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 Abstract 
 

 

This document describes the work, Multilayer Perceptrons and application in 
pose/expression classification, completed for the MSc in Signal Processing and 
Machine Intelligence. A survey of the facial analysis and neural networks literature is 
presented. A basic facial analysis framework is described, which requires a robust 
classifier in final stage. The very popular Multilayer Perceptron networks seemed to 
be an ideal tool for this task. 

 The first stage of the work involved the acquisition and pre-processing of a 
dataset using a digital camera. Afterwards, two systems were developed, trained and 
tested; one for facial expression classification and one for head pose classification. 
Our contribution was to report on NN issues for building such a system and to 
investigate raw input versus other feature extraction techniques. A significant part of 
our report was on how we chose architecture and parameters for the NN systems. 
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1.   Introduction 
 

 

We can well embody the whole project into an area, which is defined as Pattern 
Recognition. If we try to generalize a little more we can say that Face Classification, 
as well as all Pattern Recognition applications is branch of a general scientific field, 
which is called Machine Learning. In Machine Learning [3], to fully specify our 
learning model we need to define the following: 

 

• The exact type of knowledge to be learned. 

• Representation of the function (hypothesis) with output, which is the 
classification outcome. 

• Learning mechanism (supervised, unsupervised etc.) 

 

If a hypothesis is found to approximate well a target function, obtained by 
training so far, then it is considered that it approximates unseen examples as well. 
This statement is also known as “basic inductive learning assumption”. Artificial 
Neural Networks provide an excellent representation of the hypothesis space 
(weights of the learning model function) in Machine Learning applications. This 
makes ANNs a useful tool in applications like object/face classification. So, instead 
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of statistical classifiers like HMMs (Hidden Markov Models), in this project we will 
make use of ANNs and specifically Multilayer Perceptrons in order to develop and 
test a facial expression classification system and a pose classification system. 

Automatic facial expression analysis has become an active research area that 
finds many applications in areas such human-computer interfaces, talking heads, 
image database retrieval. Facial expression recognition deals with the classification 
of facial features into classes based on visual information (facial motion will not be 
considered throughout the project, since we concentrated only on static facial 
images). Despite the fact that human emotions are a result of many different factors, 
in this project we will try to create a Neural Network-based face classification system 
that identifies four basic emotions, given a face input. The emotions are happiness, 
sadness, anger, while the absence of emotion is introduced as a ‘neutral’ state. Neural 
Networks are used as a direct classification method. We don’t have to compare our 
results against a facial expression dictionary. 

The project also involved face pose detection. In comparison with facial 
expression analysis, pose detection is generally less demanding, since ANN 
classifiers can identify more easily exaggerated intensity changes in some areas of 
the image (this happens when we have out-of-plane rotation of faces) and thus 
classify successfully [6].  

All in all, we would say that our main aim was classification, both pose and a 
person's expression. Two systems were developed; one for facial expression 
classification and one for head pose classification. In Chapter 6 and 7 we analyse 
step by step how we resulted in the optimal configuration for both systems. Our 
contribution was to report on NN issues for building such a system and to investigate 
raw input versus other feature extraction techniques. A significant part of our report 
was on how we chose architecture and parameters for the NN systems. We 
investigate various techniques but mainly explain the reasons why we make some 
specific decisions on the configuration of our models. 

In Chapter 3 and 4 there is an extensive literature research on the basic methods 
we used to develop our systems. Facial Analysis methodology and one particular 
structure, which is the feed-forward BACKPROPAGATION network or Multilayer 
Perceptron, are investigated on these chapters. In Chapter 5 we make a brief 
overview on our Matlab source code and in Chapter 8 we summarize the major 
points of the report and suggest further improvements for our NN classifiers. 

A CD in which there is an electronic copy of this report in both Word document 
and PDF format accompanies the report. Inside the CD we included the final version 
of all the Matlab source code we used in our experiments. The final version of our 
facial expression and pose recognition database is also included inside the CD. 
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2.   Possible Real-world Applications 
 

 

 Neural Networks are indeed self-learning mechanisms which don’t require the 
traditional skills of a programmer [13]. But unfortunately, misconceptions have 
arisen. Writers have hyped that these neuron-inspired processors can do almost 
anything. These exaggerations have created disappointments for some potential users 
who tried, and failed, to solve their problems with Neural Networks. These 
application builders have often come to the conclusion that Neural Networks are 
complicated and confusing.  Application developers, who didn’t see NNs as just 
black boxes that can virtually do whatever they want, succeeded to make the most of 
this technology which is considered to be the wave of the future in computing.  

 Facial expression recognition supported by robust NN classifiers can definitely 
become an important tool in advanced human-computer interactive environments of 
the not so far future.  Indeed, human-computer interaction will be much more 
effective if a computer knows the emotional state of human. Facial expression 
contains much information about emotion. So if we can recognize facial expressions, 
we will know something about emotion. However, it is difficult to categorize facial 
expressions from static images. Neural networks may be suitable in this problem 
because they can improve its performance given more examples. Moreover, we do 
not need to know much about the features of the facial expressions to build the 
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systems. The system will generalize the features itself, given enough training 
examples. 

 Measurement of facial behavior in conjunction with speech analysis techniques 
can provide information for deceit detection [15], at some level. 

Neural Networks can be implemented on a chip or software. Such systems can 
easily be integrated to new generation mobile phones and can make them recognize 
(very fast) user behaviour and respond. This increased interactivity with a mobile 
phone can make all those, “alien” to most people, technologies user-friendlier. 

  At the Robotics Institute of Carnegie Mellon University advanced facial analysis 
techniques based on NNs are being used to investigate the dynamics of emotion 
expression in children and adults [24].  

It also common to use facial expression tracking is to drive real-time avatar-
based chat systems or robots.  

Face classification can be considered as face recognition in a loose sense but we 
are not comparing against a database. However a ‘purely’ Face recognition system 
can easily be implemented with Neural Networks, e.g. access control [7]. There is a 
small group of authorized people, which a recognition system must accept. All the 
other people are unauthorized or ‘aliens’ and should be rejected. We can train a 
Multilayer Perceptron (MLP) Neural Network to recognize the small group of 
people. In such a case the number of output units of the Neural Network equals to the 
number of authorized people. 3G mobile phones are a reality. Video cameras have 
been attached. Face Recognition Neural Networks are significantly robust when 
supplied with low-resolution images or generally with noisy data! However, this is 
still an inflexible face recognition scheme, since we need to reconstruct and train 
again the ANN if we want to give access to a new individual.  
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3.   Facial Expression Analysis 
 

 

 There is a long history of interest in the recognition of emotion from facial 
expressions, influenced by Darwin’s pioneering work [19] and extensive studies on 
face perception. Face perception is very important component of human cognition as 
faces are rich in information about individual identity, but also about mood and 
mental state. Facial expression interactions are relevant in social life, teacher-student 
interaction, credibility in different contexts, medicine, etc. Success in automatic 
recognition of emotion would lead to new evolutionary devices offering the 
possibility of new ways for humans to interact with computer systems. 

 Indeed, a continuous effort has been put towards constructing automatic 
systems, which recognize successfully human emotions from static images or/and 
sequences of images. People in computer vision and pattern recognition have been 
working on automatic recognition from characteristics in human faces for the last 
twenty years. For example, pose (direction a person is looking to) recognition 
automatic systems, which make use well-understood analysis methods, have been 
developed with success. However, until now few systems managed to achieve 
satisfactory accuracy when it comes to more demanding tasks, like recognition of 
emotional states. 
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3.1   Facial analysis framework 
 

 Analysis and recognition of human facial expressions from images and video 
forms the basis for understanding image content at a higher semantic level. 
Expression recognition forms the core task of intelligent systems based on human–
computer interaction. The ability of humans to recognize a wide variety of facial 
expressions is unparalleled. Researchers in the recent past have been trying to 
automate this task on a computer, employing a combination of image/ video 
processing techniques, along with machine learning techniques like artificial Neural 
Networks. Approaches for facial expression analysis from both static images and 
video have been proposed in the literature.  

Facial expression recognition deals with the classification of facial features into 
classes based on visual information. Facial motion was not considered throughout the 
project, since we concentrate only on static facial images. Future work could 
possibly take into account this factor and try to recognize emotions from video. 

Most of the facial expression recognition systems make use a simple facial 
expression analysis framework [6], which is shown in Figure 3.1. There are 
numerous techniques and algorithms for each of the sections of this framework and 
day-by-day many more will pop up. In order to develop a robust recognition model, 
researchers should concentrate on every section of the framework. Many researchers 
wonder why their models behave poorly, though they have spent plenty of time 
refining the expression classification part of their model. They have most likely 
underestimated the importance of one or more of the other framework’s sections. 

 

 

             Figure 3.1: Simple facial expression analysis framework [6] 
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3.1.1 Face acquisition – Normalization – Segmentation 
 

The very first step of an expression recognition system is the acquisition of the 
facial images. Some applications are trying to achieve satisfactory results ignoring 
the Normalization and Segmentation steps. Typically, in most application there is 
need of face location detection. Although in some systems individuals are 
constrained to look straight at the camera and they are photographed with single-
coloured (blue or white) background, this is not the case when we want to locate 
faces in complex scenes with cluttered backgrounds. However, in our project work 
we did not intent to acquire faces from ‘complex’ photos. Practical applications 
usually struggle to find an efficient face detection algorithm., hence we relied on a 
dataset composed by ourselves. 

In order to increase the efficiency of our classifier it is usual to normalize our 
input image first [6,7]. Image Normalization is the first step for almost all facial 
expression recognition systems. However, our main task is to improve artificial 
Neural Networks classifier performance and we mostly concentrate there, not in data 
pre-processing. In our work it was not necessary to spend too much time normalizing 
input images. It is sufficient to say that Normalization is used to transform the initial 
images (obtained after Face Acquisition) by rotation scaling and cropping of the 
central face part. We usually want to remove background and hair (Face 
Segmentation). Also, images are normalized by lighting conditions. 

 

 

3.1.2 Facial feature extraction 
 

One small part of our work was to investigate raw input in our artificial Neural 
Networks versus other feature extraction techniques. Most of the approaches 
employing neural networks for facial expression recognition, involve a preliminary 
facial feature extraction step. This is then followed by an expression classification 
step in which various features extracted from the faces are fed into Neural Network 
structures (Multilayer Perceptrons, Radial-Basis Function Nets, Hopfield Neural 
Nets) or other classifiers. 

Feature extraction can be categorized according to whether they focus on motion 
or deformation of faces. Motion extraction is not important for our survey, since it 
has to be applied to image sequences. On the other hand, deformation-based methods 
are used for static images (as well as sequences) and have to rely on neutral face 
images. Here, we premise the availability of neutral expression for a given face and 
classify facial expressions based on this neutral image. Therefore, an accurate 
extraction of contours of facial features like eyebrows, lips etc. would enable us to 
automatically recognize expressions. In other cases facial data (pixels) is extracted 
from pixel blocks that are usually placed around the eyes as well as the mouth. Since 
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those areas capture most information with respect to emotions, the total training time 
of our artificial Neural Networks is significantly reduced [17].  

In our project an effort was made to keep the complexity as small as possible for 
this part of the system, in order to concentrate more on issues regarding the structure 
of the artificial Neural Network classifier. Although some features (see Chapter 6 – 
Application in Pose/Expression Recognition) were extracted from our datasets, many 
further improvements could be made in this area.  

 

 

3.1.3 Expression classifier 
 

As for the classification process, Neural Networks exhibit relatively strong 
robustness if used for the classification of the basic emotions. As it is already 
mentioned they can be applied directly on faces images or combined with facial 
features extraction and representation methods like Principal Component Analysis 
(PCA – used for dimensionality reduction, which both simplifies and enhances 
subsequent classification). Other classifiers can also been used. For example Hidden 
Markov models, which are commonly used in the field of speech recognition, are 
also useful for facial expression analysis [6].  

The main task of our project was to report the main issues regarding the 
construction of an artificial Neural Network classifier. 

 

 

 

3.2 Facial expression interpretation 
 

Some automatic facial expression analysis systems found in the literature 
attempt to directly interpret observed facial expressions in terms of basic emotions. 
Recently few systems use rules or facial expression dictionaries in order to translate 
coded facial actions into emotion categories. We follow the first approach but for a 
more advanced expression interpretation a framework known as FACS coding 
framework can also be used. 

Ekman and Friesen have produced a system for describing ‘all visually 
distinguishable facial movements’, called the Facial Action Coding System [12,15], 
which has been frequently referred to in recent literature. It is based on the 
enumeration of all “Action Units” on a face that cause facial movements. There are 
46 such AUs in FACS that account for changes in facial expression. Researchers 
have used the FACS as the basis for their expression recognition research. There 
have been developed systems that specifically recognize individual AUs or AU 
combinations (7000 in number). 
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However, discovering rules that relate AUs to emotional states – anger, fear, 
happiness, disgust, surprise and sadness, is difficult, since it cannot be defined by any 
regular mathematical function. This is where neural networks come into play. 
Unfortunately, neural networks are difficult to train if used for the not only basic 
emotions. A problem is the great number of possible facial action combinations; 
about 7000 AU combinations have been identified within the FACS framework and. 
This means that the outputs of a Neural Network that handles with the recognition 
would probably be some thousands! That is why we decided to recognize only four 
basic emotions (an issue, discussed in Chapter 6 – Application in Pose/Expression 
Recognition). You can also plus the fact that we wanted to constrain complexity of 
our project to a reasonable level. 

 

 

 

3.3 Principal Components Analysis 
 

It is interesting to see how Principal Components Analysis is used as feature 
extractor in pose/expression recognition systems. PCA is a well-understood and 
widely used unsupervised technique [1,2,25], which achieves to identify the 
important directions of variation in a data set. Singular value decomposition and 
Karhunen-Loeve transform have similar goals and are closely related techniques. 
Actually, principal components can be obtained by both SVD and eigen-
decomposition (another name for Karhunen-Loeve tranform). The definition of PCA 
is as follows: 

Given a set of data point  and an integer 
n

in RxxxxX ∈= },,....,{ 21 nk < , 

find a k-dimensional subspace S of nR  and the corresponding projections (principal 

components) Sin ∈=Θ θθθθ },,....2,{ 1 of X into S so as ∑ −
i

ix i
2θ is 

minimum. 

So in order to obtain the first λ more important (contribute more on the total 
variance) principal components from Karhunen-Loeve we do the following: 

1) Construct the Covariance matrix of the data })(){( TxxxxE −⋅−=C  

2) Find the eigenvectors of C, V ],.....,[ 21 nvvv=  

3) Take the k largest eigevectors. (“largest eigenvectors” means the 
eigenvectors whose corresponding eigevalues are the largest among the 
eigenvalues.) 
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Alternatively we can do singular value decomposition to the difference matrix 
)( xxdiff −= , )(],,[ diffsvdVDU = . Then the obtained V is the same as in 

step 2. 

 All in all, with PCA we managed to reduce dimensionality of input vectors and 
make them uncorrelated, by retaining those components, which contribute more on 
the total variation. 
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4.   Artificial Neural Networks 
 

 

 Although the first artificial Neural Network is dated back in 1943 (Warren 
McCulloch) they have attracted great deal of attention the last twenty years. It seems 
that in the meantime, people turned their interest to the symbolic side of Artificial 
Intelligence and the initial enthusiasm on this evolutionary Neural Network approach 
started to decay. Recently, scientists saw the great potential of artificial Neural 
Networks. While conventional computers use a set of instructions (called algorithm) 
in order to solve a problem, Neural Networks process information in a quite similar 
way the human brain does. Neural Networks are composed of a large number of 
highly interconnected processing units (neurons) that work together to perform a 
specific task. In conventional computers we should know exactly how to solve a 
problem. What makes artificial Neural Networks revolutionary is the fact that they 
result in reasonable solutions (if trained appropriately) in problems we don’t exactly 
know how to solve algorithmically. 
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4.1   Why Multilayer Perceptrons? 
 

 It is difficult to find a universally accepted definition of artificial Neural 
Network, though many people would agree that a Neural Network is a networks of 
many simple processors, each possibly having a small amount of local memory. The 
processors are connected with communication channels (synapses). 

 

According to Haykin [1] a Neural Network is a massively parallel-distributed 
processor that has a natural prosperity for storing experiential knowledge and making 
it available for use. It resembles the brain in two respects: 

1. Knowledge is acquired by the network through a learning process. 

2. Inter-neuron connection strengths known as synaptic weights are used 
to store the knowledge. 

 

When training a Neural Network (learning process) the examples must be 
selected carefully, otherwise useful time is wasted or even worse the network might 
not functioning properly. The problem is that it is very difficult to diagnose 
erroneous behaviour even for experienced analysts.  

However and despite the difficulties in understanding how they work, Neural 
Networks are widely used in pattern recognition because of their ability to generalise 
and to respond well to novel patterns. The general concept is the following: “During 
training neurons are taught to recognize specific (training data) patterns. If a novel 
pattern is received (without an associated output) each neuron selects the output that 
corresponds to the training pattern, that is least different from the input”.  

 

 

4.1.1 Some useful background 
 

The older Neural Network still in use today is called Perceptron [9]. A single 
layer Perceptron (see Figure 4.1) was found to be useful in classifying a continuous-
valued set of inputs, subtracting a threshold, and passing one of two possible values 
out as the result. For one Perceptron the learning procedure involves determination of 
a vector of weights, which give correct +1 or –1 (the only outputs of a thresholded 
Perceptron) for a given vector of inputs . The training procedure for such a 
Neural Network is called Perceptron rule.  

nxx .....1
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                                   Figure 4.1: Thresholded Single Layer Perceptron 

 

However, the restriction of the non-linearity in the output of the system brought 
into surface a variation of Perceptron, which is called ADALINE. ADALINE 
networks are similar to Perceptron, but their transfer functions are linear rather than 
hard limiting. However, in ADALINE we make use of the so-called Delta rule (or 
LMS-Least Mean Squares rule or Windrow-Hoff learning rule [11]), which is more 
powerful than the Perceptron rule. In few words, Delta rule is a Gradient Descent 
algorithm according to which we search the hypothesis space in order to find the 
weights that best fits the training examples so far. The ‘best’ means, the one that 
gives the minimum half squared difference between target output  and the 

observed output . This error estimator is actually a multidimensional parabola. 

dt

do

Gradient Descent starts with an arbitrary weight vector and tries to minimise 
the error at each step, going deeper in this error surface! The analysis of Gradient 
descent algorithm is out of the scope of this report, since it can be easily found in 
many books, related to the subject [1,2,3,13,18,22]. Alternatively the so-called 
stochastic gradient Descent algorithm can be used. While in standard Gradient 
Descent, in order to find each factor that updates the weights of the network we 
summed over all training examples so far, now we update the weights examining the 
error for each training example (not all). This algorithm speeds up the training 
procedure. 

Unfortunately, the Perceptron is limited and was proven as such in Marvin 
Minsky and Seymour Papert’s book Perceptron [10]. Both ADALINE and 
Perceptron networks can only solve linearly separable problems (see Figure 4.2). 
Here is where Multilayer Neural Networks comes in play. Their power is that they 
can represent non-linear decisions surfaces. Since the transfer function used in 
Multilayer Neural Network neurons is differentiable (see Figure 4.3) we can use the 
gradient descent technique. 
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 Multilayer Perceptrons (MLPs) are one of the 
most popular neural network models for solving 
pattern classification and image classification 
problems. Because of their ability to learn complex 
decision boundaries, MLPs are used in many 
practical computer vision applications involving 
classification (or supervised segmentation). Once 
the connection weights in a MLP have been learnt, 
the network can be used repeatedly for 
classification of new input patterns.                         
                Figure 4.2: Linearly Separable data 

 

 

Figure 4.3: Sigmoid function is ideal for MLPs 

 

 

 

4.1.2 Multilayer Perceptrons 
 

One of the main tasks of the project was to become experienced with Multilayer 
Perceptron Neural Networks, which are feed-forward and use the Back-propagation 
algorithm. From now on, when referring to MLPs we imply feed-forward networks 
and Back-propagation algorithm (plus full connectivity). A typical topology of a 
fully connected feed-forward network is shown in Figure 4.4. Back-propagation 
algorithm is a variation of Delta rule. While inputs are fed to the ANN forwardly, the 
‘Back’ in Back-propagation algorithm refers to the direction to which the error is 
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transmitted. Analysis of Back-propagation can be found in relative bibliography 
[1,2,3,4,18]. 

In Table 4.1 you can find the basic steps for the stochastic gradient descent 

version of BACKPROPAGATION algorithm [3]. Here a factor hδ  is introduced! 
But what are the target values for the outputs in each hidden layer? Since only target 
values for the output units have been provided, in that case the error term, instead of 

being , is calculated by summing the errors )( kk ot − kδ  for each output unit 
connected with the specified hidden unit ‘h’. As long as, we have a fully connected 
feed-forward network the total number of the latter ‘errors’ are the same as the 
number of output units (one for each output). To put it straight, each weight in 

 gives the degree to which hidden unit ‘h’ is responsible 

for the error in output ‘k’.  

∑=
outputs

khh w κδδ −
k

hh oo )1(

                

 

 

 

 

 

 

 

  

 

 

The following a
version of BA

and k is the number o

training patterns in o
caused by each trainin

∑ −=
patternsn

knknk oo 1( ,,δ
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lgorithm can be converted to the standard gradient descent 
CKPROPAGATION if the gradient becomes: 

, where n is the number of one of the training patterns 

f the output unit. Usually  is divided by the total number of 
rder to constrain the weight update to the mean of the updates 
g pattern. 

− knkn ot ))( ,,

kδ
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• Initialize all network weights to small random numbers 

• Until the termination condition (it will be discussed later) do: 

{ 

    For each training example do: 

           { 

Propagate the input forward to the network and compute the observed outputs. 

Propagate the errors backward as follows: 

                   For each network output unit k calculate its error term  ))(1( kkkkk otoo −−=δ

                   For each hidden unit calculate its error term  ∑−=
outputsk

khhhh woo κδδ )1(

                   Finally, update each weight  where  jijiji www ∆+= jijji xw δη ⋅−=∆

           } 

} 

(pointer ‘ji’ means from unit ‘i’ to ‘j’) 

 

          Table 4.1: stochastic gradient descent version of BACKPROPAGATION algorithm [3] 

 

 

4.2 The Error Surface 
 

If we wanted to be more explanatory on the BACKPROPAGATION algorithm of 
Table 4.1 we should refer to the term  as the gradient of the error function for the 
output ‘k’. The total error, which in standard gradient descent version of 
BACKPROPAGATION is the SSE (Sum of Squared Errors): 

kδ

 

∑ ∑ −=
patternsn outputsk

knkn otwE 2
,, )()( r  

  

 

Based on the fact that this E is actually a function of the network’s weight 
vector, we conclude that E is actually a multidimensional (depending on the number 
of weights) parabola. Gradient descent starts with an arbitrary weight vector and tries 
to minimise E at each step. In order to go deeper in this multidimensional surface 

weights must be updated in the direction of the negative of the gradient 
wd
wdE
r

r)( . 
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Gradient shows the direction of the steepest increase in the surface; hence the 
negative is computed, since we need the steepest decrease. Therefore, updating 
weights by  we simply go deeper in the error surface. This is clearly 
straightforward when only two weights are present and the error surface looks like in 
Figure 4.5. 
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Figure 4.5: SSE with respect to weights 1 & 2. It is a 3-D parabol
re 4.5 we can see in red both the total gradient and the partial gradients 
ith respect to weight1 and weight2 axis, respectively. At each step these 
ws the direction of weights update upon the error surface. The magnitude 
ate is affected both from the gradient and the factor ‘η’ (see Table 4.1), 
called learning rate. However, in MLPs the error parabola is 
sional and often there are more than one minimum. In that case the 
ght get stuck in a local minimum than in the desired global minimum. 
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4.3 Architecture of MLPs 
 

Neural Network’s layers are usually counted from the second and onwards. The 
input layer does not have any processing units; hence we don’t count it as a layer. So, 
the MLP in Figure 4.4 is a Neural Network with two layers, the first of which is the 
hidden layer. 

When designing a layered network, an obvious first question is how many layers 
to use. Theory says that two hidden layers are well sufficient to create classification 
regions of any desired shape. Thus, we say that two-hidden layered MLPs are 
“universal approximators” [2,22] (they can approximate any arbitrary function). A 
somewhat surprising result is that two hidden layers are not necessary for universal 
approximation; one hidden layer is sufficient! A proof is the fact that MLPs, with one 
hidden layer, can implement Fourier transforms and thus have the same 
approximation capabilities.  

 

 

4.3.1 Size of hidden layer – underfitting, overfitting 
 

All in all, one basic conclusion is that neural networks with a single hidden layer 
of sufficiently large number of neurons have universal approximation capabilities. 
But what “sufficiently large” really means is a question with non-straight answer! 
There are some rules of thumb, which gives an approximation. Most of them do not 
apply in every problem and for the reason that they did not apply in our 
pose/expression recognition classifiers, are completely ignored. 

In most situations, there is no way to determine the best number of hidden units 
without training several networks and estimate the generalization error (performance 
on novel patterns) of each. If you have too few units, you will get high training error 
and high generalization error due to underfitting and high statistical bias. On the 
other hand, the training error can be made as small as desired by adding more 
neurons, but generally each additional unit will produce less and less benefit. We 
should take into account the cost in processing time and storage requirements for 
each extra unit. Beside a relatively large number of neurons in the hidden layer can 
give high generalization error due to overfitting and high variance. 

Underfitting means that the model is not flexible enough to capture the 
underlying process (the process we try to teach). And we say that this happens due to 
large bias. Bias in regression problems (function approximation) is the inability to fit 
the correct result in average, while in classification problems it can be observed of 
the fact that our model favours only some classes. 

Overfitting means that the model is too flexible for the limited training data set 
we are using. In that case, ANNs adopt the idiosyncrasies of the training data and do 
not generalize well on novel patterns. Generally training data and test patterns 
usually have some large-scale similarities in their features. In the first steps of 
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training network fit those large-scale similarities and generalizes well. As training 
evolves the network fit the small-scaled features (otherwise idiosyncrasies) of the 
training data and generalizes poorly on the test patterns. 

 

 

 

4.4 BACKPROPAGATION parameters 
 

Two of the most important parameters in BACKPROPAGATION are the 
learning rate and the momentum term. The learning rate was introduced in Table 4.1 
as a scaling factor of the gradient of the error function. The momentum term is an 
extra factor, which is added to the  term and makes it more or less (depending 
on the momentum term) dependant to the weight update of the previous step in the 
algorithm. Adjusting learning rate to correct values and adding a reasonable 
momentum term can improve a neural network classifier’s performance dramatically. 

jiw∆

 

 

4.4.1 Learning rate 
 

In Table 4.1 weights are updated by ∆ . This jijji xw δη ⋅−= η  is called learning 
rate of the BACKPROPAGATION algorithm. With standard steepest descent, the 
learning rate is held constant throughout training. The performance of the algorithm 
is very sensitive to the proper setting of the learning rate. If the learning rate is set 
too high, the algorithm may oscillate and become unstable. If the learning rate is too 
small, the algorithm will take too long to converge. It is not practical to determine the 
optimal setting for the learning rate before training. This is most likely obtained by 
trial and error, just like the method we used to find the number of hidden neurons 
(see 4.3.1). 

Generally it is not possible to calculate a best learning rate a priori, but ttypically 
it ranges from 0 to 1. It is also called step size, apparently because it affects the step 
of gradient descent algorithm towards the error surface minimum. It is common 
knowledge that a very small learning rate will cause very long training times; hence 
larger rates are usually used. However, when large learning rates are used we might 
come faster to a region of convergence (slide faster down the slope and approach the 
global minimum of the error surface) but we might “jump” and miss the global 
minimum. That is why we should take care of what learning rate is chosen (we have 
to experiment on this parameter plenty of times). Ideally, we adjust the learning rate 
“on the fly”. This means, we might want big steps in the beginning and thus use big 
learning rate. But as training progresses and the training system approximates 
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convergence, we gradually reduce the learning rate to zero to allow the system to 
settle to the minimum. 

There are some factors affecting the choice of an appropriate learning rate. For 
example when the training set is large and representative of the pattern population, 
then it might be wise to use large learning rate for fast convergence. Additionally, 
when the error surface is complex, (and this is so when treating multidimensional 

data) and consists of hills, valleys, ridges etc, the gradient term 
wd
wdE
r

r)(  changes 

dramatically as changes. This means large learning rates can be used to move 
along a flat area quickly, but smaller values are needed to avoid stability in “hilly” 
areas. Another factor is the use of a momentum term, which is discussed in detail 
next. 

wr

In general, at very small learning rates, training times are high simply because 
each weight change is so small. However, beyond a point the training time and the 
generalization error increase sharply.  

 

 

4.4.2 Momentum term 
 

A common modification, of the basic weight update rule is the addition of a 
momentum term. By adding this term to the formula of the final step in Table 4.1, we 

obtain the following update rule: . Therefore, 

the update in  iteration is affected by the update in  iteration 
multiplied by a factor ‘α’, called momentum. Momentum takes values in the range 

)1( −∆+⋅=∆ nwxw jijijji αδη

n )1( −thn th

10 <≤ α . Empirical evidence shows that the use of a momentum in the 
BACKPROPAGATION algorithm can be helpful in speeding the convergence and 
avoiding local minima in the error surface. The idea about using a momentum is to 
stabilize the weight change by making non-radical revisions using a combination of 
the gradient decreasing term with a fraction of the previous weight change. 
Substantially, the addition of the momentum gives the system a certain amount of 
inertia since the weight vector will tend to continue moving in the same direction 
unless opposed by the gradient term. 

 

 

 

 

 

 

 

Avraam Kasapis 2003 



     4. Artificial Neural Networks - MLPs & Pose/Expression Classification 25

 

 

                         Figure 4.6: Effect of the momentum term in training procedure [2] 

 

Large learning rates usually give rise to oscillations, when moving near the 
convergence region. A system with momentum stabilizes those oscillations and 
makes training smoother [2]. Without momentum learning takes longer to settle 
down to a minimum. The effect of momentum term is shown in Figure 4.6.   

A significant part our report was on documenting those and other parameters 
and testing various values in order to obtain better training performances for our face 
classification system (see Chapter 7 which discusses the results of our systems).  

 

 

 

4.5 Other important issues 
 

Even though we have already discussed some of the most important characteristics of 
MLPs and BACKPROPAGATION algorithm there are still issues, which may cause 
thorny malfunctions, if totally ignored. For example input standardization before 
feeding data into a Neural Network is crucial. Moreover, appropriate weights 
initialization is needed. Bearing in mind that weights are significant pieces in the 
“puzzle” called artificial Neural Networks we must try to enhance any process, 
which affects their values (and initialization is an important one). Also in 4.5.1, 4.5.2 
and 4.5.3 we discuss training stopping criteria, various techniques/problems and 
Generalization respectively. 
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4.5.1 Input standardization and weights initialization 
 

The contribution of an input will depend heavily on its variability relative to 
other inputs [22]. If for example one of the inputs has range of 0 to 1 and another has 
a range of 0 to 1000, then the contribution of the first input will be swamped by the 
second input. So it is essential to rescale the inputs so their variability reflects their 
importance. For lack of any prior information (regarding the importance of each 
input), it is common to standardize each input to the same range or the same standard 
deviation. 

Typically inputs are standardized to same small ranges, like [0,1] or [-1,1]. In 
particular any scaling that gathers input values around zero works better. So instead 
of a [-1,1] scale, it might be preferable to standardise our inputs so as to have mean 
value of 0 and standard deviation of 1. In our experiments we are testing all these 
techniques and the results can be found on Chapter 7 - Results. 

Weights initialization follows nearly the same path as input standardization.  
The main emphasis in the NN literature on initial values has been on the avoidance 
of saturation, hence the desire to use small random values. Symmetry breaking in the 
weight space is needed in order to make neurons compute different functions. If all 
nodes have identical weights then they would respond identically. Therefore the 
gradient, which updates the weights, would be the same for each neuron. This way 
the weights would remain identical even after the update and this means no learning. 
A special case is to initialize all weights of every neuron to 0. Then in every neuron 
the gradient of a zero function would be zero and thus weights would remain zero 
until training is terminated. 

Small weights (as well as small inputs) are needed to avoid immediate saturation 
because large weights could amplify a moderate input to produce an extremely large 
weighted sum at the inputs of the next layer. This would put the nodes into the flat 
regions of their nonlinearities (see Figure 4.7 for sigmoid saturation) and learning 
would be very slow because of the very small derivatives. 
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Figure 4.7: Sigmoid saturation 

 

 

4.5.1 Training stopping criteria 
 

When we train Multilayer Perceptrons it is unlikely to know a priori when to 
stop. Since various “learning rate – momentum - # hidden neurons”-schemes are 
being tested it becomes obvious that each time we have to adapt our stopping criteria 
to each case if we want efficient learning. 

 

Four basic termination conditions when training an ANN: 

• Fixed number of iterations. Iterations, also called epochs, refer to the number 
of times the total training set is being presented in the Neural Network (see 
Table 4.1). 

• Use threshold for the error. Empirically estimate a certain value for the error, 
which considered being acceptable. 

• Use threshold for the error gradient. Usually we have to restrict training to 
steps which error gradient is larger than a fixed value. Small changes in error 
gradient mean that training reached a minimum (local or global) and it would 
be wise to stop without delay. 

• Early stopping. Divide the available data into training and validation sets. 
Commonly use a large number of hidden units and very small initial values. 
Compute the validation error rate periodically during training. Finally, stop 
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training when the validation errors rate “start to go up”. However, it is 
important to stress that the validation error is not a good estimate of the 
generalization error. The most common method for getting an unbiased 
estimate of the generalization error is to run the ANN on a third set of data, 
that is not used at all during the training process [2,3,16,22]. 

 

We can combine stopping criteria when constructing Neural Networks.  For 
example it would wiser to use a good (quite small) threshold for the error function 
and a large number for iterations, when we train/test various model schemes with 
varying number of neurons in hidden layers. This way we get how many of the 
model schemes converge, when they converge (time in seconds), how many did not 
converge and the generalization errors of convergent and non-convergent networks! 
This is the approach we follow in Chapter 6 in order to obtain the best NN structure 
for our expression and pose recognition systems. 

 

 

4.5.2 Techniques and arising problems 
 

 Multilayer Neural Networks have error surfaces with multiple local minima. The 
complexity of these surfaces increases as the number of weights (and so neurons) 
increases. Therefore, there is only one deepest global minimum among many shallow 
or deep local minimums. This means that the training procedure might get trapped 
into the latter “small” minima. In fact this is the case but there are two perspectives 
[3] in relative bibliography that try to explain why ANNs are still so much efficient 
and powerful tool. 

 

• ‘Many weights’ means that error surfaces exist in high multidimensional 
spaces (one dimension for each weight). Someone would say that during 
BACKPROPAGATION one of the weights might fall in local minimum. But, 
other weights would not! Intuitively, the more the weights, the more 
dimensions exist, which provide “escape roots” from local minimums. 

• Another perspective is the one, based on which sigmoid function behaves as 
linear when the weights are close to zero. This is the case during the first 
iterations of the NN training. So in first steps the network simulates a smooth 
function. By the time the weights are “heavily” updated and the simulated 
function has much more complex error surface we are already quite enough 
deep in the error surface. This means that even if we get stuck on a local 
minimum this would surely be a deep local minimum. 

 

Backpropagation’s main problem is that it is sensitive to the so-called ‘overfitting’ of 
the training data at the cost of decreasing generalization accuracy over other unseen 
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examples. It is said that when we have overfitting the ANN adopts the idiosyncrasies 
of the training data (see 4.3.1). This means that the performance over unseen 
examples decreases. Especially when the training set is not representative of the 
general distribution of all possible examples, the performance drops dramatically.  

In order to avoid overfitting, caused by the repetitive feed of the same group of 
training examples onto our ANNs, the ‘early stopping’ technique is used. It is 
necessary to remind that in ‘early stopping’ the total number of iterations of the 
training procedure is such that produces the lowest error over the validation set, since 
this is the best indicator over unseen examples. In other words, we want the number 
of iterations that yields the best performance over the validation set. Another, 
potentially useful technique is called ‘weight decay’ or commonly Regularization. 
According to this technique, each iteration we introduce a small penalty to estimated 
error (this penalty is computed with respect to the total magnitude of weights). This 
way, weights are kept small and the error surface smooth. 

 

 

4.5.3 Generalization 
 

Generalization is the ability of capturing the underlying function [1,2,3,4,14], during 
the training phase, and hence producing correct outputs in response to novel patterns 
(patterns that has not seen before). A system then is said to generalize well. If 
performance in new patterns is poor then poor is the generalization as well. From a 
statistic perspective the Generalization error can be considered as the summation of a 
variance and a bias term: 

2BiasVarianceEGen +=  

 Minimizing the Generalization error is not equivalent to selecting a model where 
the bias is zero. This is because the model variance penalty may be too high. This is 
called the bias/variance trade-off. Variance and bias are well-understood issues when 
it comes to regression problems (function approximation using Neural Networks). 
However, in classification there is a correspondence but it is surely more complex 
subject. An attempt was made in 4.3.1 to give some definitions of variance and bias 
with respect to the issues of underfitting and overfitting. 

There are a few conditions that are typically necessary –although not sufficient- 
for good generalization: 

• In order to generalize well, a system needs to be sufficiently powerful to 
approximate the target function. If it is too simple to fit even the training data 
then generalization to new data is also likely to be poor. This issue was 
discussed extensively in 4.3.1. 

• The inputs contain sufficient information pertaining to the target, so that 
really exists a concept (unknown and complex mathematical function) that 
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relates inputs with correct outputs. You cannot expect a network to learn a 
nonexistent function or a non-existed classification rule.  

• In general, the training set must be a representative subset of the theoretical 
population. A poor set of training data may contain misleading regularities 
not found in the underlying function/classifier. 
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5.   Implementation in MATLAB 
 

 

Matlab is a very powerful tool for mathematical calculation, 
visualization and programming. In addition there are several toolboxes 
available to expand the capabilities of Matlab. The Neural Network 
Toolbox (NN Toolbox) is one of these toolboxes. The neural network 
toolbox makes it easier to use neural networks. The toolbox consists of 
a set of functions and structures that handle neural networks. This is good because it 
is not necessary to write code for all activation functions, training algorithms, etc. 

In the following sections we outline all the functions we developed in order to 
create, train, test and finally visualize the pose and expression NN classifiers, which 
are described in detail in Chapter 6. For more detailed explanation of what exactly 
these functions do, the entire source code with comments is given in the Appendix. 
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5.1   Preliminary work 
 

In this section we have gathered all the basic and supplementary functions, 
which were implemented in MATLAB code. All these functions were used by the 
pre-processing code (details in 5.2) and the training/test code described in 5.3. In 
Table 5.1 you can find each one of them accompanied by a brief description. 

 

Function Description 

 

 

 

vector = filevector(folder_name) 

In order to automate the ‘face sets’ creation phase we 
implemented in Matlab the function filevector. It is a function 
that lists all the files (with their full path) in a directory and its 
subdirectories. This list would be a cell array in which each cell 
corresponds to a filename. 

If the directory='c:\test' (and its contents are 
shown in picture) then the output would be: 
vector=['c:\test\testin1\1' 'c:\test\testin1\2' 
'c:\test\testin1\3' 'c:\test\testin1\4' 
'c:\test\testin1\5'  'c:\test\testin1\6']. Strategy 
is "first to subdirectories". This is useful if you h
a folder and its subfolders and you want to batch process them. 

The “scale” function
values of any given data matrix “mat” from interval [a b] to [A 
B]. Flag defines if we want integer numbers or double. This 
function was used for the normalization of the intensities of the 
pixels to a desired small interval  (from the initial [0 255]). 
Finally for the demonstration-visualization of the ANN’s weights 
were denormalized with the same function. 

simple PGM files. So, the necessity of making Matlab read 
Portable Gray Map files forced us to write a file reader called 
"readpgm". Matlab's “imread” doesn't support .pgm files! Given a 
filename it returns the image as a matrix, composed of grey 
levels. 

A write
“writepgm”, which reads from an image matrix and saves the 
data into a PGM file. 

ave many files in 

 

scmat = scale(a,b,A,B,mat,flaga) 

 was simple and very useful. It scales all 

 

 

matrix = readpgm(filename) 

The image files, used for training and testing the ANN, were 

writepgm(image,filename) r always accompanies a reader. Thus, we programmed the 

 

Table 5.1: Basic Matlab functions 

 

 

 

5.2   Preparation and pre-processing of data 

Before the construction and the training/test of the appropriate artificial Neural 
Netw

 

ork, it is needed to prepare our training and test sets and do some kind of pre-
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processing on the data, if it is necessary. This section only refers to Matlab code for 
the automatic pre-processing techniques we make use in our NN classifiers. Detailed 
description of any manual pre-processing is described in Chapter 6.  

 

Function Description 

[data , targets , arity] = 
getdata(dir,to,po_emo_flag) 

Returns data (images) in column-wise form accompanied 
by the corresponding targets values, column-wise as well. 
Also returns the total number of images/patterns. 

 

 

[pcacoms , TransMat] = 
prepcaCOV(indata,howmany) 

It implements Principal Component Analysis using the 
Karhunen-Loeve transform, exactly as it was described in 
3.3. “howmany” gives how many eigenvectors we are 
going to keep. If this number equals the number of patterns 
in “indata” matrix, then of course we have no data 
compression at all. “pcacoms” are the principal components 
and TransMat is the transformation matrix. The latter is 
needed because we have to transform both train and test 
patterns in the same way (in our case with the same 
transformation matrix). It is a little bit slow, since it has to 
compute large dimensional covariance matrices. 

 

[tri , trt , vd, test ,mimax] = 
redata(dir,scaMat,to,valid_pro,po_emo)

“redata” includes almost all of the previous functions. It 
reads training, validation and test data, creates the target 
vectors and generally pre-processes data before feeding in a 
Neural Network. It standardizes all data in same way with 
one of the following methods: 1) Just scale from [0 255] to 
an appropriate range. 2) Standardize data so as to have 
mean=0 and standard deviation=1. 3) Do PCA an reduce 
dimensionality! 

 

Table 5.2: Preparation & automatic pre-processing functions 

 

 

 

5.3   Training and visualization 
 

 Finally in Table 5.3 we have gathered functions, which are responsible for the 
construction, training and visualization of our artificial Neural Network. There is also 
a function, which evaluates the performance of an already trained Network, not in 
term of an error function (e.g. MSE) but in terms of the percentage of correct hits out 
of a total number of test patterns. The decisions made during the development of 
these functions are analysed in Chapter 6, where we describe step by step how to 
constructed pose/expression NN classifiers. 
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Function Description 

 

 

onet = 
enc(inputsize,mimax,hneurons, 

fcnCELL,initflag,trainalgo, 
paramatrix,sameWEIGHT) 

This function takes a plethora of arguments and initializes a 
Neural Network. The  “hneurons” argument defines the 
number of the neurons in the hidden layer. We can also define 
the kind of transfer functions (logsig, tansig etc.) for each 
layer. Also we can choose whether we want random 
initialization or zero initialization for each layer. “trainalgo” is 
the desired training algorithm (not only gradient descent is 
supported), while “paramatrix” is a matrix with the parameters 
(epochs, learning rate, momentum etc.) of the desirable 
training algorithm. In some case, in order to compare the 
performance of our classifiers with varying training parameters 
we needed exactly the same network initialization for every 
network. Therefore “sameWeights” initializes all nets taking 
part in the compare with same weights. 

 

 

[return_value , partiality , perf] = 
accuracy(net,input,target,po_emo) 

 

This function takes as arguments a neural network structure, a 
given test input accompanied by the corresponding targets and 
a parameter “po_emo” which is 0 when pose recognition and 1 
when facial expression recognition. It returns accuracy in 
terms of percentage of correct classifications. “partiality” is 
actually the standard deviation of a vector containing how 
many correct classification have ben done from each class. For 
example if for a test set of 4 happy, 4 angry, 4 sad and 4 
neutral faces we classified correctly 3 happy, 3 angry, 2 
neutral and 1 sad then partiality=std([3 3 2 1]). As we discuss 
in Chapter 6 we introduce partiality as a metric of how 
networks favour only certain classes. Finally “perf” is the 
mean square error on the test data. 

 

visnet(net,p_e_flag,imdmatrix) 

 

This is a very simple function which gets an already trained 
neural network structure “net”, a flag which defines pose or 
expression recognition “p_e_flag” and the argument 
“imdmatrix” which is a 1x2 matrix with the dimensions of the 
training data-images. It creates a figure in which it plots the 
weights of the last layer and the weights of the hidden layer. 

ainet = 
scripto(po_emo,hneurons,howmany)

This is actually a script that combines all the previous 
function. Inside the file you can define more parameters of the 
training and testing procedures. The most common parameters 
to change are given in arguments. ”po_emo” is 0 for pose and 
1 for expression recognition. Finally “howmany” defines the 
number of networks to train and test with the current 
parameter scheme (average values are displayed).   

 

Table 5.3: Final training and weights visualization functions 
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6.   Application in Pose/Expression Recognition
 

 

In the preceding Chapters we tried to make a synopsis of some important 
techniques and algorithms in the fields of facial expression analysis and artificial 
Neural Networks. In this Chapter all our knowledge in these two fields was 
combined and finally a working system that recognizes the direction in which a 
person is looking at and a system that recognizes one of four basic facial expressions 
were created. In Chapter 3 we introduced the Facial Expression Analysis framework, 
which consist of three basic and discreet stages. Figure 3.1 tells that the classification 
process should start with the Face Acquisition, followed by Facial Feature Extraction 
and Expression Classification stages. This is exactly the framework we followed 
throughout the development of our pose/expression recognition systems.  Since there 
are numerous techniques (see Chapter 3) in all the three basic stages it was not 
possible to investigate each one of them separately. Anyway, our main contribution 
was to report on NN issues for building such a system. The significant part of our 
report was on how to choose architecture and parameters for the NN system. 
However, our work was also concerned with the investigation of raw input versus 
other feature extraction techniques. Therefore, on the initial stages an effort was 
made to keep things simple and keep the complexity of our analysis to reasonable 
levels. 
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In the following sections of Chapter 6 we investigate various techniques but 
mainly explain the reasons why we make some specific decisions on the 
configuration of our models. The results of our systems with an extensive discussion 
on them can be found on Chapter 7.  

 

 

 

6.1 Face Acquisition 
 

Doing a little research on Internet it is possible to find a few face datasets.  For 
pose recognition there are really some freely available collections of face images that 
could be used for training and testing a pose recognition system. However, face 
datasets that are dedicated for expression recognition are few and in most cases you 
need to complete a payment form in order to acquire them. At the Centre for Vision, 
Speech and Signal Processing of the University of Surrey an interesting effort took 
place. They have captured a large multi-modal database, which enable the research 
community to test their multi-modal face verification algorithms on a high-quality 
large dataset. Unfortunately, the face images of the XM2FDB database [20] cannot 
be used for expression classification. 

 

 

6.1.1   Collecting face images 
 

Under these conditions, we decided to create and process our own dataset, using 
a digital camera. The digital camera was the 2.0 MegaPixels Kodak CX4230 and the 
initial face pictures had resolution of 616x816 pixels, all in 24-bit color depth.  

15 individuals were photographed, in quite the same lighting conditions, with 
four different expressions and four different head poses. Each expression and pose 
was photographed twice with a small variation between those two consecutive shots. 
Totally our initial (prior feature extraction) dataset consist of 240 face images. 120 of 
them were used from the pose recognition system since they depict subjects looking 
left, right, up and straight. The remaining 120 depict subjects with one of the 
expressions: happy, angry, neutral and sad. 

We tried to create a representative dataset, which can be used in the future by 
systems directed towards automatic facial expression classification. Unfortunately 
only 3 women volunteered in participating; hence the dataset is more likely to create 
systems that can recognize more easily expressions from facial features of men. 
Future additions in our dataset can overcome this problem. 

 

Avraam Kasapis 2003 



     6. Application in Pose/Expression Recognition – MLPs & Pose/Expression Classification 37

 6.1.2 Resize images 
 

Our initial dataset consists of images with dimensions 616x816 (rows x 
columns) pixels and 24-bit color depth. It is common to discard color information 
before feeding images into Neural Networks, since color can hardly give us any hint 
on the head pose or on the expression. But still the number of pixels, a total of 
502656 pixels, is enormous and training of a fully connected MLP with those inputs 
becomes impossible even for high-end computers. Training might take hours or even 
days in that case! 

Information about head posing (in larger degree) or emotion is sufficiently 
conveyed when we reasonably shrink our images. Despite the fact that, (mainly in 
the case of emotion recognition and secondary in pose recognition) there might be a 
slight loss of information when shrinking an image, it was inevitable to do so due to 
necessity for quick training. It is a tradeoff we should generally have in mind.  

Our pose recognition system worked well even if we had shrunk a segmented 
version of an initial image initial image to 30x32 pixels. As for the expression 
recognition system, it didn’t perform well when we fed it with such small images.  
With larger images expression recognition performance improved but still 
recognition power remained insufficient. 

 

The process of acquiring the final dataset, which eventually consists of many 
“resized” datasets, is given below and illustrated in Figure 6.1: 

 

1. From the initial image copy the appropriate area (shoulders and head) 
and shrink (extrapolate) so as to obtain a 120x128 image. 

 

2. Remove any color information and convert to an equal size PGM 
(Portable Gray Map image). 

 

3. Shrink and obtain two more version of the image, 60x64 and 30x32 
pixels 

 

(The block around the face, which is a kind of feature extraction, is analyzed in 6.2.) 
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  Figure 6.1: Resizing images we eventually obtain five grayscale datasets. 

 

 

6.1.3 Presentation of the database 
 

Now the entire database consists of five grayscale datasets. In Table 6.1 we 
show and comment on a small sample of our pose/expression database. 

 

 

Image collections Description 

All 15 subjects in various poses.  
The directions in which all subjects were 
looking at, are: 

Left 

Right 

Up 

Straight 
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All 15 subjects with various facial 
expressions. Possible expressions are: 

Happy 

Angry 

Neutral 

Sad 

 

All 15 subjects with their face block 
extracted from initial images.   

Common heuristic, which significantly 
improves the performance of expression 
recognition classifier. 

 

  Table 6.1: Some samples of the entire database. 

 

 

 
Figure 6.2:Four different poses, two photos each, by subject “aris”. 

 

 

 
Figure 6.3: Four different expressions, two photos each, by subject “katerina”. 
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6.2 Feature Extraction and Input standardization 
 

Feature extraction and input standardization are two basic ways of improving 
the performance of a facial expression recognition system before going in for the 
process of finding the optimal MLP structure and training parameters. These two 
stages are normally discreet but in some cases one depends to another (see 6.2.3 and 
PCA). As outlined in Chapter 3 our main concern when extracting features is to 
ignore irrelevant and redundant inputs, reduce dimensionality and accelerate training. 
For reasons described on 4.5.1 inputs must be scaled into small ranges, preferably 
around the origin.  

 

 

6.2.1 Extract face blocks 
 

So, our first concern was to extract feature blocks from the images that give 
sufficient information about the expression of the subjects. We decided that this is an 
area around the face, since all the other information is redundant and sometimes can 
be proved dangerous for classification. Sometimes MLPs can bring to surface hidden 
patterns and tend to learn totally irrelevant classification rules. For example they 
might learn to classify the background! However, it must be stressed that this is a 
result of insufficient preparation of data and not a malfunction of artificial Neural 
Networks. 

 

 
Figure 6.4: Four different expressions, two photos each, by subject “ilias”. 

 

The important features of facial expressions are mainly located around the 
eyebrows and the mouth. So we get our input from these regions only. It is very 
useful to create systems using some a piori knowledge of the problem (heuristic). 
However, we didn’t relied on an automatic face detection technique to do the job, 
since its performance would be another factor to deal with. Therefore, we extracted 
the image blocks around the face manually, a process illustrated at Figure 6.1. 
Samples of the extracted face blocks are also shown in Table 6.1 and Figure 6.4. 

In comparison with facial expression analysis, pose detection is less demanding, 
since MLPs classifiers can identify more easily exaggerated intensity in some areas 
of the image (this happens when there is out-of-plane rotation of faces) and thus 
classify successfully. Definitely in pose recognition the "important" pixels are much 
more than in emotion recognition. When referring to important pixels we mean 
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pixels, which contribute more on the total variance. For example, our pictures are 
taken under approximately the same conditions and the background pixels are all 
approximately of the same intensity level. So their variance is small, hence they don't 
contribute too much on the recognition process. That is why it was not necessary to 
extract any pixel block in the case of pose recognition. 

 

 

6.2.2 Four methods to standardize the MLP inputs 
 

The contribution of an input will depend heavily on its variability relative to 
other inputs. For lack of any prior information (regarding the importance of each 
input), it is common to standardize each input to the same range or the same standard 
deviation. It is the last step before feeding data into the classifier. Pose recognition 
system was tested for various input standardizations (the results can be found in 
Chapter 7). 

 

1. Scale each dimension-pixel from range [0,255] to range [0,1] 

 

2. Scale each dimension-pixels from range [0,255] to range [-1,1] 

 

3. Scale each dimension-pixels from range [min_intens,max_intens] to range  
[-1,1] 
(min_intens and max_intens are the minimum  and maximum pixel intensities on each 
dimension) 

 

4. Standardize input data so as to have mean 0 and standard deviation of 1 
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Figure 6.5: After scaling with all four methods we used Matlab function” imagesc” to show data. 

“imagesc” rescales back to range [0,255]. Methods 1 & 2 apparently result to the same initial image. 

 

Figure 6.5 shows the data after scaling with all four methods and rescaling back 
with the same method (Matlab function “imagesc” does the job). There is no way to 
say, just looking to the images, which input standardization method is better, unless 
we test them on our MLP classifier. This analysis can be found on the next chapter. 

 

 

6.2.3 Principal Components Analysis 
 

This transform is designed in such a way that the dataset may be represented by 
a reduced number of “effective” features and yet retains most of the intrinsic 
information content of the data; in other words, the data set undergoes a 
dimensionality reduction. 

When we do principal component analysis (described in 3.3) we first have to 
clarify what is the dimensionality and how many our training patterns are. In most 
cases, for both our pose and expression recognition systems, our training patterns 
were 80. Each image has 960 pixels for pose recognition and 810 (30x27 version) for 
expression recognition. The number of pixels defines the number of dimensions.  

Next step is to standardize our data to mean 0 and standard deviation of 1, just 
like method 4 in Figure 6.5. Afterwards we find the covariance matrix and its 
eigenvectors and eigenvalues.  Reorder eigenvectors so as to be in a descending 
order of “importance” (first eigenvectors are those whose corresponding eigevalues 
are the maximum). Then depending on the dimensionality reduction level we want to 
achieve, eliminate an appropriate number of less important eigenvectors. 
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Figure 6.6: First 960, 600 and 90 principal components from a dataset composed of 30x32 pixel 

images. Beside there are the three corresponding projections of the principal components to the initial 
960-dimentional space! 

 

For the initial image in Figure 6.5 PCA was used and finally 960, 600 and 90 
principal components were kept. In first column of Figure 6.6 principal components 
are depicted and it is interesting to mention that the first pixels are directly related to 
the most important eigenvectors, thus carry most of the information from the initial 
image. The latter speculation is illustrated in the second column. Here we actually 
decompressed our principal components and return back to 960-dimensional space. It 
is clear that decompressed pca960 is exactly the same image as the initial image 
(after applying method 4 of input standardization of course), hence no dimensionality 
reduction or compression occurred when we did pca960. In that case PCA only 
uncorrelated the initial data. However significant compression occurred when we 
kept only 600 principal components and even more when kept only 90! The images 
illustrate that even if we discarded up to 870 data points (pixels), essential 
information about the head pose was still present! 
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6.3 Neural Network classifiers 
 

This section discusses in detail some of our decisions on several issues that arise 
during the construction of the two artificial Neural Network classifiers for the tasks 
of pose and expression recognition. It is the final and most important step, though the 
success of such a recognition system does not exclusively rely on Neural Network 
optimization. All the three steps (Acquisition, Pre-processing, Classifier) for the 
development of a recognition system need care.  

What kind of weight initialization we used and why, how we interpreted the 
outputs, how we divided our dataset for training and testing, what parameters gave 
the best results and which MLP topology was responsible for them, are some of the 
issues that are illuminated by the following paragraphs. 

 

 

6.3.1 Initializing weights 
 

There were three possible alternatives when we tried to investigate how weight 
initialization affects our classifiers. The first was to use random initialization for 
every weight in our Neural Network in both hidden and output layer. The second 
approach was to initialize every weight to zero. Finally, we used zero initialization 
for the weights of the hidden layer and random for the weights of the output layer. 
Bear in mind that Matlab initializes weights to random small values between –1 and 
1, when random initialization is selected.   The conclusions apply both to pose and 
expression recognition systems. 

 

• Hidden-zero, output-zero 

There is no training at all! From Chapter 4 and Table 4.1 we derive the 
conclusion that indeed when weights are initialized to zero then no update occurs, 
which means that weights remain zero and performance constant. This 
initialization was discarded straight away. 

 

• Hidden-random, output-random 

This initialization works well, but no so well. The performance 
was not still satisfactory (40-45% accuracy in the best system). 
Beside there is an image representation of all the weight from 
one of the hidden neurons after the training of an expression 
recognition system. It seems to be random but it is a fact that 
weight updates are towards the direction of creating human 
morphs that fit to one expression or combination of 
expressions. We might need a lot of imagination in order to decrypt what is 
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behind this “noisy” image, but we are sure that weights were adjusted in such a 
way that match to one or more expressions. The speculation becomes clear when 
we used zero weights for the hidden layer and random for the output. 

 

• Hidden-zero, output-random  

This is actually the best weight initialization scheme we can 
get. With this one and an optimal selection of some other NN 
parameters we achieved generalization accuracy of 67.5% on 
average. It is clear, from the image beside, that weights 
somehow adapted human morphs that definitely help them to 
detect expressions (this weight matrix contributes more 
towards the detection of neutral faces).   

 

 

6.3.2 Outputs of NN classifiers 
 

In classification problems we typically use the so-called ‘1-of-N’ encoding to 
determine the number of outputs in our Neural Network. If we want to train our 
network in order to simulate the behavior of a function with four possible outcomes, 
we could just use one output, assigning values 0.2 to one outcome, 0.4 to other ...etc. 
Instead we use as many outputs as the number of our classification classes. That is 
why we decided to use 4 outputs, one for each classification class (either a person 
looks left, straight, right, up or he/she is happy, angry, neutral, sad). One important 
issue is that we should generally avoid assigning values 0 or 1 in our outputs. This is 
so, because in most cases we use sigmoid transfer functions and we don’t want 
weights to grow without bound (see sigmoid saturation in Figure 4.7). We used 
sigmoid functions as transfer functions at all neurons in our implementations. 
Hopefully, we can assign values 0.1 & 0.9 to show our confidence (0.1 is low 
confidence) for each output. 

 

 
Figure 6.7: a) log-sigmoid, b) tan-sigmoid 
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All neurons in both pose and expression recognition tasks use the log-sigmoid 
transfer function, shown in Figure 6.7a. This is essential, especially for the output 
neurons. If for example we use the tan-sigmoid, shown in Figure 6.7b, transfer 
function then neurons of the final layer output values varying from –1 to 1. Since we 
want to restrict our outputs to a range of 0.1 to 0.9, this is a problem.  Fortunately 
log-sigmoid was ideal for our systems since outputs values from 0 to 1(ideally). 
Moreover, a system with tan-sigmoids in hidden layer and log-sigmoids in final layer 
was tested but performed worse than a pure log-sigmoid network. 

 

target pose expression 



















1.0
1.0
1.0
9.0

 

 

left 

 

angry 



















1.0
1.0
9.0
1.0

 

 

straight 

 

happy 



















1.0
9.0
1.0
1.0

 

 

right 

 

neutral 



















9.0
1.0
1.0
1.0

 

 

up 

 

sad 

 

Table 6.2: Targets and their interpretation for each system 

 

So, in our implementation we used four outputs, and for each one we assigned 
numbers 0.1 and 0.9 to show not confidence and confidence that a person is facing in 
a certain direction. For example, when we trained the first image of Figure 6.4 the 
target vector was [0.9 0.1 0.1 0.1], since the person looks angry! Table 6.2 shows the 
correspondence between pose/expression and target vector. On the other hand, when 
we test a Neural Network (for expression classification) with a given input, we might 
get an output vector like this: [0.23 0.83 0.23 0.12]. Using the so-called WTA 
(Winner Takes it All) approach we draw the conclusion that the input face is 
classified as happy.    
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6.3.3 Output evaluation 
 

Mean Square Error is the error function we used in both pose and expression 
recognition systems in order to evaluate the performance of each system. However, 
MSE was not the only performance metric we used in our investigation. Another 
important metric was obtained by evaluating the percentage of correct classifications 
over a test set. This is called Generalization accuracy. Another important parameter 
is the standard deviation of the Generalization accuracy (when we train and test our 
network many times). Finally we introduce one more performance metric, which we 
call “Partiality metric”. Partiality is the standard deviation of the correct 
classifications for the four classes and it is a metric of how biased the system is. 

In order to see in practice the importance of all these performance metrics, we 
trained an expression classifier and we tracked all the previous metrics. Table 6.3 
shows the results, while the output log is given below: 

 

TRAINGDM, Epoch 0/1000, MSE 0.260437/0.0005, Gradient 0.138473/1e-010 

TRAINGDM, Epoch 100/1000, MSE 0.0044079/0.0005, Gradient 0.00625239/1e-010 

TRAINGDM, Epoch 200/1000, MSE 0.00101858/0.0005, Gradient 0.00217485/1e-010 

TRAINGDM, Epoch 281/1000, MSE 0.000498563/0.0005, Gradient 0.00127124/1e-010 

TRAINGDM, Performance goal met. 

Total time =5.087sec 

--------------TRAINING-------------- 

In a set of #angry=20.Correct=20 

In a set of #happy=20.Correct=20 

In a set of #neutral=20.Correct=20 

In a set of #sad=20.Correct=20 

Network #1 is the best so far! TRAIN Accuracy=100% 

--------------TESTING-------------- 

In a set of #angry=10.Correct=7 

In a set of #happy=10.Correct=9 

In a set of #neutral=10.Correct=6 

In a set of #sad=10.Correct=4 

Network #1 is the best so far! TEST Accuracy=65% 

Partiality=1.8028 

mseperf_test=0.079108 
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Performance metric Value – Comment 

Training MSE 0.005 since the performance goal of 0.005 was met. 

Training accuracy 100% since all 80 of the training patterns were classified 
correctly. 

Testing MSE 0.079108 

Testing accuracy 65% 7+9+6+4=26 test patterns out of a total of 40 were 
classified correctly. 

 

 

 

 

 

Partiality 

1.8028 it is the standard deviation of the vector [7 9 6 4]. 
Empirically a small value (<2.0) is a good value that 
guarantees that the system does not favor any of the classes. 
In our example since correct classifications are well 
distributed over all four classes we say that it is unbiased. If 
for example the above vector was [10 0 10 0] then our 
system performs perfectly on angry and neutral faces but 
with a maximum partiality of 5 it is clearly biased!! 
However a system with small Partiality does not mean that 
always generalizes well! For example if now the vector of 
correct classifications was [2 3 1 3], then Partiality is only 
0.8292 but the Generalization accuracy is poor, only 22.5%. 
This analysis wants to demonstrate that the upper Partiality 
metric should be used in conjunction with other metrics for 
more “secure” performance evaluation. 

Total time of training 5.087sec 

 

Table 6.3: Most important performance metrics from a random training of the best expression 
recognition system, discussed in 6.3.5. 

 

An objective and secure evaluation of the performance of a system can be 
obtained only as a combination of the previous performance metrics. Therefore, a 
system with relatively small Generalization (test) error, large Generalization 
accuracy and small Partiality metric can be characterized as sufficiently good. A 
good Generalization accuracy is not always a good indicator of the robustness of our 
system. Suppose two different systems (different structure and parameters) are tested 
with the same test set. The first gives Generalization accuracy of 62% and a test 
MSE of 0.08, while the other gives exactly the same Generalization accuracy but a 
test MSE of 0.055. The best (assume also that they have equivalent Partiality metric) 
between the two is definitely the one with the minimum MSE, even though both 
systems perform equally in terms of accuracy. Smaller MSE means that the output of 
the system is closer to the target function. For example the first system will possibly 
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result in an output  for a given input, which means that the input was 

classified as neutral. For the same input, the second system might output  

which is a better solution in terms of MSE but it is the same solution in terms of 
accuracy. 
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6.3.4 Test, train and validation set 
 

The last decision is how to divide out dataset before we start training and 
testing. In our systems 3

2 of a dataset for training and 3
1  for testing suffice and 

guaranties stable training and good generalization. The pose recognition dataset 
consists of 120 images from 15 different subjects, 8 images per subject (2 for each 
pose). A decision was made that the 30x32 version (see Figure 6.1) is sufficient for 
this purpose. Similarly, the emotion recognition dataset is composed of 120 images 
from 15 different subjects, 8 images per subject (2 for each expression). Here the 
30x27 version worked well and quick with the task of expression classification. 

 Therefore, in both systems, training sets were composed of 80 images and test 
sets of 40. Special care is needed when we distribute those images between the two 
sets. Since Generalization accuracy needs to be an unbiased estimator of the system’s 
performance, it must calculated only on images of novel subjects. This means that all 
8 images of a subject must be included either to the training set or the testing set. If 
we both use them in training and testing or use half of them in training and half of 
them in testing then we definitely add some undesirable bias to the system and the 
Generalization performance would be a biased estimator. 

 In some cases, when systems started to overfit very soon we used a separate set 
of images for validation. Early stopping, discussed in Chapter 4, helps us to estimate 
approximately when overfitting occurs and indicates that this is a good point to stop 
training. When validation was used, validation set was the 25% of the training set. 

 Unfortunately, there are plenty of “random” parameters that must be taken in to 
account when building such systems. Picking subjects for the train and test set is one 
of them. Ideally we would like to pick subjects for the train and test set randomly and 
estimate averages over a very large number of trainings and tests. However, when we 
constructed our systems we wanted to restrict the number of “random” parameter in 
order to compare various NN topologies and BACKPROPAGATION parameters. 
Therefore, we picked once randomly 3

2  of all images for the train set 
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and the rest for the test set. These two random sets have always been used 
since. 

 

 

6.3.5 Best topology and parameters 
 

After a constructive procedure (adding neurons to hidden layer and train/test), 
which is described in Chapter 7 we concluded in the final topology and the best 
parameters for both our pose and expression recognition systems. Table 6.4 gives the 
most important details of these systems. 

 

Parameter Expression Pose 

Dataset Face blocks 30x27 pixel All data shirked to 30x32 pixel 

Training set 66.66% 66.66% 

Test set 33.33% 33.33% 

Validation set 0% 0% 

Input standardization/PCA [-1,1], method 2 (see 6.2.2) Standardize to mean=0, std=1 

Weight initialization Hidden layer=0, 
 final layer=random 

Hidden layer=0, 
 final layer=random 

Training Algorithm Gradient descent with 
momentum 

Gradient descent with 
momentum 

Transfer functions Both layers use log-sigmoid Both layers use log-sigmoid 

#Neurons in hidden layer 8 5 

Learning rate 0.9 0.3 

Momentum term 0.6 0.6 

 

Table 6.4: Best systems and their parameters. 

 

Training and testing 20 times (for various random weight initializations) each 
recognition system we obtain some performance characteristics in Table 6.5. 
Expressions recognition system was trained for 250 epochs. Experimentally after this 
point the system begun to overfit the training data and generalization performance 
decayed. On the other hand the pose recognition system needed more epochs (1500) 
to generalize almost perfectly (up to 95%). 
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Performance metric* Best expression system Best pose system 

Generalization MSE 0.072391 0.012664 

Generalization Accuracy 66.875% 95% 

Generalization STD 3.332% 0 

Partiality 1.7705 0.86603 

Training time 4.2471 sec 18.2727 

*All performance metrics are mean values of 20 separate experiments. 

 

Table 6.5:Mean values of various performance metrics for 20 trainings/tests for each system. 

 

 

  
Figure 6.8: a) Best topology for our ANN pose recognition system, 
b) Best topology for our ANN facial expression recognition system 
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7.   Results 
 

 

Many fundamental problems such as a long and uncertain training process, 
selection of network topology and parameters still remain unsolved. There are 
virtually no tools (excluding heuristics and previous experience) to select an 
appropriate architecture (numbers of neurons and layers) and learning parameters. 
However, in most cases learning or training of a neural network is based on a trial 
and error method. 
 
Two types of adaptive methods can be used: 
 

• Start from a large network and successively remove some neurons and links 
until network performance degrades. 

• Begin with a small network and introduce new neurons until performance is 
satisfactory. 

 
The right values of learning rate and momentum depend on the application. 

Values between 0.1 and 0.9 for both of them have been used in many applications 
but this is not restrictive at all. This issue is also solved by trial and error. Finally, the 
choice of the optimal input data pre-processing is also left to trial and error. 
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 In this Chapter we demonstrate, with the help of many informative figures, how 
we decided on the optimal number of neurons for the hidden layer, on the optimal 
values of learning rate and momentum term and on the optimal input pre-processing 
technique. The optimal parameters and topology for both pose and expression 
recognition systems are shown in Table 6.4 and Figure 6.8.  Finally, we visualized 
the NN weights for both systems and commented on the internal representations of 
these classifiers.  

It is important to clear out which NN training parameters were kept fixed and 
which varied during the upper tasks. Therefore, each section begins with a table, 
which shows all the parameters used in the experiments (and how many of them 
stayed fixed).  

 

 

7.1 Searching for the optimal NN topology 
 

Parameter Expression Pose 
Dataset Face blocks 30x27 pixel  All data shirked to 30x32 pixel 

Training set 66.66%  66.66%  
Test set 33.33%  33.33%  

Validation set 0%  0%  
Input 

standardization/PCA 
[-1,1], method 2 (see 6.2.2)  [-1,1], method 2 (see 6.2.2)  

Weight initialization Hidden layer=0, 
 final layer=random  

Hidden layer=0, 
 final layer=random  

Training Algorithm Gradient descent with momentum 
 

Gradient descent with momentum 
 

Transfer functions Both layers use log-sigmoid  Both layers use log-sigmoid  
#Neurons in hidden layer {1,2,3,4,6,8,10,12,16,20, 

30,40,60,80,120,200,300}  
{1,3,4,5,6,10,20,40,80} 

Learning rate 0.3  0.3  
Momentum term 0.6  0.6  

Minimum training MSE 0.05  0.0005  
Maximum epochs 4000  2500  

 

Table 7.1:Ttrial and error for various NN topologies 

 

 In this section we attempted to find the optimal NN topology for the given 
scheme of Table 7.1 by training and testing MLPs, whose number of neurons in 
hidden layer varies from 1 to 300. We kept all the other parameters constant. Also we 
used a slightly small learning rate and a reasonable momentum term, so as to avoid 
too fast or too slow learning and ensure smooth training (however these values may 
not give the optimal results for the given NN topology). 
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7.1.1 Topology – facial expression classifier 
 

Figures 7.1, 7.2 and 7.3 were obtained after training 17 MLPs, 10 times each, 
with the parameters given in Table 7.1. As discussed earlier a good combination of 
Generalization MSE, accuracy and partiality indicates a good MLP structure. 
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Figure 7.1: Generalization MSE for a number of MLPs 

 

 In general, Generalization versus number of hidden neurons has a bathtub or 
“U” shape. This is the case in all three figures (Figure 7.2 is an up-side-down “U”). 
For a small number of neurons (1 to 3) in the hidden layer we observed large MSE, 
low accuracy and generally large partiality. The MLPs were not flexible enough to 
capture the underlying process and due to large bias they generalize poorly. We 
faced similar Generalization performance, even when we used too many neurons in 
the hidden layer. After ~12 neurons, MSE came back to the levels of a system with 
only 3 neurons in the hidden layer. An enormous 300-neurons MLP never converged 
within the required 4000 epochs (see Table 7.1). 

 Common wisdom says that by adding more and more units in the hidden layer 
the training error can be made as small as desired but generally each additional unit 
will produce less and less benefit. When too many neurons, poor performance is a 
direct effect of overfitting (more details in Chapter 4). The system overfits the 
training data and does not perform well on novel patterns. 
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Figure 7.2: Generalization accuracy for a number of MLPs 

 

Partiality metric versus #neurons

1 2 3 4 6 8 10 12 16 20 30 40 60 80 12
0

20
0

30
0

# of neurons in hidden layer

1.6

1.8

2.0

2.2

2.4

2.6

2.8

3.0

3.2

3.4

3.6

3.8

4.0

4.2

4.4

4.6

P
ar

tia
lit

y

 
Figure 7.3: Partiality metric for a number of MLPs 
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 Size 8 seemed to be the size with the overall optimal Generalization 
performance. It scored the least MSE, one of the best accuracy values (66.5%) and a 
partiality of less than 2 (MSE is the most important generalization metric). Therefore 
we experimentally showed that 8 neurons in the hidden layer are sufficient for good 
Generalization performance. 

 Next, we changed the fixed number of epochs from 4000 to 1000 and the 
minimum Training MSE to 0 from 0.05. We trained and tested the MLPs again. 
Figure 7.4 (again shows average values of 10 trainings/tests for each MLP) shows 
Generalization MSE and training time versus the MLP topology. Our confidence in a 
topology with 8 neurons in hidden layer was enforced. Figure 7.4 also demonstrates 
the fact that when we use more hidden units training time increases (since MLPs 
become more computationally demanding). 

 

MSE and training time for various #neurons
(fixed 1000 epochs)
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 Figure 7.4: MSE and training time for a number of MLP, after 1000 epochs 

 

Figure 7.4 was also shown in order to illustrate the effect of overfitting. For 
example, if we carefully look in both Figure 7.4 and Figure 7.1 for the value of MSE 
at 100 neurons, we clearly see difference. When we trained our NN with maximum 
4000 epochs and minimum training MSE of 0.05, Generalization at 100 neurons was 
somewhere between 0.077924 and 0.08078. However when we trained our NN in 
1000 epochs (with minimum MSE=0, which means that training surely reached 1000 
epochs), Generalization climbed up to 0.091423! In the first case the system 
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converged to 0.05 sooner than 1000 epochs and stopped there (in approximately 165 
epochs). More training (in second case) caused system to overfit the training data and 
not generalize well on novel patterns. That is why MSE is greater in the second case. 

One technique to avoid overfitting is early stopping, discussed in Chapter 4. The 
following plots demonstrate how a separate validation set can stop training in a good 
minimum. Training error was continuously decreasing. But from some point (epoch 
315) generalization error started to increase due to overfitting. When we used 
validation set and the training stopped, the Generalization MSE was 0.085481 and 
accuracy was 67.5%. When training continued until 2000 epochs, MSE and accuracy 
was 0.087251 and 60% respectively. 
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7.1.2 Topology – pose classifier 
 

Working similarly to 7.1.1 we found the optimal number of units in the hidden 
layer for the pose classifier. A decision was a made to use 5 hidden units and the 
final topology can be found in Figure 6.8a. Figure 7.5 just like Figure 7.1 is a 
Generalization MSE versus #neurons plot. 
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Figure 7.5: Generalization MSE for a number of MLPs 

 

 

 

7.2 Optimal BACKPROPAGATION parameters 
 

In this section we attempted to find the optimal BACKPROPAGATION 
parameters for the given scheme of Table 7.2 by training and testing MLPs. This 
time, the number of neurons in the hidden layer for both systems is fixed. Based on 
the investigation in 7.1 we decided to use 8 neurons in the facial expression 
recognition system and 5 neurons in the pose recognition system.  Therefore in this 
section we used varying combinations of learning rates and momentum terms in 
order to conclude to one, which seems to behave stably. 
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Parameter Expression Pose 
Dataset Face blocks 30x27 pixel  All data shirked to 30x32 pixel  

Training set 66.66%  66.66%  
Test set 33.33%  33.33%  

Validation set 0%  0%  
Input 

standardization/PCA 
[-1,1], method 2 (see 6.2.2)  [-1,1], method 2 (see 6.2.2)  

Weight initialization Hidden layer=0, 
 final layer=random  

Hidden layer=0, 
 final layer=random  

Training Algorithm Gradient descent with momentum 
 

Gradient descent with momentum 
 

Transfer functions Both layers use log-sigmoid  Both layers use log-sigmoid  
#Neurons in hidden layer 8  5  

Learning rate {0.1,0.5,0.9,1.5,3,6,10,20,30,50,60} {0.01,0.3,0.9,1.5,2} 
Momentum term {0,0.6,0.99}  {0.1,0.6,0.99}  

Minimum training MSE 0  0   
Maximum epochs 200  1000  

 

Table 7.1:Ttrial and error for various BACKPROPAGATION parameters 

 

 

7.2.1 Learning rate and momentum – facial expression classifier 
 

Figure 7.6 clearly illustrates that for very large momentum values training 
becomes more and more unstable as learning rate increases (see MSE,mc=0.99). This 
had a direct effect on the Generalization error, which became unacceptably large. 
Generalization error (except from the case we used very large momentum) seems to 
follow a “U”-shaped trajectory. At small learning rates, training times were high 
simply because each weight change was too small. System did not achieve low 
training error within 200 epochs and consequently Generalization was poor as well. 
By increasing learning rate we improved both training error and generalization error. 
However, as we continued to increase learning rate we observed that generalization 
error starts to stabilize and from some point, of very high learning rate, it increases 
sharply (training error had exactly the same behavior).  

Figure 7.6 also illustrates that the use of a momentum term enhances training 
only when learning rate is sufficiently small. For example at 0.1, 0.5 and 0.9 MSE 
error was smaller when we used a mediocre momentum of 0.6 than when we did not 
use a momentum at all. The combination of large learning rates and large momentum 
values usually had catastrophic effects on our training. Rough chaotic oscillations 
made their presence and in most cases the network wandered aimlessly or got stuck 
at high errors. 
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MSE versus learning rate for various momemtum terms
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Figure 7.6: Generalization MSE for a number of learning rates and momentum terms. 

 

Therefore, the arisen question was “Relatively large learning rates but no 
momentum or relatively small learning rates with a mediocre momentum?”. MSE 
errors for the second case were slightly better but this was not the only reason that 
forced us to adapt those parameters. Analysis in Chapter 4 and especially in 4.4.2 
about the benefits of using a momentum term played important role in our decision. 
The fact is that empirical evidence shows that the use of a momentum in the 
BACKPROPAGATION algorithm can be helpful in speeding the convergence and 
avoiding local minima in the error surface. Thus we decided that a quite small 
learning rate of 0.9 and a momentum term of 0.6 seemed to be the optimal solutions 
for our facial expression recognition system. 

 Figure 7.7 shows training MSE when we trained our system with the same small 
learning rate and different momentum. As discussed earlier small learning rate and 
large momentum (0.99) combined together converge faster.  

Finally, Figure 7.8 illustrates the “U”-shape effect observed in Figure 7.6 from 
a different perspective. In this figure we see that for small and very high values of 
learning rate, there was substantially no learning due to slow learning (small learning 
rate) or chaotic oscillations (large learning rates). Large learning rates of 10 or 20 
might give small training error but they do not guarantee smooth training. 
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            Figure 7.7: Training with a small learning rate and varying momentum  

 

 
 

             Figure 7.8: Training with no momentum rate and varying learning rate 
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7.2.2 Learning rate and momentum – pose classifier 
 

 Pose classifier behaved similarly throughout our investigation for the optimal set 
of learning rate and momentum. Virtually all the conclusions we draw in 7.2.1 apply 
in pose recognition system as well. Our investigation concluded in selecting 0.3 for 
learning rate and 0.6 for momentum term. The only difference with the system in 
7.2.1 was that pose classifier seemed to be more sensitive to higher learning rates. 
And that is why we constrained the learning rate to a relatively small value (0.3). 
Figure 7.9 show the effect of various sets in the Generalization error. 

 

 
 

  Figure 7.9: Testing with 3 different pairs of learning rate and momentum 

 

 

 

7.3 Comparison between input standardization techniques 
 

In 6.2.2 of the previous chapter we discussed on four methods of standardizing 
our input images before feeding them to the NN classifiers. Furthermore, in 6.2.3 we 
demonstrated how we applied Principal Components Analysis on our dataset. 

So, we trained and tested our classifiers with all these techniques and finally we 
draw some interesting conclusions, especially for the pose recognition system. Facial 
expression recognition system did not perform well when we standardized our inputs 
to zero mean and standard deviation of one. No wonder PCA performed poorly, since 
in order to use PCA we first had to standardize to zero mean and standard deviation 
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of one. Therefore we demonstrate a comparison between various input 
standardization and PCA techniques only for the pose recognition classifier. 

 

Parameter Pose 
Dataset All data shirked to 30x32 pixel  

Training set 66.66%  
Test set 33.33%  

Validation set 0%  
Input standardization/PCA { [0,1]~method1, [-1,1]~method2, m[-1,1]~method3, 

std~method4, PCA500, PCA200, PCA50, PCA10 } (see 6.2.2) }
Weight initialization Hidden layer=0, 

 final layer=random  
Training Algorithm Gradient descent with momentum  
Transfer functions Both layers use log-sigmoid  

#Neurons in hidden layer 5  
Learning rate 0.3  

Momentum term 0.6  
Minimum training MSE 0.0005   

Maximum epochs 2000  
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Figure 7.10: How Generalization performance and training time is affected by the input 
initialization method 
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It is interesting to see that Generalization MSE reached a minimum when we 
standardize our inputs to zero mean and standard deviation of 1! Also training 
performance is similar either we kept 500 principal components or 200 or even 50! 
This illustrates that only the first few principal components keep the most 
discriminatory data information. However, those few important principal 
components must had been more than 10, because when we used PCA10 
performance dropped down again.  

 Better standardization method means faster convergence and hence less training 
time. As for PCA it becomes apparent that as we discarded more and more principal 
components training became faster, since smaller networks were eventually trained. 

 

 

 

7.4 Internal representations 
 

What is really intriguing about ANNs and BACKPROPAGATION is the ability 
to discover useful intermediate representations at hidden layers! Training examples 
constrain only inputs and outputs. Thus, new hidden layer features come into the 
surface, which are not explicit in the input representation, but capture properties of 
the inputs that are most relevant to learning the target function. This means that in 
our facial emotion recognition system all the essential information from all 810 
inputs must be captured in only 8 hidden units (and in their weights). Similarly in 
pose recognition all 960 inputs must be captured in only 5 hidden units. 

Generally weights in hidden neurons act like feature extractors, since NNs must 
capture, in a small number of hidden neurons, all the discriminatory information 
from a quite large number of input patterns! This is something that was really proved 
when we visualized the weight matrices of the hidden layer. 

 

 

7.4.1 Expression classifier – Weight visualization 
 

We trained our facial expression classifier with the optimal structure and 
parameters shown in Table 6.4. The obtained final weights, in both hidden and 
output layer were normalized to a range [0,255], in order to present them as gray 
levels. In Figure 7.11, the first gray level in output units corresponds to the bias of 
the output unit, while the following eight are the weights related to (coming from) 
the first, second, … eighth hidden unit.  

If we look carefully at Figure 7.11 we can recognize that all hidden weights 
somehow represent human faces looking sad (mainly hidden1, hidden2 and hidden3), 
happy (mainly hidden6 and hidden7), angry (mainly hidden4) or neutral (mainly 
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hidden5). However, some of the weights can be interpreted as mixed expressions. 
For example, hidden1 is a mixed sad and happy face or hidden6 is between a happy 
face and an angry face.   

An even closer look at the weights of the hidden layer confirms the speculation 
that hidden neurons act like feature extractors. Eyebrows, eyes and mouth are the 
areas whose pixel intensities vary the most between the eight images. This means 
that NN concentrated more on these areas. Usually when a person smiles their mouth 
is open and their white teeth make their presence. This is indeed what we see in 
hidden 6 and 7, and hence mainly these two neurons act as  “teeth detectors”. 
Similarly other neurons (like hidden neurons 1 2 and 3) act as “eyebrows detectors” 
and “closed-eyes detectors”. Hidden unit 4, act as a “closer-eyebrows detector” and 
“mouth-deformation detector”, which are facial characteristics of anger.  

It was important to understand how the faces in hidden neurons actually affect 
the classification decision. For example Hidden5 is translated to a white weight 
(large value) in output, labeled ‘Neutral’ (and it was actually the only strong value 
there). Output, labeled ‘Happy’ has a strong positive value in its seventh weight, 
which is “coming” from the seventh hidden neuron! 

 

OUTPUT LAYER 

 
HIDDEN LAYER 

 

 
Figure 7.11: Weight visualization. Weights of the output layer are shown in the top. All the other 

images derived from the weights of the hidden layer (composed of 8 neurons). 

 

Intuitively we can understand how the developed inner representation of ANNs 
affects the classification. However, when there are many hidden units or we have 
many hidden layers this is an extremely difficult task. 
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7.4.2 Pose classifier – Weight visualization 
 

The analysis for the weights of the pose classifier has qualitative similarities 
with the analysis of the expression classifier in 7.4.1. Now, in the hidden weights of 
Figure 7.12 we observe human morphs looking left (hidden4), right (hidden1) etc. 
Here the pose classifier seemed to detect the position of the faces (white areas). For 
example hidden3 is a “face-up detector”.  

Figure 7.12 also illustrates the strong relation between the weights of a hidden 
neuron and the weights of an output neuron. For example, the output labelled ‘Right’ 
has a strong positive value in the weight, which is “coming” from the first hidden 
unit. If we look at the image of hidden1 we clearly see a human morph looking on 
their right! 

 

   OUTPUT LAYER 

 
HIDDEN LAYER 

 

Figure 7.12: Weight visualization. Weights of the output layer are shown in the top. All the other 
images derived from the weights of the hidden layer (composed of 5 neurons). 
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8.   Conclusions and Future Work 
 

 

In summary, artificial Neural Networks and especially MLPs are one of the 
promises for the future in pattern recognition. They offer an ability to perform tasks 
outside the scope of traditional processors. They can recognize patterns within large 
datasets and then generalize those patterns into recommended courses of action. Yet, 
even though they are not traditionally programmed, the designing of neural networks 
does require a skill. This skill involves a strategy to acquire the necessary data to 
train the network. It also involves the selection of learning rules, transfer functions, 
data preprocessing methods and mainly how to connect the neurons within the 
network. 

The project objectives were to analyze, design and simulate, using Matlab NN 
toolkit, two pattern recognition systems. Based on a facial expression analysis 
framework we introduced in Chapter 3, we engineered an expression recognition 
system to provide good classification performance on a small database of reliably 
recognizable facial expressions. In parallel, we used similar methodology to develop 
an automatic pose recognition system.  

Both systems’ development consisted of three stages. First, we composed a 
database of images from 15 individuals in four head poses and four facial 
expressions. Next, we investigated various feature extraction and input 
standardization techniques and finally a “trial and error” method was applied in order 
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to find optimal NN architecture and BACKPROPAGATION parameters. We 
resulted in a facial expression recognition system with 66.875% mean accuracy and 
pose recognition of 95%. However, as stressed in many parts of our report it is not 
safe to judge our systems only from the Generalization accuracy metric. A 
combination of a small Generalization MSE and high accuracy was our main 
concern. 

The two multilayer perceptron networks with one hidden layer were developed 
to extract a small number of facial expressions and head poses from still images. 
How the MLPs work internally in order to achieve these tasks was illustrated by 
visualizing the weights.  This gave us the ability to discover how networks work and 
proved the speculation that MLPs act as feature detectors. 

However, there is much space for improvement for our systems and especially 
for the facial expression classifier. The acquired dataset could be more representative 
of the total population if we had added more subjects and especially more women 
faces. The main reason for the moderate performance of our system is the feature 
extraction step, which currently extracts only the block of pixels around the face of a 
subject. No doubt numerical performance could be improved. However, it is more 
important to escape the fundamental artificiality of the task, dealing with extreme 
cases of a very small number of expressions that vary in many facial regions. For 
example we could greatly improve generalization accuracy if we extracted only pixel 
blocks around the eyes, eyebrows and mouth. Further improvement would be to feed 
our Neural Networks with numerical values that represent contours or Euclidean 
distances between points in the eyes and mouth, as well as pixel blocks [8,17]. 

A better training strategy and a better choice of network structure may yield 
better classification results. We could investigate the effect of using more than one 
hidden layers. Moreover, a better knowledge of the problem may be useful in 
building a good neural network. For example, the structure of the hidden layers could 
depend on the emotions we specialize in (not fully connected network between the 
hidden layer and the output layer. Some hidden neurons are connected to happy 
output, other to sad etc.). There could be a difference in the number of hidden 
neurons belonging to each output [17], since the recognition of happy faces is much 
easier than the recognition of sad ones, a fact that was previously known from 
experiments with humans. 

From the NEuroNet [23], people were doing a similar task. They used a 
BACKPROPAGATION network to recognize the four facial expressions: neutral, 
angry, happy and sad. They achieved a hit rate of 78% but their input images were 
normalized. We cannot say that our system could outperform this hit rate if we 
normalized our inputs, but would surely perform much better than 66.875%. 
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filevector.m 
 
function vector = filevector(folder_name) 
 
%------------------------------------------------------------ 
%              vector = filevector(folder_name) 
% 
% 
% Creates a cell array with the names of all files in folder_name 
% and its subfolders! 
% ->folder_name = the name of the folder. 
% If no argument then folder is the current directory (pwd). 
% 
% Algorithm: 
% Rather complicated but it works. ATTENTION: the path where 
% filevector.m lies, must be added using addpath() command first! 
% 
% ------------------/* Avraam Kasapis 2003*\------------------ 
 
current_folder=pwd; 
if nargin==0 
    folder_name = pwd; 
else 
    cd(folder_name); 
end 
filestruct=dir; 
stackFold=[]; 
stackFile=[]; 
for i=1:length(filestruct) 
    if filestruct(i).isdir 
        stackFold=[stackFold {filestruct(i).name}]; 
    else 
        stackFile=[stackFile {filestruct(i).name}]; 
    end 
end 
 
%Omit it if you don't want full-path names 
for i=1:length(stackFile) 
    stackFile{i}=[pwd '\' stackFile{i}]; 
end 
%----------------------------------------- 
 
f=length(stackFold); 
%eliminate '.' & '..' 
if length(stackFold)>2 
    stackFold=stackFold(3:end); 
else 
    stackFold=[]; 
end 
 
%for all directories 
tempvector=[]; 
for i=1:length(stackFold) 
    tempvector=[tempvector filevector(stackFold{i})]; 
end 
 
vector=[tempvector stackFile]; 
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cd(current_folder); 

 

scale.m 
 
function scmat = scale(a,b,A,B,mat,flaga) 
 
%------------------------------------------------------------ 
%             scmat = scale(a,b,A,B,mat,flaga) 
% 
% Scales the data matrix |mat| from interval [a b] to [A B] 
% flaga = a flag which defines if we want integer or double 
% (flaga = 0 from double/integer to integer, flaga = 1 from  
%  integer/double to double) 
% 
% 
% Algorithm: 
% Standard scaling! 
% 
% ------------------/* Avraam Kasapis 2003*\------------------ 
 
if a==0 & b==0 
    scmat=mat; 
else 
    if isempty(mat) 
        scmat = []; 
    else 
        if flaga == 0 
            scmat = round((mat-a)*abs(A-B)/abs(a-b)+A); 
        else 
            scmat = (mat-a)*abs(A-B)/abs(a-b)+A; 
        end 
    end 
end 

 
 
readpgm.m 
 
function matrix = readpgm(filename) 
 
%------------------------------------------------------------ 
%                 matrix = readpgm(filename) 
% 
% 
% READPGM(FILENAME) creates a matrix, representing 
% a binary portable gray map image.(PGM 256-levels) 
% 
% Algorithm: 
% Standard file Reader 
% 
% ------------------/* Avraam Kasapis 2003*\------------------ 
 
fid=fopen(filename,'r'); 
 
%get file-identifier 
magica=fgetl(fid); 
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if magica=='P5' | magica=='P2' 
    strdim=fgetl(fid); 
     
    %check for garbage and if there are...try again next line! 
    if strdim(1)=='#' 
        strdim=fgetl(fid); 
    end 
    %n=columns m=lines,Transpose it in order to use in fread. 
    nm=(sscanf(strdim,'%d'))'; 
     
     
    %get gray-levels 
    graystr=fgetl(fid); 
    graymax=sscanf(graystr,'%d'); 
    precision='uint8'; 
     
    %create matrix with fread 
    matrix=uint8((fread(fid,nm,precision))');  
     
else 
    error('The file is not a Binary PGM image!'); 
end 
fclose(fid); 

 
 
writepgm.m 
 
function writepgm(image,filename) 
 
%------------------------------------------------------------ 
%                 matrix = readpgm(filename) 
% 
% 
% WRITEPGM(FILENAME) creates an image-file from a matrix, 
% The file is a binary portable gray map image.(PGM 256-levels) 
% 
% Algorithm: 
% Standard file Writer 
% 
% ------------------/* Avraam Kasapis 2003*\------------------ 
 
if ~(image <= 255 & image >= 0) 
  error('Image pixels out of range.'); 
end; 
 
% Open the file 
fid = fopen(filename,'w'); 
 
if fid < 0 
  error(sprintf('Could not open %s for writing.',filename)); 
end; 
 
width = size(image,2); 
height = size(image,1); 
 
% Write header information 
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fprintf(fid,'P5\n'); 
fprintf(fid,'%d %d\n',width,height); 
fprintf(fid,'255\n'); 
 
% Write the raw data 
count = fwrite(fid,image','uint8'); 
 
fclose(fid); 

 
 
getdata.m 
 
function [data , targets , arity] = getdata(dir,to,po_emo_flag) 
 
%------------------------------------------------------------ 
%   [data , targets , arity] = getdata(dir,to,po_emo_flag) 
% 
% 
% Returns data(images) in column-wise form accompanied by the 
% corresponding target values. 
% ->arity = number of columns in data(substantially: how many 
images) 
% ->dir = directory 
% ->to = a 1x2 vector that defines the maximum and minimum target 
values 
% In order to have faster convergence when sigmoid function is used 
% we prefer 0.9 or less instead of 1 in target values and 0.1 or 
% more instead of 0. 
% ->po_emo_flag = the kind of classification (0=pose, 1=emotion) 
% 
% Algorithm: 
% Create data matrix with an image per column and based on the 
% name of each image filename create the corresponding matrix  
% with a target per column. Also return #of images as it might be 
useful 
% 
% ------------------/* Avraam Kasapis 2003 *\------------------ 
 
filenames = filevector(dir); 
jlen = length(filenames); 
     
%Read the size of the first image     
[x y]= size(readpgm(filenames{1}));     
data = zeros(x*y,jlen); 
for i = 1:jlen         
    temp = readpgm(filenames{i});         
    data(:,i) = temp(:);%and automatically changes from uint8-
>double 
end 
 
 
%Create the targets... 
targets = zeros(4,jlen); 
 
if po_emo_flag == 1 
    for i = 1:jlen 
        filenames{i} = strrep(filenames{i},dir,''); 
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        [token,rem] = strtok(filenames{i},'_'); 
        [token,rem] = strtok(rem,'_'); 
        [filenames{i},rem] = strtok(rem,'_'); 
        switch filenames{i} 
        case 'angry' 
            targets(:,i) = [to(1) to(2) to(2) to(2)]';   
        case 'happy' 
            targets(:,i) = [to(2) to(1) to(2) to(2)]'; 
        case 'neutral' 
            targets(:,i) = [to(2) to(2) to(1) to(2)]'; 
        case 'sad' 
            targets(:,i) = [to(2) to(2) to(2) to(1)]'; 
        otherwise 
            disp('ERROR'); 
        end 
    end 
elseif po_emo_flag == 0 
    for i = 1:jlen 
        filenames{i} = strrep(filenames{i},dir,''); 
        [token,rem] = strtok(filenames{i},'_'); 
        [filenames{i},rem] = strtok(rem,'_'); 
        switch filenames{i} 
        case 'left' 
            targets(:,i) = [to(1) to(2) to(2) to(2)]';   
        case 'right' 
            targets(:,i) = [to(2) to(2) to(1) to(2)]'; 
        case 'straight' 
            targets(:,i) = [to(2) to(1) to(2) to(2)]'; 
        case 'up' 
            targets(:,i) = [to(2) to(2) to(2) to(1)]'; 
        otherwise 
            disp('ERROR'); 
        end 
    end 
else 
    error('Wrong flag check pose=0 / emotion=1'); 
end 
 
arity=jlen; 

 
 
prepcaCOV.m 
 
function [pcacoms , TransMat] = prepcaCOV(indata,howmany); 
 
%------------------------------------------------------------ 
%         fatsoules = eigenfaces(indata,howmany); 
% 
% Finds the first 'howmany' eigenfaces from a set of 'indata' faces. 
%  
% ->indata = input data (faces in columns) 
% ->howmany = how many eigenfaces  we are going to keep. 
% 
% Algorithm: 
% 1)find average data , 2)estimate differences between average  
% image and each column , 3)estimate covariance Matrix having in  
% mind that #columns are the dimensions! 4)estimate eigenvalues 
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% & eigenvectors , 5)Finally project images into  the "howmany"-
dimensional space. 
% 
% ------------------/* Avraam Kasapis 2003*\------------------ 
 
 
 
 
%find average data - dimensions are the number of columns (see 
Gondzalez): 
avg_data = mean(indata,2); 
 
%estimate differences between average image and each column 
dim1=size(indata,1); 
dim2=size(indata,2); 
diff = zeros(dim1,dim2); 
for i=1:dim2, 
   diff(:,i) = (indata(:,i)-avg_data)/sqrt(dim2-1); 
end 
 
%estimate covariance Matrix having in mind that #columns are the 
dimensions! 
L = diff*diff'; 
 
%estimate eigenvalues & eigenvectors of L. 
[eigvec,eigval]=eig(L); 
[eigval,index]=sort(diag(eigval)); 
eigval = flipud(eigval);%from larger to smaller 
index = flipud(index); 
eigvec = eigvec(:,index); 
 
if howmany<=size(eigvec,2) 
    eigval = eigval(1:howmany); 
    eigvec=eigvec(:,1:howmany); 
else 
    error('Wrong number of eigenvectors selected!'); 
end 
 
TransMat=eigvec'; 
 
pcacoms=TransMat*indata; 

 
 
redata.m 
 
function [tri , trt , vd, test ,mimax] = 
redata(dir,scaMat,to,valid_pro,po_emo) 
 
%------------------------------------------------------------ 
% [tri , trt , vd, test] = redata(dir,scala,to,divmat,po_emo) 
% 
% Returns: 
% ->tri = training inputs (column-wise images). 
% ->trt = corresponding target columns. 
% ->vd = a structure with 2 fields (1st=validation data, 
2nd=validation targets. 
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% ->test = a structure with 2 fields (1st=test data, 2nd=test 
targets. 
% ->mimax = minimum & maximum value of all returned matrices  
% (use when initializing a net and std_norm=1). 
%  
% ->to = a 1x2 vector that defines the maximum and minimum target 
values 
% In order to have faster convergence when sigmoid function is used 
% we prefer 0.9 or less instead of 1 in target values and 0.1 or 
% more instead of 0. 
% ->dir = directory string. 
% ->scala = a 1x2 vector with the desired scaling interval. 
% ->po_emo = the kind of classification (0=pose, 1=emotion). 
% ->valid_pro = the propostion of training set that is going to be  
% used for validation(early stopping!). 
% ->scaMat = a matrix with the desired information for data 
preprocessing. 
% scaMat(1): 1=scale data to [-1,1] interval.2=scale data so as 
mean=0 std=1. 
% 3= use Principal Component Analysis , 0= check [scaMat(2) , 
scaMat(3)]. 
% [scaMat(2) , scaMat(3)]: if scaMat(1) is 0 then this is the 
scaling interval from [0,255]. 
% scaMat(4): howmany principal component you want to keep! 
% ->Mscamat =  1x3 matrix, if Mscamat(1)=1 use Matlab's built-in 
functions for scaling 
% if Mscamat 
% ->pca_flag = 1 if you want to do PCA to input data 
% 
% ------------------/* Avraam Kasapis 2003 *\------------------ 
 
if valid_pro>1 
    error('Check validation proportion!(too large)'); 
end 
if dir(end)=='\' 
    dir_train = strcat(dir,'train\'); 
    dir_test = strcat(dir,'test\'); 
else 
    dir_train = strcat(dir,'\train\'); 
    dir_test = strcat(dir,'\test\'); 
end 
 
     
%------------------------------------------------------- 
 
[test.P , test.T , test_num] = getdata(dir_test,to,po_emo); 
[data , target , arity] = getdata(dir_train,to,po_emo); 
 
if scaMat(1)==0 
    data = scale(0,255,scaMat(2),scaMat(3),data,1); 
    test.P = scale(0,255,scaMat(2),scaMat(3),test.P,1); 
elseif scaMat(1)==1 
    [data,mindata,maxdata] = premnmx(data); 
    test.P = tramnmx(test.P,mindata,maxdata);        
elseif scaMat(1)==2 
    [data,meandata,stddata] = prestd(data); 
    test.P = trastd(test.P,meandata,stddata); 
else 
    [data,meandata,stddata] = prestd(data); 
    test.P = trastd(test.P,meandata,stddata); 
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    [data transMat] = prepcaCOV(data,scaMat(4));%[data,transMat] = 
prepcaSVD(data,0); 
    test.P = trapca(test.P,transMat); 
end  
 
 
%Get proportion for training set 
train_pro=1-valid_pro; 
%From proportion get the number of training examples 
train_num = round(train_pro*arity); 
tri = data(:,1:train_num); 
trt = target(:,1:train_num); 
 
if train_num==arity 
    vd=[]; 
else 
    vd.P = data(:,(train_num+1):end); 
    vd.T = target(:,(train_num+1):end); 
end 
 
min_data = min(min(data)); 
max_data = max(max(data)); 
min_test = min(min(test.P)); 
max_test = max(max(test.P)); 
whole_min = min([min_data min_test]); 
whole_max = max([max_data max_test]); 
 
mimax=[whole_min whole_max]; 

 
 
enc.m 
 
function onet = 
enc(inputsize,mimax,hneurons,fcnCELL,initflag,trainalgo,paramatrix,s
ameWEIGHT) 
 
%------------------------------------------------------------ 
% onet = 
enc(inputsize,scala,hneurons,fcnCELL,initflag,trainalgo,paramatrix) 
% 
% 
% Creates and initializes a neural network with given parameters. 
%  
% ->inputsize = size of input data.(actually the total number of 
% pixels in our images) 
% ->std_norm = 1 if we want to normalize inputs with mean=0 and 
std=1, 0 otherwise. 
% ->mimax = minimum & maximum value of all returned matrices (use 
when initializing a net) 
% ->hneurons = number of neurons at hidden layer. 
% ->fcnCELL= a 1x2 vector with the names of the transfer functions 
% at hidden and output layer. 
% ->initflag = a 1x2 vector with the desired initialization method 
% at hidden and output layer.(0=zero weights, 1=random). 
% ->trainalgo = name of the training algorithm (for now gradient  
% descent and gradient descent with momentum are supported). 
% ->paramatrix = a 1x4 matrix. 1st=epochs, 2nd=show, 3rd=learning  
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% rate and 4th=momentum term. 
% ->sameWEIGHT= if not [] then weights are initialized using this 
matrix 
% 
% Algorithm: 
% Standard neural network initialization 
% 
% ------------------/* Avraam Kasapis 2003*\------------------ 
 
 
%create min & max values Rx2 matrix for inputs! 
mm = ones(inputsize,2); 
mm = [mm(:,1).*mimax(1) mm(:,2).*mimax(2)]; 
     
         
%create the fully connected feed-forward network. 
onet=newff(mm,[hneurons,4]); 
 
 
%define Transfer function for the 2 layers 
onet.layers{1}.transferFcn = fcnCELL{1}; 
onet.layers{2}.transferFcn = fcnCELL{2}; 
 
 
 
%Initialize weights 
onet.initFcn = 'initlay'; 
onet.layers{[1 2]}.initFcn = 'initwb'; 
flag1 = initflag(1); 
flag2 = initflag(2); 
if flag1==0 
    onet.inputWeights{1,1}.initFcn = 'initzero'; 
    onet.biases{1}.initFcn = 'initzero'; 
else 
    onet.inputWeights{1,1}.initFcn = 'rands'; 
    onet.biases{1}.initFcn = 'rands'; 
end 
if flag2==0 
    onet.layerWeights{2,1}.initFcn = 'initzero'; 
    onet.biases{2}.initFcn = 'initzero'; 
else 
    onet.layerWeights{2,1}.initFcn = 'rands'; 
    onet.biases{2}.initFcn = 'rands'; 
end 
 
 
%Our network is designed for batch-training. 
%So we define our global training function & 
%its parameters e.g. momentum, learning rate..etc. 
epochs = paramatrix(1); 
show = paramatrix(2); 
lr = paramatrix(3); 
mc = paramatrix(4); 
 
switch trainalgo 
    case 'gd' 
        onet.trainFcn = 'traingd'; 
        %onet.trainParams.min_grad=; 
        %onet.trainParam.max_fail=max_fail; 
        onet.trainParam.lr = lr; 
        onet.trainParam.show = show; 
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        onet.trainParam.epochs = epochs; 
         
    case 'gdm' 
        onet.trainFcn = 'traingdm'; 
        %onet.trainParams.min_grad=; 
        %onet.trainParam.max_fail=max_fail; 
        onet.trainParam.lr = lr; 
        onet.trainParam.mc = mc; 
        onet.trainParam.show = show; 
        onet.trainParam.epochs = epochs; 
    case 'rprop' 
        onet.trainFcn = 'trainrp'; 
        onet.trainParam.show = show; 
        onet.trainParam.epochs = epochs; 
    otherwise 
        error('wrong training algorithm') 
end 
 
%Define the succesful convergence point 
onet.trainParam.goal=0; 
 
%Define the Performance function 
onet.performFcn = 'mse'; 
 
%INITIALIZE WEIGHTS & BIASES 
onet=init(onet); 
if isempty(sameWEIGHT) 
else 
    onet.LW{2,1} = sameWEIGHT; 
end 

 
 

accuracy.m 
 
function [return_value , partiality , perf] = 
accuracy(net,input,target,po_emo) 
%------------------------------------------------------------ 
%      return_value = accuracy(net,input,target,po_emo) 
% 
% Returns the network's classification accuracy,partiality and 
perf="test MSE". 
% ->net = neural network 
% ->input = a test set accompanied by its targets (target) 
% ->po_emo = the kind of classification (0=pose, 1=emotion) 
% 
% Algorithm: 
% Simulates net with the given input. For each output it finds the 
% largest value and classifies appropriately. Then, compares with  
% the corresponding target and checks if the classification was ok! 
% 
% ------------------/* Avraam Kasapis 2003*\------------------ 
 
 
arity = size(target,2); 
[maxvec maxindex] = max(target); 
 
angry_n=0; 
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happy_n=0; 
neutral_n=0; 
sad_n=0; 
left_n=0; 
straight_n=0; 
right_n=0; 
up_n=0; 
 
for i=1:arity 
    if po_emo==1 
        switch maxindex(i) 
        case 1 
            angry_n=angry_n+1;   
        case 2 
            happy_n=happy_n+1;  
        case 3 
            neutral_n=neutral_n+1;  
        case 4 
            sad_n=sad_n+1;  
        end 
    elseif po_emo==0 
        switch maxindex(i) 
        case 1 
            left_n=left_n+1;   
        case 2 
            straight_n=straight_n+1;  
        case 3 
            right_n=right_n+1;  
        case 4 
            up_n=up_n+1;  
        end 
    else 
        error('error with po_emo value'); 
    end 
end 
 
 
co_angry_n=0; 
co_happy_n=0; 
co_neutral_n=0; 
co_sad_n=0; 
co_left_n=0; 
co_straight_n=0; 
co_right_n=0; 
co_up_n=0; 
 
        %----------- 
[output]=sim(net,input); 
errorSIM=target-output; 
perf=mse(errorSIM); 
correct=0; 
for i=1:size(output,2) 
 [maxoutput posout]=max(output(:,i)); 
    [maxtarget postar]=max(target(:,i)); 
    if posout==postar 
        correct=correct+1; 
        if po_emo==1 
            switch posout 
            case 1 
               co_angry_n=co_angry_n+1;   
            case 2 
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                co_happy_n=co_happy_n+1;  
            case 3 
                co_neutral_n=co_neutral_n+1;  
            case 4 
                co_sad_n=co_sad_n+1;  
            end 
        elseif po_emo==0 
            switch maxindex(i) 
            case 1 
                co_left_n=co_left_n+1;   
            case 2 
                co_straight_n=co_straight_n+1;  
            case 3 
                co_right_n=co_right_n+1;  
            case 4 
                co_up_n=co_up_n+1;  
            end 
        end 
    end 
end 
 
if po_emo==1 
    disp(strcat('In a set of 
#angry=',num2str(angry_n),'.Correct=',num2str(co_angry_n))); 
    disp(strcat('In a set of 
#happy=',num2str(happy_n),'.Correct=',num2str(co_happy_n))); 
    disp(strcat('In a set of 
#neutral=',num2str(neutral_n),'.Correct=',num2str(co_neutral_n))); 
    disp(strcat('In a set of 
#sad=',num2str(sad_n),'.Correct=',num2str(co_sad_n))); 
    a = [co_angry_n co_happy_n co_neutral_n co_sad_n]; 
else 
    disp(strcat('In a set of 
#left=',num2str(left_n),'.Correct=',num2str(co_left_n))); 
    disp(strcat('In a set of 
#straight=',num2str(straight_n),'.Correct=',num2str(co_straight_n)))
; 
    disp(strcat('In a set of 
#right=',num2str(right_n),'.Correct=',num2str(co_right_n))); 
    disp(strcat('In a set of 
#up=',num2str(up_n),'.Correct=',num2str(co_up_n))); 
    a = [co_left_n co_straight_n co_right_n co_up_n]; 
end         
 
%Large Accuracy & Small   
return_value = correct./size(output,2); 
partiality = sqrt((sum((a-mean(a)).^2))/4); 

 
 
visnet.m 
 
function visnet(net,p_e_flag,imdmatrix) 
 
%------------------------------------------------------------ 
%               visnet(net,p_e_flag,imdmatrix) 
% 
% Just a NN's weights visualization function 
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% ->p_e_flag = the kind of classification (0=pose, 1=emotion) 
% ->net = already trained network 
% ->imdmatrix = a 1x2 vector which has the exact dimensions 
% of images, used for weights' visualization. 
% 
% Algorithm: 
% Standard matlab plotting stuff. 
% 
% ------------------/* Avraam Kasapis 2003 *\------------------ 
 
%Get & print final weights for all output neurons. 
sizo=net.numLayers; 
for i=1:sizo 
    matbias{i} = net.b{i}; 
%scale(min(net.b{i}(:)),max(net.b{i}(:)),0,255,net.b{i},0); 
end 
lmatwe = net.LW{2,1}; 
%scale(min(net.LW{2,1}(:)),max(net.LW{2,1}(:)),0,255,net.LW{2,1},0); 
imatwe = net.IW{1,1}; 
%scale(min(net.IW{1,1}(:)),max(net.IW{1,1}(:)),0,255,net.IW{1,1},0); 
 
%Future enhancement code 
% scrsz = get(0,'ScreenSize'); 
% figure('Position',[1 scrsz(4)/2 scrsz(3)/2 scrsz(4)/2]); 
 
handle_fig1 = figure('Position',[50 50 400 200]); 
% set(handle_fig1,'Position',[50 50 400 200]); 
colormap(gray(256)); 
for i=1:4 
    weights{i} = [matbias{2}(i) lmatwe(i,:)]; 
end 
 
if p_e_flag == 0 
    for i=1:4 
        subplot(2,4,i); 
        imagesc(weights{i}); 
        switch i 
        case 1 
            title('Left'); 
        case 2 
            title('Straight'); 
        case 3 
            title('Right'); 
        otherwise 
            title('Up'); 
        end 
        daspect([1 1 1]); 
    end 
elseif p_e_flag == 1 
    for i=1:4 
        subplot(2,4,i); 
        imagesc(weights{i}); 
        switch i 
        case 1 
            title('Angry'); 
        case 2 
            title('Happy'); 
        case 3 
            title('Neutral'); 
        otherwise 
            title('Sad'); 
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        end 
        daspect([1 1 1]); 
    end 
end 
 
 
%Get & print final weights for hidden neurons. 
for i=1:net.layers{1}.size 
    if i>4 %too many hidden to visualize..up to 4! 
        break; 
    end 
    weights{i} = zeros(imdmatrix); 
    for j=1:net.inputs{1}.size 
        weights{i}(j) = imatwe(i,j); 
    end 
    weights{i}(1) = round((weights{i}(1)+matbias{1}(i))/2); 
     
    subplot(2,4,i+4); 
    imagesc(weights{i}); 
    title(strcat('Hidden ',num2str(i))); 
end 

 
 
scripto.m 
 
function ainet = scripto(po_emo,hneurons,howmany) 
 
%------------------------------------------------------------ 
%          ainet = scripto(po_emo,hneurons,howmany) 
% 
%                Returns a trained network! 
% ->hneurons =  number of neurons in the hidden layer 
% ->po_emo = the kind of classification (0=pose, 1=emotion) 
% ->howmany = number of networks for training 
% 
% Algorithm: 
% Train one or multiple NNs, defined by some parameters. 
% Finally return/visualize the best network and the mean/std 
accuracy. 
% 
% ------------------/* Avraam Kasapis 2003*\------------------ 
clc 
 
%   IMPORTANT values 
dir='E:\Neural\datasets\emotion\blocks3027\'; 
trainalgo='gdm'; 
paramatrix=[2000 100 0.9 0.6]; 
valid_pro=0; %Define the proportion of the validation set. 
scaMat=[0 -1 1 500]; %type "help redata" and check what scaMat is. 
%   ----------------------------------------------------------------
- 
 
 
%   UCHANGED values 
%get new seed to randomize 
rand('seed',sum(clock)); 
%initialize parameters for reading data 
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to=[0.9 0.1]; 
%initialize parameters for creating the MLP. 
fcnCELL={'logsig' 'logsig'}; 
initflag=[0 1]; 
%   ----------------------------------------------------------------
- 
 
 
%TRAIN multiple networks and keep the best 
%read data and prepare based on initialized parameters 
[tri , trt , vd, test , mimax] = 
redata(dir,scaMat,to,valid_pro,po_emo); 
inputsize=size(tri,1); 
sameWEIGHT=[]; 
%Debug code 
% sameWEIGHT=[0.2815 -0.4159 -0.5430 0.9904 -0.2977 -0.2482 0.3138 
0.4978]; 
% sameWEIGHT=[sameWEIGHT;0.3578 -0.4925 -0.6296 0.0213 -0.1351 
0.8622 -0.7167 -0.3655]; 
% sameWEIGHT=[sameWEIGHT;0.2308 0.1038 -0.6356 -0.8084 0.6485 0.5143 
-0.2788 -0.5781]; 
% sameWEIGHT=[sameWEIGHT;-0.3123 -0.7339 0.9048 0.2200 -0.6810 -
0.8292 -0.2679 -0.2931]; 
% %only train set so merge them all; 
%  tri=[tri test.P]; 
%  trt=[trt test.T]; 
%  test=[]; 
% %---------- 
 
 
%track time 
tic 
if howmany==1 
    net = 
enc(inputsize,mimax,hneurons,fcnCELL,initflag,trainalgo,paramatrix,s
ameWEIGHT); 
    tic 
    best_net=train(net,tri,trt,[],[],vd,test); 
    disp(strcat('Total time = ',num2str(toc),'sec')); 
    [train_accuracy partiality]=accuracy(best_net,tri,trt,po_emo); 
    disp(strcat('Network #1 is the best so far!TRAIN 
Accuracy=',num2str(100*train_accuracy))); 
    [best_accuracy partiality 
perf]=accuracy(best_net,test.P,test.T,po_emo); 
    disp(strcat('Network #1 is the best so far!TEST 
Accuracy=',num2str(100*best_accuracy),'%,Partiality=',num2str(partia
lity),',mseperf_test=',num2str(perf))); 
else 
    accuracybox=[]; 
    partialbox=[]; 
    perfbox=[]; 
    timebox=[]; 
    epochbox=[]; 
    best_accuracy=0; 
    for i=1:howmany 
        %create Neural Network 
        net = 
enc(inputsize,mimax,hneurons,fcnCELL,initflag,trainalgo,paramatrix,s
ameWEIGHT); 
        tic 
        [ainet tr]=train(net,tri,trt,[],[],vd,test); 
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        time=toc; 
        epochbox = [epochbox (size(tr.epoch,2)-1)]; 
        timebox=[timebox time]; 
        [net_accuracy partiality 
perf]=accuracy(ainet,test.P,test.T,po_emo); 
        accuracybox=[accuracybox net_accuracy]; 
        partialbox=[partialbox partiality]; 
        perfbox=[perfbox perf]; 
        disp(strcat('Total time = ',num2str(time),'sec')); 
        if (net_accuracy>=best_accuracy)  
            best_net=ainet; 
            best_accuracy=net_accuracy; 
            disp(strcat('Network #',num2str(i),' is the best so far! 
Accuracy=',num2str(100*net_accuracy),'%,Partiality=',num2str(partial
ity),',mseperf_test=',num2str(perf))); 
        else 
            disp(strcat('Network #',num2str(i),' is worse than the 
best! 
Accuracy=',num2str(100*net_accuracy),'%,Partiality=',num2str(partial
ity),',mseperf_test=',num2str(perf))); 
        end 
    end 
    %display mean and std! 
    mean_accuracy=mean(accuracybox); 
    std_accuracy=std(accuracybox); 
    mean_partiality=mean(partialbox); 
    mean_perf=mean(perfbox); 
    mean_time=mean(timebox); 
    mean_epoch=mean(epochbox); 
    disp('------------------STATISTICS-------------------'); 
    disp(strcat('Mean Accuracy=',num2str(100*mean_accuracy),'%')); 
    disp(strcat('Std Accuracy=',num2str(100*std_accuracy),'%')); 
    disp(strcat('Mean Partiality=',num2str(mean_partiality))); 
    disp(strcat('Mean of mseperf_test=',num2str(mean_perf))); 
    disp(strcat('Mean training time=',num2str(mean_time))); 
    disp(strcat('Mean number of epochs=',num2str(mean_epoch))); 
     
end 
 
 
%VISUALIZE network's weights! 
dimens=size(tri,1); 
switch dimens 
case 15360 
    visnet(best_net,po_emo,[120 128]); 
case 3840 
    visnet(best_net,po_emo,[60 64]); 
case 960 
    visnet(best_net,po_emo,[30 32]); 
case 810 
    visnet(best_net,po_emo,[30 27]); 
case 3240 
    visnet(best_net,po_emo,[60 54]); 
otherwise 
    disp('Unsupported weights-image size for display.'); 
end 
 
ainet = best_net; 
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