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Preface
This book addresses recent advances and multidisciplinary advanced applications of artifi‐
cial neural networks (ANNs) in various fields. Artificial neural network technique is one of
the most important techniques to help researchers for solving a wide area of problems. This
book supplies the reader with an integrative view of latest research based on ANN. It will
help graduates, senior-level undergraduate students, professionals, and researchers to learn
foundational and advanced topics of ANN technique. It presents both theoretical knowl‐
edge and hands-on work from multidisciplinary experts. ANN is a computational structure
inspired by a biological nervous system. ANN consists of very simple and highly intercon‐
nected processors called neurons. The neurons are connected to each other by weighted
links over which signals can pass. Each neuron receives multiple inputs from other neurons
in proportion to its connection weights and generates a single output that may propagate to
several other neurons. The process consists of data collection, analysis and processing, net‐
work structure design, number of hidden layers, number of hidden units, initializing, train‐
ing the network, network simulation, weights/bias adjustments, and testing the network.
In this book, highly qualified scientists in this field grasp the most recent researches motivat‐
ed by the importance of artificial neural networks. The chapters selected for this book are to
reflect current technologies, new concepts, advanced applications, and methods related to
the book’s topic from different perspectives. This book introduces innovative case studies
for the next-generation optical networks based on modulation recognition using artificial
neural networks, hardware ANN for gait generation of multilegged robots, production of
high-resolution soil property ANN maps, ANN and dynamic factor models to combine fore‐
casts, ANN parameter recognition of engineering constants in Civil Engineering, ANN elec‐
tricity consumption and generation forecasting, ANN for advanced process control, ANN
breast cancer detection, ANN applications in biofuels, ANN modeling for manufacturing
process optimization, spectral interference correction using a large-size spectrometer and
ANN-based deep learning, solar radiation ANN prediction using NARX model, and ANN
data assimilation for an atmospheric general circulation model. These advanced ANN appli‐
cations are well prepared and presented in the form of 14 chapters as follows:
Chapter (1): Introductory Chapter: Artificial Neural Networks
Chapter (2): Modulation Format Recognition Using Artificial Neural Networks for the NextGeneration Optical Networks
Chapter (3): Gait Generation of Multilegged Robots by Using Hardware Artificial Neural
Networks
Chapter (4): Using Artificial Neural Networks to Produce High-Resolution Soil Property Maps

XII

Preface

Chapter (5): Dynamic Factor Model and Artificial Neural Network Models: To Combine
Forecasts or Combine Models?
Chapter (6): Parameter Recognition of Engineering Constants of CLSMs in Civil Engineering
Using Artificial Neural Networks
Chapter (7): Electricity Consumption and Generation Forecasting with Artificial Neural Net‐
works
Chapter (8): Advanced Process Control
Chapter (9): Breast Cancer Detection by Means of Artificial Neural Networks
Chapter (10): Applications of Artificial Neural Networks in Biofuels
Chapter (11): ANN Modeling to Optimize Manufacturing Process
Chapter (12): Artificial Neural Networks (ANNs) for Spectral Interference Correction Using
a Large-Size Spectrometer and ANN-Based Deep Learning for a Miniature One
Chapter (13): Solar Radiation Prediction Using NARX Model
Chapter (14): Data Assimilation by Artificial Neural Networks for an Atmospheric General
Circulation Model
This book is dedicated to the victims of the last terrorism accidents in Egypt (my home
country). Surely, this cancer will disappear from the world sooner than later.

Best Regards, Adel
Dr. Adel El-Shahat, Senior IEEE Member
Assistant Professor, Department of Electrical Engineering,
Founder & Director of Innovative Power Electronics & Nano-Grids Research Lab. (IPENG),
Georgia Southern University,
Statesboro, Georgia, USA
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1. Introduction
Artificial neural network (ANN) is a computational structure inspired by a biological nervous
system. An ANN consists of very simple and highly interconnected processors called neurons.
The neurons are connected to each other by weighted links over which signals can pass. The
process consists of data collection, analysis and processing, network structure design, number
of hidden layers, number of hidden units, initializing, training the network, network simulation, weights/bias adjustments, and testing the network. Artificial neural networks are used in
many different fields to process large sets of data, often providing useful analyses that allow
for prediction and identification of new data. Artificial neural networks are computational
structure programs consisting of interconnected processors called neurons connected by
weights. They compute structural data through a process of learning and training. Data
normally used by these structures have nonlinear relationships between inputs and outputs.
They are used in applications such as speech recognition, imaging, control, estimation, optimization, and host of other things. They are also applied in real-world applications in the areas of
finance, medical, business, mining, etc. [1].

2. ANN basic fundamentals and architectures
The process of artificial neural network works similarly to the neurons in the brain. First, before
an artificial neural network can be tested or used, it must be trained. The process starts with the
neuron, the basic element ANNs (see Figure 1). The neuron inputs are the outputs of several other
neurons. Once a neuron has combined the inputs and produces a single output, it is compared to
what is known as a training set, group of known inputs and outputs. The user sets a threshold of
maximum that is allowed by the system. If the output value from the neuron does not match the
known value in the data set, then the system will adjust the weights. This process is repeated until
the error is within the threshold range and at that time the system will hold the weights at their
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current position to be tested against data that was not used in the training set. At this point in
time, the system will be able to back decision and process patterns from the nonlinear data.
An important issue in designing an ANN is knowing how many values are assigned to each
layer of an ANN. Assigning too many variables to a layer will lead to overfitting due to the
system not being able to process so much information and also will lead to longer computational times during training. Sometimes, proper training may not be possible in a reasonable
time given the overload of data. Assigning to few variables in a layer of a complicated set will
lead to the system to underfitting the data due to the signals not being fully recognized. Many
factors such as the inputs and outputs, noise, complexity of the error function, network
architecture, and training algorithm influence what is the best number of hidden units. The
neural network is implemented in MATLAB and Simulink toolbox. The performance of the
system will be the mean squared error for measuring the average of the squared error. Training
of the network will stop when the max number of repetitions is reached, the max time is
reached, the performance is minimized to the goal, the performance gradient falls below the
minimum value, or mu exceeds the max value [1].
Biological neurons as shown Figure 2 have a cell nucleus to receive input from other neurons
through a web of dendrites. Its learning is accomplished via little changes to a current

Figure 1. Neuron function [1].

Figure 2. Neural network (biological and artificial) [2] (Image credit: Wikipedia).
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portrayal—its setup contains critical data previously, and learning is directed. The qualities of
associations between neurons, or weights, don’t begin as arbitrary, nor does the structure of
the associations. Unlike biological neural networks, artificial neural networks (ANNs) are
ordinarily prepared starting with no outside help, utilizing a settled topology decided for the
current issue. Be that as it may, ANNs can likewise learn in light of a prior portrayal. Sooner
rather than later, ANNs will start to play out extra classes of errands at close human and even
superhuman levels, maybe ending up scientifically and fundamentally more like organic
neural systems [2].
One of the primary issues with neural systems is that, generally, they have a constrained capacity
to recognize causal connections expressly. Engineers of neural systems bolster these systems’
huge swathes of information and take into consideration the neural systems to decide autonomously which input factors are generally vital. Another issue with neural systems is the inclination to overfit in light of the fact that the model records for abnormalities and anomalies in the
preparation information that may not be available crosswise over real informational indexes.
Overfitting of information happens when an information examination model, for example, a
neural system, produces great expectations for the preparation information yet more regrettable
ones for testing information. Designers can moderate overfitting in neural systems by punishing
huge weights and constraining the quantity of neurons in shrouded layers. Decreasing the
quantity of neurons in concealed layers lessens overfitting yet in addition restrains the capacity
of the neural system to display more intricate, nonlinear connections [3].
Artificial neural network contains various layers as shown in Figure 3. These layers are the
following: input layer to receive inputs for network’s learning and recognition, output layer to
react to the data about how it’s found out any assignment, and in-between hidden layer to
change the contribution to something that yield unit can use somehow.

Figure 3. Multilayer neural network [4].
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Figure 4. Neural network’ different architectures [4].

Moreover, neural network has different architectures such as perceptron model, radial basis
function, multilayer perceptron, recurrent neural network, long short-term memory, Hopfield
network, Boltzmann machine neural network, convolutional neural network, modular neural
network, and physical neural network [4]. These different types are well depicted in Figure 4.
Also, neural networks could be used in classification, prediction, clustering (competitive networks, adaptive resonance theory networks, and Kohonen self-organizing maps), association,
pattern recognition (supervised classification and unsupervised classification), and in addition
machine learning [4].

3. In-brief recent applications
The editor himself has used ANN in different applications such as smart distributed generation
systems [5], photovoltaic module and horizontal axis wind turbine modeling [6], wind energy
estimation functions for future homes [7], small-scale hydropower generator electrical system
modelling [8], robot energy modeling [9], small-scale wind power dispatchable energy source
modeling [10], optimum ANN empirical model of capacitive deionization desalination unit [11],
lead acid battery modeling for PV applications [12], solar panel modeling-based design technique for distributed generation applications [13], wind turbine (horizontal and vertical) design
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and simulation aspects for renewable energy applications [14], neural network storage unit
parameter modeling [15], empirical capacitive deionization ANN nonparametric modeling for
desalination purpose [16], PV module optimum operation modeling [17], ANN interior PM
synchronous machine performance improvement unit [18], DC-DC converter duty cycle ANN
estimation for DG applications [19], stand-alone PV system simulation for DG applications—
Part I: PV module modeling and inverters [20], stand-alone PV system simulation for DG
applications—Part II: DC-DC converter feeding maximum power to resistive load [21], maximum power point genetic identification function for photovoltaic system [22], PV cell module
modeling and ANN simulation for smart grid applications [23], a neuro-modelling for new
biological technique of water pollution control [24], high fundamental frequency PM synchronous motor design neural regression function [25], PM synchronous motor control strategies
with their neural network regression functions [26], DC micro-grid pricing and market models
[27], battery degradation model based on ANN regression function for EV applications [28],
sizing residential photovoltaic systems in the state of georgia [29], an artificial neural network
model for wind energy estimation [30], site wind energy appraisal function for future egyptian
homes [31], horizontal axis wind turbines modeling [32], wind energy simulation and estimation
in egypt [33], petroleum archie parameter estimation [34], storage device unit modeling [35],
capacitive deionization (CDI) operational condition nonparametric modeling [36], solar photovoltaic module modeling-based design technique [37], high-speed synchronous motor basic
sizing neural function for renewable energy applications [38], generating basic sizing design
regression neural function for HSPMSM in aircraft [39], neural unit for PM synchronous machine
performance improvement used for renewable energy [40], neural unit for PM synchronous
machine performance improvement used for renewable energy [41], a neural model for flatplate collector [42], a neuro-modeling for new biological technique of water pollution control
[43], a neural model for new biological technique of water pollution control: experimental project
[44], speed sensorless neural controller for induction motor efficiency optimization [45], and
neural model of three-phase induction motor [46].
These book chapters reflect advanced ANN applications for next generation optical networks
modulation recognition using artificial neural networks, hardware ANN for gait generation of
multi-legged robots, high-resolution soil property ANN map production, ANN dynamic factor
models for combined forecasts, ANN parameter recognition of engineering constants in civil
engineering, ANN electricity consumption and generation forecasting, ANN for advanced process control, ANN breast cancer detection, ANN applications in biofuels, ANN modeling for
manufacturing process optimization, spectral interference correction using a large-sized spectrometer and ANN-based deep learning, solar radiation ANN prediction using NARX model,
and ANN data assimilation an atmospheric general circulation model.
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Abstract
Transmission systems that use advanced complex modulation schemes have been driving
the growth of optical communication networks for nearly a decade. In fact, the adoption of
advanced modulation schemes and digital coherent systems has led researchers and
industry communities to develop new strategies for network diagnosis and management.
A prior knowledge of modulation formats and symbol rates of all received optical signals
is needed. Our approach of modulation formats identification is based on artificial neural
networks (ANNs) in conjunction with different features extraction approaches. Unlike the
existing techniques, our ANN-based pattern recognition algorithm facilitates the modulation format classification with higher accuracies.

Keywords: advanced optical modulation, modulation format recognition, ANN, optical
networks

1. Introduction
The challenge of this chapter is to develop precise algorithms for modulation format recognition (MFR) with the highest identification accuracies in the presence of optical channel impairments. For that, we propose and demonstrate the use of ANN-based pattern recognition
technique, trained by different feature-based approaches.
In the first method, we implement a new approach using ANN in conjunction with linear optical
sampling (LOS) for direct and coherent systems at high data rates. Here, and in accordance to the
IEEE 802.3 standards, we have considered the classification of 10 Gbps Non-Return-to-Zero OnOff Keying (NRZ OOK), 40 Gbps NRZ-Differential Quadrature Phase Shift Keying (DQPSK),
100 Gbps NRZ Dual-Polarized (DP)-QPSK, 160 Gbps DP-16 Quadrature Amplitude Modulation
(16QAM) and 1 Tbps WDM-Nyquist NRZ-DP-QPSK digital modulation formats for high-speed
communication systems. Numerical simulations demonstrate high identification precision in the

© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
© The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and eproduction in any medium, provided the original work is properly cited.
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presence of different impairments, such as chromatic dispersion (CD), differential group delay
(DGD) and amplified spontaneous emission (ASE) noise.
In the second method, we propose a novel technique of MFR algorithms using the time-frequency
analysis, which is wavelet transform. In conjunction with ANN pattern recognition algorithm,
this method is efficient for features extraction when it approximate both the signal envelop and
frequency content. Continuous wavelet transform (CWT) is used to extract the classification
features of 40 Gbps NRZ-OOK, and used three multi-carriers modulation formats namely
160 Gbps OFDM DP-16QAM, 400 Gbps Dual-Carrier (DC)-Polarization Division Multiplexed
(PDM)-QPSK and 1 Tbps WDM-Nyquist NRZ-DP-QPSK. Through simulations, the proposed
technique is able to classify these modulation schemes under different transmission impairments
with high accuracy.

2. MFR based on ANN trained by LOS
2.1. Principle of the proposed method
An implementation of automatic MFR method of the detected signals, at high data rates
is proposed. We consider the recognition of 10 Gbps NRZ-OOK, 40 Gbps NRZ-DQPSK,
100 Gbps NRZ-DP-QPSK, 160 Gbps DP-16QAM and 1 Tbps WDM-Nyquist NRZ-DP-QPSK.
The basis of this technique is the use of ANN-based pattern recognition trained by the features
of linear optical sampling. The method is validated in the presence of various link impairments
including CD, DGD and ASE noise. Thereby, the ANN concept with the principle of asynchronous sampling is described in the following sections.
2.1.1. ANN architecture
The ANN is a computational tool trained by the use of input-output data to generate a desired
mapping from an input stimulus to the targeted output. The architecture of an ANN consists
of three layers: input, hidden and output layers, also called as multilayer perceptron 3 (MLP3),
as shown in Figure 1. The role of the input layer is to pass the input vector to the network,
without computational role. In addition, the ANN architecture has one or more hidden layers
and finally an output layer [1]. Layer of processing elements gives independent computations
of received data. Then, it passes the result to another layer. In turn, the next layer also passes
on the result to another layer after making it independent computations. At the end, the output
of the network is determined by a subgroup of one or more processing elements. Each
processing element makes its computation based upon a weighted sum of its inputs.
As shown in Figure 1, it is used for MFR by assigning output nodes to represent each format
type. In our case, to recognize these modulation formats, five output nodes such as 10 Gbps
NRZ-OOK, 40 Gbps NRZ-DQPSK, 100 Gbps NRZ-DP-QPSK, 160 Gbps DP-16QAM and 1 Tbps
WDM-Nyquist NRZ-DP-QPSK are required. In the training data, the target output vectors ti,
(i = 1, …, m) can be considered as binary vectors with elements with values of “1” indicating the
correct modulation formats and elements with values of “0” indicating the incorrect formats. m is
the number of modulation formats to be recognized (m = 5). In this way, the target vectors of
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Figure 1. MLP3-ANN structure with amplitude histograms bins vector as input and identified modulation format as
output.

these five used modulation formats would be represented by [1, 0, 0, 0, 0], [0, 1, 0, 0, 0], [0, 0, 1, 0,
0], [0, 0, 0, 1, 0] and [0, 0, 0, 0, 1], respectively. The posterior probability is considered at the
output of the multilayer perceptron. Hence, the final recognition goes to the node with the
highest value argmax(yi). Taken an example of output vector with elements [0.05, 0.01, 0.03, 0.9,
0.01], the most probable identification would be 160 Gbps DP-16QAM format.
Amplitude histograms are represented at the input of the ANN with back propagation (BP)
learning method. The basic processing elements of the ANN, called neurons, of neighboring
layers are interconnected by varying the coefficients that represent the strengths or weights of
the respective connections. Each neuron is computed as the weighted sum of the input signals
Xi, (i = 1, …, m) transformed by the transfer function, as shown in Figure 2. The learning
capability of an artificial neuron is achieved by adjusting the weights Wki, (i = 1, …, m) in
accordance with the chosen learning algorithm. Weights of the perceptron can amplify or
reduce the original input signal. Adding the weighted signals before passing into the activation function is essential to convert the input into a more useful output (Yk). Different types of
activation function exist but one of the simplest would be step function.

Figure 2. McCulloch-Pitts computational model of a neuron.
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The architecture of ANN for recognition problems requires some guidelines. More neurons
need more computation and they have a tendency to overfit the data when the number is set
too high, which justifies the choice of MLP3 architecture.
2.1.2. Linear optical sampling for amplitude histograms
In the literature, optical sampling proved necessary for a variety of experiments. Optical
signals are sampled by means of optical or even opto-electrical gates. This technique covers
LOS systems that enable the measurement of amplitude histograms and eye diagrams.
Some publications in this field date back to the mid-1990s, when the first optically sampled
eye diagrams of 10 Gbps optical data signals were published [2, 3]. The LOS technique allows
us the processing of signals at high speeds, like in our case when using WDM-Nyquist
system. Received signals are asynchronously oversampled to generate amplitude histograms. These histograms define the own signature or traces of the five used modulation
formats. Figure 3 shows an example of cleaned histogram on back-to-back (a) and an
impaired one after a fiber transmission (b,c). Correspondent eye diagram is also showed in
the figure (2nd column).
It is clear from the histograms that the location of each peak correspond to a particular
intensity level of the formats constellations. By definition, amplitude histograms are the empirical distribution of the received signal power. Therefore, they are sensitive to changes in optical
signal-to-noise ratio (OSNR), CD and polarization mode dispersion (PMD) of the transmission

Figure 3. Generated amplitude histograms on back-to-back (b), after fiber transmission (c), and in the presence of DGD
(c) [4].
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link. As given in Figure 3(c), histogram characteristics changes significantly regarding the
optical link impairments and distances.
2.2. Simulation design
In Figure 4, the simulation design of the proposed method for automatic MFR is shown. Five
different transmitters generates NRZ-OOK at 10 Gbps, NRZ-DQPSK at 40 Gbps, NRZ-DPQPSK at 100 Gbps, DP-16QAM at 160 Gbps and WDM-Nyquist NRZ-DP-QPSK at 1 Tbps. The
pseudorandom binary sequence (PRBS) is of length 214 – 1. Then, using a variable optical
attenuator (VOA), generated output signals are decreased, which affects the gain of the optical
amplifier (OA). The latter is used to emulate the effect of optical signal-to-noise ratio (OSNR)
by tuning the noise figure and add a variable amount of ASE noise into the signals. As a result,
the OSNR values are adjusted in the range between 10 and 30 dB with steps of 2 dB and are
then transmitted over a single mode fiber (SMF). By using the CD/PMD (polarization mode
dispersion) emulator, the accumulated CD of the link varied in the range of 0–510 ps/nm (steps
of 17 ps/nm) to reach 30 km fiber transmission, while the DGD is introduced in the range of 0–
14 ps with steps of 2 ps. An optical filter optical band pass filter (OBPF) is used to select the
carrier whose modulation format need to be recognized.
Using an optical switch (SW) in the detection stage, the NRZ-OOK signal is directly detected
with single photodetector, while coherent receivers detect other formats. Using polarization
beam splitter (PBS), the detected signal is split into two orthogonal polarization states. Each
output is coupled with the signal derived from the local oscillator (LO). A single-polarization is
detected in the case of NRZ-DQPSK signal. In the MFR block, signals are asynchronously
oversampled with a rate of 16 samples/bit to have 262,144 amplitude samples. The amplitude
histograms of the five used modulation formats are shown in Figure 5 (2nd and 3rd columns).
Besides, when considering the OSNR equal to 16 dB, DGD at 10 ps for 10 km fiber length (3rd
column), these histograms stay again different from each other. Typical eye diagrams are also
showed in the 1st column of the figure. Later, these histograms are used in the ANN module
for formats classification, as described in the previous section. The number of neurons in
hidden layer is optimized to be 30 neurons using the incremental-constructive approach [1].
With n input and m output neurons, the training set is given as {(X1; t1), …, (Xp; tp)}, where
P = 27,280 is the size of the entire data corresponding to different OSNR (11 values), CD (31
values), DGD (8 values) and modulation types at two polarization states, n = 100 is the number
of histograms bins. More precisely, we want to minimize the error function of the network, the
MSE, defined as ||y  t||2. When training multilayer networks, the overall data set is randomly divided, with 60% used for training, 15% for validation and 25% for testing. On the
other side, the results of the simulations indicate that the Levenberg-Marquardt (LM) training
algorithm provides high correct recognition ratios [5].

Figure 4. Outline of simulation setup.
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Figure 5. Link impairments variation effect to amplitude histograms and eye diagrams, for the five used modulation
formats: (a) 10 Gbps NRZ-OOK, (b) 40 Gbps NRZ-DQPSK, (c) 100 Gbps NRZ-DP-QPSK, (d) 160 Gbps DP-16QAM and (e)
1 Tbps WDM-Nyquist NRZ-DP-QPSK with OSNR = 16 dB (2nd column) and OSNR = 16 dB, DGD = 10 ps, CD = 170 ps/
nm (3rd column).

Using our previous settings, we reach the minimum of MSE on 3.67  107 for 27 epochs
leading to abort the training process, as illustrated in Figure 6. This amelioration reduces the
required time for ANN training process, which depends on ANN size, type of learning
algorithm, size of the training data set and the desired degree of accuracy.
2.3. Modulation formats recognition
The previously described system of MFR has validated with test cases comprising five modulation formats. Training data sets are arranged into 16,368 input vectors xi (60%), and then
numerous simulations using different combinations of OSNR, CD and DGD are performed.
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Figure 6. Effect of epoch’s number on MSE variation for training (black), validation (grey) and testing (silver) data sets.

The results of the testing data sets (6820 input vectors xi) are depicted in Figure 7 and five
elements of ANN output vectors yi are shown. Each output represents a particular modulation
type among 10 Gbps NRZ-OOK, 40 Gbps NRZ-DQPSK, 100 Gbps NRZ-DP-QPSK, 160 Gbps
DP-16QAM and 1 Tbps WDM-Nyquist NRZ-DP-QPSK.
Indeed, one output yi reaches a maximum value than the others, as clearly shown in the figure,
which represents the modulation format. For that, there is no ambiguity in the classification
process because of this large separation. The five-used modulation formats are well recognized
with good accuracies, as given in the all cases represented in Figure 7.
After ANN training, the recognition accuracy is validated with different set of testing data.
Table 1 shows the obtained results, and it is apparent that 100% accuracy is obtained for
10 Gbps NRZ-OOK, 40 Gbps NRZ-DQPSK and 160 Gbps DP-16QAM with small differences
in recognition probabilities (i.e., 99.99% and 99.98%) for the other formats.
An unannounced precision ambiguity between 100 Gbps NRZ-DP-QPRK and 1 Tbps WDMNyquist NRZ-DP-QPSK modulation formats has observed. This is due to the use of the same
coding scheme, which is the QPSK. As previously stated at the outset, our simulations are
performed under various impairments of ASE noise, CD and PMD but the recognition accuracy
remains high up to 99.99%. This result is an improvement compared to other works presented in
the literature (99.6%, 99.95%) [6, 7].
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Figure 7. The ANN outputs yi for 5 used modulation formats in response to the 6200 test cases representing input vectors xi.

Recognized modulation format
Current modulation
format

10 Gbps
NRZ-OOK

40 Gbps
NRZ-DQPSK

100 Gbps
NRZ-DP-QPSK

160 Gbps
DP-16QAM

1 Tbps WDM-Nyquist
NRZ-DP-QPSK

10 Gbps NRZ-OOK

100%

–

–

–

–

40 Gbps NRZ-DQPSK

–

100%

–

–

–

100 Gbps NRZ-DP-QPSK

–

–

99.99%

–

0.01%

160 Gbps DP-16QAM

–

–

–

100%

–

1 Tbps WDM-Nyquist
NRZ-DP-QPSK

–

–

0.02%

–

99.98%

Table 1. Recognition accuracies of the five used modulation formats using the proposed automatic MFR technique.

3. MFR based on ANN trained by wavelet transform
3.1. Theoretical background
Different mathematical guidelines are used in the defined MFR block of this technique. Before
moving to the ANN classifier, it allows the features extraction of all received signals. In our
study, we chose the wavelet transform for the multiresolution analysis (MRA). In addition, to
accomplish the classification mission, the singular value decomposition (SVD), as a factorization tool of matrix, is used. The different blocs of our MFR module are shown in Figure 8.
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Figure 8. Different blocs of the optical MFR module.

3.1.1. Wavelet transform and features extraction
Wavelet transform analysis is one of the most popular non-stationary signals processing tool.
In this method, continuous wavelet transform (CWT) is used for its ability to construct in time
and frequency domain a good representation of treated signals. It is also used to extract the
necessary features of each received modulation format [8].
In the following integral, the CWT of the signal f(t) ∈ Z is expressed at a scale a > 0 and
translational value b ∈ R:
CWT ða; bÞ ¼

þ∞
ð

�∞

f ðtÞѰ∗a, b ðtÞdt

(1)

where CWT(a, b) define the wavelet transform coefficients, * denotes complex conjugate and
Ѱa, b(t) is the baby wavelet comes from time-scaling and translation of mother wavelet Ѱ(t) as
described in Eq. (3).
�
�
1
t�b
Ѱ
Ѱa, b ðtÞ ¼
(2)
a
√a
Recently, the selection of the mother wavelet function as well as the decomposition level of
signal is the most indispensable challenge in wavelet analysis. It includes Haar, Meyer, Morlet,
Symlet, Daubechies and coiflet wavelets [8]. In our case, the Haar wavelet is chosen due to its
simple form and also its computation is still easy. It is given in the following equation as a
continuous function in both; the time and frequency domain:
8
T
>
>
1
if 0 ≤ t ≤ ,
>
>
<
2
T
,
(3)
Ѱ ð tÞ ¼
�1
if ≤ t ≤ T
>
>
>
2
>
:
0 otherwise:

Give s(t), with 0 < t < Ts, the received optical waveform in a complex form described as:
sðtÞ ¼ fðtÞ þ nðtÞ ¼ ~f ðtÞejð2πf c tþθc Þ þ nðtÞ,

(4)

where Ts is the symbol duration, θc is the carrier initial phase, fc is the carrier frequency, n(t) is
the complex ASE noise and ~f ðtÞ is the complex envelope of the signal f(t) defined indifferently
for each modulation format:
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•

For PSK signals:
~f ðtÞ ¼
PSK

N
pﬃﬃﬃ X
S
ejφi hT s ðt � iT s Þ,

(5)

i¼1

with N the number of observed symbols, hTs(t) is the pulse shaping function of duration Ts, S is
the average signal power and φi∈{(2π/N)(m � 1) , m = 1 , 2 , … , N},
•

For QAM signals:
~f
QAM ðtÞ ¼

N
X
i¼1

ðAi þ jBi ÞhT s ðt � iT s Þ,

(6)

where (Ai, Bi) are the assigned QAM symbols.
•

For NRZ-OOK signal:
~f
NRZ�OOK ðtÞ ¼

N
X
i¼1

di hT s ðt � iT s Þ,

(7)

with di = {0, 1} symbols.
An example of CWT for the four used modulation formats (40 Gbps NRZ-OOK, 160 Gbps
OFDM DP- 16QAM, 400 Gbps DC PDM-QPSK and 1 Tbps WDM-Nyquist NRZ-DP-QPSK) is
shown in Figure 9, where we choose a scale a = 100. From the figure, it is clear that each
modulation format has its own features in terms of CWT amplitude and number of peaks.
3.1.2. Singular value decomposition
SVD is the most important applicable matrix factorization used for signal processing and
statistics. This tool is used to solve the least squares problems, and provides the best way to
approximate a matrix with one of lower rank.
Given a real or complex matrix A having m rows and n columns, the matrix product UΣV∗ is
the singular value decomposition for the given matrix A if:
•

U and V, respectively, have orthonormal columns;

•

Σ has non-negative elements on its principal diagonal and zeros elsewhere and

•

A = UΣV*.

In addition, if σ is a non-negative scalar, and u and v are nonzero m- and n-vectors, respectively,
Av ¼ σu and Au ¼ σv

(8)

where σ is a singular value of A and u and v are corresponding left and right singular vectors,
respectively.
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Figure 9. The continuous wavelet transform of four used modulation formats for only 3000 input symbols at
OSNR = 20 dB, residual dispersion = 170 ps/nm and DGD = 10 ps where the scale a = 100.

p

In fact, the diagonal elements {σi} of Σ are the singular values of A. The columns fui gi¼1 of U
q

and fvi gi¼1 of V are left and right singular vectors of A, respectively.
3.1.3. ANN classifier

Features extraction of received signals is accomplished using CWT and SVD. In the last step,
the pattern recognition method based on ANN is used for our statistical learning model. Its
architecture is described in Figure 10. It is structured as an interconnected group of artificial
neurons, which use a computational model or mathematical model for information processing.
As given in the figure, the ANN is an adaptive system that changes its structure based on
external or internal information that flows through the network. Precisely, the architecture of
the ANN varies, but generally, it consists of several layers of neurons.

Figure 10. Three-layered feed-forward artificial neural network configuration.
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In this technique, we also used the MLP3 for the modulation format identification by assigning
output nodes to represent each format. Four output neurons in the output layer represent the
40 Gbps NRZ-OOK, 160 Gbps OFDM DP-16QAM, 400 Gbps DC PDM-QPSK and 1 Tbps
WDM-Nyquist NRZ-DP-QPSK modulation formats. As designed previously, before training
the network, the multilayer perceptron output can be considered as the highest probability,
which represent one from the four modulation types. Eigenvalues after the SVD for each
modulation format are represented at the input of the ANN. The multilayer perceptron used
in this architecture requires four output neurons representing the number of format types.
3.2. Design of the proposed method
The setup of the proposed MFR technique is shown in Figure 11.
The four used modulation formats are generated with carrier frequency equal to 193.1 THz.
Using a variable optical attenuator (VOA), the injected power is tuned and passed through an
optical amplifier (OA) that undergo the ASE noise effect at higher gain amplifier. As a result,
the OSNR of the signals is adjusted in the range of 10–35 dB (steps of 5 dB). Then, using a CD/
PMD emulator, chromatic dispersion is varied from 85 to 510 ps/nm (steps of 85 ps/nm) to
reach 30 km on SMF, and the DGD between 0 and 20 ps (steps of 5 ps). The appropriate carrier
to be classified is selected by an OBPF. As described in Figure 8, in MFR block, using the CWT,
each received signal is processed by scaling factor up to 128 without amplitude normalization.
Moreover, with length equal to 3, the median filter was applied to extract the features set and
remove the peaks. In addition, we make the SVD to the time-scale parameters of the wavelet
coefficients matrix and obtain the eigenvectors as the final characteristic vectors for each
received signal. Finally, we reach the ANN classifier as described in the previous section,
where for each modulation format we generate 150 realizations with 65,536 symbols
corresponding to different combinations of CD, DGD and OSNR.

Figure 11. Proposed modulation recognition system.

Modulation Format Recognition Using Artificial Neural Networks for the Next Generation Optical Networks
http://dx.doi.org/10.5772/intechopen.70954

The number of neurons in hidden layer is optimized to be 25 neurons. In addition, 128 input
neurons representing the eigenvalues after SVD for each input modulated signal are used, in
addition to 4 output neurons to design the modulation formats to be recognized.
In the training process, the input vectors are randomly divided, with 65% used for training,
20% for validation and 15% for testing. On the other side, using LM training algorithm and
reducing the MSE (3.71  105 for 10 epochs) optimize the identification rates and minimize
the computation time.
3.3. Modulation formats classification
The proposed classification method is demonstrated at high bit rates for the four used optical
modulation formats including 40 Gbps NRZ-OOK, 160 Gbps OFDM DP-16QAM, 400 Gbps
DC PDM-QPSK and 1 Tbps WDM-Nyquist NRZ-DP-QPSK. For each modulation type, to
verify the robustness of our method, 150 realizations with 65,536 symbols have been used. All
signals are transmitted through ideal (B-to-B) and impaired channels. The simulation results
are given Figures 12–14.
The plot of the probabilities of recognition against OSNR is given in Figure 12. The OSNR is in
the range of 10–35 dB. 100% correct identification was observed for 160 Gbps OFDM DP16QAM and 1 Tbps WDM-Nyquist NRZ-DP-QPSK at higher OSNR values. In contrast, for

Figure 12. Percentage recognition versus OSNR values for NRZ-OOK, OFDM DP-16QAM, DC PDM-QPSK and WDMNyquist NRZ-DP-QPSK modulation types.
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Figure 13. Percentage of correct identification for four used modulation formats depending upon residual dispersion for
OSNR = 20 dB.

Figure 14. Percentage of correct identification for four used modulation formats depending upon DGD where
OSNR = 20 dB.
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lower OSNR values (lower than 15 dB), a challenging problem remains for NRZ-OOK identification, which reached values between 80 and 90%. This misclassification is because of its
coding properties, where to extract its features, the wavelet transform located ambiguities.
The modulation format can also be recognized correctly when varying the CD, as described
earlier in Figure 13. From the simulation, the residual dispersion varies between 85 and 510 ps/
nm with OSNR = 20 dB. The 160 Gbps OFDM DP-16QAM and 1 Tbps WDM-Nyquist NRZ-DPQPSK still having the highest recognition probabilities (~100%). Furthermore, 40 Gbps NRZOOK and 400 Gbps DC PDM-QPSK reached the minimum values of identification accuracies,
that is, 90% for residual dispersion more than 350 ps/nm. In the main, when increasing
the residual dispersion values, all probabilities of recognition decreases. This is interpreted by
the fact that signal characteristic are widely modified in terms of phase and amplitude with the
chromatic dispersion. For that, the wavelet transform will lose its principal features.
In optical transmissions, in the presence of several impairments that broadly modified the
signals features and makes the formats recognition issue more difficult. We can cite in this case
the impairment caused by the DGD. In Figure 14, we show the probabilities of identification
versus this parameter.
The DGD is between 0 and 20 ps with steps of 5 ps. The misclassification percentage for 40 Gbps
NRZ-OOK signal remains with a small difference for 160 Gbps OFDM DP-16QAM and rises
when the DGD is greater than 15 ps. 400 Gbps DC PDM-QPSK and 1 Tbps WDM-Nyquist NRZDP-QPSK modulation formats still having the highest accuracies when the DGD is less than
10 ps and begin to decrease for DGD values more than 15 ps. It is suspected that this error is due
to the effect of SOP induced by the PMD. It is based on the DGD and the frequency, and it varies
differently for each modulation format with the optical carrier, after fiber transmission.
Table 2 shows the recognition results of the neural network when OSNR is equal to 30 dB. For
160 Gbps OFDM DP-16QAM and 1 Tbps WDM-Nyquist NRZ-DP-QPSK formats, we obtain
100% correct classification, while 40 Gbps NRZ-OOK and 400 Gbps DC PDM-QPSK were
identified at 96.6% and 98%, respectively. An ambiguity of identification for these formats is
increased to 3% at higher DGD and CD. This misclassification is due to the fact that the signal
features (phase, amplitude, etc.) are infected in the presence of signal impairments. Thereby,
CWT proves a difficulty to sign these formats and extract their eigenvalues.

Classified modulation format

Received modulation format

40 Gbps
NRZ-OOK

160 Gbps OFDM
DP-16QAM

400 Gbps CD
PDM-QPSK

1 Tbps WDM-Nyquist
NRZ-DP-QPSK

40 Gbps NRZ-OOK

96.6%

–

3%

0.4%

160 Gbps OFDM DP-16QAM

–

100%

–

–

400 Gbps CD PDM-QPSK

1.4%

–

98.2%

0.4%

1 Tbps WDM-Nyquist NRZ-DP-QPSK

–

–

–

100%

Table 2. Recognition rates at OSNR = 30 dB.
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The robustness of this technique is evaluated and the simulated results show that the correct
modulation identification scheme is possible even at all channel parameters ranges: OSNR
between 10 and 35 dB, CD from 85 to 510 ps/nm and DGD in the range of 0–20 ps for all
modulation formats mentioned previously. We reached higher identification accuracies at
high bit rates which facilitates the performance monitoring process (OPM) for the network
management.
From the results obtained, it is found that the method employing the amplitude histograms is
simple and more robust to impairments link, than the other one using CWT, for features extraction. Moreover, the asynchronous amplitude histograms (AAH) generation followed by ANN is
rapid on time response compared to the method using CWT for features extraction. Besides the
modulation formats, identification ambiguities is more apparent for the second method.

4. Summary
In this chapter, two cost-effective techniques for intensity and phase-modulated systems have
been proposed and demonstrated. Both methods employ ANN for pattern recognition in
conjunction with features extraction approaches and digital signal processing.
In the first method, asynchronous amplitude sampling is the features extraction method. For
high-speed optical communications, new approach using ANN trained by the features of linear
optical sampling is implemented. For the demonstration of the proposed method, 10 Gbps
NRZ-OOK, 40 Gbps NRZ-DQPSK, 100 Gbps NRZ DP-QPSK, 160 Gbps DP-16QAM and 1 Tbps
WDM-Nyquist NRZ-DP-QPSK modulation formats are considered. The efficiency of this technique is demonstrated in the presence of different transmission link parameters, such as CD,
DGD and OSNR. Simulation results demonstrate successful recognition from a known bit rates
with higher estimation accuracy, which exceeds 99.8%. For this method, asynchronous sampling with a rate greater than symbol rates is successfully utilized to have the maximum
features for each received signal. Thereby, due to the simplicity of ANN implementation and
the use of only amplitude samples, the proposed techniques enable the identification of various modulation formats at different bit rates with high accuracies.
The second technique presents a new achievement using the continuous wavelet transform
(CWT) for features extraction. It offers the best time and frequency localization. In that case,
Haar wavelet and SVD followed by ANN pattern-recognition are used to achieve the classification process. This method is advantageous because its cost effectiveness and its flexibility. To
demonstrate the validity of this technique, we consider the classification of 40 Gbps NRZOOK, and three multi-carriers modulation schemes such as 160 Gbps OFDM DP-16QAM,
400 Gbps DC-PDM-QPSK and 1 Tbps WDM-Nyquist NRZ-DP-QPSK. The effect of each
channel parameter to the probability of recognition has been also observed. In particular, it
has been found that the correct identification was observed at higher OSNR values. While, an
increase of CD and DGD affects the accuracy of recognition and limits the measurement
ranges. Despite the presence of link impairments, and because the CWT is resistant to the noise
in the signal, the classification of these formats remains possible with good precision.
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Abstract
Living organisms can act autonomously because biological neural networks process the
environmental information in continuous time. Therefore, living organisms have
inspired many applications of autonomous control to small-sized robots. In this chapter,
a small-sized robot is controlled by a hardware artificial neural network (ANN) without
software programs. Previously, the authors constructed a multilegged walking robot.
The link mechanism of the limbs was designed to reduce the number of actuators. The
current paper describes the basic characteristics of hardware ANNs that generate the
gait for multilegged robots. The pulses emitted by the hardware ANN generate oscillating patterns of electrical activity. The pulse-type hardware ANN model has the basic
features of a class II neuron model, which behaves like a resonator. Thus, gait generation
by the hardware ANNs mimics the synchronization phenomena in biological neural
networks. Consequently, our constructed hardware ANNs can generate multilegged
robot gaits without requiring software programs.

Keywords: hardware artificial neural networks, pulse-type hardware neuron model,
gait, multilegged robot, MEMS, link mechanism, class II neuron model, synchronization
phenomena

1. Introduction
Many types of multilegged robots have been developed for various applications [1–3]. Most of
these robots were bioinspired by the structures, features, and excellent functionalities of living
organisms [4, 5]. Living organisms autonomously operate under the control of small-sized
neural networks. Therefore, researchers have begun studying artificial neural networks
(ANNs) for robot control [6–10]. Biological neural networks are universally characterized by
oscillatory patterns of electrical activity. These patterns govern several functions of living
organisms, such as heart rhythms, movements, and swallowing [11, 12]. The oscillatory patterns
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of living organisms can be clarified through coupled neuron models, which have two categories:
class I and class II [13]. Given that the class II model is more easily synchronized than the class I
model, the class II model is applied in studies of synchronization phenomena. Famous class II
neuron models include the Hodgkin-Huxley model [14] and Bonhoeffer-van der Pol model [15],
mathematical neuron models that form the basis of bioinspired oscillatory pattern generation
[16–18]. Most of the central pattern generators (CPGs) designed for the synchronized locomotion
control of multilegged robots [6–8] are also constructed by mathematical neuron models. A CPG
model using mathematical neuron models can be implemented on a field programmable gate
array (FPGA). However, an FPGA board cannot be mounted on a millimeter-sized robot system
because of its size. Instead, oscillatory patterns for very small robots can be generated by
hardware neuron models. Hardware rings of coupled oscillators, which can generate various
oscillatory patterns by using the synchronization phenomena [19, 20], have been employed as
the structural elements of ANNs. However, given that most of the hardware neuron models
contain inductors in their circuit architectures [19–22], they are difficult to implement in an
integrated circuit (IC); thus, the use of such models is disadvantageous on the circuit scale [23].
In particular, ICs can be combined with mechanical parts of the robot by using microelectromechanical system (MEMS) technology, which can reduce the robot size to the millimeter scale.
The authors are studying hardware ANNs based on a pulse-type hardware neuron model [24–
27] with the same basic features as biological neurons. Specifically, this model possesses
spatiotemporal summation characteristics, a threshold period, and a refractory period and
generates oscillating patterns of electrical activity. Furthermore, the pulse-type hardware neuron model requires no inductors; therefore, the system is easily implemented in an IC.
Previously, the authors proposed two types of prototype multilegged robots: a quadruped
robot approximately 10 cm in size [26] and a hexapod robot approximately 5 mm in size [27].
Both multilegged robots move their limbs by stepping motions. A multilegged robot usually
needs actuators for each joint. In our multilegged robots, the number of actuators is reduced by
a link mechanism, and the gait is controlled by a hardware ANN. The hardware ANN consists
of 4 excitatory synaptic models, 16 inhibitory synaptic models, and 8 cell body models for the
quadruped robot [26], and 12 inhibitory synaptic models and 4 cell body models for the
hexapod robot [27–29].
This chapter describes the basic characteristics of the hardware ANNs that generate the gait
of multilegged robots. After briefly introducing both types of multilegged robots, it discusses
the hardware ANNs and mathematically describes the characteristics of the pulse-type hardware neuron model. The oscillation characteristic of the model requires a negative resistance
and is described in a phase plane. The synchronization characteristics of connected hardware
ANNs are also discussed. Finally, the hardware ANNs are validated in locomotion tests of the
multilegged robot.

2. Multilegged robots
The quadruped and hexapod robots have been described in previous works [26, 27]. This
section briefly introduces the mechanical components of the fabricated multilegged robots.
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2.1. Quadruped robot
The width, length, and height dimensions of the quadruped robot are 130, 140, and 90 mm,
respectively (see Figure 1). The quadruped robot is constructed from mechanical and electrical
components. The mechanical components comprise the body frame, four servo motors, link mechanisms, and four legs. The electrical components consist of the control board, hardware ANNs, and
battery. The limbs and body frame are made from aluminum base alloy 2017 and aluminum base
alloy 5052, respectively. The mechanical parts are fabricated by a computerized numerical control
machining system. The four legs of the quadruped robot system are actuated by four servo motors,
and the stepping motion of each leg is generated by the link mechanisms. The servo motor is an
HSR-8498HB (Hitec Multiplex Japan) model, which generates sufficient maximum torque to
actuate the robot. The mechanical components of the quadruped robot are detailed in [26].
Figure 2 shows the relative phase difference of the quadruped gait pattern under a given driving
rhythm of the actuators. The relative phase difference is referenced to the left forelimb (0 ). Under
various actuation rhythms, the quadruped robot generates different gait patterns. Figure 2
displays five typical gait patterns: walk, trot, pace, bound, and gallop. The directional changes
and turning of the quadruped robot are not realized at present. The robot gait is easily controlled
by software programs implemented on a control board. However, in the proposed robot control,
the software program for generating the locomotion rhythms is replaced by a hardware ANN.
2.2. Hexapod robot
The fabricated hexapod robot is displayed in Figure 3. The robot is 4.0 mm wide, 2.7 mm long,
and 2.5 mm high. Two ground (GND) wires and eight signal wires (all made of copper) extend
above the robot. The hexapod robot walks when the signal wires are connected to the hardware ANNs. The structure and stepping motion of the robot mimic those of an ant. The antlike stepping motion is a series of tripod configurations in which two groups of three legs
alternate between swing and stance phases (see Figure 5 in [29]). The hexapod robot comprises

Figure 1. Image of the constructed quadruped robot.
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Figure 2. Relative phase difference of quadruped gait patterns for different driving rhythms of the actuators. LF, RF, LH,
and RH refer to left forelimb, right forelimb, left hindlimb, and right hindlimb, respectively.

the frame parts, small-sized actuators, and link mechanisms. The small-sized actuators are
constructed from artificial muscle wire. All mechanical parts are made from silicon wafers of
various thicknesses (100, 200, 385, and 500 μm). The parts were shaped by dry etching by
photolithography-based inductively coupled plasma [30]. The small-sized actuator consists of
four pieces of artificial muscle wire, as well as the shaft, rotor, and GND wire. The frame
components and rotors are connected by the artificial muscle wire, which functions as a shape
memory alloy [31]. The artificial muscle wire is BMX50 (BioMetal® Helix, available online at
http://www.toki.co.jp [32]). The mechanical components of the hexapod robot are detailed in
previous works [27, 29].
Figure 4 shows the leg motions of the hexapod robot. The artificial muscle wire shrinks
at high temperatures and extends at low temperatures. Therefore, when an electric current is applied through the wire, the resulting heat displaces the four pieces of artificial
muscle wire, and the rotor rotates. The wire is cooled by stopping the current flow. Thus,
the actuator is rotated by changing the sequence of the input current. The link mechanism transmits the rotational movements of the rotor to the three legs on one side. This
design requires only two small-sized actuators (one on each side of the robot) to actuate
the six legs.
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Figure 3. Image of the constructed hexapod robot.

Figure 4. Leg motions of the hexapod robot.

Figure 5. Relative phase difference of hexapod gait patterns for different driving rhythms of the actuator.
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Figure 5 shows the relative phase differences of the hexapod gait patterns for different driving
rhythms of the actuator. To heat the artificial muscle wires, an input pulse of amplitude 50–
100 mA, period 2 s, and width 0.5 s is required. Therefore, the hexapod robot requires 2 s to
complete one locomotion cycle. As mentioned above, the length of the artificial muscle wire
depends on the temperature. Specifically, the wire shrinks when heated and extends when
cooled. Heating the artificial muscle wires from A to D and from D to A in Figure 4 drives the
hexapod robot forward and backward, respectively. The locomotion pattern is a 180 phase
shift at each side, which mimics the locomotion of an ant. If the input pulse is narrower than
0.5 s, the thermal heating by the driving current is insufficient to shrink the wire. By contrast, if
the input pulse is wider than 2 s, the thermal heating by the driving current is excessive, and
the cooling is insufficient to extend the wire.

3. Hardware artificial neural networks
The hardware ANNs are based on a pulse-type hardware neuron model of class II, specifically,
a Hodgkin-Huxley model and a Bonhoeffer-van der Pol model [28]. This section describes the
circuit diagrams and the basic characteristics of the pulse-type hardware neuron model. The
synchronization phenomena of the hardware ANNs are also discussed.
3.1. Pulse-type hardware neuron model
Figure 6 shows the circuit diagrams of the pulse-type hardware neuron model, which comprises a cell body model and two synaptic models. The cell body model (Figure 6a) includes a
voltage control-type negative resistance, an equivalent inductance, resistors R1 and R2, and a
membrane capacitor CM. The voltage control-type negative resistance circuit with equivalent
inductance consists of an n-channel MOSFET M1, a p-channel MOSFET M2, a voltage source
VA, a leak resistor RL, another resistor RG, and a capacitor CG. The cell body model generates
oscillating patterns of electrical activity vM (t). vG (t) is the voltage between both ends of

Figure 6. Circuit diagram of the pulse-type hardware neuron model. (a) Cell body model, (b) excitatory synaptic model,
and (c) inhibitory synaptic model.
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capacitor CG. vM (t) and vG (t) are, respectively, governed by the following simultaneous
differential equations.
CM

dvM ðtÞ vs ðtÞ vM ðtÞ vM ðtÞ � vG ðtÞ � V A
�
�
þ iΛ ðvM ðtÞ; vG ðtÞÞ,
¼
RG
dt
Rin
RL

(1)

dvG ðtÞ vM ðtÞ � vG ðtÞ � V A
:
¼
RG
dt

(2)

CG

A time-dependent nonlinear current iΛ(vM(t),vG(t)) flows through the negative resistance circuit.
The governing equations of iΛ(vM(t),vG(t)) under the three possible conditions are given by the
following:
Condition 1 : vG ðtÞ þ V A þ V Tn þ V Tp < vM ðtÞ ≤ V Gp þ V Tp ,
iΛ ðvM ðtÞ; vG ðtÞÞ ¼

2
β
A þ B þ V Gp
8

(3)

Condition 2 : V Gp þ V Tp < vM ðtÞ ≤ vG ðtÞ þ V A þ V Tn ,


2
β∙A2 A � 2 B þ V Gp
iΛ ðvM ðtÞ; vG ðtÞÞ ¼

2
8 A þ B þ V Gp

(4)

Condition 3 : vG ðtÞ þ V A þ V Tn < vM ðtÞ ≤ V A ,
iΛ ðvM ðtÞ;vG ðtÞÞ¼






β ðV A �vM ðtÞÞðV A �vM ðtÞþ2AÞ V A þvM ðtÞ�2 V Tp þV Gp V A �3vM ðtÞþ2 V Tp þAþV Gp

2
8 AþBþV Gp

(5)

β

με

∙R2
, ¼ 2t WL ,and VTn and VTp are the threshold
where A¼vG ðtÞþV Tn ,B¼V Tp �vM ðtÞ,V Gp ¼ RV1AþR
2 2

voltages of the n and p-channel MOSFETs, respectively. VGp is the gate voltage of MOSFET
M2. β is the conductance constant of the MOSFETs (with carrier mobility μ, dielectric constant ε
of the gate insulator, oxide channel thickness t, channel width Wand channel length L).
Although the value of β differs in the n-type and p-type MOSFETs, Eqs. (3–5) become intractable unless the βs are approximated by the same value. The complex case with different βs is
considered in the following numerical analysis.
The circuit parameters of the cell body model are as follows: CG = 4.7 μF, CM = 470 nF, RG = 680 kΩ,
RL = 10 kΩ, R1 = 15 kΩ, R2 = 20 kΩ, and Rin = 50 kΩ. The voltage source VA = 3.5 V. The authors
have used the BSS83 and BSH205 for M1 and M2, respectively. These circuit parameters are set to
allow the cell body model to generate oscillation with amplitude 3.5 V, period 8 s, and width of 2 s.
Figure 6b and c displays the circuits of the excitatory and inhibitory synaptic models, respectively. The spatiotemporal summation characteristics of the synaptic model resemble those of
biological systems. The output vS(t) of the synaptic model is the spatiotemporal summation of the
output voltages of the cell body model vM(t). vES (t) and vIS (t) are described by the following
equations.
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vES ðtÞ ¼


t
RES2 RES4 
�
∙
1 � e RES2 ∙CES ∙vM ðtÞ,
RES1 RES3

vIS ðtÞ ¼ �


RIS2 
� t
1 � e RIS2 ∙CIS ∙vM ðtÞ:
RIS1

(6)
(7)

The spatial summation is performed by the inverting amplifier, whose amplification factor
imitates the synaptic weight. Suffixes E and I denote excitatory and inhibitory, respectively.
The temporal summation is realized by the operational amplifier RC integrator. The resistors
and capacitors in the synaptic model are valued at 1 MΩ and 1 pF, respectively. The operational amplifier is an RC4558D.
3.2. Basic characteristics of the cell body model
Figure 7 shows the negative resistance characteristics of the cell body model. The N-shape
characteristic indicates that the negative resistance is voltage control type negative resistance.
When 2.3 < vM (t) < 3.5 (vG(t) = 2.5 V), the negative resistance is provided by the negative resistance
circuit. The amplitude of the negative resistance characteristic can be changed by varying the vG(t).
Figure 8 shows the phase plane of the cell body model. The attractor (solid line in Figure 8) is
the limit cycle. The shapes of the vM(t)- and vG(t)-nullclines confirm the class II neuron characteristics of the cell body model. The same characteristics are observed in the Hodgkin-Huxley
and Bonhoeffer-van der Pol models. The vM(t)- and vG(t)-nullclines intersect at the equilibrium
point. When the equilibrium point dvM/dvG > 0, the cell body model becomes unstable and selfoscillates. By contrast, when dvM/dvG < 0, the cell body model becomes stable. In this chapter,
the equilibrium point is set to the unstable condition dvM/dvG > 0. The unstable and stable
conditions can be switched by varying VA.
3.3. Excitatory-inhibitory neuron pair model
The excitatory-inhibitory neuron pair model comprises two cell body models and two synaptic
models and generates several oscillatory patterns by using the synchronization phenomena.

Figure 7. Negative resistance characteristic of the cell body model. The abscissa is vM (t) and the ordinate is iΛ(vM(t), vG(t)).
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Figure 9 shows the circuit diagram of the excitatory-inhibitory neuron pair model. The cell
body models are mutually coupled by the synaptic models. The excitatory synaptic model
sums the excitatory inputs (output voltage of the cell body model vME and the external input
voltage vextinE). Meanwhile, the inhibitory synaptic model sums the inhibitory inputs (output
voltage of the cell body model vMI and the external input voltage vextinI). Both cell body
models are assigned the same circuit parameters (The synchronization phenomena and
oscillatory patterns of the mutually coupled excitatory-inhibitory neuron pair model are
provided in [28]).

Figure 8. Phase plane of the cell body model. The abscissa is vM(t) and the ordinate is vG(t). The dotted, broken, and solid
lines display the vM(t)-nullcline, vG(t)-nullcline, and attractor, respectively.

Figure 9. Circuit diagram of the excitatory-inhibitory neuron pair model.
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Figure 10. Four sets of excitatory-inhibitory neuron pair models connected by an inhibitory synaptic model. (a) Connection diagram, (b) output waveform when the external trigger pulse generates a walk sequence, (c) output waveform when
the external trigger pulse generates a trot sequence (The waveforms in panels (b) and (c) are the simulation results).
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The synchronization phenomena of the excitatory-inhibitory neuron pair circuit depend on the
connection type of the synaptic model. When the synaptic model connection is excitatory or
inhibitory, the synchronization is in-phase and anti-phase, respectively. The excitatory-inhibitory
neuron pair circuit was incorporated into the hardware ANN for the quadruped robot.
3.4. Hardware neural networks for quadruped robot
Figure 10 shows the four sets of the excitatory-inhibitory neuron pair model connected by an
inhibitory synaptic model. Figure 10a shows the connection diagram, and Figure 10b and c
shows the output waveforms during the walking and trotting sequences in Figure 2, respectively. The motion sequences are initiated by an external trigger pulse. These results show that
to generate a locomotion rhythm of the quadruped robot, the four sets of the excitatoryinhibitory neuron pair model must be connected to the inhibitory synaptic model. The
sequences of the gait pattern differ between walk and gallop and between pace/bound and
trot. The sequences are easily changed by changing the external trigger pulse.
3.5. Hardware neural networks for hexapod robot
Figure 11 shows the circuit diagrams of the pulse-type hardware neuron model with CMOS
circuit. Given that circuit of Figure 6 is difficult to construct in an IC with a limited layout area, it

Figure 11. Circuit diagram of the pulse-type hardware neuron model (equivalent CMOS circuit). (a) Cell body model, (b)
excitatory synaptic model, and (c) inhibitory synaptic model.
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is replaced by a CMOS with an equivalent circuit. In the CMOS circuit, RL and RG in Figure 6a
become the MOS resistors M4C and M3C, respectively. Furthermore, the operational amplifier is
replaced by a simple current mirror circuit. However, the basic characteristics of Figure 11 are
unaffected by changing the circuit elements. The circuit parameters are CGC = 10 μF, CMC = 2.2 μF,
M1C, M2C: W/L = 10, M3C: W/L = 0.1, and M4C: W/L = 0.3 for the cell body model and
CESC = CISC = 1 pF, MES1C-3C, and MIS1C-5C: W/L = 1 for the synaptic model. The voltage sources
of the cell body and synaptic models are VAC = 3.0 V and VDD = 3.0 V, respectively.
Figure 12a shows the connection diagram of the inhibitory mutual coupling in the pulse-type
hardware neuron model. Four sets of the model are coupled by 12 inhibitory synaptic models.
Figure 12b shows a typical output waveform of the equivalent CMOS circuit. The inhibitory
mutual coupling generates anti-phase synchronization, thus confirming that this coupling will
achieve four anti-phase synchronizations. However, the random sequence of the output waveforms must be corrected to the repetitive sequence as shown in Figure 5. The correction is
made by applying a single external trigger pulse.

Figure 12. Inhibitory mutual coupling of four pulse-type hardware neuron models. (a) Connection diagram of inhibitory
mutual coupling and (b) simulated output waveform of the CMOS equivalent circuit (anti-phase synchronization).
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Figure 13. Applying the external trigger pulse to inhibitory mutual coupling of pulse-type hardware neuron models
corrected by an external trigger pulse. (a) Connection diagram of inhibitory mutual coupling, (b) output waveform under
an external trigger pulse (forward walk sequence in Figure 5), and (c) output waveform under an external trigger pulse
(bound sequence in Figure 2). The waveforms in panels (b) and (c) are simulation results.
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Figure 13 shows the inhibitory mutual coupling of the pulse-type hardware neuron models
subjected to a single external trigger pulse. (a) The connection diagram of this system, and (b) a
typical output waveform under the sequence vext1, vext2, vext3, and vext4 of the trigger pulse (the
forward walk sequence in Figure 5). Before applying the external trigger pulse, the output
sequence was vI1, vI2, vI4, and vI3. After applying the pulse, it was corrected to vI1, vI2, vI3, and
vI4. Therefore, the single-pulse correction realizes the forward and backward locomotion patterns
in Figure 5. Note that walking and galloping in Figure 2 and forward and backward locomotion
patterns in Figure 5 are all realized by the four-phase alternating oscillation and differ only in the
order of their output sequences. Figure 13c shows a typical output waveform when the sequence
of the external trigger pulse is vext1, vext2 and (simultaneously) Vext3, Vext4 (the bound sequence in
Figure 2). The bound sequence is not realized by the external trigger pulse. The inhibitory mutual
coupling of the pulse-type hardware neuron model cannot by itself generate the locomotion
patterns of trot, pace, and bound because these motions are two-phase alternating oscillations.

4. Results and discussion
In this section, the gait rhythms generated by the hardware ANNs are tested in a multilegged robot.
4.1. Locomotion of the quadruped robot
Figure 14 shows the discrete circuits of the hardware ANNs. The electrical components were
mounted on a frame-retardant type 4 (FR4) circuit board (The circuit diagram is shown in
Figures 6 and 9.) The hardware ANN consisted of four sets of an excitatory-inhibitory neuron

Figure 14. The hardware ANNs are constructed as discrete circuits.
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pair model connected as shown in Figure 10a. The width and length of the mounted hardware
ANNs are 100 and 80 mm, respectively; therefore, the hardware ANNs are sufficiently small to
install on the quadruped robot.
Figure 15 shows the quadruped robot mounted with the hardware ANN circuit board. The
quadruped robot system is 130 mm wide, 140 mm long, 100 mm high, and 530 g in weight. The
power consumption of the hardware ANNs was approximately 360 mWh.
Walk sequence is the basic motion of the quadruped robot. Figure 16 shows the generated gait
pattern and leg motion of a quadruped robot. Panels (a) and (b) show the driving rhythm of
the (measured) walking gait pattern and the leg motion of the robot, respectively. Under the

Figure 15. Quadruped robot system mounted with the hardware ANNs as shown in Figure 14.

Figure 16. Generated gait pattern and leg motion of a quadruped robot (walk sequence). (a) Waveform and (b) leg motion.
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waveform shown in Figure 16a, the legs move as shown in Figure 16b. In other words, the
generated driving rhythm is a four-phase alternating oscillation with the sequence left foreleg
(LF), right hindleg (RH), right foreleg (RF), and left hindleg (LH).
The locomotion of a walking quadruped robot driven by the hardware ANNs is captured in
Figure 17. The motion patterns resemble those of a quadruped animal, thus confirming that
the driving rhythms generated by the hardware ANNs can realize proper walking behavior.
Moreover, the hardware ANNs can generate various oscillatory patterns without requiring
computer programs.
Under an external trigger pulse, the constructed hardware ANNs can change the gait pattern
of the quadruped robot. A walk-to-trot gait change is illustrated in Figure 18. The external
trigger pulse is generated by a waveform generator applied to the input port (see Figure 10).
Considering that the hardware ANNs can memorize the applied gait rhythm, the quadruped
robot can switch its locomotion pattern by applying an external input to its hardware ANNs.
4.2. Locomotion of the hexapod robot
Figure 19 shows the IC of the hardware ANNs. Panel (a) shows the layout pattern of the bare
IC chip of the hardware ANNs. The design rule of the bare IC chip is four-metal two-poly
CMOS (0.35 μm). The chip is sized (2.45  2.45) mm2. The hardware ANNs are connected as

Figure 17. Locomotion (walk) of the quadruped robot driven by hardware ANNs.
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Figure 18. Example of changing the gait pattern from walk to trot. (a) Waveform and (b) leg motion.

Figure 19. The hardware ANNs are constructed as IC. (a) Layout design and (b) bare IC chip with FR4 circuit board.
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shown in Figure 13. Four cell body models are mutually coupled by 12 inhibitory synaptic
models. The driving waveform of the hexapod robot is generated by the outputs extracted
from the hardware ANNs and the current mirror circuit. Four trigger pulse input ports are also
extracted from the hardware ANNs. The sequence of the locomotion rhythm depends on the

Figure 20. Measured output waveforms of the designed IC.

Figure 21. Locomotion (walking) of the hexapod robot mounted with the hardware ANNs.

Gait Generation of Multilegged Robots by using Hardware Artificial Neural Networks
http://dx.doi.org/10.5772/intechopen.70693

timing of the single external trigger pulse. Figure 19b shows the constructed bare IC chip,
which is fixed to the cavity of an FR4 circuit board by wire bonding.
Figure 20 shows the measured output waveform of the designed IC. The hardware ANNs can
generate the locomotion rhythms observed in living organisms. To sufficiently heat and cool
the artificial muscle wires, the pulse width, period, and amplitude were set to 0.5 s, 2 s, and
75 mA, respectively. The connected helical artificial muscle wires are approximately 50 Ω. As
shown in Figure 20, the output waveform effectively actuates the actuator of the hexapod
robot. The approximate power consumptions of the hardware ANNs and the current mirror
circuit were 0.708 and 488 mWh, respectively. The former almost matches the power consumption of biological neural networks, but the power consumption of the artificial muscle wire was
excessive.
The circuit in Figure 19b was mounted on the hexapod robot. Figure 21 shows snapshots of
the walking hexapod robot system. The driving waveforms generated by the hardware ANNs
actuate the hexapod robot, thus enabling successful locomotion.

5. Conclusions
This chapter describes the basic characteristics of the hardware ANNs as gait generators of
multilegged robots.
The main findings are summarized below.
1.

The basic component of the hardware ANN (namely, the cell body model) has the basic
features of a class II neuron model.

2.

Gait generation by the hardware ANNs uses synchronization phenomena, as observed in
biological neural networks.

3.

The hardware ANNs successfully guided the locomotion of two types of multilegged
robots without requiring software programs or analog digital converters.

Currently, the authors consider replacing the artificial muscle wire by an electrostatic actuator
to reduce the actuating power. The electrostatic actuator will be powered by high-voltage
silicon photovoltaic cells installed in the microrobot system. In future works, the ANNs,
actuator, power source system, and sensory system will be directly integrated into the silicon
frame parts of the microrobot.
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Abstract
High-resolution maps of soil property are considered as the most important inputs for
decision support and policy-making in agriculture, forestry, flood control, and environmental protection. Commonly, soil properties are mainly obtained from field surveys.
Field soil surveys are generally time-consuming and expensive, with a limitation of application throughout a large area. As such, high-resolution soil property maps are only
available for small areas, very often, being obtained for research purposes. In the chapter,
artificial neural network (ANN) models were introduced to produce high-resolution maps
of soil property. It was found that ANNs can be used to predict high-resolution soil
texture, soil drainage classes, and soil organic content across landscape with reasonable
accuracy and low cost. Expanding applications of the ANNs were also presented.

Keywords: ANN, soil drainage, soil texture, soil organic carbon, DEM, topography,
hydrological index, vertical slope position

1. Introduction
1.1. Soil properties
Difference of soils in physical and chemical determined what type of plants grows in a soil or
what particular crops grow in a region. Jack pine (Pinus banksiana), for example, occurs on
coarse sands, poor drainage, and shallow soils, and sugar maple (Acer saccharum) grows best
on deep, fertile, moist, well-drained soils in Ref. [1]. The most important soil properties
included soil texture, soil drainage, and soil organic carbon (SOC).
Soil texture is defined as relative proportions (percentages) of clay, sand, and silt contents.
These percentages are used to confirm soil textural classes in a soil texture triangle (Figure 1).

© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
© The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and eproduction in any medium, provided the original work is properly cited.
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Figure 1. Canadian soil texture triangle in Ref. [2].

Soil texture not only directly affects the porosity of soil, but also determines water-holding and
nutrient-holding capacity, flow characteristics, and long-term soil nutrient regime. For example,
soils with heavy clay in general have higher percentage of smaller pores, higher water-holding
capacity at lower water potentials and are often associated with poorly drained conditions with
limited aeration for plant growth. As a contrast, soils with heavy sand normally have relatively
higher percentage of larger pores with lower water-holding capacity under relatively dry
conditions. Soil texture also affects the risk of soil erosion and soil erodibility.
Soil drainage was defined as the frequency and duration of periods of water saturation or
partial saturation, and soil drainage classes reflect average soil moisture conditions in Ref. [3].
Soil drainage is associated with water-holding and nutrient-holding capacities, flow characteristics, and solute transport. Soil drainage is also directly related to plant growth. For example,
plants grown on soil with poor drainage often suffer from reduced growth, leaf dieback as a
result of root suffocation, and root disease in Ref. [4]. Plants experiencing root decline from
excess water are also more susceptible to attack by secondary diseases and insects in Ref. [5].
Under natural conditions, soil drainage characteristic is one important factor that determines
which types of plants grow on a particular landscape site. For precision forestry and precision
agriculture, high-resolution soil maps are especially important in Ref. [6]. Soil drainage classes
are closely related soil texture and slope position (Figure 2).
Soil organic carbon refers to the carbon (C) occurring in soil organic matter of the soil. SOC can
help to improve soil physical properties by increasing water-holding capacity, stabilizing soil
structure in Ref. [8], soil chemical properties, and nutrients holding capacity in Ref. [9]. From a
land management perspective, SOC plays important roles in reducing soil erosion and improving crop productivity. For this reason, SOC content has been used as a required input variable
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Figure 2. Generalized soil drainage patterns and drainage classes for soils with coarse texture soil (A) and fine texture soil
(B) as influenced by slope position in Ref. [7].

for a number of hydrological simulation models in Ref. [10] and many landscape level models
for estimating soil water retention, cation exchange capacity, and soil bulk density in Ref. [11].
1.2. Mapping soil properties
Field soil surveys have been the primary method for determination of soil properties, including soil texture, soil drainage, and SOC. For mapping purposes, soil surveys are normally
conducted with point samples, either systematically or randomly over a given area, and then
the point data are usually interpolated to produce soil maps. Various interpolation methods
have been used to produce soil maps, especially the kriging method in Ref. [12]. There is a
major limitation about interpolation method, i.e., the assumption that the spatial distributions
and changes of the interpolated properties are continuous. Therefore, large amount of data are
often required to produce accurate high-resolution soil maps. With the purpose of improving
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the interpolation accuracy with sparsely distributed sample points, various improved kriging
methods have been developed in Ref. [13]. However, the methods still require substantial
amounts of field samples to define the spatial autocorrelation and the precision of the resultant
maps will still depend upon the density and distribution of original data points in Ref. [14].
Due to high spatial variability of soil characteristics, large numbers of sampling points are
required to generate an accurate high-resolution soil map. Although the accuracy of a soil map
may be increased with increasing data points, intensive field surveys are expensive and timeconsuming. Furthermore, the accuracy is affected by the quality of the data, which, to a great
extent, depends on the field experience of the soil surveyors in Ref. [15]. As an alternative,
various models have been developed to produce soil property maps.
Statistical models with predictive powers could potentially overcome the problem of interpolation methods in Ref. [16]. Bell et al., for example, related soil drainage class to parent material,
terrain, and surface drainage with the help of discriminant function analysis in Pennsylvania,
USA in Ref. [17]. According to this method, soil drainage probability maps were predicted well
when compared with published soil drainage maps. Campling et al. applied a logistic model
to successfully predict the probability of drainage classes in a tropical area using terrain properties (elevation, slope, distance-to-the-river channel) and vegetation indices from a Landsat
TM image in Ref. [18]. By applying discriminant function analysis and a co-kriging method,
Kravchenko et al. created soil drainage maps using topographical data, i.e., slope, curvature,
and flow accumulation, and soil electrical conductivity data in central Illinois, USA in Ref. [19].
But empirical models derived with traditional statistical methods may hinder the real relationships between soil properties and independent data because the relationships are rarely linear
in nature.
1.3. Artificial neural networks
In recent years, artificial neural network (ANNs) have been increasingly used to overcome
non-linear problems. The ANN is a form of artificial intelligence that was inspired by the
studies of the human neuron and has been used to analyze biophysical data in Ref. [20]. ANNs
have the ability to auto-analyze the relationships between multi-source inputs (including
combinations of qualitative and quantitative data) by self-learning, and produce results without hypothesis. Some ANNs have been successfully used to map soil properties in Ref. [21].
For example, in Licznar and Nearing’s study, soil loss was predicted quantitatively from
natural runoff plots with the ANN method in Ref. [22]. The results showed that correlation
coefficients (predicted soil loss versus measured values) were in the range of 0.7–0.9. Ramadan
et al. applied two different multivariate calibration methods (PCA and back-propagation
ANN) to predict soil properties (sand, silt, clay, etc.) with the help of DNA data from microbial
community in Ref. [23].
1.4. Objectives
In the chapter, we focused on describing a general approach for using ANNs to produce highresolution soil properties, from preparing data, building ANN structure, training ANNs,
optimizing networks, to simulating ANNs.
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2. Data preparation for modeling soil properties
Preparing data, including input data and target data, is an important and indeed a critical step
before building ANN for soil properties.
2.1. Input data
Input data were composed of potential variables that describe or determine the predicting soil
properties, including DEM-generated topo-hydrological variables, such as slope steepness, soil
terrain factor (STF), sediment delivery ratio (SDR), vertical slope position (VSP), topographic
witness index (TWI), and potential solar radiation (PSR) (Figure 3), and existing coarse resolution soil map, such as soil property map, geology map, surficial parent material map, and
hydrologic map, because (1) at local levels, soil properties are assumed to have been modified
by hydrological processes that are associated with topography and they can be modeled with a

Figure 3. The images of slope (A), soil terrain factor (B), sediment delivery ratio (C), vertical slope position (D), topographic witness index (E), and potential solar radiation (F) in the black brook watershed, New Brunswick, Canada.

55

56

Advanced Applications for Artificial Neural Networks

DEM in Ref. [24]; (2) at landscape levels, average soil properties were related to geological
formations and soil parent materials. These landscape features are assumed to have been
captured by existing coarse resolution soil maps.
Soil terrain factor is a modified version of the hydrological similarity index in Ref. [25]. It
considers total drainage area and slope as well as the clay content in rooting zone. The STF
was calculated using Eq. (1):
STF ¼ ln

ðA þ 1ÞPclay
ðs þ kÞ2

(1)

where A is the flow accumulation (m2); Pclay is the clay content (wt. %) from the coarse
resolution soil data; k is a parameter (=1); and s is the slope steepness (m m�1).
Sediment delivery ratio is the percent of sediment delivered to surface waters from the total
amount of soil eroded in a watershed. The ratio, calculated by Eq. (2), indicates the efficiency of
sediment transport in the watershed and is largely influenced by topography and the flow
distance to streams in Ref. [26].
�
�
SDRi ¼ exp �βti
(2)
where ti is the travel time from cell i to the nearest channel (s); and β is a watershed-specific
constant.
Traveling time, ti, is defined by Eq. (3):
ti ¼

Np
X
lj
j¼1

vj

(3)

where Np is the total number of cells from cell j to the nearest channel, along the flow path (m);
lj is the length segment cell j along the flow path (m); and v is flow velocity (m s�1).
Flow velocity, v, is got based on Eq. (4) in Ref. [27].
v ¼ ds1=2

(4)

where s is slope steepness (m m�1) and d is a coefficient dependent on surface roughness
characteristics (m s�1) for cell i.
By using HYDRO-tools extension in ArcView, the flow length, ti, was calculated in order to
acquire travel time, with an inverse velocity grid used as a weighting factor in Ref. [28].
The watershed parameter, β was estimated by numerically solving Eq. (5):

SDRw ¼

N
P

i¼1

�
�
2
exp �βti l0:5
i si ai
N
P

i¼1

2
l0:5
i si ai

(5)
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where SDRw is the watershed average SDR, which was calculated with an empirical formula
similar to SDRw = pATc in Ref. [29]. Parameters p and c were confirmed as 0.42 and �0.125
because they represent a good general approximation between SDRw and SDR in Ref. [30].
N is total number of cells over the watershed, ai is area of the cell (m2), li is the length of cell i
along the flow path (m), AT is the area of the watershed (km2).
Vertical slope position (m) is defined as the elevation differences between the land and the
nearest water surface and calculated by integrating the elevation difference for each cell alone
the path to the nearest water body using the following Eq. (6) (Figure 4):
VSP ¼ min

X

ðdsÞ

(6)

where d is the distance between two adjacent cells (m); s is slope steepness (m m�1).
Topographic wetness index is a steady-state wetness index that reflects soil moisture and
drainage conditions, defined as a function of the natural logarithm of the ratio of local upslope
contribution area and slope angle in Ref. [32].
� �
A
TWI ¼ ln
s

(7)

where A is the flow accumulation (m2) ands is the slope steepness (m m�1).
Potential solar radiation (MJ m�2) is the total of annual potential solar radiation. PSR reflected
the potential light distribution along with the change of topography. The higher the value, the
stronger the light radiation. Potential solar radiation takes into account the central Latitude,
days of 1 year from 1 to 365 and hours of 1 day from 1 to 24 by an ArcView Extension in
Ref. [33].
Coarse resolution soil maps are widely available. These maps usually reflected average soil
properties over a large area (Figure 5). Researches indicated that coarse resolution soil data
had a significant influence on the distribution of high-resolution soil property maps, especially
around the boundary in Ref. [34].

Figure 4. Vertical slope position of a slope profile in ref. [31].
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Figure 5. Comparison of coarse resolution soil map (A) and high-resolution soil map (B).

2.2. Target data
Target data, used as reference data in training ANNs, were composed of collecting field soil
samples with soil property data (Figure 6). Representativeness and density of target data will
directly affect the performance of ANNs.

3. Building ANNs for soil properties
A full process of modeling soil properties with ANNs was composed of building ANN
structure, training ANNs, and network optimization.
3.1. Building ANN structure
The most popular ANN in modeling soil properties is back-propagation (BP) ANN because
this kind of ANNs can map non-linearity when limited discontinuous points exist between
input and output data in Ref. [35]. Common BP ANN has three layers: the input layer contains
the independent variables used to make model predictions; the output layer contents variables
to be predicted; hidden layer connects the input layer and output layer. Each node in one layer
is linked with all nodes of the adjacent layer. The number of nodes in the hidden layer
determined the complexity of the model. The input weight matrix consisted of all links
between the input layer and the hidden layer and the output weight matrix consisted of all
links between the hidden layer and the output layer. Weight (w), which affects the propagation
value (x) and the output value (o) from each node, was fine-tuned using the value from the
preceding layer based on Eq. (8).
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Figure 6. A sample of target data referring to polygons and points.

�
�
X
o ¼ f �T þ
wi xi

(8)

where T was a specific threshold (bias) value for each node; f was a non-linear sigmoid
function, which increased monotonically.
When building ANNs for soil properties, the combinations of coarse resolution soil data (i.e.,
average soil drainage, sand, clay, silt contents) and DEM-derived topo-hydrological data
(i.e., slope, STF, SDR, VSP) composed the input layer nodes. Predicted soil properties were
the nodes in output layer.
3.2. Training ANNs
The aim of training ANN is confirming coefficients according to different rules or algorithms. BP ANN is trained by self-adjusting weight and bias values of each neuron along a
negative gradient descent to minimize the mean squared error (MSE) in Ref. [36]. The MSE
between the network outputs (o) and targeted values (t) was calculated through each training cycle (i) by Eq. (9). Training was stopped when the MSE could not be reduced by a set
threshold. Frequently-used algorithm included the Levenberg-Marquardt (LM) algorithm
and the resilient (RP) algorithm. The LM algorithm was based on Levenberg-Marquardt
optimization theory in Ref. [37]. The RP was a kind of rebound back-propagation algorithm
in Ref. [38].
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MSE ¼

n
1X
ðti � oi Þ2
n i¼1

(9)

An early stopping method was used to avoid “over-fitting”, which has the effect of decreasing
prediction accuracy outside of the training data, and improving ANN generalization in Ref.
[39, 40]. Through this method, in order to compute the gradient, update the network weights
and estimate biases, a training set was used. Another data set, that is, the validation set, was
applied to monitor the training process with the purpose of preventing “over-fitting”. If
training MSE decreased but the validating MSE increased, the training of the ANN model
was stopped.
3.3. ANN optimization
The purpose of ANN optimization is adjusting networks structure and improving prediction
accuracy of ANNs. It included two parts: (1) selecting the best combination of inputs. The
schemes of combining inputs should follow one-variable, two-variable, three-variable, etc. (2)
selecting the fittest number of hidden layer’s nodes. When the number of hidden layer nodes
was too small, prediction accuracy of the ANN was low. When the number of hidden layer
nodes was too large, there was a potential over-fitting.

4. Built ANNs for soil properties
4.1. ANNs for soil texture
A BP ANN was developed to estimate soil texture with three-layer structure in Figure 7 in Ref.
[41]. The input layer had six nodes, including average clay and sand contents from coarse

Figure 7. ANN structure for predicting high-resolution clay content and sand content.
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resolution soil data, and four DEM-generated topo-hydrologic variables. The output layer
contained two nodes: predicted high-resolution clay and sand contents.
The predictive capability of the ANN trained with LM and RP methods was assessed when the
hidden layer nodes changed from 5 to 40, and training cycles changed from 25 to 250.
Accuracy of ANN models with the LM and RP training methods when 100 training cycles to
various net structures is reported in Table 1. Results showed that the ANN models trained
with the LM methods had much higher ROA 5% and lower MSE than the models trained
with the RP methods when holding the same number of hidden layer nodes. The LM trained
ANN models had better prediction capability. With increasing the number of hidden layer
nodes, the MSE of ANNs trained by the LM method was decreasing, but the ROA 5% got the
highest value with 25 hidden layer nodes. According to the results, the best ANN model of
predicting clay and sand was a 6-25-2 ANN. Results also directed that when the number of
hidden layer nodes was less than 25, the hidden layer scale was too small and the accuracy of
model prediction was low. However, over-fitting happened when the number of hidden layer
nodes exceeding 25. When the ANN model has been over-fitted, the training accuracy (MSE)
Training algorithm

Net structure

MSE (%)

ROA 5% (%)*
Clay

Levenberg-Marquardt back-propagation (LM)

Resilient back-propagation (RP)

Sand

6-5-2

29

81

76

6-10-2

26

86

76

6-15-2

25

85

80

6-20-2

24

86

80

6-25-2

24

88

81

6-30-2

24

85

80

6-35-2

24

86

81

6-40-2

23

84

74

6-5-2

61

34

33

6-10-2

39

75

70

6-15-2

38

79

70

6-20-2

38

74

68

6-25-2

35

76

71

6-30-2

33

80

76

6-35-2

31

75

72

6-40-2

28

74

72

*
Relative overall accuracy (ROA) 5%, a parameter of assessing the relative accuracy of model predictions, was calculated
by counting all predictions within a 5% range of the referenced clay and sand content.

Table 1. Prediction accuracy of ANNs trained with LM and RP algorithms with 100 epochs and nodes of hidden layer
changing from 5 to 40 in ref. [41].
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increased but the prediction accuracy decreased. In another word, over-fitted ANN models
would have poor “generalization” and could lead to inaccurate prediction when using to other
input data than the original training set. The same results were presented for the nets trained
by the RP method, but the RP method had the highest value of prediction accuracy with 30
hidden layer nodes and the best net structure was 6-30-2.
Prediction accuracies of the 6-25-2 network using the LM training method with training cycles
of 25–250 are showed in Table 2. As presented, the values of ROA 5% had the maximum
value after 100 epochs. The results indicated that when the epochs of training was more than
100, the ANNs could be over-trained, which is another form of over-fitting.
It can be concluded that net structure, training algorithms, and training cycles would have
significant impacts on performance of an ANN.
4.2. ANNs for soil organic carbon
A set of ANNs were developed to predict SOC distribution across the landscape in Ref. [42].
The ANNs used widely available coarse resolution soil map data, high-resolution DEMgenerated topo-hydrologic variables, and detailed land use data as inputs. In order to select
the best combination of inputs, the various schemes of combining inputs were designed and
showed in Table 3.
Results from the two-input-node ANN (Level 1) are shown in Figure 8. The STF was the poorest
predictor of SOC with a MSE of 84 and ROA 1% (a parameter of assessing model predictions,
calculated by counting all predictions within a 1% range of the referenced SOC value) of 66%.
The VSP stood out as the best predictor of SOC, with MSE of 29 and ROA 1% of 70.6%. These
results indicated that VSP was the best predictor of SOC distribution across the landscapes.
For Level 2, VSP combined with SDR was the best three-input-node ANN SOC prediction
model with MSE of 22. The model of VSP combined with PSR also exhibited a slightly higher
Training cycles

MSE (%)

ROA  5% (%)*
Clay

Sand

25

27

86

76

50

25

83

72

100

24

88

81

150

24

87

80

200

23

83

80

250

23

84

81

*Relative overall accuracy (ROA) 5%, a parameter of assessing the relative accuracy of model predictions, was calculated
by counting all predictions within a 5% range of the referenced clay and sand content.
Table 2. Predicted soil clay and sand content based on 6-25-2 ANN model using the LM method when the epoch was
25, 50, 100, 150, 200 and 250 times in ref. [41].
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Scheme Level 1

Level 2

Level 3

Level 4

Level 5*

1

CSOC, STF

CSOC, VSP, STF

CSOC, VSP, SDR,
slope

CSOC, VSP, slope, PSR,
sand

CSOC, VSP, slope,
PSR, land use

2

CSOC, slope CSOC, VSP, slope CSOC, VSP, SDR, PSR CSOC, VSP, slope, PSR,
silt

CSOC, VSP, slope,
PSR, land use, drainage

3

CSOC, PSR

CSOC, VSP, PSR

CSOC, VSP, slope,
PSR

CSOC, VSP, slope, PSR,
clay

—

4

CSOC, SDR

CSOC, VSP, SDR

CSOC, VSP, SDR,
slope, PSR

CSOC, VSP, slope, PSR,
drainage

—

5

CSOC, VSP

—

—

—

—

*CSOC: coarse resolution SOC data; sand, silt, clay, drainage: high-resolution sand, silt, clay, and drainage data; land use:
detailed land use map with 13 classes.
Table 3. Schemes of combining inputs with different levels.

Figure 8. Mean squared error of ANNs (A) and prediction accuracy referring to relative overall accuracy 1% (B) under
different schemes of combining inputs.

MSE (23). However, in terms of MSE, the difference between the two models was considered to
be insignificant. Furthermore, the CSOC-VSP-PSR ANN had better performance when measured with ROA 1% (77 vs. 74%) than the CSOC-VSP-SDR ANN. The model of VSP combined with slope showed the highest values of ROA 1% (79%).
Within the four input node ANN models (Level 3), the CSOC-VSP-slope-PSR ANN had the
best performance, while the CSOC-VSP-SDR-slope ANN had the poorest accuracy of prediction. A further increase of input nodes by adding other DEM-generated topo-hydrological
variables could not improve the accuracy of model prediction. As shown in Figure 8, the
method of adding SDR as a new input node into the CSOC-VSP-slope-PSR ANN could cause
a decrease in the accuracy of model prediction.
Input data extracted from high-resolution soil maps significantly improved model prediction
accuracy (Level 4). For example, the addition of one soil parameter reduced MSE from a range
of 8–20 (level II) to 2–9. Based on the results, soil parameters that were extracted from high-
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resolution soil maps could significantly improve the accuracy of model prediction. Both of the
content of silt and clay and soil drainage classes were better predictors than the sand content.
With MSE decreased to 2 and ROA 1% increased to 98%, soil drainage was the best additional parameter for modeling SOC.
When land use was introduced as an input layer node in addition to the best four-input-node
ANN, CSOC-VSP-slope-PSR, the MSE increased from 2 to 3 but the ROA 1% decreased from
98 to 97% (Level 5).
4.3. ANNs for soil drainage
An ANN was developed and trained to predict high-resolution soil drainage class maps
following the flowchart in Figure 9. The research indicated that the best ANN for mapping
soil drainage had five input nodes (two from coarse resolution soil maps: average soil drainage
class, sand content; three from DEM-generated topo-hydrological variables: slope, SDR, and
VSP) and 20 hidden nodes in Ref. [34]. After training, the calibration correlation coefficient of
the ANN was 0.69, which was slightly higher than the prediction correlation coefficient (0.65),
with MSE of 0.758.
The trained ANN was used to produce a high-resolution soil drainage map for a little watershed (Figure 10). An error matrix was constructed using soil drainage records (measured soil

Figure 9. Schematic diagram showing structure and flow of the artificial neural network for predicting soil drainage in
ref. [34].
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Figure 10. Low-resolution soil drainage map (A), high-resolution soil drainage map (B) and predicted soil drainage map
based on artificial neuron network model (C) in ref. [34].

drainage classes) from 1:10,000 soil maps as reference data (Figure 10B) and predicted soil
drainage classes using the ANN (Figure 10C). Results indicated that 52% of model-predicted
drainage classes were exactly the same as the field assessment. About 94% of model-predicted
drainage classes were within 1 class compared to the field assessment.
The comparing of coarse resolution soil drainage map (Figure 10A) and predicted soil drainage map using ANN model (Figure 10C) showed that the predicted soil drainage maps have
more detailed soil drainage condition information than the coarse resolution soil drainage
map. As shown in Figure 10C, the original soil polygon boundaries of coarse resolution soil
map are still visible in the high-resolution soil map, which indicated that coarse resolution soil
data had a significant influence on the distribution of soil drainage in high-resolution soil
drainage map produced. This implied that the accuracy of the coarse resolution soil sand
content data, especially around the boundary, will affect the accuracy of predicted highresolution soil drainage maps.
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5. Expanding applications of ANNs
5.1. Deducing general rules from an ANN-analysis approach
It is well documented that soil properties, especially those associated with soil drainage, can be
describe in terms of DEM-generated topo-hydrologic variables. However, relationships
between soil drainage and these variables are usually difficult to define with conventional
statistical methods because of their intense non-linearity. ANNs provide a useful tool to
address the non-linear mapping. However, ANNs are “black boxes” with little or no possibility to understand their internal behaviors in Ref. [43] and as a result, relationships between soil
drainage class and independent variables are not transparent to users. Furthermore, ANNprediction accuracy is heavily dependent on the data used to calibrate the model. ANNs also
potentially can over-fit the calibration data, which has the effect of decreasing prediction
accuracy outside of the calibration data in Ref. [34]. These problems inherently limit the use
of ANNs outside areas where the model was originally developed. ANNs could, however, be
used to analyze relationships between soil drainage class and topo-hydrologic variables that
were quantified by network-parameter.
Once the ANNs were trained and tested, they were used to generate the relationships (curves)
between ANN-predicted soil drainage classes and topo-hydrologic variables (Table 4). Within
ANNs with one topo-hydrologic variables, ANN-predicted soil drainage classes (dependent
variable) were plotted against independent single variables, with coarse resolution soil drainage data (CSD) being set as constants. Within ANNs with two topo-hydrologic variables,
ANN-predicted soil drainage classes were plotted as three dimension surfaces against the
two variables, with CSD being set as constants.
The ANN-generated soil drainage-variable relationships (curves) were subsequently formulated as simple mathematical equations using non-linear regression method. Parameters of soil
drainage equations were estimated with the Curve Fitting Tool of MATLAB. The used
weighted least-squares regression that minimizes the error estimate was used to avoid biases
in Ref. [39], included an additional scale factor (the weight factor; the cell count (%) of topohydrologic variables) based on Eq. (10):
S¼

n
X
i¼1

�
�
_ 2
wi yi � y i

(10)

where wi are the weights, n is the number of data points included in the fit, S is summed square
_

of residuals, yi is the observed response value, y i is the fitted response.
Soil drainage equations with single topo-hydrologic variables are summarized in Table 4.
Most of the soil drainage equation curves (fitting curves) compared well to the corresponding
ANN-generated curves, it indicated that prediction performance of soil drainage equations
agreed with ANNs in most cases. The maps predicted by the best soil drainage-single variable
equation (soil drainage-VSP equation) had accuracies of 44%. Compared to the corresponding
ANNs, reductions of accuracy were 2% for the equations.
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Inputs of ANNs*

Soil drainage curves

Soil drainage equation**

Coarse resolution
soil drainage (CSD)
VSP

CSD, slope

CSD, SDR

a = 43.77
b = 0.00005794
c = �0.004975
d = �0.01193

CSD, TWI
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Inputs of ANNs*

Soil drainage curves

Soil drainage equation**

CSD = well, VSP,
slope

—

CSD = well, VSP,
SDR

—

*

ANN structure: input layer’s nodes: (inputs) hidden layer’s nodes (20) output layer’s nodes (1).
Digital soil drainage classes: rapidly drained (VR)-0, rapidly drained (R)-1, well drained (W)-2, moderately well drained
(MW)-3, imperfectly drained (I)-4, poorly drained (P)-5, very poorly drained (VP)-6.

**

Table 4. ANNs, ANN-generated curves with fitting curves, and equations for soil drainage.

Some disagreements also were observed between soil drainage equation curves (fitting curves)
and ANN-generated curves. It implied an advantage of soil drainage equations. These
disagreed sections are most likely to occur when there are no or few data points in calibration
or validation data sets. In these cases, ANN model predictions appeared unrealistic. For
example, when VSP was >18.5 m, CSD-VSP ANN predictions demonstrated a sudden change,
which could not be explained and was highly unrealistic. In contrast, the corresponding soil
drainage equations curve (fitting curve) logically extended its curvilinear trend, which could
avoid the unrealistic predictions made by ANNs in value range where there are insufficient
calibration data. Thus, the obtained soil drainage equations could overcome the poor generalization problem of ANN models.
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In addition, no requirement for special software support when performing predictions was
another advantage of soil drainage equation, compared to ANNs using MATLAB software in
Ref. [34] or soil landscape models using ARC/INFO software in Ref. [17].
For ANNs with two topo-hydrologic variables, we intended to produce three-dimensional
surfaces (Table 4). However, the results were not able to produce meaningful mathematical
equations because of the complexity of the data and the uneven distributions of data points
across the range of independent variables. For example, the soil drainage surface (CSD = well)
from the CSD-VSP-slope ANN model has a contour surface that was too difficult to formulize
because of lack of general patterns.
5.2. Mapping soil property maps over a very large area
Various models, including ANNs, have been developed to predict soil properties. However, it
is difficult to use these existing models to produce high-resolution soil property maps over a
very large area (>1000 km2). This is because these models are either interpolation models or
statistics models that were built based on the relationships between local environment variables and observed soil property conditions in the field. When applied over a large area, these
models may perform well in areas with similar landforms where field samples were collected,
but have trouble in areas with significantly different landforms. It is also difficult to build a
new model that can produce soil property maps over a large area because it is very difficult to
collect sufficient field samples for either interpolation or model calibration. In order to produce
soil drainage map over a very large area with limited number of field samples, a two-stage
approach was used to produce soil drainage map over a large area (e.g. the province of Nova
Scotia) in Ref. [44]. In the first stage, soil drainage-VSP equation, generated from a soil drainage ANN in BBW, was used as the base model because it can capture the general trend of soil
drainage distribution rules along topographic gradient. The base equation was directly used to
predict soil drainage maps in the province of Nova Scotia. In the second stage, after dividing
the entire provincial area into sub-area (landform) based on different division methods,
corresponding linear transformation models were subsequently developed to adapt soil drainage classes produced by the base model to fit field samples. Each linear transformation model
is composed of a set of linear equations and each linear equation responded to a special
landform. Each linear equation was designed as Eq. (11).
SDilinear ¼ ai þ bi SDbase

(11)

where SDbase is the initial drainage classes produced by base model.
ai, bi and SDilinear responded to a special landform (i) of Nova Scotia. ai is the shifting parameter,
which described average difference of soil drainage conditions between the BBW and a special
landform of Nova Scotia. bi is the stretching parameter, which described the change rate of soil
drainage conditions between two the BBW and a special landform of Nova Scotia. SDilinear is
the adapted soil drainage classes. Attributes of coarse soil maps were used as the criteria to
divide the entire area of Nova Scotia into sub-area (landforms), including slope, topographic
pattern, drainage, and texture. Each dividing criteria responded to a set of landforms (Table 5).
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For each landform of each linear transformation model, using all of field samples within the
landform (sub-area) as calibration data, parameters ai and bi of the landform (i) were estimated
with the regression analysis tool. Only linear equations that passed P < 0.05 based on F and t
test for the significance of the correlation coefficient were kept. In order to reduce the number
Attributes of dividing sub- Deduced soil drainage curves from base equation
area (landform set)
Slope:
level (L)-1
undulating (U)-2
rolling (R)-2

Parameters of linear equation


SDilinear ¼ ai þ bi SDbase
a1 = 2.083; b1 = 0.341
a2 = 1.065; b2 = 0.604
a3 = 1.060; b3 = 0.500

Topographic pattern:
drunlinoid-1
hummocky-2
knob&knoll-3
ridged-4
smooth-5

a1 = 0.132; b1 = 0.856
a2 = 1.694; b2 = 0.432
a3 = 1.209; b3 = 0.576
a4 = 0.566; b4 = 0.775
a5 = 0.990; b5 = 0.550

Drainage:
well-1
Imperfect-2

a1 = 1.011; b1 = 0.593
a2 = 1.567; b2 = 0.364
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Attributes of dividing sub- Deduced soil drainage curves from base equation
area (landform set)
Texture:
coarse-1
medium-2
fine-3

Parameters of linear equation


SDilinear ¼ ai þ bi SDbase
a1 = 0.939; b1 = 0.518
a2 = 1.064; b2 = 0.558
a3 = 2.497; b3 = 0.283

Table 5. Linear transformation models with different landform sets.

of linear equations, field samples that come from different landforms were combined when no
significant differences were detected (P > 0.05).
As showed in Figure 11, prediction accuracies of linear transformation models under different
landform sets (Table 5) were always better than prediction accuracy of base equation. It
indicated that the two-stage methods provide a viable way to extend base equation to generate
soil drainage maps over a large area with limited number of field samples.

Figure 11. Accuracy comparison of base equation and linear transformation models with different landform sets.
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6. Summary
This chapter presented a general approach in using ANNs to produce high-resolution soil
properties. It started from preparing input and target data, following by building ANN structure, training ANNs, and optimizing networks. Three successful ANNs for soil texture, SOC,
and soil drainage described how to select the fittest hidden layer’s nodes, how to select the best
combination of inputs, and how to produce high-resolution maps. Two extending applications
of the ANNs gave advices in using the obtained ANNs outside the area of ANN calibration.
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Abstract
In this chapter, we evaluate the forecasting performance of the model combination and
forecast combination of the dynamic factor model (DFM) and the artificial neural networks (ANNs). For the model combination, the factors that are extracted from a large
dataset are used as additional input to the ANN model that produces the factoraugmented artificial neural network (FAANN). Linear and nonlinear forecasts combining methods are used to combine the DFM and the ANN forecasts. The results of the
best combining method are compared to the forecasts result of the FAANN model. The
models are applied to forecast three time series variables using large South African
monthly data. The out-of-sample root-mean-square error (RMSE) results show that the
FAANN model yields substantial improvement over the individual and best combined
forecasts from the DFM and ANN forecasting models and the autoregressive AR benchmark model. Further, the Diebold-Mariano test results also confirm the superiority of
the FAANN model forecast’s performance over the AR benchmark model and the combined forecasts.

Keywords: artificial neural network, dynamic factor model, factor-augmented artificial
neural network model, forecasts combination, forecasting

1. Introduction
Prediction of economic or financial variable using related independent variables could be done
by either using a super model which contains all the available independent variables or using
the forecast combination methodology. Generally, it is admitted in the literature of econometrics that the forecast obtained by all the information integrated in one step is much better than
the combination of forecast from individual models. For example, [17] argued that “The best
forecast is obtained by combining information sets, not forecasts from information sets. If both

© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
© The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
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models are known, one should combine the information that goes into the models, not the
forecasts that come out of the models.” Authors of Refs. [13, 23, 25] expressed similar opinions.
As it seems the investigators in this field lean more to prefer the combination of information in
one model.
The main questions that arise in researchers’ minds are “To combine or not to combine” and
“how to combine.” In this chapter, we are concerned with the question of “combining forecasts
from different models or combining information in one model.” This is an area that has been
discussed by many researchers but not in detail (see [9, 11, 12, 29, 35, 40]).
Huang [29] state that “the common belief that combination of information is better than
combination of forecasts might be based on the in-sample analysis.” On the contrary, from
out-of-sample analysis, they found out that combination of forecasts performs better than
combination of information. Many articles typically account for the out-of-sample success of
combination of forecasts over combination of information by pointing out various disadvantages
that combination of information may possibly possess. For example, (a) in many forecasting
situations, particularly in real time, combination of information by pooling all information sets is
either impossible or too expensive (see [12, 13, 42]); (b) in a data substantial medium where there
are much closed input variables in hand, the super combination of information model may bear
from exclusion problem [42]; and (c) in the absence of linearity and, simple dynamics, building
an excellent model using combination of information is more likely to be misspecified [26]. We
believe that the above-mentioned points can be maintained through the precise selection of the
model that is used to estimate the combined information. In our case we used the artificial neural
networks to overcome the nonlinearity problem that can be inherent in the series. On the other
hand, the factor model is used to tame the problem of the dimensionality, where a large dataset
can be summarized in few numbers of factors.
The seminal work of [7] opened the door to examine the prediction combination in different
fields of studies in economics and finance. Consequently, a new scope in forecasting study has
been to combine the forecasts generated by individual models, using different combinations of
techniques. This lets the ultimate forecast result to extract strength from the individual forecasting techniques that cannot be carried out by a single method. Empirically, forecast combinations have been used successfully in diverse areas such as forecasting gross national
product, currency market volatility, inflation, money supply, stock prices, interest rates, meteorological data, city populations, and outcomes of football games.
Factor models were introduced in macroeconomics and finance by [22, 36]. The literature on
the large factor models starts with [19, 37]. Further theoretical advances were made among
others [4, 5, 20]. Upon the successive performance of the DFMs in forecasting, factors augmented to other models are introduced. For example, Bernanke et al. [8] proposed a forecasting model which they called the factor-augmented vector autoregressive (FAVAR) model, a
model which merges a factor model with a vector autoregressive component. A factoraugmented vector autoregressive moving average (VARMA) model is suggested by Dufour
and Pelletier [16]. Factor-augmented error correction model (FECM) was introduced by Banerjee
and Marcellino [6]; Ng and Stevanovic [38] proposed a factor-augmented autoregressive distributed lag (FADL) framework for analyzing the dynamic effects of common and idiosyncratic
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shocks. Babikir and Mwambi [2] introduced a factor-augmented artificial neural network
(FAANN) that showed improved forecasts compared to DFM and AR models.
On the contrary, artificial neural networks (ANNs) have become one of the most scientific
projection methods and have been extensively used in different fields of projection goal.
Artificial neural networks have several aspects that make them interesting and authentic for
projection work. First, ANNs are common functional approximators. Second, ANNs are datainduced self-flexible approach in that there are less a priori presumptions to be stated about
the models for the problem under examination; thus, ANN modeling is not similar to classical
model-based approaches. Third, an ANN model is a nonlinear model which is in contrast to
the conventional time series forecasting models, which postulate linearity of the series under
consideration. [45] demonstrated that systems of the real world are often nonlinear. These
advantages of ANNs have attracted attention in time series forecasting and have become a
competitive method to traditional time series forecasting methods, and the literature is very
vast in this area. The hybrid approach or combining models represent the most important
developments in ANNs over the last decade. More hybrid models of ANNs with different
forecasting models have been introduced in the recent time, which successfully improve the
forecasting performance. [44] proposed the integration of the generalized linear autoregression
(GLAR) model with artificial neural networks in order to obtain accurate forecasts for foreign
exchange market. [43] proposed a hybrid model called SARIMABP that combines the seasonal
autoregressive integrated moving average (SARIMA) model and the back-propagation neural
network model to predict seasonal time series data. [34] introduced a hybrid model of ANNs
and ARIMA models for forecasting purpose. [1] introduced a hybrid model where the factors
were used as input to the ANN model. The model produced more accurate forecasts compared
to ANN and DFM.
In this chapter, through the artificial neural networks framework and factor model, for insample and out-of-sample forecasting, we show analytically that combination of forecasts—of
dynamic factor model and artificial neural networks—can be outclassed by combination of
models (information)—of the factors to be used as additional input variables to the artificial
neural networks.
To the best of our knowledge, the evaluation of the forecasting performance of the combination
of information or models of factors and ANN—the FAANN—and combination of forecasts of
ANN and DFM using different linear and nonlinear combinations is new, and this is the first
attempt in general and in South Africa in particular. The empirical results show sizable gains in
terms of the forecasting ability of the FAANN compared to both the standard ANN and the
DFM and their forecasts combination; in other words it seems that combination of models
outperforms combination of forecasts meaning that combination of information could be
better than the combination of forecasts.
The remaining of the chapter is formulated as follow: Section 2 in brief expresses the DFM, the
ANN, and the FAANN projection models and the combination techniques; Section 3 introduces the data; the results obtained from forecasting models and their combinations are
presented in Section 4; finally, Section 5 gives a concise conclusion of the study and some
suggestions for future researches.
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2. Individual forecasting models and combination methods
In this section, we introduce briefly the symbols, formation, and estimation methods in forecasting models; also, we introduce and discuss the various combining methods.
2.1. Individual forecasting models
2.1.1. The dynamic factor model and the estimation of factors
This subsection handles DFM to get common elements from a large group of variables; then,
these common components are used to predict the variables of interest.
Suppose that we have a group of observations, Xt be the N stationary time series variables
having observations at times t = 1,…, T, where it is considered that the series have zero mean.
Factor model assumes that most of the variation in the dataset can be explained by a small
number q ≪ N of factors involved in the vector f t. We can express the dynamic factor model
representation as follows:
Xt ¼ χt þ ξt ¼ λðLÞ0 f t þ ξt

(1)

where χ t is the common components driven by factor ft and ξt is the idiosyncratic components
for each of the variables. ξt is the portion of Xt that cannot be explained by the common
components. χ t is a function of the q � 1 vectors of λðLÞ0 f t ; the operator λðLÞ ¼ 1þ
λ1 L þ … þ λs Ls is a lag polynomial with positive powers on the lag operator L with
Lft ¼ ft�1 . The static representation of the model can be rewritten in as
X t ¼ Λ0 F t þ ξ t

(2)

where Ft is a vector of r ≥ q static factors that compose of the dynamic factors ft and all lags of
the factors. From a set of data, there are three different methods of estimating the factors in Ft .
These methods were developed by Stock and Watson [39] hereafter SW [30] and Forni, Hallin,
Lippi, and Reichlin [20] hereafter FHLR1. In the current chapter, we employ the estimation
method developed by FHLR. For more details of the dynamic factor model estimation, see
Babikir and Mwambi [2]. Thus, the estimated factors will be used to forecast the variables of
interest. The forecasting model is specified and estimated as a linear projection of an h-step
ahead transformed variable ytþh into t-dated dynamic factors. The forecasting model follows
the setup in [3, 21, 41] with the form
ytþh ¼ βðLÞbf t þ γðLÞyt þ utþh

(3)

where bf t represents the dynamic factors that estimated using the method by FHLR, while
βðLÞ and γðLÞ are the lag polynomials, which are determined by the Schwarz information
criterion (SIC). The uhtþh is an error term. The coefficient matrix for factors and autoregressive
terms are estimated by ordinary least squares (OLS) for each forecasting horizon h. To find
1

For further technical details on this type of factor models, see [35].
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the estimate and forecast of the AR benchmark, we enforce a condition to Eq. (3), where we
setβðLÞ ¼ 0.
2.1.2. The artificial neural network model
The ANN is one of the most popular and successful biological-inspired forecasting methods,
which emulate the framework of the human brain; thus, ANNs have gradually achieved
immense importance in forecasting among other fields. The ANN model is one of the generalized nonlinear nonparametric models (GNLNPMs). Compared to the traditional econometric
models, the advantage of ANNs is that they can handle complex, nonlinear relationships without any prior assumptions about the underlying data-generating process (see [28]; Figure 1).
The properties of the ANN model made the method an attractive alternative to traditional
forecasting models. Most importantly, ANN models deal with the limitations of traditional
forecasting methods, including misspecification, biased outliers, and assumption of linearity
[27]. One of the most recognized ANN structures in time series forecasting problems is the
multilayer perceptron (MLP). An MLP is basically a feedforward architecture of an input, one
or more hidden, and an output layer. The network structure illustrated in this chapter gives
forward network connected with linear neuron activation function. Basically, the input nodes
are connected forward to all nodes in the hidden layer, and these latent nodes are joined to the
single node in the output layer, as shown in Figure 1. The inputs in this model serve as the
independent variables in the multiple regression model and are joined to the output node—
which is similar to the dependent variable—through the latent layer. We follow [33], in describing the network model. Thus, the model can be specified as follows:
nk, t ¼ w0 þ

p
X
i¼1

wi yt�i þ

J
X

∅j N t�1, j

N k, t ¼ f ðnk, t Þ
yt ¼ αi, 0 þ

K
X
k¼1

(4)

j¼1

(5)
αi, k N k, t þ

Figure 1. A p � h � 1 structure of a feed forward neutral network.

p
X
i¼1

βi yt�i

(6)
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where inputs yt�i represent the lagged values of the variable of interest and the output yt is
their forecasts. The w0 and αi, 0 are the bias, and wi and αi, k denote the weights that link the
inputs to the latent layer and the latent layer to output, respectively. The ∅j and βi connect the
input to the output via the latent layer. The p-independent variables are connected linearly to
form K neurons which then are combined linearly to produce the prediction or output.
Eqs. (4)–(6) link inputs yt�i to outputs y through the hidden layer. The function f is a logistic
function meaning that N k, t ¼ f ðnk, t Þ ¼ 1þe1�nk, t : The second summation in Eq. (6) shows that we

also have a jump connection or skip-layer network that directly links the inputs yt�i to the
output yt . The beauty of this ANN structure is that the model combines the true linear model
and nonlinear supply-forward neural network. So, if the association between inputs and output
is true linear, in this case, the coefficient set β, which is skip layer should be significant, in
contrast if the association is a nonlinear in nature the jump connections coefficient β to
be insignificant, while the coefficients set w and α be highly significant. Certainly, if the
association between input and output is mixed, then we watch for all coefficient sets to be
significant. For the best network selection in this chapter, beside the minimum error, we use
Bayesian information criterion (BIC), which is usually preferred more than the other three
criteria, because it has the ability to penalize the extra parameters more severely; mathematically, BIC is given by the following as described in [31]
�
�
SðW Þ
BIC ¼ N p, h þ N p, h ln ðnÞ þ nln
(7)
n
where Np, h ¼ hðp þ 2Þ þ 1 is total number of parameters in the network, n ¼ N train � p is the
number of effective observations, N train is the in-sample observation, SðWÞ is the network
misfit function, and W is the space of all weights and biases in the network. The in-sample
sum of squared error (SSE) is usually used to determine the function SðWÞ: Eventually, the
optimal model is the model with minimum BIC value.
2.1.3. Factor-augmented artificial neural networks (FAANN)
The FAANN model is a hybrid model of artificial neural network and factor model in order to
combine information of factors and lagged values of interested variable to be forecasted for
more accurate forecasts in hand. The nonlinear function uses the series, its lag, and factors to
formulate the FAANN model that defines as follows:
h�
i
�
yt ¼ f yt�1 ; yt�2 ; …; yt�p ; ðF1 ; F2 ; F3 ; F4 ; F5 Þ
(8)
where f is the nonlinear functional form determined via ANN. In the first stage, the factor
model is used to extract factors from a large related dataset. In the second stage, a neural
network model is used to model the nonlinear and linear relationships existing in factors and
original data. Thus, based on the model structure depicted on Figure 2,
0
1
p
pþ5
h
X
X
X
αj g@β0j þ
βij yt�i þ
βij Ft, i A þ εt
(9)
ytþh ¼ α0 þ
j¼1

i¼1

i¼pþ1
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Figure 2. The FAANN model architecture (N(p + 5,h,1)).

As previously noted, the αj (j ¼ 0, 1, …, hÞ and βij ði ¼ 0; 1; …; p; j ¼ 1; 2; …; hÞ are the parame-

ters of the model that called the connection weights. As we have stated earlier, p and h are the
numbers of input and hidden nodes, respectively, and εt is the error term. Figure 2 shows the
FAANN model structure used.
2.2. Forecast combining methods
To combine individual forecasts composed by the DFM and ANN models, we used four
combination methods. The combining methods involve three linear combining methods (the
mean, VACO, and discount MSFE-based methods) and one nonlinear combining method
(ANN). Just as some of the combining methods need a holdout period to calculate the weights
used to combine individual forecasts, we use the first 24 months of the out of sample as
holdout observations. For all combining methods, we form combination forecasts over the
post holdout out-of-sample period. Brief details about the above combining methods are given
below.
2.2.1. Mean combination method
The mean serves as a convenient criterion as has been shown to achieve better results compared to other fancy methods. For instance, see [10, 21, 32]. Compared to single forecasts, the
performance of the simple average combination method is found to be superior (see [18]). The
simple average combination method can be expressed as
b
y ct ¼

m
X
i¼1

wi b
y it

(10)

where b
y ct is the combined forecast at time t, ybit is the forecast from ith individual forecasting
model, wi ¼ m1 is the individual forecast weight for model i, and m is the number of individual
models. There are different forms of weights, but generally the weights have to satisfy the
m
P
condition wi ¼ 1.
i¼1
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2.2.2. Variance-covariance (VACO) combination method
The method uses the historical achievement of the individual forecasts to compute the weights.
Thus, according to the VACO method, the weights determined as follows:

wi ¼

"

T
P

j¼1

"

�
�2 #�1
i
yj � b
y
j

m P
T
P

i¼1

j¼1

Then, the combined forecast is given by b
y ct ¼

�
�2 #�1
i
yj � b
y

(11)

j

m
P

i¼1

wi b
y ij is the jth
y it where yj is the jth actual value, b

forecasting value from ith individual forecasting model, and T is the total number of out-ofsample points. The weight in Eq. (11) is based on the inverse sum of squared deviation for
model i as the numerator, and the denominator is the sum of these inverse contributions from
m
P
all models. This guarantees that wi ¼ 1.
i¼1

2.2.3. Discounted mean square forecast error (DMSFE) combination method
The DMSFE method weights recent forecasts more heavily than distant ones. [32] suggest that
the weights can be calculated as
"
�
�2 #�1
T
P
i
T�jþ1
δ
yj � b
y
wi ¼

j

j¼1

"
m P
T
P

i¼1

j¼1

�
�2 #�1
i
T�jþ1
b
δ
yj � y

(12)

j

where δ is the discount factor with 0 < δ ≤ 1, if δ ¼ 1 and then the DMSFE and VACO methods
become one method, which means that the VACO is a special case of the DMSFE. Note that as
mentioned above the sum of all weights is equal to one.
2.2.4. Artificial neural network (ANN) combination method
Linearity of combinations of the individual forecasts is the corner stone of linear combination
method, but if the individual forecasts are based on nonlinear methods, the combinations are
defined to be insufficient or if the true relationship is nonlinear. For the success of the ANN as a
combination method over the linear methods, among others, see [15, 25]. Here, we use the
same setup used in subsection (2.1.2); the output ybct of combined forecasts can be given by
b
y ct ¼ αi, 0 þ

K
X
k¼1

αi, k N k, t þ

m
X
i¼1

y it
βi b

where b
y it is the forecast from ith individual forecasting model.

(13)
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3. Data
For FAANN and DFM models, data are gathered that include 228 monthly time series2 of
which 203 are collected from South Africa, including the financial, real, nominal sectors, and
confidence indices, 2 global variables, and 23 series of major trading partners and global
financial markets. The AR criterion model will be used for the data which composed only the
variable of interest, namely, deposit rate or share prices for gold mining or long-term interest
rate. Thus, besides the national variables, the chapter uses a set of global variables such as gold
and crude oil prices. Also, the data incorporate series from financial markets of major trading
partners, namely, the United Kingdom, the United States, China, and Japan. For estimation
data cover the period January 1992 through December 2006, while the period from January
2007 through December 2011 will be used for goodness of fit for the extracted model. For the
degree of integration of all series, the augmented Dickey-Fuller (ADF) test will be used.
Difference of the series is used for all nonstationary series in this study. The Schwarz information criterion (SIC) is used in selecting the appropriate lag length in such a way that no serial
correlation is left in the stochastic error term. Finally, all series are standardized to have a mean
of zero and a constant variance.

4. Evaluation of forecast accuracy
To evaluate the forecast accuracy of model combination or information combination, we used
three datasets from South Africa, namely, deposit rate, gold mining share prices, and longterm interest rate, in order to demonstrate the in-sample and out-of-sample appropriateness
and effectiveness of the combination of models or information of the DFM and ANN models.
4.1. In-sample forecast evaluation
In this subsection, we evaluate the in-sample predictive power of the combined model forecast
—the FAANN model—and other fitted models which include AR (benchmark model), DFM,
and ANN and best combined forecasts of the DFM and ANN models. To achieve this, a full
sample from January 1992 to December 2011, giving a total of 240 observations of the three
datasets—deposit rate, gold mining share prices, and long-term interest rate—is used to
estimate the forecasting models in order to check the robustness of in-sample results of
competed models and compare it to the AR benchmark model. In-sample forecasting is most
useful when it comes to investigate the true relationship between the independent variables
and the forecast of dependent variable. Table 1 reports the root-mean-square error (RMSE)3 of
the in-sample forecasting results. The FAANN model outperformed all other models. The
maximum reduction in RMSE over the AR benchmark model is around 24%, while the
2

The data sources are the South Africa Reserve Bank, ABSA Bank, Statistics South Africa, National Association of
Automobile Manufacturers of South Africa (NAAMSA), South African Revenue Service (SARS), Quantec, and World
Bank.
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
�2ﬃ
P�
3
b
Y tþn �t Y
The RMSE statistic can be defined as N1
, where Yt þ n denotes the actual value of a specific variable
tþn

b tþn is the forecast made in period t for t þ n.
in period t þ n andt Y
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Variable

Model

FAANN

DFM

ANN

AR

Best combined forecasts of DFM and ANN

Deposit rate

0.1687

0.1849

0.1793

0.1954

0.1694

Share prices for gold mining

1.5922

1.7782

1.7787

1.8187

1.6215

Long-term interest rate

0.1253

0.1537

0.1546

0.1640

0.1438

Table 1. The RMSE of the in-sample forecasts.

minimum reduction is around 14% considering all variables. Regarding the in-sample forecasting, the FAANN model provides lower RMSE with a reduction of between 9 and 19% for
all variables compared to the DFM. Despite that the same factors are augmented to AR and
ANN to produce the DFM and the FAANN models, the in-sample results provide significant
differences between estimation methods which favor the nonlinear method over the linear one.
This is potentially due to the flexibility and property of the ANN models as universal
approximators that can be used to different time series in order to obtain accurate forecasts.
Comparing the forecasting performance of the FAANN and standard ANN model, the
FAANN model produced lower RMSE of 6–19% for all variables. These results indicate the
importance of the factors—which summarized 228 related series into five factors—that are
used as input to the ANN to produce the FAANN model. Regarding the in-sample forecasting
performance of the forecasts of combined models or information—the FAANN model—compared to the best forecast combination of the DFM and ANN models, the FAANN model
outperforms the best forecast combination with reduction in the RMSE around 0.01–13% for
all variables. These results confirm the superiority of the combination of information or models
when a precise estimation method is used to estimate the combined information over the
combined forecasts of individual models.
4.2. Out-of-sample forecast evaluation of individual models
In this subsection, we estimate the individual forecasts of the AR, DFM, and ANN and the best
combined forecasts of the DFM and ANN models and the FAANN model that combine
information of the factors and ANN for the three variables of interest, namely, deposit rate,
gold mining share prices, and long-term interest rate, over the in-sample period January 1992
to December 2006 using monthly data, and then compute the out of sample for 3-, 6-, and
12-month-ahead forecasts for the period of January 2007 to December 2011. We employ
iterative forecast technique to compute the RMSE for the three forecasting horizons used for
the three variables across all of the different models in order to compare the forecast accuracy
generated by the models. The starting date of the in-sample period depends on data availability of some important financial series. The out-of-sample period includes the occurrence of the
financial crisis that affected economies and financial sectors in particular. Thus, we used this
period as out of sample in order to show the suitability and efficiency of the combination of
information—FAANN model—to produce accurate forecasts for such data that exhibits inherent nonlinearity or the data that faced fluctuations during the financial crisis. The result of each
single variable can be summarized as follows:
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•

Deposit rate forecasting results: for the FAANN model estimation firstly, MATLAB package
is used to estimate the factors. Secondly, R software using Broyden, Fletcher, Goldfarb,
and Shanno (BFGS) algorithm is used to find and estimate the optimum network architecture. The network with the lowest in-sample RMSE and the Bayesian information criterion
(BIC) is selected as best-fitted network, which is composed of eight inputs, five neurons in
the hidden layer, and one output (in abbreviated form N ð8�5�1Þ ). Table 2 reports the
RMSEs of the 3-, 6-, and 12-month-ahead and the average of the 3-, 6-, and 12-monthahead RMSEs. The benchmark for all forecast evaluations is the AR model forecast
RMSEs. For both long and short horizons, the FAANN model outperforms all other
models followed by the DFM for the short horizons and the ANN in long horizon. The
RMSE of the FAANN model decreases as the forecast horizon increases which in turn
agreed with [24] who found that the ANNs significantly forecast better in long horizon.
Results reveal that the FAANN performed better with large reductions in RMSE of around
25–46% of the RMSE compared to the AR benchmark model and the reduction on the
average RMSE around 37%.

•

Gold mining share prices: we used the same steps where software and algorism were implemented to the previous variable to estimate the FAANN model. The optimum network is
composed of eight inputs, seven neurons in the hidden layer, and one output (in abbreviated form N ð8�7�1Þ ). Table 3 presents the RMSE results of the FAANN, the DFM, the
ANN, and the AR benchmark. As expected based on the in-sample results, the FAANN
model stands out in forecasting both short and long horizons with a sizable reduction in

Model

3 months

6 months

12 months

Average

FAANN

0.7465

0.6373

0.5359

0.6399

DFM

0.9501

0.9153

0.9438

0.9364

ANN

0.9693

0.9160

0.8869

0.9241

AR

0.1862

0.1949

0.2314

0.2041

Note: The last row reports the RMSE for the AR benchmark model; the remaining rows represent the ratio of the RMSE
for the forecasting model to the RMSE for the AR. Bold entries indicate the forecasting model with the lowest RMSE.
Table 2. Out-of-sample (January 2007–December 2011) RMSE for deposit rate.

Model

3 months

6 months

12 months

Average

FAANN

0.9053

0.9121

0.8227

0.8800

DFM

0.9655

0.9661

0.9532

0.9616

ANN

0.9566

0.9556

0.9215

0.9446

AR

1.7743

1.7924

1.8187

1.7951

Note: See note to Table 2.
Table 3. Out-of-sample (January 2007–December 2011) RMSE for gold mining share prices.
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Model

3 months

6 months

12 months

Average

FAANN

0.7281

0.6051

0.5498

0.6277

DFM

0.9834

0.9042

0.9584

0.9487

ANN

0.9893

0.8981

0.8306

0.9060

AR

0.2052

0.2140

0.2308

0.2167

Note: See note to Table 2.
Table 4. Out-of-sample (January 2007–December 2011) RMSE for long-term interest rate.

RMSE relative to the AR benchmark model of 10–18%. The average of the RMSE reduction over the forecast horizons is 12%. On average the FAANN outperforms the ANN and
DFM models with reduction in RMSE of 6 and 8%, respectively.
•

Long-term interest rate: for estimation purpose the same package and algorism that are
used with previous variables are implemented. Thus, the optimal network in abbreviated
form is N ð8�3�1Þ . Table 4 results show the performance of the FAANN model where the
model produces more accurate forecasts compared to all competing model on both the
single-level forecast horizons and the average of these horizons. Compared to the AR
benchmark, the FAANN provides a reduction in the RMSE range from 45–27%, while the
average RMSE reduction is around 38%. The performance of the FAANN model stands
out followed by the ANN and the DFM with average reduction in RMSE of 9 and 5%,
respectively, relative to the AR benchmark model. Comparing the FAANN performance
to the ANN and the DFM, the FAANN model RMSE reduction is around 28 and 32%,
respectively.

4.3. Out-of-sample forecast evaluation of the combined forecasts of the DFM and ANN
models
Table 5 reports the results of combining forecasts of the DFM and ANN models. We aim of
using the DFM and ANN models in particular to merge their advantages where the ANN
model with its flexibility to account for potentially complex nonlinear relationships that is not
easily captured by traditional linear models, and the DFM model can accommodate a large
number of variables. Similar to Table 2, Table 5 shows the ratio of the RMSE for a given
combining method to the RMSE for the AR benchmark model. We found that the AR benchmark model poorly performs compared to all combining methods. Generally, the nonlinear
ANN combining method outperforms all other combining methods for all variables at all
forecasting horizons; hence, it offers a more reliable method for generating forecasts of the
variables of interest. Compared to the AR, the nonlinear ANN combining method provides a
large reduction in RMSE of around 7–20% relative to the AR model overall forecasting horizons and variables. The nonlinear ANN combining method also beats the best individual
forecasting of the DFM and the ANN models for all variables and overall forecasting horizons
with sizable reductions in RMSE of around 1–15% of the RMSE of the best individual forecasts.
We note in addition that the discount MSFE with δ = 0.9 as a combining method performs
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Combination method

h=3

h=6

h = 12

Deposit rate
AR

0.1862

0.1949

0.2314

Mean

0.915

0.890

0.851

VACO

0.921

0.892

0.846

DMSFE, δ = 0.95

0.923

0.903

0.848

DMSFE, δ = 0.90

0.905

0.884

0.837

ANN

0.907

0.882

0.835

Gold mining share prices
AR

1.7743

1.7924

1.8187

Mean

0.946

0.942

0.937

VACO

0.943

0.946

0.951

DMSFE, δ = 0.95

0.945

0.941

0.937

DMSFE, δ = 0.90

0.945

0.942

0.936

ANN

0.921

0.929

0.911

Long-term interest rate
AR

0.2052

0.2140

0.2308

Mean

0.951

0.923

0.902

VACO

0.952

0.942

0.922

DMSFE, δ = 0.95

0.956

0.953

0.954

DMSFE, δ = 0.90

0.951

0.952

0.935

ANN

0.827

0.815

0.804

Note: See note to Table 2.
Table 5. Forecast combining results of the DFM and ANN-RMSE for variables (January 2007–December 2011).

nearly as well as the best individual model for all variables and forecasting horizons. The
combining method of variance–covariance (VACO), on average, performs less accurate compared to other combining methods’ overall forecasting horizons and variables. We note that
the combined forecasts produce more accurate forecasts for long horizons which we attributed
to the contribution of the nonlinear model in the combination as nonlinear models produce
more accurate forecast in the long horizon.
4.4. Comparison of forecasting performance of combination of models or information and
combination of forecasts
Here, we compare the forecasting performance of the combination of models (information)—
the FAANN model—with the best forecast combinations of the ANN and DFM models.
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Forecasting model

h=3

h=6

h = 12

Deposit rate
AR (benchmark model)

0.1862

0.1949

0.2314

FAANN

0.7465

0.6373

0.5359

Combined forecasts of DFM and ANN

0.907

0.882

0.835

Gold mining share prices
AR (benchmark model)

1.7743

1.7924

1.8187

FAANN

0.9053

0.9121

0.8227

Best combined forecasts of DFM and ANN

0.921

0.929

0.911

Long-term interest rate
AR (benchmark model)

0.2052

0.2140

0.2308

FAANN

0.7281

0.6051

0.5498

Best combined forecasts of DFM and ANN

0.827

0.815

0.804

Note: See note to Table 2.
Table 6. Forecast results of the best combination of DFM and ANN model and FAANN-RMSE for variables (January
2007–December 2011).

Table 6 presents the RMSE ratios of the FAANN model and the best forecast combination to
the AR benchmark model over the out-of-sample period. Compared to the DFM, the results
indicate that the FAANN model generates accurate forecasts for all variables and with all
forecast horizons. The improvement of the FAANN model is compared to the DFM between
2 and 10% reduction in RMSE for all variables and horizons. Thus, these results indicate the
superiority of augmentation of factors to nonlinear method (FAANN) over the linear one
(DFM) across the three different series and three different time horizons.
To confirm the RMSE results, the test of equal forecast accuracy of Diebold and Mariano [14] is
used to evaluate forecasts. The test of equal forecast accuracy employed here is given by
T �
�
P
S ¼ pﬃﬃﬃd , where d ¼ T1
e21t � e22t is the mean difference of the squared prediction error
b
t¼1
V ðdÞ
� �
b d is the estimated variance. Here, e2 denotes the forecast errors from the FAANN
and V
1t

model, and e22t denotes the forecast errors from the AR benchmark model or the best combined
forecasts of DFM and ANN. The S statistic follows a standard normal distribution asymptotically. Note, a significant negative value of S means that the FAANN model outperforms the
other model in out-of-sample forecasting. Table 7 shows the result of the Diebold and Mariano
test between the FAANN and the AR benchmark and between the FAANN and the best
combined forecasts of DFM and ANN. The test results confirm that the FAANN models
provide the lowest RMSEs. In summary the FAANN models provide significantly better forecasts at the 5% and 10% level compared to the AR and the best combined forecasts of DFM and
ANN models.
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Model/variable

Forecasting horizons

3 months

6 months

12 months

Deposit rate
FAANN vs. AR
FAANN vs. best combined forecast from DFM and ANN

2.095**
1.944*

2.108**
1.799*

3.159**
2.064**

Share prices for gold mining
FAANN vs. AR
FAANN vs. best combined forecast from DFM and ANN

2.420**
1.812*

2.527**
1.673*

2.753**
1.961**

Long-term interest rate
FAANN vs. AR
FAANN vs. best combined forecast from DFM and ANN

2.402**
1.741*

2.339**
2.138**

2.429**
1.861**

Note: ** and * indicate significant value at the 5 and 10% levels, respectively.
Table 7. Diebold-Mariano test (January 2007–December 2011).

5. Conclusion
In this chapter we aim to evaluate the forecasting performance of the model combination and
forecast combination for the ANN and DFM models. In the model combination, we merge the
factors that were extracted from a large dataset—288 series in our case—with ANN which
produces the FAANN model. For the forecast combination, we used different linear and
nonlinear combination methods to combine the individual forecasts of the DFM and the
ANN models. Using the period of January 1992 to December 2006 as in-sample period and
January 2007 to December 2011 as out-of-sample period, we compare the forecast performance
of the FAANN with DFM, ANN, and AR benchmark model for 3-, 6-, and 12-month-ahead
forecast horizons for three variables, namely, for deposit rate, gold mining share prices, and
long-term interest rate. The study has provided evidence using both the RMSE and Diebold
and Mariano test as the comparison criteria that FAANN models best fit the three considered
variables over the 3-, 6-, and 12-month-ahead forecast horizons.
Tables 2–4 show the ability of the model combination—FAANN model—to produce accurate
forecast that outperforms DFM and ANN and their best forecast combination results. The
results seem not contradicted with in-sample model forecast performance as in Table 1. The
FAANN model outperformed the AR benchmark model with large reduction in RMSE of
around 25–46% considering all variables and forecast horizons. Compared to the DFM and
ANN models, the FAANN model produces more accurate forecasts that yielded a decrease in
RMSE of around 6–43% and 5–40%, respectively. We attribute the superiority of the FAANN to
the flexibility of ANN to account for potentially complex nonlinear relationships that are not
easily captured by linear models and the contribution of the factors to the model. On the other
hand, the ANN and the DFM outperformed the AR benchmark with a reduction in the RMSEs
of around 1–17% and 2–10%, respectively, for all variables and across all forecast horizons.
Table 6 shows comparison results of the forecasting performance of the combined models—
the FAANN—and the best forecast combination of the DFM and the ANN models. The results
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indicate that the combined models or information produced forecasts that are better than the
best combined forecasts of the DFM and the ANN models. In other words, the nonlinear
model that uses large dataset of economic and financial variables in addition to the lags of the
interested variable improves the forecasting performance over models that are estimated
separately—the DFM and the ANN. We also observed that the FAANN residual decreases as
the forecast horizon increases.
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Abstract
Controlled low-strength materials (CLSMs) had been widely applied to excavation and
backfill in civil engineering. However, the engineering properties of CLSM in these
embankments vary dramatically due to different contents involved. This study is proposed to employ the ANSYS software and two different artificial neural networks
(ANNs), that is, back-propagation artificial neural network (BPANN) and radial basis
function neural network (RBFNN), to determine the engineering properties of CLSM by
considering an inverse problem in which elastic modulus and the Poisson’s ratio can be
identified from inputting displacements and stress measurements. The PLANE42 element
of ANSYS was first used to investigate a 2D problem of a retaining wall with embankment, with E = 0.02~3 GPa, ν= 0.1~0.4 to obtain totally 270 sampling data for two earth
pressures and two top surface settlements of embankment. These data are randomly
divided into training and testing set for ANNs. Practical cases of three kinds of backfilled
materials, soil, and two kinds of CLSMs (CLSM-B80/30% and CLSM-B130/30%) will be
used to check the validity of ANN prediction results. Results showed that maximal errors
of CLSM elastic parameters identified by well-trained ANNs can be within 6%.

Keywords: ANNs, ANSYS, CLSM, fem, parameter recognition

1. Introduction
In recent years, sustainable materials have been widely studied and developed especially for
construction, highway, and civil engineering. Controlled low-strength material (CLSM) is
commonly used as backfilled materials. It would be a friendly environment-cheap material
and typically consists of small amount of cement, supplementary, fine aggregates, and a large
amount of mixing water. Self-compacting/self-leveling, significantly low strength, as well as
almost no measured settlement after hardening are remarkable characteristics of CLSM.

© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
© The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and eproduction in any medium, provided the original work is properly cited.
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CLSM can be defined as a kind of self-compacting cementitious material that is in a flowable
state at the initial period of placement and has specified compressive strength of 1200 psi
(8.27 MPa) (or less at 28 days) or is defined as excavatable if the compressive strength is
300 psi (2.07 MPa) (or less at 28 days) [1]. Recent studies have reported that the maximum
CLSM strength of approximately up to 1.4 MPa is suitable for most of backfilling applications
when re-excavation is required [2, 3] It is also recommended that depending upon the availability and project requirements, any recycle material would be acceptable in the production of
CLSM with prior tests its feasibility before uses [4]. The special features of CLSM can be
summarized as follows: durable, excavatable, erosion-resistant, self-leveling, rapid curing,
flowable around confined spacing, wasting material usage, elimination of compaction labors
and equipment, and so on.
There are several studies on the engineering properties of CLSMs by laboratory experiments
[5–10], and numerical analyses of applications of CLSM to civil engineering, such as excavation and backfill after retaining walls [11–13], bridge abutments [14–17], pipeline and trench
ducts [18], pavement bases [19–24], and so on. All these studies reflect requirement of the
identification of mechanical constants of the CLSMs. Though it is known that the Young’s
modulus of CLSMs lies between soil and commonly used concrete, precise determination of
engineering material properties of CLSMs (even for soil and concretes) is a questionable and
difficult problem. For example, modulus of elasticity is evaluated by experiments using secant
modulus of stress-strain curve or estimated from empirical formula of Young’s modulus with
28-day compressive strength or weight of concrete.
Besides, artificial neural networks had been widely applied to various engineering [25], especially to civil and construction engineering [26, 27]. Alternately, several studies were conducted
on the application of inverse problems in structural and geotechnical problems [28–32].

2. Problem definition and data preparation
2.1. Parameter recognition considered as inverse problem
In a classical mechanical analysis of civil engineering problems, we determinate displacements
and/or stresses of a structure with known engineering constants, such as the Young’s modulus,
E (with the unit GPa), and the Poisson’s ratio, ν, which had been identified from laboratory or
in-site experiments. This kind of problems can be termed forward problems, that is, we evaluate
the unknown dependent variables (physical quantities) from prescribed parameters and
dimensions analytically if there exist some closed-form relationships, or numerically using
computational schemes (such as the finite element methods, FEMs) if the domain and/or
boundary conditions are complicated.
On the other hand, an inverse problem in this case is to identify the engineering constants of a
structure through evaluated or measured displacements and/or stresses. For a simple problem
which can be analyzed and the results can be expressed in closed-form mathematical relationship,
the inverse problem can be easily obtained from mathematical operation. However, for a practical
huge structure of complicated shape, closed-form relationship cannot be obtained. Recently, a lot
of schemes had been developed for parameter recognition (classification and regression) in the
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Problem

Process

Problem with closed-form expression

Problem without closed-form expression

Forward

model parameters !
model!
prediction of data

y = f(p1)
(e.g., Δ ¼ PL
3EI )

parameters!
numerical models (FEM) !
displacements, stresses

Inverse

data !
model !
estimation of model
parameters

3

p1 = f�1(y)
3

(e.g.,E ¼ PL
3IΔ )

displacements, stresses !
welled trained ANNs !
parameters

Table 1. Comparison of forward problem and inverse problem.

field of machine learning and artificial intelligence, among which neural networks such as backpropagation artificial neural network (BPANN) and radial basis function neural network
(RBFNN) are proven to be powerful and efficient if well designed, trained, and tested.
The two problems are compared and illustrated in Table 1, where problems with and without
closed-form relationship between parameters and physical quantities are shown, respectively. In
Table 1, a well-known example in civil engineering, displacement at the end of a cantilevered
beam subjected to a concentrated load is shown, in which Δ, P, L, E, I denotes the end displacement, loading, length, Young’s modulus, and moment of inertia, respectively.
This research study aims to consider the identification of engineering constant of a typical
CLSM-backfilled region as an inverse problem. The processes employed are as follows:
(1) preparation of training data, and testing data through numerical analysis (using ANSYS);
(2) preparation of verification data (from experiments on CLSMs); (3) normalization of training
data, testing data, and verification data; (4) conducting prediction using neural networks of
BPANN and RBFNN along with comparison study of parameters involved in the networks;
and (5) selection of a useful network topology for parameter recognition.
In the following sections, the procedures are explained with numerical results.
2.2. Typical problem employed for the recognition of engineering constants
A typical problem of backfilled region after a retaining wall is considered (Figure 1). The
length and height of backfilled region is L = 20 m, H = 5 m, respectively. For simplicity, the

Figure 1. Schematic of a typical CLSM-backfilled region for the analysis of parameter recognition.
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backfilled materials are considered to be linearly elastic and are within small deformation
under external loadings; therefore, linear elastic analysis can be performed using only two
engineering constants, that is, the Young’s modulus, E (with the unit GPa), and the Poisson’s
ratio, ν. Furthermore, considering the width of backfilled zone is infinitely long, and a twodimensional analysis can be used. In order to evaluate the engineering constants through
displacements and stresses, the backfilled region is assumed to be subjected to a concentrated
vertical loading (surcharge) Q0 = 72.5 kN acting at the point behind the retaining walla = 0.5 H.
In order to provide training data and testing data in parameter recognition using neural
networks, the following four quantities are defined:
x1 = Uy1: vertical displacement (settlement) at upper surface (x = L/4), (positive downward, m).
x2 = Uy2: vertical displacement (settlement) at upper surface (x = L/2), (positive downward, m).
x3 = Sx1: horizontal normal stress (lateral earth pressure) on wall (y = 3H/4), (tensile positive, Pa).
x4 = Sx2: horizontal normal stress (lateral earth pressure) on wall (y = H/2), (tensile positive, Pa).
These sampling points are illustrated in Figure 1.
2.3. FEM analysis using ANSYS
Finite element equation for elastic analysis of displacement and stress of a plane deformation
problem can be expressed in matrix form [33]:
½K�fXg ¼ fFg

(1)

where [K], {X}, {F} denotes global stiffness matrix, global degrees of freedom vector and global
load vector respectively, defined as follows:

½K � ¼

NE
X

fF g ¼

e¼1

½k�e ¼

NE
X
e¼1

NE ðð
X
t
½B�T ½D�½B� dx dy
e¼1

Ae

NE
X
t ∮ Se ½N gT fqg dS
f f ge ¼

(2)

e¼1

If a plane 4-node isoparametric element is used, the shape functions in Eq. (2) can be expressed as
N 1 ðξ; ηÞ ¼ ð1 � ξÞð1 � ηÞ=4
N 2 ðξ; ηÞ ¼ ð1 þ ξÞð1 � ηÞ=4
N 3 ðξ; ηÞ ¼ ð1 þ ξÞð1 þ ηÞ=4

(3)

N 4 ðξ; ηÞ ¼ ð1 � ξÞð1 þ ηÞ=4
where ξ, η are local coordinates. A typical PLANE42 element in ANSYS is shown in Figure 2.
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Figure 2. Definition of PLANE42 element of ANSYS [34].

2.4. Numerical experiments for different combination of engineering constants
A finite element mesh with 40  10 = 400 elements, 41  11 = 451 nodes, 451  2 = 902 degrees
of freedom (displacements) is employed for a numerical analysis of backfilled zone (Figure 3).
The left-hand side and right-hand side can only move freely in vertical direction, while the
bottom of backfilled zone is considered fixed in both directions. In order to provide enough
sampling data for later training and testing process using supervised neural networks, the
Young’s modulus (E) ranges from 0.02 to 3 GPa (covering the general values of soil and

Figure 3. FEM mesh of the typical example of CLSM-backfilled region using ANSYS of PLANE42 elements.
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CLSMs), while the Poisson’s ratio (ν) is selected to be 0.1, 0.2, 0.25, 0.3, and 0.4. A total of 270
data samples with different combinations of E and ν are used.
2.5. Data preparation
2.5.1. Data collection from FEM analysis using ANSYS
Table 2 shows part of the 270 numerical results of computed displacements and stresses for
different Young’s moduli and Poisson’s ratio using the ANSYS PLANE42 model.
2.5.2. Normalization of data
Since the output range of the sigmoid function is within [0, 1], and in order to have a better
performance of training of neural network, the input data should be normalized to have a
uniformly ranged data.
The relationship between normalized and original data can be expressed as follows:
~x ¼ ax x þ bx
~y ¼ ay y þ by

(4)

where ax, bx are selected such that ~x ∈ ½�1; 1�, ay, by are chosen to let ~y ∈ ½0 1�. In this case, the
relations are
x~1
x~2
x~3
x~4
y~1
y~2
Data

x1,Uy1 (m)

x2,Uy2 (m)

¼ x1 =0:001
¼ x2 =0:001
¼ x3 =9000
¼ x4 =9000

(5)

¼ 3∗ y1 =1010
¼ y2
x3, Sx1 (Pa)

x4, Sx2 (Pa)

y1,E(GPa)

y2,ν

1

�0.00098

1.9447E-05

�4452.6

�4029.1

0.02

0.1

2

�4.91E-04

9.72E-06

�4452.6

�4029.1

0.04

0.1

55

�0.0008607

2.6951E-05

�5434.05

�5196

0.02

0.2

56

�0.0004303

1.3476E-05

�5434.05

�5196

0.04

0.2

109

�7.61E-04

4.36E-05

�5979.35

�5862.9

0.02

0.25

110

�3.80E-04

2.18E-05

�5979.35

�5862.9

0.04

0.25

163

�0.62826E-03

0.72850E-04

�6567.6

�6599

0.02

0.3

164

�3.14E-04

3.64E-05

�6567.6

�6599

0.04

0.3

269

�1.88E-06

1.50E-06

�7896.55

�8337.1

2.5

0.4

270

�1.56E-06

1.25E-06

�7896.55

�8337.1

3

0.4

Table 2. Computed displacements and stresses for different Young’s moduli and Poisson’s ratio using the ANSYS
PLANE42 model.
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Data

x1,Uy1 (m)

x2,Uy2 (m)

x3, Sx1 (Pa)

x4, Sx2 (Pa)

y1,E(GPa)

y2,ν

1

0.980000

0.019447

0.494733

0.447678

0.006000

0.100000

2

0.491200

0.009721

0.494733

0.447678

0.012000

0.100000

55

0.860680

0.026951

0.603783

0.577333

0.006000

0.200000

56

0.430340

0.013476

0.603783

0.577333

0.012000

0.200000

109

0.760910

0.043562

0.664372

0.651433

0.006000

0.250000

110

0.380450

0.021781

0.664372

0.651433

0.012000

0.250000

163

0.628260

0.072850

0.729733

0.733222

0.006000

0.300000

164

0.314130

0.036425

0.729733

0.733222

0.012000

0.300000

269

0.001876

0.001505

0.877394

0.926344

0.750000

0.400000

270

0.001564

0.001254

0.877394

0.926344

0.900000

0.400000

Table 3. Typical normalized FEM computed displacements and stress at sampling points.

Part of typical normalized FEM computed displacements and stress at sampling points are
shown in Table 3. Among these normalized data, 216 set (216/270 ≒ 80%) are selected randomly for training and 54 set (54/270 ≒ 20%) for testing in the later neural work analyses.
2.5.3. Data for verification
In order to verify the trained and tested neural networks, three data set of backfilled materials
are used: (1) the first is commonly used soil (E = 0.1 GPa, ν = 0.30); (2) CLSM-B80/30%
(E = 0.27 GPa, ν = 0.25); and (3) CLSM-B130/30% (E = 0.87 GPa, ν = 0.25). The CLSM-B80/30%
and CLSM-B130/30% denote unit weight of binder of the CLSM is 80 and 130 kg/m3 with 30%
of replacement of cement by fly ash. Selection of materials for the CLSM mixture in this study
consisted of fine aggregate, type I Portland cement, stainless steel reducing slag (SSRS), and
water. Fine aggregate for CLSM was formed by well blending between river sand and residual
soil with a given proportion (e.g., 6:4, by volume) for grading improvement. The soil was
obtained from a construction site. The experimental work was conducted on two binder
content levels in mixtures (i.e., 80- and 130 kg/m3). The water-to-binder ratio was selected via
few trial mixes until the acceptable flowability for CLSM of 150300 mm was achieved. The
detailed information can be seen in [8].
In Table 4, computed displacements and stresses for verified soil and two CLSMs using the
ANSYS PLANE42 model are summarized, while the normalized data for verification are
tabulated in Table 5.
Data

x1,Uy1 (m)

x2,Uy2 (m)

x3,Sx1 (Pa)

x4, Sx2 (Pa)

y1,E(GPa)

y2,ν

Soil

1.26E-04

1.46E-05

6567.6

6599

0.1

0.3

CLSM-B80/30%

5.64E-05

3.23E-06

5979.35

5862.9

0.27

0.25

CLSM-B130/30%

1.75E-05

1.00E-06

5979.35

5862.9

0.87

0.25

Table 4. Computed displacements and stresses for verified soil and two CLSMs using the ANSYS PLANE42 model.
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Data

x1,Uy1 (m)

x2,Uy2 (m)

x3, Sx1 (Pa)

x4, Sx2 (Pa)

y1,E(GPa)

y2,ν

Soil

�0.126

0.0146

�0.72973

�0.73322

0.003

0.3

CLSM-B80/30%

�0.0564

0.00323

�0.66437

�0.65143

0.0081

0.25

CLSM-B130/30%

�0.0175

0.001

�0.66437

�0.65143

0.0261

0.25

Table 5. Normalized FEM computed displacements and stress for verified soil and two CLSMs using the ANSYS
PLANE42model.

3. Parameter recognition using BPANN
3.1. Application of BPANN for parameter recognition
Figure 4 demonstrates a typical BPANN for the identification of engineering constants of
CLSM. The BPANN shown in Figure 4 contains a single output, that is, the Young’s modulus
(y1 = E, y2 = ν), L input neurons (xi, i = 1, 2, ⋯, L), and M hidden neurons (hj, j = 1, 2, ⋯, M). The
predicted outputs can be expressed as [35–37]:
a.

from input layer (IL) to hidden layer (HL):
!

(6a)

from hidden layer (HL) to output layer (OL):
0
1
M
X
y ¼ f ðnk Þ ¼ f @
wkj hj � bk A

(6b)

L
X
� �
hj ¼ f nj ¼ f
wji xi � bj
i¼1

b.

k

j¼1

Figure 4. Schematic of a BPANN topology for single parameter recognition.
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Where the activating function (the sigmoid function) and its derivative can be expressed as.
f ðnÞ ¼
0

1
1 þ e�n

(7)

f ðnÞ ¼ f ðnÞ½1 � f ðnÞ�:
3.2. Learning algorithms of BPANN for parameter recognition
There exist many approaches for the determination of the network parameters in BPANN (wkj,
bk, wji, bj). The most basic and popular generalized delta rule based on the method of the
steepest descent along with two learning parameters (i.e., the learning rate η and the momentum factor μ)is employed, which can be expressed as
wkj ðp þ 1Þ ¼ wkj ðpÞ � η

∂E
ðpÞ þ μ bk ðpÞ
∂bk

bk ðp þ 1Þ ¼ bk ðpÞ � η
wji ðp þ 1Þ ¼ wji ðpÞ � η
bj ðp þ 1Þ ¼ bj ðpÞ � η

∂E
ðpÞ þ μ wkj ðpÞ
∂wkj

∂E
ðpÞ þ μ wji ðpÞ
∂wji

(8)

∂E
ðpÞ þ μ bj ðpÞ
∂bj

where
EðpÞ ¼

N
N
X
�2
1X
1�
e2k ðpÞ ¼
dk ðpÞ � yk ðpÞ
2 k¼1
2
k¼1

(9)

denotes the error between targets and trained output results.
∂E
ðpÞ ¼ �ek ðpÞf 0 ðnk Þ hj
∂wkj
∂E
ðpÞ ¼ �ek ðpÞf 0 ðnk Þ2
∂bk
N �
X
� � �
∂E
ðpÞ ¼ �
ek ðpÞf 0 ðnk Þ wkj f 0 nj xi
∂wji
k¼1

(10)

N �
X
� � �
∂E
ðpÞ ¼ �
ek ðpÞf 0 ðnk Þ wkj f 0 nj
∂bj
k¼1

The MATLAB toolbox nntool provides a lot of training methods along with BPANN
[38], among which four kinds of training algorithms were tested in the current research
as follows:
a.

Generalized steepest decent (GD):
The learning rule can be written as Eq. (8) with η 6¼ 0, μ = 0.
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b.

Generalized steepest decent including momentum (GDM):
The learning rule can be written as Eq. (8) with η 6¼ 0, μ 6¼ 0.

c.

Generalized steepest decent with adjustable learning rate (GDA):
In this algorithm, the basic learning rule is the same as Eq. (6) but adding a conditional
judgment. When stable learning can be kept under a learning rate, then the learning rate is
increased, otherwise it is decreased. The learning rate increment and decrement can be
denoted as ζinc and ζdec [35].

d.

Levenberg-Marquardt (LM):
The learning rule can be written as
h
i�1
Δwij ðt þ 1Þ ¼ wij ðt þ 1Þ � wij ðtÞ ¼ � ½ J �T ½ J � þ λ½I �
½ J � T f eg

(11)

where λ denotes a constant to assure the inversion of matrix, and the learning rule
becomes Gauss-Newton algorithm when λ = 0, while it approaches GD with small learning rate with large λ [35].
3.3. Numerical results of parameter recognition using BPANN
The first supervised learning employed for parameter recognition of engineering constants is
the BPANN, which can be easily implemented for multiple inputs and multiple outputs. Since
there are various design parameters in the construction of a BPANN, we study some influence
factors (such as different algorithms of training rules, different combination of input variables,
and number of neurons of hidden layer), and then we propose and analyze an appropriate
topology of BPANN. The MATLAB nntool is used for network simulation.
3.3.1. Comparison of different algorithms of learning rules
The convergence of RSME with iteration of BPANN by using different training algorithms
under a BPANN topology with 4–6-2 (NI = 4, NH = 6, NO = 2) for the 216 training set is shown
in Figure 5. The training functions in MATLAB are as follows: (1) GD (traingd); (2) GDM
(traingdm); (3) GDA (traingda); and (4) LM (trainlm). Some parameters employed in the four
BPANN algorithms are also shown in Figure 5. It can be observed that except LM (trainlm), all
another three algorithms cannot allow the root mean square errors (RMSEs) approach to zero
quickly. (The results had been verified by the self-developed BPANN by using GD learning
rule programming in Python). This reflects the current problem that contains a special feature
that first-order method of the steepest decent cannot help to find the global minimum quickly,
while the Levenberg-Marquardt (LM) algorithms based on Hessian matrix containing secondorder derivative of cost function work well.
Table 6 summarizes the effect of different training algorithms of BPANN on the predicted
accuracy. It can be shown that LM (trainlm) gives accurate prediction of both the Young’s
modulus (error is within 6% for CLSMs) and Poisson’s ratio (error is 1% for all) for three kinds
of backfilled materials.
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Figure 5. Convergence of RSME with iteration of BPANN using different training algorithms (NI = 4, NH = 6, NO = 2).

Case

Training method

RSME

Soil

CLSM-B80/30%

CLSM-B130/30%

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

1

traingd

0.02

0.5855
(485.5%)

0.4109
(36.95%)

0.6875
(154.6%)

0.2769
(10.75%)

0.7356
(15.45%)

0.2717
(8.69%)

2

traingdm

0.02

0.5234
(423.4%)

0.3307
(10.24%)

0.6700
(148.2%)

0.2628
(5.11%)

0.6875
(20.97%)

0.2581
(3.25%)

3

traingda

0.02

0.5148
(414.8%)

0.2181
(27.30%)

0.5695
(110.92%)

0.1999
(20.06%)

0.5766
(33.72%)

0.2049
(18.06%)

4

trainlm

0.00

0.0729
(27.11%)

0.2991
(0.31%)

0.2862
(5.99%)

0.2512
(0.49%)

0.8561
(1.60%)

0.2510
(0.40%)

0.1

0.3

0.27

0.25

0.87

0.25

Experimental value

Table 6. Effect of different training algorithms of BPANN on the predicted accuracy.
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3.3.2. Effects of input variable combinations
In a practical engineering situation, we are interested in a question: what physical variables
should we measure? To solve this problem, five cases of different combination of input variables are investigated:
Case 1: (Uy1,Uy2, Sx1, Sx2) (NI =4) (two displacements, two stresses).
Case 2: (Uy1,Uy2, Sx1) (NI =3) (two displacements, one stress).
Case 3: (Uy1,Uy2) (NI =2) (two displacements).
Case 4: (Uy1, Sx1,) (NI =2) (one displacement, one stress).
Case 5: (Sx1, Sx2) (NI =2) (two stresses).
The convergence of RSME with iteration of BPANN using different combinations of input
variables using LM training algorithms (NH = 6, NO = 2) for the 216 training set is shown in
Figure 6. Again, LM works well, but the predicted accuracy shown in Table 7 depicts that only
cases 1, 2, and 3 are appropriate for use. The result of case 5 reflects the fact that only stresses
information cannot predict the material constant. Therefore, in the following analysis, we
basically consider input variables of case 1; this means we need to measure two displacements
and two stresses.

Figure 6. Convergence of RSME with iteration of BPANN using different combinations of input variables (trainlm, NI = 4,
NH = 6, NO = 2).
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Case

NI

Input variables

Soil

CLSM-B80/30%

CLSM-B130/30%

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

1

4

Uy1, Uy2, Sx1, Sx2

0.1363
(36.28%)

0.3003
(0.11%)

0.2368
(12.30%)

0.2470
(0.86%)

0.8636
(0.73%)

0.2480
(0.79%)

2

3

Uy1,Uy2, Sx1

0.0895
(10.50%)

0.2997
(0.09%)

0.2795
(3.50%)

0.2518
(0.71%)

0.8618
(0.95%)

0.2516
(0.65%)

3

2

Uy1, Uy2

0.0747
(25.31%)

0.2997
(0.10%)

0.2555
(5.337%)

0.2501
(0.04%)

0.8485
(2.48%)

0.2505
(0.21%)

4

2

Uy1, Sx1

7.5206
(7420%)

0.1752
(158.4%)

7.5706
(2704%)

0.1768
(17.7%)

7.6544
(779.8%)

0.1724
(168.9%)

5

2

Sx1, Sx2

1.3530
(1253%)

1.6716
(457.2%)

1.3079
(384.4%)

1.6449
(557.9%)

1.2985
(49.25%)

1.6331
(553.3%)

0.1

0.3

0.27

0.25

0.87

0.25

Experimental values

Table 7. Effect of input variables on the prediction accuracy of engineering constants using BPANN.

3.3.3. Effect of number of hidden neurons
The results of BPANN results using different number of neurons of hidden layer (NH) are
shown in Figure 7 and Table 8. From the results it is recommended to employ NH > 2 for the
accurate prediction of engineering constants if training algorithms LM (trainlm) are employed.

Figure 7. Convergence of RSME with iteration of BPANN using different number of neurons of hidden layer (trainlm,
NI = 4, NO = 2).
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Case

NH

NI-NH-NO

Soil

CLSM-B80/30%

CLSM-B130/30%

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

1

2

4–2-2-

0.2088
(108.80%)

0.3007
(0.22%)

0.2327
(13.80%)

0.2498
(0.08%)

0.9413
(8.20%)

0.2499
(0.04%)

2

4

4–4-2

0.1562
(56.19%)

0.2878
(4.06%)

0.3097
(14.69%)

0.2453
(1.87%)

0.8903
(2.33%)

0.2498
(0.09%)

3

6

4–6-2

0.1653
(65.35%)

0.2985
(0.50%)

0.3238
(19.94%)

0.2491
(0.36%)

0.8859
(1.83%)

0.2492
(0.31%)

4

8

4–8-2

0.0811
(11.91%)

0.3015
(0.51%)

0.2392
(11.43%)

0.2507
(0.29%)

0.8566
(1.54%)

0.2508
(0.34%

5

10

4–10-2

0.1174
(17.39%)

0.2992
(0.28%)

0.2777
(2.86%)

0.2531
(1.23%)

0.8833
(1.53%)

0.2542
(1.69%)

0.1

0.3

0.27

0.25

0.87

0.25

Experimental values

Table 8. Effect of number of neurons of hidden layer on the prediction accuracy of engineering constants using BPANN.

3.3.4. Selection of a BPANN topology
After some parametric studies, a BPANN with 4–6-2 topology using LM training algorithm is
proposed for current parameter recognition problems. The convergence of RMSE is shown in
Figure 8 to depict very fast decay of RSME. Figure 9 shows the QQ plot of tested results and
predicted results during testing stage after training process. The R2value for the Young’s
modulus and Poisson’s ratio are 0.99454 and 0.99864, respectively. It reflects that the training

Figure 8. Convergence of RSME with iteration of finally selected of BPANN (trainlm, NI = 4, NH = 6, NO = 2).
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Figure 9. QQ plot of testing data of finally selected of BPANN (trainlm, NI = 4, NH = 6, NO = 2).

Training
method

trainlm

Input
variables

Uy1, Uy2,
Sx1,Sx2

NI-NHNO

4–6-2-

Experimental values

Soil

CLSM-B80/30%

CLSM-B130/30%

E(Error%) ν(Error%)

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

0.0729
0.2991
(�27.11%) (0.31%)

0.2862
(5.99%)

0.2512
(0.49%)

0.8561
(�1.60%)

0.2510
(0.40%)

0.1

0.27

0.25

0.87

0.25

0.3

Table 9. Predicted results using final design of a BPANN for the recognition of engineering constants of CLSM.

BPANN works well for testing data. Table 9 shows predicted results using final design of a
BPANN for the recognition of engineering constants of CLSM.

4. Parameter recognition using RBFNN
4.1. Application of RBFNN for parameter recognition
Figure 10 demonstrates a typical RBFNN for the identification of engineering constants of
CLSM. The RBFNN shown in Figure 10 contains a single output, that is, the Young’s modulus
(y1 = E, y2 = ν), L input neurons (xi, i = 1, 2, ⋯, L), and M hidden neurons (hj, j = 1, 2, ⋯, M).
Suppose we have S samples for training, we can select M ≤ S. The predicted output can be
expressed as [35–37]:
yk ¼ Fk ðxi Þ ¼

M
X
j¼1

2

�1
M
X
kxi �Cj k
��
��
2σ2
wj K �xi � Cj � Þ ¼
wj e j

j¼1

2

�1
kxi �Cj k
��
��
2σ2
is the Gaussian basis function.
where the kernel function K �xi � Cj � ¼ e j

(12)
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Figure 10. Schematic of a RBFNN topology for single parameter recognition.

4.2. Learning algorithms for RBFNN for parameter recognition
There exist many approaches for the determination of the network parameters in RBFNN (Cj, σj, wkj).
For parallel comparison, here the supervised learning algorithm, that is, the generalized delta rule
based on the method of the steepest descent is used, which can be expressed as [35–37]:
∂E
ðpÞ þ μ wkj ðpÞ
∂wkj
∂E
Cj ðp þ 1Þ ¼ wCj ðpÞ � η
ðpÞ þ μ Cj ðpÞ
∂Cj
∂E
ðpÞ þ μ σj ðpÞ
σj ðp þ 1Þ ¼ σj ðpÞ � η
∂σj
wkj ðp þ 1Þ ¼ wkj ðpÞ � η

(13)

where
EðpÞ ¼

N
N �
�2
1X
1X
e2k ðpÞ ¼
dk ðpÞ � yk ðpÞ
2 k¼1
2 k¼1

(14)

denotes the error between targets and trained output results.
��
��
∂E
ðpÞ ¼ �K �xi ðpÞ � Cj ðpÞ�
∂wkj

�� �
��
�
∂E
1
ðpÞ ¼ �wkj ðpÞ 2 K �xi ðpÞ � Cj ðpÞ� • xi ðpÞ � Cj ðpÞ
∂Cj
σj ðpÞ

�� �
�2
��
∂E
1
ðpÞ ¼ �wkj ðpÞ 3 K �xi ðpÞ � Cj ðpÞ� •�xi ðpÞ � Cj ðpÞ�
∂σj
σj ðpÞ

(15)

Parameter Recognition of Engineering Constants of CLSMs in Civil Engineering Using Artificial Neural Networks
http://dx.doi.org/10.5772/intechopen.71538

There also exist many algorithms for learning RBFNN; among those, some are unsupervised
ones such as using kNN for determination of Cj and using the pseudo-inversion method to
evaluate wkj [35–37].
4.3. Numerical results of parameter recognition using RBFNN
Table 10 summarizes the accuracy of predicted results by using RBFNN with different combinations of input variables. MATLAB nntool (newrb) is used for numerical experiments [38].
Unfortunately, the results are not as good as those obtained using BPANN with the LM
training method. Figure 11 also reflects the same results that Young’s modulus cannot be
Case

NI

Input variables

Soil

CLSM-B80/30%

CLSM-B130/30%

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

E(Error%)

ν(Error%)

1

4

Uy1, Uy2, Sx1, Sx2

0.1877
(87.73%)

0.3009
(0.30%)

0.5786
(114.29%)

0.2498
(0.08%)

0.8085
(7.07%)

0.2498
(0.08)

2

3

Uy1,Uy2, Sx1

0.1649
(64.85%)

0.300
(0.00%)

0.5561
(105.95%)

0.2486
(0.55%)

0.7832
(9.98%)

0.2487
(0.53%)

3

2

Uy1, Uy2

0.2124
(112.44%)

0.2151
(28.31%)

0.5809
(115.15%)

0.2309
(7.63%)

0.7983
(8.25%)

0.2549
(1.98%)

4

2

Uy1, Sx1

0.1774
(77.44%)

0.3001
(0.02)

0.5072
(87.85%)

0.2450
(2.01%)

0.7017
(19.34%)

0.2425
(3.00%)

5

2

Sx1, Sx2

0.6023
(502.27%)

0.300
(0.00)

0.6365
(135.74%)

0.2500
(0.01%)

0.6365
(26.84%)

0.2500
(0.01%)

0.1

0.3

0.27

0.25

0.87

0.25

Experimental values

Table 10. Effect of input variables on the prediction accuracy of engineering constants using RBFNN.

Figure 11. QQ plot of predicted and tested engineering constants of CLSM using RBFNN (NI = 4).
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predicted well using RBFNN (even though a lot of trials on selection of spread constants
cannot obtain satisfying results).

5. Conclusions
This chapter presents a trial of application of two supervised learning artificial neural networks (BPANN and RBFNN) to predict engineering material constants, Young’s modulus and
Poisson’s ratio, of backfilled materials (soil and CLSMs). The training and testing data are
obtained from numerical experiments using ANSYS. Concluding remarks can be summarized
as follows:
1.

BPANN with training method LM (such as trainlm in MATLAB) works well for parameter recognition of engineering constant. For example, a well-designed BPANN with LM
(trainlm) can give accurate prediction of both Young’s modulus (error is within 6% for
CLSMs) and Poisson’s ratio (error is with 1% for all) for three kinds of backfilled materials;

2.

In the BPANN framework, at least two displacements at different points should be
measured, together with optional 0, 1, or 2 stress measurements;

3.

In the BPANN structure, for example, small number of neurons of hidden layer is enough
for parameter recognition;

4.

RBFNN is not appropriate for the parameter recognition of engineering constants, for
example, as compared with BPANN.

In future, another neural network which is appropriate for regression, such as probabilistic
neural networks (PNN) and supporting vector machines (SVM), maybe used for the study on
the parameter recognition of engineering constants of problems in civil engineering.
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Abstract
Nowadays, smart meters, sensors and advanced electricity tariff mechanisms such as timeof-use tariff (ToUT), critical peak pricing tariff and real time tariff enable the electricity
consumption optimization for residential consumers. Therefore, consumers will play an
active role by shifting their peak consumption and change dynamically their behavior by
scheduling home appliances, invest in small generation or storage devices (such as small
wind turbines, photovoltaic (PV) panels and electrical vehicles). Thus, the current load
profile curves for household consumers will become obsolete and electricity suppliers will
require dynamical load profiles calculation and new advanced methods for consumption
forecast. In this chapter, we aim to present some developments of artificial neural networks for energy demand side management system that determines consumers’ profiles
and patterns, consumption forecasting and also small generation estimations.

Keywords: forecast, renewable energy, smart metering, demand side management,
consumers’ profiles

1. Introduction
Recently, many national and international communities and authorities developed energy
efficiency strategies and programs in order to reduce energy poverty. In Ref. [1], European
Economic and Social Committee (EESC) stated that more than 50 million Europeans are
affected by energy poverty in 2009. EESC also recommends to establish a European poverty
observatory that will bring together all stakeholders to take correct measures to reduce the
gaps between different countries and regions in terms of energy poverty and propose a set of
statistics indicators to monitor the evolution of energy efficiency. EESC draw attention that
energy prices are constantly increasing with more than 10% annually, while most of the
Europeans spending an increasing share of their income on energy.

© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
© The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and eproduction in any medium, provided the original work is properly cited.
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In 2012, European Commission adopted Energy Efficiency Directive that proposed measures
to increase with 20% energy efficiency target by 2020 [2]. On November 30, 2016, the Commission updated the Directive, by targeting 30% energy efficiency for 2030. The proposed measures for energy are oriented toward increasing consumers’ awareness regarding their
consumption management through electronic bills and information and communications technology (ICT) solutions, encourage them to become prosumers by investing in their own
generation sources such as photovoltaic (PV) panels, wind turbines and storage devices.
The main objective of the chapter is to present an implementation of artificial neural networks
(ANNs) for the electricity consumption management based on smart metering (SM) data. This
objective will be reached by following topics:
•

determining consumers’ profiles and patterns with clustering and self-organizing maps
(SOM);

•

forecasting aggregated electricity consumption for short-term period on a typical week
day with autoregressive (AR) neural networks;

•

forecasting energy generation for small wind turbines and photovoltaic panels installed at
consumers side (prosumers) with feed-forward neural networks;

•

presenting the main components of an informatics prototype that allows the prosumers to
configure and schedule their appliances in an interactive manner to optimize the electricity consumption.

The ANN performance will be compared with stochastic methods (classification, ARMA and
ARIMA models) and the best solution is adopted for ICT prototype.

2. Current problems in electricity consumption and generation
Regarding ICT solutions, the most important measures to reduce the energy poverty and to
increase consumers’ awareness toward energy efficiency concern both electricity suppliers and
consumers. For electricity suppliers, market segmentation can be used to determine dynamic
consumes’ profiles to better understand consumption behavior and also to set up strategies
and plans for different consumers groups. Another important measure for electricity suppliers
consists in consumption (load) forecasting for short and medium term, used for planning the
grid resources and wholesale electricity markets bids. For consumers, with the introduction of
smart metering (SM) systems, their awareness increased and new methods must be taken into
consideration such as consumption optimization of household appliances through userfriendly interfaces, micro-generation (through photovoltaic panels, small wind turbines and
storage devices), mobile applications for real time billing with detailed information regarding
appliances’ consumption or own generation sources.
2.1. Determine consumers’ profiles
Determining dynamic profiles for consumers represents a challenge for energy suppliers due
to the widespread implementation of smart metering (SM). Comparing with previous period
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before SM implementation, the consumers can play an active role, having the opportunity to
control and schedule their consumption by programming some devices such as washing
machine, electric heating, ventilation systems or car batteries. Another aspect that can be
considered is to use micro-generation sources (photovoltaic panels installed on the roofs or
buildings’ facades or small wind turbines) to unload back into the grid the generated electricity
according to the tariff systems. Based on activities that are carried out by consuming electricity,
final consumers are categorized into household and non-household consumers. Final nonhousehold consumers are characterized by specific consumption, defined by profiles (consumption curves) defined in Romania by procedure [3] and are split into several categories
such as industry, gas stations, civil works, hospitals, public utilities, hotels, retailers, etc. For
household consumers in Romania, there is no official procedure or study used by energy
suppliers, although SM is targeted for 80% implementation until 2020. Based on international
studies such as [4] conducted in UK during 2010–2011 by the Department of Energy and Climate
Change (DECC), the Department for the Environment Food and Rural Affairs (DEFRA) and the
Energy Saving Trust (EST), demonstrated clearly the influence of time-of-use tariff (ToUT) on
domestic demand response. The consumers shifted their evening peak consumption due to the
various ToUT prices without significantly affecting their comfort and lifestyle. In Ref. [5], it is
considered a multivariate statistical lifestyle analysis of household consumers in US. The study
identified five factors reflecting social and behavioral profiles (patterns) determined by air
conditioning, washing machines, climate conditions, PC and TV use. A detailed analyses for
market segmentation is presented in Ref. [6] based on effect of lifestyles, socio-demographic
factors, smart appliances, electricity and heat supply. Authors also identified the most influenced
factors that determined the segmentation: socio-demographic factors (household size, net
income and employment status), types of electric appliances and the use of new (smart) technologies. They also correlated the link between socio-demographic factors and the use of new
technologies and smart appliances. The household profiles are determined in Ref. [7] by applying
a time series auto-regression model—Periodic Autoregression with eXogenous variables (PARX)
algorithm, taking into consideration temperature and occupants’ daily habits. Thus, the consumption is correlated with life style influenced by temperature that leads to air conditioning and
heating electricity consumption variations.
In Ref. [8], we analyzed several methods for profile calculation including fuzzy C-means
clustering, autoregression with exogenous variables and multi-linear regression. For National
Grid UK, the load profiles are determined with multiple regression taking into consideration
seven variables such as noon temperature, two variables regarding sunset moments compare
to 6 o’clock in the afternoon and four variables related to the week days [9]. Thus eight profiles
are obtained that can be used further for electricity consumption forecasts and simulation.
In Ref. [10], authors applied autoregression on hourly consumption data measured for 1000
household consumers in Canada (Ontario). The household consumption represents 30% of the
total consumption and its contribution to the peak load is important due to the ventilation or
AC devices. For autoregression, the variables also include hourly temperature data measured
at local stations and occupation degree of each house.
In Ref. [11], clustering methods are used for determining load profiles for 300 electricity
consumers from Malaysia. Authors proposed C-means fuzzy clustering algorithm by using
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average consumption values, thus obtaining four clusters, each of them being split into subclusters for a better and detailed typical consumption profiles.
In Section 3.1, we proposed a new method based on self-organizing maps (SOM) that allows
us to determine six profiles clearly delimited for consumers having the following types of
consumption: heating, cooling, ventilation, interior lighting, exterior lighting, water heating,
usual devices (washing machine, refrigerator) and other smaller devices (TV, audio and computer). These profiles were compared with other profiles obtained by stochastic methods such
as clustering and classification.
2.2. Consumption and micro-generation short-term forecasting
Regression is seen as part of the first generation of consumption (load) forecasting methods. It
is one of most widely used statistical methods due to its undoubtable advantages such as
simplicity and transparency. For electricity load forecasting, regression methods are usually
applied to effectively model the relationship of consumption level and other factors such as
weather (i.e. temperature, humidity, etc.), day type (workdays and holidays) and consumers
profiles.
Several methods based on regression have been used for short-term load forecasting with
different levels of success such as ARMAX models [12], multiple regression [13, 14] and
regression with neural networks [15–17].
In Ref. [18], authors describe several regression models for the next day peak forecasting. Their
models incorporate deterministic influences such as weekend days, stochastic influences such
as historical loads, and exogenous factors influences such as temperature. In papers [19–22],
authors described other applications of regression models to load forecasting.
According to [23, 24], ARIMA models have proven appropriate for forecasting electricity
consumption.
In Section 3.2, we proposed a method based on autoregressive neural networks for short-term
forecasting the electricity consumption aggregated at supplier’s level for a typical day of the
week. The forecasting method is applied on each profile previously determined by SOM. Also,
we considered ARIMA method for load forecasting and at the end of Section 3.2, we compared
the results for both methods.
Regarding the micro-generation forecasting (small wind turbines and photovoltaic panels
installed at consumers’ side), the methods depend on the time interval. For example, stochastic
methods (persistence and autoregressive patterns) are recommended in Ref. [25] for very
short-term prediction (up to 4–6 hours). In addition, other authors [26] proposed Kalman
integrated support vector machine (SVM) method to achieve a 10% accuracy improvement by
comparing with artificial neural networks or autoregressive (AR) methods. Also a consistent
approach is given by the use of ANNs for short-term generation forecast in case of wind turbines
and photovoltaic (PV) panels. Various ANN-based algorithms are described in [27, 28], it is
proposed Bayesian Regularization algorithms for forecasting. Also in [29, 30], authors proposed
back propagation neural networks based on the optimization of Swarm particles.
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Stochastic methods can be successfully used in order to determine the PV generation. The
authors of the paper [31] analyzed and compared different models for forecasting and concluded that the accuracy of the ARMA model is better than other models.
In Section 4, we analyzed two methods for PV and small wind turbines generation: stochastic
method based on ARIMA and feed-forward ANN. The results are compared and conclusions
are drawn at the end of the section.
2.3. Consumption optimization
Residential consumers usually have certain types of appliances: washing machine, dryer, dish
machine, water heater, refrigerator, electric oven/grill, blender, iron machine, electric centralized heating system, coffee maker, vacuum cleaner, AC/ventilation systems, TV and other
multimedia appliances. Out of these appliances only some of them can be automatically
controlled and used at certain time intervals when electricity price is lower (e.g. washing
machine, dish machine, electric oven, car batteries can be charged at night). Electricity suppliers may use several methods for consumption optimization using different optimization
functions. In Ref. [32], it is described as stochastic optimization based on Monte Carlo simulation for minimization of estimated payment for entire day. Authors proposed a mixed integer
linear programing (MILP) algorithm for optimization of the electricity residential consumption
taking into account real time tariffs. In [33, 34], authors proposed genetic algorithms for
consumption optimization. We proposed in Ref. [35] a method based on MILP with two
optimization functions: cost-based function that minimizes the electricity costs depending on
the time-of-use tariffs (ToUT) and a peak-shaving optimization function that minimizes the
peak consumption. Both functions provide savings to electricity bills for consumers, but the
second method also brings benefits for electricity suppliers and grid operators. In Section 5, we
presented informatics solution that integrates the optimization methods presented in Ref. [35]
and allows consumers to schedule their appliances in order to minimize the electricity costs.
2.4. Smart applications for real time billing
Until the expansion of smart meters, consumers were charged based on meters’ reads made by
an electricity supplier employee on different time intervals (usually 2–3 months) and most of
the time the bills are based on estimations determined by the energy supplier on historical data
regarding each household’s consumption. Therefore, the electricity consumer was unable to
customize and adjust his consumption based on ToUT or schedule his appliances to avoid peak
consumption because he cannot benefit from real time information and his behavior is not
reflected in the demand management system in real time. Since the widespread implementation of smart meters in most European countries, various informatics solutions were developed
by software companies or by energy suppliers in order to provide consumers accurate electricity
bills, near real time. A review of the top utility billing software products is available in Ref. [36].
These solutions are user-friendly, accessible online through mobile devices, intuitive and ease to
use even for ICT novices.
Besides information regarding the total consumption, the billing systems have to provide consumptions data for different type of appliances measured by SM or by other smart measurement
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devices. Thus, consumers can analyze their consumption for heating, cooling, washing, lighting
and other home appliances and they can schedule it based on ToUT. In Section 5, we proposed
an informatics solution that provides friendly user interfaces and integrates methods for consumption optimization and micro-generation forecasting for electricity consumers.

3. Forecasting the electricity consumption
3.1. Determining the consumption profiles
In order to dynamically determine consumer profiles, first we considered a series of algorithms
based on classification and clustering techniques. In order to implement and test the model, we
used a data set with hourly electricity consumption recorded in different US cities between
January 1, 2014 and December 31, 2014. Each record contains values for the following types of
consumption: heating, cooling, ventilators, indoor lighting, outdoor lighting, water heating,
household equipment (washing machine and refrigerator) and other interior devices (TV and
computer). Data were imported into Oracle Database 11 g R2 in the LOAD_PROFILE_T table
with approximately 1,900,000 hourly records for 212 consumers. We analyzed the distribution of
electricity consumption at different value ranges, consumption types and time periods as shown
in Figure 1.
The analyses shows that the consumption curve has the same aspect as the consumption for
heating and interior equipment, which makes these types of consumption significant attributes
for the total consumption value.
Data being imported into Oracle Database, we consider data mining algorithms developed in
Oracle SQL Developer. So, for the first method, we approached support vector machines
(SVMs) classification method and we build six profiles (classes) and the profiles with the most
cases (over 30,000) have the highest degree of accuracy (about 90%), which can be considered a

Figure 1. Data set statistics.
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good result for classification. Performing classes’ analyses, we observed that the profiles are
very sensitive to changes in consumer behavior, due to the fact that classes with a small
number of items recorded the highest prediction errors.
To eliminate these shortcomings, we considered it useful to apply a second solution for
determining profiles dynamically by using clustering methods. For building the profiles, we
applied the K-means method and for measuring similarity within a cluster, the variance (the
sum of the squares of the differences between the main element and each element) is used,
being the best clusters in which the variance is small. We analyzed the confidence level for each
cluster and it is noticeable that the confidence is high, in most cases being over 85%. Regarding
the clustering rules, from our results we noticed that the grouping rules do not take into
account the attributes such as water heating, fans, cooling, household equipment, indoor/
outdoor lighting, but only heating and total consumption (the most important attributes). This
may be due to the fact that we choose a small number of clusters comparing to the data set
population. In conclusion, the lower the number of clusters, the more people in the group and
less sensitive to changes in consumer behavior.
In order to divide the obtained profiles into smaller groups, we choose another clustering
method in order to establish consumption patterns. So, we refined the K-mean results and we
applied O-cluster method (Orthogonal partitioning clustering). This method is owned by
Oracle Corporation [37] and uses a recursive data grouping algorithm through orthogonal
data partitioning. On top of the previous 6 profiles determined by K-means, we build 10 subclusters, representing consumption patterns for each profile on hourly intervals. Analyzing the
training rules and the weight of each consumption category in each cluster, we noticed that
they have a varied composition, each cluster identifying a primary profile determined by the
K-means method and one or more consumption patterns determined by the O-cluster method.
For example, we considered the distribution of consumption patterns of a consumer within the P5
profile within 24 h. Figure 2 shows profile P5 split into 10 patterns (T1, …, T10) for a detailed
perspective on electricity consumption.

Figure 2. Profile P5 patterns with O-cluster.
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The patterns build with O-cluster refine the clusters and gives a better understanding about
consumption behavior regarding smaller groups of consumers and thus adjusting the ToUT
for these groups. Also, the consumption patterns shape more accurately the consumer’s
dynamic behavior within 24 h, the profiles being in fact an approximation of the variation of
hourly consumption. The deviations of the actual consumption compared to the average
consumption of the profile are small, which again validates the clustering model.
As an option to clustering methods, we approached also a third method based on artificial
neural networks (ANN). In Matlab R2015a, we imported data from Oracle Database from
LOAD_PROFILE_T table and we organized input vectors as x(t) ∈ Rn, where n = 13 for each
consumption type (heating, ventilation, indoor lighting, etc.) and t represents time interval
(hours) between January 1, 2014 and December 31, 2014.
We developed a self-organizing maps (SOM) algorithm, setting the following parameters for
the neural network:
•

SOM architecture—2D with 2  3 neurons/layer (dimensions) = [2 3];

•

number of steps for initially processing the input space (coverSteps) = 100;

•

initial neighbor (initNeighbor) = 2;

•

network topology (topologyFcn) = ‘hextop’ and

•

distance between neurons (distanceFcn) = ‘linkdist’.

The network is initialized with random values for each neuron. We used the trainbu training
function that adjusts weights and bias after each iteration. We plotted the results and observed
the distribution of the input set in Figure 3:
From the representation of the consumption curves corresponding to six clusters, it can be
observed a clear delimitation between profiles P2 and P5. Also, a difference of approx. 30% of
the evening consumption peak is observed between P6 and P1, P3, P4 (Figure 4).
Following the analysis of the obtained results, we noticed a correct and efficient grouping of
the consumer profiles using the self-organizing neural networks.

Figure 3. Distances among clusters distribution.
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Figure 4. Profiles obtained with SOM.

A short comparison of the results obtained with the three analyzed methods is summarized in
Table 1.
From the analysis, we can conclude that for the determination of dynamic consumption profiles, which surprising a series of consumption patterns, the optimal method is the clustering
method, and for the determination of clearly delimited profiles the most efficient method is the
use of self-organizing maps.
3.2. Consumption forecasting solution with ANN
Analyzing the consumption data set for 212 consumers during 4–6 weeks, a regular pattern is
observed between working days or weekdays (Monday to Friday) and some differences in
weekend or holidays. Therefore, for load forecasting hourly aggregated at grid operator or
electricity supplier level for a typical day of the week, we can consider an autoregressive model.
In this section, we approach and compare two methods for forecasting electricity consumption:
statistics methods based on ARIMA and autoregressive artificial neural networks.
Autoregressive-moving-average (ARMA) models are suitable for stationary series, but most of
the series are non-stationary, their mean and variance not being constant over time. The ARMA
model was adapted for non-stationary time series that become stationary by differentiation,

Method

SVM

K-means and O-cluster

SOM

Number of profiles

6 profiles

6 profiles with 10 patterns

6 profiles

Sensitivity to consumption
variations

High, small classes with
lower confidence

Medium, variations are
included in patterns

Medium, each group
is clearly delimited

Detailed consumption information

High (sub-types of profiles) High (by patterns of O-cluster) Low

Overall performance

Medium

High

Table 1. Comparison of the profiles obtained by SVM, K-means and O-cluster and SOM.
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the resultant models being called autoregressive integrated moving average ARIMA (p, d, q).
The ARIMA model (p, d, q) consists of three parts: autoregressive (AR), where p represents the
autoregression order, d represents the order of differentiation required for staging the series (I)
and the moving average, q being the order of the moving average. Unlike autoregression, the
moving average describes phenomena with certain irregularities. Moving average is described
by the following equation:
Yt ¼ c þ θ1 et�1 þ θ2 et�2 þ … þ θp et�p þ et

(1)

where Yt is the consumption, c is a constant coefficient and the θ are the parameters of the
moving average and et represents the time series error.
To evaluate the results of the analysis, we used the mean squared error (MSE) and also mean
absolute percentage error (MAPE) to compare the accuracy of the forecast obtained in various
variants of the ARIMA model.
Data from the LOAD_PROFILE_T table were imported into the SAS Guide Enterprise 7.1. Starting
from the input data set, we applied the autoregressive integrated moving average models. In
Table 2, we presented MAPE for the AR model first order, ARMA(1,1) and ARIMA(1,1,1).
Table 2 shows that MAPE is the lowest in the autoregressive model, the accuracy of the electricity consumption forecast being the best (about 93%). The accuracy of other forecasts is over 70%.
In all analyses, the degree of correlation indicates an average or poor inverse dependence.
In addition to ARIMA models, we approached the autoregressive neural networks in Matlab.
We built the LOAD_PROFILE_HOURLY virtual table based on the LOAD_PROFILE_T table
and the LOAD_PROFILE_SOM_6 table, which includes six consumption profiles previously
determined by the self-organizing maps. For simulation we considered a single profile—P6
with the largest number of consumers (6197).
Due to the structure of the input data and the fact that there is an autoregressive component of
electricity consumption during a typical week, we have built a nonlinear autoregressive neural
network (narnet). We configured ANN parameters as follows:
•

feedbackDelays—number of delays;

•

hiddenSizes—number of neurons in the hidden layer;

•

trainFcn—training function.

We considered 50 neurons in the hidden layer and a single input y(t)—the total consumption
determined according to the formula:
Model

MAPE [%]

AR(1)

7.29

MA(1)

24.45

ARMA(1,1)

29.05

ARIMA(1,1,1)

24.97

Table 2. ARIMA models’ results.
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yðtÞ ¼ f ðyðt � 1Þ; …; yðt � dÞÞ

(2)

where d represents the number of records considered delays. For the first iteration of the
model, we considered d = 5 and for the second iteration with better results d = 10. The
architecture of the network is shown in Figure 5.
For the hidden layer, we used a bipolar sigmoid activation function and a linear activation
function for the output layer. As for the training algorithm, Matlab provides the following
algorithms: the Levenberg-Marquardt (LM) algorithm (trainlm), the Bayesian Regularization
(BR) algorithm (trainbr) and the Scaled Conjugate Gradient (SCG) algorithm (trainscg). We
developed the autoregressive neural network and compared the results obtained with the
three training algorithms. The performance of the network is very good, the mean square error
(MSE) being 0.0046 attained at epoch 936 for the BR training algorithm and the correlation
coefficient R between the prediction and the actual value is 0.996 (Figure 6).

Figure 5. The architecture of the autoregressive neural network.

Figure 6. Results for R coefficient for BR algorithm.
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From the error histogram (Figure 7), it can be observed that the errors are between �0.13 and
+0.12, which can be considered an acceptable distribution.
We trained the network using the three algorithms (LM, RB and SCG), the best results being
recorded using the Bayesian Regularization algorithm, although the Levenberg-Marquardt
algorithm recorded good results with an increased performance in training.
In Table 3, the results obtained with autoregressive neural networks are compared with
stochastic methods (ARMA, ARIMA and AR).
The accuracy of ANN algorithms is better (about 95%) compared to the accuracy of stochastic
models. Also, the Levenberg-Marquardt and Bayesian regularization algorithms are also superior regarding the lowest MSE. The R coefficient and error distribution for neural network
algorithms are better than AR, MA, ARMA and ARIMA models.

Figure 7. Errors histogram.

Performance/
method

LM

RB

GCS

AR

MA

ARMA

ARIMA

MSE

0.0064

0.0046

0.167

0.0091

0.0275

0.0316

0.0287

MAPE

4.26

4.21

6.21

7.29

24.45

29.05

24.97

Errors
distribution

�0.3 to 0.12

�0.13 to 0.12 �0.18 to 0.22 �1.24 to 1.16 �1.36 to 1.44 �1.11 to 0.99 �1.14 to 0.66

Table 3. Autoregressive neural networks versus stochastic methods.
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4. Forecasting the electricity generation
In this section we will analyze stochastic methods based on ARMA and ARIMA models
compared with feed-forward artificial neural networks for small wind turbines and photovoltaic panels generation in case of short-term forecasting.
4.1. Photovoltaic panels generation forecasting
In order to forecast the electricity produced by photovoltaic panels, we used input data from
one PV power plant of 7.6 kW located in Giurgiu City, Romania, installed at a prosumer side
on his building facade. PV generates electricity for the consumption of the prosumer, and
when the consumption is lower than the PV output, the electricity is sent to the grid. For our
experiments, data was recorded at 10 minutes interval, from January to December 2015 and
includes the following attributes: ambient temperature, humidity, solar radiation, wind direction, wind speed and PV output (generated power), having more than 50,000 records.
First, we applied the ARIMA models and we calculated the error distribution, MSE, MAPE
and R correlation coefficient (Table 4).
From our observations, the correlation coefficient indicates a strong relationship between solar
radiation and the PV power forecast. This close dependence showed that regression models are
appropriate for this time series. The best results were obtained with ARIMA model where the
accuracy is 96.5% that indicates that the model can be used in PV panels generation forecast.
We consider a second method based on feed-forward neural networks. Therefore, we trained
and validated a set of ANN in Matlab using Levenberg-Marquardt (LM), Bayesian Regularization (BR) and Scaled Conjugate Gradient (SCG).
For ANN architecture, we analyzed various settings regarding the number of neurons per
layer, number of hidden layers and training algorithms. After several tests, we chose the
following architecture: the input layer with 5 neurons (ambient temperature, humidity, solar
irradiation, wind direction and wind speed) 60 neurons on a hidden layer and a single output
(the energy produced).
Models

MSE

R

MAPE [%]

AR(1)

0.006505

0.989558

3.716167

AR(2)

0.013464

0.978219

5.008174

MA(1)

0.094253

0.948153

59.89228

MA(2)

0.102734

0.923199

63.59939

ARMA(1,1)

0.006478

0.98958

3.803265

ARMA(2,2)

0.013297

0.978492

5.439663

ARIMA(1,1,1)

0.006372

0.989939

3.633844

ARIMA(2,1,2)

0.006435

0.989787

3.566530

Table 4. Stochastic models results in case of PV generation forecasting.
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For training, validating and testing: we have allocated 70% of the records for the training
process, 15% for the validation process and 15% for the testing process. For training errors,
we used the mean square error (MSE) by applying an error normalization process by configuring the normalization parameter to “standard”. Thus, output parameter values were standardized, ranging from [�1, 1].
Taking into account the seasonal variations of the influence factors in Romania, we built
artificial neural networks based on the three algorithms for each month and we compared the
results in Table 5.
Comparing the ARIMA and ANN results, we consider that the most efficient approach is to
use ANN on monthly data sets, which leads to excellent accuracy for every analyzed month.
We also found that in almost 70% of cases, BR algorithm has a better generalization than LM or
SCG algorithms. In 30% of cases, the highest accuracy was obtained with LM algorithm.
4.2. Wind turbines generation forecasting
For forecasting simulations, we used recorded data for one small wind turbines (microgenerators) with a total power of 5 kW and another wind turbine of 10 kW, belonging to two
consumers-producers (prosumers) located in two different areas of County of Tulcea, Romania. The two prosumers uses the energy produced by wind turbines for pumping water. For
each turbine, the data set contains hourly data recorded from January 2013 to December 2014
with the following attributes: ambient temperature, wind direction, wind speed, atmospheric
pressure and humidity. For each wind turbine, the measuring devices provides different
values such as average, maximum and minimum wind speeds. Starting from the input data,
Period

MSE

Coefficient R

LM

BR

SCG

LM

BR

SCG

January

0.0818

0.0872

0.1132

0.9994

0.9993

0.9992

February

0.0387

0.0317

0.0679

0.9994

0.9993

0.9990

March

0.0617

0.0570

0.1174

0.9985

0.9987

0.9978

April

0.0201

0.0191

0.0319

0.9990

0.9989

0.9984

May

0.0539

0.0505

0.0640

0.9980

0.9981

0.9975

June

0.0705

0.0675

0.0865

0.9991

0.9992

0.9989

July

0.0439

0.0474

0.0577

0.9967

0.9969

0.9962

August

0.0870

0.0658

0.1019

0.9991

0.9993

0.9989

September

0.0348

0.0308

0.0512

0.9997

0.9997

0.9996

October

0.0601

0.0628

0.0877

0.9996

0.9997

0.9996

November

0.0369

0.0295

0.0650

0.9999

0.9999

0.9999

December

0.1002

0.0839

0.1091

0.9997

0.9997

0.9997

Table 5. Performance of ANN for solar generation forecasting in case of the PV panel.
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we have developed several forecast scenarios by applying ARIMA models. The data recorded
at the turbines’ locations were analyzed using ARIMA Modeling and Forecasting time series in
SAS Guide Enterprise 7.1. Applying the autoregressive model of the first AR (1), we obtained
an extremely high average error (MAPE) of 86.5% for the wind turbine of 10 kW, which means
that the accuracy of the model is only 13.5%. We tested also with first-order moving average
(ARMA(1,1)) for both turbines and obtained the following results:
•

for 5 kW turbine: AR(1) MA(1) model with MSE = 0.047 and MAPE = 93.6 and

•

for 10 kW turbine: AR(1) MA(1) model with MSE =0.021 and MAPE = 50.7.

Although the moving average improves the results (especially for the 10 kW wind turbine) as a
consequence of the wind’s unpredictable nature, because of the very low accuracy, the ARIMA
models cannot be used for forecasting wind turbines’ generation.
As a consequence, we approached the feed-forward neural networks. We used the three
algorithms available in Matlab for feed-forward ANN: Levenberg-Marquardt (LM), Bayesian
Regularization (BR) and Scaled Conjugate Gradient (SCG).
Considering seasonal characteristics of wind generation in Romania, where during spring and
autumn the weather is windy, we split the data set into four seasons and trained and tested a
dedicated ANN for each data set.
The ANN architecture was as follows: 5 neurons for the input layer (wind speed, wind direction,
atmospheric pressure, temperature and humidity), 50 neurons for the hidden layer and one
output (generated energy). The data set was randomly divided as follows: for training 70% of
the records, for testing 15% and the remaining 15% for validation. The results obtained from each
network testing and validation are synthesized in Table 6, which shows that the LM algorithm
obtained the best correlation coefficient R (0.96) for spring and autumn data sets.
The results are good for all algorithms, analyzing the errors distribution we observed that most
of them are between �0.1 and +0.1, which can be considered acceptable for the 5 kW turbine.
We experiment the ANN training and validation for the second turbine of 10 kW registering
similar results, so we can conclude that the networks are efficient for generation forecasting in
case of small wind turbines.

Season

MSE

Coefficient R

LM

BR

SCG

LM

BR

SCG

Spring

0.0372

0.0387

0.0489

0.96

0.96

0.95

Summer

0.0578

0.0603

0.0610

0.95

0.95

0.94

Autumn

0.0553

0.0610

0.0845

0.96

0.94

0.93

Winter

0.0604

0.0623

0.0636

0.95

0.95

0.94

Table 6. Performance of ANN for wind generation forecasting in case of 5 kW turbine.
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5. Informatics solutions for electricity consumption and generation
In order to increase the consumer awareness toward energy efficiency, new informatics solutions must be developed and offered by the electricity supplier. An informatics solution for
demand management must fulfill the following requirements:
•

describing and modeling consumer’s electrical appliances;

•

real time consumption monitoring;

•

monitor and forecast generation in case of prosumers;

•

scheduling electrical appliances;

•

optimizing the consumption;

•

offering advanced analysis for consumption and micro-generation and

•

monitoring the costs of electricity consumption according to advanced tariffs systems.

Our proposed informatics solution is part of a research project and it is addressed mainly
to household consumers, but it also contains a management consumption module for
electricity supplier. The informatics solution contains the following modules: data acquisition from smart metering and smart appliances, models for consumption management and
user-friendly interfaces.
5.1. Data management
Data acquisition module extract data from heterogeneous sources such as smart meters and
appliances in .csv or .raw format, micro-generation equipment (small photovoltaic panels, wind
turbines and electrical vehicles), manual reading done by electricity supplier’ employees or via
web interfaces. Data are loaded first into local databases (concentrators) via Wi-Fi or RF. From
local concentrators, data are synchronized periodically and loaded into a central data stage for
proper cleansing and validation. We also designed an extract, transform and load (ETL)
patterns for different types of SM and also procedures for extracting data from heterogeneous
appliances. After ETL process completes, data are loaded into a central relational database
running Oracle Database 12c or MySQL for operational management and then into a data
warehouse for advanced analytics.
5.2. Models
The models’ layer integrates previously described methods for determine the consumers’ profiles based on SOM, methods for short-term consumption forecasting based on autoregressive
neural networks and in case of prosumers, short-term generation forecasting from small wind
turbines and PV panels. Also the layer includes an optimization model based on two optimization functions as described in detailed in Ref. [35].
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5.3. Interfaces
Our proposed solutions are integrated into a web-based application using business intelligence
components that allow both electricity supplier and prosumers to interact with the proposed
models. We set up a business intelligence server installed in a cloud computing using Software as
a Service (SaaS) that offers access for prosumers/electricity supplier to services via internet connection for advanced analytics. The application includes the following consumers’ facilities (Figure 8):
•

monitoring their own consumption/generation;

•

customize appliances and schedule their consumption;

•

optimize consumption/generation based on advanced tariffs systems and

•

real time electricity bills.

For electricity suppliers, the application will include an advanced analytics interface (Figure 9)
that allow them to:
•

set up advanced tariffs systems;

•

analyze aggregate consumption;

•

determine consumers’ profiles and

•

forecast electricity consumption.

The informatics solution is developed on a scalable platform, using Java with Application
Development Framework and Oracle Database 12c that enables Cloud management and
services. Thus, the solution can be adopted by the energy suppliers without expensive investments in infrastructure. Also, it offers an user-friendly interfaces that can be easily understand
and managed by end-users on personal computers and mobile devices.

Figure 8. Monitoring consumption and generation in case of prosumers.
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Figure 9. Determine consumers’ profiles through web interfaces in case of electricity suppliers.

6. Conclusion and future work
Householders’ profiles and patterns will allow electricity suppliers to understand consumers’
behavior, set up more flexible and customized electricity prices to avoid peak consumption.
One the other hand, prosumers will benefit from the forecasting solutions that will estimate
wind and PV generation, therefore they will schedule their appliances according to electricity
prices and their generation resources.
From our experiments, we consider artificial neural networks a good solution for determining
the consumption profiles, for short-term load forecasting on each profile and also for shortterm micro-generation forecasting.
A disadvantage of neural networks is that the most appropriate solution in a particular case is
found by successive attempts on the number of hidden layers and the number of neurons on
each layer, so in the case of another set of data from another geographic area with different
characteristics regarding consumption or meteorological conditions that affect the wind or
solar generation, it is necessary to re-configure the ANN parameters.
An advantage of artificial neural networks in case of consumption and generation forecasting
is that they perform predictions with very good results in a very short time, which makes
ANN particularly useful for real time short-term forecasting.
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Abstract
The debutanizer column is an important unit operation in petroleum refining industries.
The top product is liquefied petroleum gas and the bottom product is light naphtha. This
system is difficult to handle. This is because due to its non-linear behavior, multivariable
interaction and existence of numerous constraints on its manipulated variable. Neural
network techniques have been increasingly used for a wide variety of applications. In
this book, equation-based multi-input multi-output (MIMO) neural network has been
proposed for multivariable control strategy to control the top and bottom temperatures
of the column. The manipulated variables for column are reflux and reboiler flow rates,
respectively. This neural network model are based on multivariable equation, instead of
the normal black box structure. It has the advantage of being robust in nature while
being easier to interpret in terms of its input-output variables. It has been employed for
set point changes and disturbance changes. The results show that the neural network
equation-based model for direct inverse and internal model approach performs better
than the conventional proportional, integral and derivative (PID) controller.

Keywords: distillation column, artificial neural network, equation-based method,
multivariable process control

1. Introduction
Controlling two compositions require more complex instrumentation. The top and bottom
composition loops interact and dynamic stability problems can arise. Holding heat input or
reflux constant simplifies the control system and avoid interaction problem. Composition of the
column are based on online measurement performance variable directly related to composition.
The common measurement is temperature. However, temperature-composition relationship is
influenced by column pressure control. If temperature is used as a control variable, the sensing
element is usually not placed directly in the product stream. Often, product streams are relatively
pure so that boiling point is relatively insensitive to small changes in concentration. Instead of

© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
© The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and eproduction in any medium, provided the original work is properly cited.
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investigating the steady state column temperature profile, the sensing element should be located
at the tray from the end, at a point where the gradient is large. At this point, a fixed change in
product composition causes a larger temperature change. Controlling the temperature gives
tight control on product composition despite wide variations in other factors such as internal
reflux ratio [1]. The variables that need to be controlled are the top and bottom temperatures and
the variables that need to be estimated is top and bottom compositions. Application of composition control to both ends of a debutanizer column has been considered with generally little
success. The difficulty results because two individual control loops interact. The top loop controls
the heavy key in the overhead stream and the bottom loop controls the light key in the bottom
stream. Some disturbances cause the light key concentration in the bottom stream to increase.
The lower loop acts to reduce the concentration by adding heat. This action lowers the light key
concentration sends more heavy key up the column. If both loops are tuned tightly, the column
becomes unstable, and the system can be stable by detuning one loop. Processes with only one
output being controlled by a single manipulated variable are classified as single-input singleoutput (SISO) system. Many processes do not conform to such a simple control configuration. In
the process industries, any unit operation cannot do so with only a single loop. In fact each unit
operation requires control over at least two variables, product rate and product quality. Systems
with more than one control loop are known as multi-input multi-output (MIMO) or multivariable control system. There will therefore be a composition control loop and temperature control
loop. Minimization of energy usage is achievable if the compositions of both the top and bottom
product streams are controlled to their design values, which are called dual composition control
[1]. A common scheme to overcome this problem is to use reflux flow to control top product
composition while the heat input is used to control bottom product composition. Loop interaction may also arise as a consequence of process design, typically the use of recycle streams for
heat recovery purposes. Changes in the feed temperature will in turn influence bottom product
composition. It is clear that interaction exists between the composition and pre heat control
loops. The simple approach in dealing with loop interactions is by the design of multivariable
control strategies. This is to eliminate interactions between control loops [1]. The outline in the
book for this chapter is the multivariable controller used consists of neural network equation
based for the forward model and inverse model. The multivariable control system is to control
the top and bottom temperature and estimating the top and bottom composition. The use of the
neural network-based controller compared to conventional PID controllers is because all the
process variables surrounding the debutanizer column are non-linear in nature and PID could
not handle non-linearities.
The use of neural network models and controllers from available literature involve the use of
black box models. This method is non-versatile and non-robust in nature and difficult to
handle due to the relationship between the inputs and outputs of the system, which are
important for industry. In this book, the main contribution and novelty, the proposed is to use
an equation based inverse neural network models in a multi-input multi-output (MIMO)
system to control the top and bottom temperature of the column simultaneously. The control
structure is by using the direct inverse control (DIC) and internal model control (IMC)
approach. Neural network equation-based models have also been used for the column to
estimate the compositions as estimator. The other contribution of this book is that it utilizes a
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mixture of online close loop and open loop data that are available from industry for training
the neural network models.

2. Application of artificial neural network
Artificial neural network (ANN) is a reliable and popular tool when dealing with problems
involving prediction of variables in engineering at the present age. Details of the ANN application
can be found in literature [2–7]. The main advantage of ANN is in its ability to estimate an arbitrary
function mechanism that learns from data that is input to the network. However, it is not an easy
step to apply neural network for control purposes. Good understanding of the underlying theory is
essential and important. The first important criteria are the model selection which depends on the
data representation and its application. A significant number of experiments are required for
selecting and tuning an algorithm for training. The other criteria that are involve for training is
robustness analysis. For the model, cost function and learning algorithm are important to be
selected appropriately, so that the ANN final result can be robust. Neural network has been
extensively used for a wide of chemical engineering applications which involve identification,
control and prediction. Work has been done of various applications using neural network for
control simulation and online implementation for chemical processes can be seen in literature [2].
As for today feed forward neural network (FANN) architecture is the widely used neural
network architecture. It has a global approximation model for a multi-input multi-output
function for fitting a low-order polynomial through a set of data. Various collection of different
learning and network algorithms are available [8, 9] but the network is important to be selected
as the basic building block. The formula describing the networks in mathematical form takes
the following equation
2
3
!
nϕ
nk
X
X
y ¼ Fi 4
(1)
W i, j :f j
wj, l ϕl þ wj:0 þ W i:0 5
j¼1

l¼1

where ϕ is the external input, nϕ is the number of input in an input layer, nk is the number of
hidden neurons in a hidden layer, W and w are the weights. The activation functions for hidden
layer and output layer are f and F, respectively.
In order to model the system dynamically using recurrent neural network (ELMAN) or neural
network with ARX, in this book neural network with non-linear autoregressive network with
exogenous inputs (NARX) structure which are used to model the dynamic system based on
time-series data gives optimum result. The equations describing the NARX structure can be
expressed as follows
Y ¼ f ðY1 ; Y2 ; …; Yn ; U 1 ; U 2 ; …; U m Þ

(2)

where Y = [y1(k + 1) y2(k + 1)]T; Y1 = [y1(k), y1(k � 1), … , y1(k � ny1)] , … , Yn = [yn(k), yn(k � 1), … ,
yn(k � nyn)]; U1 = [u1(k), u1(k � 1), … , u1(k � nu1)] , … , Um = [um(k), um(k � 1), …, um(k � num)] and
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m is number of input variables n is number of output variables and ny and nu are the history
length for output variables and input variables, respectively. The model was trained, validated
and test for different number of neurons together with the ny and nu values. The time lags in the
input and manipulated variables, that is, ny and nu are chosen based on trial and error and the
values are give to be ny = 3 and nu = 2, respectively, on the combination that gives the lowest
RMSE values with the least lag time. It is observed that the lowest RMSE for the top and bottom
temperature during training, validation and test occurs at same configuration. This is also based
on experience from various literatures on dynamic modeling using NN-based models for nonlinear chemical processes [10, 11].
However, the applications used previously have neural network utilized as a black box model,
which has its own disadvantages. This limitation using black box model is due to robustness.
In this book, the proper choice of the activation function and the neural network model can be
represented by equation in form of algebraic. The equation used to approximate the output
from the neural network model can estimate for a two layer network as follows




y ¼ f 2 LW 2, 1 f 1 IW 1, 1 p þ b1 þ b2

(3)

where IW1 , 1 = weight at layer 1; b1 = bias value at layer 1; LW2 , 1 = weight at layer 2 (hidden
layer); b2 = bias value at layer 2; p = inputs to the neural network; y = outputs from the neural
network; f = activation function at layer i.
By multiplying the matrix input layer and the biases value with the matrix hidden layer, the f 1
and f 2 are simplified. By choosing the activation function to be linear, the equation can be
simplified in the form of







y1
¼ LW 2, 1 IW 1, 1 p þ b1 þ b2
y¼
y2

(4)

where the matrix definition LW2,1, IW1,1, b1 and b2are given as
IW1 , 1 = weight at layer 1 (input layer); b1 = bias value at layer 1; LW2 , 1 = weight at layer 2
(hidden layer); b2 = layer 2 bias value.
These representations can also be used in this book to estimate the top and bottom compositions. While the multivariable controllers are used to control the top and bottom temperatures
simultaneously that will be shown in the next sections.

3. Control strategies neural network
There are two types of control strategies which are direct inverse control (DIC) and internal
model control (IMC) methods are to be implemented for neural networks, which is the inverse
model-based control schemes. These methods are described briefly in Figures 1 and 2.
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Figure 1. Control loop of neural network-based direct inverse model control (DIC).

Figure 2. Control loop of neural network-based internal model controller (IMC).
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3.1. Method 1: direct inverse control (DIC)
This control strategy which is placed in series with neural network inverse models acts as a
controllers. In this scheme, the outputs will predict the system input, while the desired set
point acts as the output which is then fed to the network with the past plant inputs. In this
case, the appropriate control parameter for the desired target will be predicted based on its
input. Neural networks acting as the controller has to learn to supply at its input. As shown in
Figure 1, the inverse model is then utilized in the control strategy by cascading it with the
controlled system or plant. This method depends on the accuracy of the inverse model. The
controlled variables used in this method are the top and bottom temperatures. The manipulated variables are the reflux and reboiler flow rate for the DIC method.
3.2. Method 2: internal model control (IMC)
Neural network-based IMC method highlighted in this book are presented in both inverse and
forward model control scheme. The dynamic forward model of the process represents it is
placed in parallel within the system. This is important to cater for mismatches of the model
during implementation [12]. On the other hand, the inverse model could also be used as a
controller. In this scheme, the error between the plant output and the neural network forward
model is then subtracted from the set point before being fed into the inverse model, as shown
in Figure 2. With this detection feature, the internal model-based controller can be used to
move forward the controlled parameter to the desired set point even when disturbances and
noise are present. The optimum performance for controller performance is the IMC method.
The error produced by the process model could be minimized and compensated by the error
produced by the neural network forward process model [12]. The controlled and manipulated
variables used in the IMC method are similar to the DIC method.
3.3. Neural networks models
Before applying the inverse model neural network control strategies for the debutanizer
column, it is crucial to discuss the development and configuration of the forward and inverse
models. Using neural network architecture and equation-based neural network are important
fundamentals to these model-based control strategies as necessary.
3.3.1. Forward models
The procedure of training a neural network to represent the forward dynamics of a column is
by predicting the outputs using the required inputs. This method is called forward modeling.
The straightforward and good approach is to augment the network inputs data in real forms,
from the model and system being identified [13, 14]. Other fundamental variables under state
can also be fed into the network and considered as inputs. In this method, the network is fed
with the present input, past inputs as well as the past outputs to predict the desired output.
The neural network model is placed in parallel with the system. The error between the system
output and network output are the prediction error which is used as the training signal for the
network. The forward models that have been mentioned previously are used to determine the
inverse model. The forward model which is inversed to get the inverse model is then changed
to the equation based. The equation-based method has been used to replace the black box
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model neural network for IMC and DIC method. The inverse models as controllers are used in
the IMC and DIC methods. The composition forward models are used as a neural network
estimator to predict the top and bottom compositions.
The forward model for temperature is as follows
In this case, p is the input to the neural network temperature given by the vector
½mv1ðkÞ mv1ðk � 1Þ mv2ðkÞ mv2ðk � 1Þ mv3ðkÞ
�T
mv3ðk � 1Þ f ðkÞ f ðk � 1Þ T top ðkÞ T top ðk � 1Þ T bot ðkÞ T bot ðk � 1Þ

(5)

After pruning the neural network structure (simplifying the weights and biases values), p is
given as matrix vector are defined in Eq. (6)
y¼

"

T1
T2

#

¼

"

þ

�0:16 � 0:14 0:04 � 0:002 � 0:094 � 0:95 1:03 � 0:61 � 0:71 0:81 0:16 � 0:049

0:42 0:07 0:04 0:20 � 0:30 � 0:19 0:12 � 0:28 0:35 � 0:29 � 0:48 0:168
"
#
�0:28
�0:22

#

p

(6)

T1 and T2 is the output neural network top and bottom temperature prediction.
3.3.2. Neural network estimator
The forward model for neural network for composition is composition n-butane used for
control system IMC method is as follows
In this case, p is the input to the neural network composition given by the vector
h
iT
mv2ðkÞ mv2ðk � 1Þ mv3ðkÞ mv3ðk � 1Þ f ðkÞ f ðk � 1Þ ptop ðkÞ ptop ðk � 1Þ pbot ðkÞ pbot ðk � 1Þ

(7)

After pruning the neural network structure (simplifying the weights and biases values), Eq. (7)
can further be simplified to give the composition Eq. (8)
�

�
�
�
� �
y1
�0:26 0:15 0:37 0:23 0:38 0:40 � 0:50 0:97 0:12 � 0:31
�0:28
¼
pþ
y2
�0:09 0:006 0:31 � 0:10 0:02 0:02 � 0:42 � 0:12 0:36 � 0:085
�0:21
(8)

y1 and y2 is the output neural network bottom and top composition predictions.
3.3.3. Models for inverse
Inverse models are basically the structure by representing the inverse of the network dynamics
after the completion of training. The methods for inverse models are achieved by switching the
required outputs and inputs. The important manipulated variable that is used for switching
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the inputs of the neural net is the manipulated variable reboiler and reflux. The outputs
predicted are the future predictions of top and bottom temperatures are switched with the
manipulated variables. The sequence of the inputs of the network needs to be maintained. The
training procedure outlined in this book is called inversed modeling. y(k + 1) is the required set
point. The network representation of the inverse is finally given below
h
i
uðkÞ ¼ f �1 yp ðk þ 1Þ; yp ðkÞ; yp ðk � 1Þ; uðkÞ; uðk � 1Þ
(9)
where f�1 represents the inverse map of the forward model.
In this case the manipulated variable reboiler and reflux flow rate are the output variable which
are used in inverse model. The one-step ahead prediction of the control output, mv2 (k) and
mv3 (k) is performed inconformity with that of the forward model. The one-step ahead control
action application in the control strategies involving the neural network-based strategies.
The training and validation data set are predicted for inverse model for the networks are
similar to that used for forward modeling. Nevertheless, inverse model will have different
input and output configuration.
The inverse model for temperature is as follows
In this case, p is the input to the neural network inverse temperature given by the vector
�
mv1ðkÞ mv1ðk � 1Þ mv2ðk � 1Þ mv3ðk � 1Þ f ðkÞ f ðk � 1Þ T top ðk þ 1Þ T top ðkÞT top ðk � 1Þ
T bot ðk þ 1Þ T bot ðkÞ T bot ðk � 1Þ�T

(10)

After simplifying the weights and biases values by pruning the neural network structure
Eq. (10) can further be simplified in order to give the inverse temperature below in a form of
equation

Figure 3. Forward and inverse models to control temperature.
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"

mv2ðkÞ
mv3ðkÞ

#

¼
þ

"

�0:16 0:14 0:039 � 0:004 � 0:09 � 0:95 1:03 � 0:61 � 0:72 0:81 0:17 � 0:05

0:42 0:077 0:039 0:20 � 0:30 � 0:19 0:13 � 0:27 0:34 � 0:28 � 0:47 0:16
"
#
�0:79
�0:008

#

p

(11)

mv2(k) and mv3(k) is the manipulated variable reflux and reboiler flow rate, respectively. The
equation is implemented in SIMULINK in MATLAB by having the system with more than one
control loop which are multi-input and multi-output (MIMO) or multivariable control. Figure 3
shows the forward and inverse model to control temperature.

4. Neural network development
The control strategies used in this work are DIC and IMC method. In order to develop and
analyze the controller performance for the debutanizer column, there are two criteria for
advanced process control which are the set point changes and disturbances changes applied
to the column. The set point changes is the step increases for the temperature and the disturbances changes is by introducing a disturbance of the column feed temperature. The performance of the composition are used based on using a neural network estimator.
4.1. Set point changes
First the top temperature is increased from 30 to 58� C. The bottom temperature is increased
from 60 to 137� C. The starting point for the top temperature is 30� C and for bottom temperature is 60� C. This is because the starting point temperature mentioned here is based on the
experience of the engineers to maintain and control that particular temperature. Figures 4 and
5 show the fluctuation of the top and bottom temperature due to set point changes. There are
three types of control strategies implemented for the control strategies which are the IMC, DIC
and PID controller. It can be seen that IMC and DIC show similar trends with small error, no
overshoot and fast settling time and straight goes to the set point. The settling time for top and
bottom temperatures fluctuation is at 200 min. The IMC and DIC method gives the least
fluctuations for the set point changes. The fluctuations during step point changes for the PID
controller does not give good results because it has large overshoot and small decay ratio. The
settling time for PID also shows large value compared to the IMC and DIC methods. The PID
controller also produces some offset when there are changes made for set point changes. This
applies to the top and bottom temperatures, respectively. Table 1 shows the PID tuning for the
column. Table 2 shows the performance of the controller to control the top and bottom
temperature. The results indicate that IMC equation gives the optimum performance as the
Integral absolute error (IAE), Integral square error (ISE) and Integral time weighted error
(ITAE) values is the smallest compared to the result of the controller. Figures 6 and 7 show
the fluctuation of the manipulated variables to control temperature. The neural network would
be able to predict the manipulated variable for reboiler and reflux accurately compared to PID
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Figure 4. Set point top temperature.

Figure 5. Set point bottom temperature.
Parameter

Kc

Ti

Td

Top temperature

0.71

1.41

20

Bottom temperature

1.76

3.25

15

137.32

3.26

10

87.36

3.26

5

Top composition
Bottom compositon
Table 1. PID tuning.
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IMC eq

DIC eq

PID

IAE top

830.76

912.78

1219.70

IAE bottom

3809

4289

4666

ISE top

2.10E+02

2.23E+02

2.69E+02

ISE bottom

1.21E+02

2.67E+02

3.06E+02

ITAE top

4.25E+02

4.48E+02

1.44E+03

ITAE bottom

1.92E+02

2.16E+02

4.45E+02

Table 2. Controller performance during set point changes.

Figure 6. Manipulated variable temperature neural network.

Figure 7. Manipulated variable temperature PID.
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controller. Therefore the performance of neural network is better. The fluctuations of the
manipulated variable for the reboiler and reflux are very important to see how the controller
calculates the error for a control system. The fluctuations for reboiler and reflux flow rate for
temperature based on PID show similar trends as time progresses. The units for the calculated
IA, ISE and ITAE are dimensionless.
4.2. Disturbances test
Figures 8 and 9 show the fluctuations for the top and bottom temperatures due to
disturbances. The disturbances introduced to the debutanizer column are the feed temperature. Similar trends are observed for DIC and IMC methods for the top and bottom
temperatures because of disturbances. The neural network control performs well compared to PID controller because there is no overshoot, fast settling time and small error.
The PID controller gives unacceptable results as they perform with high overshoot, some
offset and large error. This also applies to the top and bottom temperatures. Table 3
shows the performance of the controller to control the top and bottom temperatures.
Results indicate that IMC equation gives the optimum performance as the values of IAE,
ISE and ITAE are the smallest compared to other controller. Figures 10 and 11 show the
fluctuation of the manipulated variable to control temperature. The neural network would
be able to predict the manipulated variable for reboiler and reflux accurately compared to
PID controller. Therefore the performance of neural network is better. The fluctuation of
the manipulated variable for the reboiler and reflux flow rate is very important in order to
see how the controller calculates the error for a given control system. The fluctuations for
reboiler and reflux flow rate for temperature based on PID shows similar trends as time
progresses.

Figure 8. Disturbances top temperature.
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Figure 9. Disturbances bottom temperature.

IMC eq

DIC eq

PID

IAE top

817.21

836.95

1736.30

IAE bottom

2811.80

2876.00

7891.20

ISE top

6.02E+02

6.63E+02

3.37E+03

ISE bottom

1.14E+02

1.23E+02

1.75E+03

ITAE top

7.78E+02

7.90E+02

1.78E+03

ITAE bottom

1.28E+02

1.30E+02

4.64E+02

Table 3. Controller performance during disturbance changes.

4.3. Estimator neural network
The neural network estimator used in the IMC and DIC method is to estimate and monitor the
top and bottom compositions. Figures 12 and 13 show the fluctuations for the top and bottom
compositions which are due to set point changes. For the neural network estimator for IMC for
top composition are favorable than DIC method. This is due to the settling time to settle to the
required set point for the composition is fastest. This could conclude that both IMC and DIC
method perform better compared to the conventional PID controller. This is because the error
is small with no overshoot. The results for PID controller are unacceptable because of large
overshoot, large error and longer settling time. For the bottom composition fluctuations, the
IMC and DIC methods show similar trends. Both methods show better fluctuations compared
to PID controller. Figure 14 shows the fluctuation of the manipulated variable for composition.
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Figure 10. Manipulated variable temperature neural network disturbances.

Figure 11. Manipulated variable temperature PID disturbances.

Figures 15 and 16 show the fluctuations for the top and bottom compositions due to disturbances. For the top composition for neural network controller for IMC and DIC methods, it
could be concluded that the IMC trend shows similar results to the DIC method. The settling
time for the required set point for the composition is similar. Both IMC and DIC methods are
superior in comparison to the conventional PID controller. This is because the error is small
with no overshoot. The results for PID controller are unacceptable that are due to large
overshoot, large error and longer time to settle. For the bottom composition fluctuations, the
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Figure 12. Neural network estimator for the top composition.

Figure 13. Neural network estimator for the bottom composition.
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Figure 14. Manipulated variable compositions for PID.

Figure 15. Top composition disturbances.

IMC and DIC methods show similar trends. Both methods show better fluctuations compared
to PID controller. Figure 17 shows the fluctuation of the manipulated variable for composition
PID which is due to disturbances.
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Figure 16. Bottom composition disturbances.

Figure 17. Manipulated variable compositions PID due to disturbances.
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Abstract
Breast cancer is a fatal disease causing high mortality in women. Constant efforts are
being made for creating more efficient techniques for early and accurate diagnosis.
Classical methods require oncologists to examine the breast lesions for detection and
classification of various stages of cancer. Such manual attempts are time consuming and
inefficient in many cases. Hence, there is a need for efficient methods that diagnoses the
cancerous cells without human involvement with high accuracies. In this research,
image processing techniques were used to develop imaging biomarkers through mammography analysis and based on artificial intelligence technology aiming to detect breast
cancer in early stages to support diagnosis and prioritization of high-risk patients. For
automatic classification of breast cancer on mammograms, a generalized regression
artificial neural network was trained and tested to separate malignant and benign
tumors reaching an accuracy of 95.83%. With the biomarker and trained neural net, a
computer-aided diagnosis system is being designed. The results obtained show that
generalized regression artificial neural network is a promising and robust system for
breast cancer detection. The Laboratorio de Innovacion y Desarrollo Tecnologico en
Inteligencia Artificial is seeking collaboration with research groups interested in validating the technology being developed.

Keywords: breast cancer detection, digital image processing, artificial neural networks,
biomarkers, computer-aided diagnosis
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1. Introduction
1.1. Breast cancer and early detection
Nowadays, cancer is a massive public health problem around the world. According to the
International Agency for Research on Cancer (IARC) [1], part of the World Health Organization (WHO), there were 8.2 million deaths caused by cancer in 2012 and 27 million of new
cases of this disease are expected to occur until 2030 [2].
Cancer, medically defined as a malignant neoplasm, is a board group of disease involving
unregulated cell growth [2]. In cancer, cell divides and grows uncontrollably forming malignant tumors, invading nearby parts of the body. The cancer can spread to all parts of the body
through the lymphatic systems or blood streams [3].
Cancer can be diagnosed by classifying tumors in two different types such as malignant and
benign. Benign tumors represent an unnatural outgrowth but rarely lead to a patient’s death;
yet, some types of benign tumors, too, can increase the possibility of developing cancer [4]. On
the other hand, malignant tumors are more serious and their timely diagnosis contributes to a
successful treatment. As a result, predication and diagnosis of cancer can boost the chances of
treatment, decreasing the usually high costs of medical procedures for such patients [5].
Breast cancer (BC) is the most commonly diagnosed cancer and the most common cause of
death in women all over the world. Among the cancer types, BC is the second most common
cancer for women, excluding skin cancer [6]. Besides, the mortality of BC is very high when
compared to other types of cancer [7]. BC, similar to other cancers, starts with a rapid and
uncontrolled outgrowth and multiplication of a part of the breast tissue, which depending on
its potential harm, is divided into benign and malignant types.
Generally, there are two types of BC that are in situ and invasive. In situ starts in the milk duct
and does not spread to other organs even if it grows [8]. Invasive breast cancer on the contrary,
is very aggressive and spreads to other nearby organs, and destroys them as well [9]. It is very
important to detect the cancerous cell before it spreads to other organs; thus, the survival rate
for patient will increase to more than 97% [10].
A major class of problems in medical science involves the diagnosis of disease, based upon
various tests performed upon the patient. The evaluation of data taken from patients and
decisions of experts are the most important factors in diagnosis. The correct diagnosis of BC is
one of the major problems in the medical field. As BC can be very aggressive, only early
detection can prevent mortality. Clinical diagnosis of BC helps in predicting the malignant cases
and timely diagnosis can increase the chances of a patient’s life expectancy from 56 to 86% [11].
BC has four early signs: microcalcification, mass, architectural distortion, and breast asymmetries
[12]. The various common methods used for breast cancer diagnosis (BCD) are positron emission
tomography (PET), magnetic resonance imaging (MRI), CT scan, X-ray, ultrasound, photoacoustic imaging, tomography, diffuse optical tomography, elastography, electrical impedance
tomography, opto-acoustic imaging, ophthalmology, mammogram, etc. [13]. The results obtained
from these methods are used to recognize the patterns, which are aiming to help the doctors for
classifying the malignant and benign cases.
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Despite of recent advances in the comprehension of the molecular biology of BC progression
and the discovery of new related molecular markers, the histopathological analysis remains
the most widely used method for BC diagnosis [14]. Despite significant progress reached by
diagnostic imaging technologies, the final BCD, including grading and staging, continues
being done by pathologists applying visual inspection of histological samples under the
microscope [15].
However, manual classification of images is a challenging and time-consuming task, being
highly susceptible to interobserver variability and human errors, resulting in extremely poor
critical outcomes, thus markedly increasing the workload of radiologists because of their
significant shortage. In addition, medical care costs that are relevant to imaging rapidly
increase. Therefore, new methods for diagnosis are required.
Currently, bioimaging quantification is an emerging technique in the field of radiology with a
growing implantation in hospital centers. It provides relevant information that is not appreciable by the naked eye in conventional radiological reading. It consists of the generation of
quantitative (numerical) data from images, mainly of high resolution, to provide information
on which to support a clinical assessment [16]. Biomarkers can be said to be the transition from
radiology to personalized medicine.
1.2. Bioimagen markers in breast cancer detection
Bioimagen markers allow to characterize and to study different diseases using some kind of
information, such as genetic, histological, clinical imaging, etc. These biomarkers can be used
to detect abnormalities in the data as genetic mutations that cause some diseases and can also
be used in the clinic for the detection of patients with some types of disease [17].
The application of quantification of bioimaging markers to aid in the diagnosis, treatment, and
follow-up of pathologies provides added value throughout the clinical practice process by
providing additional information to conventional diagnostic tests [18]. From imaging tests
processed in the right way, abnormalities in a tissue are evidenced before they are perceptible
in the reading of the radiologist, fundamental objective of this type of biomarkers [19]. In
addition, they allow the monitoring of the treatment effect from a quantitative point of view.
As mentioned before, BC is one of the leading causes of death in women around the world,
accounting for nearly one-third of cancer-related deaths. Currently, the clinical screening by
mammography is the most effective way for the early detection of this disease. Using analysis
of mammograms obtained through X-rays allows radiologists to visualize early signs of
cancer, such as calcifications, masses, and architectural distortions among other early signs of
cancer. However, this analysis is a routine, monotonous, and exhausting task and it is estimated that only 0.3–0.4% of the cases are actually carcinogenic [20].
It has been shown that because of these problems and other factors intrinsic to cancer such as
obscuration of abnormalities by fatty tissue, a radiologist can omit up to 30% of cancers.
Moreover, because this type of analysis produces many false positives, the number of unnecessary biopsies is increased up to 35%, causing a high level of stress in the patient, and in turn
saturating the health systems [21].
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Due to all the problems presented by mammography screening, great efforts have been made
to support the radiologist in the search for these lesions through computer-aided detection
(CAD) or biomarker systems, which try to help the radiologist by taking advantage of the
latest advances in computer vision and their manipulation in digital form [22].
At present, computer-aided detection/diagnosis (CAD/CADx) systems are one of the numerous major research topics in diagnostic radiology and medical imaging. CAD systems allow
the radiologist to manipulate mammography to highlight certain features that would otherwise be difficult to visualize. One of the most used techniques is the improvement of contrast,
which allows to highlight objects in areas of low intensity. To date, CAD is a more suitable
method for primary diagnosis of cancer in computed tomography, X-ray, MRI, or mammogram images. CAD system is an effective intermediate between input images and the radiologist. The output from CAD is not considered as an end result; nevertheless, the result is used as
reference with regard to additional testing in the related field [23].
The CAD approach helps medical doctors to diagnose diseases with a higher degree of
efficiency, while minimizing examination time and cost, as well as avoiding unnecessary
biopsy procedures. However, CAD systems not only allow a better visualization of mammograms, but also using different digital image processing (DIP), knowledge discovery from data
(KDD), artificial intelligence (AI) techniques such artificial neural networks (ANN) allow to
preselect certain regions of interests (ROIs) for later analysis by the radiologist [24].
Classification of histopathology images into distinct histopathology patterns, corresponding to
the noncancerous or cancerous condition of the analyzed tissue, is often the primordial goal in
image analysis systems for cancer automatic-aided diagnosis applications. Recent advances in
DIP, KDD, and AI techniques allow to build CAD/CADx that can assist pathologists to be
more productive, objective, and consistent in diagnosis. The main challenge of such systems is
dealing with the inherent complexity of histopathological images.
The aim of this research is to use advanced DIP to investigate and develop specific imaging
biomarkers for Mexican patients through the quantitative mammography analysis and with
this information to develop technology based on advanced KDD and AI techniques, aiming to
detect breast cancer in the early stages in order to support the diagnosis and prioritization of
high-risk patients.

2. Development of a CADx system to identify breast abnormalities in
digital mammograms images using artificial neural networks
In this research, the study of BC disease using advanced techniques of DIP, KDD, and AI was
carried out in order to develop imaging biomarkers that allow to carry out diverse studies for
BCD. As is showed in Figure 1, the research was divided in three main stages.
Currently, there are no public databases of BC in Latin America or Mexico. Therefore, at first
stage, different public mammography databases were used for developing and validating
digital image processing algorithms capable to select ROIs from mammograms to extract

Breast Cancer Detection by Means of Artificial Neural Networks
http://dx.doi.org/10.5772/intechopen.71256

Figure 1. Main stages of research.

image features used to train a generalized regression artificial neural network (GRANN). The
aim was to generate a methodology for the characterization of mammograms and their association with risk factors in BC patients as well as to integrate and to develop the technological
tools for mammography analysis for BCD using AI technology. In this work, results obtained
at first stage are presented.
Because there are no public databases of BC for Mexican patients, it was proposed to establish
two protocols for the acquisition of mammograms. The first protocol, second stage, seeks to
obtain data retrospectively, which will allow obtaining the mammograms necessary to validate
in Mexican patients the methodology and technological tools developed at stage one. The aim
of the second stage is the generation of an anonymous database of Mexican patients for free use
by the scientific community for the study of BC in Mexican patients and to validate the
methodologies developed in collaboration with the General Hospital of Zacatecas (GHZ) and
the Molecular Medicine Laboratory (MML) from Autonomous University of Zacatecas, Mexico.
In the second protocol, third stage, it is sought to generate a long-term prospective protocol,
which will allow the creation of a database with different risk factors associated with the
development of BC. This protocol will allow to collect clinical data of patients with both high
and low probabilities of developing cancer. These data will be able to validate the methodologies of cancer detection by the scientific community.
The generation of a prospective protocol will allow the expansion of the database for the study
of breast cancer in Mexican patients. Unlike the retrospective protocol, prospective protocol
aims to include clinical data, risk factors, and mammograms, among others. This database
would present to the scientific community a reference for the development of new breast
cancer detection techniques in Mexican patients.
2.1. Methodology: feature extraction and neural network training
Patient prioritization can play a very important role in the reach of health services in developing
countries such as Mexico, where not all have access to these specialized oncology services. Therefore, this research seeks the study of BC by generating a methodology that allows the detection of
patients with a high probability of BC. In this work, a new technology to generate mammographic
biomarkers and a CADx system for breast cancer diagnosis was designed in order to analyze
Digital Image Mammograms (DIM). With this knowledge, it is proposed to create a biomarker
specifically designed for the Mexican population. As is showed in Figure 2, the first stage was
divided into six main stages.
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Figure 2. First stage of research. Mammographic feature extraction and artificial neural network training.

2.1.1. Data base: mammogram images
The development of CAD/CADx systems involves their generation and validation by using
mammograms obtained from clinical studies, or using public databases. However, at the
global level, there are few public databases available to the scientific community to investigate.
As mentioned before, currently, there are no public databases of BC in Latin America or
Mexico for conducting this kind of studies. Therefore, at first stage, different public mammography databases were used for developing and validating digital image processing algorithms
capable to select ROIs from mammograms and to extract image features used to train a
GRANN capable to diagnose BC as an aid for radiologists.
Currently, there are only three public databases to conduct this type of research: the first one is
the Digital Database for Screening Mammography (DDSM) that has a total of 2620 cases
distributed in 625 normal, 1011 benign and 914 malignant and includes the two standardized
views CC and MLO. Another available database is the Mammographic Image Analysis Society
- Digital Mammogram Data Base (mini-MIAS) that has 322 cases; however, it only has the
MLO view. DDSM and mini-MIAS databases are both form North America.
A newly created database is the Breast Cancer Digital Repository (BCDR) from Europe. The
creation of BDR is supported by the IMED Project (Development of Algorithms for Medical
Image Analysis). The IMED project was created by INEGI, FMUP-CHSJ University of Porto,
Portugal and CIEMAT, Spain from 2009 to 2013. This database has 724 patients (723 women
and 1 man), aged between 27 and 92 years.
In the first stage of this research, the mini-MIAS, DDSM, and BCDR databases were used to
generate and validate the development of a biomarker, an artificial neural network approach
with incremental learning and with both, the design of a CADx methodology, carried out in a
general scope. However, it is important to highlight that these databases are formed by
patients with ethnic characteristics typical of their region, which makes it difficult to transfer
knowledge to other countries and their own features.
Moreover, as has been shown by the scientific community, BC varies widely between different
etiologies and may prove that systems created for a population may not work for a different
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population in the way they were thought. This is further aggravated by different types of diets,
customs, and lifestyle. Due to this, the development of biomarkers and CAD systems for the
Mexican population needs an adaptation to the characteristics of our population. In second
and third stages of this research, the designed methodology will be focused and refined for its
operation in Mexican patients.
In this work, results obtained with BCDR database are presented. BCDR database contains
useful information of each mammogram such as gender: masculine or feminine; segmentations
of mammogram, marked in red pixels the ROI that contains the lesion found by the radiologist;
patient ID; the age of the patient; breast density, i.e., the percentage of breast density according to
Breast Imaging Reporting and Data System (BI-RADS) standard expressed as percentage of
glandular and fibrous tissue; breast localization, depending on the location of breast of the RIO
with the lesions; mammography, the type of lesion found by the mammographic image expert;
biopsy result, anatomical pathology of the biopsy; categorization of the definitive diagnosis; the
BI-RADS classification of the lesion; and finally, intensity and shape descriptors of ROI. However, it is important to mention that for this research, these descriptors were not used to train the
neural network. Instead, a set of computer algorithms were designed in order to extract image
descriptors of ROI of mammograms as described in later section.
2.1.2. Preprocessing: artifact removing and segmentation process
A mammogram image can be considered as a representation of the X-ray radiation density
that reflects the tissue of the breast. A risk factor for BC in a patient is recognized when a white
region appears on the mammogram image, which means a high tissue density, that may be
considered abnormal. A breast abnormality is commonly called ROI. According to DIP techniques, segmentation of breast abnormalities on mammograms is a crucial step in CAD
systems. It is a difficult task, since these types of medical images are in low-intensity contrast,
making it difficult to identify the edges of a suspicious mass.
In the methodology used in this research, only lateral mammographic images taken from
BCDR database were used. In all selected images, a lesion exists, which is considered as benign
or malignant; digital mammographic images of BCDR database can be accessed in two forms:
the first one from films (photographic films) and the second one from digital images taken
from X-ray system (mammography images). Films’ images require the design of digital image
processing algorithms to eliminate artifacts such as red pixels and prenoise such as labels used
by radiologists to identify left or right breast as well as patient identification information.
Conversely, digital mammography images only require the design of algorithms for removing
red pixels.
The films approach improves digital mammography images increasing the high frequency and
eliminating the noise and unwanted artifacts in the ROI. As can be appreciated in Figure 3,
at preprocessing stage, a computer tool was designed to automate the preprocessing of
film digital mammographic images (FDMIs). All FDMIs are treated to eliminate image
artifacts such as background, noise, and image labels. In the FDMIs, a common threshold
was applied to create a region of the breast and other regions with the labels and artifacts on
the mammography.
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Figure 3. Preprocessing of a mammographic image. (a) Original image, (b) breast region, highlighting labels and background noise, (c) clean breast binary image, and (d) mammography image cleaned.

Using the designed automated computer tool, after creating the logical image, all small regions
(less than 10,000 pixels) are eliminated to remove the regions considered as unnecessary in
FDMIs. Then, the logical image (mask) is used instead of the original image to obtain an image
of the breast without artifacts and labels. Figure 3 shows the preprocessing method to remove
noise and labels in a digital mammography image.
Converting a greyscale to a digital or logical image is a common task of digital image
processing. There are many methods for calculating the threshold value for creating logical
images. As can be appreciated in Figure 4, in this research, the threshold was calculated by
converting the nonzero pixel’s values to 1. To create a logical image that contains the ROI and
the pectoral muscle, the gray tones were converted to white level.
For removing the pectoral region in the logical image, as is showed in Figure 4, the white
region that is connected to the border of the binary image was eliminated. Therefore, the
surplus white region represents the ROI detected in the mammography image. With a cleaned
image, the next step is the segmentation process.
On the other hand, the digital mammographic approach works as follows: to calculate the
descriptors, the ROI of the lesion is manually segmented by the expert radiologist as can be
appreciated in Figure 5. At preprocessing stage, the image is fitted for the segmentation. The
pixels in red are turned into black. Using the black pixels, the ROI is separated from the rest of
the breast image for making a segmentation of the ROI as is showed in Figure 6.
For the segmentation of the ROI, a binary or logical image with a very high binarization
threshold is created where low gray levels become white. This approach considers most of

Figure 4. Pectoral region removing process.
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Figure 5. Preprocessing stage of digital mammogram approach.

Figure 6. Binary mask and ROI in tones of grays.

gray pixels of the image looking not to lose many pixels from ROI. Afterward, the white logical
region that is connected to the edge of the mammographic image is removed. Some white
pixels pertaining to the contour of the breast are discarded when the pixels in the image with a
small area are removed. Finally, the white region with a greater number of pixels is extracted,
which would be considered as the neoplasia.
Next, a binary mask is created using the ROI obtained in the segmentation stage. With the
mask and together with the complete image in shades of gray, we will get the ROI in shades of
gray as is showed in Figure 6.
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The next step in the operation of regular CAD systems is the feature extraction of the RIO. The
feature extraction can be defined as the process to infer and quantify the parameters that
characterize the object being studied. The feature extraction contributes to the analysis of the
ROI. It is possible to quantify the shape, texture, size, border, and other tissue parameters that
can contribute to the diagnosis and detection of a cancer risk factor. As is showed in Figure 7,
in this work, shape, intensity, and texture features were extracted in order to create a biomarker for BCD using a CADx system that uses AI technology.
The image features of all Digital Image Mammography (DIM) of BCDR database were
extracted and used to build a biomarker to train an ANN. The BCDR digital images are in
RGB and gray-level digitalized in JEPG format with a depth of 24 and 8 bits per pixel,
respectively, and a resolution of 3328  4084. The RGB mammograms are used to show the
red remarked section by a radiologist to delimit the found anomaly.

Figure 7. Image features extracted.
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The segmentation process use the red section remarked in the RGB mediolateral oblique view
mammograms to obtain the ROI. In the RGB mammograms, all the red pixels in the image and
the pixels outside the original red region were eliminated. Finally, the remained pixels in the
gray-level mammogram were used to get the ROI used for the features’ calculation.
Using a custom-designed automated computer tool, a total of 361 images (36 malignant and
325 with benign abnormalities) from 239 patients were segmented in order to get the RIOs.
This information was used as the entrance data for training and testing a GRANN. This
computer tool saves a lot of time in the preprocessing stage of mammography analysis. This
tool will be used at second and third stages of research to analyze the mammograms of
Mexican patients in order to create a Mexican biomarker and a CADx system for BCD.
Feature extraction of digital images, such as obtained in digital mammograms, as is showed in
Figure 7, is a manner to represent an element or an ROI in an image like a fingerprint, and
these features are used in many research areas such as machine learning, patter recognition,
image processing, or diagnosis of disease in medical science. Feature extraction is a crucial task
before classifying an ROI or a pattern in an image.
2.1.3. Feature extraction: shape, intensity, and texture
Image processing is the most important area where the feature extraction is applied, in which
mathematical algorithms are used to detect and isolate various desired portions or shapes,
features, of digitalized images or video streams, it is particularly important in the area of
pattern recognition or character recognition.
The feature extraction method is the measure of physical parameters visualized in a segmented
region of an image. The aim of feature extraction is to find a mathematical way to represent the
image information, which is important, in a compact form, for solving a computational task. In
BCD, these features help to determine the kind of tumor detected in a mammogram image.
The choice of features has a crucial influence on the accuracy of classification, the time needed
for classification, the number of examples needed for learning, and the cost of performing
classification. In breast abnormalities, classification of the differences in mass between benign
and malignant on a mammography can be distinguished from their shape, textures, and the
intensity in the image.
In this research, an automated computer tool was designed to calculate shape, intensity, and
texture features from ROI extracted from BCDR mammograms. The shape features of MDI use
the pixels inside and the border of the ROI. These descriptors, showed in Table 1, only have a
valid meaning in binary or logical images, and some simple shape features are used to describe
a ratio between some geometrical figures; for example: extend, ellipse_ratio, and solidity. Most
common shape features are the area and perimeter of the region, but they are applied when the
ROI size is invariant. However, the area and perimeter can be used to create a relation as the
circularity and compactness.
The intensity features, showed in Table 2, use the shape intensity histogram to get information
that describes the image; i.e., the intensity features use the probability and statistics from the
values of the pixels in the image. The mean is the average intensity level. The standard is used
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Shape features
Circularity

Extend

Circularity ¼

4πROI Area
ROI Perimeter 2

Area
Extend ¼ ROI
BoxArea

Compactness

Ellipse_ratio

Perimeter
Compactness ¼ ROI
ROI Area

ROI Area
Ellipseratio ¼ Ellipse
Area

2

Solidity
ROI Area
Solidity ¼ Convex
Hull

Area

Table 1. Shape features.

Intensity features

Texture features
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where μx , μy , σx, and σy are the mean values and the standard deviation
PxRIO and PyRIO, respectively.

Coefficient of variation

Homogeneity
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Table 2. Intensity and texture features.
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to quantify the amount of variation of the set of intensities levels. The variance refers to the
variation of the intensities around the mean value. The coefficient of variation is a standardized measure of dispersion in the values. Finally, the skewness and kurtosis measure the
histogram symmetric.
The texture features, Table 2, describe the roughness of an image. Texture features attempt to
capture features of the intensity fluctuations between groups of neighboring pixels. The texture is something to which the human eye is very sensitive. In this research, the energy,
contrast, correlation, homogeneity, and entropy were used. The energy is a measure of textural
uniformity of an image. The contrast refers to the difference in luminance in the ROI. Correlation texture measures the dependence of gray levels on those of neighboring pixels. Homogeneity measures the similarity of values in the ROI. Entropy measures the disorder of value
pixels of an image.
As before mentioned, medical diagnosis is an important and complicated task that needs to be
executed accurately and efficiently. At present, new techniques based on data mining, KDD,
and AI in healthcare are being used mainly for predicting various diseases as well as assisting
doctors in diagnosis in their clinical decision. One area where this effort has been most felt is
the diagnosis of breast cancer in women. However, the absence of any fully effective, efficient
method of BCD has led researchers to develop automated computational systems. In this
research, automated CADx technology based on ANN as decision-making tool in the field of
BCD is being developed.
2.1.4. Classification and evaluation
For automatic classification of BC on DIM, a GRANN was used to separate malignant and
benign tumors [25]. GRANN falls into the category of probabilistic neural networks (PNN)
[26–30]. GRANN is a neural network architecture of one-step-only learning that can solve any
function approximation problem. The learning process is equivalent to finding a surface in a
multidimensional space that provides a best fit to the training data. During the training
process, it just stores training data and later uses it for predictions. This neural net is very
useful to perform predictions and comparisons of system performance in practice. In GRANN
architecture, there are no training parameters, just a smoothing factor (σ) that is applied after
the network is trained. The choice of this factor is very important [26–30].
In this research, as is showed in Figure 8, a GRANN was trained and tested using a data set of
361 mammograms extracted from BCDR public database. For each mammogram, 35 image
descriptors were calculated through an automated computer tool specifically designed for this
purpose. These image features were used to train the neural net in order to classify benign and
malignant BC for decision making in BDC.
As can be appreciated from Figure 8, the image features were used as entrance data, and the
malignant (cancerous) and benign (noncancerous) instances were used as output data. In order
to train the network, the dataset was randomly divided into two subsets, one with about 80%
of the instances to training and another with around the remaining 20% of instances to testing.
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Figure 8. Training of GRANN for BCD. (a) Breast image, (b) segmentation, (c) image descriptors, (d) network training,
and (e) BCD.

After 2000 network trainings, a smoothing factor equal to 1e�4 was calculated. This value was
used for training the neural net reaching an accuracy of 95.83%. The results obtained in this
work show that GRANN is a promising and robust system for BCD. The performance of a
trained GRANN was evaluated using four performance measures: accuracy, sensitivity, specificity, and precision. These measures are defined by four decisions: true positive (TP), true
negative (TN), false positive (FN), and false negative (FN). TP decision occurs when malignant
instances are predicted rightly. TN decision benign instances are predicted rightly. FP decision
occurs when benign instances are predicted as malignant. FN decision occurs when malignant
instances are predicted as benign.
Accuracy can be calculated as:
Accuracy ¼

TP þ TN
TP þ TN þ FP þ FN

(1)

Sensitivity can be calculated as:
SensitivityðrecallÞ ¼

TP
TP þ FN

(2)

Specificity can be calculated as:
Specificity ¼

TN
TN þ FP

(3)

Precision ¼

TP
TP þ FP

(4)

Precision can be calculated as:

The confusion matrix for the data set, showed in Table 3, was computed using these values
into above equations to find accuracy, sensitivity, specificity, and precision. Table 3 shows the
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Obtained

Goal

0

1

0

1

66

2

91.70%

2.80%

1

3

1.40%

4.20%
95.80%
4.20%

Table 3. Confusion matrix.

classification results of BC. The confusion matrix is a table that allows to visualize the execution of an algorithm, usually a supervised learning. In this case, it is a classifier of two classes,
the current or expected and those obtained by the system (predictions). Each column of the
matrix represents the cases that the system, in this case, the neural network, predicted, while
the rows represent the expected values.
The diagonal indicates the successes achieved by the system; that is, the trained neural network obtained 91.7% + 4.2% = 95.8% of accuracy, successfully predicting 66 + 3 = 69 lesions of a
population of 72, representing an error of 4.2% with three errors from a population of 72
lesions.
With both biomarkers obtained from mammograms and the trained GRANN, a CADx technology system, as showed in Figure 9, is being created to be used at second stage in collaboration with GHZ and MML.

Figure 9. CADx system being developed based on DIP, KDD, and AI methodologies.
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The Computer Aided Diagnosis system consists of two main stages: the first one detects the
suspicious regions with high sensitivity presenting the results to the radiologist aiming to
reduce false positives. This process is given in the first instance by a preprocessing algorithm
based on advanced DIP techniques designed to reduce the noise acquired in the image and in
an improvement of the same, and then it executed a segmentation process of different ROIs
designed to detect high suspicion of some signs of cancer. By using the information obtained in
the segmentation process, the classification of positives or negatives prediction of BC is
obtained through a GRANN. After concluding the development of this CADx technological
computer tool, it is planned to be used at real workplaces such as GHZ, making a validation of
the prediction obtained by the neural network compared with predictions made by specialized
oncologists aiming that it can be used as an aid in the early breast cancer diagnosis.
The aim of developing this CADx system for Mexican patients is to expand the knowledge of
the database of BCD including image mammograms information, clinical data, risk factors,
biopsy results, genomic information, etc., as is showed in Figure 9, at the bottom of the main
window, with the aim to obtain more information on the resulting diagnostics such as degree
of malignancy, time of presence, etc.

3. Conclusions
As mentioned before, conventionally, BCD and classification is performed by a clinician or a
pathologist by observing stained biopsy images under the microscope. However, this is time
consuming and can lead to erroneous results. Therefore, there is a rise in the need for developing intelligent and automated technology. As this problem can be computationally modeled as
a problem of retrieving relevant information from a plethora of reports or tests, the development of a computationally efficient and detection-wise effective system for BCD can be seen as
an issue from the field of KDD. Being cross-dimensional, KDD uses algorithms and techniques
from a vast array of fields like soft computing, pattern recognition, machine learning statistics,
artificial intelligence (AI), natural language processing (NLP), etc.
In this research, a method based on advanced DIP, KDD, and AI techniques was used for the
extraction of fundamental features in DIM in order to detect breast lesions by using a GRANN.
The used methodology was divided in two main stages. The first one used advanced DIP
techniques for extracting image features of DMI in order to create a biomarker for BCD. With
this information, in the second stage, a GRANN was trained and tested in order to classify BC.
After 2000 network trainings, a smoothing factor equal to 1e4 was calculated. This value was
used for training the neural net reaching an accuracy of 95.83%. The performance of trained
GRANN was evaluated using four performance measures: accuracy, sensitivity, specificity, and
precision. The results obtained in this work show that GRANN is a promising and robust
system for BCD.
In a third stage, a CADx system based on AI technology is being designed in order to be
applied in Mexican patients in collaboration with GHZ and MML. The proposed system aims
to eliminate the unnecessary waiting time as well as reducing human and technical errors in
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diagnosing BC. The Laboratorio de Innovacion y Desarrollo Tecnologico en Inteligencia Artificial is seeking collaboration with research groups interested in validating the technology being
developed.
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Abstract
This chapter is focused on the application of artificial neural networks (ANNs) in the
development of alternative methods for biofuel quality issues. At first, the advances and
the proliferation of models and architectures of artificial neural networks are highlighted
in the text by the characteristics of robustness and fault tolerance, learning capacity,
uncertain information processing and parallelism, which allow the application in problems of complex nature. In this scenario, biofuels are contextualized and focused on issues
of quality control and monitoring. Therefore, this chapter leads to a study of prediction
and/or classification of biofuels quality parameters by the description of published works
on the topic under discussion. Afterwards, a case study is performed to demonstrate, in a
practical way, the steps and procedures to build alternative models for predicting the
oxidative stability of biodiesel. The procedure goes from the processing of the data
obtained by the near infrared until the evaluation of the alternative method developed by
the neural network. In addition, some evaluation parameters are described for the assessment of the alternative method built. As a result, the feasibility and practicality of the
application of neural networks to the quality of biofuels are proven.

Keywords: artificial neural network, biofuel, calibration, classification, quality parameters,
oxidative stability

1. Introduction
In the last decades, artificial neural networks (ANNs) have undergone several transformations
and improvements, which allowed their application in different areas of knowledge. Such an
approach appreciated by the academic community, ANNs are distributed parallel systems,
also known as connectionist systems, inspired by the biology of the human brain [1].
In this context, ANNs are simplified models of the human brain that consist of a large number of
processing units (neurons) connected to each other. These units usually calculate mathematical

© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
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functions (non-linear and/or linear) and form a large network of communication, which allows
solving high complexity problems [2].
The architectures that implement the connectionist approach are usually conditioned by a
training and learning process rather than being explicitly programmed. In this way, the
choice of the architecture has an extremely important character for the solution of certain
problems [3].
Among the different tasks appropriate to the application of ANNs are:
•

Classification and pattern recognition: process by which a received signal (input) is
assigned to a particular group or category;

•

Categorization: discovery of well-defined categories or classes in the input data. Unlike
classification, classes are not previously known;

•

Prediction: estimation of a numerical response based on input values, also called calibration;

•

Optimization: characterized by the minimization or maximization of a cost function;

•

Noise filtering: extraction of information about a certain response of interest from a noisy
dataset.

The variety of ANN applications provide a stimulating scenario for contributions in the field of
biofuels, which are defined as renewable fuels derived from biomass that can be used in
internal combustion engines or for other types of energy generation. The aim of using biofuels
is to reduce external dependence on oil (partial or total replacement of fossil fuels), minimize
environmental impacts and develop agricultural production.
The main liquid biofuels produced in the world are ethanol and biodiesel. Ethanol, also known
as ethyl alcohol, is a chemical with the molecular formula C2H6O, produced by the fermentation of sugars. Under normal conditions, it is a colorless and volatile liquid with an ethereal
odor and pungent taste, miscible in water and in different organic solvents.
According to the U.S. Energy Information Administration (EIA), in 2014, the largest ethanol
producers on the worldwide are the United States and Brazil [4]. In the USA, the main raw
material used for the production of ethanol is corn, while sugarcane is more prominent in
Brazil.
Biodiesel is a fuel composed of alkyl esters of long-chain carboxylic acids, produced by the
transesterification and/or esterification of fatty material, fats of vegetable or animal origin,
with a short-chain alcohol, such as methanol or ethanol [5]. For the production of biodiesel, a
variety of raw materials has been used, including edible and non-edible oils, crude oils, fried
oils and animal fats. The main raw materials used are soy, palm, cotton, rapeseed, jatropha and
sunflower oils and bovine tallow, although it is possible to use all vegetable oils classified as
fixed oils or triglycerides, and animal fats [6–8].
Unlike fuel ethanol, the EIA shows that most of biodiesel production in 2014 is not restricted to
America alone but also to the continents of Europe, Asia and Oceania [4].
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In general, the two biofuels (ethanol and biodiesel) have attracted international attention and,
consequently, have had their production increased in comparison to previous years. Some
topics studied and related to both ethanol and biodiesel are:
•

Production of raw materials;

•

Identification of alternative raw materials and other production routes for biofuels;

•

Maximization of the production of biofuels;

•

Contribution of biofuels to reduce greenhouse gas emissions and environmental impacts;

•

Quality control;

•

Forms of storage, transportation and distribution of biofuels.

However, despite the diversity of topics and works published in the scientific literature, the
present research is targeted to the study of the application of ANNs in the quality control of
biofuels [9–15]. Typically, studies related to the quality control of biofuels have the goal to
search efficient methods that monitor the fuels produced and commercialized avoiding damages to the environment and consumer injury [9, 16].
It is important to mention that the quality of biofuels is ensured by technical resolutions or
standards established by each country which set limit values for contaminants and other
parameters [17].

2. State of art: ANN, quality parameters and biofuels
In this section, some papers published in scientific journals, which discuss applications of ANNs
to the quality of fuel ethanol (pure or blends) and biodiesel, were selected and discussed. Articles
were extracted from the Web of Science database. Table 1 groups different articles by type of
biofuel (ethanol or biodiesel).
In the first article of Table 1, Najafi et al., in the paper named “Performance and exhaust
emissions of a gasoline engine with ethanol blended gasoline fuels using artificial neural
network”, proposed an experimental analysis of the performance and pollutant emissions of
a four-stroke SI engine operating with mixtures of ethanol and gasoline (0, 5, 10, 15 and 20%),
with the aid of ANNs [18]. Analyzes of the fuel ethanol quality parameters were performed
based on the standards of the American Society for Testing and Materials (ASTM). The authors
showed that blends with ethanol and gasoline provided an increase in engine power and
torque output. It was also found that for ethanol blends, specific brake fuel consumption
decreases while thermal brake efficiency and volumetric efficiency increased [18].
Concerning to the use of ANNs, the work of Najafi et al. used the backpropagation algorithm
and multilayer perceptron (MLP) architecture for non-linear mapping between the inputs
(gasoline-ethanol mixtures and engine speed) and the output parameters (engine performance
and exhaust emissions). The evaluation of the results was based on three criteria: correlation
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Biofuel

Title of publication

Year

Etanol

Performance and exhaust emissions of a gasoline engine with ethanol blended gasoline fuels using
artificial neural network

2009

Ultrasonic determination of water concentration in ethanol fuel using artificial neural networks

2012

Prediction of ethanol concentration in biofuel production using artificial neural networks

2013

Application of GRNN for the prediction of performance and exhaust emissions in HCCI engine using
ethanol

2016

Artificial neural network prediction of diesel engine performance and emission fueled with dieselkerosene-ethanol blends: a Fuzzy-based optimization

2017

Biodiesel Application of artificial neural network to predict properties of diesel-biodiesel blends
Inference of the biodiesel cetane number by multivariate techniques

2010
2013

Neural network prediction of biodiesel kinematic viscosity at 313 K

2014

Application of artificial neural networks to predict viscosity, iodine value and induction period of
biodiesel focused on the study of oxidative stability

2015

Attesting compliance of biodiesel quality using composition data and classification methods

2017

Table 1. ANN works applied to biofuel quality.

coefficient (r), root mean squared error (RMSE) and mean relative error (MRE). Thus, the work
proves the feasibility of using the ANN approach to predict motor performance (brake power,
torque output, brake thermal efficiency, volumetric efficiency, brake specific fuel consumption
and equivalence fuel-air ratio) and the emissions (CO, CO2, HC and NOx) [18].
In 2012, the work titled “Ultrasonic determination of water concentration in ethanol fuel using
artificial neural networks”, published by Liu and Koc, it was determined the concentration of
water in ethanol by measurements of ultrasonic velocity and liquid temperature [19]. The aim
of the research is to propose an alternative method to contribute to the inspection against the
adulteration of fuels, which impairs the vehicle performance and can cause damages to the
engine [19].
In the development of an alternative method, the authors Liu and Koc used an ANN based on
the MLP architecture. A database was elaborated with 651 samples for the training and
validation steps of ANNs. The activation functions, varied for each hidden layer, were the
functions logistic sigmoid (logsig), tangent sigmoid (tansig) and linear (purelin), and the
results were based on the mean square error (MSE) and on the determination coefficient (R2).
Thus, the research concluded that the results obtained by ANNs were far better when compared with other models [19].
In the paper “Prediction of ethanol concentration in biofuel production using artificial neural
networks”, the authors Ahmadian-Moghadam et al. carried out, in 2013, an economic bioprocess
to supply ethanol from sugar cane molasses. That research aims to contribute to the reduction of
biofuel production prices and to have it as a more competitive resource in the market [20].
Ahmadian-Moghadam et al. applied ANNs to estimate the concentration of ethanol based on
the sugar concentration and live and dead yeast cells. To do so, a database with 61 samples
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was divided as follows: 60% for training, 15% for validation and 25% for test [20]. The
performance of ANN models was evaluated by the mean absolute deviation (MAD), mean
absolute percentage error (MAPE) and MSE. Authors concluded that the results showed the
viability of the application of the ANN model to determine the final ethanol concentration in
the biofuels production process in a large scale [20].
Bendu et al. pointed out, in the paper “Application of GRNN for the prediction of performance
and exhaust emissions in HCCI engine using ethanol” published in 2016, the importance of the
evaluation of performance and emission parameters of an ethanol-fueled homogeneous charge
compression ignition (HCCI) engine. In addition, the authors identified the nature of the
parameters as a non-linear problem, which indicated the need for more robust tools [21].
For this purpose, Bendu et al. used a generalized regression neural network (GRNN) consisting
of four layers (input layer, radial layer, regression layer and output layer). The input parameters
were the charge temperature and the engine load, while the performance and emission values
were set as output parameters.
The engine performance parameters were brake thermal efficiency (BTE), exhaust gas temperature (EGT) and the exhaust emission parameters were NO, CO, smoke and unburned hydrocarbon emission (UHC). Summing up, the authors showed the viability of the method and
pointed out that the GRNN model can also be used for the control and testing of the HCCI
engine [21].
In 2017, Bhowmik et al. performed a study titled “Artificial neural network prediction of diesel
engine performance and emission fueled with diesel–kerosene–ethanol blends: a fuzzy-based
optimization” to explore the impact on performance and emission characteristics of a single
cylinder indirect injection (IDI) engine fueled with blends of diesel and kerosene [22]. In this
research, the authors indicated that the addition of ethanol to the mixtures of diesel and
kerosene significantly improved the BTE, brake specific energy consumption (BSEC) and the
emissions of NOX, CO and total hydrocarbon (THC) of the engine [22].
Therefore, Bhowmik et al. built an ANN model to map the inputs (load, kerosene volume
percentage and ethanol volume percentage) with respect to the outputs (BTE, BSEC, NOX,
THC and CO). The best topology found had a structure with five hidden neurons and
presented satisfactory results for the problem addressed. The criteria for evaluation of the
developed ANNs were based on MSE, MAPE and r [22].
In 2010, Kumar and Bansal published the paper “Application of artificial neural network to
predict properties of diesel – biodiesel blends” whose aim was to evaluate tools for the determination of physical-chemical properties of diesel-biodiesel mixtures. Choosing an appropriate and
efficient alternative method could help to avoid some overly time-consuming and costly experiments [23].
Also in the Kumar and Bansal paper, traditional linear regression (principle of least squares)
and ANN were applied and compared. The ANNs optimization process was carried out by
varying the architectures and training algorithms. The authors concluded that the best results
were obtained by the ANN method [23].
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In the work of Nadai et al., entitled “Inference of the biodiesel cetane number by multivariate
techniques”, a method consisting of successive application of principal components analysis
(PCA), fuzzy clustering and ANN in a dataset composed by structural information from
proton nuclear magnetic resonance (1H NMR) of biodiesel fatty esters was implemented [24].
The aim of that work was to obtain the cetane number of different types of complex mixtures
from data of pure substances (esters). The authors pointed out two main characteristics that
affect the cetane number values: the number of carbon-carbon double bonds and the structure
of the alcohol moiety in each fatty ester [24].
In 2014, with the research “Neural network prediction of biodiesel kinematic viscosity at 313 K”
Meng et al. performed the prediction of the kinematic viscosity property of biodiesel by artificial
neural networks. The authors used 105 samples of biodiesel collected from the literature and 19
types of fatty acid methyl esters (FAMEs) were set as inputs. The results obtained suggested
ANNs as an option in predicting kinematic viscosity with a correlation coefficient of 0.9774 [25].
In the paper “Application of artificial neural networks to predict viscosity, iodine value and
induction period of biodiesel focused on the study of oxidative stability”, Barradas Filho and
collaborators optimized ANN models to predict viscosity, iodine value and induction period
(oxidative stability) of 98 biodiesel samples by its fatty esters composition [26].
Also in the work of Barradas Filho et al., the ANNs optimization occurred by varying the
activation functions, the number of neurons in the hidden layers and the convergence methods.
The evaluation criteria of the models were MSE, RMSE, MAPE and r and R2 coefficients. After
optimization, the ANN results were compared to other models and obtained the best performance [26].
In 2017, the work “Attesting compliance of biodiesel quality using composition data and classification methods” of Lopes et al. compared four classification methods (decision tree classifier, Knearest neighbors, support vector machine and artificial neural networks) to evaluate the compliance of biodiesel samples concerning some quality parameters. This work aimed to obtain an
alternative method with more accuracy when compared to other alternative methods [27].

3. Performance evaluation parameters
After adjustment of classification or calibration models, it is important to have parameters to
evaluate the performance through the results obtained. Some of the most widely used parameters and a few explanations on each of them will be provided in this section. These parameters
can also be employed, for instance, to aid comparing and deciding among different methods
applied to the same problem addressed.
3.1. Evaluation parameters for classification
The first step to organize classification results for better visualization is to build a confusion
matrix, like in the example from Table 2. The actual classes are represented in the columns,
and the predicted classes, in the rows. The number of apple samples classified as apples is
registered in cell AA; the number of apples classified as bananas is in cell AB and those
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Actual class

Predicted class

Apple (A)

Banana (B)

Coconut (C)

Apple (A)

9 (AA)

2 (BA)

1 (CA)

Banana (B)

1 (AB)

5 (BB)

1 (CB)

Coconut (C)

0 (AC)

2 (BC)

11 (CC)

Sum

10

9

13

Table 2. 3 � 3 confusion matrix of results of fruits classification.

classified as coconuts are in cell AC. The same goes to the other fruit classes. The principal
diagonal of the matrix represents the samples correctly classified (cells AA, BB and CC), and
the other cells represent the misclassified ones. An ideal classifier would provide a confusion
matrix in which all the cells out of the principal diagonal have zero value.
The evaluation parameters for classification methods are based on rates that can be obtained
from the confusion matrix. These rates correspond to integer values as they are the numbers of
samples classified and split according to some criteria, as will be explained below.
The example given in Table 2, and for banana class, the true positive rate (TP) corresponds
to the number of bananas correctly classified as bananas (5 samples, cell BB) and the true
negatives (TN) are the samples of the other classes (apple and coconut) classified in any class
other than banana (21 samples, cells AA, AC, CA and CC). The false positive rate (FP) is the
number of samples of other classes misclassified as bananas (2 samples, cells AB and CB)
and the false negative rate (FN) corresponds to the banana samples not classified as bananas
(4 samples, cells BA and BC).
For apple class, the TP, TN, FP and FN rates are 9, 19, 3 and 1, respectively, and for coconut
class, these rates in the same sequence are 11, 17, 2 and 2. Once the TP, TN, FP and FN rates
have been obtained for each class, their average values for all classes together can be used to
calculate some global evaluation parameters within which the main ones will be briefly
explained with the fruits example.
The accuracy (ACC), given by Eq. (1), reflects the global ability of correctly classification by the
method. For the fruits example, ACC is 85.42%, which is the percentage of samples that were
classified in its actual classes.
ACC ¼

TP þ TN
� 100%
TP þ TN þ FP þ FN

(1)

The sensitivity (SENS), also called “recall”, can be considered as a global TP rate. The SENS of
the fruits classification is 78.13%, calculated by Eq. (2).
SENS ¼

TP
� 100%
TP þ FN

(2)
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The specificity (SPEC) can be calculated by Eq. (3) and it is a global TN rate. For the fruits
example, SPEC is 89.06%.
SPEC ¼

TN
� 100%
TN þ FP

(3)

The false positive rate (FPR) can be interpreted as a global rate of FP for all the classes
combined and it is the inversely proportional to the SPEC. In the example discussed here,
FPR is 10.94%, calculated by Eq. (4).
FPR ¼

FP
� 100% ¼ 100% - SPEC
TN þ FP

(4)

Analogously, the false negative rate (FNR) is a global rate of FN (Eq. (5)). For the fruits
classification, FNR is 21.87% and it is complementary to the SENS.
FNR ¼

FN
� 100% ¼ 100% - SENS
TP þ FN

(5)

The ACC, SENS, SPEC, FPR and FNR are some of the main evaluation parameters for
classification. Here an example of three classes was presented, giving a 3 � 3 confusion
matrix and, therefore, the evaluation parameters should be calculated by the average TP,
TN, FP and FN rates.
Problems with only two classes are simpler and more widespread in the literature, usually
involving samples that “have” or “do not have” a specific characteristic and giving a 2 � 2
confusion matrix. In this case, TP, TN, FP and FN rates are obtained only for the “positive class”
and the evaluation parameters are directly calculated by these rates instead of by the averages.
A two class example, already cited in Section 2, is the classification of biodiesel samples
according to their compliance to some quality parameters. For each criteria, the samples were
split in “compliant” and “non-compliant” [27].
3.2. Evaluation parameters for calibration
The evaluation parameters for calibration are quite different from those for classification. In
calibration, these parameters are based on the difference between the actual response, that
obtained experimentally by a reference method, and the predicted response, the one estimated
by the calibration method.
The oxidative stability (h) of some biodiesel samples from the case study of Section 4 are show
in Table 3 with the actual (y) and predicted (y0 ) responses given in hours. The residuals are the
difference between the actual and the predicted responses. The other columns have values
calculated to be used in equations of the evaluation parameters that will be explained.
The RMSE is an average deviation between the actual and the predicted values and it has the
same unity from the responses. The example from Table 3, the RMSE calculated is 0.34 h,
which means that the estimated responses differ, on average, in �0.34 h from the actual values.
In papers, the RMSE is often abbreviated as RMSEC, RMSEP, RMSEV and RMSECV when
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Actual response (h) (y)

Predicted response (h) (y )

Residual (h) (y � y )

(y � y )2

�

19.36

19.20

0.16

0.0256

0.8264

8.93

9.01

�0.08

0.0064

0.8956

0

0

0

yi � y0i
yi

7.37

7.35

0.02

0.0004

0.2714

12.77

11.95

0.82

0.6724

6.4213

15.64

15.80

�0.16

0.0256

1.0230

6.60

6.45

0.15

0.0225

2.2727

5.53

5.75

�0.22

0.0484

3.9783

8.01

7.68

0.33

0.1089

4.1199

�

� 100%

Table 3. Actual and predicted values of oxidative stability (h) of biodiesel samples.

calculated for the samples of calibration (training), prediction (test), validation and crossvalidation, respectively, and it can be given by Eq. (6), in which n is the number of samples
(n = 8, in this example).
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n �
�2
1X
RMSE ¼
yi � y0i
(6)
n i¼1
Another important error metric is the MAPE, which is a relative measure of the prediction
accuracy, calculated by Eq. (7). From the example of oxidative stabilities of biodiesel, the MAPE
is 2.48%, that is, on average, the predicted values deviate in 2.48% from their actual values.
�
n ��
yi � y0i ��
1X
�
� 100%
(7)
MAPE ¼
n i¼1 � yi �

The Pearson correlation coefficient (r, Eq. (8)) is a measure of the linear relationship between
two variables and it is expressed in values from 0 to |1|. The closer to |1|, the more linearly
correlated the variables are. In cases of calibration methods, r coefficient is used to compare the
actual and the predicted values. Since y and y0 are expected to be equal, this represents a direct
relationship and, then, the ideal r coefficient is +1.
� n �� n �
n
P
P
P 0
n yi y0i �
yi
yi
i¼1
i¼1
i¼1
0
ﬃ
(8)
rðy; y Þ ¼ vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u"
� n �2 #" n
� n �2 #
n
u P
P
P
P
2
t n y2 �
n y0 i �
yi
y0i
i
i¼1

i¼1

i¼1

i¼1

For the oxidative stabilities, for example, r is 0.9977, which represents a high correlation
between the actual and the predicted responses. However, it is important to perform the
graphical analysis of the correlation by a scatter plot of the actual (y in x-axis) and the predicted
(y0 in y-axis) values, because not all samples with a perfect correlation coefficient are well
distributed along the line of the expected identity function for y = y0.
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Step

Parameter

MLP 4-3-1-1

Training

RMSEC (h)

1.31

Validation

MAPE (%)

8.35

R2

0.9306

r

0.9647

RMSEV (h)

0.43

MAPE (%)

5.51

R

Test

2

0.9733

r

0.9866

RMSEP (h)

0.67

MAPE (%)

6.89

R

2

0.9544

r

0.9769

Table 4. Evaluation parameters calculated from the results obtained by the ANN MLP 4-3-1-1 for the oxidative stability
(h) of biodiesel samples.

Although the R2 coefficient can be obtained by taking the square of the correlation coefficient,
they have different meanings. The R2, calculated by Eq. (9) in which ym is the average of the
actual values, expresses how much the calibration model explains from the total variance and
it can range from 0 to +1. For example, from Table 4, the R2 obtained is 0.9954, which means
that 99.54% of total data variance is explained by the regression, and the 0.46% remaining are
attributed to residuals.

R2 ¼ r2 ¼

n �
P

i¼1
n �
P
i¼1

y0i � ym
yi � ym

�2
�2

(9)

Some of the main evaluation parameters for regression have been explained in this section.
Besides the numerical parameters, it is also quite important to perform a graphical evaluation
of the results by the correlation and residual plots. More details on this will be provided in the
case study of the next section.

4. Case study
Biodiesel, like any other fuel, needs to meet some parameters specifications so it can be
marketed with quality and safety. These quality parameters are established by standards in
each country or region, such as the standards EN 14214 (Europe), ASTM D6751 (USA) and
RANP 45/2014 (Brazil) [27].
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Among the parameters of biodiesel quality, there are general parameters, which are also
applied to petroleum diesel, and there is a special group of parameters related to the chemical
composition and purity of the vegetable oils. These parameters can be grouped into four sets:
contaminants from the raw material, parameters related to the evaluation of the production
process, properties inherent to molecular structures and parameters related to the storage
process [7].
One of the main problems assigned to the quality of biodiesel is the possibility of its oxidation
caused by the presence of unsaturations in its ester molecules, which is one of the most
relevant differences between biodiesel and mineral diesel composition. The main products
formed by the oxidation of biodiesel can cause formation of insoluble gums in the engine, filter
clogging, injector cocking and corrosion of the metal parts of the engine. Therefore, the
evaluation of the oxidative stability of biodiesel is considered by many researchers in the
literature to be a very important analysis that should be done because it is directly related to
the deterioration capacity (oxidation) and to the time in which the biofuel can be stored
(induction period) [26].
The oxidative stability of biodiesel is measured by the method EN 14112, also called Rancimat
method, which consists of a system composed of a reaction vessel connected to a cell monitored by an electrode. The sample is placed in the vessel in a heating block at 110 C and a
continuous stream of air is bubbled through. The increase in temperature and the presence of
oxygen induce the accelerated oxidation of biodiesel. The primary products are formed,
followed by secondary products of the oxidation among which are short chain volatile organic
acids. These acids are carried to a cell containing deionized water and promote the increase in
conductivity, which is measured by an electrode coupled to a device that records the conductivity as a function of time [28].
The induction period used to evaluate the oxidative stability of biodiesel is the time at which
the conductivity curve increases rapidly, corresponding to the emergence of the secondary
products of the oxidation. The standards EN 14214 and RANP 45/2014 state that the minimum
oxidative stability of biodiesel should be 8 h at 110 C [29, 30], while ASTM D6751 specifies 3 h
of oxidative stability [31].
Aiming to reduce the time, complexity and costs of analyzing biodiesel quality parameters,
some papers in the literature report analytical methodologies alternative to official methods. In
this context, the Rancimat method is a relevant case to be studied due to the long analysis time,
since a sample of biodiesel that meets EN 14214 requirements will be under analysis for more
than 8 h to obtain an oxidative stability result.
A case study of an application of ANN to predict oxidative stability of biodiesel will be
presented below to better illustrate the main steps from data preprocessing and selection of
sample sets (for training, validation and test) to the optimization of ANN configuration and
application. Finally, some performance measures will be evaluated and discussed in the case
study. All data handling, preprocessing, subset partitioning and ANN regression were carried
out with software MATLAB® 2013a (MathWorks), PLS_Toolbox (Eigenvector) and an algorithm implemented in MATLAB [32].
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4.1. Database acquisition and preprocessing
Biodiesels from soybean, corn, palm and babassu (an oleaginous abundant in the Northeast of
Brazil) were synthesized via transesterification by methylic route and homogeneous alkaline
catalysis and used to prepare 70 binary, ternary and quaternary mixtures (volumetric fractions)
designed by simplex-lattice and centroid-simplex designs.
The oxidative stabilities of the samples were determined by the method EN 14112:2003 [33]
using a Rancimat equipment Metrohm model 873. The average of two measurements for each
sample was taken. The oxidative stabilities of the mixtures ranged from 4.81 to 25.47 h.
The spectra were acquired using a Fourier transform NIR spectrometer PerkinElmer model
Frontier™ with a near infrared reflectance accessory (NIRA), equipped with a fast recovery
deuterated triglycine sulfate (FR-DTGS) detector. All spectra were recorded with an average of 16 scans and spectral resolution of 2 cm1. The measured wavenumber range was
4000–12,000 cm1, but the work range was restricted to 4000–6100 cm1 because of noninformative signal (close to baseline) and increase of noise as wavenumber gets close to
12,000 cm1.
The raw spectra (Figure 1a) showed bands characteristic of first overtone of CdH stretching
(5550–6100 cm1) and of combination of CdH and C]O stretching modes (4640–4700 cm1)
[34]. The bands around 4262 and 4334 cm1 can be associated to the second overtone of CdH
bending and to combination of CdH and C]C stretching modes, respectively [35].
For correction of spectra baseline deviations caused by systematic variations, the first derivative was calculated by the Savitzky-Golay filter [36] with a 15-point quadratic smoothing
function. The window size of points to fit the polynomial function of Savitzky-Golay filter
depends on how noisy the spectra are. In this case, a 15-point window was enough to smooth
the spectral noise. The derivative NIR spectra of the full database can be seen in Figure 1b.
After applying Savitzky-Golay filter, the spectra were mean-centered and then used as input
data (X-matrix) consisting of 1051 variables and, as output variable (response, y-vector), it was
used the raw oxidative stabilities (h). From this point, only the preprocessed data was used.
4.2. Steps for construction of the ANN model and selection of sample sets
The construction and validation of models for multivariate classification or calibration go
through three basic steps, and for each of them it is necessary a sample set. The first step, the
training or calibration, consists of model adjustment with pairs of inputs and outputs (X, y)
provided in the database. The coefficients or weights of the model are amended so the
response calculated based on variations in X data is as closest to the real (experimental)
response as possible. In the training, it is important to have representative samples concerning
all the possible X and y variations that real samples can have.
The step of validation (or internal validation) helps assess the progress of optimization and
indicates when the model adjustment should be ended, so it occurs simultaneously to the
training step. In the beginning of the training, the coefficients and weights are underfit and
the errors are large. In the course of training, the errors decrease as the coefficients are adjusted
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Figure 1. Raw (a) and derivative (b) NIR spectra of the 70 samples of biodiesel mixtures.

and begin to model even the natural noise coming from systematic errors of experimental
measurements. At this stage, it occurs the so-called overfitting and the model will not be able
to predict or classify external samples with accuracy, although the training and validation
errors are small. Therefore, the aim of internal validation is to aid choosing the number of
neurons and hidden layers in such a way to balance underfitting and overfitting.
The last step is the test (or external validation), in which samples that were not used during
training or internal validation are estimated or classified by the optimized model, simulating a
real application. The neural networks learn from the past (training samples) to estimate future
cases (test samples).
There are some methods for selection of samples for training, validation and test. In this case
study, it will was used the SPXY method (Sample set Partitioning based on joint x-y distances),
which is based on the variability of both input (NIR spectra) and output (oxidative stability)
variables [32]. The test set consisted of 30% of the database (21 samples), while the 49
remaining samples were split for training (39 samples) and validation (10 samples).
4.3. Dimensionality reduction and ANN configuration
As the X-matrix is composed of 1051 variables, it is necessary to apply a method for dimensionality reduction before the training of the neural networks. Otherwise, the modeling would
consider too much noise and, because of the large number of input neurons, the ANNs would
take too long to converge.

193

194

Advanced Applications for Artificial Neural Networks

The partial least squares regression (PLS) was used for dimensionality reduction. The number
of latent variables (LVs) was optimized based on full cross-validation method. Four LVs
explained 99.15% of the X-variance and 82.85% of y-variance.
The feedforward MLP ANNs were trained using backpropagation algorithm with a fixed
learning rate (0.125) as convergence method to minimize the RMSEC. The input layer is
formed by four neurons receiving the four LVs, and the output layer is constituted of one
neuron (oxidative stability). The number of neurons in the first hidden layer ranged from 1 to
20, and in the second hidden layer, from 1 to 10. It was also tested a topology with only one
hidden layer. The hyperbolic tangent (tanh, Eq. (10)) and purelin (Eq. (11)) functions were used
as activation functions (or transfer functions) of the hidden and output layers, respectively.
f ðxÞ ¼ tanhðxÞ ¼
f ðxÞ ¼ x

ex � e�x
ex þ e�x

(10)
(11)

4.4. Results and discussion
As the validation is the step that aids to assess and choose the best fit under varying conditions
during optimization, the RMSEV was the criteria taken to choose the best number of hidden
layers and neurons. The RMSEVs of the biodiesel oxidative stabilities (h) predicted by ANNs
with different numbers of neurons in the hidden layers are represented in Figure 2, showing
the dependence of the RMSEV on the ANN topology.

Figure 2. Dependence of the RMSEV of the biodiesel oxidative stability predicted by ANNs with different numbers of
neurons in first and second hidden layers.
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The RMSEVs when number of neurons in the second hidden layer is zero correspond to the
topologies having only one hidden layer (the first one, varying from 1 to 20 neurons). These
results presented high RMSEVs that did not vary much with the number of the hidden
neurons, evidencing the convergence difficulty of the ANNs with only one hidden layer.
Hence, the second layer was added to the optimization process.
Few neural network topologies presented RMSEV lower than 0.5 h, but the best ones are those
represented by the black squares in Figure 2: MLP 4-2-5-1, MLP 4-2-9-1, MLP 4-3-1-1, MLP 4-3-3-1,
MLP 4-4-1-1, MLP 4-5-4-1, MLP 4-6-2-1, MLP 4-8-2-1, MLP 4-8-3-1, MLP 4-12-2-1, MLP 4-12-4-1,
MLP 4-14-3-1, MLP 4-16-9-1 and MLP 4-17-6-1. In the notation MLP A-B-C-D, A is the number of
input neurons (four LVs), B and C are the number of neurons in the first and second hidden layers,
respectively, and D is the number of output neurons (one, oxidative stability).
The 14 best topologies above mentioned had had RMSEV less than or equal to 0.43 h. For
choosing among them, the smaller number of neurons is preferred (principle of parsimony: the
simpler the better). Therefore, the topology MLP 4-3-1-1 was selected to expand results and predict
the oxidative stability of the test samples, but the topologies MLP 4-3-3-1 and MLP 4-4-1-1 should
provide similar results.

Figure 3. Scatter plot of the biodiesel oxidative stability values predicted by the ANN MLP 4-3-1-1 against the actual
values measured by the method EN 14112.
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The evaluation parameters calculated for the ANN MLP 4-3-1-1 can be verified in Table 4.
These parameters can be interpreted as in Section 3.2.
The most important to evaluate the optimized model are the parameters obtained for the test
dataset, since these samples simulate a real application with data not used to build nor
optimize the model. The RMSEP was 0.67 and the MAPE for test samples was 6.89%, which
means that the predicted oxidative stabilities for real samples differed in 0.67 h from the
actual values and deviated about 6.89%, related to their actual values.
Still for the test samples, the correlation coefficient was 0.9769, indicating a high correlation
between the actual and the predicted values of oxidative stability. The determination coefficient was also high, meaning that the ANN MLP 4-3-1-1 explained 95.44% of the total data
variance, and the prediction errors represents 4.56% of the total variance.
The correlation plot for samples of all the three steps can be seen in Figure 3, in which the
samples are well distributed along the line, especially the validation and test samples, leading
to correlation coefficients higher than 0.96 for the three steps.
In residual plot (Figure 4), it is important to have approximately the same quantity of samples
with positive and negative residuals, and the closer to the central line (y = 0) the smaller the
RMSEs. In this case study, the majority of samples had residual lower than 1.5 h and they are
well divided with positive and negative residuals. The higher residuals belong to the training
samples, which indeed had the highest RMSE (1.31 h).

Figure 4. Residual plot the biodiesel oxidative stability values predicted by the ANN MLP 4-3-1-1.
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5. Conclusion
The literature presents a variety of published works involving the feasibility of the application
of artificial neural networks to biofuels. In this way, the increasing importance of the biofuels
theme becomes more evident in the global energetic scenario.
The ANNs proved to be a promising tool in the development of more efficient and costeffective alternative methods to control and monitor the quality of biofuels, when compared
to official methods.
In addition, a presented case study allowed to understand, in practice, the procedures to be
performed in the process of predicting a physical-chemical property of biodiesel, the oxidative
stability, since data preprocessing, ANN setup and training and calculating and interpretation
of the evaluation criteria.
Although the practical development was carried out by a regression approach, this work also
explained about classifiers and procedures for both the construction and evaluation of models.
Therefore, the present work can be helpful to instruct the basic procedures in the application of
ANNs to the quality of biofuels.
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Abstract
Neural network (NN) model is an efficient and accurate tool for simulating manufacturing processes. Various authors adopted artificial neural networks (ANNs) to optimize
multiresponse parameters in manufacturing processes. In most cases the adoption of
ANN allows to predict the mechanical proprieties of processed products on the basis of
given technological parameters. Therefore the implementation of ANN is hugely beneficial in industrial applications in order to save cost and material resources. In this chapter,
following an introduction on the application of the ANN to the manufacturing process,
it will be described an important study that has been published on international journals and that has investigated the use of the ANNs for the monitoring, controlling and
optimization of the process. Experimental observations were collected in order to train
the network and establish numerical relationships between process-related factors and
mechanical features of the welded joints. Finally, an evaluation of time-costs parameters
of the process, using the control of the ANN model, is conducted in order to identify the
costs and the benefits of the prediction model adopted.
Keywords: modelling, simulation, control and monitoring of manufacturing processes,
simulation technologies

1. Introduction
The use of artificial intelligence and specifically artificial neural networks (ANNs) has allowed
yielding revolutionary advances in manufacturing. However, most of the applications of artificial intelligence in the production field concerned expert systems and fewer attentions were
paid to neural networks (NNs). Most important characteristics of the ANNs are:
• the self-adaptive behaviour that allows to adapt the forecast to changing of the environment, in this way improve the networks’ ability to learn and to predict;
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• the parallel computing architecture, that has a great impact in multiple disciplines and
applications, from speech and natural language processing, to image processing or problems in bioinformatics and biomedical engineering.
Therefore, they could be of great help for today’s computer integrated manufacturing and in
smart factories, according to Industry 4.0 paradigm. Currently, the nature of the manufacturing process is changing with great speed, becoming more sophisticated and continuous variations are occurring due to changes in customer demand and reduced product life cycle. This
requires manufacturing technologies that can easily adapt to such changes. In this context,
artificial neural networks are a powerful technology to solve this problem. The use of ANNs
is also widely used for process monitoring and control applications. The quality of a process
can only be provided by in process monitoring through proper measurements. To ensure a
high quality of a process, you must follow the following technological steps [1]:
• Identify the characteristic changes of a process;
• To estimate the changes of the product quality;
• Correct any process operations as a result of any anomalies detected from the comparison
between the obtained and the desired quality.
These steps should be followed with minimal supervision and assistance from operators, if
possible in unmanned manner. In addition, all processes should be implemented with special
features such as: storing information, decision making, learning and integration. It should be
noted that most manufacturing processes are regulated by many variable parameters and for
this reason, such systems have a random, complex and uncertain nature.
This may be attributable to the fact that they are exposed to external disturbance and noise
and often subjected to parameter variations. Furthermore, there is often a great interaction
between variables and therefore it is not possible to properly define the final quality of the
product and the variables that influence it. Due to these characteristics the quality often varies
from product to product, impairing its uniformity and decreasing the yield of the product.
So, all changes that may occur in manufacturing environments cannot be easily observed by
an operator, so in recent years the use of neural networks applied to process monitoring and
control has been of great interest. Indeed, it has been shown that the use of artificial intelligence can overcome the above-mentioned problems [2]. The research efforts in this direction
will be accelerated with greater interest in the future and will lead to the development of truly
intelligent manufacturing systems that are capable of producing products without the supervision or assistance of human operators [1]. Figure 1 classifies the functionalities needed to
imbed the artificial neural networks on manufacturing processes and summarizes the current
developments in manufacturing application areas.
The real world applications here in manufacturing include the modelling, monitoring and
control, identification, planning and scheduling associated with the processes. The purpose
of this chapter is to present some applications of artificial neural networks in manufacturing
process monitoring and control, among which particular attention will be paid to the study
that has been published in international journals and that has investigated the use of the
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Figure 1. Functionality of the artificial neural networks and their manufacturing applications.

ANNs for the monitoring, control and optimization of a welding processes. Experimental
observations were collected in order to train the network and establish numerical relationships between process-related factors and mechanical properties of the welded joints. Finally,
an evaluation of the time-cost parameters of the process, using the control of the ANN model,
is conducted in order to identify the costs and benefits of the prediction model adopted.

2. Manufacturing applications
Due to many external disturbances and many variations in process parameters, many production processes are complex and time-consuming. For these reasons, it is not always possible to
identify the relationship between the product quality and the input variables of the process.
Thus, there is interest to integrate the artificial intelligence into the production processes for
storing, learning, reasoning and decision making. Such systems are able to adapt to changes
in its environment and can truly realize unmanned operations of processes. The adoption of
the neural network can be devoted to monitoring and to prediction of different parameters
in many industrial areas, in order to solve issue relating to the manufacturing system design,
process planning, as well as operational decision making. A summary of main NN applications field is shown in Table 1.
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Category

Manufacturing

Application topic

• Manufacturing system
design

Author Ref. num. Moon and Chi [53]
Kaparthi and Suresh
[54]
Lee et al. [55]
Moon [56]
Wu [57]

• Manufacturing process
control

Cook and Shannon [58]
Wu [57]

• Robot scheduling

Yih et al. [59]

• Manufacturing operational
decision

Chryssolouris et al. [60]

Table 1. Summary of neural network manufacturing applications.

Manufacturing information, such as the sequence of operations, lot size; multiple process plans
were given special consideration in their approach to solve the generalized part family formation
problem. Many authors also point out that the method of artificial neural networks is flexible and
can be efficiently integrated with other manufacturing functions. Below, from the literature, some
important artificial intelligence applications to particular production processes are described.
2.1. Injection moulding processes
Injection moulding processes are characterized by dynamic characteristics since process input
variables are the melting temperatures, the velocity of the cylinder, the holding, the pressure
that produces the polymer flow into the model cavity and they vary in a complex manner. The
phenomena occurring in the process are very complex, time-varying, nonlinear and uncertain. This complexity makes it difficult to relate the input operating variables to the product
quality such as geometry accuracy and geometry surface smoothness. These processes have
been implemented and optimized with the use of artificial intelligence with the use of multilayer perceptron which is found to be the most popular network and tries to model the process
dynamics and based on this to predict the part quality [3–9].
2.2. Gas metal arc welding processes
In gas metal arc (GMA) welding processes [10–12], the flow of an electric current is generated
by an electric arc that is maintained between the consumable wire electrode and the welding
metal as shown in Figure 2.
Both the filling metal and the consumable electrode are automatically fed by a wire feeding
device. A good quality of the welds is determined by the relatively high depth to width ratio of
the molten welding pool. So, the monitoring and control of weld geometry and the surface temperatures that are strongly related with the formation of the weld pool, are very important for the
penetration depth or the back bead width. For this purpose, the temperatures by noncontact were
measured. Infrared temperature sensing system and recent studies conducted the ANN multilayer perceptron to detect and control with great success all the surface temperature information.
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Figure 2. Characteristics of the GMA welding process.

2.3. Arc welding processes
The complexity of the relationship between the process variable and weld quality is the common factor in all manufacturing processes and in particular arc welding processes. For these
reasons, the literature documents with some interesting researches, the use of ANNs for quality monitoring and control of the process. In this type of welding process, the ANN input data
are generally the surface temperature, the welding voltage and the current and torch speed.
The majority type of ANN employed for this case was, again, the multilayer perceptron [10,
13–21]. Their use was found to be very satisfactory to predict the weld defects, the geometry
such as bead width, head height and penetration.
2.4. Machining processes
To perform a correct quality control in all machining systems, it is very important to check
particular parameters such as the cutting tool state, the vibrations, the forces and the temperature obtained during real-time machining operation. To optimize this particular type of
supervision of the cutting tool state, some authors document in literature the use of the ANNs
which used the above-mentioned process data to classify the status of tool wear, prediction
tool life and detect tool failure in an on-line manner. Examples of typical sensors are tool
dynamometers, acoustic emission sensor accelerometers and thermocouples. In this process,
the networks in frequent use are the multilayer perceptron and Kohonen [22–46].
2.5. Semiconductor manufacturing processes
The complexity of plasma etching processes in integrated circuits fabrication promoted
the use of ANNs for monitoring and control. In this field, the use of artificial intelligence
brings advantages that could not be achieved with traditional open loop controls. Where
used the multilayer perceptron networks that are the most popular for this process. The
ANNs use the fundamental parameters that affecting process dynamics, such as power,
gas flow rate, dc bias voltage and throttle positioning. Proper use of networks in this field

205

206

Advanced Applications for Artificial Neural Networks

allows real-time monitoring and estimation of quality variables such as the etching thickness and the etching time [47–52].

3. Development and implementation of ANN
The origin of artificial neural networks is based on learning technique that mimics the biological learning process occurring in the brain. Neural networks present a robust way to predict
an actual value after a learning activity from a supplied sample set [61]. The ANNs are based
on a concept that combines a set of computational procedures with a theoretical basis in order
to predict the unknown output parameter in various processes. Generally, neural networks
are adopted to subordinate knowledge to observations or when data or activity is so complex
that is not allows to identify an optimal solution in a reasonable time. It is difficult in each
field of application and even for each task, to compare the use of neural networks versus other
prediction techniques (e.g., statistical methods or a support vector machine) because, on the
contrary to the conventional computational techniques, they are able to solve nonlinear and
ill-defined problems. Many factors underlie this trend, most of them are related to reliability of
the predictions, to the robustness and adaptability of the results as well as the learning ability
of the neural process. In many cases the forecasts generated by ANNs, if correctly designed,
significantly improve with increasing of dataset used as training subset. Consistently, in last
years, the adoption of the ANNs in many business areas is increased exponentially and the
number of publications, in high-level journals, was grown [62] (Figure 3).

Figure 3. Distribution of ANN-papers by year.
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Under engineering perspective, a ‘good’ ANN is based on models able to imitating the proprieties of natural systems, such as cognitive capabilities, flexibility, robustness, ability to learn
and fault tolerance. At this scope the structure and the behaviour of the ANN required a study
characterized by different hierarchical levels of organization as neurons, layers, synapses and
cognition-behaviour functions. Different areas of application are interested by the ANNs,
some of them are astronomy, mathematics, physics chemistry, earth and space sciences, life
and medical science and engineering. In recent years USA and EU countries, have approved
different initiatives for the study of the human brain in these cases, the ANN, in various forms
and at different levels, has been included in thesis research projects. The inter-disciplinary
given by system adopted for dataset analysis and by the complexity computational required
by the elaboration of the data, allows to design and simulate systems capable to satisfying
the needs and the challenges of the real world. Japan in 2014 has been developed a project
based named as Brain Mapping by Integrated Neurotechnologies for Disease Studies (Brain/
MINDS) [63], that will be integrated with new biomedical technologies and neural network
systems. In Australia, a specific programme has also been set up with preliminary funds of
around $250 million over 10 years with the goal of developing the world’s first bionic brain
(AusBrain) [64] based on multilayer perceptron (MLP) system. There is also another ambitious initiative in China (Brainnetome) [65], the goals of this are to simulate the brain networks for perception, memory, emotion and their disorders as well as to develop advanced
technologies to achieve these goals.
3.1. Designing the ANN
An ANN is a computational model that establishes a relationship between process factors and
output variables. Artificial neurons are combined through weights, which work as adjustable
coefficients. There are many programs and frameworks, either of general purpose or that
simulates functions or neural structures (e.g., IQR, NeuroSpaces, NNET, etc.) but there is not
a specific simulator that is currently being used by the whole community since some different
approaches are more suitable than others, on the basis of the research task being addressed.
Moreover, most simulators can take full advantage of their computational capabilities on the
basis of the features of the computer hardware to which it is installed [66].
This correlation depends by the fundamental features of the network, which define the
way input and output are connected to each other [67]. The network includes input layer,
output layer and a certain number of hidden layers. The fundamental features of the network are:
• Dataset splitting, which identifies the subset data to be adopted for the training, the testing
and the validation of the ANN development;
• Architecture, which determines the connections between layers and neurons;
• Learning algorithm, which determines the weights of the links between neurons.
In the following sections the data splitting strategy, the architecture design approach and the
learning algorithm identification, is described.

207

208

Advanced Applications for Artificial Neural Networks

3.1.1. Dataset splitting
The appropriate data splitting can be handled as a statistical sampling problem. Therefore,
various classical sampling techniques can be adopted in order to split the data in three subset
for training, validation and testing of ANN, most commons are: Simple random sampling
(SRS), Trial-and-error methods, Systematic sampling and Convenience sampling. The splitting strategy tries to overcome the high variance of the SRS by repeating the random sampling
several times in order to minimize the mean square error (MSE) of the ANN. This technique is
high time-consuming and requires significant computational costs. A subset (generally as big
as 60% of the available experimental data composed by inputs/output pairs) is used for the
ANN training. In this phase, the synaptic weights, which are the links between neurons, have
a synaptic weight attached. They are updated repeatedly in order to reduce the error between
the experimental outputs and the associated forecasts. A subset (generally as big as 20% of the
available experimental data) is adopted for the ANN validation. In particular the validation
sets allows to identifying the underlying trend of the training data subset. A subset (generally
as big as 20% of the available experimental data) is adopted for testing the forecast reliability
of the ANN in the learning phase. In order to deal with the overfitting problem that occurs
when the network has memorized the training examples, but it has not learned to generalize
to new situations, different approaches are suggested: reduce the number of hidden layers,
improve the ‘quality’ of the training-subset adopted, introduce some noisy data into training set, etc. In Ref. [67] an efficient method is proposed for model establishment by means
the identification of a low-dimension ANN learning matrix through the principal component
analysis (PCA).
3.1.2. Network architectures
An ANN is a computational model that establishes a relationship between process factors and
output variables. Artificial neurons are combined through weights, which work as adjustable coefficients. This correlation depends by the fundamental features of the network, which
define the way input and output are connected to each other [67]. The network includes input
layer, output layer and a certain number of hidden layers (Figure 4). The fundamental steps
for the development of a network are:
• Dataset splitting, which identifies the subset data to be adopted for the training, the testing
and the validation steps of the ANN development;
• Architecture, which determines the connections between layers and neurons;
• The learning algorithm, which determines the weights of the links between neurons.
Based on the connection pattern (architecture), ANNs can be grouped into two categories:
• Feed-forward networks (e.g., single-layer perceptron, multilayer perceptron, radial basis
function nets) in which there are not network connection as loops (as shown in Figure 4);
• Recurrent (or feedback) networks, in which different loops occur in network connections
(e.g., competitive networks, Kohonen’s SOM, Hopfield network, ART models).
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Figure 4. Structure of an ANN.

The first one network are considered “static”, in fact they produce only one set of output
values rather than a sequence of values from a given input, and they worked in memory-less
condition, this means that their response to an input is independent of the previous network
state. The ‘recurrent networks’, on the other hand, are dynamic systems, in which the input
pattern leads the network to enter in a new state, when a new input is introduced. Most
popular network architecture in use today is the multilayer perceptron neural network (feedforward network) where the output of a previous layer is the input to the next layer. In this
case a biased sum of the weights assigned to different inputs, allows identifying the activation
level that, through a transfer function, produces the corresponding output. The network thus
has a simple interpretation as a form of input-output model, with the weights and thresholds
(biases) the free parameters of the model [68]. The design of the ANN architecture consists
of identifying the kind of the structure (between feed-forward and recurrent architectures)
and identifies the number of hidden layers and the number of neurons for each layer. On one
hand, many neurons can lead to memorize the training sets with lost of the ANN’s capability
to generalize. On the other hand, a lack of neurons can inhibit the appropriate pattern classification. Many software allows to identify the best number of hidden layer and neurons (for
each layer) through a ‘trial-and-error’ approach. In this case different architectures are iterative tested by software and for each of them, the software provide a “fitness bar” based on
the inverse of the mean absolute error (MAE) computed on the testing set. In most cases the
higher “fitness bar” identifies the best architecture.
3.1.3. Learning algorithm
The purpose of the learning algorithm is to train the network to predict the output parameter(s)
given one or more input parameter(s). There are many types of neural network learning rules.
There are three kind of learning algorithm, the first is known as supervised learning, in this
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case the algorithm allows to predict the output parameter on the basis of a set of known inputoutput pairs [69, 70]. Second algorithm is unsupervised learning, in this case the output is not
given, the aim consisting of inferring a function in order to describe a hidden structure (e.g.,
clustering, anomaly detection, etc.). Therefore the output parameters are considered ‘unlabelled’ (the observations are not classified) and is not provided any evaluation about the prediction reliability ensured by the ANN [71]. Third algorithm is named reinforcement learning,
in this case a continue interaction between the learning system and the environment allows to
identify the input-output mapping minimizing the performance scalar index. The approach
is very similar to unsupervised learning (also in this case there are not given input-output
pairs), reward or punishment signals are adopted for the prediction of output parameters
[72]. In most cases, the unsupervised learning allows to ensuring lower cost function. Three
different methods, usually considered to be supervised learning methods, are described in
this work: Quick Propagation (QP), Conjugate Gradient (CG) and Levenberg-Marquardt
algorithm (LM).
QP is a heuristic modification of the standard back propagation, the output of the mth output
node for the pth input pattern is given by opm (Eq. (1)).
opm = f(∑ ω
¯¯ km opk)
k=1
K

(1)

ω km is the weight between the mth output
where f is the activation sigmoidal function (Eq. (2)), ¯¯
neuron and the kth hidden neuron. The value of opk depends by two parameters: the first is
given by the weight between kth hidden neuron and the nth input neuron (¯¯
ω nk). The second
parameter is xpn given by pth input pattern of nth neuron.

1
f(x) = ______
(1 + e −x)

(2)

All network weights are updated after presenting each pattern from the learning data set.
As far as concern CG method, the learning algorithm starts with a random weight vector
that is iteratively updated according the direction of the greatest rate of decrease of the error
evaluated as ω(τ) in Eq. (3).
∆ ω (τ) = − η∇Eω(τ)

(3)

where E is the error function evaluated at ω(τ) and η is the arbitrary learning rate parameter. For each step (τ) the gradient is re-evaluated in order to reduce E. The performance
of the gradient descent algorithm is very sensitive to the proper setting of the learning
rate, in case η is too high the algorithm can oscillate and become unstable, for η too small
the algorithm takes too long to converge. In this case an adaptive learning rate allows to
keep the learning step size as large as possible, ensuring, in this way, the learning rate
stable. The LM algorithm allows to minimize the squares of the differences (E) between
the desirable output, identified as yd(t), and the predicted output yp(t) [73]. ‘E’ is given by
the follow equation:
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E = __12 ∑ (yp(t) − yd(t)) 2
t=1

(4)

LM algorithm is also adopted, which blends the ‘Steepest Descent’ method and the ‘GaussNewton’, therefore it can converge well even if the error surface is much more complex than
the quadratic situation; ensuring, in many cases, speed and stability. LM algorithm can be
presented as:
wk+1 = wk − (JkT Jk + 𝜇𝜇I) −1 Jk ek

(5)

where J is Jacobian matrix, μ is the ‘combination coefficient’ (always positive), I is the identity
matrix and e represents the error vector. When μ is very small (nearly zero), Gauss-Newton
algorithm is used. On the other hand, when μ is very large, steepest descent method is used.

4. Case study: “Prediction of the Vickers microhardness and ultimate
tensile strength of AA5754 H111 friction stir welding butt joints using
artificial neural network”
Among the artificial neural networks applications to the production processes, this section
describes the research of De Filippis et al. [74] in which a simulation model was developed for
the monitoring, controlling and optimization of a particular solid-state welding process called
friction stir welding (FSW). The approach based on the use of neural networks, using the FSW
technique, has allowed identifying the relationships between the process parameters (input
variable) and the mechanical properties (output responses) of the AA5754 H111 welded
joints. The optimization of the technological parameters has been developed with the aim to
produce a stable welding process that can provide welded joints with no defects. The experimental plans that were tested have been constructed by varying the following parameters:
• Tool rotation speed;
• Travel tool speed;
• Position of the samples extracted from the weld bead;
• Thermal data, detected with thermographic techniques for on-line control of the joints.
The quality of welded joints was evaluated through the following destructive and nondestructive tests:
• Visual tests;
• Macro graphic analysis;
• Tensile tests;
• Indentation Vickers hardness tests
• Thermographic controls.
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The simulation model was based on the adoption of artificial neural networks (ANNs) using
a back-propagation learning algorithm. Different types of architecture were analysed, which
were able to predict with good reliability the FSW process parameters for the welding of the
AA5754 H111 in Butt-Joint configuration.
4.1. About the friction stir welding process
The process of friction stir welding (FSW) is a solid-state welding method based on frictional
and stirring phenomena, which was discovered and patented by the Welding Institute of
Cambridge in 1999. In this process, a rotating non-consumable tool that plunges into the work
piece and moves forward produces the heat necessary to weld the parts together. Therefore,
given the particular geometry of the tool used, as shown in Figure 5, the following actions are
performed in the process:
• The tool shoulder generates heat with the base material,
• The tool pin generates plastic deformation and mixing of the material.
The much lower temperatures compared with those achieved in traditional welding processes
by melting, determine the main advantages of this process. In fact, there is minimal mechanical distortion, with minimal Heat Affected Zone (HAZ), and an excellent surface finish.
No crack formation and porosity right after welding thanks to the low input of total heat.
The main parameters of the friction stir welding process are the tool rotation speed (n) and
the tool travel speed (v). The friction stir welding process enjoys major successful applications

Figure 5. Schematic diagram of the FSW process.
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in many fields, such as aeronautics, aerospace, rail, automotive, computer science, marine,
chemical and petrochemical industries. Important advantages are also documented in the
application of FSW processes on dissimilar materials, Al alloys, Cu alloys, Ti alloys and steel.
The main applications are on aluminium alloys because these materials, due to their high
strength-to-weight ratio, low density, forming properties, low cost and recyclability, are the
main metals used in automotive, marine and aerospace applications. An aluminium alloy of
large aeronautical and automotive interest is the AA5754 H111; on this material, there are still
few researches about the advantages to apply the FSW. It has been shown that the mechanical properties of the AA5xxx friction stir welded joints depend mainly on the grain size and
the dislocation density, due to the phenomena of plastic deformation and recrystallization
occurring during the FSW process. To study and optimize properly the friction stir welding process, it is necessary to know the influence of process parameters on the mechanical
properties of the joints. In general, the traditional process control techniques cannot provide
information about the performance of the process during welding and require lengthy testing
times, making them feasible for the industrial field. Therefore, in the production engineering,
the control and the optimization of the manufacturing processes is becoming increasingly
important. For the FSW process is necessary to carry out a control of the significant variables,
in addition to the use of thermographic techniques. This justifies the deepening and use of
information technology for enhancing the quality of manufacturing systems. The implementation of numerical and analytical models can reduce time and cost for experiment and analysis through quantitative solutions.
4.2. ANN simulation model for the monitoring of the friction stir welding process
The research interest to developing new technological tools for the control and optimization of
manufacturing processes is growing. Such developments are crucial elements for the production engineering. Within the FSW process, many experiments are needed to understand the
process-related dynamics and to control all the significant variables and the thermographic
techniques are a valuable help but it is necessary to increase and optimize control techniques
with new information tools for enhancing the quality of manufacturing systems. The reduction in time and cost of the experiments can be reduced by the implementation of numerical
and analytical models. Thus the relationship between the process parameters and the quality
of the weld can be easily identified by a model based on the adoption of one or more artificial
neural networks (ANNs). Neural networks software packages are very common among scientists and manufacturing researchers. In particular, their applications in the field of welding
have showed good success. As far as concern the FSW process, in scientific literature, there
are only few papers that discuss the modelling of this welding process by a neural network
[75–79]. In particular, a very interesting work is the study of Shojaeefard et al. [80] who studied the adoption of the neural network trained with Particle Swarm Optimization (PSO) for
modelling and forecasting of the mechanical properties of the friction stir welding butt joints
in AA7075/AA5083. A further contribution is provided by Asadi et al. [81], which with the use
of ANN found a relationship between the grain size and the hardness of nanocomposites in
FSW process. In this particular case study, an effective simulation model was developed for
predicting, monitoring and controlling the mechanical properties of welded AA5754 H111
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plates, using the ANNs with the FSW process parameters as input variables. The data set
for training, testing and validation of the ANN were the results obtained by experimental
cases [82–84], in which all welded joints were performed by non-destructive (visual inspection) and destructive testing (macrographic tests). These tests have been useful for detecting
macro defects present on the surface and within the welded area. An accurate quantitative
analysis of the FSW process was carried out using the results of the destructive tests of each
welded specimen in terms of ultimate tensile strength (UTS) and Vickers micro hardness.
Thermographic techniques were used to study the thermal behaviour of FSW process. In the
thermal analyses, two thermal parameters were considered: the maximum temperature and
the slope of the heating curve measured during the FSW process, along the two sides of the
weld (MSHCRS and MSHCAS, respectively). The analysis established that there is a correlation
between the data derived from the thermographic controls and the quality of the welded
joints, in terms of UTS. Thus this work defines the importance and effectiveness of the use of
infrared technology for monitoring the FSW process in a quantitative manner, giving important information on the thermal behaviour of joints during the process. Finally, the purpose
of this case study was to correlate the mechanical properties of welded joints in terms of UTS
and microhardness to the thermal parameters with the use of the ANN. The results obtained
have defined a model with the use of the neural networks that can predict quantitatively the
mechanical behaviour of the FSW joints, as shown in Figure 6.

Figure 6. Approaches used for evaluating the quality of FSW process through destructive and non-destructive tests.
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The results of all tests are summarized in Table 2 and the same data were used to train the
ANN.
In order to establish a relationship between the mechanical properties of the FSW joints and the
process parameters, a simulation model was developed. In the development of the model two
different ANNs were used, as follows: in the first network, called “ANNHV”, was used as output
variable, Vickers micro hardness of HAZ; in the second network, called “ANNUTS” was used as
the output variable the ultimate tensile strength. Both have used process parameters as inputs.
The ANNs were implemented using Alyuda NeuroIntelligence™-Neural networks software
(2.2, Alyuda Research Company, LLC., Cupertino, CA, USA). The first network ANNHV was
developed with five input nodes (n, v, p, MSHCRS, and MSHCAS) and only one response node
Input

Output

n [RPM]

v [cm/min]

p [mm] MSHCRS [°]

MSHC

HVhaz6

HVhaz norm.7

UTS8[MPa] UTSnorm.9[MPa]

20

500

20

86,05

85,83

60,88

0,50

166,69

1,00

30

700

20

87,37

87,37

61,93

0,70

70,25

0,21

20

700

20

87,12

87,92

63,33

0,97

120,75

0,62

30

500

20

86,88

86,85

61,72

0,66

80,05

0,29

20

500

120

87,25

86,80

60,88

0,50

90,66

0,38

30

700

120

88,14

88,15

61,93

0,70

44,29

0,00

20

700

120

87,23

87,91

63,33

0,97

56,06

0,10

30

500

120

87,97

87,91

61,72

0,66

71,99

0,23

20

500

20

86,60

86,16

62,02

0,72

132,43

0,72

30

700

20

87,74

88,23

62,72

0,85

114,87

0,58

20

700

20

86,53

88,00

58,23

0,00

51,86

0,06

30

500

20

89,07

87,23

63,50

1,00

97,43

0,43

20

500

120

87,59

87,43

62,02

0,72

99,06

0,45

30

700

120

88,53

88,32

62,72

0,85

59,95

0,13

20

700

120

87,48

87,74

58,23

0,00

46,55

0,02

30

500

120

87,58

88,45

63,50

1,00

113,98

0,57

1

2

3

4

5
AS

[°]

Tool rotation speed.

1

Tool travel speed.

2

Position of the sample along the welding direction.

3

Maximum Slope of Heating Curve of thermal profiles evaluated on the surface of joints along the retreating side.

4

Maximum Slope of Heating Curve of thermal profiles evaluated on the surface of joints along the advancing side.

5

Vickers microhardness values measured in the HAZ.

6

Vickers microhardness normalized values measured in the HAZ.

7

Ultimate tensile strength values.

8

Ultimate tensile strength normalized values.

9

Table 2. Measured data used to train the ANN.
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(output node), identified as the micro hardness of the Heat Affected Zone of the welds, HVhaz.
“Trial-and-error approach” was used to investigate and analyze more than 1000 different network architectures to identify the best architecture for the first network (ANNHV). The network
fitness score was calculated for each network with different design (number of hidden layers,
number of nodes, etc.), based on the inverse of the mean absolute error (MAE) on the testing
set. The best network architecture has been identified with the higher fitness score. The best
accuracy and minimum prediction error was obtained by adopting an ANNHV characterized
by only one hidden layer with 12 neurons as shown in Figures 7–9.
The second network (ANNUTS) was developed with six input nodes (n, v, p, MSHCRS, MSHCAS
and HVhaz) and one response node (output) identified as the ultimate tensile strength of the welds
(UTS). Even in this second analysis the methodology chosen for identifying the architecture of the
network are the same of the ANNHV. The “best” reliability of the prediction was achieved, adopting
an ANNUTS characterized by only one hidden layer with four neurons, as shown in Figures 10–12.
The reliability of the estimation of the mechanical properties predicting by the ANN simulation model was evaluated by comparing the data with the experimental results. For this purpose, the mean absolute percentage error (MAPE) was calculated for the two ANNs modelled.
Table 3 summarizes the results of this analysis that demonstrated that the values derived
from ANN simulation have a higher level of reliability. Therefore, the neural networks were
able to predict, with significant accuracy, the mechanical properties of the friction stir welding
joints, under a given set of welding conditions.

Figure 7. Back-propagation neural network used to foresee the Vickers micro hardness of the Heat Affected Zone (HAZ).
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Figure 8. Predicted Vickers HAZ micro hardness by ANN versus the experimental data.

Figure 9. Regression line at the training stage.

Starting from the results obtained in previous researches [84] where the most significant FSW
process parameters for AA5754 H111 plates were identified, the development of this ANN
model could be used to identify the optimal process parameter setting in order to achieve the
desired welding quality.
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Figure 10. Back-propagation neural network used to foresee the ultimate tensile strength.

Figure 11. Predicted ultimate tensile strength by ANN versus the experimental data.

Figure 12. Regression line at the training stage.
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ANN model

Input parameters

Output parameters

MAPE (%)

ANNHV

-n
-v
-p
- MSHCAS
- MSHCRS

HVhaz
Vickers micro hardness of the Heat
Affected Zone

0.29

ANNUTS (in cascade)

-n
-v
-p
- MSHCAS
- MSHCRS
- HVhaz (predicted with the ANNHV
model)

UTS
ultimate tensile strength

9.57

AA5754 H111 plates welded with the friction stir welding process.
Table 3. Mean absolute percentage error computed for hardness and ultimate tensile strength of AA.

5. Conclusions
The interest in ANN is growing so much that its models and algorithms are becoming standard
tools in computer science and information engineering. This highlights the fact that after a long
and productive youth, neural networks have formed a robust set of computation procedures
with a robust theoretical base and undeniable effectiveness in solving real problems in different fields of information processing. In case study discussed in this work, the analysis performed has shown that the ANN simulation model can be used as a further effective method
for predicting the FSW process. The MAPE obtained for the outputs micro hardness (HAZ)
and ultimate tensile strength (UTS) were, respectively, 0.29% and 9.57%; R2 values were, in all
cases, bigger than 0.90. Although the prediction of UTS was characterized by more high level
of MAPE, if it is compared to HAZ estimated value, it was considered acceptable to ensure a
model characterized by high reliability. The adoption of the simulation model can be very useful for the friction stir welding process. In fact, the use of tools for predicting the mechanical
properties of the welds and for controlling the welding process, allows the production of welds
with fewer defects. This reduces the number of repairs and costs, associated with the reiteration of the process. In the context of neural networks, the biggest question is “are we currently
capable of building a human brain?” [85]. Undoubtedly, the achievement of these challenges
is very ambitious, considering that the human brain has around 90 billion neurons shaping an
extremely complex network, but in many cases the ANN can support the human behaviour,
simplifying the decision making process, increasing the level cognition, under stress conditions, and increasing the capacity in evaluation and analysis of complex processes.
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Abstract
Artificial neural networks (ANNs) are evaluated for spectral interference correction
using simulated and experimentally obtained spectral scans. Using the same data set
(where possible), the predictive ability of shallow depth ANNs was validated against partial least squares (PLS, a traditional chemometrics method). Spectral interference (in the
form of overlaps between spectral lines) is a key problem in large-size, long focal length
inductively coupled plasma-optical emission spectrometry (ICP-OES). Unless corrected,
spectral interference can be sufficiently severe to the point of preventing precise and
accurate analytical determinations. In miniaturized, microplasma-based optical emission
spectrometry with a portable, short focal length spectrometer (having poorer resolution
than its large-size counterpart), spectral interference becomes even more severe. To correct it, we are evaluating use of deep learning ANNs. Details are provided in this chapter.
Keywords: artificial neural networks (ANNs), artificial intelligence, machine learning,
deep learning, spectral interference, PLS, ICP, microplasma, portable optical emission
spectrometry

1. Introduction
According to Webster’s dictionary, a neural network is defined as “a computer architecture in
which a number of processors are interconnected in a manner suggestive of the connections between neurons in a human brain and which is able to learn by a process of trial and error”. The “processors” maybe

© 2016 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
and reproduction in any medium, provided the original work is properly cited.
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work is properly cited.
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individual computers, but they do not have to be. Typically, such “processors” reside in the
same computer and most frequently are referred to as “neurons”. Also according to Webster’s
dictionary, artificial is something “made or produced by human beings rather than occurring naturally, typically as a copy of something natural”. In this chapter, spectral interference correction in
optical emission spectrometry (OES) will be discussed, using artificial neural networks (ANNs).
Spectral interference (a long standing problem in optical atomic spectrometry [1–4]) arises
when a spectral line emitted from an analyte (defined as the chemical species of interest)
in an analytical sample (i.e., one to be used in chemical analysis) is overlapped with (or
interfered by) a spectral line emitted from another chemical constituent that is also present in
the same sample or in the sample’s matrix (defined as whatever an analyte is in). For example,
Zinc (Zn) as an analyte (A) in an iron-rich soil matrix. In a widely used, 6000–10,000 K hot,
inductively coupled plasma (ICP), iron (Fe) can emit as many as 4000 spectral lines, whereas
Zn has less than 10 sensitive (i.e., analytically useful) lines, thus making interference from an
Fe line (e.g., from the soil matrix) on a Zn line likely. An additional example will be discussed
in conjunction with the simulated spectral windows shown in Figure 1.
Assuming that all species involved (per legend of Figure 1) are present in a sample and
that they all are at equal concentrations, only Copper (Cu, at 213.853 nm) and Nickel (Ni,
at 213.856 nm) are shown to overlap with the Zn spectral line (at 213.856 nm). Per legend, and

Figure 1. Spectral interferences in a simulated 100 pico-meter (pm)-wide spectral window (between 213.806 and
213.906 nm) centered on the analyte zinc (Zn) 213.856 nm spectral line.
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with all participating species at equal concentrations, the spectral lines of V (Vanadium),
W (Tungsten) and Re (Rhenium) are not sufficiently intense to be considered (or even to be
graphed). However, if the concentrations of these elements is higher (e.g., by 10–100 times)
rather than equal to that of the analyte Zn, they will have to be considered. Other elements
from the periodic table do not have to be considered even if they are present in the sample
or its matrix, because they do not emit spectral lines in the 100 pm-wide spectral window of
interest. From this, the significance of spectral interference begins to emerge.
A more dramatic (and yet very realistic example) will be drawn from the practice of elemental
analysis by optical emission spectrometry and will be discussed in conjunction with the data
shown in Figure 2. In this example, Arsenic (As) is the Analyte (or simply A) and Cadmium
(Cd) is the Interferent (or simply I). It is worth noting that water contaminated by As is a key
problem worldwide affecting the health and well-being of more than 100 million inhabitants
worldwide because As occurs naturally in the soil surrounding water wells used as drinking
water supply in many parts of the world.
In the example shown in Figure 2, the intensities of the spectral lines of the As (Analyte, A)
and of Cd (Interferent, I) are about equal (as indicated by the horizontal dashed line positioned on the intensity axis) crossing at 1 (the intensity axis was normalized to the maximum
intensity of the As spectral line, the intensity of the Cd line was scaled accordingly). To produce a 1:1 intensity ratio of A:I, the concentration ratio of A:I was 1:0.3 (due to the different
sensitivities of the spectral lines involved). Furthermore, in actual practice, an analyst would

Figure 2. Simulation of the spectral response obtained from a spectral scan (solid line) when using an optical emission
spectrometer and a mixture containing arsenic (As) as the analyte (A) and cadmium (Cd) as the Interferent (I).
C = concentration (regardless of units).
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only observe the “added” or measured response shown by the solid line in Figure 2. The individual responses obtained by the simulations (shown in using the dashed and the dotted lines
in Figure 2) will not be observed and they have been added to facilitate discussion.
In this example, the intensity of the combined spectral response for As and Cd (i.e., one
obtained by adding the individual responses for As and Cd from a sample containing both
As and Cd, and shown by the solid line in Figure 2 or by experimentally measuring the
combined response), is slightly more than 1.2 (indicated by the horizontal dotted line).
Clearly, if the Cd interference on As is left uncorrected, the concentration of As will be
reported to be higher than it actually is, in this example, by about 20%. Errors as large as
the one discussed here are unacceptable in analytical determinations due to potential legal
or regulations compliance reasons or health implications (e.g., as used in clinical analysis
for medical diagnostics). In analytical practice (e.g., by commercial chemical analysis laboratories), spectral interference is addressed routinely using a number of methods, as will be
briefly outlined below.
Several approaches have been used to correct the adverse effects of spectral interference.
These traditional methods can be roughly divided into three categories: Chemistry-based
approaches (i.e., via a chemical separation of an analyte from its matrix), Physics-based
approaches (e.g., through use of high resolution spectrometry) and Mathematics-based (or
statistics-based) approaches (e.g., via use of inter element correction factors or through use
of Chemometrics). Briefly:
• Chemistry-based approaches involve removal of either the analyte or the interferent using,
for instance, some form of sample processing (e.g., via chemical separation). In general,
approaches that require use of additional sample processing and manipulation steps are
time-consuming and labor-intensive, thus adding to the overall cost per analysis [1–4].
• Physics-based approaches, such as use of high resolution spectrometry.
○ Use of high resolution spectrometry [1] to resolve spectral interferences is not feasible
in routine analytical laboratories because spectrometers with high resolution (e.g., those
with a long focal length) are expensive and they drift.
○ Use of a non-interfered spectral line. This is not always possible, especially if an analyte
has few spectral lines useful for analytical determinations and the interferent has many
(per Zn and Fe example discussed in the introduction).
• Mathematics-based (or statistics-based) approaches, include:
○ Use of inter element correction (IEC) factors [5], in which the intensity of a spectral line
of an interferent is measured at a different wavelength, and a correction factor is applied.
Depending on the type of spectrometer used, this is not always possible.
○ Use of chemometrics methods [6–15], defined as those involving the “application of mathematical or statistical methods for the treatment of chemical data”. Among others, examples of
chemometrics approaches include adaptive filtering, factor analysis, orthogonal polynomials or curve fitting techniques.
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Unlike the traditional approaches outlined above, ANNs have been “designed to find relationships in multi-variate data through learning” [16–19] that is to “learn by example’. As such,
they provide an attractive alternative to the traditional methods mentioned above. Due their
unique capabilities and their significance in this work, a brief background on ANNs will be
provided next.

2. Brief background on ANNs
ANNs fall under the umbrella of artificial intelligence (AI), a general term used to describe
machines displaying human-like intelligence (presently, only in specific domains). Synonyms
used in this field are reflective of the preferences of individual research groups. Examples
of synonyms include cognitive computing, computational intelligence, and machine learning in which a machine is trained to use data (e.g., spectra, images, text, or speech) so that it
can learn from examples on how to perform a task. These AI methods (no matter what they
are called) are contrary to conventional programming paradigms in which explicit program
instructions are issued to tell a machine how to perform a task.
ANNs were inspired by biological neurons, and in many respects they mimic them. The ideas
behind artificial neurons and their networks date back to the late 1940s and early 1950s followed
by the landmark description of the perceptron [20] (a linear classifier, developed in the late 1950s).
The influential paper by Hopfield [21] in 1982 addressed the limitations identified by Misnky
and Papert and it opened the field of ANNs to their application in a diversity of disciplines [20].
To provide few examples, ANNs have been applied to different areas ranging from finance, to
engineering, to physics, to chemistry, to geology, and to medicine and pharmacy. As already
been mentioned, a unique advantage of neural networks is their ability to “learn by example”.
In chemical analysis, interest in ANNs begun around the mid-1980s. Since then, ANNs
have been applied to many chemistry-related areas, limited examples include of IR- and
UV-spectra, classification, calibration, nuclear magnetic resonance (NMR), and ion mobility
spectrometry (IMS). In my lab, we have been applying ANNs for spectral interference correction in analytical atomic spectrometry [22–27].
A comprehensive description of the theory and practice of ANNs is beyond the scope of this
chapter. Briefly [28–32], an ANN is formed by using many individual artificial neurons. An example of an artificial neuron is shown in Figure 3a. Neurons are typically organized in layers. The
weight (that is the strength of the connection between each neuron) is adjustable. Furthermore,
each neuron has its own weighted inputs and its own transfer function (Figure 3b). The transfer
function is a mapping operation of an input to a neuron or a layer to its output, for example, a
linear transfer function (Figure 3a); a log-sigmoid function or a hard limit function.
In ANNs, learning can be supervised or unsupervised. In supervised learning (used in this
work), the network adjusts its internal parameters (e.g., weights) so that a user-specified (i.e.,
expected) or target-value at the output is reached. At this stage, the error (defined as the difference between the output provided by the network and the target output provided by the user)
is computed. Using a “learning rule”, the weights are adjusted until the error mentioned above
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Figure 3. (a) Simplified illustration of a neuron and (b) of a linear transfer function. As shown above, the input to a
neuron incorporates an adjustable input bias, b. The input x is multiplied by the strength of the weight (w), and the
weight is being adjusted during learning. The product w*x is passed through a transfer function (F).

is minimized. The learning rate, determining the rate (or speed) at which the weights change is a
key parameter. This is because if the learning rate is too fast (and as a consequence the learning
step is too large), the network may become unstable. Conversely, if the learning rate is too slow
(due to use of a very small learning step), the network may take too long to converge, or it may
get trapped at a local minimum. The challenge is to seek a balance between learning rate and convergence to the lowest possible minimum. To find the minimum, a gradient descent algorithm
(i.e., finding the derivative, typically using the chain rule for derivatives) with momentum (m)
was used. Specifically, a fraction m is added to the previous weights to update the current weight.
This approach ignores small ridges in the error surface, thus reducing the possibility of being
trapped at a local minimum. Momentum values ranging anywhere between 0 and 1 can be used.
A backpropagation of errors algorithm is often used with gradient descent method applied and
it was employed here. To generalize, backpropagation strives to find a set of weights that minimize the errors by gradient descent between the output of the network and the target output.
The predictive ability of an ANN depends on the transfer function (Figure 3b), on the learning rule applied and on the network’s architecture. The architecture of the network consists
of the number of neurons in each layer, on the number of layers involved, on the transfer
function, and on how the layers are connected to each other (and to the network’s inputs).
Sequential, feed-forward architecture is the most the most widely used [28–32]. In this architecture, each neuron is connected to previous neurons and its output becomes an input to
the neighboring neurons. An example of spectral scans used for training purposes of a feedforward network architecture is shown in Figure 4.
For validation of network performance (i.e., the ability to predict A (analyte) and I (Interferent)
concentrations) when given an “unknown” scan (i.e., one in which the network is asked to predict the correct or expected value), one spectral scan at a time is fed into the network (bottom
frame of Figure 4) and the network returns a “predicted” concentration for the Analyte (A)
and for the Interferent (I). For validation (as is typical in this field of research), the performance of ANNs was compared with the performance of a typical chemometric method, such
as partial least squares (PLS).
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Figure 4. ANNs-top frame: Example spectral scans used as a training set. The intensity between scans is different because
the concentrations (and hence intensities) of Analyte (A) and Interferent (I) are different. Multiple scans are shown in the
top half, each scan (with data points taken typically every 0.080 nm) was fed individually into the network (bottom half).

3. Brief background on PLS
The key objective in PLS or PLS regression (as it is often called), is to develop a mathematical model relating spectral response (e.g., via spectral scans) in the concentration-range of
interest for an interfered analyte. In this case, a calibration model is developed using one of
the several PLS algorithms, in this work, a non-linear iterative partial least squares (NIPLS)
algorithm was used. For more details on PLS, the review Geladi and Kowalski [33] is recommended. Additional references abound, for brevity only selected few are listed [34–40].
In PLS, an appropriate number of latent variables (or principal components) must be used,
otherwise if a small number of variables is employed, the model becomes inadequate; if a
large number is utilized both noise and signal are modeled. For comparison purposes, (where
possible) the same spectral scans were used to evaluate the predictive ability of PLS and of
ANNs. An example of spectral scans used with PLS is shown in Figure 5.
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Figure 5. PLS-top frame: Example spectral scans. Bottom frame: Simplified diagram of the PLS algorithm. To facilitate
meaningful comparisons, simulations and experimentally obtained spectral scans (where possible) were the same as
those used for ANNs.

4. Experimental
For both ANNs and PLS, MatLab (www.mathworks.com) with the neural network and the
PLS toolbox were used. To eliminate the effects of instrument-drift (often referred to as 1/f
noise) and (potentially) eliminate any other instrument-induced errors, initially both ANNs
and PLS were tested using in-house developed spectral simulation software. An example output of this software has been shown in Figure 1. The variables tested and the ranges used are
listed in Table 1 and will be briefly discussed next.
Random noise level: Spectral simulations were used to study the effect of random (white)
noise, because simulations do not suffer from drift (or 1/f noise) and because a pre-determined amount of noise can be easily added to a simulated spectral scan.
Wavelength separation: What is meant by wavelength separation Δλ (typically in a few pm)
is shown in Figure 6. Spectral overlaps can be distinguished as “direct overlaps” (Figure 6a),
intermediate overlaps (Figure 6b), and “wing type” overlaps (Figure 6c). The question
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Variables tested

Range of test values

Experimental approach

Random noise level

0, 3, 6, 9 to 18 (%)

Simulations only

Wavelength separation (Δλ)

0, 3, 5, 7, 9, 15 (pm)

Simulations and spectral scans

Intensity ratio

1:0.01 to 1:0.98 (~1:1)

Simulations and spectral scans

Wavelength shift

±

0.5 to ±1.8 (pm)

Simulations and aligned spectral scans

Table 1. Variables potentially affecting predictive ability of ANNs and PLS.

addressed was “how far does an interfering spectral line have to be (in units of Δλ) before its effect on
the analyte spectral line is negligible?” As listed in Table 1, the effect of Δλ on predictive ability
was as large as 15 pico-meter (pm).
Intensity ratio A:I affects the measured (or combined) response. For practical reasons, different ratios were used for simulations (Table 2) and for spectral scans (Table 3). An example is
shown in Figure 7.
The spectral lines used for the spectral simulations are listed in Table 2 and those used for the
experimentally obtained spectral scans in Table 3.

Figure 6. Wavelength separation (Δλ). (a) “direct spectral overlap”, small Δλ, (b) intermediate case, (c) “wing spectral
overlap”, large Δλ. Depending on Δλ, the max measured response in the spectral axis visually “appears” to have shifted
(but actually it has not), the visual effect is due to the presence of the interferent. The intensity was scaled to a max of
100% (for A) with I scaled appropriately. Intensities >100% are due to combined contributions of A and I.
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No.

Elements

Spectral line pairs, wavelength (nm)

Wavelength separation (pm)

1

Zn and Ni

213.856 and 213.856

0

2

Cr and Pt

267.716 and 267.715

1

3

Zn and Cu

213.856 and 213.853

3

4

Ni and Cr

232.003 and 232.008

5

5

B and Mo

208.959 and 208.952

7

6

Ca and Co

315.887 and 315.878

9

7

Be and V

315.042 and 313.027

15

Table 2. Analyte (A) and Interferent (I) line pairs used in spectral simulations.

No.

Elements

Spectral line pairs, wavelength (nm)

Wavelength separation (pm)

1

Zn and Ni

213.856 and 213.856

0

2

Cr and Pt

267.716 and 267.715

1

3

Zn and Cu

213.856 and 213.853

3

4

Ni and Cr

232.003 and 232.008

5

5

B and Mo

208.959 and 208.952

7

6

Be and V

313.042 and 313.027

15

Table 3. Analyte and Interferent line pairs used for the experimentally obtained spectral scans.

Figure 7. Effect of A:I intensity ratio. The intensity axis was scaled to a max of 100% (for A) with I scaled appropriately.
Intensities >100% are due to combined contributions of A and I.
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For the experimentally measured scans, a sequential, optical emission spectrometer (OES,
a Czerny-Turner scanning monochromator) with a focal length of 0.75 m, an 1800 grooves/
mm holographic grating, a photo multiplier tube (PMT) detector, and an ICP were used
(Varian Liberty 100). The total weight of this instrument was 300 kg. This ICP-OES system
was selected due to its spectral resolution and its ability to scan user-defined spectral windows. A diagram is shown in Figure 8 and it included here to facilitate explanations of some
experimental observations made during the course of this research.
A liquid sample is introduced into a 1–2 kW plasma (Figure 8). For simplicity, assume that the
plasma generates only two spectral lines (at wavelengths λ1 for Analyte A and λ2 for Interferent I)
from a sample introduced into it. Scanning a wavelength-window (dotted line, bottom of Figure 8)
is accomplished using two mechanisms, one, by initially rotating the computer-controlled
grating. Once the beginning of the desired wavelength range has been reached, further scanning is obtained by rotating the computer-controlled scanning plate. To complete a scan,

Figure 8. Illustration of the 75 cm focal length (f) scanning spectrometer, scans were 60–160 points.
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Figure 9. Wavelength shift (misalignment) due to scanning plate (Figure 8) reset-errors. (a) Experimentally obtained
signal response from Zn (Analyte) + Cu (Interferent) plus V (added to generate a marker peak). And (b) same as (a) but
after manual alignment of spectral scans. See text for discussion.

the scanning plate is stopped and a measurement of the intensity is made at the wavelength
where the plate was stopped. Then, the wavelength is incremented (typically by about
0.01 nm) by rotating the plate and another measurement of the intensity is made and so on
until the desired spectral range has been covered (typically ~0.100 nm). In other words, a scan
is accomplished using a step-measure-and-repeat process. The dots in the “example spectral scan” (Figure 8) indicate intensity measurements at each step, the presentation software
simply “connects-the-dots”. Such experimentally obtained spectral scans were used for both
ANNs and PLS.
Wavelength shift (misalignment): When repeatedly scanning the same spectral window, it
was discovered that scans were offset from each other. An example is shown in Figure 9a. To
address the effect of this spectrometer limitation, a fixed amount of a reference element was
added to the A and I mixtures. The reference element was selected so that (where possible)
its spectral line was separated from the analyte and from the interfering peaks. Subsequently,
the spectral scans were corrected by manually aligning them with respect to the marker peak
(Figure 9a). An example is shown in Figure 9b.
The intensity ratio of A:I ranged between 1:1, 1:0.01, and 1:0.01, for both simulations and
experimental spectral scans. A:I ratios higher than 1:1 were not tested because they were
deemed too unrealistic for practical analytical applications. If A:I is higher than 1:1, an alternative spectral line (if possible) should be used or, the sample may have to undergo some
form of chemical separation (per Section 1).

5. Results and discussion
From the large number of experiments that were run (Tables 2 and 3), for brevity, only a few
results will be included here (and are briefly discussed below).
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5.1. Effect of A:I intensity ratio on predictive ability of ANNs and PLS for different Δλ
The predictive performance of ANNs and PLS was found to be inter-dependent on two key
variables, specifically A:I ratio and Δλ. Experimental results summarizing absolute |Error|
are shown in Figure 10.
It can be concluded that ANNs (with an average prediction error of the concentration of an Analyte
(A) of ~4.1%) performed equally as well as PLS (with an average prediction error of ~4.4%).
5.2. Effect of added white (random) noise on prediction of A:I ratios
To avoid the effect of 1/f noise, only simulated spectral scans were used for noise-studies.
Noise levels tested were as high as an (unrealistic for practical applicability) 18%. Results are
shown in Figure 11.

Figure 10. Predictive ability of ANNs and PLS using only four pairs (selected for clarity) of overlapping spectral lines
(scans obtained experimentally) with their Δλ ranging between 0 and 15 pm.

Figure 11. Predictive ability of ANNs and PLS for six pairs of simulated spectral lines with their Δλ ranging from 0 to
15 pm and with % added random level noise added ranging from 0 to 18% (with two traces overlapping).
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The predictive ability of ANNs (on the average) was 5.0%, and of PLS was (on the average)
5.1%. As expected, prediction errors increased as noise levels increased. A key difference
between ANNs and PLS is that PLS did poorly when Δλ was 0 pm (even at very low noise
levels). Interestingly, from the simulated spectral scans when 0% noise was added (Figure 11)
both ANNs and PLS had a prediction errors (on the average) of less than 1%, essentially the
predictions were error free. Thus, it can be concluded that (likely) predictive ability was noisedepended (or noise-limited).

6. Conclusions (when using a large-size ICP spectrometer)
Shallow depth ANNs for spectral interference correction were experimentally evaluated using
a large-size ICP spectrometer with a scanning monochromator (Figure 8) that had resolution
typical of commercial systems. The ability of ANNs to predict the concentration of an Analyte
(A) in a mixture of A with an Interferent (I) was used a key figure-of-merit and it was studied extensively (Figures 10 and 11). To validate predictive ability, predicted A concentrations
by ANNs were compared with those obtained by PLS. Using experimental spectral scans, the
average prediction error for ANNs was 4.1% and for PLS was 4.4%. Simulations were used to
understand the origin of prediction errors for both of these methods. The average errors in predictive ability for simulated spectral scans and for Analyte (A) by ANNs was 5.0% and for PLS
was 5.1%. The higher errors obtained when using simulations over those obtained when using
experimentally obtained spectral scans is likely due to use of high (by experimental standards)
levels of noise. When low levels of noise were used, the prediction errors were less than 1%
(Figure 11). In other words the predicted concentrations by both methods were essentially error
free. Clearly, methods capable of better discriminating between signals and noise are desirable.
ANNs may also find applicability in portable, miniaturized systems that can be used for “taking part of the lab to the sample” types of applications. Due to the short focal length of portable
spectrometers employed in miniaturized systems, such spectrometers suffer from significant
spectral overlaps (but not from wavelength shift). Interference using miniaturized systems
will be discussed next.

7. Spectral interference correction in miniaturization using ANN-based,
deep learning approaches
7.1. Why miniaturization?
We have been developing and characterizing miniaturized plasmas in the form of microplasmas [41–48] that we fabricated using a variety of fabrications technologies [49–52] for taking
part of lab to the sample types of applications [53–60]. Microplasmas are arbitrarily defined as
those with one critical dimension in the micrometer regime. To enable use of a non-thermal,
non-equilibrium microplasma with an optical emission spectrometer outside of a lab, use of a
portable spectrometer is also required.
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It is expected that a miniaturized system of the type shown in Figure 12 will find wide applicability in many analytical situations. For example, in environmental monitoring for testing of
water quality on-site (e.g., drinking water, lake water, river water, and ground water). Water
monitoring is significant to this geographical area because Ontario alone has 250,000 lakes.
Outside of Ontario (and Canada), and as already mentioned, Arsenic (As) in water wells
affects more than 100 million inhabitants worldwide. Other examples of potential environmental uses include air quality monitoring (e.g., sick building syndrome), safety and security. In clinical analysis, such a portable, “shoe-box size” instrument could be used to test

Figure 12. Illustration of a miniaturized microplasma-based optical emission system. Such a system may find use for
chemical analysis on-site. The ability to obtain analytical results on-site and in (near) real-time is in stark contrast to the
traditional sample collection-in-a-field and chemical analysis-in-a-lab approaches. On-site analysis has the potential to
alter the traditional chemical analysis paradigm in which samples are collected in a field and are brought to a lab for
analysis.
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Pb (Lead) concentrations in blood (in the US alone, every child under the age of 7 has to be
tested for potential elevated Pb concentrations in their blood); Na and K have to be measured
in blood (Na and K concentration-determinations are mandatory in any medical checkup);
Li (Lithium) in blood must be measured in certain cases because Li-containing medications
are often prescribed as mood stabilizers. In space exploration, a system of the type shown in
Figure 12 may be used in studies involving Ca loss in bones during space flight. This limited
set of examples has been included here to highlight potential applicability of miniaturized,
microplasma-based optical emission spectrometry systems.
An example of a battery-operated, 3D-printed microplasma coupled to a portable, fiber-optic
emission spectrometer is shown in Figure 12. All components shown in Figure 12 can fit
inside a shoe box.
For a system of the type shown in Figure 12, in addition to requiring a battery-operated, lightweight, miniaturized plasma source (for use on-site rather than in a lab), the spectrometer
must also be portable (generally meaning that it must have a short focal length). However, as
the focal length of the optical spectrometer is reduced (e.g., from 75 cm as shown in Figure 8
to about 12.5 cm as shown in Figure 12), resolution decreases and spectral overlaps become
more prevalent. An example is shown in Figure 13.
Some specifics: in optical emission spectrometry, resolution (R = λ/Δλ) is defined as the ability to baseline resolve two closely spaced wavelengths (Figure 13, left frame). As already mentioned, for use on-site, a portable optical spectrometer (with a short focal length) is required.
But as focal length decreases, resolution degrades. And as resolution degrades, spectral overlaps become more severe, thus making spectral interference correction essential. To demonstrate the severity of spectral overlaps and the need for spectral interference correction, the
superimposed spectra of Europium (Eu), Strontium (Sr), and Lead (Pb) shown in Figure 14
and will be used as an example.
Shown in Figure 14 are three spectra obtained by introducing individually (or separately)
into a microplasma (Figure 12) equal concentrations of Eu, Pb, and Sr. and to facilitate discussion, the spectra have been superimposed and graphed together. In a hypothetical sample

Figure 13. Left frame: Spectral window showing two Cu lines (acquired using a long focal length spectrometer, for
example, one shown in Figure 8) demonstrating baseline resolution. Right frame, spectra from 200 to 850 nm acquired
using a spectrometer with a short focal length (Figure 12, StellarNet co, http://www.stellarnet.us/). Right frame (insert):
In this case, the same Cu lines cannot be resolved. Each 200–850 nm spectrum (or full spectral scan) is 2048 data points.
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Figure 14. Spectral overlaps observed when using Eu (solid line), Sr (dashed line), and Pb (dotted line).

containing these three elements, Sr. is the analyte and Eu and Pb are the interferents. The most
intense Sr. line (at ~460 nm) is directly overlapped by two Eu lines (at ~459 nm). The second
most intense Sr. line (at around 407 nm) is overlapped by the most intense Pb line (at 405 nm),
and the third most intense Sr. line (~ 421 nm) is also directly overlapped by a Eu spectral line.
Clearly in this example interference free determinations of Sr. are not possible, thus making
spectral interference correction essential. In this laboratory, an ambitious goal of using ANNbased deep learning approaches is being pursuit. Deep learning approaches can handle larger
amounts of data (as opposed to shallow depth ANNs), and they are claimed to have improved
abilities to distinguish signals from noise, thus likely having improved predictive abilities.
7.2. ANN-based deep learning
Similar to conventional or shallow depth ANNs (i.e., those with a few network layers,
Figure 4), deep learning neural nets (or deep neural networks, or DNNs for short), have
numerous hidden layers. An example is shown in Figure 15a. A key advantage of deep learning [61–65] ANNs versus shallow depth ANNs is that in deep learning the network continues
to learn as the amount of data increases, thus increasing its learning and (likely) predictive
abilities (thus reducing %|Error| of prediction). In sharp contrast, shallow depth ANNs (e.g.,
with a few layers) although they may outperform deep learning when using relatively small
data sets, their learning and predictive abilities plateau (Figure 15b).
At present, deep learning is receiving significant attention. A limited number of examples
include IBM’s Watson [66], a reportedly $24 billion investment so far); Google is offering
a time-limited free access to cloud machine learning [67]; Mobile Eye is marketing their
advanced driver assist system (ADAS) claiming that it has been installed in many self-driving
cars [68]; NVIDIA is marketing graphics processing units (GPUs) with deep learning abilities [69]; Intel, a semiconductor fabrication house has a sizable investment on deep learning
[70]; OpenText [71] is using deep learning in the name of Magellan to rival IBM’s Watson;
Qualcomm is a fabrication house of CPUs for smartphones offers a software kit for neural
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Figure 15. (a) Deep learning neural nets with every neuron connected to all neurons in neighboring layers (where n
maybe in the millions of layers). (b) Sketch of predictive (and learning) abilities of shallow depth and deep learning
ANNs versus the amount data used in a training set.

networks [72]; Samsung is developing deep learning approaches for heath applications [73];
Noah’sArkLab [74] funded by Huawei (a telecom company), is heavily investing in deep
learning; Microsoft is offering a (currently free) “cognitive toolkit” for deployment of deep
learning approaches [75]; and Apple is offering developers machine learning tools [76] for
inclusion into any iOS app. Apple is also publishing their Machine Learning Journal. Overall
and one way or another, all of these companies are either using or promoting use of ANNbased deep learning.
We are experimenting with deep learning for spectral interference correction using a miniaturized, portable spectrometer (of the type shown in Figure 12) using data of the type shown
in Figures 13 and 14.

8. Overall conclusions
ANNs proved effective at addressing the key problem of spectral interference encountered in
optical emission spectrometry. Due to the relatively small number of data points used (e.g.,
60–160), training and validation times did not become bottlenecks. To obtain method validation (as is typical in chemical analysis), ANNs were compared to PLS. It was concluded that
the predictive ability of both methods was at ~5% and that both methods were noise-limited.
Thus, our attention has now been turned to ANN-based deep learning approaches that are
reported to have improved abilities to distinguish signals from noise. Deep learning is being
evaluated for use in miniaturized systems (with short focal length, portable spectrometers) in
which spectral interference is typically more severe than those of long focal length, large-size
spectrometers. It is expected that application of deep learning approaches has the potential to
lead to portable chemical analysis instruments that are “smaller, cheaper, smarter and faster” at
producing precise and accurate analytical results on-site [53]. On-site analysis capabilities have
the potential to cause a paradigm shift in classical chemical analysis (caption of Figure 12)
by allowing practioners “to bring part of the lab to the sample” so that analytical results can be
obtained in-situ and in (near) real-time. Although large-size and miniaturized plasma-based
instruments were used as an ANN application example, it is expected that the ideas presented
here will have wider applicability to include non-plasma-based chemical analysis instruments regardless of their size.
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Abstract
The human brain, like every vital organ, is constituted of neurons. It is through this organ
that we can learn and reason, reflect and memorize. The geniality of human brain and
more particularly of its neurons motivates several researchers to interest to this research
and to benefit from its biological aspect. The idea was to reproduce, in an artificial way,
the behaviors observed in man. It was in 1943 that the first artificial neural network
(ANN) was created by Warren McCulloch and Walter Pitts. It is a simple elementary processor imitating the structure and the functioning from the biological neuron. Artificial
neural network is characterized by its capacity to learning and generalizing. It represents
a very powerful tool. It provided multiple solutions to different complex problems. In
these recent years, its effectiveness is proved in various researches fields. ANN is subdivided on two main groups, the static and dynamic neural network. The choice of the
one or the other neural network type depends to the application to be processed and the
complexity of model. For static neural network, information propagates in a single direction, layer by layer, and from the inlet to the outlet. They are generally used in various
applications such as classifications, pattern recognition, and functions approximation.
For the dynamic neural network dynamic neural network is not limited. Each neuron
can send and receive information from all other neurons. The dynamic neural network
architecture includes frequently one or more cycles which necessarily contain at least one
delay connection. This gives rise to the dynamism notion. This neural network type is
more complex than the static one, but it is more efficient for some particular applications
such as dynamic modeling, monitoring, and process control. In this chapter, nonlinear
autoregressive models with exogenous input (NARX) model, as type of dynamic neural
network, will be used to the solar radiation prediction. Simulation results will be presented to prove the effectiveness of this model compared to those obtained using the
static one.
Keywords: static neural network, NARX model, solar radiation prediction
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1. Introduction
The human brain, like every vital organ, is constituted of a set of cells which are called
neurons. It is through this organ that we can learn and reason, reflect and memorize. The
geniality of human brain and more particularly of its neurons motivates several researchers to interest to this research and to benefit from its biological aspect. The idea was to
reproduce, in an artificial way, the behaviors observed in man. It was in 1943 that the first
artificial neural network was created by Warren McCulloch and Walter Pitts. It is a simple
elementary processor imitating the structure and the functioning from the biological neuron. Artificial neural network is characterized by its capacity of learning and generalizing.
It represents a very powerful tool; it provided multiple solutions to different complex
problems. In these recent years, its effectiveness is proved in various researches fields.
Artificial neural network are subdivided on two main groups, the static and dynamic
neural network. The choice of the one or the other neural network type depends on the
application to be processed and the complexity of model. For static neural network, information propagates in a single direction, layer by layer, and from the inlet to the outlet.
They are generally used in various applications such as classifications, pattern recognition, and functions approximation. The connectivity between neurons in dynamic neural
network is not limited. Each neuron can send and receive information from all other neurons. The dynamic neural network architecture includes frequently one or more cycles
which necessarily contain at least one delay connection. This gives rise to the dynamism
notion. This neural network type is more complex than the static one, but it is more efficient for some particular applications such as dynamic modeling, monitoring, and process
control. In this chapter, nonlinear autoregressive models with exogenous input (NARX)
model, as type of dynamic neural network, will be used to the solar radiation prediction.
Simulation results will be presented to prove the effectiveness of this model compared to
the static one.

2. Static neural network
Static neural network was the first and simplest type. It is a nonlooped network since it does
not contain a feedback or delay connection [1]. It is a statistical regression tool which allows
the approximation of any nonlinear function sufficiently regular. The neural architecture of
this network is presented as shown in Figure 1. It imitates the structure of the biological
neuron. It is composed of a set of layers. The hidden one allows to receive a variable number
of inputs, and information is moved only from inputs directly through hidden layer to the
output layer without cycles or loops. Each connection is associated with a synaptic weight w,
which represents the strength of each connection. The negative weight inhibits its input, while
the positive weight accentuates it.
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Figure 1. Static neural architecture.

3. NARX model
NARX model is the abbreviation of “nonlinear autoregressive models with exogenous input”.
It is registered under recurrent dynamic neural networks. It is a nonlinear autoregressive
model with exogenous inputs. NARX consists of a linear ARX model with two delays, one
for input and the other for output. It is based on the multilayer perceptron and the recurring
connections. Its effectiveness has been proven in the research work presented in [2] to predict
the PV power. It is also used in other applications such as the electricity prices prediction and
the air pollution prediction [3–5]. This model is commonly used for the time series, estimation, and prediction as well as for nonlinear dynamic systems modeling. Compared to other
neural network types, NARX model is characterized by a good learning, fast convergence,
and better generalization [6]. The PV power prediction results presented in [2] have proven an
improvement performance when using NARX model compared to those obtained using the
static neural network. NARX model performances are also compared to those of static neural
network and radial neural network in the research works presented in [7]. NARX gave also
the best prediction results in these studies.

4. NARX model architecture
NARX model defines the output as a function of its inputs and its past outputs as described
in the following equation [8],
y(t) = f [y(t − 1), y(t − 2), …., y(t − d y); u(t − 1), u(t − 2), ..., u(t − d u)]

(1)
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Figure 2. NARX model standard architecture.

Figure 3. Example NARX model standard architecture (3 inputs, 1 hidden layer, and 1 output).

Where u represents the exogenous data and y are the NARX model outputs. du and dy present respectively delays order of inputs u and outputs y. Figure 2 presents the NARX model
standard architecture.
For example, the NARX architecture of a neural network composed of three inputs, one output and six neurons in its hidden layer is presented as shown in the Figure 3.

5. Learning and generalization
Learning and generalization are two specifics properties that characterize any neural network. Unlike traditional methods that build programs to solve a problem, neural network
operates mainly on a learning basis. We do not program a neural network, but we learn it.
This is why the learning phase is among the most important properties of neural network.

Solar Radiation Prediction Using NARX Model
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The learning phase consists to estimate the parameter of the network in such a way that it can
best fulfill the task assigned to it. This phase cannot be effective only after having accumulated a set of inputs/outputs. When creating a neural network, the inputs and outputs are fixed
relative to the application to be accomplished, it is the network weights that are modified and
adjusted during the learning phase. The weight adjustment cannot be done in a random way
but according to a “learning algorithm.” The generalization phase, known also the test phase,
is one of the characteristics that determines the neural network performance. It consists to treat
the output network with respect to the nonlearned inputs. The network generalization capacity
degrades in the case of under/on learning.

6. Solar radiation prediction
In the present work, solar radiation will be predicted firstly with static neural network
and then with NARX model. This study begins firstly with the observation of the solar
radiation data base. In fact, the data base used in this work is composed of a set of solar
radiation and temperature measurements correspond to an industrial company located
on north of Barcelona [9]. These measurements are taken every day and every 5 minutes throughout 2010. In Figure 4, the daily evolution of solar radiation during 2010 is
presented.
As shown in the above figure, the presented database is so large. So in order to reduce this
annual solar radiation descriptive curve, just the solar radiation weekly averages will be taken
into consideration in the solar radiation prediction. The curve presented in Figure 4 is thus
reduced as presented in Figure 5.

Figure 4. Solar radiation daily evolution during 2010.
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Figure 5. Weekly evolution of solar radiation during 2010.

7. Solar radiation prediction using static neural network
In this paragraph, solar radiation will be predicted using the static neural network. Inputs
chosen for this neural network are the temperature and the output will be the radiation as
presented in Figure 6.
To determine the optimal neural structure for this network, the learning and test performances are treated for different neurons in the hidden layer. The transfer functions chosen
for the hidden layer and for the output layer are respectively “tansig” and “purelin.” As presented in Table 1, the optimal neurons number obtained for this static neural network is equal
to 2. The simulation results of learning, test, and validation obtained with this structure are
presented in Figure 7.

Temperature

Static Neural
Network

Figure 6. Inputs and the output for the static neural network.

Solar Radiation
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Number of neurons

MSE

1

0.0288

2

0.0016

3

0.0140

4

0.0041

5

0.0071

6

0.0298

7

0.0043

8

0.0058

9

0.0106

10

0.0097

Table 1. MSE versus neurons in the hidden layer for static neural network.

The optimal neural structure for the static neural network is thus composed of temperature
(T) as input, radiation (R) as output, and one hidden layer which contains two neurons as
shown in Figure 8.
The results of solar radiations prediction with static neural network are presented in Figure 9. All
inputs are normalized, so the maximum solar radiation value is equal to 1. The blue curve corresponds to the real solar radiation, and the red one corresponds to the predicted one. As shown
in the figure, the predicted solar radiation follows the evolution of the real one, but there is not an

Figure 7. Learning, test, and validation of static neural network.
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T

R

Figure 8. Optimal neural architecture for the static neural network.

approximation between the two curves. This is remarked especially when the solar radiation fluctuations are so important. To better treat these results, prediction error is presented in Figure 10,
and the different error mean square error (MSE), mean absolute error (MAE), and root mean square
error (RMSE) are computed and presented in Table 2.
Figure 11 shows that the prediction error is variable. It reaches a maximum value of 0.5 and
a minimum value of 0.02. This is shows the performances of static neural network to predict
the solar radiation for certain period of time and its weakness to predict it in other periods.
The MSE value is equal to 0.0516; it is lower than MAE and RMSE. It is not considered
too small, thus shows the inefficiency of the static neural network to best predict the solar
radiation.

Figure 9. Solar radiation prediction using the static neural network.
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Figure 10. Solar radiation prediction error with the static neural network.

Error

Performances

MSE

0.0516

MAE

0.2076

RMSE

0.2272

Table 2. MSE, MAE, and RMSE for solar radiation prediction with static neural network.

8. Solar radiation prediction using NARX model
In this part, solar radiation will be predicted using the NARX model. As presented in the previous paragraph, to predict a future value, NARX model is based on the historical data related
to this value and involves some exogenous data. As temperature influences the solar radiation
variation, it is chosen as an exogenous data. So the NARX model inputs will be the historical
solar radiation data and temperature data as presented in Figure 11.
The hidden layers number and their neurons must be chosen in such a way that they offer
the best network performances in learning and in generalization. So in this paragraph, the
network performances will be treated for different neural network architecture. Inputs for
NARX model correspond to the historical solar radiations (R(t−1) and R(t−2)) and the ambient temperatures (T(t−1) and T(t−2)). The output will be the predicted solar radiation at time
t (R(t)) as presented in Figure 12. The transfer functions used for the hidden layer and for the
output layer are respectively “tansig” and “purelin.”
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Radiation (G)
Radiation (G)

NARX
Temperature (T)

Figure 11. Inputs and output for the NARX model.

First, the network performances will be studied with just one neuron in the hidden layer; then,
number of neurons will be incremented and the network performances will be restudied. Network
performances are treated by the compute of the mean square error of learning and test (MSE). The
optimal neural structure corresponds to the one which presented the minimal MSE. Simulations
results for this study are presented in Table 3 and in Figure 13. The optimal neural architecture
obtained is the one which its hidden layer contains five neurons as presented in Figure 14.
Based on this neural network, solar radiation is predicted by NARX model. Simulation results
are presented in Figure 15. The blue curve corresponds to the real solar radiation, and the red
curve corresponds to the predicted one. As obtained with the static neural network, the predicted solar radiation follows the evolution of the real one. Furthermore, an approximation
between the real and predicted curves is remarked, the two curves are overlapped for certain
period of time especially when the solar radiation fluctuations are low. So an improvement
in the quality of solar radiation prediction with NARX model is remarked compared to that
obtained with the static neural network.
To the best evaluation of the NARX model performances, the solar radiation prediction error is
presented in Figure 16. The different error MSE, MAE, and RMSE are computed and presented
in Table 4. As presented in Figure 16, the maximum error reaches the value of 0.42, and the

T(t-1)
T(t-2)
NARX
R(t-2)
R(t-1)

Figure 12. Neural architecture for the NARX model.
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minimum one is equal to 0. MSE is always the lowest one. It indicates a value of 0.0348. It is
low compared to this one obtained with static neural network. Therefore, the performance of
NARX model is proven in this work to predict the solar radiation.

Number of neurons

MSE

1

0.0047

2

0.0217

3

0.0122

4

0.0072

5

0.00089

6

0.0016

7

0.0076

8

0.0258

9

0.0784

10

0.0460

Table 3. MSE versus neurons in hidden layer for NARX model.

Figure 13. Learning, test and validation of NARX model.
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T(t-1)
T(t-2)
R(t)
R(t-2)
R(t-1)

Figure 14. Optimal neural architecture for the NARX model.

Figure 15. Solar radiation predicted by NARX.

Figure 16. Solar radiation prediction error with NARX model.

Solar Radiation Prediction Using NARX Model
http://dx.doi.org/10.5772/intechopen.70570

Error

Performances

MSE

0.0348

MAE

0.1360

RMSE

0.1864

Table 4. MSE, MAE, and RMSE for solar radiation prediction with NARX model.

9. Conclusion
In this chapter, the solar radiation is predicted using two different neural networks, the static
one and the NARX model. Simulations results are presented and are proven the effectiveness
of NARX model to predict the solar radiation compared to the static neural network. The
efficiency of NARX model is proven especially for the low solar radiation fluctuations. The
NARX model is characterized by the presence of a direct feedback of the output which has
given it an additional predictive power.
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Abstract
Numerical weather prediction (NWP) uses atmospheric general circulation models (AGCMs)
to predict weather based on current weather conditions. The process of entering observation data into mathematical model to generate the accurate initial conditions is called
data assimilation (DA). It combines observations, forecasting, and filtering step. This
paper presents an approach for employing artificial neural networks (NNs) to emulate
the local ensemble transform Kalman filter (LETKF) as a method of data assimilation.
This assimilation experiment tests the Simplified Parameterizations PrimitivE-Equation
Dynamics (SPEEDY) model, an atmospheric general circulation model (AGCM), using
synthetic observational data simulating localizations of meteorological balloons. For the
data assimilation scheme, the supervised NN, the multilayer perceptrons (MLPs) networks are applied. After the training process, the method, forehead-calling MLP-DA, is
seen as a function of data assimilation. The NNs were trained with data from first 3
months of 1982, 1983, and 1984. The experiment is performed for January 1985, one data
assimilation cycle using MLP-DA with synthetic observations. The numerical results
demonstrate the effectiveness of the NN technique for atmospheric data assimilation.
The results of the NN analyses are very close to the results from the LETKF analyses, the
differences of the monthly average of absolute temperature analyses are of order 10–2.
The simulations show that the major advantage of using the MLP-DA is better computational performance, since the analyses have similar quality. The CPU-time cycle assimilation with MLP-DA analyses is 90 times faster than LETKF cycle assimilation with the
mean analyses used to run the forecast experiment.

Keywords: artificial neural networks, data assimilation, numerical weather prediction,
computer performance, ensemble Kalman filter

1. Introduction
For operating systems in weather forecasting, one of the challenges is to obtain the most
appropriate initial conditions to ensure the best prediction from a physical mathematical

© 2018 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
© The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
distribution, and reproduction in any medium, provided the original work is properly cited.
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,
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model that represents the evolution of the atmospheric dynamics. Performing a smooth
melding of data from observations and model predictions, the assimilation process carries out
a set of procedures to determine the best initial condition. Atmospheric observed data are used
to create meteorological fields over some spatial and/or temporal domain.
The analysis, i.e., initial condition, for NWP is combination of measurements and model predictions to obtain a representation of the state of the modeled system as accurate as possible. The
analysis is useful in itself as a description of the physical system, but it can be used as an initial
state for the further time evolution of the system [22]. The research of data assimilation methods
has been studied for atmospheric and oceanic prediction, besides other dynamics researches like
ionosphere and hydrological. The different algorithms of data assimilation were applied varying
in complexity, optimality, and formulation. The approach of Bayesian scheme [31] uses ensembles
of integrations of prediction models, where added perturbations to initial conditions and model
formulation; the mean of ensemble forecasts can be interpreted as a probabilistic prediction. The
ensemble Kalman filter (EnKF) [11, 23] uses a probability density function associated with the
initial condition, characterizing the Bayesian approaches [9], and represents the model errors by
an ensemble of estimates in state space. The Kalman filter (KF) [27] is one good technique to
estimate an initial condition to a linear dynamic system. A useful overview of most common data
assimilation methods used in meteorology and oceanography and detailed mathematical formulations can be found in texts such as Daley [9] and Kalnay [29].
The modern DA techniques represent a computational challenge, even with the use of parallel
computing with thousands of processors. Nowadays, the operational NWP is using a higher
resolution model, and the amount of observations has an exponential growth because of
launch of new satellite. There is a computational challenge to get the analysis (initial condition)
to run models, and so we need to make a prediction on time. The computational challenge to
the data assimilation techniques lies in millions of equations involved in NWP models.
The DA algorithms are constantly updated to improve their performance. The example is the
version of the EnKF [11] restricted to small areas (local); the local ensemble Kalman filter
(LEKF) [38] is a version of the EnKF. We propose the application of artificial neural networks
(NNs) like a DA technique to get a quality analysis and to solve the computational challenge.
First, the application of NN was suggested as a possible technique for data assimilation by
[24, 30, 43]. The researches with NN (for data assimilation method) were initiated at INPE
(National institute for Space Researcher) with Nowosad [37], see also [44, 5]; they used an NN
over all spatial domains. Later, this method was improved by [16, 17], where they introduced a
modification on the NN application, in which the analysis was obtained at each grid point,
instead of at all points of the domain. They also evaluated the performance of two feedforward NN (multilayer perceptron and radial basis function) and two recurrent NN (Elman
and Jordan, see description in [19, 20]) [17]. Ref. [13] applied NN to emulate the particle filter
and the variational data assimilation (4D var) for the Lorenz chaotic system. In 2012, Furtado
[40] used an ocean model to emulate a variational method called representer. The NN technique was successful for all experiments, but they use theoretical or low-dimensional models.
In 2010, Refs. [6, 7] applied this approach of supervised NN to an atmospheric general
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circulation model (AGCM) to emulate a LETKF method. This is the experiment described in
this paper, this experiment is the first one to use the 3D global atmospheric model; but the NN
methodology research continues, see [41, 42], where this method is applied to FSU (Florida
State Model) AGCM to emulate the LETKF data assimilation method too.
In every experiment, NNs were applied to mimic other data assimilation methods to obtain the
analyses to initiate the forecast models. They do not use an error model estimation or error
observation estimation. The main advantage to using NN is the speed-up of the data assimilation process.
This paper presents the approach based on a set of NN multilayer perceptron (MLP) [Section 3]
employed to emulate the LETKF. The LETKF technique was used as the reference analysis, see
[29, 32], Section 2.3. More information about LETKF can be obtained from [2, 26, 35]. The initial
conditions generated by NNs are applied to a nonlinear dynamical system; the AGCM is the
Simplified Parameterizations PrimitivE-Equation Dynamics (SPEEDY). The DA method is
tested with synthetic conventional data, simulating measurements from surface stations (data
at each 6 hours on a day) and upper-air soundings (data at each 12 hours on a day). The
application of NN produces a significant reduction for the computational effort compared to
LETKF. The goal of using NN approach is to obtain a similar quality for analyses with better
computational performance for prediction process.
Summarizing, the NN technique uses the function:


xa ¼ FNN yo ; xf

(1)

where FNN is the data assimilation process, yo represents the observations, xf is a model forecast
(simulated), and xa is the analysis field.
The observations used in operational data assimilation are conventional and satellite data. The
observations include surface and upper-air observations; here, we simulate observations of one
type of measurement, meteorological balloons. The grid of synthetic observations seeks to reproduce the stations of World Meteorological Organization (WMO) of radiosonde observations.
The experiment was conducted using the SPEEDY model [3, 21], which is a 3D global atmospheric model, with simplified physics parameterization by [36]. The spatial resolution considered is T30 L7 for the spectral method explained in Section 2.2. This paper shows that the
analysis computed by the NN has the similar quality as the analysis produced by LETKF with
minor computational effort.

2. Methodology
2.1. Artificial neural network (NN)
An NN is composed of simple processing units that compute certain mathematical functions
(usually nonlinear). An NN consists of interconnected artificial neurons or nodes, which are
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inspired by biological neurons and their behavior. The neurons are connected to others to form
a network, which is used to model relationships between artificial neurons. NN has the ability
to learn and store experimental knowledge. It is a computational system with nodes that can
be parallel processing.
Each artificial neuron is constituted by one or more inputs and one output. The neuron processing
is nonlinear and adaptable. Each neuron has a function to define the output, associated with a
learning rule. The neuron connection stores a nonlinear weighted sum called a weight. The inputs
are multiplied by weights, and the results go through the activation function. This function
activates or inhibits the next neuron.
Mathematically, we can describe the ith input with the following form:
input summation: ui ¼

X
i¼1

ρW i�j�j

neuron output: yi ¼ φðui Þ

(2a)
(2b)

where x1, x1, . ⋯, xp are the inputs; wi1, ⋯, wip are the synaptic weights; ui is the output of linear
combination; ϕ(�) is the activation function, yi is the ith neuron output, and p is number of
neurons (Figure 1(a)).
A feed-forward network, which processes in one direction from input to output, has a layered
structure. The input layer is the first layer of an NN, where the patterns are presented, the hidden
layers are the intermediary layers, and the last layer is called the output layer, where the results
are presented. The number of layers and the quantity of neurons in each are determined by the
nature of the problem. In most applications, a feed-forward NN with a single layer of hidden
units is used with a sigmoid activation function, such as the hyperbolic tangent function (Eq. 3)
ϕðvÞ ¼

1 � exp ð�avÞ
1 þ exp ð�avÞ

(3)

The NN has two distinct phases: the training phase (learning process) and the run phase
(activation or generalization). An iterative process for adjusting the weights is made for the
training phase, where the NN establishes the mapping of input and target vector pairs for the
best performance. This phase uses the learning algorithm, i.e., a set of procedures for adjusting
the weights. “Epoch” is the name of a training set pass through the iterative network process,
testing of the verification set each epoch; the iterative process continues or stops after defined
criteria that can be the minimum error of mapping or a determined number of epochs. Once
the processing is stopped, the weights are fixed, and the NN is ready to receive new inputs
(different from training inputs) for which it calculates the corresponding outputs. The latter
phase is called the generalization: each connection (after training) has an associated weight
value that stores the knowledge represented in the experimental problem and considers the
input received by each neuron of that NN.
Neural network designs or NN architectures are dependent on the learning strategy adopted,
see Haykin [19]. The multilayer perceptron (MLP) (Figure 1(b)) is the NN architecture used in
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Figure 1. (a) Artificial neural network components and (b) multilayer perceptron.

this study, in which the interconnections between the inputs and the output layer have one
intermediate layer of neurons, a hidden layer [14, 20]. NNs can solve nonlinear problems if
nonlinear activation functions are used for the hidden and/or the output layers. In this work,
during the training phase, the nonlinear activation functions employ the delta rule. Developed
by [45], the delta rule is a version of the least mean square (LMS) method. The delta rule
algorithm is summarized as follows:
1.

2.

Compute the error function E(wij), defining the distance between the target and the NN
i2
� � h
calculated output: E wij � xaref � xaNN
Compute the gradient of the error function ∂E(wij)/∂wij = δjyi, defining which direction
�
�
should move in weight space to reduce the error, with δj � xaref � xaNN ϕ0 ðvÞ.

3.

Select the learning rate η which specifies the step size taken in the weight space of
updating equation;

4.

þ Δwij , where Δwij = � ηE(wij)/∂wij. One epoch or training
Update the weight, k: wkij ¼ wk�1
ij
step is a set of update weights for all training patterns, η is the learning rating.

5.

Repeat Step 4 until the NN error function reaches the required precision. This precision is
a defined parameter to stop the iterative process.

The supervised learning process, the functional to be minimized is treading as a function of the
weights wij (Eq. 2) instead of the NN inputs. For a given input vector x, xaNN is compared to the
target answer xaref . If the difference is smaller than a required precision, no learning takes place;
on the other hand, the weights are adjusted to reduce this difference. The goal is to minimize
the error between the actual output yi (or xaNN ) and the target output (di) (or xaref ) of the training
data. The set of procedures to adjust the weights is the learning algorithm back propagation,
which is generally used for the MLP training. It performs the delta rule, considering a set of
(input and target) pairs of vectors {(x0, d0), (x1, d2), ⋯, (xN, dN)}T, where N is the number of
patterns (input elements) and one output vector y = [y0, y1, y2, ⋯, yN]T. The MLP performs a
complex mapping y = ϕ(w, x) parameterized by the synaptic weights w, and the functions ϕ(�)
that provide the activation for the neuron. That is, for each (input/output) training pair,
the delta rule determines the direction you need to be adjusted to reduce the error. In the
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back-propagation supervised algorithm, the adjustments to the weights are conducted by back
propagating of the error and the target output is considered the supervisor. Ref. [14] included
brief introductions of MLP and the back-propagation algorithm.
The NN applications, generally, are on function approximation of modeling of nonlinear
transfer functions and pattern classifications. Refs. [18, 25] reviewed applications of NN in
environmental science including atmospheric sciences. They reviewed some NN concepts and
some NN applications; these reviews were also for other estimation methods and its applications. Other reviews for NN applications in the atmospheric sciences, looking at prediction of
air-quality, surface ozone concentration, dioxide concentrations, severe weather, etc., and
pattern classifications applications in remote sensing data to obtain distinction between clouds
and ice or snow were presented by [14]. Refs. [18, 25] also presented applications on classification of atmospheric circulation patterns, land cover and convergence lines from radar imagery,
and classification of remote sensing data using NN. Data assimilation was not mentioned in
such reviews.
2.2. SPEEDY model
The SPEEDY computer code is an AGCM developed to study global-scale dynamics and to test
new approaches for numerical weather prediction (NWP). The dynamic variables for the
primitive meteorological equations are integrated by the spectral method in the horizontal
grid at each vertical level, more details in [3, 21]. The model has a simplified set of physical
parameterization schemes that are similar to realistic weather forecasting numerical models.
The goal of this model is to obtain computational efficiency while maintaining characteristics
similar to the state-of-the-art AGCM with complex physics parameterization [32].
According to Ref. [36], the SPEEDY model simulates the general structure of global atmospheric circulation (Figure 2), and some aspects of the systematic errors are similar to many
errors in the operational AGCMs. The package is based on the physical parameterizations
adopted in more complex schemes of the AGCM, such as convection (simplified diagram of
mass flow), large-scale condensation, clouds, short-wave radiation (two spectral bands), longwave radiation (four spectral bands), surface fluxes of momentum, energy (aerodynamic
formula), and vertical diffusion. Details of the simplified physical parameterization scheme
can be found in Ref. [36].

Figure 2. Schematic for global atmospheric model. Source: Center for Multiscale Modeling of Atmospheric Processes.
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The boundary conditions of the SPEEDY model include topographic height and land-sea
mask, which are constant. Sea surface temperature (SST), sea ice fraction, surface temperature in the top soil layer, moisture in the top soil layer, the root-zone layer, snow depth, all of
which are specified by monthly means. Annual-mean fields specify bare-surface albedos,
and fraction of land-surface covered by vegetation. The lower boundary conditions such as
SST are obtained from the ECMWF’s reanalysis in the period 1981–1990. The incoming solar
radiation flux and the boundary conditions are updated daily. The SPEEDY model is a
hydrostatic model in sigma coordinates. Ref. [3] also describes the vorticity-divergence
transformation scheme.
The SPEEDY model is global with spectral resolution T30L7 (horizontal truncation of 30
numbers of waves and 7 levels). The vertical coordinates are defined on sigma (σ = p/p0, where
p0 is the surface pressure) surfaces, corresponding to 7 vertical pressures levels (100, 200, 300,
500, 700, 850, and 925 hPa). The horizontal coordinates are latitude and longitude on regular
grid, corresponding to a regular grid with 96 zonal points (longitude) and 48 meridian points
(latitude). The schematic for global model and its physical packages can be seen at Figure 2.
The prognostic variables for the model input and output are the absolute temperature (T),
surface pressure (ps), zonal wind component (u), meridional wind component (v), and an
additional variable and specific humidity (q).
2.3. Brief description on local ensemble transform Kalman filter
The analysis is the best estimate of the state of the system based on the optimizing criteria. The
probabilistic state-space formulation and the requirement for updating information when new
observations are encountered are ideally suited to the Bayesian approach. The Bayesian
approach is a set of efficient and flexible Monte Carlo methods for solving the optimal filtering
problem. Here, one attempts to construct the posterior probability density function (pdf) of the
state using all available information, including the set of received observations. Since this pdf
embodies all available statistical information, it may be considered as a complete solution to
the estimation problem.
In the field of data assimilation, there are only few contributions in sequential estimation
(EnKF or PF filters). The EnKF was first proposed by [11] and was developed by [4, 12]. It is
related to particle filters [1, 10] in the context that a particle is identified as an ensemble member.
EnKF is a sequential method, which means that the model is integrated forward in time and
whenever observations are available; these EnKF results are used to reinitialize the model
before the integration continues. The EnKF originated as a version of the Extended Kalman
Filter (EKF) [28]. The classical KF method, see [27], is optimal in the sense of minimizing the
variance only for linear systems and Gaussian statistics. Analysis perturbations are added to
run the ensemble forecasts, the mean of ensemble forecasts is the estimation error for analysis.
Ref. [35] added Gaussian white noise to run the same forecast for each member of the ensemble
in LETKF. The EnKF is a Monte Carlo integration that governs the evolution of the pdf, which
describes the a priori state, the forecast and error statistics. In the analysis step, each ensemble
member is updated according to the KF scheme and replaces the covariance matrix by the
sampled covariance computed from the ensemble forecasts. Ref. [23] applied the EnKF to an
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atmospheric system. They applied a state model ensemble to represent the statistical model
error. The scheme of analysis acts directly on the ensemble of state models, when observations are assimilated. The ensemble of analysis is obtained by assimilation for each member
of the reference model. Several methods have been developed to represent the modeling
error covariance matrix for the analysis applying the EnKF approach; the local ensemble
transform Kalman filter (LETKF) is one of them. Ref. [26] proposed the LETKF scheme as an
efficient upgrade of the local ensemble Kalman filter (LEKF). The LEKF algorithm creates a
close relationship between local dimensionality, error growth, and skill of the ensemble to
capture the space of forecast uncertainties formulated with the EnKF scheme (e.g., [45]). In
addition, Ref. [29] describes the theoretical foundation of the operational practice of using
small ensembles, for predicting the evolution of uncertainties in high-dimension operational
NWP models.
The LETKF scheme is a model-independent algorithm to estimate the state of a large spatial
temporal chaotic system [38]. The term “local” refers to an important feature of the scheme: it
solves the Kalman filter equations locally in model grid space. A kind of ensemble square root
filtering [32, 45], in which the analysis ensemble members are constructed by a linear combination of the forecast ensemble members. The ensemble transform matrix, composed of the
weights of the linear combination, is computed for each local subset of the state vector independently, which allows essentially parallel computations. The local subset depends on the
error covariance localization [33]. Typically, a local subset of the state vector contains all variables at a grid point. The LETKF scheme first separates a global grid vector into local patch
vectors with observations. The basic idea of LETKF is to perform analysis at each grid point
simultaneously using the state variables and all observations in the region centered at given
grid point. The local strategy separates groups of neighboring observations around a central
point for a given region of the grid model. Each grid point has a local patch; the number of
local vectors is the same as the number of global grid points [35].
The algorithm of EnKF follows the sequential assimilation steps of classical Kalman filter, but
it calculates the error covariance matrices as described below:
Each member of the ensemble gets its forecast

n
oðiÞ
f
xn�1 : i = 1,2,3,���,k, where k is the total

members at time tn, to estimate the state vector xf of the reference model. The ensemble is
� �
used to calculate the mean of forecasting xf :
xf � k�1

k � �
X
ð iÞ
xf :

(4)

i¼1

Therefore, the model error covariance matrix:
Pf ¼ ðk � 1Þ�1

k �� �
��� �ðiÞ
�T
X
ð iÞ
xf
xf
� xf
� xf :
i¼1

The analysis step determines a state estimate to each ensemble member:

(5)
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h
�� �ðiÞ �i
� �ðiÞ
þ W K xobs � H xf
fxa gðiÞ ¼ xf
�
��1
W K ¼ Pf HT HPf H T þ R :

(6)
(7)

The analysis {xa}(i) i = 1,2,3,���,k, (Eq. 6) by solving (Eq. 7) for Wk to get the optimal weight (e.g.,
Kalman gain). The matrix H represents the observation operator. The covariance matrix R
identifies the observation error. The analysis step also updates the covariance error matrix Pa
(Eq. 8)
Pa ¼ ðk � 1Þ�1

k �
X
i¼1

fxa gðiÞ � xa

��
�T
fxa gðiÞ � xa

(8)

with the appropriate ensemble analyses mean:
xa � k�1

k
X
i¼1

fxa gðiÞ :

(9)

The LETKF scheme has been applied to a low-dimensional AGCM SPEEDY model [32], a realistic
model according to [42]. The LETKF scheme was also employed in the following: the AGCM
for the Earth Simulator by [35] and the Japan Meteorological Agency operational global and
mesoscale models by [34]; the Regional Ocean Modeling System by [41]; the global ocean
model known as the Geophysical Fluid Dynamics Laboratory (GFDL) by [39]; and GFDL Mars
AGCM by [15].

3. MLP-DA in assimilation for SPEEDY model
The NN configuration for this experiment is a set of multilayer perceptron, hereafter, referred
to as MLP-DA. On the present paper, the NN configuration (number of layers, nodes per layer,
activation function, and learning rate parameter) was defined by empirical tests, and we found
the following characteristics:
1.

two input nodes, one node for the meteorological observation vector and the other for the
6-hour forecast model vector;

2.

one output node for the analysis vector results;

3.

one hidden layer with 11 neurons;

4.

the hyperbolic tangent (Eq. 3) as the activation function (to guarantee the nonlinearity for
results);

5.

learning rate η is defined do each MLP; and

6.

training stops when the error reaches 10–5 or after 5000 epochs, which criterion first
occurs.
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The vectors values represent individual grid points for a single variable with a correspondent
observation value on model point localization. The grid points is considered where observation value exists, see Figure 3. In the training algorithm, the MLP-DA computes the output and
compared it with the “input” analysis vector of LETKF results (the target data), but it is not a
node for the MLP generalization. The output vectors represent the analysis values for one grid
point too. Care must be taken in specifying the number of neurons. Too many neurons can lead
the NN to memorize the training data (over fitting), instead of extracting the general features
that allow the generalization. Too few neurons may force the NN to spend too much time
trying to find an optimal representation and thus wasting valuable computation time.
One strategy used to collect data and to accelerate the processing of the MLP-DA training was
to divide the entire globe into six regions: for the Northern Hemisphere, 90 N and three
longitudinal regions of 120 each; for the Southern Hemisphere, 90 S and three longitudinal
regions of 120 each. This division provides the same size for each region, but the number of
observations is distinct, as illustrated by Figure 3. This regional division is applied only for the
MLP-DA; the LETKF procedures are not modified.
The MLP-DA scheme was developed with a set of 30 NN (six regions with five prognostic
variables (ps, u, v, T, and q)). Each grid point has all vertical layers values for the model. One
MLP with characteristics described above was designed for each meteorological variable of
the SPEEDY model and each region. Each MLP has two inputs (model and observation
vectors), one output neuron which is the analysis vector, and the training scheme is the
back-propagation algorithm.
The MLP-DA is designed to emulate the global LETKF analysis for SPEEDY initial condition.
The LETKF analysis is the mean field of an ensemble of analyses. Fortran codes for SPEEDY
and LETKF [32] were adapted to create the training data set for that period. The upper levels
and the surface covariance error matrices to run the LETKF system, as well as the SPEEDY
model boundary conditions data and physical parameterizations, are the same as those used
for Miyoshi’s experiments.
The initial process is the implementation of the model, it assumes that it is perfect (initialization = 0); and the SPEEDY model T30 L7 was integrated for 1 year of spin-up, i.e., the period
required for a model to reach steady state and obtain the simulated atmosphere. The model

Figure 3. Observations localizations in global area. The dot points represent radiosonde stations (about 415) divided in
six regions.
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ran (without interruption) four times per day, from 01 January 1981 until 31 December 1981
and the last result is the initial condition for SPEEDY to 01 January 1982 0000 UTC. The model
fields, so-called “true” (or control) model, are generated without data assimilation (each 6
hours forecast, is the initial condition for the next execution). The “true” model forecasts
collected for executions without DA, considered four times per day (0000, 0600, 1200, 1800
UTC), the model run from 01 January 1982 through 31 December 1984 and collected analysis
for each run.
The synthetic observations are generated, reading the “true” SPEEDY model fields, adding a
random noise of meteorological variables: surface pressure (ps), zonal wind component (u),
vertical wind component (v), absolute temperature (T), and specific humidity (q). The observation localization is on grid model point. An observation mask is designed, adding a positive flag
to grid point, where the observation should be considered; the locations simulate the WMO data
stations observations from radiosonde (Figure 3). Except for ps observations, the other observations are upper level with seven levels. Both assimilation schemes, LETKF and MLP-DA, use the
same number of observations at the same grid point, i.e., the observation localization mask.
3.1. Training process
The training process for the experiment is conducted with data obtained from the SPEEDY
model and the LETKF analyses. The LETKF analyses are executed with synthetic observations:
upper levels wind, temperature and humidity, and surface pressure to 0000 and 1200 UTC and
0600 and 1800 UTC with surface observations only. The LETKF runs generate the analyses
target vectors, the input observations vectors, and analyses field to run the SPEEDY model,
which generates the input forecasts vectors for training the MLP-DA. The training is made
with back-propagation algorithm.
Executions of the model with the LETKF data assimilation are made for the same period mentioned for the true model: from 01 January 1982 through 31 December 1984. The ensemble forecasts/analyses of LETKF have 30 members. The ensemble average of the forecasts and analyses
fields, to this training process, is obtained by running SPEEDY model with the LETKF scheme.
These data are collected, initially, by dividing the globe into two regions (northern and southern
hemispheres), but the computational cost was high because the training process took 1 day for
the performance to converge. Next, the two regions were divided each into three regions, for a
total of six regions. Then, we use this division strategy to collect the 30 input vectors (observations,
mean forecasts, and mean analyses) at chosen grid points by the observation mask during
LETKF process. The NN training process begin after collecting the input vectors for whole
period (3 years), the training took about 15 min, for a set of 30 NN.
The MLP-DA data assimilation scheme has no error covariance matrices to spread the observation influence. Therefore, it is necessary to capture the influence of observations from the
neighboring region around a grid point considered as a “new” observation. This calculation is
based on the distance from the grid point related to observations inside a determined neighborhood (initially: γ = 0)
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r2ijk ¼ xp � yoi þ ðyp � yoj Þ2 þ zp � yok , where (xp, yp, zp) is coordinate of the grid point, and
the ðyoi , yoj , yok Þ is the coordinate of the observation, and γ is a counter of grid points with
observations around that grid point ðyoi , yoj , yok Þ. If γ = 6, there is no influence to be considered.

Each observation’s influence computed on a certain grid point is a new location, hereafter
referred to as pseudo-observation, which adds values to the three input vectors to NN training
process and also adds positive flags in the observation mask.
Then, the grid points to be considered in MLP-DA analysis are greater than grid points
considered to LETKF analysis, although these calculations are made without interference
on LETKF system. The back-propagation algorithm stops the training process using the
criteria cited at item 6 above (Section 3), after obtaining the best set of weights; it is a function
of smallest error between the MPL-NN analysis and the target analysis (e.g., when the root mean
square error between the calculated output and the input target vector is less than 10�5). The
learning process is the same for each MLP of the set of 30 NN and takes about 15 min to get
the fixed weights before the MLP-DA data assimilation cycle or generalization process of
MLP-DA.
3.2. Generalization process
The training is performed with combined data from January, February, and March of 1982,
1983, and 1984, and in generalization process, MLP-DA is able to perform analyses similar to
the LETKF analyses.
The generalization process is indeed the data assimilation process. The MLP-DA results a
global analysis field. The MLP-DA activation is entering by input values (only 6 hours forecast
and observations) at each grid point once, with no data used in the training process. The input
vectors are done at grid model point, where it is marked (by positive flag mask) with observation or pseudo-observation (Eq. 10). The procedure is the same for all NN but one NN for each
region, and each prognostic variable has own connection weights. All NNs have one hidden
layer, with the same number of neurons for all regions. The regional grid points are put in the
global domain to make the analysis field after generalization process of the MLP-DA, e.g., the
activation of 30 NN results a global analysis. The regional division is only for inputting each
NN activation.

Data Assimilation by Artificial Neural Networks for an Atmospheric General Circulation Model
http://dx.doi.org/10.5772/intechopen.70791

The MLP-DA data assimilation is performed for 1-month cycle. It starts at 0000 UTC 01
January 1985, generating the initial condition to SPEEDY model. Running the SPEEDY model
starting at 31 December 1984 1800 UTC carried out the previous model prediction. There were
observations available at 0000 UTC 01 January 1985. Therefore, an analysis was computed for
the SPEEDY model at 0000 UTC 01 January 1985. The SPEEDY model is re-executed with the
former analysis, producing a new 6 hours forecast. The process is repeated at each 6 hours.
In this experiment, the MLP-DA begins the activation at 01 January 1985 0000 UTC and
generates analyses and 6 hours forecasts up through 31 January 1985 1800 UTC.

4. Results
The input and output values of prognostic variables (ps, u, v, T, and q) are processed on grid
model points for time integrations to an intermittent forecasting and analysis cycle. Taking into
account the pseudo-observation (Eq. 10), two grid layers (M = 2) around a given observation
are considered.
The results show the comparison of analysis fields, generated by the MLP-DA, the LETKF, and
the true model fields. The global surface pressure fields (at 11 January 1985 1800 UTC) and
differences between the analyses are shown in Figure 4. The analysis fields and the differences
between both assimilation, for 11 January 1985 at 1800 UTC at 950 and 500 hPa are also shown,
for at 18 UTC at levels 950 hPa (near surface) and 500 hPa are also shown, for T, u, v, and q
meteorological global fields, in Figures 5–10. These results show that the application of
MLP-DA, as an assimilation system, generates analyses similar to those calculated by the
LETKF system. Sub-figure (d) from Figures 5–10 shows very small differences between the
MLP-DA and LETKF analyses. The difference field of absolute temperature (K) at 500 hPa is
about 3 degrees; and the difference field of humidity at 950 hPa is about 0.002 kg/kg.

Figure 4. Surface pressure (PS) [Pa]—Jan/11/1985 at 18 UTC (a) LETKF analysis, (b) ANN analysis, (c) true model, and
(d) differences analysis.
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Figure 5. Absolute temperature (T) [K] Fi-950 hPa, Jan/11/1985 at 18 UTC. (a) LETKF analysis, (b) ANN analysis, (c) true
model, and (d) differences analysis.

Figure 6. Absolute temperature (T) [K] at 500 hPa—Jan/11/1985 at 18 UTC (a) LETKF analysis, (b) ANN analysis, (c) true
model, and (d) differences analysis.

Figure 7. Zonal wind component (u) [m/s] at 500 hPa—Jan/11/1985 at 18 UTC. (a) LETKF analysis, (b) ANN analysis,
(c) true model, and (d) differences analysis.
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Figure 8. Meridional wind component (v) [m/s] fields at 500 hPa—Jan/11/1985 at 18 UTC (a) LETKF analysis, (b) ANN
analysis, (c) true model, and (d) differences analysis.

Monthly average of absolute temperature analyses fields was obtained. The field of differences
between the analyses (LETKF and MLP-DA) for data assimilation cycles is shown in Figure 11.
The differences are slightly larger in some regions, such as the northeast regions of North
America and South America.
The root mean square error (RMSE) of the absolute temperature analyses related to true model
is calculated by fixing a point at longitude (87 W) for all latitude points. Figure 12 shows the
temperature RMSEs for the entire period of the assimilation cycle (January 1985). Subfigure (a)
for Figure 12 shows the RMSE of the LETKF analysis by line and the RMSE of the MLP-DA
analysis by circles; and subfigure (b) for Figure 12 shows the differences between LETKF and
MLP-DA analyses RMSE. The differences are less than 103.

Figure 9. Specific humidity (q) at 950 hPa—Jan/11/1985 at 18 UTC (a) LETKF analysis, (b) ANN analysis, (c) true model,
and (d) differences analysis.
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Figure 10. Specific humidity (q) at 950 hPa—Jan/11/1985 at 18 UTC (a) LETKF analysis, (b) ANN analysis, (c) true model,
and (d) differences analysis.

Figure 11. Differences field of the average of absolute temperature MLP-DA analysis and LETKF analysis for the
assimilation cycle.

Figure 12. Meridional root mean square error for entire period of the assimilation cycles. RMSE analyses to the “true”
state to (a) the errors of the LETKF analysis (line) and the errors of MLP-DA analysis (circles) to the absolute temperature
at 500 hPa. (b) Differences of RMSE analyses.

4.1. Computer performance
Several aspects of modeling stress computational systems and push the capability requirements. These aspects include increased grid resolution, the inclusion of improved physics
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processes and concurrent execution of earth-system components, and coupled models (ocean
circulation and environmental prediction, for example).
Often, real-time necessities define capability requirements. In data assimilation, the computational requirements become much more challenging. Observations from Earth-orbiting satellites
in operational numerical prediction models are used to improve weather forecasts. However,
using the amount of satellite data increases the computational effort. As a result, there is a need
for an assimilation method able to compute the initial field for the numerical model in the
operational window time to make a prediction. At present, most of the NWP centers find it
difficult to assimilate all the available data because of computational costs and the cost of
transferring huge amounts of data from the storage system to the main computer memory.
The data assimilation cycle has a recent forecast and the observations as the inputs for assimilation system. The described MLP-DA system produced an analysis to initiate the actual cycle.
This time simulation experiment is for January 1985 (28 days). There were 2075 observations
inserted at runs of 0600 and 1800 UTC for surface variables, and 12,035 observations inserted
at runs of 0000 and 1200 UTC for all upper layer variables.
The LETKF data assimilation cycle initiates running the ensemble forecasts with the SPEEDY
model, and each analysis produced to each member at the latter LETKF cycle to result 30
(members) 6-hour forecasts; the second step is to compute the average of those forecasts. After,
with a set of observations and the mean forecast, the LETKF system is performed. The LETKF
cycle results one analysis to each member for the ensemble and one average field of the
ensemble analyses. The MLP-DA data assimilation cycle is composed by the reading of 6-hour
forecast of SPEEDY model from latter cycle and reading the set of observations to the cycle
time, the division of input vectors, the activation of MLP-DA, and the assembly of output
vectors to a global analysis field.
The MLP-DA runtime measurement initiates after reading the 6-hour forecast of SPEEDY
model from latter cycle and the set of observations. The time of generalization includes the
division of observation and prediction fields into regions, and the execution of the various
trained networks by gathering all regions in a global analysis. It initiates after reading the
mean 6-hours forecast of SPEEDY model and the set of observations. The LETKF time includes
the results of 30 analyses and one mean ensemble analysis. The comparison in Table 1 is the
data assimilation cycles for the same observations points and the same model resolution to the
same time simulations. LETKF and MLP-DA executions are performed independently. Considering the total execution time of those 112 cycles simulated, the computational performance
of the MLP-DA data assimilation is better than that obtained with the LETKF approach. These
results show that the computational efficiency of the NN for data assimilation to the SPEEDY
model, for the adopted resolution, is 90 times faster and produces analyses of the same quality
(Table 1). Considering only the analyses execution time of those 112 data assimilation processes simulated, the computational efficiency of MLP-DA is 421 times faster than LETKF
process. Table 2 shows the mean execution time of each element to one cycle of the LETKF
data assimilation method (ensemble forecast and analysis) and the MLP-DA method (model
forecast and analysis). The computational efficiency of one MLP-DA execution keeps the
relationship about speed-up, comparing with one LETKF execution (421 times faster). Details
for this experiment can be found in Ref. [6].
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Execution of 112 cycles

MLP-DA (hour:min:sec)

LETKF (hour:min:sec)

Analysis time

00:00:25

03:14:55

Ensemble model time

00:00:00

01:05:44

Single model time

00:02:28

00:00:00

Total time

00:02:53

04:20:39

Table 1. Total running time of 112 cycles of complete data assimilation (analysis and forecasting).

Cycle element

hour:min:sec:lll

Ensemble (model)

00:00:35:214

Single model

00:00:01:174

LETKF analysis

00:01:37:463

NN analysis

00:00:00:231

Table 2. Mean time of one execution (hour:min:sec:lll).

5. Conclusions
In this study, we evaluated the efficiency of the MLP-DA in an atmospheric data assimilation
context with a 3D global model. The MLP-DA is able to emulate systems for known data
assimilation scheme. For the present investigation, the MLP-DA approach is used to emulate
the LETKF method, which is designed to improve the computational performance. The
another experiments with the same methodology can be found in [7, 8].
The NN learned the whole process of the LETKF scheme of data assimilation through training
process. The results for the MLP-DA analyses are very close to the results obtained from the
LETKF data assimilation for initializing the SPEEDY model forecast, i.e., the analyses obtained
with MLP-DA are similar to analyses computed by the LETKF. The difference between MLP-DA
and LETKF analyses to surface pressure fields belongs to interval [5, 5] hPa. However, the
computational performance of the set of 30 NN is better than LETKF scheme. The MLP-DA
accelerates the LETKF data assimilation computation.
The application of the present NN data assimilation methodology is under investigation at the
Center for Weather Prediction and Climate Studies (Centro de Previsão de Tempo e Estudos
Climáticos-CPTEC/INPE) with operational numerical global model and real observations.
After investigation with Florida State University model made in 2014, the results are found
in [41, 42].
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