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Abstract—Nowadays, the recognition of facial expression draws
significant attention in various domains. In view of this, a real-
time facial expression recognition system has been developed
using a Deep Learning approach, which can classify ten emotions,
including angry, disgust, fear, happy, mockery, neutral, sad,
surprise, think, and wink. In addition, an integrated expert
system has also been developed by integrating Deep Learning
with a Belief Rule Base to support the assessment of the overall
mental state of a person over a period of time from video
streaming data under uncertainty. In this research, data-driven
and knowledge-driven approaches are integrated together to
assess the mental state of an individual. Such a system could
enable the identification of a suspect before committing any crime
beforehand by the law enforcement agency. The performance of
this integrated system is found reliable than existing methods of
facial expression assessment.

Contribution—The paper presents a noble method of
computing the overall mental condition of a person by
integrating CNN and BRBES under uncertainty.

Keywords—Facial Expression Recognition, Deep Learning, Be-
lief Rule Base, Integrated Framework, Uncertainty

I. INTRODUCTION

The most frequent way that most of the people like to
express their emotions through facial expressions. Basically,
it refers to the gesture of face muscles to visualize distinguish
states of a face which are plotted as the reflection of an
individual’s emotion. However, sometimes it is difficult for
humans let alone machines to analyze facial expressions since
variation in expressing emotion through facial expressions
exists. In spite of that, it has become one of the most inter-
esting topics for conducting research. A Convolutional Neural
Network (CNN) is a deep learning algorithm that is developed
by imitating the biological visual cortex. CNN employs its
convolution layer part to make a system understanding the
form of particular visual content. Actually, a visual object can
be represented as its unique features or patterns. That is what
the Convolution layer extracts from an object and passes to
the regular neural network. CNN is now vastly using in most
computer vision problems mostly in image classification [1].

CNN requires training on a dataset that makes a machine to
produce accurate decisions even on unseen data. The arrival
of CNN boosts the capability of a deep learning approach to a
great extent that many computer vision problems get its way
to a solution. Image recognition, speech recognition, text clas-
sification, semantic segmentation, analyzing satellite data are
some of the applications of CNN [2][3]. A Belief Rule-Based
Expert System (BRBES) is a knowledge-driven approach that
is organized by a set of rules and delivers outputs based on the
execution of those rules. Since the rules are the combination
of antecedents and consequent, the antecedents of a rule gets
triggered based on the input and generates the consequent part
[4]. In this paper, the BRB part of the integrated CNN-BRB
framework is responsible to assess the overall mental state of a
person from the facial expression information provided by the
Convolutional Neural Network. The remainder of this article
is structured as follows: Section II covers related work on
facial expression recognition, while Section III and Section
V provides an overview of Convolutional Neural Network
and Belief Rule-Based Expert System. Section VI discusses
the Integration of the Convolutional Neural Network and
Belief Rule-Based Expert System. Section VII describes the
experiment process, and Section VIII presents an analysis of
the results. Finally, Section IX concludes the paper.

II. RELATED WORKS

There has been some research performed on facial expres-
sion recognition: Deep sparse autoencoders [5] are developed
to recognize facial expression which extracts geometric fea-
tures from the data. Research work is tested on a popular
dataset of facial expression cohn-kanade(CK+) database de-
picting seven expressions The proposed model is successful
to achieve the accuracy of 95.79%. Lopes et al. [6] applied
some image processing techniques on the facial expression
image dataset to extract only the features related to facial
expression. In the training phase, the model is trained based
on the expression id along with the eye center location of
the facial expression image to capture weight set for CNN.



The model is evaluated on three publicly available datasets
which are CK+, JAFFE, and BU-3DEF and mentioned ob-
taining 96.76% accuracy in CK+ dataset. E. Owusu et al.
[7] conducted a facial expression recognition process through
some phases to improve recognition accuracy. Facial features
are extracted by applying Gabor feature extraction techniques,
which deliver a variety of facial deformation patterns. Further-
more, the formulation of the AdaBoost approach takes place
to reduce the number of features that keep useful features
only. According to [7], the system is trained and tested on
two well-known datasets of FER named JAFFE and YALE.
A. R. Rivera et al. [8] proposed a model that includes a
face descriptor, which is named Local Direct Number Patter
(LDN), to encode the neighborhood’s structure with the help
of its directional information. A compass mask is employed to
generate edge responses in the neighborhood. Applying SVM
for the classification task, the proposed model is performed
on five facial expression datasets which are CK, CK+, JAFFE,
MMI, and CMU-PIE.

III. CONVOLUTIONAL NEURAL NETWORK

Convolutional Neural Network (CNN) is an Artificial Neu-
ral Network (ANN) that is so far been most popularly used
for analyzing images. Although image analysis has been the
most widespread use of CNN, it can also be used for other data
analysis or classification problems as well [9]. The convolution
layer is the layer that makes CNN distinguish from the regular
ANN. In this research, CNN is used because it involves image
datasets and CNN is well known to perform well for image
classification tasks. However, CNN demands a large image
dataset for better classification accuracy. Also, the accuracy of
the classification task is proportional to the size of the image
dataset. The system architecture is shown in Table I.

TABLE I: System Architecture

Model Content Details
First and Second

Convolution Layer
64 filters of size 3×3, ReLU, input size

48×48

Max Pooling Layer Pooling Size 2×2, Strides of (2,2)

Third and Forth
Convolution Layer

128 filters of size 3×3, ReLU

Max Pooling Layer Pooling Size 2×2, Strides of (2,2)

Flatten Layer Convert 2D matrix into 1D vector

First Hidden Layer 1024 nodes, ReLU

Dropout Layer Deactivates 50% nodes randomly

Second Hidden Layer 1024 nodes, ReLU

Dropout Layer Deactivates 50% nodes randomly

Output Layer 10 nodes for 10 classes, SoftMax

Optimization Function AdaBound

Learning Rate 0.001

Callbacks EarlyStopping, ReduceLROnPlateau,
ModelCheckpoint, TensorBoard

According to Table I, the organization of CNN started with
two convolution layers with 64 filters each having a size of
3 × 3 to extract facial features. Then, to fetch the maximum

features from the feature maps MaxPooling layer with pool
size 2 × 2 is included. Following the previous two layers,
second and third convolution layers which are constructed by
128 filters of size 3× 3 each. Like the previous pooling layer,
this time also MaxPooling layer with pool size 2×2 is inserted.
A flatten layer is embedded just after the last pooling layer. As
a part of the fully connected layer, 2 hidden layers with 1024
nodes per layer are formulated. Hence, each hidden layer is
followed by a dropout layer which randomly deactivates 50%
of the active nodes so that the model can not be biased to
the training data. The activation function that is applied in all
convolution as well as hidden layers is ReLU. At last, CNN is
concluded with an output layer which consists of 10 nodes for
ten classes and softmax is used as activation function is this
layer. To optimize the learning process AdaBound optimizer
with .001 learning rate is applied [10]. Since overfitting is one
of the concerned factors in CNN training, EarlyStopping is
considered as one of the callbacks to stop its training when
there is no improvement in learning.

IV. DATA COLLECTION AND PREPROCESSING

The proposed Convolutional Neural Network is trained on
a combined dataset collected from the different sources of
standard datasets. The origins of this combined dataset are
illustrated below:

• CK & CK+: Initial release which is known as CK con-
tains 486 sequences from 97 posers started with neutral
expression gradually proceeds to the peak expression.
CK+ includes both posed and non-posed face images
where the number of sequences swells up with 22% and
the number of subjects with 27% [11].

• Fer2013 : This dataset is one of the most popular data in
facial expression recognition. It is a collection of 35887
grayscale 48x48 images which is a combination of seven
expressions - angry, disgust, fear, happy, sad, surprise,
neutral [12].

• The MUG facial expression dataset: In this dataset 86
subjects including 35 women and 51 men performing
six facial expressions which are anger, disgust, fear,
happiness, sadness, surprise [13].

• KDEF & AKDEF: 4900 pictures of KDEF has been
used more than 1500 research publications. It contains
seven facial expressions - anger, disgust, fear, happiness,
sadness, surprise [14].

In addition to seven regular facial expressions, three unique
facial expressions, namely ‘mockery’, ‘think’, and ‘wink’ are
added by downloading quality images from Shutterstock and
adobe stock. Actually, in this research, a new dataset is going
to be proposed for mockery, think and wink that might help
other researchers in this domain.

In data preprocessing phase, the dataset of the proposed
system has to undergo some steps. Initially, face detection is
executed to extract the region of interest with the help of
the Haar Cascade classifier [15]. The detected face region
is cropped and converted to grayscale to reduce the color



complexity of the image. In order to diminish low-intensity
problem, the images of the dataset are normalized.

V. BELIEF RULE-BASED EXPERT SYSTEM

A Belief Rule-Based Expert System (BRBES) has two
main components, namely a knowledge base and an inference
engine [4]. Belief Rule Base (BRB) is utilized to create
the initial knowledge base, while Evidential Reasoning (ER)
works as an inference engine in a BRBES [16]. A belief
rule is an extended form of traditional IF-THEN rule. There
are two main parts in a belief rule, namely antecedent, and
consequent. In a belief rule, each antecedent attribute takes
referential values, while belief degrees are associated with
the consequent attribute in a belief rule. Attribute weight,
rule weight, and belief degrees, which are the knowledge
representation parameters are used to capture uncertainty in
data in a BRB [17]. The inference procedures contain various
steps, including input transformation, rule activation, belief
update, and rule aggregation, as shown in Fig. 1.

Fig. 1: Sequence of BRBES Inference Procedures

The input transformation distributes the input data over the
referential values of the antecedent attributes of a belief rule,
which is known as matching degrees [18]. After matching
degrees are calculated, the belief rules are called packet
antecedent, and they are considered active [19]. The matching
degrees are used to calculate the activation weight of the
rules. If an input data for any of the antecedent attribute is
missing or ignored, the belief degree associated with each
belief rule in the rule base should be updated [20]. Afterward,
the aggregation of the rules is carried out by using either
analytical or recursive evidential reasoning algorithm [21][22].
The final result is obtained by calculating the crisp value from
the fuzzy output of rule aggregation procedure using the utility
score associated with each referential value of the consequent
attribute [23]. All these steps are performed by following the
procedures mentioned in [24], [25].

VI. INTEGRATION OF CNN AND BRBES

Videos are nothing but a sequence of frames and for the
assessment of facial expression, these frames are the inputs
for our trained model. To extract image frames from a video,
we applied an OpenCV function called cv2.VideoCapture().
Using the Haar Cascade classifier, the face portion of each

frame is extracted and then convoluted by convolution layers
of the integrated framework. Each filter of the convolution
layer generates a feature map that is delivered to be pooled
by the MaxPooling layer where maximum pixel value within
a pooling window is picked up. Trained hidden layers with
optimized weight for facial expression recognition perform
matrix chain multiplication on the given inputs and forward
their output to the output layer. In the output layer, with the
help of Softmax activation function probabilities, which indi-
cates the possibility that the frame belongs to that particular
class, are distributed among the classes. Then the average
probability of each class for total frames is calculated. These
classes are utilized as the referential values of the antecedent
attribute for the Belief Rule-Based Expert System (BRBES). In
BRBES, “Person’s Expression” is considered as the antecedent
attribute, and each class is considered as the corresponding
referential values of the antecedent attribute. “Overall Mental
State” is considered as the consequent attribute, its referential
values are chosen as “Good”, “normal”, and “bad”, and its
utility values are chosen as “1.0”, “0.5”, and “0.0”, respec-
tively. The belief rule base used for BRBES is shown in Table
II. Based on the belief rule base, the inference procedure
is conducted, and the final output is obtained. The working
process of the integration of the Convolutional Neural Network
(CNN) and Belief Rule-Based Expert System (BRBES) is
shown in Fig. 2.

VII. EXPERIMENTS

Deep learning model training requires adequate GPU as
the neural network is nothing but a huge number of matrix
multiplication. Due to the limitation in terms of processing
power in CPU, proposed CNN architecture is set for training
on cloud server which is known as Google Colaboratory.
Google Colab is specially built to let the machine learning
researchers get out of the shortage problem of the processing
unit by providing shared K80 GPU and Jupyter notebook
environment as well. Despite collecting images from several
standard datasets, the dataset size was not promising to achieve
high accuracy in model training. In the beginning, the dataset
size was 13100 in terms of the number of training images
where each of the 10 classes consists of 1310 images. But
face images carry plenty of information, to be specific, features
that need to be extracted properly. Moreover, CNN is a data-
driven approach and so model accuracy shares a positive
correlation with the size of the dataset. Keras offers a function,
data augmentation, allows researchers to extend their dataset.
Data augmentation basically applies some basic operations
like shear(10%), zoom(10%), rotate(30%), horizontal flip and
generate additional image data from the existing dataset [26].

After applying data augmentation on the existing dataset, the
dataset achieves a higher number of images, in other words,
the dataset is augmented. The extended dataset includes a total
of 39300 images and each class has 3930 images. That means
dataset images are equally distributed among the classes to
maintain equal or nearly equal recognition rates in all classes.
Each input image has a dimension of 48 × 48. During the



TABLE II: Belief Rule Base for BRBES

Rule ID Rule Weight IF THEN (Overall Mental State)
Person’s Expression Good Normal Bad

1 1 Angry 0.00 0.10 0.90
1 1 Disgust 0.00 0.15 0.85
1 1 Fear 0.00 0.20 0.80
1 1 Happy 1.00 0.00 0.00
1 1 Mockery 0.00 0.35 0.65
1 1 Neutral 0.50 0.50 0.00
1 1 Sad 0.00 0.25 0.75
1 1 Surprise 0.40 0.60 0.00
1 1 Think 0.30 0.70 0.00
1 1 Wink 0.00 0.55 0.45

Fig. 2: Working Process of the Integration of CNN and BRBES

learning phase, 80% of the images have been selected for
model training and the remaining 20% is for system validation.
Apart from CNN, several machine learning models are taken
into account for this facial expression classification task.
Support Vector Machine and Random Forest model are applied
to the dataset to observe the effectiveness of these models in
facial expression detection. In this research, HOG features that
represent the low-level features are extracted from the images
of the dataset and fed into both SVM, random forest model,
and track the performance. Moreover, more experiments have
been conducted, providing our preprocessed data images as
the learning input parameter to these machine learning models,
and draw an overall performance comparison among all cases.

VIII. RESULT AND DISCUSSION

To illustrate the performance of the proposed model, both
accuracy and loss graphs are shown in Fig. 3. Here x-axis
refers to the number of model training epochs which refer
to the number of training cycles through the full dataset and
y-axis indicates the loss and accuracy respectively. If the
accuracy graph is observed closely, in the beginning, validation
accuracy is higher than the training accuracy for some epochs.
Both the validation and training accuracy curves follow an
upward trend as the number of epochs increases. In fact,
dramatic growth takes place in the period between 1 to 5

epochs. After that growth rate diminishes firmly and stopped
by the callback named EarlyStopping, offered by Keras, after
30 epochs. After the end of the training, the model achieves
98.28% training accuracy and 90.93% validation accuracy. The
difference between these two accuracies is not significant. That
expresses that the proposed model is not biased to training
images rather it performs almost equally well to classify
unseen images also. On the other hand, Fig. 4 shows the
confusion matrix of the proposed model that describes how
many images are correctly classified among the test images.
Out of 10 classes, six classes cross the 90 (in percent) margin
and the other four classes are around or cross the 80 (in
percent) margin. Disgust class has the lowest recognition
rate which is approximately 0.80. Actually, the trained model
sometimes confuses it with angry expression because these
two facial expressions share similar visual information. Fig.
5 depicts the real-time validation of the proposed integrated
CNN-BRB model and it shows the overall mental state with
‘Good’, ‘Normal’ and ‘Bad’ referential value for respective
facial expression video. The performance of the proposed
model expresses the robustness while assessing the mental
state of a person from facial expression. Table III depicts
a overall performance comparison of the applied models.
Validation accuracy of SVM is slightly improved from 0.67 to
0.69 when HOG features are passed as learning materials to
the it rather than passing raw images. But, there is the opposite



Fig. 3: Loss and accuracy graph of the proposed model

Fig. 4: Confusion matrix of the proposed model

Fig. 5: Real time validation of the proposed integrated model

case for random forest model since it delivers higher prediction
accuracy which is 0.73 by considering raw images rather than
HOG features for training input. However, when it comes to
CNN, it outperforms the other machine learning models with a
proper margin in terms of all performance evaluation metrics:
validation accuracy (0.90), recall (0.895), precision (0.915), f1

score (0.905). The formula for model accuracy are as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

Here TP, FP, TN, FN symbolize True Positive, False Posi-
tive, True Negative and False Negative respectively.



TABLE III: Models’ Performance Comparison Chart

Model Name Validation Accuracy Recall Precision F1 Score

SVM 0.67 0.674 0.673 0.672

HOG features + SVM 0.69 0.693 0.688 0.690

Random Forest 0.73 0.727 0.726 0.724

CNN 0.90 0.895 0.915 0.905

IX. CONCLUSION

The objective of this research is to assess the mental
condition of an individual from ten facial expressions which
are angry, disgust, fear, happy, mockery, neutral, sad, surprise,
think and wink from video streaming data using both data-
driven (CNN) and knowledge-driven (BRB) approach. The
deep learning method is employed to generate class wise
probabilities of a video-frame, and BRB is involved to use
those class probabilities to trigger a particular rule for assess-
ing the mental state. As this research deals with image data,
CNN is taken into account as a deep learning method for
its efficiency to handle image data. Although the recognition
rate for each class of the CNN part of the proposed model is
promising, efficiency can be improved in recognizing angry
and disgust, which is under consideration as one of the future
improvements. Pain assessment, patient behavior observation,
autism identification, crime investigation, IoT based applica-
tions involving human behavior information are some of the
cases where the proposed model can be beneficial.
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