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Abstract: In this paper we describe the application of  expressions [1]. As deep learning began gaining

facial emotion recognition. This paper delineates various
stages involved in the facial emotion or expression
recognition. The stages can be modularized into three
stages viz. pre-processing module, training module and
the testing module. These three stages have been studied
in various papers and a comparative analysis has been
performed. Various factors leading to degradation and
improvement in the performance of the model have been
considered. A successful model leads to automated
emotion recognition with high accuracy and confidence.
Such a model can further can applied to various other
applications - an example is suggestive applications -
where considering the emotions or mood of a person will
tend to give better applicability.
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1. Introduction

Recognition of emotions by computers will give the edge
that is much needed in today's research areas of artificial
intelligence. Be it machine-human communication or
suggestive applications the efficiently and accuracy is
only limited by the one aspect that machines cannot
identify with - the emotions. These emotions come by in
an autonomous way for humans but it becomes a hurdle
for a machine. Machines cannot perceive emotions as a
human can. Scientists are focusing on changing that and
building a model which can in full functionality behave
like a human. This research has been a breakthrough in
the field of artificial intelligence and machine learning as
there are so many applications that can be bettered by
implementing this model along with the existing ones.
Facial emotion recognition began in 1991 when
A.Pentland and K.Mase used optimal flow method to
determine the movement of muscles and then used the
feature vectors to automatically determine facial
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momentum and showed performance better than existing
methodologies, scientists began experimenting with deep
learning in various fields and thus one of the outcome was
facial expression recognition obtainable at a higher
accuracy.

This paper presents an approach using the artificial
neural networks(ANN) for the application of facial
emotion detection. A deep network called the
Convolutional Neural Network gives a better accuracy for
the task. They are basically better feature extractors as
compared to other models and are also capable of giving
real time results [2]. The aim is to develop a model which
detects emotions as categorized into six basic
classifications [4] and with a high accuracy. The six
defined classifications of emotions are shown in fig.1.

The whole process of expression detection has been
divided into three phases and thus elaborated upon in this
paper. The three phases include pre-processing phase,
training phase ( through the deep neural network) and the
testing phase. A dataset of images is chosen according to
the required application so that the model is able to reach
the desired accuracy.

The first phase - the pre-processing module takes the
entire dataset as input and gets it ready for the next
processing module. The next module is the training or the
processing module. This consists of a multilayer neural
network. Multiple layers with appropriate training data
gives a high accuracy rate [2]. After the Convolutional
Neural Network (CNN) is trained it has to be tested for a
different or the same data to check the efficiency of the
data- this comprises of the third testing module.

2. Dataset for Training

A database has to be designed or acquired such that it is
sufficiently apt to train the CNN model. The database
comprises of set of pictures of faces with various
expressions. An extensive database found to suitable for
the purpose of emotion recognition is the Extended Cohn-
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Kanade dataset(CK+). This dataset corrects provides
samples and evaluations for various expression and also
takes into account various environmental factors like the
variance in the brightness, thus giving a high accuracy
model. In [1] another
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Figure 1. Six Basic Emotions

dataset called the Japanese female Facial Expression
Dataset (JAFFE) was also worked on along with the CK+
dataset and it was found that CK+ gave better
performance for the CNN model as compared to the
JAFFE dataset. A sample set of the data points present in
the CK+ dataset are shown in fig. 3 [5][6]. The dataset
consists of various facial images depicting different
expression in abundant lighting conditions. This variety
helps the model to learn better and thus perform better in
the testing phase.

3. Architecture of the Model

The over model designed for facial emotion recognition is
divided into three modules. The control flow between
these modules and the overall architecture is represented
in fig. 2.

The CK+ dataset is made available to the pre-
processing module. The face of a person is detected in the
stage. Since the emotion of a person is particularly
concluded with the face expression, the face needs to be
distinguished from the other features available in a
picture. Once the face is detected this module is also
responsible for histogram equalization of the image in
order to deal with various environmental conditions.

246

Special Issue

Once the facial image is pre-processed the dataset is sent
to the processing unit which mainly comprises of the
CNN. This module is where the learning takes place and
it performs the classification of emotions. A CNN model
gives better performance with smaller dataset. Flexibility
of adding more layers to the model enhances our capacity
to increase the performance of the model.

Finally the model is ready to be tested and the CNN
can be tested with newer images to find its accuracy in
recognizing images. This can be accomplished with the
testing module. This paper further describes all three
modules in greater detail.
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Figure 2. Architecture Diagram for the emotion
recognition model

4. Pre-Processing Module

Before a data point can be entered into the model for
either learning or classification it needs to made suitable
for processing.

The first step involved is the detection of faces from
images. Extraction of faces from images can be
performed with various algorithms. Haar Cascades found
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by the Viola and Jones [8] are used for face detection or
extraction. This algorithms works by evaluating haar-like
features instead of pixel values and AdaBoost is used as
the boosting algorithm[8]. Other algorithms such as
simple vector machines can also be used for face
detection but their performance is less accurate as
delineated in [8]. Various other algorithms which can be

used for face recognition and verification include
Principle =~ Component  Analysis(PCA), Individual
Component  Analysis(ICA), Linear  Discriminate

Analysis(LDA), Local Binary Pattern(LBP) etc. [8].
Haar-like features are extracted from an image Figure 4

shows image of a person and the face extracted from that
image using haar-like features.
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Figure 3. Dataset samples

The cropped and extracted face shown in fig. 4 is
obtained by the opencv library in python.

The next step in this module is the histogram
equalization of the cropped images of faces obtained in
the previous step of face extraction.

This is necessary in order to take into account the
various environmental constraints that may cause
variance in the facial images. If these conditions are not
taken into account then it becomes difficult for the CNN
model to learn appropriately due to varying conditions or
extremely varying pixel values. A comparison among the
histograms of an image before and after the histogram
equalization is shown in fig. 5.
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Figure 4. Face extraction using haar-cascades.
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Figure 5. Comparison of histograms before and after
histogram equalization

Figure 5 shows that histogram before the equalization
is concentrated at one end and is not distributed. This
means that the number of pixels for a particular pixel
value is more. The particular picture shown in fig. 5 is
chosen because it clearly shows the difference in the two
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histograms. In practical terms this concludes that the
image is either bright or dull. In order to compensate for
this variation, we perform the histogram equalization.
After this it can be seen that the histogram formed is more
distributed than before and this concludes that the number
of pixels for all pixel values are more or less equally
distributed.

5. Processing Module
This module involves the CNN and the pre-processed
images are given to the CNN for training it. Next section
of this paper describes CNN and its architecture.

A. Convolutional Neural Networks

One layer of the CNN is divided into two namely
convolutional layer and subsampling layer[1].
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Figure 6. CNN Architecture

The input to the CNNs is the 2D images of faces,
these images are then convoluted to extracted various
features from the image. This forms the convolutional
layer. This layer thus basically consists of features broken
down from an image. Further extraction of features into
their components results in the formation of the
subsampling layer.

More than one convolutional and subsampling layers
can be added to a network depending upon the application
and the need for accuracy. Once the features are extracted
from the image they are passed to some basic neural
network classifier(in this paper we have discussed about
softmax classifier). This classifier helps in the
classification into emotions using the extracted features
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from the images. Thus we can detect the expression from
the image of a face of a person. A basic architecture
model of the CNN structure is shown in fig. 6

In fig. 6 the input denotes the 2D pre-processed
images. There are 2 layers of CNN in fig. 6- convl and
pooll form one pair of convolutional and subsampling
layer and conv2 and pool2 form the second layer. As the
image passes from convl to pooll to conv2 and then to
pool2 the level of features extracted becomes more and
more intricate which in turn gives better accuracy. After
pool2 there is a layers named as hidden4 which is a fully
connected neural network used for classification purpose
namely the softmax classifier. This classifier layer can
classify from a number of options- it is multinomal. For a
particular node in the network the output given b the
softmax classifier can be represented by the equation 1.

e*i

Vi = ¥ e (1)

In the above equation 1 'i' represents a particular
node, x; terms are the inputs to the softmax classifier and
the y; term represents the output obtained from the
classifier.

Using CNN is advantageous as these networks can
learn better from a smaller dataset as compared to other
available neural networks. Also Flexibility of adding
more layers to the model enhances our capacity to
increase the performance of the model.

Nonetheless there are some disadvantages to the
discussed model. One of them being the distinction
among the sad, disgust and angry expressions. The reason
behind it is similarity among the features of faces for
these expressions. The pixel values tend to resemble and
so it becomes difficult for the model to learn from the
data.

6. Testing Module

This module is used to test the performance of the model
built. This is done by giving in test cases ( images of
faces) and checking the accuracy of detection. The test
dataset can be different or similar to the train dataset. A
different dataset will give more validity to the model. An
accuracy of around 80% is obtained with the CK+ dataset
and using two layers in the CNN[1].

7. Conclusion

A model to automatically detect emotions from facial
expressions can be build using neural networks giving an
accuracy of about 80%. This paper discussed about the
various modules involved in the process of emotion
recognition namely the pre-processing, processing and the
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testing module. Acquisition of appropriate dataset is a
prior necessity in order to proceed to operation of the
various modules. CK+ dataset has been used in this paper.
This contains a large number of subjects with various
images under a variety of conditions. This makes the
dataset an apt choice for dealing with certain problems
with inaccuracy in predictions due to lightning conditions.
After the three modules perform their operations the
overall result is that the machine is able to judge the
emotion of the person. This can be advantageous for
various applications as it can help a machine to work with
a human in a better and a more efficient way.

Further, this model can be intertwined with other
practical models like suggestive applications- where a
machine makes suggestions to a human- this can be
improved along with this model as better suggestions can
be made with better understanding of the likes and
dislikes of the subject.
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