decoded. Thus this MB can 
be decoded even though frame i is not completely decoded. 

 
Fig. 16. MB-level parallelism in the temporal domain in H.264. 

The main disadvantage of this scheme is the limited scalability. The number of MBs that can 
be decoded inparallel is inversely proportional to the length of the verticalmotion vector 
component. Thus for this scheme to be beneficial the encoder should be enforced to heavily 
restrict themotion search area which in far most cases is not possible. Assuming it would be 
possible, the minimum search area is around 3 MB rows: 16 pixels for the co-located MB, 3 
pixels at the top and at the bottom of the MB for sub-sample interpolations and some pixels 
for motion vectors (at least 10). As a result the maximum parallelism is 14, 17 and 27MBs for 
STD, HD and FHD frame resolutions respectively.  

The second limitation of this type of MB-level parallelism is poor load-balancing (Lai Ming che 
2006) because the decoding time for each frame is different. It can happen that a fast frame is 
predicted from a slow frame and can not decode faster than the slow frame and remains idle 
for some time. Finally, this approach works well for the encoder which has the freedom to 
restrict the range of the motion search area. In the case of the decoder the motion vectors can 
have large values and the number of frames that can be processed in parallel is reduced. 

In summary, parallelizing the entire process of the H.264 encoding particularly motion 
estimation will definitely end in optimized (Kun et.al 2009) performance provided the 
hardware/software requirements of the design are required. This will lead to a higher 
computation throughput achieved at the cost of appreciable load balance among the 
processor cores. 

1.4 Applications 

The H.264/AVC (T.Wiegand 2003) standard video format has a very broad application 
range that covers all forms of digital compressed video from low bit-rate Internet streaming 
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applications to HDTV broadcast and digital cinema applications with nearly lossless coding. 
With the use of H.264, bit rate savings of 50% or more are reported. H.264 video standard 
has a broad range of applications like broadcast television, streaming video, video storage 
and playback, video conferencing, aerial video surveillance, multi-sensor fusion, mobile 
video, medical imaging, Satellite image processing, video distribution etc..  

The H.264/AVC standard was designed to suite a broad range of video application 
domains. However, each domain is expected to use only a subset of the available options. 
For this reason profiles and levels were specified to mark conformance points. Encoders and 
decoders that conform to the same profile are guaranteed to interoperate correctly. Profiles 
(G.J Sullivan et.al 2004) define sets of coding tools and algorithms that can be used while 
levels place constraints on the parameters of the bitstream. The standard defines 17 sets of 
capabilities, which are referred to as profiles as seen, targeting specific classes of applications 
and some of them are listed below in the Table. 

 
 Baseline Profile (BP): The simplest profile mainly used for video conferencing and mobile video. 
 Main Profile (MP): Intended to be used for consumer broadcast and storage applications, but 

overtaken by the high profile. 
 Extended Profile (XP): Intended for streaming video and includes special capabilities to improve 

robustness. 
 High Profile (HiP) Intended for high definition broadcast and disc storage, and is used in HD 

DVD and Blu-ray. 

Table 2. H.264 Profiles 
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 Available processing power 
 External factors (camera motion, scene motion,transmission delays) 

These variables are vital as they will ultimately impact the performance on which 
H.264/AVC (profile/level) compression methodology is best for your application. For low 
lvele applications, the industry uses H.264 Baseline, Constrained Baseline or in some cases, a 
much lower performance profile with many quality features simply "turned off because they 
do not have the computer power in the camera (Tiago 2007) to support the higher quality 
features. Mostly the current profile used in majority is main profile for H.264 encoding, as it 
provides higher video quality and high performance for the same bandwidth compared to 
the baseline profile. 
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applications are developed with core functions that extend across civilian and military 
application areas. Unmanned aerial vehicle (UAV) surveillance and reconnaissance 
programs increasingly need methods for optimally packaging and distributing 
information. H.264 supports the collection, formatting, storage and dissemination of "raw" 
data from real time video capture and image exploitation using embedded technology for 
surveillance & reconnaissance application, Enhanced fusion vision for situational 
awareness application, Automatic vision inspection system for quick inspection of 
components in a manufacturing industry. Also it supports for high-end resolution for 
remote sensing images and data from satellite.  

Airborne surveillance has been widely used in different range of applications in civilian and 
military applications, such as search and rescue missions, border security, resource 
exploration, wildfire and oil spill detection, target tracking, surveillance, etc. The unmanned 
airborne vehicle (UAV) is equipped with special sensors (day / night) to image objects in 
ground and assigns the actual recognition task (surveillance) to the crew or record image 
data and analyze them off-line on the ground. Pilot less airborne vehicle with sensor 
carrying platforms transmit data to a ground control station for analysis and data 
interpretation. 

2. Conclusion 

There is likely to be a continued need for better compression efficiency, as video content 
becomes increasingly ubiquitous and places unprecedented pressure on upcoming new 
applications in the future. At the same time, the challenge of handling ever more diverse 
content coded in a wide variety of formats makes reconfigurable coding a potentially useful 
prospect. To summarize it, we presented an overview of H.264 motion estimation and its 
types and also the various estimation criterion that decides the complexity of the chosen 
algorithm. We then probed into the available scalability of parallelism in H.264. Finally we 
focused on an application which is highly sought in the research environment and its 
advantages in a more elaborate manner.  
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1. Introduction 
In this chapter, global motion estimation and its applications are given. Firstly we give the 
definitions of global motion and global motion estimation. Secondly, the parametric 
representations of global motion models are provided. Thirdly, global estimation 
approaches including pixel domain based global motion estimation, hierarchical global 
motion estimation, partial pixel set based global motion estimation, and compressed domain 
based global motion estimation are reviewed. Finally, four global motion based applications 
in video compression, sport video shot classification, video error concealment, and video 
text occluded region recovery are given. 

Motion information is very important for video content analysis. In surveillance video, 
usually the camera is stationary, and the motions of the video frame are often caused by 
local motion objects. Thus detecting motions in the video sequences can be utilized in 
abnormal events detection. In sports video, the heavy motions are also related to 
highlights. Motion estimation and compensation is the core of video coding. Coding the 
residual component after motion compensated can save bit-rates significantly. In video 
sequences, the motion pattern can be classified into two types: local motion and global 
motion. The global motion is related to camera motion. Integrated with local motion, 
global motion is widely utilized in video object segmentation, video coding and error 
concealment. The rest of this chapter is organized as follows: the definition of global 
motion is given in Section 2. The global motion models are given in Section 3. Global 
motion estimation approaches are given in Section 4. Four applications based on global 
motion and local motion (GM/LM) information are introduced in Section 5. The 
applications are GM/LM based video coding, global view refinement for soccer video, 
GM/LM based error concealment and GM/LM based text occluded region recovery. And 
finally conclusions are drawn in Section 6. 

2. Definition of global motion 
Global motions in a video sequence are caused by camera motion, which can be modeled by parametric 
transforms [4]. The process of estimating the transform parameters is called global motion estimation. 

From the definition, it is clear that global motion is closely related to camera motion. The 
camera is operated by camera man. Thus the global motion pattern can reveal video 
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shooting style which has some relationship with video contents [18]. The global motion 
information is especially useful in sport video content analysis [13]-[18]. 

From the definition, we find that the global motions have certain consistence for the whole 
frame as shown in Fig.1. The global motion in Fig.1 (a) is a zoom out and that in Fig.1 (b) is a 
translation respectively. From Fig.1 (a), we find that the motion direction is from outer to 
inner regions, which means that the coordinates of a current frame t can be generated in the 
inner regions of the reference frame v (t > v). In Fig.l, the motion vectors in the motion field 
correspond to the global motion vectors at the coordinates.  

Global motion vector is the motion vector calculated from the estimated global motion parameters. 
Global motion vector ( , )t tGMVx GMVy for the current pixel with its coordinates ( , )t tx y is 
determined as  

 t t t

t t t

GMVx x x
GMVy y y

 
  

  (1) 

where ( , )t tx y   are the warped coordinates in the reference frame by the global motion 
parameters from the coordinate ( , )t tx y . 

 
(a)Zoom-out     (b) Translation 

Fig. 1. Global motion fields. (a) Zoom-out and (b) Translation. 

3. Global motion models 
Global motion can be represented by global motion models with several parameters. The 
simplest global motion model is translation with only two parameters. The complex 
global motion model is quadric model with 12 parameters. Generally, higher order 
models have more parameters to be estimated, which can represent more complex 
motions. The lower order models are special cases of the higher ones. The widely used 
global motion model is perspective model with 8 parameters, which is expressed as 
follows  
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where ( , )x y  and ( , )x y   are the coordinates in the current and the reference image 
respectively, with the set of parameters 0 7[ , , ]m m m  denoting the global motion 
parameters to be estimated. If m6=m7=0, then it is an affine model with 6 parameters. Then 
Eq.(2) can be simplified as follows 
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  (3) 

When m0= m4=1 and ,m1=m3=m6=m7=0, then the perspective model is actually simplified into 
a translation model as follows 
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  (4) 

4. Global Motion Estimation (GME) approaches 
Intuitively, global motion estimation can be carried out in pixel domain. In the pixel domain 
based approaches, all the pixels are involved in the estimation of global motion parameters. 
There are two shortcomings in pixel domain based approach: 1) it is very computational 
intensive; 2) it is often sensitive to noises (local object motions). 

In order to improve the convergence and speed up the calculation, coarse to fine searching 
approach is often adopted. Moreover, the subset of pixels having the largest gradient 
magnitude is adopted to estimate the global motion parameters [6]. Sub-point based global 
motion estimation approaches are very effective in reducing computational costs. To 
guarantee the accuracy of global motion estimation, how to determine the optimal sub-sets 
are the key steps. Except the pixel domain based global motion estimation, compressed 
domain based global motion estimation approaches are also very popular. 

Robust global motion estimation usually carries out by identifying the pixels (blocks or 
regions) that undergo local motions. Fig.2 shows the global motion and local motions. If the 
local motion blocks can be determined as outliers, then the global motion performance can 
be improved significantly. 

4.1 Pixel domain based GME 

In GME involving two image frames Ik and Iv (with k<v), one seeks to minimize the 
following sum of squared differences between Iv and its predicted image Ik(x(i, j), y(i, j)) 
which is obtained after transforming all the pixels in Ik. 

 2( , )
i j

E e i j   (5) 
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where e(i, j) denotes the error of predicting a pixel located at (i, j) of frame Iv, by using a 
pixel at location [x(i, j), y(i, j)] of previous frame Ik.  

 ( , ) ( , ) ( ( , ), ( , ))v ke i j I i j I x i j y i j    (6) 

The transform mapping functions x(i, j) and y(i, j) (with respect to global motion parameters 
m) should be so chosen that E in Eq.(5) is minimized. The well-known Levenberg-Marquard 
algorithm (LMA) or lest square approach, can be utilized to find the optimal global motion 
parameters m iteratively by minimizing the energy function in Eq.(5) as follows 

 m(n+1) = m(n)+m(n)  (7) 

where m(n) and m(n) are the global motion parameters and updating vector at iteration n [8]. 

All the pixels are involved in the global motion parameters optimization in the traditional 
LMA algorithm [9]. This is very computational intensive. It is impractical for real-time 
applications. Moreover, the local motions in video frame may also bias the global motion 
parameters’ estimation precision. Thus improvements are carried out by utilizing 
hierarchical global motion estimation, partial pixel set and compressed domain based 
approaches.  

4.2 Hierarchical global motion estimation 

In MPEG-4, GME is performed by a hierarchical approach to reduce computational costs [1]. 
It is an improvement of pixel domain based approach which consists of following three 
steps. Firstly, spatial pyramid frames are constructed. Secondly, global motion parameters 
with the coarsest global motion model are estimated at the top layer of the pyramid images. 
Then, the estimated global motion parameters at the coarsest level are projected to its next 
high resolution level to get the refined global motion parameters. Finally, the refined global 
motion parameters are iteratively updated using a least-square based approach and the 
process continues until convergence [1]. Fig. 2 shows the illustration of hierarchical global 
motion estimation approach. The original image and its motion field, the second layer and 
third layer pyramid images and their motion fields are shown in Fig.2 (a), (b) and (c) 
respectively. In Fig.2 local motion region (LMR) and global motion region (GMR) of each 
layer are labeled out respectively. 

Global motion parameters at each layer are estimated by minimizing the sum of weighted 
squared errors over all corresponding pairs of pixels ( , )i ix y and ( , )i ix y   within the current 
image f and the reference image R as follow. 
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where ( , )w i j  is the corresponding weight of the pixel at coordinate (i,j) with ( , ) {0,1}w i j  . 
You know, local object motion may create outliers and therefore bias the estimation 
performance of the global motion parameters. To reduce the influence of such outliers, a 
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robust histogram based technique is adopted to reject the pixel points with large matching 
errors by setting their weights to be “0”.  

The hierarchical global motion estimation approach has following advantages: 1) estimating 
the coarse global motion parameters on the top layer of pyramid is effective for noise 
filtering; 2) computational cost of coarse global motion estimation is very low at the top 
layer of pyramid. This is due to the fact that only small resolution images are involved in 
GME and the global motion model is low order which is easy to get convergence; 3) 
adaptive model determination with respect to the precisions of global motion parameters, 
which is also helpful for reducing computational cost. In the enhanced layer, it is only need 
to updating global motion parameters on the basis of the parameters estimated in its 
previous layers. The advantages of hierarchical global motion over traditional pixel domain 
based global motion estimation approach can be shown by the illustrations in Fig.2 
respectively. 

 
                (a)      (b)           (c) 

Fig. 2. Illustration of hierarchical global motion estimation approach. (a) Original image and 
its motion field, (b) and (c) correspond to the second layer and third layer pyramid images 
and their motion fields. 

4.3 Partial pixel points based GME 

Just as its name implies, partial pixel points based GME approaches only use sub-set of the 
whole pixels for estimating global motion parameters. In [6], the subset utilized for GME is 
selected based on gradient magnitudes information. The top 10% pixels with the largest 
gradient magnitudes are selected and severed as reliable points for GME. This method 
divides the whole image into 100 sub-regions and selects the top 10% pixels as feature 
points which can avoid numerical instability. This subset selection approach reduce the 
computational cost by reduce the number of pixels at the cost of calculating the gradient 
image and ranking the gradient of the whole pixels. To further reduce the computational 
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where e(i, j) denotes the error of predicting a pixel located at (i, j) of frame Iv, by using a 
pixel at location [x(i, j), y(i, j)] of previous frame Ik.  

 ( , ) ( , ) ( ( , ), ( , ))v ke i j I i j I x i j y i j    (6) 
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cost, a random subset selection method was proposed in [4] for GME in fast image-based 
tracking. Pixel selection can also follow certain fixed subsampling pattern. Alzoubi and Pan 
apply the subsampling method that combines random and fixed subsampling patterns to 
global motion estimation [9]. The corresponding combined subsampling patterns can 
provide significantly improved tradeoffs between motion estimation accuracy and 
complexity than those achievable by using either fixed or random patterns alone. Wang et 
al., [7] proposed a fast progressive model refinement algorithm to select the appropriate 
motion model to describe different camera motions. Based on the correlation of motion 
model and model parameters between neighbor frames, an intermediate-level model 
prediction method is utilized.  

4.4 Compressed domain based GME 

In video coding standards, the motion estimation algorithms calculate the motions between 
successive video frames and predict the current frame from previously transmitted frames 
using the motion information. Hence, the motion vectors have some relationship with the 
global motion [10]-[12]. A global motion estimation method is proposed based on randomly 
selected MV groups from motion vector field with adaptive parametric model 
determination [5]. A non-iterative GME approach is proposed by Su et al. by solving a set of 
exactly-determined matrix equations corresponding to a set of motion vector groups [4]. 
Each MV group consists of four MVs selected from the MV field by a fixed spatial pattern. 
The global motion parameters for each of the MV group are obtained by solving the exactly-
determined matrix equation using singular value decomposition (SVD) based pseudo-
inverse technique. The final global motion parameters are obtained by a weighted 
histogram-based method. Moreover, a least-square based GME method by coarsely sampled 
MVs from the input motion vector field is proposed for compressed video sequences [5]. 
The global motion parameters are optimized by minimizing the fitting error between the 
input motion vectors and the wrapped ones from estimated global motion parameters. In 
order to estimate global motions robustly, motion vectors in local motion region, 
homogeneous region with zero or near-zero amplitude and regions with larger matching 
errors are rejected. 

The objective function of compressed domain based GME approaches is to minimize the 
weighted mean matching error (MME) of the input motion vectors and the generated ones 
by virtue of the estimated global motion parameters, which is expressed as follows  
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where ( , )i iMVx MVy denotes the input MV of the i-th macro-block (MB) at the spatial 
coordinates ( , )i ix y , ( , )i iex ey denote the errors vector between the decoded MV and the MV 
generated by the estimated global motion parameters. And let ( , )i ix y  denote the warped 
coordinates for ( , )i ix y with respect to the global motion parameters m. MVNum denotes the 
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number of MVs and (1 )iw i MVNum  is the weighting factor for the i-th MB, 
with {0,1}iw  . How to reject the outlier motion vectors is also very important to improve 
global estimation performances [10]. Intuitively, iw  can be set to be “0” if one of the 
following three conditions is satisfied: 1) this MB is located in a smooth region (which can be 
indicated by the standard deviation of the luminance component), 2) the matching error of 
this MB is large enough (which can be measured by the DC coefficient of the residual 
component), 3) this MB is intra-coded. Global motion estimation is carried out using the 
MBs with their weights set to be “1”.  

5. Applications of global motion estimation 
In this Section, four global motion based applications are illustrated. They are 1) the GMC 
(global motion compensation) and LMC (local motion compensation) based video coding in 
MPEG-4 advanced simple profile (ASP), 2) GM and LM based mid-level semantic 
classification for sport video, 3) GM/LM based video error concealment, and 4) GM/LM 
based text occluded region recovery. 

5.1 GMC and LMC based video coding 

The aim of this part is to illustrate how video compression performances can be improved 
by utilizing adaptive GMC/LMC mode determination. GMC/LMC based motion 
compensation mode selection approach in MPEG-4 is given [1], [2]. Global motion 
estimation and compensation is used in MPEG-4 advanced simple profiles (ASP) to remove 
the residual information of global motion. Global motion compensation (GMC) is a new 
coding technology for video compression in MPEG-4 standard. By extracting camera 
motion, MPEG-4 coder can remove the global motion redundancy from the video. In MPEG-
4 ASP, each macro block (MB) can be selected to be coded use GMC or local motion 
compensation (LMC) adaptively during mode determination. Intuitively, some types of 
motion, e.g., panning, zooming or rotation; could be described using one set of motion 
parameters for the entire VOP (video object plane). For example, each MB could potentially 
have the exact same MV for the panning. GMC allows the encoder to pass one set of motion 
parameters in the VOP header to describe the motion of all MBs. Additionally MPEG-4 
allows each MB to specify its own MV to be used in place of the global MV. 

In MPEG-4 Advanced simple profile, the main target of Global Motion Compensation 
(GMC) is to encode the global motion in a VOP (video object plane) using a small number of 
parameters. Each MB can be predicted either from the previous VOP by global motion 
compensation (GMC) using warping parameters or from the previous VOP by local motion 
compensation (LMC) using local motion vectors as in the classical scheme. The selection is 
made based on which predictor leads to the lower prediction error. In this Section we only 
expressed the GMC/LMC mode selection approach. More detail expression for the 
INTER4V/INTER/field prediction, GMC/LMC, and INTRA/INTER can be found in the 
Section 18.8.2 GMC prediction and MB type selection [2]. The pseudo-code of GMC/LMC 
mode decision in MPEG-4 AS is as follows: 

if (SAD GMC - P < SAD LMC) then GMC 
else LMC 
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cost, a random subset selection method was proposed in [4] for GME in fast image-based 
tracking. Pixel selection can also follow certain fixed subsampling pattern. Alzoubi and Pan 
apply the subsampling method that combines random and fixed subsampling patterns to 
global motion estimation [9]. The corresponding combined subsampling patterns can 
provide significantly improved tradeoffs between motion estimation accuracy and 
complexity than those achievable by using either fixed or random patterns alone. Wang et 
al., [7] proposed a fast progressive model refinement algorithm to select the appropriate 
motion model to describe different camera motions. Based on the correlation of motion 
model and model parameters between neighbor frames, an intermediate-level model 
prediction method is utilized.  

4.4 Compressed domain based GME 

In video coding standards, the motion estimation algorithms calculate the motions between 
successive video frames and predict the current frame from previously transmitted frames 
using the motion information. Hence, the motion vectors have some relationship with the 
global motion [10]-[12]. A global motion estimation method is proposed based on randomly 
selected MV groups from motion vector field with adaptive parametric model 
determination [5]. A non-iterative GME approach is proposed by Su et al. by solving a set of 
exactly-determined matrix equations corresponding to a set of motion vector groups [4]. 
Each MV group consists of four MVs selected from the MV field by a fixed spatial pattern. 
The global motion parameters for each of the MV group are obtained by solving the exactly-
determined matrix equation using singular value decomposition (SVD) based pseudo-
inverse technique. The final global motion parameters are obtained by a weighted 
histogram-based method. Moreover, a least-square based GME method by coarsely sampled 
MVs from the input motion vector field is proposed for compressed video sequences [5]. 
The global motion parameters are optimized by minimizing the fitting error between the 
input motion vectors and the wrapped ones from estimated global motion parameters. In 
order to estimate global motions robustly, motion vectors in local motion region, 
homogeneous region with zero or near-zero amplitude and regions with larger matching 
errors are rejected. 

The objective function of compressed domain based GME approaches is to minimize the 
weighted mean matching error (MME) of the input motion vectors and the generated ones 
by virtue of the estimated global motion parameters, which is expressed as follows  
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number of MVs and (1 )iw i MVNum  is the weighting factor for the i-th MB, 
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global estimation performances [10]. Intuitively, iw  can be set to be “0” if one of the 
following three conditions is satisfied: 1) this MB is located in a smooth region (which can be 
indicated by the standard deviation of the luminance component), 2) the matching error of 
this MB is large enough (which can be measured by the DC coefficient of the residual 
component), 3) this MB is intra-coded. Global motion estimation is carried out using the 
MBs with their weights set to be “1”.  

5. Applications of global motion estimation 
In this Section, four global motion based applications are illustrated. They are 1) the GMC 
(global motion compensation) and LMC (local motion compensation) based video coding in 
MPEG-4 advanced simple profile (ASP), 2) GM and LM based mid-level semantic 
classification for sport video, 3) GM/LM based video error concealment, and 4) GM/LM 
based text occluded region recovery. 

5.1 GMC and LMC based video coding 

The aim of this part is to illustrate how video compression performances can be improved 
by utilizing adaptive GMC/LMC mode determination. GMC/LMC based motion 
compensation mode selection approach in MPEG-4 is given [1], [2]. Global motion 
estimation and compensation is used in MPEG-4 advanced simple profiles (ASP) to remove 
the residual information of global motion. Global motion compensation (GMC) is a new 
coding technology for video compression in MPEG-4 standard. By extracting camera 
motion, MPEG-4 coder can remove the global motion redundancy from the video. In MPEG-
4 ASP, each macro block (MB) can be selected to be coded use GMC or local motion 
compensation (LMC) adaptively during mode determination. Intuitively, some types of 
motion, e.g., panning, zooming or rotation; could be described using one set of motion 
parameters for the entire VOP (video object plane). For example, each MB could potentially 
have the exact same MV for the panning. GMC allows the encoder to pass one set of motion 
parameters in the VOP header to describe the motion of all MBs. Additionally MPEG-4 
allows each MB to specify its own MV to be used in place of the global MV. 

In MPEG-4 Advanced simple profile, the main target of Global Motion Compensation 
(GMC) is to encode the global motion in a VOP (video object plane) using a small number of 
parameters. Each MB can be predicted either from the previous VOP by global motion 
compensation (GMC) using warping parameters or from the previous VOP by local motion 
compensation (LMC) using local motion vectors as in the classical scheme. The selection is 
made based on which predictor leads to the lower prediction error. In this Section we only 
expressed the GMC/LMC mode selection approach. More detail expression for the 
INTER4V/INTER/field prediction, GMC/LMC, and INTRA/INTER can be found in the 
Section 18.8.2 GMC prediction and MB type selection [2]. The pseudo-code of GMC/LMC 
mode decision in MPEG-4 AS is as follows: 
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where SAD GMC is defined as the sum of the absolute difference in the luminance block when 
using GMC prediction, and SAD LMC and P are defined as: 
if the previous criterion was INTER4V 

 SAD LMC = SAD 8 
 P = NB * Qp / 16 

if the previous criterion was INTER 

 SAD LMC = SAD16 
 P = NB * Qp / 64 

if the previous criterion was INTER and the motion vector was (0,0) 

 SAD LMC = SAD16 + (NB /2 + 1) 
 P = NB/2 + 1 

if the previous criterion was field prediction 

 SAD LMC = SAD16* 8 
 P = NB * Qp / 32 

where SAD8 (sum of absolute difference for four 8x8 luminance blocks when the INTER4V 
mode is selected), SAD16 (sum of absolute difference for a 16x16 luminance block when the 
INTER mode is selected) and SAD16*8 (sum of absolute difference for two 16x8 interlaced 
luminance blocks when the field prediction mode is selected) are computed with half pixel 
motion vectors. NB indicates the number of pixels inside the VOP. Qp is the quantization 
parameter.  

5.2 Global motion based shot classification for sport video  

In [13], Xu et al. classified soccer video shots into the views of global, zoom-in and close-up. 
From the view sequences, each soccer video clip is classified into either a play or a break. In 
[14], Duan et al. classified video shots into eight categories by fusing the global motion 
pattern, color, texture, shape, and shot length information in a supervised learning 
framework. Ekin and Tekalp utilized shot category and shot duration information to carry 
out play-break detection according to the dominant related rules and soccer video 
production knowledge [16]. Similarly, Li et al. classified video shots into event and non-
event by identifying the canonical scenes and the camera breaks [15]. Tan et al. also 
segmented a basketball sequence into wide angle, close-up, fast-break and possible shoot-at-
the-basket using motion information [17].  

In soccer video, the global views give audiences an overall view of the sport, while the close 
up and medium views, being complementary to global views, show certain details of the 
game. Typically the camera men operate cameras, by fast track, or zoom in to provide 
audiences with clearer views of the games. Based on the view type, camera motion patterns 
and domain related knowledge, high level semantics can be inferred. The classified shot 
category information is helpful for highlight events discrimination. In [18], global views of 
soccer video are further refined into the following three types: stationary, zoom and track in 
terms of camera motion information using a set of empirical rules with respect to domain and 
production knowledge. The key-frames of a shot with stationary by means of average motion 
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intensity and average motion intensities of global motion. The local motion information is 
represented by average motion intensity (AMV ) which is expressed as follows 
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where (MVxj, MVyj) is the motion vector (MV) of the block with its coordinates (xj, yj) and j 
is the block index. The average global motion intensity (AGMV ) is calculated as follows: 
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where ( , )j jGMVx GMVy  is the global motion vector of the block at ( , )j jx y , M is the total 
block number. The global motion vector ( , )t tGMVx GMVy at the coordinates ( , )t tx y is 
determined as follows 

 t t t
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where ( , )t tx y   are the warped coordinates in the reference frame by the global motion 
parameters from the coordinate (xt, yt).  

The GM/LM based global view refinement is carried out by the following empirical rules 
[18]: If the motion energy of a frame satisfies AMV<0.5, then it is stationary otherwise non-
stationary. The non-stationary shot is further classified into zoom and track. A frame is a 
zoom-in if m0=m5 >1, a zoom-out if m0=m5 <1, otherwise a track (m0=m5 =1). The track is a 
slow-track if the average global motion intensity AGMV satisfies 2AGMV  , otherwise a 
fast-track. 

5.3 Global motion and local motion (GM/LM) based application in error concealment 

The aim of this sub-chapter is to show how combine global and local motion to improve 
visual video qualities of corrupted video sequences.  

5.3.1 Related work on error concealment (EC) 

Temporal recovery (TR) is often utilized to replace the erroneous macro-blocks (EMBs) by 
their spatially corresponding MBs in the reference frames. TR is efficient for the stationary 
video sequences. Temporal average (TA) uses the average or medium MV of the correctly 
received MBs in its neighbors to substitute the losing MVs for the corrupted MBs [19]. 
Boundary pixels of the top and bottom-, or (and) left and right-adjacent MBs as the 
references [20], [21]. A recursive block matching (RBM) technique is utilized to recover the 
error MBs [20]. The correctly received MBs in its neighbors are utilized. Recovery results of 
the corrupted MBs are improved step by step using the full searching technique within a 
given searching range. However, this approach is not effective when the reference blocks 
located in texture-alike or smooth region. There are more than one best matches for the two 
8×16 blocks in the smooth regions at reference frames.  



 
Video Compression 

 

90

where SAD GMC is defined as the sum of the absolute difference in the luminance block when 
using GMC prediction, and SAD LMC and P are defined as: 
if the previous criterion was INTER4V 

 SAD LMC = SAD 8 
 P = NB * Qp / 16 

if the previous criterion was INTER 

 SAD LMC = SAD16 
 P = NB * Qp / 64 

if the previous criterion was INTER and the motion vector was (0,0) 

 SAD LMC = SAD16 + (NB /2 + 1) 
 P = NB/2 + 1 

if the previous criterion was field prediction 

 SAD LMC = SAD16* 8 
 P = NB * Qp / 32 

where SAD8 (sum of absolute difference for four 8x8 luminance blocks when the INTER4V 
mode is selected), SAD16 (sum of absolute difference for a 16x16 luminance block when the 
INTER mode is selected) and SAD16*8 (sum of absolute difference for two 16x8 interlaced 
luminance blocks when the field prediction mode is selected) are computed with half pixel 
motion vectors. NB indicates the number of pixels inside the VOP. Qp is the quantization 
parameter.  

5.2 Global motion based shot classification for sport video  

In [13], Xu et al. classified soccer video shots into the views of global, zoom-in and close-up. 
From the view sequences, each soccer video clip is classified into either a play or a break. In 
[14], Duan et al. classified video shots into eight categories by fusing the global motion 
pattern, color, texture, shape, and shot length information in a supervised learning 
framework. Ekin and Tekalp utilized shot category and shot duration information to carry 
out play-break detection according to the dominant related rules and soccer video 
production knowledge [16]. Similarly, Li et al. classified video shots into event and non-
event by identifying the canonical scenes and the camera breaks [15]. Tan et al. also 
segmented a basketball sequence into wide angle, close-up, fast-break and possible shoot-at-
the-basket using motion information [17].  

In soccer video, the global views give audiences an overall view of the sport, while the close 
up and medium views, being complementary to global views, show certain details of the 
game. Typically the camera men operate cameras, by fast track, or zoom in to provide 
audiences with clearer views of the games. Based on the view type, camera motion patterns 
and domain related knowledge, high level semantics can be inferred. The classified shot 
category information is helpful for highlight events discrimination. In [18], global views of 
soccer video are further refined into the following three types: stationary, zoom and track in 
terms of camera motion information using a set of empirical rules with respect to domain and 
production knowledge. The key-frames of a shot with stationary by means of average motion 

 
Global Motion Estimation and Its Applications 

 

91 

intensity and average motion intensities of global motion. The local motion information is 
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where ( , )t tx y   are the warped coordinates in the reference frame by the global motion 
parameters from the coordinate (xt, yt).  
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Boundary pixels of the top and bottom-, or (and) left and right-adjacent MBs as the 
references [20], [21]. A recursive block matching (RBM) technique is utilized to recover the 
error MBs [20]. The correctly received MBs in its neighbors are utilized. Recovery results of 
the corrupted MBs are improved step by step using the full searching technique within a 
given searching range. However, this approach is not effective when the reference blocks 
located in texture-alike or smooth region. There are more than one best matches for the two 
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A global motion based error concealment method is proposed by Su et al.[3,4]. In [3] MVs 
generated by global motion parameters are utilized to recover the EMBs under the 
assumption that they are all located in global motion regions. When the EMBs are in LM or 
GM/LM overlapped regions, usually the MVs generated by global motion parameters are 
incorrect to recover the lost MVs.  

5.3.2 GM/LM based error concealment 

Obviously it is more effective to recover MVs of the EMBs in the global motion regions by 
the global MVs and the EMBs in local motion regions by the local motion compensation. 
And for the corrupted MBs located in the GM/LM overlapped regions, more accurate 
boundaries need to be searched using the advanced boundary matching criteria [19]-[21]. 
We give the detailed steps for the GM/LM based error concealment approach [22]. The 
detail diagram of the proposed GM/LM based EC method is shown in Fig.3.  

GM/LM based EC method consists of the following four steps: 1) Carry out global motion 
estimation for the corrupted frames using the MVs of the correctly received MBs (CMBs). 2) 
Classify the CMBs into global motion MBs (GMBs) or local motion MBs (LMBs) types. 3) 
Determine the type of the erroneous MBs (EMBs) and Step 4. Carry out recovery by using 
the GM/LM based approach. 

Based on the estimated global motion parameters, a CMB is classified into two types: GMB 
and LMB adaptively with respect to the matching error of the reconstructed MB (from the 
video streams) and the global motion warped MB. If the matching error is large enough then 
it is a LMB, otherwise a GMB. Actually this step does not influence the GM/LM based error 
concealment performances very much [22].  

 
Fig. 3. Diagram of GM/LM based error concealment. 

In GM/LM based EC approach, each EMB can be classified into one of the three types: 
GMB, LMB and GLMB according to the CMBs (including already recovered EMBs) type 
information in its 8-neighbors as follows: 

1. If the CMBs in the neighbors of an EMB are all with the type GMB, then we classify the 
EMB be a GMB. The corrupted pixels in the EMB are replaced by the warped pixels in 
their reference frame by utilizing the GMV information. 

2. If the CMBs in the neighbors of an EMB are all with the type LMB, then we classify the 
EMB be a LMB. The corrupted pixels in the EMB can be replaced by the MB in their 
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reference frame using the average MV of the non-corrupted or recovered MBs in its 8-
neighbors. The GMV and LMV based replacement for the EMB are based on the facts 
that both global motion and local motion have certain consistence. 

3. Otherwise the EMB is a GLMB. The EMB may contain both global and local motion 
regions. Boundaries between background and objects usually exist in the EMB. To 
determine the accurate boundaries, complicate boundary matching algorithms such as 
RBM, and AECOD [21] can be adopted. We use RBM method to search the optimal MV 
to recover the EMB. 

5.3.3 Error concealment performance 

Objective error concealment performances of the TR, TA, GM, RBM and GM/LM are given. 
Fig. 4 (a) and (b) show the objective averaged PSNR (peak signal to noise ratio) values of the 
EC methods applied to each of the P-frame of the testing sequences flower and mobile under 
the PER (packet error rates) 15%. From Fig.4, we find that our GM/LM based EC method 
gives comparatively better recovery results.  
 

 
(a) flower    (b) mobile 

 

Fig. 4. EC Performances Comparison of the corresponding TR, TA, GM, RBM and GM/LM 
for the video sequences under PER 15%. 

To show the subjective recovery results of the TR, TA, GM, RBM and GM/LM based error 
concealment approaches, two frames are extracted from the test video sequences with 
several erroneous slices, as shown in Fig. 5. We find that the recovery results of TR are not 
so effective. TA is not effective to get accurate motion information for the MBs in heavy 
motion regions. RBM performs well for the area where non-periodical texture appears. 
However, it is not so effective in the circumstance that the reference blocks are in smooth 
and texture similar regions as shown in Fig. 5(b). GM provides better recovery results for the 
background regions. However, large distortions are produced for recovering the EMBs in 
local motion regions. Comparatively, better performances are achieved by the proposed 
GM/LM based EC method. 
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Fig. 5. Subjective error concealment results for #31 of flower and #28 of foreman. (a) non-
error frames; (b) corrupted frames; and the corresponding recovery results of (c) TR; 
(d)TA;(e) GM; (f)RBM and (g) GM/LM respectively. 

5.4 GM/LM based text occluded region recovery 

The corresponding block diagram of the proposed GM/LM based text occluded region 
recovery (TORR) approach is shown in Fig.6. It consists of the following steps. 

 
Fig. 6. Block diagram of the GM/LM based text occluded region recovery (TORR). The input 
video is with text occluded regions and the output video is with text occluded region 
recovery. 

 
Fig. 7. Diagram of recovering a pixel in text occluded region of current frame j from its 
previous frame i and next frame k. The dash lines means the pixel cannot be recovered from 
its reference frames. The solid lines means the pixels can be recovered from its reference 
frames. 
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 (a) video frames with detected text lines 

 
 
 
 
 
 
 

   

 

 (b) video frames after carrying out TORR 

 
 
 
 
 

Fig. 8. GM/LM based text occluded region recovery for the three frames for the test video 
sequence News1. 
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Fig. 9. GM/LM based text occluded region recovery for the three frames for the test video 
sequence Foxes of the Kalahari. 
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Fig. 8. GM/LM based text occluded region recovery for the three frames for the test video 
sequence News1. 
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Fig. 9. GM/LM based text occluded region recovery for the three frames for the test video 
sequence Foxes of the Kalahari. 
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1. Text detection and determining the starting/ending frames of each text line for the 
output video sequence. The starting and ending frames of a text line is determined by 
text tracking and matching. This method is with low computational costs and robust to 
the missing and false detections [23]. 

2. Video text segmentation. In the video text segmentation, text regions can be extracted 
by the foreground and background integrated method [23]. 

3. Global motion estimation. Texts are added during editing, the text regions are not 
undergoing global motions. So the text recovered regions can be viewed as outliers in 
global motion estimation.  

Text occluded region recovery using GM/LM information. From the estimated global 

motion parameters m and the text occluded regions 
1
( , )

N

i i
i

TR x y


 , where N is the total 

pixels in the text occluded region of current frame. The corresponding diagram of a pixel in 
text occluded region is shown in Fig.7. TORR is carried out bi-directional and iteratively. 
The bi-directional approach means that a pixel in text occluded region of current frame j can 
be recovered by forward previous frame i and backward replacement from its next frame k 
(with i<j<k). From Fig.7 we find that the first pixel can be recovered (denoted by the solid 
lines) from its previous frame i and cannot recovered (denoted by the dash lines) from its 
next frame k. However, for the second pixel, its replacement in frame i is also in text 
occluded region. Moreover, its replacement in frame k is in local motion region (LMR). So 
the above two directional replacement are both invalid. Thus iteratively carrying out TORR 
is needed for the video frame. The iteration stops when all pixels in TORR are recovered. 
Alternatively, the replacement can be carried out by using more than one frame. It is likely 
that the second pixel in frame j can find correct replacement in its previous frames i-n or k+n 
(with n>0).  

Fig.8 and Fig.9 show the subjective text occluded region recovery results. The text occluded 
frames in Fig.8(a) and Fig.9 (a) are from MPEG-7 test video sequences News1 and a 
documentary film of National Geography Foxes of the Kalahari. Fig.8 (a) and Fig.9 (a) are the 
video frames with detected text lines. Fig.8 (b) and Fig.9 (b) show video frames after 
carrying out TORR using the GM/LM based method. From the recovery results we find that 
the detail information of the anchorperson is kept well. This further shows the effectiveness 
of our GM/LM based text occluded recovery method. 

6. Conclusion 
In this chapter, a systematic review of the pixel domain based global motion estimation 
approaches is presented. With respect to its shortcomings in noise filtering and 
computational cost, the improvement approaches including hierarchical global motion 
estimation, partial pixel set based global motion estimation and compressed domain based 
global motion estimation are provided. Four global motion based applications including 
GMC/LMC in MPEG-4 video coding standard, global motion based sport video shot 
classification, GM/LM based error concealment and text occluded region recovery are 
described. The applications show the effectiveness of global motion based approaches. 
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1. Introduction

Attention is so natural and so simple: every human, every animal and even every tiny
insect is perfectly able to pay attention. In reality as William James, the father of psychology
said: "Everybody knows what attention is". It is precisely because everybody "knows" what
attention is that few people tried to analyze it before the 19th century. Even though the study
of attention was initially developed in the field of psychology, it quickly spread into new
domains such as neuroscience to understand its biological mechanisms and, most recently,
computer science to model attention mechanisms. There is no common definition of attention,
and one can find variations depending on the domain (psychology, neuroscience, engineering,
. . . ) or the approach which is taken into account. But, to remain general, human attention
can be defined as the natural capacity to selectively focus on part of the incoming stimuli,
discarding less "interesting" signals. The main purpose of the attentional process is to make
best use of the parallel processing resources of our brains to identify as quickly as possible
those parts of our environment that are key to our survival.

This natural tendency in data selection shows that raw data is not even used by our
multi-billion cells brain which prefers to focus on restricted regions of interest instead of
processing the whole data. Human attention is thus the first natural compression algorithm.
Several attempts towards the definition of attention state that it is very closely related to data
compression and focus resources on the less redundant, thus less compressible data. Tsotosos
suggested in Itti et al. (2005) that the one core issue which justifies attention regardless
the discipline, methodology or intuition is "information reduction". Schmidhuber (2009)
stated that . . . "we pointed out that a surprisingly simple algorithmic principle based on the
notions of data compression and data compression progress informally explains fundamental
aspects of attention, novelty, surprise, interestingness . . . ". Attention modeling in engineering
and computer science domain has very wide applications such as machine vision, audio
processing, HCI (Human Computer Interfaces), advertising assessment, robotics and, of
course, data reduction and compression.

In section 2, an introduction to the notions of saliency and attention will be given and the
main computational models working on images, video and audio signals will be presented.
In section 3 the ideas which either aims at replacing or complementing classical compression
algorithms are reviewed. Saliency-based techniques to reduce the spatial and/or temporal
resolution of non-interesting events are listed in section 4. Finally, in section 5, a discussion on
the use of attention-based methods for data compression will conclude the chapter.
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2. Attention modeling: what is saliency?

In this first part of the chapter, a global view of the methods used to model attention in
computer science will be presented. The details provided here will be useful to understand
the next parts of the chapter which are dedicated to attention-based image and video
compression.

2.1 Attention in computer science: idea and approaches

There are two main approaches to attention modeling in computer science. The first one
is based on the notion of "saliency" and implies a competition between "bottom-up" and
"top-down" information. The idea of saliency maps is that the sight or gaze of people will
direct to areas which, in some way, stand out from the background. The eye movements
can be computed from the saliency map by using winner-take-all (Itti et al. (1998)) or more
dynamical algorithms (Mancas, Pirri & Pizzoli (2011)). The second approach to attention
modeling is based on the notion of "visibility" which assumes that people look to locations that
will lead to successful task performance. Those models are dynamic and intend to maximize
the information acquired by the eye (the visibility) of eccentric regions compared to the current
eye fixation to solve a given task (which can also be free viewing). In this case top-down
information is naturally included in the notion of task along with the dynamic bottom-up
information maximization. The eye movements are in this approach directly an output
from the model and do not have to be inferred from a saliency map. The literature about
attention modeling in computer science is not symmetric between those two approaches: the
saliency-based methods are much more popular than the visibility models. For this reason, the
following sections in this first part of the chapter will also mainly deal with saliency methods,
but a review of visibility methods will be provided in the end.

2.2 Saliency approaches: bottom-up methods

Bottom-up approaches use features (most of the time low-level features but not always)
extracted from the signal, such as luminance, color, orientation, texture, objects relative
position or even simply neighborhoods or patches from the signal. Once those features
are extracted, all the existing methods are essentially based on the same principle: looking
for contrasted, rare, surprising, novel, worthy to learn, less compressible, maximizing the
information areas. All those words are actually synonyms and they all amount to searching for
some unusual features in a given context which can be spatial or temporal. In the following,
different methods are described for still images, videos and audio signals. All those modalities
are of course interesting for multimedia compression which, by definition, contains both video
and audio information.

2.2.1 Still images

The literature is very active concerning still images saliency models. While some years ago
only some labs in the world were working on the subject, nowadays hundreds of different
models are available. Those models have various implementations and technical approaches
even if initially they all derive from the same idea. It is thus very hard to find a perfect
taxonomy which classifies all the methods. Some attempts of taxonomies proposed an
opposition between "biologically-driven" and "mathematically-based" methods with a third
class including "top-down information". This approach implies that only some methods can
handle top-down information while all bottom-up methods could use top-down information
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more or less naturally. Another difficult point is to judge the biological plausibility which
can be obvious for some methods but much less for the others. Another criterion is the
computational time or the algorithmic complexity, but it is very difficult to make this
comparison as all the existing models do not provide cues about their complexity. Finally a
classification of methods based on center-surround contrast compared to information theory
based methods do not take into account different approaches as the spectral residual one for
example. Therefore, we introduce here a new taxonomy of the saliency methods which is
based on the context that those methods take into account to exhibit signal novelty. In this
framework, there are three classes of methods. The first one is pixel’s surroundings: here
a pixel or patch is compared with its surroundings at one or several scales. A second class
of methods will use as a context the entire image and compare pixels or patches of pixels
with other pixels or patches from other locations in the image but not necessarily in the
surroundings of the initial patch. Finally, the third class will take into account a context which
is based on a model of what the normality should be. This model can be described as a priori
probabilities, Fourier spectrum models . . . In the following sections, the main methods from
those three classes are described for still images.

2.2.1.1 Context: pixel’s surroundings

This approach is based on a biological motivation and dates back to the work of Koch &
Ullman (1985) on attention modeling. The main principle is to initially compute visual
features at several scales in parallel, then to apply center-surround inhibition, combination
into conspicuity maps (one per feature) and finally to fuse them into a single saliency map.
There are a lot of models derived from this approach which mainly use local center-surround
contrast as a local measure of novelty. A good example of this family of approaches is
the Itti’s model (Figure 1) Itti et al. (1998) which is the first implementation of the Koch
and Ullman model. It is composed of three main steps. First, three types of static visual
features are selected (colors, intensity and orientations) at several scales. The second step
is the center-surround inhibition which will provide high response in case of high contrast,
and low response in case of low contrast. This step results in a set of feature maps for each
scale. The third step consists in an across-scale combination, followed by normalization to
form "conspicuity" maps which are single multiscale contrast maps for each feature. Finally, a
linear combination is made to achieve inter-features fusion. Itti proposed several combination
strategies: a simple and efficient one is to provide higher weights to conspicuity maps which
have global peaks much bigger than their mean. This is an interesting step which integrates
global information in addition to the local multi-scale contrast information.

This implementation proved to be the first successful approach of attention computation
by providing better predictions of the human gaze than chance or simple descriptors like
entropy. Following this success, most computational models of bottom-up attention use the
comparison of a central patch to its surroundings as a novelty indicator. An update is obtained
by adding other features to the same architecture such as symmetry Privitera & Stark (2000)
or curvedness Valenti et al. (2009). Le Meur et al. (2006) refined the model by using more
biological cues like contrast sensitivity functions, perceptual decomposition, visual masking,
and center-surround interactions. Another popular and efficient model is the Graph Based
Visual Saliency model (GVBS, Harel et al. (2007)), which is very close to Itti et al. (1998)
regarding feature extraction and center-surround, but differs from it in the fusion step where
GBVS computes an activation map before normalization and combination. Other models like
Gao et al. (2008) also used center-surround approaches even if the rest of the computation is
made in a different mathematical framework based on a Bayesian approach.
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linear combination is made to achieve inter-features fusion. Itti proposed several combination
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have global peaks much bigger than their mean. This is an interesting step which integrates
global information in addition to the local multi-scale contrast information.
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by providing better predictions of the human gaze than chance or simple descriptors like
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Gao et al. (2008) also used center-surround approaches even if the rest of the computation is
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Fig. 1. Model of Itti et al. (1998). Three stages: center-surround differences, conspicuity maps,
inter-feature fusion into saliency map.

2.2.1.2 Context: the whole image

In this approach, the context which is used to provide a degree of novelty or rarity to image
patches is not necessarily the surroundings of the patch, but can be other patches in its
neighborhood or even anywhere in the image. The idea can be divided in two steps. First,
local features are computed in parallel from a given image. The second step measures the
likeness of a pixel or a neighborhood of pixels to other pixels or neighborhoods within the
image. This kind of visual saliency is called "self-resemblance". A good example is shown in
Figure 2. The model has two parts. First it proposes to use local regression kernels as features.
Second it proposes to use a nonparametric kernel density estimation for such features, which
results in a saliency map consisting of local "self-resemblance" measure, indicating likelihood
of saliency Seo & Milanfar (2009).

Fig. 2. Model of Seo & Milanfar (2009). Patches at different locations are compared.

A similar approach was developed in Mancas (2007) and Mancas (2009), that detects saliency
in the areas which are globally rare and locally contrasted. After a feature extraction step, both
local contrast and global rarity of pixels are taken into account to compute a saliency map. An
example of the difference between locally contrasted features and globally rare is given in
Figure 3. The leftmost image is an apple with a defect shown in red. The second image shows
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the fixations predicted by Itti et al. (1998) where the locally contrasted apple edges are well
detected while its less contrasted but rare defect is not. The third image shows results from
Mancas et al. (2007) which detected the apple edges, but also the defect. Finally the rightmost
image is the mouse tracking result for more than 30 users.

Fig. 3. Difference between locally contrasted and globally rare features. Left image: an apple
with a defect in red, Second Image: Itti et al. (1998), Third image: Mancas et al. (2007), Right
image: mouse tracking (ground truth).

A typical model using this context is the model of Stentiford (2001) which uses random
neighborhoods and check if it is possible to find a lot of those neighborhoods or not in the
rest of the image. If there are few possibilities, the patch was rare, thus salient. This model
does not need feature extraction, as features remain included in the compared patches.

Oliva et al. (2003) also defined the saliency as the inverse likelihood of the features at each
location. This likelihood is computed as a Gaussian probability all over the image on the
features which are extracted by using a steerable pyramid. Boiman & Irani (2005) proposed a
method where different patches were not only compared between them, but also their relative
positions where taken into account.

A well-known model is Bruce & Tsotsos (2006). This model of bottom-up overt attention
is proposed based on the principle of maximizing information sampled from a scene. The
proposed operation is based on Shannon’s self-information measure and is achieved in a
neural circuit taking into account patches from the image projected on a new basis obtained
by performing an ICA (Independent Component Analysis Hyvärinen et al. (2001)) on a large
sample of 7x7 RGB patches drawn from natural images.

Recently, Goferman et al. (2010) has introduced context-aware saliency detection based on
four principles. First, local low-level considerations, including factors such as contrast and
color are used. Second, global considerations, which suppress frequently occurring features,
while maintaining features that deviate from the norm are taken into account. Higher level
information as visual organization rules, which state that visual forms may possess one or
several centers of gravity about which the form is organized are then used. Finally, human
faces detection are also integrated into the model. While the two first points are purely
bottom-up, the two others may introduce some top-down information.

2.2.1.3 Context: a model of normality

This approach is probably less biologically-motivated in most of the implementations. The
context which is used here is a model of what the image should be: if things are not like
they should be, this can be surprising, thus interesting. In Achanta et al. (2009) a very simple
attention model was developed. His method, first, changes the color space from RGB to Lab
and finds the Euclidean distance between the Lab pixel vectors in a Gaussian filtered image
with the average Lab vector for the input image. This is illustrated in the Figure 4. The mean
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information as visual organization rules, which state that visual forms may possess one or
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image used is a kind of model of the image statistics and pixels which are far from those
statistics are more salient.

Fig. 4. Achanta et al. (2009) uses a model of the mean image.

In 2006, Itti & Baldi (2006) released the concept of surprise, central to attention. They described
a formal Bayesian definition of surprise that is the only consistent formulation under minimal
axiomatic assumptions. Surprise quantifies how data affects an observer, by measuring the
difference between posterior and prior (model of normality) beliefs of the observer. In Hou
& Zhang (2007), the authors proposed a model that is independent of any features. As
it is known that natural images have a 1

f decreasing log-spectrum, the difference between
this normality model obtained by low-pass filtering and the log-spectrum of the image is
reconstructed into the image space and lead to the saliency map.

2.2.1.4 Attention models for still images: a comparison

It is not easy to classify attention models, for several reasons. First, there is a large variety
of models. Second, some research groups (e.g., Itti’s) have implemented different models,
finding themselves in several categories. Also some approaches have several contexts and
could be classified in more than one category, but based on the context notion, is seems
possible to find this three main families of methods despite their diversity.

Figure 5 displays saliency maps computed with six models (available as Matlab codes), along
with the eyestracking results to show where people really look at. For this purpose three
images from the Bruce’s database 1 were used. Along with the saliency maps of six models,
one can find the most salient areas after automatic thresholding.

Figure 5 reveals that saliency maps can be quite different, from very fuzzy ones (Itti, Harrel
or Seo) to high resolution ones (Mancas, Bruce or Achanta). It is not easy to compare those
saliency maps (they should all be low-pass filtered to decrease their resolution). Nevertheless
for the purpose of compression, one needs a model which is able to highlight the interesting
areas but also the interesting edges as Mancas.

2.2.2 Videos

Part of the static models have been extended to video. Itti’s model was generalized with
the addition of motion features and flickering and in Itti & Baldi (2006) he applied another
approach based on surprise to static but also dynamic images. Le Meur et al. (2007b)
used motion in addition to spatial features. Gao et al. (2008) generalized his 2D square
center-surround approach to 3D cubic shapes. Belardinelli et al. (2008) used an original
approach of 3D Gabor filter banks to detect spatio-temporal saliency. Bruce & Tsotsos (2009)

1 http://www-sop.inria.fr/members/Neil.Bruce/

108 Video Compression Human Attention Modelization and Data Reduction 7

Fig. 5. For three original images (on the left), the eye-tracking results (column A) and six
other saliency models maps. B = Itti and Koch (1998), C = Harrel et al. (2007); D = Mancas
(2007), E = Seo and Milanfar (2009), F = Bruce and Tsotsos (2005), G = Achanta (2009). A
thresholded applied on the saliency maps is shown on the images bellow.

extended his model by learning ICA not only on 2D patches but on spatio-temporal 3D
patches. As shown in Figure 6, similarly to Gao, Seo & Milanfar (2009) introduced the time
dimension in addition to his static model. Another model is SUN (Saliency Using Natural

Fig. 6. Seo & Milanfar (2009) generalized to video in 2009.

statistics) from Butko et al. (2008) that propose a Bayesian framework for saliency. Two
methods are implemented. First, the features are calculated as responses of biologically
plausible linear filters, such as DoG (Differences of Gaussians) filters. Second, the features
are calculated as the responses to filters learned from natural images using independent
component analysis (ICA).

Frintrop (2006) introduces the biologically motivated computational attention system VOCUS
(Visual Object detection with a Computational attention System) that detects regions of
interest in images. It operates in two modes, in an exploration mode in which no task is
provided, and in a search mode with a specified target. The bottom-up mode is based on an
enhancement of the Itti model.
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1 http://www-sop.inria.fr/members/Neil.Bruce/
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Fig. 5. For three original images (on the left), the eye-tracking results (column A) and six
other saliency models maps. B = Itti and Koch (1998), C = Harrel et al. (2007); D = Mancas
(2007), E = Seo and Milanfar (2009), F = Bruce and Tsotsos (2005), G = Achanta (2009). A
thresholded applied on the saliency maps is shown on the images bellow.

extended his model by learning ICA not only on 2D patches but on spatio-temporal 3D
patches. As shown in Figure 6, similarly to Gao, Seo & Milanfar (2009) introduced the time
dimension in addition to his static model. Another model is SUN (Saliency Using Natural

Fig. 6. Seo & Milanfar (2009) generalized to video in 2009.

statistics) from Butko et al. (2008) that propose a Bayesian framework for saliency. Two
methods are implemented. First, the features are calculated as responses of biologically
plausible linear filters, such as DoG (Differences of Gaussians) filters. Second, the features
are calculated as the responses to filters learned from natural images using independent
component analysis (ICA).

Frintrop (2006) introduces the biologically motivated computational attention system VOCUS
(Visual Object detection with a Computational attention System) that detects regions of
interest in images. It operates in two modes, in an exploration mode in which no task is
provided, and in a search mode with a specified target. The bottom-up mode is based on an
enhancement of the Itti model.
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Finally, Mancas, Riche & J. Leroy (2011) has developed a bottom-up saliency map to detect
abnormal motion. The proposed method is based on a multi-scale approach using features
extracted from optical flow and global rarity quantification to compute bottom-up saliency
maps. It shows good results from four objects to dense crowds with increasing performance.
The idea here is to show that motion is most of the time salient but within motion, there
might be motion which is more or less salient. Mancas model is capable of extracting different
motion behavior from complex videos or crowds (Figure 7).

Fig. 7. Detection of salient motion compared to the rest of motion. Red motion is salient
because of unexpected speed. Cyan motion is salient because of unexpected direction
Mancas, Riche & J. Leroy (2011).

2.2.2.1 Extension to 3D

With the release of the Microsoft’s Kinect sensor 2, in November 2010, 3D features have
become easily accessible. In terms of computational attention this depth information is very
important. For example, in all models released up to now, movement perpendicular to the
plane of the camera could not be taken into account. A 3D model-based motion detection in
a scene has been implemented by Riche et al. (2011). The proposed algorithm has three main
steps. First, 3D motion (speed and direction) features are extracted from the RGB video and
the depth map of the Kinect sensor. The second step is a spatiotemporal filtering of the features
at several scales to provide multi scale statistics. Finally, the third step is the rarity-based
attention computation within the video frame.

2.2.3 Audio signals

There are very few auditory attention models compared to visual attention models. However,
we can classify existing models into different categories.

As shown in Figure 8, Kayser et al. (2005) computes auditory saliency maps based on Itti’s
visual model (1998). First, the sound wave is converted to a time-frequency representation
("intensity image"). Then three auditory features are extracted on different scales and
in parallel (intensity, frequency contrast, and temporal contrast). For each feature, the
maps obtained at different scales are compared using a center-surround mechanism and
normalized. The center-surround maps are fused across scales achieving saliency maps for
individual features. Finally, a linear combination builds the saliency map.

Another approach to compute auditory saliency map is based on following the
well-established approach of Bayesian Surprise in computer vision (Itti & Baldi (2006)). An
auditory surprise is introduced to detect acoustically salient events. First, a Short-Time Fourier
transform (STFT) is used to calculate the spectrogram. The surprise is computed in the
Bayesian framework.

2 http://www.xbox.com/kinect
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Fig. 8. Kayser et al. (2005) audio saliency model inspired from Itti.

Couvreur et al. (2007) define features that can be computed along audio signals in order
to assess the level of auditory attention on a normalized scale, i.e. between 0 and 1.
The proposed features are derived from a time-frequency representation of audio signals
and highlight salient regions such as regions with high loudness, temporal and frequency
contrasts. Normalized auditory attention levels can be used to detect sudden and unexpected
changes of audio textures and to focus the attention of a surveillance operator to sound
segments of interest in audio streams that are monitored.

2.3 Saliency models: including top-down information

There are two main families of top-down information which can be added to bottom-up
attention. The first one mainly deals with learnt normality which can come from the
experience from the current signal if it is time varying, or from previous experience (tests,
databases) for still images. The second approach is about task modeling which can either use
object recognition-related techniques or which can model the usual location of those objects
of interest.

2.3.1 Top-down as learnt normality: attending unusual events

Concerning still images, the "normal" gaze behavior can be learnt from the "mean observer".
Eye-tracking techniques can be used on several users, and the mean of their gaze on a set
of natural images can be computed. This was achieved by several authors as it can be
seen on Figure 9. Bruce and Judd et al. (2009) used eye-trackers while Mancas (2007) used
mouse-tracking techniques to compute this mean observer. In all cases, it seems clear that, for
natural images, the eye gaze is attracted by the center of the images.

This fact seems logical as natural images are acquired using cameras and the photographer
will naturally tend to locate the objects of interest in the center of the picture. This observation
might be interesting in the field of image compression as high quality compression seems to
be required mainly in the center of the image while peripheral areas could be compressed
with lower rates.

Of course, this observation for natural images is very different from more specific images
which use a priori knowledge. Mancas (2009) showed using mouse tracking that gaze density
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Fig. 9. Three models of the mean observer for natural images on the left. The two right
images: model of the mean observer on a set of advertising and websites images.

is very different on a set of advertisements and on a set of websites as it is showed in Figure 9
on the two right images. This is partly due to a priori knowledge that people have about
those images. For example, when viewing a website, the upper part has high chance to
contain the logo and title, while the left part should contain the menu. During images or
video viewing, the default template is the one of natural images with a high weight on the
center of the image. If supplemental knowledge is known about the image, the top-down
information will modify the mean behavior towards the optimized gaze density. Those
top-down maps can highly influence the bottom-up saliency map but this influence is variable.
In Mancas (2009) it appears that top-down information seems more important in the case of
websites, than advertisements and natural images. Other kinds of models can be learnt from
videos, especially if the camera is still. It is possible to accumulate motion patterns for each
extracted feature which provides a model of normality. As an example, after a given period
of observation, one can say: here moving objects are generally fast (first feature: speed) and
going from left to right (second feature: direction). If an object, at the same location is slow
and/or going from right to left, this is surprising given what was previously learnt from the
scene, thus attention will be directed to this object. This kind of considerations can be found
in Mancas & Gosselin (2010). It is possible to go further and to have different cyclic models
in time. In a metro station, for example, normal people behavior when a train arrives in
the station is different from the one during the waiting period in terms of people direction,
speed, density . . . In the literature (mainly in video surveillance) the variations in time of the
normality models is learnt through HMMs (Hidden Markov Models) Jouneau & Carincotte
(2011).

2.3.2 Top-down as a task: attending to objects or their usual position

While the previous section dealt with attention attracted by events which lead to situations
which are not consistent with the knowledge acquired about the scene, here we focus on
the second main top-down cue which is a visual task ("find the keys"). This task will also
have a huge influence on the way the image is attended and it will imply object recognition
("recognize the keys") and object usual location ("they could be on the floor, but never on the
ceiling").

2.3.2.1 Object recognition

Object recognition can be achieved through classical methods or using points of interest
(like SIFT, SURF . . . Bay et al. (2008)) which are somehow related to saliency. Some
authors integrated the notion of object recognition into the architecture of their model like
Navalpakkam & Itti (2005). They extract the same features as for the bottom-up model, from
the object and learn them. This learning step will provide weight modification for the fusion
of the conspicuity maps which will lead to the detection of the areas which contain the same
feature combination as the learnt object.
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2.3.2.2 Object location

Another approach is in providing with a higher weight the areas from the image which have
a higher probability to contain the searched object. Several authors as Oliva et al. (2003)
developed methods to learn objects’ location. Vectors of features are extracted from the images
and their dimension is reduced by using PCA (Principal Component Analysis). Those vectors
are then compared to the ones from a database of images containing the given object. Figure 10
shows the potential people location that has been extracted from the image. This information,
combined with bottom-up saliency lead to the selection of a person sitting down on the left
part of the image.

Fig. 10. Bottom-up saliency model inhibited by top-down information to select only salient
people.

2.4 Visibility models

Compared to other Bayesian frameworks (e.g. Oliva et al. (2003)), these models have a main
difference. The saliency map is dynamic even for static images, as it will change depending on
the eye fixations and not only the signal features: of course, given the resolution drop-off from
the fixation point to the periphery, it is clear that some features are well identified in some eye
fixation, while less or even not visible during other eye fixations. Najemnik & Geisler (2005)
found that an ideal observer based on a Bayesian framework can predict eye search patterns
including the number of saccades needed to find a target, the amount of time needed as well
as the saccades spatial distribution.

Other authors like Legge et al. (2002) proposed a visibility model capable to predict the eye
fixations during the task of reading. In the same way, Reninger used similar approaches for
the task of shape recognition. Tatler (2007) introduces a tendency of the eye gaze to stay in the
middle of the scene to maximize the visibility over the image (which reminds the top-down
centered preference for natural images we developed in section Top-down as learnt normality:
attending unusual events.

3. Attention-based visual coding

Since the late 1990’s techniques based on attention have been introduced in the field of image
and video coding (e.g., Kortum & Geisler (1996); Maeder et al. (1996)). Attention can be used
to compress videos or to transmit the most salient parts first during the data transfer from a
server to a client. This section will first introduce general principles of video compression,
then review some of the major achievements in saliency-based visual coding.

113Human Attention Modelization and Data Reduction



10 will be set by intech

Fig. 9. Three models of the mean observer for natural images on the left. The two right
images: model of the mean observer on a set of advertising and websites images.

is very different on a set of advertisements and on a set of websites as it is showed in Figure 9
on the two right images. This is partly due to a priori knowledge that people have about
those images. For example, when viewing a website, the upper part has high chance to
contain the logo and title, while the left part should contain the menu. During images or
video viewing, the default template is the one of natural images with a high weight on the
center of the image. If supplemental knowledge is known about the image, the top-down
information will modify the mean behavior towards the optimized gaze density. Those
top-down maps can highly influence the bottom-up saliency map but this influence is variable.
In Mancas (2009) it appears that top-down information seems more important in the case of
websites, than advertisements and natural images. Other kinds of models can be learnt from
videos, especially if the camera is still. It is possible to accumulate motion patterns for each
extracted feature which provides a model of normality. As an example, after a given period
of observation, one can say: here moving objects are generally fast (first feature: speed) and
going from left to right (second feature: direction). If an object, at the same location is slow
and/or going from right to left, this is surprising given what was previously learnt from the
scene, thus attention will be directed to this object. This kind of considerations can be found
in Mancas & Gosselin (2010). It is possible to go further and to have different cyclic models
in time. In a metro station, for example, normal people behavior when a train arrives in
the station is different from the one during the waiting period in terms of people direction,
speed, density . . . In the literature (mainly in video surveillance) the variations in time of the
normality models is learnt through HMMs (Hidden Markov Models) Jouneau & Carincotte
(2011).

2.3.2 Top-down as a task: attending to objects or their usual position

While the previous section dealt with attention attracted by events which lead to situations
which are not consistent with the knowledge acquired about the scene, here we focus on
the second main top-down cue which is a visual task ("find the keys"). This task will also
have a huge influence on the way the image is attended and it will imply object recognition
("recognize the keys") and object usual location ("they could be on the floor, but never on the
ceiling").

2.3.2.1 Object recognition

Object recognition can be achieved through classical methods or using points of interest
(like SIFT, SURF . . . Bay et al. (2008)) which are somehow related to saliency. Some
authors integrated the notion of object recognition into the architecture of their model like
Navalpakkam & Itti (2005). They extract the same features as for the bottom-up model, from
the object and learn them. This learning step will provide weight modification for the fusion
of the conspicuity maps which will lead to the detection of the areas which contain the same
feature combination as the learnt object.

112 Video Compression Human Attention Modelization and Data Reduction 11

2.3.2.2 Object location

Another approach is in providing with a higher weight the areas from the image which have
a higher probability to contain the searched object. Several authors as Oliva et al. (2003)
developed methods to learn objects’ location. Vectors of features are extracted from the images
and their dimension is reduced by using PCA (Principal Component Analysis). Those vectors
are then compared to the ones from a database of images containing the given object. Figure 10
shows the potential people location that has been extracted from the image. This information,
combined with bottom-up saliency lead to the selection of a person sitting down on the left
part of the image.

Fig. 10. Bottom-up saliency model inhibited by top-down information to select only salient
people.

2.4 Visibility models

Compared to other Bayesian frameworks (e.g. Oliva et al. (2003)), these models have a main
difference. The saliency map is dynamic even for static images, as it will change depending on
the eye fixations and not only the signal features: of course, given the resolution drop-off from
the fixation point to the periphery, it is clear that some features are well identified in some eye
fixation, while less or even not visible during other eye fixations. Najemnik & Geisler (2005)
found that an ideal observer based on a Bayesian framework can predict eye search patterns
including the number of saccades needed to find a target, the amount of time needed as well
as the saccades spatial distribution.

Other authors like Legge et al. (2002) proposed a visibility model capable to predict the eye
fixations during the task of reading. In the same way, Reninger used similar approaches for
the task of shape recognition. Tatler (2007) introduces a tendency of the eye gaze to stay in the
middle of the scene to maximize the visibility over the image (which reminds the top-down
centered preference for natural images we developed in section Top-down as learnt normality:
attending unusual events.

3. Attention-based visual coding

Since the late 1990’s techniques based on attention have been introduced in the field of image
and video coding (e.g., Kortum & Geisler (1996); Maeder et al. (1996)). Attention can be used
to compress videos or to transmit the most salient parts first during the data transfer from a
server to a client. This section will first introduce general principles of video compression,
then review some of the major achievements in saliency-based visual coding.

113Human Attention Modelization and Data Reduction



12 will be set by intech

3.1 General video coding and compression

The goal of this section is to briefly introduce the concepts of video coding and compression,
which tends to be used interchangeably since they are heavily related. What follows in this
section is a short introduction to general video compression for which Lorente (2011) is an
example of recent exhaustive review.

Video compression is the process of converting a video signal into a format that takes up
less storage space or transmission bandwidth. It can be considered as a coding scheme that
reduces bits of information representing the video. Nevertheless the overall visual quality has
to be preserved, leading to a compromise between the level of artifacts and the bandwidth.

Two types of compression can be distinguished: lossy and lossless compression Richardson
(2003). In a lossless compression system statistical redundancy is removed so that the original
data can be perfectly reconstructed. Unfortunately, at the present time lossless methods only
allows a modest amount of compression, insufficient for most video applications. On the other
hand, lossy compression provides bigger compression ratios, at the expense of not being able
to reconstruct perfectly the original signal. Lossy compression is the type of compression most
commonly used for video, attention-based or not.

It is interesting to note that, even if generic compression algorithms do not explicitly use
saliency, they implicitly exploit the mechanisms of human visual perception to remove
redundant information Geisler & Perry (1998). For example retinal persistence of vision makes
the human eye keep an instantaneous view of a scene for about one-tenth of a second at least.
This allows video (theoretically a continuum of time) to be represented by a series of discrete
frames (e.g., 24 frames per second) with no apparent motion distortion.

Coding standards define a representation of visual data as well as a method of decoding it to
reconstruct visual information. Recent hybrid standards like H.264/AVC Wiegand et al. (2003)
have led to significant progress in compression quality, allowing for instance the transmission
of high definition (HD) television signals over a limited-capacity broadcast channel, and video
streaming over the internet Richardson (2003).

Emerging video coding standard H.265 3 aims at enhancing video coding efficiency using
intensive spatiotemporal prediction and entropy coding. Nevertheless, this new standard
only considers objective redundancy, as opposed to attention-based methods described below.

3.2 A review of the attention-based methods

The above mentioned compression methods tend to distribute the coding resources evenly in
an image. On the contrary, attention-based methods encode visually salient regions with high
priority, while treating less interesting regions with low priority (Figure 11). The aim of these
methods is to achieve compression without significant degradation of perceived quality.

Saliency-based methods derive from biological properties of the human eye, that enable one
to focus only on a limited region of an image at a time. It is thus a subjective notion, but a lot
of research has been devoted to its modeling and quantification.

In the following there is an attempt to list the methods currently available in the literature,
pointing to their strengths and weaknesses when possible. Although there is currently no

3 http://www.h265.net
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Fig. 11. Illustration of the distortions introduced by general compression methods (three first
images on the left) compared to saliency-based compression (three last images on the right),
at three different compression levels. Adapted from Yu & Lisin (2009))

unified taxonomy, we have divided the methods into interactive, indirect and direct, the latter
being the most commonly studied.

3.2.1 Interactive approaches

As described above, earlier approaches for modeling the human visual system (HVS) relied
on eye-tracking devices to monitor attention points (e.g., Kortum & Geisler (1996)).

With such devices, encoding continuously and efficiently follows the focus of the observer.
Indeed, observers usually do not notice any degradation of the received frames. However,
these techniques are neither practical (because of the use of the eye-tracking device) nor
general (because they are restricted to a single viewer). A general coding scheme should
be independent of the number of observers, the viewing distance, and any hardware device
or user interaction.

Even in the absence of eye tracking, an interactive approach has demonstrated usefulness.
Observers can for example explicitly point to priority regions with the mouse Geisler &
Perry (1998). However, extending this approach to general-purpose non-interactive video
compression presents severe limitations.

Attempts to automatize this approach by using attention-based methods are very complex as
top-down information is very important and if clear salient objects are not present in a frame,
people gaze can be very different. Despite progresses in attention modelling and even though
human gaze is well modelled in the presence of salient objects, it is not possible to obtain a
reliable model of human gaze in the absence of specific salient objects (as can be seen in Figure
12). Indeed, the highly dynamical process of eye movements is influenced a lot by previous
gaze position if no salient objects pops out from the background.

Fig. 12. The two left images show several users eye tracking results which are spread through
the image and very different, while the two images on the right showing clear regions of
interest will exhibit much more correlated fixations.

3.2.2 Indirect approaches

Indirect compression consists in modifying the source image to be coded, while keeping
the same coding scheme. Such methods are thus generally driven by a saliency map based
methods.
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on eye-tracking devices to monitor attention points (e.g., Kortum & Geisler (1996)).

With such devices, encoding continuously and efficiently follows the focus of the observer.
Indeed, observers usually do not notice any degradation of the received frames. However,
these techniques are neither practical (because of the use of the eye-tracking device) nor
general (because they are restricted to a single viewer). A general coding scheme should
be independent of the number of observers, the viewing distance, and any hardware device
or user interaction.

Even in the absence of eye tracking, an interactive approach has demonstrated usefulness.
Observers can for example explicitly point to priority regions with the mouse Geisler &
Perry (1998). However, extending this approach to general-purpose non-interactive video
compression presents severe limitations.

Attempts to automatize this approach by using attention-based methods are very complex as
top-down information is very important and if clear salient objects are not present in a frame,
people gaze can be very different. Despite progresses in attention modelling and even though
human gaze is well modelled in the presence of salient objects, it is not possible to obtain a
reliable model of human gaze in the absence of specific salient objects (as can be seen in Figure
12). Indeed, the highly dynamical process of eye movements is influenced a lot by previous
gaze position if no salient objects pops out from the background.

Fig. 12. The two left images show several users eye tracking results which are spread through
the image and very different, while the two images on the right showing clear regions of
interest will exhibit much more correlated fixations.

3.2.2 Indirect approaches

Indirect compression consists in modifying the source image to be coded, while keeping
the same coding scheme. Such methods are thus generally driven by a saliency map based
methods.

115Human Attention Modelization and Data Reduction



14 will be set by intech

The seminal model of Itti et al. (1998) was later applied to video compression in Itti (2004) by
computing a saliency map for each frame of a video sequence and applying a smoothing filter
to all non-salient regions. Smoothing leads to higher spatial correlation, a better prediction
efficiency of the encoder, and therefore a reduced bit-rate of the encoded video.

The main advantages of this method are twofold. First, a high correlation with human eye
movements on unconstrained video inputs is observed. Second a good compression rate is
achieved, the average size of a compressed video being approximately half the size of the
original one, for both MPEG-1 and MPEG-4 (DivX) encodings.

Another method combines both top-down and bottom-up information, using a wavelet
decomposition for multiscale analysis Tsapatsoulis et al. (2007). Bit rate gain ranging from
15% to 64% for MPEG-1 videos and from 10.4% to 28.3% for MPEG-4 are reported.

Mancas et al. (2007) proposed an indirect approach based on their attention model. An
anisotropic pre-filtering of the images or frames is achieved keeping highly salient regions
with a good resolution, while low-pass filtering the regions with less important details (Figure
13). Depending on the method parameters, images could be compressed twice as much
for standard JPEG. Nevertheless even though the quality of the important areas remain
unchanged, the quality of the less important regions can dramatically decrease. It is thus
not easy to compare the compression rate as the quality of the images remains subjective.

Fig. 13. Two pairs of images (original and anisotropic filtered). Adapted from Mancas et al.
(2007).

The main advantage of indirect approaches is that they are easy to set up because the coding
scheme remains the same. The intelligence of the algorithm is applied as a pre-processing
step while standard coding algorithms are used afterwards. This fact also led people to easily
quantify the gain in terms of compression as the main compression algorithm can be used
directly on the image or on the saliency pre-processed image. However, one possible problem
is that the degradation of less salient zones can become strong. Selective blurring can lead to
artifacts and distortions in low-saliency regions Li et al. (2011).

3.2.3 Direct approaches

Recent work on modeling visual attention (Le Meur, Itti, Parkhurst, Chauvin . . . ) paved
the way to efficient compression applications that modify the heart of the coding scheme
to enhance the perceived quality. In this case some modifications to the saliency map are
generally necessary to dedicate it directly to coding. The saliency maps will not only be used
in the pre-processing step, but also in the entire compression algorithm.

Li et al. (2011), a recent extension of Itti (2004), uses a similar neurobiological model
of visual attention to generate a saliency map, whose most salient locations are used to
generate a so-called guidance map. The latter is used to guide the bit allocation through
quantization parameter (QP) tuning by constrained global optimization. Considering its
efficiency at achieving compression while preserving visual quality and the general nature of
the algorithm, the authors suggest that it might be integrated in general-purpose video codecs.
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Future work in this direction should include a study of possible artifacts in the low-bit rate
regions of the compressed video, which may themselves become salient and attract human
attention. Another possible issue pointed out in Li et al. (2011) is that the attention model
does not always predict accurately where people look at. For example high speed motion
increases saliency, but regions with lower motion can attract more attention (e.g., a person
running on the sidewalk, while cars are going faster).

Other approaches with lower computational complexity have been investigated, and in
particular two methods using the spectrum of the images: the Spectral Residual Hou & Zhang
(2007) and the Phase spectrum of Quaternion Fourier Transform Guo & Zhang (2010). The
goal here is to suppress spectral elements corresponding to frequently occurring features.

The Phase spectrum of Quaternion Fourier Transform (PQFT) is an extension of the phase
spectrum of Fourier transform (PFT) to quaternions incorporating inter-frame motion. The
latter method derives from the property of the Fourier transform, that the phase information
specifies the location each of the sinusoidal components resides within the image. Thus the
locations with less periodicity or less homogeneity in an image create the so-called proto
objects in the reconstruction of the image’s phase spectrum, which indicates where the object
candidates are located. A multi-resolution wavelet foveation filter suppressing coefficients
corresponding to background is then applied. Compression rates between 32.6% (from
8.88Mb for raw H-264 file to 5.98Mb for compressed file) and 38% (from 11.4Mb for raw
MPEG-4 file to 7.07Mb for compressed file) are reported in Guo & Zhang (2010).

These Fourier-based approaches are computationally efficient, but they are less connected to
the Human Visual System. They also have two main drawbacks linked to the properties of the
Fourier transform. First, if an object occupied most of the image, only its boundaries will be
detected, unless resampling is used (at the expense of a blurring of the boundaries). Second,
an image with a smooth object in front of a textured background will lead to the background
being detected (saliency reversal).

Using the bit allocation model of Li et al. (2011), a scheme for attention video compression has
recently been suggested by Gupta & Chaudhury (2011). It proposes a learning-based feature
integration algorithm, with a Relevance Vector Machine architecture, incorporating visual
saliency propagation (using motion vectors), to save computational time. This architecture is
based on thresholding of mutual information between successive frames for flagging frames
requiring recomputation of saliency.

3.2.4 Enhancing the objective quality

Many encoding techniques have sought to optimize perceptual rather than objective quality:
these techniques allocate more bits to the image areas where human can easily see coding
distortions, and allocate fewer bits to the areas where coding distortions are less noticeable.
Experimental subjective quality assessment results show that visual artifacts can be reduced
through this approach. However two problems arise: first, the mechanisms of human
perceptual sensitivity are still not fully understood, especially as captured by computational
models; second, perceptual sensitivity may not necessarily explain people’s attention.

The use of top-down information is very efficient as it is very likely to be attended. Face
detection is one of the crucial features, but also text detection, skin color, motion-related events
for video-surveillance, . . . (see for example Tan & Davis (2004) and references therein).
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(2007).
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step while standard coding algorithms are used afterwards. This fact also led people to easily
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directly on the image or on the saliency pre-processed image. However, one possible problem
is that the degradation of less salient zones can become strong. Selective blurring can lead to
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the way to efficient compression applications that modify the heart of the coding scheme
to enhance the perceived quality. In this case some modifications to the saliency map are
generally necessary to dedicate it directly to coding. The saliency maps will not only be used
in the pre-processing step, but also in the entire compression algorithm.

Li et al. (2011), a recent extension of Itti (2004), uses a similar neurobiological model
of visual attention to generate a saliency map, whose most salient locations are used to
generate a so-called guidance map. The latter is used to guide the bit allocation through
quantization parameter (QP) tuning by constrained global optimization. Considering its
efficiency at achieving compression while preserving visual quality and the general nature of
the algorithm, the authors suggest that it might be integrated in general-purpose video codecs.
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Fourier transform. First, if an object occupied most of the image, only its boundaries will be
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an image with a smooth object in front of a textured background will lead to the background
being detected (saliency reversal).
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recently been suggested by Gupta & Chaudhury (2011). It proposes a learning-based feature
integration algorithm, with a Relevance Vector Machine architecture, incorporating visual
saliency propagation (using motion vectors), to save computational time. This architecture is
based on thresholding of mutual information between successive frames for flagging frames
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Many encoding techniques have sought to optimize perceptual rather than objective quality:
these techniques allocate more bits to the image areas where human can easily see coding
distortions, and allocate fewer bits to the areas where coding distortions are less noticeable.
Experimental subjective quality assessment results show that visual artifacts can be reduced
through this approach. However two problems arise: first, the mechanisms of human
perceptual sensitivity are still not fully understood, especially as captured by computational
models; second, perceptual sensitivity may not necessarily explain people’s attention.

The use of top-down information is very efficient as it is very likely to be attended. Face
detection is one of the crucial features, but also text detection, skin color, motion-related events
for video-surveillance, . . . (see for example Tan & Davis (2004) and references therein).
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4. Image retargeting based on saliency maps

In previous sections, the compression algorithms do not modify the original spatial (frame
resolution) and temporal (video length) size of the signal: an obvious idea which drastically
compresses an image is of course to decrease its size. This size decrease can be brutal (zoom
on a region and the rest of the image is discarded) or softer (the resolution of the context of
the region of interest is decreased but not fully discarded). The first approach will of course
be more efficient from a compression point of view, but it will fully discard the context of the
regions of interest which can be disturbing.

The direct image cropping will be called here "perceptual zoom" while the second approach
which will keep some context around the region of interest will be called "anisotropic
resolution". Both approaches provide image retargeting. Retargeting is the process of resizing
images while minimizing visual distortion and keeping at best the salient content.

Images can be resized (zoomed) according to two families of methods, either taking into
account the relevance of the content or not. In the first case, it not only requires to preserve the
content but also the structure of the original image Shamir & Sorkine (2009) so the cropping
should avoid to be too restrictive.

The second case comprises methods such as letter and pillar boxing, fixed windowing
cropping and scaling. These methods are fast but often give poor results. Indeed, fixed
windowing cropping can leave relevant contents outside the window, while scaling can
engender losses of important information which could eventually lead to an unrecognizable
image Liu & Gleicher (2005). Therefore, these classical methods are not mentioned further in
this section.

4.1 Spatio-temporal visual data repurposing: perceptual zoom

Human beings are naturally able to perceive interesting areas of an image, as illustrated in the
previous sections of this chapter. Zooming in images should therefore focus on such regions
of interest.

Images manipulation programs provide tools to manually draw these rectangles of interest,
but the process can be automated with the help of attention algorithms presented above in this
chapter. Interestingly, such techniques can also be used for real time spatio-temporal images
broadcast Chamaret et al. (2010).

Figure 14 shows several perceptual zooms depending on a parameter which will threshold
the smoothed Mancas (2009) saliency map.

In the next section, the main general retargeting methods based on content-aware cropping
are presented. Then, attention-based retargeting methods are more specifically described.

4.1.1 General retargeting methods

An interactive cropping method is proposed by Santella et al. (2006), whose purpose is to
create aesthetically pleasing crops without explicit interaction. The location of important
content of the image is realized by segmentation and by eye-tracking. With a collection of
gaze-based crops and an optimization function, the method identifies the best crops.

Another approach is to calculate automatically an "active window" with a predefined size,
as presented by Tao et al. (2007). In this case the retargeted image has to satisfy two
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Fig. 14. Example of images along with rectangles providing different attention-based
automatic zooms. After a saliency map (Mancas (2009)) is computed and low-pass filtered,
several threshold values are used to extract the bounding boxes of the more interesting areas.
Depending on this threshold, the zoom is more or less precise/important.

requirements: to preserve temporal and spatial distance, and to contain useful information
such as objects shapes and motions. These methods are composed of the following three steps.
First, extraction of the image foreground, for example by minimizing an energy function to
automatically separate foreground from background pixels. Second, optimization of the active
window to fit in the target size. Third, clustering to reduce the number of parameters to be
estimated in the optimization process.

4.1.2 Saliency maps based methods

Figure 15 perfectly illustrates the process of the saliency-based retargeting. From the original
image, on the left, a saliency map is computed (in the middle) from which an area with higher
intensity is extracted using some algorithm and its bounding-box will represent the zoom.

Fig. 15. Example of retargeting: left, the original picture; middle, the saliency map; right, the
reframed picture. (adapted from Le Meur & Le Callet (2009))

A technique to determine automatically the "right" viewing area for spatio-temporal images is
proposed in Deselaers et al. (2008). Images are first analyzed to determine relevant regions by
using three strategies: the visual saliency of spatial images, optical flow for movements and
the appearance of the image. A log-linear algorithm then computes the relevance for every
position of the image to determine a sequence of cropping positions with a correct aspect ratio
for the display device.

Suh et al. (2003) uses the Itti & Koch (2001) algorithm to compute the saliency map, that serves
as a basis to automatically delineate a rectangular cropping window. A fast greedy algorithm
was developed to optimize the window, that has to take into account most of the saliency
while remaining sufficiently small.

The previous methods show that the perceptual zoom not only compresses the images, but it
also allows better recognition during visual search!

The Self-Adaptive Image Cropping for Small Displays Ciocca et al. (2007) is based on an
Itti and Koch bottom-up attention algorithm but also on top-down considerations as face
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detection, skin color . . . . According to a given threshold, the region is either kept or
eliminated.

The RSVP (Rapid Serial Visual Presentation de Bruijn & Spence (2000)) method for images can
also be adapted to allow in a sequential way and during a short time the visualization and
browsing of the interest regions Fan et al. (2003). Here also, the bottom-up attention saliency
is computed with Itti & Koch (2001) while top-down information is added: texts and faces
detection. The most relevant interest regions are proposed to mobile phones as key images.

Liu et al. (2007) start by segmenting the image into several regions, for which saliency is
calculated to provide a global saliency map. The regions are classified according to their
attractiveness, which allows to present image regions on small size screens and to browse
in big size images.

A completely automatic solution to create thumbnails according to the saliency distribution
or the cover rate is presented by Le Meur et al. (2007a). The size of the thumbnail can be fixed
and centered on the saliency map global maximum or adapted to certain parameters such as
the saliency distribution. The gaze fixation predicted by a Winner-Take-All algorithm can thus
be used and the search for the thumbnail location ends when a given percentage of the total
image saliency is reached. A subset of the corners coordinates of the squares in which are
predicted eye gaze centered on a local maximum of saliency is determined. The coordinates
of the upper left and the lower right corners of the final zoom thumbnail are set to include a
square area centered on the relevant local maximum.

4.2 Spatio-temporal resolution decrease for uninteresting regions: anisotropic resolution

Perceptual zoom does not always preserve the image structure. For example, Figure 14 shows
that the smallest zoom on the left image only comprises part of the castle, which is likely to
attract attention. In this case the zoom loses the structure and context of the original image.
To keep the image structure when retargeting two main methods are described in this section:
warping and seam carving. These methods may cause non-linear visual distortions on several
regions of the image (Zhou et al. (2003)).

4.2.1 Warping

Warping is an operation that maps a position in a source image to a position in a target image
by a spatial transformation. This transformation could be a simple scaling transformation Liu
& Gleicher (2005). Another approach of warping is to place a grid mesh onto the image and
then compute a new geometry for this mesh (Figure 16), such that the boundaries fit the new
desired image sizes, and the quad faces covering important image regions remain intact at the
expense of larger distortion to the other quads Wang et al. (2008).

Automatic image retargeting with fisheye-view warping Liu & Gleicher (2005) uses an
"importance map" that combines salience and object information to find automatically, with a
greedy algorithm, a minimal rectangular region of interest. A non-linear function is then used
for warping to ensure that the distortion in the region of interest is smaller than elsewhere in
the image.

Non-homogeneous content-driven video-retargeting Wolf et al. (2007) proposes a real-time
retargeting algorithm for video. Spatial saliency, face detection and motion detection are
computed to provide a saliency matrix. An optimized mapping is computed with a sparse
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linear system of equations which takes into account some constraints such as importance
modeling, boundary substitutions, spatial and time continuity.

Ren et al. (2009) introduces a retargeting method based on global energy optimization.
Some content-aware methods only preserve high energy pixels, which only achieve local
optimization. They calculate an energy map which depends on the static saliency and face
detection. The optimal new size of each pixel is computed by linear programming.

The same group proposes a retargeting approach that combines an uniform sampling and
a structure-aware image representation Ren et al. (2010). The image is decomposed with a
curve-edge grid, which is determined by using a carving graph such that each image pixel
corresponds to a vertex in the graph. A weight is assigned to each vertex connection (only
vertical direction) which depends on an energy map using saliency region and face detection.
The paths with high connection weight sums in the graph are selected and the target image is
generated by uniformly sampling the pixels within the grids.

Fig. 16. The original image (left) is deformed by a grid mesh structure to be fit in the required
size (right). The scaling and stretching depend on the gradient and saliency map. Source :
http://graphics.csie.ncku.edu.tw/Image_Resizing/

Wang et al. (2008) present a warping method which uses the grid mesh of quads to retarget
the images (figure 16). The method determines an optimal scaling factor for regions with
high content importance as well as for regions with homogeneous content which will be
distorted. A significance map is computed based on the product of the gradient and the
saliency measure which characterizes the visual attractiveness of each pixel. The regions are
deformed according to the significance map. A global optimizing process is used repetitively
to minimize the quad deformation and grid bending.

4.2.2 Seam carving

Seam carving Avidan & Shamir (2007) allows to retarget the image thanks to an energy
function which defines the pixels importance. The most classical energy function is the
gradient map, but other functions can be used such as entropy, histograms of oriented
gradients, or saliency maps Vaquero et al. (2010). Low-energy pixels are connected together
to make a seam path. The seam paths cross vertically and horizontally the image and are
removed. Dynamic programming is used to calculate the optimal seams. The image is
readjusted by shifting pixels to compensate the disappeared seams. The process is repeated
as often as required to reach the expected sizes.

Figure 17 shows an example of seam carving: the original images (A and B) are reduced
either by discarding vertical or horizontal seams. On the top row, the classical gradient is
used as the energy map, while saliency maps of Wonjun et al. (2011) are used for the bottom
row. Depending on the energy map which is used distances, shapes as well as aspect ratio
distortions can cause anisotropic stretching Chamaret et al. (2010). Even if saliency maps
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Perceptual zoom does not always preserve the image structure. For example, Figure 14 shows
that the smallest zoom on the left image only comprises part of the castle, which is likely to
attract attention. In this case the zoom loses the structure and context of the original image.
To keep the image structure when retargeting two main methods are described in this section:
warping and seam carving. These methods may cause non-linear visual distortions on several
regions of the image (Zhou et al. (2003)).

4.2.1 Warping

Warping is an operation that maps a position in a source image to a position in a target image
by a spatial transformation. This transformation could be a simple scaling transformation Liu
& Gleicher (2005). Another approach of warping is to place a grid mesh onto the image and
then compute a new geometry for this mesh (Figure 16), such that the boundaries fit the new
desired image sizes, and the quad faces covering important image regions remain intact at the
expense of larger distortion to the other quads Wang et al. (2008).

Automatic image retargeting with fisheye-view warping Liu & Gleicher (2005) uses an
"importance map" that combines salience and object information to find automatically, with a
greedy algorithm, a minimal rectangular region of interest. A non-linear function is then used
for warping to ensure that the distortion in the region of interest is smaller than elsewhere in
the image.

Non-homogeneous content-driven video-retargeting Wolf et al. (2007) proposes a real-time
retargeting algorithm for video. Spatial saliency, face detection and motion detection are
computed to provide a saliency matrix. An optimized mapping is computed with a sparse
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linear system of equations which takes into account some constraints such as importance
modeling, boundary substitutions, spatial and time continuity.

Ren et al. (2009) introduces a retargeting method based on global energy optimization.
Some content-aware methods only preserve high energy pixels, which only achieve local
optimization. They calculate an energy map which depends on the static saliency and face
detection. The optimal new size of each pixel is computed by linear programming.

The same group proposes a retargeting approach that combines an uniform sampling and
a structure-aware image representation Ren et al. (2010). The image is decomposed with a
curve-edge grid, which is determined by using a carving graph such that each image pixel
corresponds to a vertex in the graph. A weight is assigned to each vertex connection (only
vertical direction) which depends on an energy map using saliency region and face detection.
The paths with high connection weight sums in the graph are selected and the target image is
generated by uniformly sampling the pixels within the grids.

Fig. 16. The original image (left) is deformed by a grid mesh structure to be fit in the required
size (right). The scaling and stretching depend on the gradient and saliency map. Source :
http://graphics.csie.ncku.edu.tw/Image_Resizing/

Wang et al. (2008) present a warping method which uses the grid mesh of quads to retarget
the images (figure 16). The method determines an optimal scaling factor for regions with
high content importance as well as for regions with homogeneous content which will be
distorted. A significance map is computed based on the product of the gradient and the
saliency measure which characterizes the visual attractiveness of each pixel. The regions are
deformed according to the significance map. A global optimizing process is used repetitively
to minimize the quad deformation and grid bending.

4.2.2 Seam carving

Seam carving Avidan & Shamir (2007) allows to retarget the image thanks to an energy
function which defines the pixels importance. The most classical energy function is the
gradient map, but other functions can be used such as entropy, histograms of oriented
gradients, or saliency maps Vaquero et al. (2010). Low-energy pixels are connected together
to make a seam path. The seam paths cross vertically and horizontally the image and are
removed. Dynamic programming is used to calculate the optimal seams. The image is
readjusted by shifting pixels to compensate the disappeared seams. The process is repeated
as often as required to reach the expected sizes.

Figure 17 shows an example of seam carving: the original images (A and B) are reduced
either by discarding vertical or horizontal seams. On the top row, the classical gradient is
used as the energy map, while saliency maps of Wonjun et al. (2011) are used for the bottom
row. Depending on the energy map which is used distances, shapes as well as aspect ratio
distortions can cause anisotropic stretching Chamaret et al. (2010). Even if saliency maps
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Fig. 17. The original images (A and B) and for each one seams removal (vertical seams for A
and horizontal seams for B) using gradient (top-row) and using a saliency map (bottom row).
Adapted from: http://cilabs.kaist.ac.kr

most of the time work better than simple gradient, they are not perfect and the results can be
very different depending on the method used.

For spatio-temporal images, Rubinstein et al. (2008) propose to remove 2D seam manifolds
from 3D space-time volumes by replacing dynamic programming method with graph cuts
optimization to find the optimal seams. A forward energy criterion is presented which
improves the visual quality of the retargeted images. Indeed, the seam carving method
removes the seams with the least amount of energy, and might introduce energy into the
images due to previously non-adjacent neighbors becoming neighbors. The optimal seam is
the one which introduces a minimum amount of energy.

Grundmann et al. (2010) proposed a saliency-based spatio-temporal seam-carving approach
with much better spatio-temporal continuity than Rubinstein et al. (2008). The spatial saliency
maps are computed on each frame but they are averaged over and history of frames in order
to smooth the maps from a temporal point of view. Moreover, the seams proposed by the
author are temporally discontinuous providing only the appearance of a continuous seam
which helps in keeping both spatial and temporal coherence.

5. Discussion and perspectives

5.1 Two main approaches

In this chapter we discussed the use of saliency-based methods on two main approaches
to image and video compression. The first one uses the result of the saliency maps to
compress the signal but it does not modify the original spatial (frame resolution) and temporal
(video length) size of the signal. The second one uses saliency maps to crop or reduce the
spatio-temporal resolution of the signal. In this latter case, the compression is not obtained
through signal quality reduction, but through quantity reduction. Of course, both methods
can be used together and they are more or less interesting depending on the application.

5.2 Automatic human attention prediction issues

As already shown in Figure 12, different viewers’ gaze can be predictable or not depending
on the situation, thus a compression system should take this fact into account. If there is not a
real salient object standing out from the background, the compression scheme should not take
saliency into account while, this one can help if salient objects are present.

Another point to take into account is the shape of the saliency maps. As stated in section
Attention models for still images: a comparison, saliency maps with a high resolution and
which also highlight edges might be more convenient for compression purposes than more

122 Video Compression Human Attention Modelization and Data Reduction 21

fuzzy approaches. Those maps preserve important details where artifacts would be clearly
disturbing.

Attention-based visual coding seems to become less crucial as the bandwidth of Internet and
TV continuously increase. Nevertheless, for precise applications like video-surveillance where
the quality of uninteresting textures is not a problem and where the transmission bandwidth
may be a problem, especially for massive HD multi-camera setups, the saliency-based
approaches are very relevant. In the same way, storage of huge amount of live visual data
is very resource-demanding and the best compression is needed while preserving the main
events.

Concerning image and video retargeting and summarization, the perceptual zooming and
smart resizing is of great importance in the context of smart mobile devices becoming
common. Those devices have limited screen sizes and their bandwidth is much less easy
to control in terms of quality of service and bandwidth. Intelligent and flexible methods
of automatic thumbnailing, zoom, resizing and repurposing of audio-video data are crucial
for a fast developing HD multimedia browsing market. Of course, in this case, a very good
spatio-temporal continuity is required.

5.3 Quality evaluation and comparison issue

Coding artifacts in non-salient regions might attract attention of the viewer to these regions,
thereby degrading visual quality. This problem is particularly noticeable at low bit rates as it
can be seen in Figure 18: for example some repeating patterns like textures are not interesting
but they become interesting (actually annoying) if they have compression artifacts or defects.
Several methods have been proposed to detect and reduce such coding artifacts, to keep user’s
attention on the same regions that were salient before compression. It is however difficult to
find appropriate criteria and quality metrics Farias (2010); Ninassi et al. (2007), and benchmark
datasets (e.g.,Li et al. (2009)).

Fig. 18. First row: classical compression, Second row: attention-based compression. Adapted
from http://www.svcl.ucsd.edu/projects/ROI_coding/demo.htm.

Another recurring problem encountered in writing this review is the lack of cross-comparison
between the different methods. For example few authors report compression rates for an
equivalent perceptual quality. The notion of "equivalent quality" itself seems difficult to
define as even objective methods are not necessary perceptually relevant. This problem is
particularly important for the methods in section Attention modeling: what is saliency? but it
is also present in the retargeting and summarization methods from section Image retargeting
based on saliency maps.

One way to fill in these data would be to provide datasets on the internet that would serve as
benchmarks.
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and horizontal seams for B) using gradient (top-row) and using a saliency map (bottom row).
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Attention-based visual coding seems to become less crucial as the bandwidth of Internet and
TV continuously increase. Nevertheless, for precise applications like video-surveillance where
the quality of uninteresting textures is not a problem and where the transmission bandwidth
may be a problem, especially for massive HD multi-camera setups, the saliency-based
approaches are very relevant. In the same way, storage of huge amount of live visual data
is very resource-demanding and the best compression is needed while preserving the main
events.

Concerning image and video retargeting and summarization, the perceptual zooming and
smart resizing is of great importance in the context of smart mobile devices becoming
common. Those devices have limited screen sizes and their bandwidth is much less easy
to control in terms of quality of service and bandwidth. Intelligent and flexible methods
of automatic thumbnailing, zoom, resizing and repurposing of audio-video data are crucial
for a fast developing HD multimedia browsing market. Of course, in this case, a very good
spatio-temporal continuity is required.

5.3 Quality evaluation and comparison issue

Coding artifacts in non-salient regions might attract attention of the viewer to these regions,
thereby degrading visual quality. This problem is particularly noticeable at low bit rates as it
can be seen in Figure 18: for example some repeating patterns like textures are not interesting
but they become interesting (actually annoying) if they have compression artifacts or defects.
Several methods have been proposed to detect and reduce such coding artifacts, to keep user’s
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Fig. 18. First row: classical compression, Second row: attention-based compression. Adapted
from http://www.svcl.ucsd.edu/projects/ROI_coding/demo.htm.

Another recurring problem encountered in writing this review is the lack of cross-comparison
between the different methods. For example few authors report compression rates for an
equivalent perceptual quality. The notion of "equivalent quality" itself seems difficult to
define as even objective methods are not necessary perceptually relevant. This problem is
particularly important for the methods in section Attention modeling: what is saliency? but it
is also present in the retargeting and summarization methods from section Image retargeting
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One way to fill in these data would be to provide datasets on the internet that would serve as
benchmarks.
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5.4 Saliency cross-modal integration: combining audio and visual attention

In a multimedia file a lot of information is included into the visual data. But also,
supplemental or complementary information can be found within the audio track: audio
data could confirm visual data information, help in being more selective or even bring new
information that is not present in the camera field of view. Indeed, in some contexts sound
might even be the only way to determine where to focus visual attention, for example if
several persons are in a room but only one is talking. It seems thus that the use of both visual
and audio saliency is a relevant idea.

Multimodal models of attention are unfortunately very few and they are mainly used in
the field of robotics such in Ruesch et al. (2008). Another interesting idea is to localize the
sound-emitting regions in a video. Recent work as Lee et al. (2010) has shown the ability to
localize sounds in an image.

Given the computationally intensive nature and the real-time requirements of video
compression methods and especially in the case of multimodal integration of saliency
maps, some algorithms have exploited recent advances in Graphics Processing Unit (GPU)
computing. In particular, a parallel implementation of a spatio-temporal visual saliency
model has been proposed Rahman et al. (2011).

5.5 Saliency models and new trends in multimedia compression

Visual compression has been a very active field of research and development for over 20
years, leading to many different compression systems and to the definition of international
standards. Even though video compression has become a mature field, a lot of research is
still ongoing. Indeed, as the quality of the compression increases, so does users’ level of
expectations and their intolerance to artifacts. Exploiting saliency-based video compression
is a challenging and exciting area of research and especially nowadays when saliency models
include more and more top-down information and manage to better and better predict real
human gaze.

Multimedia applications are a continuously evolving domain and compression algorithms
must also evolve and adapt to new applications. The explosion of portable devices with less
bandwidth and smaller screens, but also the future semantic TV/web and its object-based
description will lead in the future to a higher importance of saliency-based algorithms for
multimedia data repurposing and compression.
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1. Introduction 
One of the main aspects which affects the video compression and needs to be deeply analyzed 
is the quality assessment. The chain of transmission of video over a determined channel of 
distribution, such as broadcast or a digital way of storage, is limited, and requires a process of 
compression, with a consequent degradation and the apparition of artifacts which are 
necessary to evaluate, in order to offer a suitable and appropriate quality to the final user. 

The quick evolution of technology, especially referred to television and multimedia services, 
which has evolved from analog to digital. The constant increasement of resolution from 
standard television to high definition and ultrahigh-definition or the creation of advanced 
production of contents systems such as 3-dimensional video, make necessary new quality 
studies to evaluate the video characteristics to provide the observer the best viewing that 
could expect. 

Once the change from analog to digital television has been completely developed, the next 
step was encoding the video in order to obtain high compression without damaging the 
quality contemplated by the observer. In analog television the quality systems were well-
established and controlled, but in digital television it is required new metrics and 
procedures of measurement of the quality of video. 

The quality assessment must be adapted to the human visual system, which is why 
researchers have performed subjective viewing experiments in order to obtain the 
conditions of encoding of video systems to provide the best quality to the user. 

There has been a process of standardization in video encoding, the group of experts of 
MPEG developed techniques that assure the quality which would be improved with the 
evolution of the standards. MPEG-2 offered a reasonably good quality, but the evolution of 
the standards developed another one which was twice efficient as MPEG-2, which is called 
AVC/H.264, i.e. to obtain a similar quality than the first standard it was only necessary half 
the bitrate used in the new standard. 

The quality assessment has also been force to evolve Parallel to technologies. The concept is 
not any more limited to the perceived quality of the video, but now there are other additives 
carried to this concept, making appear a new term called Quality of Experience (QoE) which 
is becoming more popular because it is a more complete definition, just because the user is 
not only observing the video, is living a real experience which depends on the content and 
expectatives placed on it. 
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is the quality assessment. The chain of transmission of video over a determined channel of 
distribution, such as broadcast or a digital way of storage, is limited, and requires a process of 
compression, with a consequent degradation and the apparition of artifacts which are 
necessary to evaluate, in order to offer a suitable and appropriate quality to the final user. 

The quick evolution of technology, especially referred to television and multimedia services, 
which has evolved from analog to digital. The constant increasement of resolution from 
standard television to high definition and ultrahigh-definition or the creation of advanced 
production of contents systems such as 3-dimensional video, make necessary new quality 
studies to evaluate the video characteristics to provide the observer the best viewing that 
could expect. 

Once the change from analog to digital television has been completely developed, the next 
step was encoding the video in order to obtain high compression without damaging the 
quality contemplated by the observer. In analog television the quality systems were well-
established and controlled, but in digital television it is required new metrics and 
procedures of measurement of the quality of video. 

The quality assessment must be adapted to the human visual system, which is why 
researchers have performed subjective viewing experiments in order to obtain the 
conditions of encoding of video systems to provide the best quality to the user. 

There has been a process of standardization in video encoding, the group of experts of 
MPEG developed techniques that assure the quality which would be improved with the 
evolution of the standards. MPEG-2 offered a reasonably good quality, but the evolution of 
the standards developed another one which was twice efficient as MPEG-2, which is called 
AVC/H.264, i.e. to obtain a similar quality than the first standard it was only necessary half 
the bitrate used in the new standard. 

The quality assessment has also been force to evolve Parallel to technologies. The concept is 
not any more limited to the perceived quality of the video, but now there are other additives 
carried to this concept, making appear a new term called Quality of Experience (QoE) which 
is becoming more popular because it is a more complete definition, just because the user is 
not only observing the video, is living a real experience which depends on the content and 
expectatives placed on it. 
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In this chapter, a review of the systems that are particularly used for this important purpose 
will be analyzed, and spreading to the experience lived by the observer to talk in terms of 
QoE. 

The purpose of this chapter is to provide a state of the art of vision quality assessment, 
analyzing models and metrics used in a variety of applications. 

2. Human visual system 
Visual perception is very important to human. We are constantly receiving information 
and processing it, in order to interact with the environment that surrounds us. That 
justifies the big interest existed in video and measurement of its quality, because there is a 
big necessity of receiving that information in our visual system as faithful as it appears in 
nature. 

The evolution of technologies in codification has made video compression more efficient 
with the reduction of introduced artifacts. But the accuracy in developed vision models and 
quality metrics has increased when in consequence of the video content transfer from 
analogue to digital. The vision models are based on human perception, moving closer to the 
final consumer. 

The human visual system is extremely complex, but analyzing its behavior, characterizing 
the operation of the eye. The eye is a human body organ which is sensitive to a wide range 
of wavelengths from the radio-electric spectrum, from 400 to 780nm approximately. A large 
part of our neurological resources are used in visual perception. 

For all these reasons, optimizing the performance of digital imaging systems with respect to 
the capture, display, storage and transmission of visual information is one of the most 
important challenges in this domain.  

Video compression schemes should reduce the visibility of the introduced artifacts, creating 
more effective systems to reproduce video an image: Additionally printers should use the 
best half-toning patterns, and so on. In all these applications, the limitations of the human 
visual system (HVS) can be exploited to maximize the visual quality of the output. To do 
this, it is necessary to build computational models of the HVS and integrate them in tools for 
perceptual quality assessment. 

3. Quality assessment 
3.1 Types 

There are different kinds of developing quality assessment. The main objective of quality 
assessment consists in the evaluation of any equipment of codification, transmission of its 
conditions of work, to assure the expectations of the users that are viewing the contents. 

The chain of distribution joins different processes that degrade the image on each phase. In 
broadcasting the phases that affects more intensively to the quality of video are commonly 
the contribution and the distribution in which the video suffers degradations because of the 
process of encoding of the signal. This degradation will be analyzed. 
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Fig. 1. Phases of video broadcast 

The easiest way for this purpose consists in selecting a high number of observers, with a 
great variety of sex, age and condition, and asking them to watch a series of contents, 
previously and well selected to cover the range of contents which could appear on a normal 
TV channel. The observers will be given a questionnaire to fill with their opinions about the 
quality observed. Once the questionnaires are complete, the statistics will reveal a collection 
of consequences. 

The studies must follow a protocol which is basically described in ITU-R Recommendation 
BT-500 about subjective assessment with variations to adapt the study to the real situation 
but not far from the standards. The selection of video contents and the duration of 
sequences are important decisions to do a proper job and to be able to compare with similar 
studies. 

Although the subjective studies offer real results as the response of the observers is 
collected, that kind of studies are expensive in time and money, and they are not always so 
efficient, because sometimes it depends on the place to elaborate the study and its 
conditions of lighting or comfort of the user, being able to change a valid result because of 
an external condition. That is the reason for the proliferation of objective measurements 
which are based on mathematical algorithm using the properties of the image, which keep a 
higher fidelity to the subjective obtained results. 

One of the main points to describe in next sections is measurement of artifacts and 
impairments. 

All process of video encoding generates degradation on the image, with a consequent 
apparition of concrete defects which are called artifacts, and will affect to the perceived quality 
of the observer. Researchers have made studies in order to evaluate this phenomenon, artifacts 
such as blockiness, blurring, ringing, color bleeding or motion compensation mismatches, have 
been widely analyzed and a collection of metrics with or without reference have been 
developed in this field, which use test signals and measurement procedures to determine the 
level of distortion. 

Finally, the theme of evolution of technologies and its influence in quality assessment will 
be approached, by description of the state of the art of quality measurement in stereoscopic 
systems. The classic methods are utilized for this purpose, but the detection of new artifacts 
and types of impairments, makes the necessity of developing new metrics. Additionally, the 
concept is not only physical, and the evolution has lead to the term Quality of Experience 
(QoE). 
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In this chapter, a review of the systems that are particularly used for this important purpose 
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Fig. 1. Phases of video broadcast 
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3.2 Artifacts 

Artifacts are defined as visible differences due to some technical limitation that presents an 
image. These effects occur in the process of production of video signal, in the phases of 
capture, compression, transmission, reception and delivery to the final recipient, the 
displayed picture may differ from the original. 

They appear both in analogue and digital systems, but we will focus on the artifacts derived 
from the digital ones, especially because of video compression in the process of encoding 
and decoding. 

Most common artifacts are caused by three reasons: 

 Artifacts due to analog and digital formats, its relationship and conversions between 
them (noise and blurring). 

 Artifacts due to coding and compression (block distortion, blurring and ringing). 
 Artifacts due to transmission channel errors (errored blocks by lost packets). 
 Blocking effect 

The blocking effect, also known as tiling or blockiness, refers to a block pattern in the 

compressed sequence. It is due to the independent quantization of individual blocks. It 
appears especially on compression standards that utilises macroblocks of a certain size 
when performing a transform. A high impaired image presents artificial horizontal and 
vertical edges, clearly visible, parallel to the picture frame. 

High compression, which reduces bitrate, in DCT-based encoding such as MPEG-2 or H.263 
or similar, macroblocks with less information create homogeneous values in block pixels 
with boundaries in their edges, as a result of truncation of coefficients. Advanced codecs 
such as H.264 utilizes deblocking filters to reduce the visibility of this artifact. This effect is 
easy distinguished in next example of “Nasa” sequence and its tiling diagram. 

For a given quantization level, block distortion is usually more visible in smoother areas of 
the picture 

  
Fig. 2. Example of sequence high blocking effect 

 Blur 

Blur artifact is defined as a loss of energy and spatial detail as a reduction of edge sharpness, 
because of suppression of the high-frequency coefficients by coarse quantization. Blurring is 
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also generated when reducing the bitrate of encoding. As this effect occurs in high 
frequencies, it is more visible in sequences with higher spatial complexity. 

Next example of “Nasa” test sequence shows the consequences of reducing the bitrate, from 
the original one on the left to a high reduction seen on right image. 

   
Fig. 3. Evolution of blurriness when reducing bitrate 

 Ringing 

The ringing artifact occurs when the quantization of individual DCT coefficients due to 
irregularities in high frequencies in the reconstruction of macroblocks. The effect is related 
to Gibb’s phenomenon. It is more visible in high contrast edges, in areas with smooth 
textures. It is easily visible on next example, around the edges of the objects, apparing like 
duplications of their contours. 

 
Fig. 4. Example of high ringing artifact 

 Noise 

Noise is defined as an uncontrolled or unpredicted pattern of intensity fluctuations that 
affects to the perceived quality of an image. 

There are multiple types of noise impairments commonly produced by compression 
algorithms. Two common impairments are mosquito noise and quantization noise. 

 Mosquito noise. Mosquito noise is a temporal artifact seen mainly in smoothly textured 
regions as luminance/chrominance fluctuations around high-contrast edges or moving 
objects. It is a consequence of the coding differences for the same area of a scene in 
consecutive frames of a sequence. 

 Quantization noise. This is a type of noise produced after a severe truncation of the 
values of the coefficients while performing a transform such as DCT or Hadamard. 

Other artifacts related are flickering, in images with high texture content, or aliasing, when 
the content of the scene is above the Nyquist rate, either spatially or temporally 
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4. Subjective quality assessment 
4.1 Introduction 

The user’s opinion in video technologies is important. For that reason, the evaluation of a 
video compression codec must be developed with its help, in order to know the level of 
acceptance of it. 

Several studies have been developed to measure the quality of new technology systems 
every period. In first instance, it was used to analyze the impact of digital television in the 
transition from analogue to digital. And in the transition from standard definition to high-
definition TV, including the studies of main encoders (MPEG-2, H.264/AVC) in the 
adaptation to different formats and storage, last time assessment was developed for blu-ray 
codecs. Also for the Definition of settings or quality parameters: bitrate, resolution (e.g. in 
HD: 720p or 1080i) or features for a TV channel, for example. 

Next generation of encoding codecs HVC (High-efficiency Video Codec) which represents 
the evolution of H.264 is being analyzed by subjective assessment, to measure the impact on 
users and the necessity of its establishment. 

So, it is clear that subjective quality evaluation is still important and it will always be 
together with the objective one. Methods and technologies change, but the purpose of video 
quality is still the same.  

In this section, the most frequent techniques to develop a subjective quality study, in order 
to evaluate a determined system. There is a great variety of subjective testing methods, 
depending on the way of presenting the video sequences to the observers. 

Then, there are single or double stimulus experiments, depending on if the original image is 
presented or only the degraded one. 

The problem with this kind of studies is the requirement for a large number of observers 
viewing a limited amount of video contents, because if the time of contents viewed is 
extended for two long, the tiredness and fatigue of the observers will affect to the wished 
measurement. But it is still very used nowadays and will be necessary to introduce the 
objective assessment to explain in next section. 

4.2 Description of requirements 

Once the decision of developing subjective quality assessment made, requirements to 
complete a suitable subjective study must be consider. Before developing the study the 
conditions must be established to facilitate the repetition of it or the comparison with similar 
studies. Requirements will be listed in this section. 

 Viewing conditions.  

There are different viewing conditions in case of referring to a laboratory environment 
than the ones used in home environment. Assuring the best conditions is a basic aim in 
order to allow a meaningful evaluation to be made derived from the assessment. The 
distance to the screen of the observers depends on the size of the screen. This is a very 
important aim to obtain suitable results.  
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The screen must be arranged in contrast and brightness and the angle of observation 
must not exceed 30º. 

 Conditioning of the room. 

The room must be conditioned in lighting, with seat comfort and no reflections on 
screen. Because the viewers will spend a considerable time and this must not affect to 
their scores.  

 Observers 

The minimum number of participants in the study, for the sample to be enough is 15, 
but it is recommended to find as many observers as possible, 60 or more. The viewers 
are preferred to be non-professional, possessing no trained-eyes. Professional viewers 
tend to search for the impairment and their opinion is not always so impartial. 

There must be a representative variety of age and sex in viewers. The observers must 
make a previous training to understand the objective of the test.  

 Materials / Test sequences.  

There must be a selection of sufficient test material, including different type of contents 
emitted by a conventional TV channel (sports, movies, news, documentary, etc.), and 
with different settings of spatial (more or less level of detail and high frequencies) and 
temporal (faster or slower contents) complexity. 

Each sequence must have a duration of between 10 and 20 seconds due to human 
memory and perception, to assure a correct viewing, neither too short than the viewers 
do not have time to observe the image in detail, nor too long to avoid causing fatigue in 
the observer. 

A number of organizations have developed test still pictures and sequences, whose use 
is recommended for the assessment. 

 Presentation of results 

The results must be presented in detail. All information is necessary to validate the 
study and verify its good performance. Data given must include: details of the test 
configuration and materials, type of source and displays, number of subjects or 
observers that participated, reference system used and its specific variations, scores and 
mean scores adjusted to 95% confidence interval. 

Logistic curve-fitting and logarithmic axis will allow a straight line representation, 
which is the preferred form of presentation, as legible as possible. 

 Sound. 

Audio quality assessment is preferably developed independently of the video 
assessment. In fact, it is recommended not to use sound or audio in video studies, in 
order to avoid distractions in the observer, modifying their opinion, off target. 

Furthermore, in case of using it, selection of the accompanying audio material should 
be considered at the same level of importance as the selection of video material. 
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Additionally, it is important that the sound be synchronized with the video. This is 
most noticeable for speech and lip synchronization, for which time lags of more than 
approximately 100 ms are considered very annoying. 

4.3 Methods 

Definition of settings of methods 

A collection of settings can be varied, depending on the type of desirable results to obtain at 
the end of the quality study. In this section, some of the most important are described. 

 Single or Double Stimulus methods 

In double stimulus methods, viewers are shown each pair of video sequences, the reference 
and the impaired one. Whereas, in single stimulus methods, viewers are shown only the 
impaired sequence.  

The number of stimulus defines the possibility of comparison to a reference, which allow the 
observer to detect the artifacts and impairments more easily on the image than without any 
original signal. 

 In real conditions the user does not have a reference to compare, so a single stimulus 
method is considered more realistic. But, a double stimulus avoids more efficiently the 
errors occurred by context effects. Context effects occur when subjective ratings are 
influenced by the severity and ordering of impairments within the test session. 

In double stimulus there are two different kinds of presenting each pair of sequences, 
depending on the number of screens used on the study. With two screens every pair can be 
presented simultaneously, allowing the user to compare at the same time detecting the 
variation of quality. 

The comparison scale is only available in double stimulus methods. 

 With or without repetition methods 

One of the main problems and context effect affecting to the results of subjective assessment 
is the fatigue of the observers. The observer has a limited time in which its scores are 
effective.  

Long sessions produce high fatigue and exhaustion, which distort the results and 
invalidates the assessment. For that reason, the time of each session must be reduced to less 
than half an hour with extended breaks. 

Depending on the accuracy of the study, each pair can be presented twice, with one or more 
repetitions. If the variety of parameters to measure in sequences is wide, it is possible to 
reduce the time for sessions, presenting each pair of sequences only once, i.e. without 
repetition. The objective is saving time, expanding the quality parameters (QP) under 
evaluation, avoiding the fatigue of observers. 

 Absolute or Comparison methods 

Depending on the objective of the study, it is possible to define the expected results 
obtained. Absolute results are related to single stimulus methods, whereas, comparison 
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methods are more related to double stimulus methods, although it is possible to obtain 
absolute measurements with full reference. 

First type of methods utilizes indistinctly the quality or the impairment scale, while the 
second type utilizes a scale called “comparison scale”, which assigns the relation between 
the members of each pair of sequences. 

 Continuous or discrete (non-continuous) evaluation methods 

There are different options of combining video in a continuous war: one program or a series 
of sequences of different or the same type of content. These programs may include one or 
various quality parameters under evaluation (e.g. bitrate). Each program should have 
duration of at least 5 minutes 

The time of response of the viewer must be fast to identify the impairment observed. 
Nevertheless, the varying delay may influence the assessment results if only the average 
over a program segment is calculated. Studies are being carried out to evaluate the impact of 
the response time of different viewers on the resulting quality grade. 

 
Fig. 5. Example of data from a continuous assessment 

 Type of scale 

There are different types of scale, depending on desirable results that the researcher 
expects to obtain from the study. The four most representatives appear below. 

1. Quality Scale (QS) 

This scale is used in different methods to evaluate in absolute the perceived quality 
of a video sequence. There are variations with different number of grades. 

5 Excellent 
4 Good 
3 Fair 
2 Poor 
1 Bad 
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2. Impairment Scale (IS) 

Unlike the QS, IS scale tries to extract the effect over the human perception of an 
artifact or other impairment. 

 

5 Imperceptible 
4 Perceptible, but not annoying 
3 Slightly annoying 
2 Annoying 
1 Very annoying 

3. Comparison Scale (CS) 

This scale is not allowed for single stimulus methods. The objective is to establish a 
relative judgment between a pair of sequences to evaluate impairment or 
degradation in image. It is a 7-grade scale, as follows. 

 

+3 Much worse 
+2 Worse 
+1 Slightly worse 
0 The same 
-1 Slightly better 
-2 Better 
-3 Much better 

4. Numerical Scale (NS) 

The numerical scale uses numbers to obtain the opinion of the observers. The scale 
depends on the number of grades on the scale 

The most frequent scale used in numerical terms is known as Mean Opinion Score 
(MOS), normalized as the five-grade scale in range from 1 to 5. Other scales are the 
10-grade scale from 1 to 10, or 8-grade scale from 1 to 8, but sometimes it is difficult 
to find equivalent adjectives for each grade. Other different numbers scales are, for 
example, “compare scale”, which utilizes 7 grades including zero to indicate no 
perceptible variation. 

Zero is rarely used because of its negative connotations. 

Most frequent methods 

Combining the different settings to develop a subjective evaluation method, it is possible to 
define the most common methods. Even so, there are other combinations, also acceptable, 
that do not appear on the next list of the most representatives. 

 The double-stimulus impairment scale (DSIS) method. 

This is the method used by the European Broadcasting Union (EBU), in order to measure the 
robustness of systems (i.e. failure characteristics). 
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The reference and the test sequence are shown only once. Subjects rate the amount of 
impairment in the test sequence comparing one to the other. 

 
Fig. 6. Scheme of a DSIS system 

 The double-stimulus continuous quality-scale (DSCQS) method 

The main purpose of DSCQS method is to measure the quality of systems relative to a 
reference. Viewers are shown pairs of video sequences (the reference sequence and the 
impaired sequence) in a randomized order. It is widely accepted as an accurate test method 
with little sensitivity to context effects, as viewers are shown the sequence twice. Viewers 
are asked to rate the quality of each sequence in the pair after the second showing. It is also 
used to measure the quality of stereoscopic image coding 

Since standard double stimulus methods like DSCQS provide only a single quality score for 
a given video sequence, where a typical video sequence might be 10 seconds long, questions 
have been raised as to the applicability of these testing methods for evaluating the 
performance of objective real-time video quality monitoring systems. 

 
Fig. 7. Scheme of a DSCQS system 

 Single-stimulus (SS) methods 

The purpose of this method is to quantify the quality of systems (when no reference is 
available).  

The method of this type called Absolute Category Rating (ACR) utilizes a single stimulus. 
Viewers only see the video under test, without the reference. They give one rating for its 
overall quality using a discrete five-level scale from ‘bad’ to ‘excellent’. The fact that the 
reference is not shown with every test clip makes ACR a very efficient method compared to 
DSIS or DSCQS, which take almost 2 or 4 times as long, respectively. 

 
Fig. 8. Scheme of a SS system 
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2. Impairment Scale (IS) 

Unlike the QS, IS scale tries to extract the effect over the human perception of an 
artifact or other impairment. 

 

5 Imperceptible 
4 Perceptible, but not annoying 
3 Slightly annoying 
2 Annoying 
1 Very annoying 

3. Comparison Scale (CS) 

This scale is not allowed for single stimulus methods. The objective is to establish a 
relative judgment between a pair of sequences to evaluate impairment or 
degradation in image. It is a 7-grade scale, as follows. 

 

+3 Much worse 
+2 Worse 
+1 Slightly worse 
0 The same 
-1 Slightly better 
-2 Better 
-3 Much better 

4. Numerical Scale (NS) 

The numerical scale uses numbers to obtain the opinion of the observers. The scale 
depends on the number of grades on the scale 

The most frequent scale used in numerical terms is known as Mean Opinion Score 
(MOS), normalized as the five-grade scale in range from 1 to 5. Other scales are the 
10-grade scale from 1 to 10, or 8-grade scale from 1 to 8, but sometimes it is difficult 
to find equivalent adjectives for each grade. Other different numbers scales are, for 
example, “compare scale”, which utilizes 7 grades including zero to indicate no 
perceptible variation. 

Zero is rarely used because of its negative connotations. 

Most frequent methods 

Combining the different settings to develop a subjective evaluation method, it is possible to 
define the most common methods. Even so, there are other combinations, also acceptable, 
that do not appear on the next list of the most representatives. 

 The double-stimulus impairment scale (DSIS) method. 

This is the method used by the European Broadcasting Union (EBU), in order to measure the 
robustness of systems (i.e. failure characteristics). 
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The reference and the test sequence are shown only once. Subjects rate the amount of 
impairment in the test sequence comparing one to the other. 

 
Fig. 6. Scheme of a DSIS system 

 The double-stimulus continuous quality-scale (DSCQS) method 

The main purpose of DSCQS method is to measure the quality of systems relative to a 
reference. Viewers are shown pairs of video sequences (the reference sequence and the 
impaired sequence) in a randomized order. It is widely accepted as an accurate test method 
with little sensitivity to context effects, as viewers are shown the sequence twice. Viewers 
are asked to rate the quality of each sequence in the pair after the second showing. It is also 
used to measure the quality of stereoscopic image coding 

Since standard double stimulus methods like DSCQS provide only a single quality score for 
a given video sequence, where a typical video sequence might be 10 seconds long, questions 
have been raised as to the applicability of these testing methods for evaluating the 
performance of objective real-time video quality monitoring systems. 

 
Fig. 7. Scheme of a DSCQS system 

 Single-stimulus (SS) methods 

The purpose of this method is to quantify the quality of systems (when no reference is 
available).  

The method of this type called Absolute Category Rating (ACR) utilizes a single stimulus. 
Viewers only see the video under test, without the reference. They give one rating for its 
overall quality using a discrete five-level scale from ‘bad’ to ‘excellent’. The fact that the 
reference is not shown with every test clip makes ACR a very efficient method compared to 
DSIS or DSCQS, which take almost 2 or 4 times as long, respectively. 

 
Fig. 8. Scheme of a SS system 
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 Stimulus-comparison (SC) or Pair-Comparison (PC) methods 

For this method, test clips from the same scene but different conditions (quality parameter 
under evaluation) are paired in all possible combinations, and viewers make a preference 
judgment for each pair. This allows very fine quality discrimination between clips. 

This method uses a comparison scale. 

 

 
Fig. 9. Scheme of a SC system 

 Single stimulus continuous quality evaluation (SSCQE) 

Instead of seeing separate short sequence pairs, viewers watch a program of typically 20–30 
minutes’ duration which has been processed by the system under test; the reference is not 
shown. Using a slider, the subjects continuously rate the instantaneously perceived quality 
on the DSCQS scale from ‘bad’ to ‘excellent’. 

The purpose of this type of study is to assess not only the basic quality of the images but 
also the fidelity of the information transmitted. 

 

 
Fig. 10. Scheme of a SSCQE system 

 Simultaneous double stimulus for continuous evaluation (SDSCE) method 

Two screens are necessary for this method of evaluation, which are parallel placed in front 
of the user. The left screen plays the reference sequence, while the right one plays the 
impaired sequence that viewers must score. 

The main purpose of this method is to measure the fidelity between two video sequences. It 
is also used to compare different error resilience tools. 

Each video pair is shown once or twice. The duration of the test session is shorter, and 
allows to evaluate a higher amount of quality parameters. 
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Fig. 11. Scheme of a SDSCE system 

5. Objective quality assessment 
In this section, the most important metrics are described to make to offer an overview of the 
techniques that develop this type of quality assessment. 

There are three types of objective quality assessment depending on the presence and 
availability of a reference image or any of its features to develop the study: Full-Reference 
(FR), Reduced-Reference (RR) and No-Reference). 

Old metrics designed for digital imaging systems, such as MSE (Mean Sqaured Error) and 
PSNR (Peak Signal-to-Noise Ratio), which are still very used to develop quality assessment, 
are defined in this section. They are still adequate for evaluating error measures 

The analysis of measurement of artifacts such as tiling or blurring, especially introduced by 
video compression algorithms, will be interesting to offer the reader a perspective of 
evolution of metrics. 

5.1 Objective quality metrics 

Depending on the presence of a video reference, three kinds of analysis are defined: 

 Full Reference (FR) metrics, when the original image is present and can be used to 
compare it to the degraded image in order to obtain the reduction of quality because of 
the process of encoding and decoding. 

 
Fig. 12. Full Reference (FR) metric diagram 

 Reduced Reference (RR) metrics. The original image is not available for the study but there 
are some properties and characteristics of it which can be used to obtain quality results. 

 No-Reference (NR) metrics. There is no original image or properties of it, in this case the 
degraded image and its affection to the human visual system is the only tool to 
conclude with the quality of an image. This kind of metrics are more complicated but 
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 Stimulus-comparison (SC) or Pair-Comparison (PC) methods 

For this method, test clips from the same scene but different conditions (quality parameter 
under evaluation) are paired in all possible combinations, and viewers make a preference 
judgment for each pair. This allows very fine quality discrimination between clips. 

This method uses a comparison scale. 

 

 
Fig. 9. Scheme of a SC system 

 Single stimulus continuous quality evaluation (SSCQE) 

Instead of seeing separate short sequence pairs, viewers watch a program of typically 20–30 
minutes’ duration which has been processed by the system under test; the reference is not 
shown. Using a slider, the subjects continuously rate the instantaneously perceived quality 
on the DSCQS scale from ‘bad’ to ‘excellent’. 

The purpose of this type of study is to assess not only the basic quality of the images but 
also the fidelity of the information transmitted. 

 

 
Fig. 10. Scheme of a SSCQE system 

 Simultaneous double stimulus for continuous evaluation (SDSCE) method 

Two screens are necessary for this method of evaluation, which are parallel placed in front 
of the user. The left screen plays the reference sequence, while the right one plays the 
impaired sequence that viewers must score. 

The main purpose of this method is to measure the fidelity between two video sequences. It 
is also used to compare different error resilience tools. 

Each video pair is shown once or twice. The duration of the test session is shorter, and 
allows to evaluate a higher amount of quality parameters. 
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Fig. 11. Scheme of a SDSCE system 

5. Objective quality assessment 
In this section, the most important metrics are described to make to offer an overview of the 
techniques that develop this type of quality assessment. 

There are three types of objective quality assessment depending on the presence and 
availability of a reference image or any of its features to develop the study: Full-Reference 
(FR), Reduced-Reference (RR) and No-Reference). 

Old metrics designed for digital imaging systems, such as MSE (Mean Sqaured Error) and 
PSNR (Peak Signal-to-Noise Ratio), which are still very used to develop quality assessment, 
are defined in this section. They are still adequate for evaluating error measures 

The analysis of measurement of artifacts such as tiling or blurring, especially introduced by 
video compression algorithms, will be interesting to offer the reader a perspective of 
evolution of metrics. 

5.1 Objective quality metrics 

Depending on the presence of a video reference, three kinds of analysis are defined: 

 Full Reference (FR) metrics, when the original image is present and can be used to 
compare it to the degraded image in order to obtain the reduction of quality because of 
the process of encoding and decoding. 

 
Fig. 12. Full Reference (FR) metric diagram 

 Reduced Reference (RR) metrics. The original image is not available for the study but there 
are some properties and characteristics of it which can be used to obtain quality results. 

 No-Reference (NR) metrics. There is no original image or properties of it, in this case the 
degraded image and its affection to the human visual system is the only tool to 
conclude with the quality of an image. This kind of metrics are more complicated but 
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are of vital importance in environments which are difficult to provide any reference, 
such as mobile or internet multimedia services. 

 
Fig. 13. No Reference (NR) metric diagram 

5.2 Full-reference metrics 

In this section, the most representative FR metrics are defined, classified in four different 
groups of metrics: based on statistics and pixel difference, based on structural similarity, 
based on artifact detection, and based on vision models. 

 Pixel-based metrics 

Most of the quality metrics are full-reference, especially the pixel-based (or statistics-based) 
metrics, focused on comparing pixel-by-pixel the difference between the original image used 
as a reference and the impaired image. 

These metrics offer a good estimation of the global quality measured objectively, but are 
widely criticized for not correlating well with the perceived quality measurement obtained 
by subjective methods, that incorporates human vision models. 

The most important are among others: MSE, SNR and PSNR. 

MSE (Mean Square Error) 

The mean squared error (MSE) is one the most popular difference metrics in image and 
video processing. The MSE is the mean of the squared differences between the luminance 
level values of pixels between two images (X and Y), normally the original frame used as a 
reference and an impaired image, obtained by processing of the first image. M and N are the 
horizontal and vertical dimensions of each frame of the sequence. 
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SNR (Single-To-Noise Ratio)  

Also based on pixel by pixel comparison, this metric measures the relation between the 
original image and the degraded image, in order to evaluate the degradation on image. 

SNR was widely substituted by its evolution PSNR, because it offers a higher efficiency than 
SNR, and a global extension more easy to compare in studies with different signals. 
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PSNR (Peak Single-To-Noise Ratio) 

As SNR used the same signal to compare with, it is more difficult to export the conclusion 
from one study to another, that is why the original signal was changed by the peak value 
(255 in a RGB channel, or 240 in luminance, for example) to obtain more general results, 
with a more efficient method. 
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 Based on artifacts 

A collection of metrics attempt to assess the effects of artifacts described on section 0, 
instead of offering a global idea of quality, as with pixel-based metrics. Some examples of 
most representative metrics are introduced next. 

Blockiness or tiling 

The metric defined by MSU Graphics & Media Lab measures subjective blocking effect in 
video sequence, based on energy calculation and gradients. In contrast areas of the frame 
blocking is not appreciable, but in smooth areas these edges are conspicuous. 

Other metrics are based on the structure of the pixelized image. The model included in Lee 
et al. research, first extracts edge pixels and computes horizontal ( H(t,i, j) ) and vertical (V 
(t,i, j) ) gradient component of the edge pixels. The gradient is calculated using the Sobel 
operators. From the horizontal and vertical gradient images, the magnitude (R) and angle 
() are extracted: 

2 2( , , ) ( , , ) ( , , )R t i j H t i j V t i j   

1 ( , , )( , , ) tan
( , , )

V t i jt i j
H t i j

   
  

 
 

Analyzing the angles of the gradient, the pixels with gradient parallel to the picture frame 
are considered as belonging to blocking region, if they have a determined magnitude. 
Comparing to the original image, errors are avoided due to real edge pixels. 

Other interesting metric on this field are the ones by Winkler et al., 2001 and Wang et al., 2002. 

Blurring 

Blurring metrics are based on the analysis of energy in high frequencies and analysis of edges 
and their spread. As it proposes Marziliano et al. in 2004. The reduction of edge energy 
between the original and the impaired image shows the loss of quality due to blurring artifact. 

Other metrics, such as proposed in Lee et al. Research, utilizes the gradient calculated in 
every pixel of the image to detect the blur artifact by analyzing the diminution of this 
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are of vital importance in environments which are difficult to provide any reference, 
such as mobile or internet multimedia services. 

 
Fig. 13. No Reference (NR) metric diagram 

5.2 Full-reference metrics 

In this section, the most representative FR metrics are defined, classified in four different 
groups of metrics: based on statistics and pixel difference, based on structural similarity, 
based on artifact detection, and based on vision models. 

 Pixel-based metrics 

Most of the quality metrics are full-reference, especially the pixel-based (or statistics-based) 
metrics, focused on comparing pixel-by-pixel the difference between the original image used 
as a reference and the impaired image. 

These metrics offer a good estimation of the global quality measured objectively, but are 
widely criticized for not correlating well with the perceived quality measurement obtained 
by subjective methods, that incorporates human vision models. 

The most important are among others: MSE, SNR and PSNR. 

MSE (Mean Square Error) 

The mean squared error (MSE) is one the most popular difference metrics in image and 
video processing. The MSE is the mean of the squared differences between the luminance 
level values of pixels between two images (X and Y), normally the original frame used as a 
reference and an impaired image, obtained by processing of the first image. M and N are the 
horizontal and vertical dimensions of each frame of the sequence. 
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SNR (Single-To-Noise Ratio)  

Also based on pixel by pixel comparison, this metric measures the relation between the 
original image and the degraded image, in order to evaluate the degradation on image. 

SNR was widely substituted by its evolution PSNR, because it offers a higher efficiency than 
SNR, and a global extension more easy to compare in studies with different signals. 
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PSNR (Peak Single-To-Noise Ratio) 

As SNR used the same signal to compare with, it is more difficult to export the conclusion 
from one study to another, that is why the original signal was changed by the peak value 
(255 in a RGB channel, or 240 in luminance, for example) to obtain more general results, 
with a more efficient method. 
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 Based on artifacts 

A collection of metrics attempt to assess the effects of artifacts described on section 0, 
instead of offering a global idea of quality, as with pixel-based metrics. Some examples of 
most representative metrics are introduced next. 

Blockiness or tiling 

The metric defined by MSU Graphics & Media Lab measures subjective blocking effect in 
video sequence, based on energy calculation and gradients. In contrast areas of the frame 
blocking is not appreciable, but in smooth areas these edges are conspicuous. 

Other metrics are based on the structure of the pixelized image. The model included in Lee 
et al. research, first extracts edge pixels and computes horizontal ( H(t,i, j) ) and vertical (V 
(t,i, j) ) gradient component of the edge pixels. The gradient is calculated using the Sobel 
operators. From the horizontal and vertical gradient images, the magnitude (R) and angle 
() are extracted: 
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Analyzing the angles of the gradient, the pixels with gradient parallel to the picture frame 
are considered as belonging to blocking region, if they have a determined magnitude. 
Comparing to the original image, errors are avoided due to real edge pixels. 

Other interesting metric on this field are the ones by Winkler et al., 2001 and Wang et al., 2002. 

Blurring 

Blurring metrics are based on the analysis of energy in high frequencies and analysis of edges 
and their spread. As it proposes Marziliano et al. in 2004. The reduction of edge energy 
between the original and the impaired image shows the loss of quality due to blurring artifact. 

Other metrics, such as proposed in Lee et al. Research, utilizes the gradient calculated in 
every pixel of the image to detect the blur artifact by analyzing the diminution of this 
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magnitude between the original and the impaired image. SI is the root mean square of the 
spatial gradient (SG), so blurring is computed as follows: 
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BL x SG i j SG
FxC

   

   

 
  
 
 
    

Ringing 

Ringing artifacts are fundamentally related to the Gibb’s phenomenon, when quantization 
of individual coefficients results in high-frequency irregularities of the reconstructed block. 
Yu et al. offers a segmentation algorithm to identify regions with ringing artifacts, which is 
more evident along high contrasts in regions with smooth texture and complex texture. The 
original and the processed video sequences are input into the metric and decomposed 
respectively by the spatial-temporal filter banks 

 Based on structural similarity 

The methods traditionally for quality assessment attempted to quantify the visibility of 
differences between pairs of images, a distorted image and ist corresponding reference 
image using a variety of known properties of the human visual system. Under the 
assumption that human visual perception is highly adapted for extracting structural 
information from a scene, some researchers introduce alternative studies for quality 
assessment based on the degradation of structural information. 

SSIM 

The most representative metric based on Structural Similarity is SSIM. The metric proposed 
by Wang et al. is based on the combination of three properties of the image luminance, 
contrast and structure, by comparison between the original and the impaired image, three 
conditions must be met: symmetry, boundedness and being unique maximum. 

( , ) [ ( , )] [ ( , )] [ ( , )]SSIM x y l x y c x y s x y      
VQM 

Xiao, F. proposed a modified DCT-based video quality metric (VQM) based on Watson’s 
proposal, which exploits the properties of visual perception, using the existing DCT 
coefficients, so it only incurs slightly more computation overhead. 

 Based on vision models 

There are a wide range of systems which utilizes models that attempt to reproduce 
similarities with the Human Visual System. In this section, four of them are introduced.  

 Just Noticeable Differences (JND). The Sarnoff Model also known as Visual 
Discrimination Model (VDM) was copyrighted by Tektronix Company and 
commercialized in their PQA600 Picture Analyzer. The model works in spatial 
domain. Its acceptable conclusions are obtained as a result of its high fidelity in 
comparison with HVS, due to its complexity. 

 Visual Differences Predictor (VDP). Unlike JND, VDP works in frequency domain, 
and it is very popular in prediction of encoding errors thanks to the labour of S. 
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Daly. The model is based on the comparison of two images after creating a diagram 
of disparity, to detect the image variation.  

 Moving Picture Quality Metric (MPQM). As PSNR does not take the visual 
masking phenomenon into consideration, every single pixel error contributes to the 
decrease of the PSNR, even if this error is not perceived. This method includes 
characteristics of Human Visual System intensively studied: contrast sensitivity 
and masking.  

 Perceptual Distortion Metric (PDM). This model of vision was developed by 
Winkler, S. Based on the HVS, allowing the system to find similarities with the 
human eye. The structure of the model is based on the fact of finding the optimus 
components of the model, modifying both the reference and impaired image.  

5.3 No-reference metrics 

When the reference is not available to design the objective quality method, for example in 
environments such as internet or video mobile, then it is necessary to utilize no-reference 
metrics to evaluate the degradation. 

Most of the times, these kind of studies are focus on analyzing impairments due to artifacts, 
that degrade the perception of the user. So, the no-reference metrics are distributed in 
groups, depending on the artifact characterized. 

Blocking Effect or Blockiness 

Most existing no-reference metrics focus on estimating blockiness, which is still relatively 
easy to detect due to its regular structure, although in practice that is not so easy due to the 
use of deblocking filters in H.246 and other encoders. 

Different techniques are used, such as Wu and Yuen whose research in developing a NR 
metric based on measuring the horizontal and vertical differences between rows and 
columns at block boundaries, offers interesting results. Means and standard deviations of 
the blocks adjacent to each boundary determined masking effect pondering. 

On the other hand, Wang et al. model the blocky image as a non-blocky image an then 
appear the interference with a pure blocky signal. The level of blockiness artifact is detected 
by evaluating the blocky signal. 

Other alternatives are the approach proposed by Baroncini and Pierotti, with the use of 
multiple filters which extract significant vertical and horizontal edge segments due to 
blockiness, and also Vlachos proposed an algorithm based on the cross-correlation of 
subsampled images, and Tan and Ghanbari a metric for blocking detection based in videos 
compressed in MPEG-2. 

Blur 

Another typical artifact defined for no-reference metrics is blurring. It appears in almost all 
processing phases in communications chain of production. Blurring manifests as a loss of 
spatial detail in moderate to high spatial activity regions of images. Blurring is directly 
related to the suppression of the higher order AC DCT coefficients through coarse 
quantization. 
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magnitude between the original and the impaired image. SI is the root mean square of the 
spatial gradient (SG), so blurring is computed as follows: 
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Ringing 

Ringing artifacts are fundamentally related to the Gibb’s phenomenon, when quantization 
of individual coefficients results in high-frequency irregularities of the reconstructed block. 
Yu et al. offers a segmentation algorithm to identify regions with ringing artifacts, which is 
more evident along high contrasts in regions with smooth texture and complex texture. The 
original and the processed video sequences are input into the metric and decomposed 
respectively by the spatial-temporal filter banks 

 Based on structural similarity 

The methods traditionally for quality assessment attempted to quantify the visibility of 
differences between pairs of images, a distorted image and ist corresponding reference 
image using a variety of known properties of the human visual system. Under the 
assumption that human visual perception is highly adapted for extracting structural 
information from a scene, some researchers introduce alternative studies for quality 
assessment based on the degradation of structural information. 

SSIM 

The most representative metric based on Structural Similarity is SSIM. The metric proposed 
by Wang et al. is based on the combination of three properties of the image luminance, 
contrast and structure, by comparison between the original and the impaired image, three 
conditions must be met: symmetry, boundedness and being unique maximum. 
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Xiao, F. proposed a modified DCT-based video quality metric (VQM) based on Watson’s 
proposal, which exploits the properties of visual perception, using the existing DCT 
coefficients, so it only incurs slightly more computation overhead. 

 Based on vision models 

There are a wide range of systems which utilizes models that attempt to reproduce 
similarities with the Human Visual System. In this section, four of them are introduced.  

 Just Noticeable Differences (JND). The Sarnoff Model also known as Visual 
Discrimination Model (VDM) was copyrighted by Tektronix Company and 
commercialized in their PQA600 Picture Analyzer. The model works in spatial 
domain. Its acceptable conclusions are obtained as a result of its high fidelity in 
comparison with HVS, due to its complexity. 

 Visual Differences Predictor (VDP). Unlike JND, VDP works in frequency domain, 
and it is very popular in prediction of encoding errors thanks to the labour of S. 
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Daly. The model is based on the comparison of two images after creating a diagram 
of disparity, to detect the image variation.  

 Moving Picture Quality Metric (MPQM). As PSNR does not take the visual 
masking phenomenon into consideration, every single pixel error contributes to the 
decrease of the PSNR, even if this error is not perceived. This method includes 
characteristics of Human Visual System intensively studied: contrast sensitivity 
and masking.  

 Perceptual Distortion Metric (PDM). This model of vision was developed by 
Winkler, S. Based on the HVS, allowing the system to find similarities with the 
human eye. The structure of the model is based on the fact of finding the optimus 
components of the model, modifying both the reference and impaired image.  

5.3 No-reference metrics 

When the reference is not available to design the objective quality method, for example in 
environments such as internet or video mobile, then it is necessary to utilize no-reference 
metrics to evaluate the degradation. 

Most of the times, these kind of studies are focus on analyzing impairments due to artifacts, 
that degrade the perception of the user. So, the no-reference metrics are distributed in 
groups, depending on the artifact characterized. 

Blocking Effect or Blockiness 

Most existing no-reference metrics focus on estimating blockiness, which is still relatively 
easy to detect due to its regular structure, although in practice that is not so easy due to the 
use of deblocking filters in H.246 and other encoders. 

Different techniques are used, such as Wu and Yuen whose research in developing a NR 
metric based on measuring the horizontal and vertical differences between rows and 
columns at block boundaries, offers interesting results. Means and standard deviations of 
the blocks adjacent to each boundary determined masking effect pondering. 

On the other hand, Wang et al. model the blocky image as a non-blocky image an then 
appear the interference with a pure blocky signal. The level of blockiness artifact is detected 
by evaluating the blocky signal. 

Other alternatives are the approach proposed by Baroncini and Pierotti, with the use of 
multiple filters which extract significant vertical and horizontal edge segments due to 
blockiness, and also Vlachos proposed an algorithm based on the cross-correlation of 
subsampled images, and Tan and Ghanbari a metric for blocking detection based in videos 
compressed in MPEG-2. 

Blur 

Another typical artifact defined for no-reference metrics is blurring. It appears in almost all 
processing phases in communications chain of production. Blurring manifests as a loss of 
spatial detail in moderate to high spatial activity regions of images. Blurring is directly 
related to the suppression of the higher order AC DCT coefficients through coarse 
quantization. 



 
Video Compression 146 

Marziliano et al. worked on blurriness metric. Other metrics have been developed to achieve 
results while working with other kind of artifacts. Marziliano et al. worked on blurriness 
metric. As object boundaries are represented by sharp edges, the spreading of significant 
edges in the image gives a nice approach of blurring. Blurriness and ringing metrics have 
been developed to evaluate JPEG2000 coding as well.  

Other metrics carry out the measure by working with DCT coefficients directly. Coudoux et 
al. detected the vertical block edges and combined them with several masking models 
applied in the DCT domain. 

Ringing 

Ringing is a shimmering effect around high contrast edges. Ringing is not necessarily 
correlated with blocking as the amount of ringing depends in the amount and strength of 
edges in the image. A visible ringing measure (VRM) based on the average local variance 
has been developed in [5]. It is relation to the Gibbs effect. 

Marziliano et al. present a ringing metric based on their blur metric describe on previous 
section, which utilizes the carachteristics from JPEG2000 video encoding to obtain suitable 
results, but the metric does not extend to other compression standard, but it means a good 
approximation. 

Other metrics 

There are other studies in metrics based on noise, or other artifacts related to determined 
video compression standards such as MPEG-2 or JPEG-2000.  

Finally, it is important to mention the systems based on the combination of various 
individual metrics, weighted to properties of the image and their spatial and temporal 
complexity. 

6. Quality in emerging technologies: 3D 
One of the most important achievements related to digital video developed in last years has 
been the next generation 3D stereoscopic contents. Their development is based on the search 
for illusion of depth perception. After some vain attempts due to a first of generation of 3D 
developed by anaglyph movies, finally acceptable results have been achieved as seen in the 
success among users. 

3D video offers a new experience to the user, but the acceptance of this experience must be 
evaluated, in order to draw conclusions about the generation of video contents. That is the 
reason why quality assessment in 3D systems is more related to the concept of Quality of 
Experience (QoE) of the user, because it is not just an enhancement of the quality, but a 
fundamental change in the character of the image. 

6.1 Binocular disparity 

The concept of binocular disparity is defined as the fact that the brain extracts depth 
information from the left and the right eye views, receiving a slightly horizontally shifted 
perspective of the same scene. As a result, the observer perceives the objects in image 
positioned in three-dimensional space, creating an illusion of depth perception, positioning 
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them in front of or behind the viewing screen. Binocular disparity refers to the difference 
captured by two cameras in computer stereovision. The disparity of an object in a scene 
depends both on camera baseline and on the distance between the object and the camera. 
There are different techniques to realize this, such as color or polarization filters, whose 
intention is to separate the left and right eye views, and orient them to each eye, to produce 
that illusion. 

 
Fig. 14. Description of binocular disparity 

The complexity of developing perfect binocular disparity is the cause of introducing 
impairments and defects on image. We pay our attention to three main factors, namely: 
scene content, camera baseline and screen size 

6.2 3D quality systems 

3D stereoscopic dimension carries all the 2-D quality assessment, but in addition some other 
specific factors must be analyzed to assure the QoE of the final consumer. In this chapter 
some general aspects to understand 3D video are described in order to justify the 
alternatives used in quality assessment and their differences with 2-D video. 

The term 3D denotes stereoscopy, i.e. two-view system used for visualization. Due to the 
difficulty of creating this type of contents by the use of dual cameras, still a high percentage 
of stereoscopic video is obtained by the conversion of video from 2D to 3D based on the 
extraction of depth information from monoscopic images. 

The quality is improving with this method, but it is necessary to evaluate the results in 
depth calculation and the experience of the final user. This aim is of vital importance in 3D 
quality assessment, at least until the production of all the contests are in real 3D.  

Formats and Encoding 3D 

Another feature to consider is the different ways of encoding the views, left and right. As both 
views are correlated, and present similar content with small differences between them, the 
techniques for compression take advantage of this feature to reduce the amount of data 
generated, because it is much higher the amount of data required for broadcasting, and new 
systems of encoding are necessary to develop its features. It is also important the synchronism, 
i. e. the methods used in compression are recommendable to assure that both views are seen at 
the same time with each eye. For this purpose, a series of systems appeared in two groups: 
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 Frame Compatible Service (FSC). In FSC, both views are content in the same frame. The 
disadvantage of this system is the reduction of resolution of the complete image (this 
fact affects to the global quality) but the synchronism is assured. 
There are different versions of these services: side-by-side, up-down, line-by-line and 
checkboard, depending on the way of distributing both views in the frame. 

 Service compatible (SC). MVC (Multiview Video Coding) is the main standard for this 
type of services. This standard is an amendment to H.264/MPEG-4 AVC video 
compression standard that enables efficient encoding of sequences captured 
simultaneously from multiple cameras using a single video stream. MVC is the 
standard used in Blu-ray 3D releases, because allows older devices and software to 
decode stereoscopic video streams, ignoring additional information for the second 
view. 

Also, depending on the type of 3D display, the method of assessment is different, according 
to the settings of each technique used. The groups of technologies according to its 
displaying technique are: 

 With glasses: 

 Passive glasses (normally with circular or linear polarization). In FSC, both views 
are content in every frame. The glasses help the eyes to separate the views and 
redirect them to the corresponding eye. 

 Active glasses. The image is presented to each eye alternating from one view to other 
every frame. The system must assure the synchronism between display and glasses. 

 Without glasses: Autostereoscopic. Different techniques, such as parallax barriers or 
lenticular displays, are used for this purpose, but there is still a lot of work in this field. 
Serious quality studies are developed. 

6.3 Classic video methods of quality assessment 

Further analysis suggested that visible 2D artifacts detract from stereo quality even more 
than they do in the conventional 2D (non-stereo) image. 

As any type of video, sterescopic video is acceptable to be evaluated by classic methods of 
quality assessment, including subjective and objective (FR or NR). 

These video sequences admit metrics such as PSNR or blocking and blurring measurement, 
because they have also be processed using same techniques as 2-D video (i.e. H.264, MPEG-
2; VC-1). 

But stereoscopic video has the advantage of disposing two views (left and right) well-
correlated. This fact could benefit the assessment, since for normal (without excesive 
parallax) 3-D captures, one view could be used to predict the second one. 

6.4 Visual comfort and fatigue 

The visual comfort of stereoscopic images is certainly one of the most critical problems in 
stereoscopic research. The term visual discomfort is generally used to refer to the subjective 
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sensation of discomfort often associated with the viewing of stereoscopic images. Sources of 
visual discomfort may include excessive binocular disparities, conflicts between accommodation 
and vergence (the simultaneous movement of both eyes in opposite directions), appearance of 
specific artifacts such as crosstalk or boundaries and imperfections in 3D rendering. 

A large number of studies have been developed in order to predict the response of the user 
to this parameter, analyzing the maximum exposure time to avoid the fatigue and the main 
reasons of visual discomfort, in order to avoid it in the future and obtain better quality of 
experience. M. Lambooij reviews the principle conclusions in this field. 

6.5 Parallax and depth adjustment 

The parallax is the corresponding distance on the plane of the image to the inter-ocular 
distance when visualizing a determined object. The effect over the objects differs in the 
capture of the images modifying the distance between the pair of cameras used to take the 
stereoscopic images. 

 
Fig. 15. Scheme of parallax distance 

Hyper-stereoscopy is a very characteristic effect in 3D images in which the observer 
appreciates the volume of the objects much closer to them. This effect is a consequence of 
modifying the parallax on the image. When separating the pair of cameras a distance higher 
than the average of the distances between human eyes. So, it could be a reality that the 
hyper-stereoscopy increases the quality of experience in users who are viewing this kind of 
images, but it is necessary to define a limit in which this effect stops being satisfying to the 
users. 

The quality of experience increases but it is necessary to develop new studies to determine 
the limits of parallax in order to develop recommendations for contents creators and 
broadcasters. 

6.6 Artifacts related to stereoscopic systems 

Crosstalk (Ghosting) 

Crosstalk, also known as ghosting, is the artifact defined as the leakage of one eye’s image 
into the image of the other eye, i.e. imperfect image separation. 
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sensation of discomfort often associated with the viewing of stereoscopic images. Sources of 
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reasons of visual discomfort, in order to avoid it in the future and obtain better quality of 
experience. M. Lambooij reviews the principle conclusions in this field. 

6.5 Parallax and depth adjustment 

The parallax is the corresponding distance on the plane of the image to the inter-ocular 
distance when visualizing a determined object. The effect over the objects differs in the 
capture of the images modifying the distance between the pair of cameras used to take the 
stereoscopic images. 
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Hyper-stereoscopy is a very characteristic effect in 3D images in which the observer 
appreciates the volume of the objects much closer to them. This effect is a consequence of 
modifying the parallax on the image. When separating the pair of cameras a distance higher 
than the average of the distances between human eyes. So, it could be a reality that the 
hyper-stereoscopy increases the quality of experience in users who are viewing this kind of 
images, but it is necessary to define a limit in which this effect stops being satisfying to the 
users. 

The quality of experience increases but it is necessary to develop new studies to determine 
the limits of parallax in order to develop recommendations for contents creators and 
broadcasters. 

6.6 Artifacts related to stereoscopic systems 

Crosstalk (Ghosting) 

Crosstalk, also known as ghosting, is the artifact defined as the leakage of one eye’s image 
into the image of the other eye, i.e. imperfect image separation. 
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Recent experiments by Tsirlin et al. describe the effect of crosstalk on the perceived 
magnitude of depth from disparity and from monocular occlusions. 

Boundaries 

Due to imperfect depth maps, a degradation artifact is particularly notably around object 
boundaries. This is derived from a texture-depth misalignment whose apparition is 
consequence of techniques of capture and processing of 3D-images and must be supressed 
as much as possible. 

Y. Zhao proposes a novel solution of suppression of misalignment and alignment 
enforcement between texture and depth to reduce background noises and foreground 
erosion, respectively, among different types of boundary artifacts. 

Puppet- theatre and cardboard effects 

The puppet-theatre effect is a size distortion characteristic of 3-D images, revealed as an 
annoying miniaturization that make people and other objects look like animated puppets 
Spatial distortion prediction system for stereoscopic images. 

As a result appears the cardboard effect which is a distortion resulting in an unnatural 
depth percept, where objects appear distributed in the image as if they were in different 
discrete depth planes, showing little volume. 

Both effects affect to the sensation of reality, spoiling it. The puppet-theatre effect is 
therefore not perceived as an artifact, physically measurable; rather, but should be 
subjectively evaluated, as it decreases the quality of the 3D experience. 

Studies from the NHK (Japan Broadcasting Corporation) research these phenomena by 
variation of position of the objects, and shooting, display and viewing conditions to predict 
the level of distortion introduced by this effect. 

7. Conclusions 
The large amount of studies developed for this purpose related to quality assessment gives a 
general idea about the importance of this theme in video compression. The evolution of 
metrics and techniques is constant, finding the best ways of evaluating the quality of video 
sequences. 

A complete state of the art in quality assessment has been developed, describing techniques 
of subjective and objective assessment, with the most common artifacts and impairments 
derived from compression and transmission. In objective research,  
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developed for a wide range of purposes and projects, such as ADI, Palco HD, ACTIVA, 
Furia and Buscamedia were financed by Spanish Ministry of Industry  

In the environment of project ADI (Interactive High Definition) subjective assessment that 
analyzes the impact on users of High Definition TV (HDTV) as an evolution of Standard 
Definition (SDTV). Besides, objective quality assessment was developed. Palco HD project 
led by satellite communications company Hispasat and in collaboration with TSA 
(Telefónica Audiovisual Services) and RTVE (Spanish Radio and Television). Activa project 
led by cable company ONO and Buscamedia led by communications company Indra. 

Also privately funded projects in collaboration with companies such as Telefónica I+D for 
developing no-reference objective quality assessment in video mobile environment or with 
platform Impulsa TDT, developing subjective assessment in order to define video settings in 
High Definition TDT (Terrestrial Digital Television). 

Finally, thanks to David Jiménez for introducing me in the field of video quality assessment. 
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