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Abstract. Facial expression recognition (FER) has emerged as a major research
topic, with human-computer interactions. Nonverbal messages which are face
expressions are crucial in our day-to-day life, which is an example of non-verbal
communication. As a human, detecting facial expressions and understanding
human emotions is a simple process, but doing it with the assistance of a machine
is more challenging. With the remarkable success of deep learning, the different
types of architectures of this technique are exploited to achieve a better perfor-
mance with an accuracy of 87%. In this research, our proposed model shows how
to identify and recognize facial emotions from images using neural networks with
help of preprocessing techniques and the whole process comprises various stages
of classifying the detected features, involving human face detection and classify-
ing them then into any of the seven basic emotion classes using the convolutional
neural networks (CNN). Haar-cascade frontal face algorithm was utilized in order
to detect human faces from the images. Our model was trained and tested on the
FER-2013 dataset.
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recognition · Face detection · Convolution neural network (CNN)

1 Introduction

Facial Emotions are mostly communicated through these facial expressions, gestures,
and physiological signals. With better deep learning techniques, we can solve these
types of complex problems using neural networks. Numerous uses exist in the field of
human-computer interface for recognizing these human facial expressions [9]. All the
non-verbal communications basically fall under facial emotion recognition. A person’s
facial gestures can be used to assess both his or her emotional state and cerebral outlook.
The basic facial emotions include Angry, Disgust, Sad, Happy, Fear, Neutral, Surprise.
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Convolutional Neural Networks are widely applied in the field of image recognition
[1]. As it can have a huge number of network layers and it also extracts more high-level
features [2]. Facial recognition requires several phases which are detection of faces from
images, pre-processing, retrieval of those facial features, and identification of emotions
in the facial images. For detection of human faces there are widely used other algorithms
like Local binary Pattern (LBP) and MTCNN and haar cascade which are advantageous
in their own way based on the requirements. The purpose of this study is to characterise
an emotional face input image using efficient deep learning techniques.

2 Literature Review

Face emotions play a significant role in our everyday lives, as is universally acknowl-
edged. We need a system that can recognize our facial expressions of emotion and react
accordingly. For recognizing face expressions, a compact convolutional neural network
is created. The completely linked layer from the conventional convolutional neural net-
work is replaced with a global average pooling layer. The completely connected layer’s
[17] “black box” characteristics are somewhat eliminated by this technique, which can
also be connected to global data to learn more in-depth and complete aspects of facial
expressions.

Additionally, the pooling layer is devoid of any parameters that would enable param-
eter reduction and prevent overfitting. This model is a MTCNN [10] that accomplishes
the task of detecting frontal faces which has more complexity of time and space. Many
of the models were built using RESNET, ALEXNET, MOBILENETV2, INCEPTION
architectures which are pre trained with better weights and resulting in an accuracy of
around 70%-75%. In order to avoid overfitting, norms were added to the weight coeffi-
cient that not only prevents overfitting but makes the model stable and fast. At last, the
final model is made combining a neural network with four convolutions and anMTCNN
detection [10] to accomplish the aim of human emotion recognition. Batches and a
RELU activation function [16] follow each of these four convolutions, while a soft-max
activation function and global average pooling are used in the final layer to classify
data. This system has a total of 58423 characteristics, 56951 of which are trainable. As
a consequence, when attempting to categorize the facial gestures into one of the seven
basic feelings, the prediction accuracy is 67%.

3 Dataset

FER-2013 has been utilized for the purpose of training and testing this model. This
FER-2013 data set is available in both images and pixel values. We have implemented
the model using the pixel values which are in csv format. These pixel values comprise
almost every sort of the 7 recognized facial emotions (Fig. 1).
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Fig. 1. Training data set count

4 Proposed Methodology

We proposed an approach to recognize the human from the images using traditional
CNN [2] which is capable of classifying seven different types of emotions. The pro-
posed traditional CNN is composed of 5 convolutional layers which have conv2d, batch
normalization [4], maxpooling2d and dropout. A dense layer of 200 neurons attached to
the completely connected layer and a SoftMax activation function are used to categorize
human emotions (Fig. 2).

Fig. 2. Flow chart of general facial expression recognition
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4.1 Data Pre-Processing

The proposed model has certain pre-processing steps such as normalizing the images,
adjusting the dimensions of the image, random sampling techniques all of which are
considered pre-processing strategies for image classification [12]. After normalizing the
picture, it has a pixel value range from 0 to 1, as a picture can have a pixel value of
max 255 and by splitting them by 255, they fall into the range of 0 and 1, making math
computations much simpler and the model’s intricacy lower. Then the reshaping of the
dimensions of data is performed by adding extra dimensions for pixel values and we
generate a shape of (-1,48,48,1).

Then the random over sampler is performed so that the majority of the class will be
shuffled randomly so that it avoids themodel tomemorize and helps in generalizing. This
sampler can also be used for minority classes based on the requirement of the model.
Once these pre-processing methods have been successfully completed, we will divide
the data set into both testing and training with the aid of the test size parameter and
random state parameter, which shuffles the training data. We had introduced a shuffle
size of 45 i.e., for every iteration a 45 new image pixel values will be generated replacing
the old pixel values.

4.2 Model Training

This Traditional CNN [14] design consists of 5 convolutional layers and a flatten and
finally three fully connected layers. Each has aConv2D,Activation,Batch normalization,
dropout and Maxpooling2D. The first layer is the input layer which takes input in with
padding value 1, stride value 1 and kernel size of 3X3. The Conv2D extracts all possible
feature maps and identifies the hidden internal representations. This was managed by
the filters of a kernel of conv2d. This is also known as a feature extraction layer (Fig. 3).

Fig. 3. Proposed Architecture of CNN model

Batch normalization [5] functions on extracted data by conv2d which takes as input
batches. This makes the model learn much faster. We had introduced a batch size of
128 for our particular model. Maxpooling2D helps in finding all prominent places of
the feature maps and thereby reducing the dimensions by extracting these prominent
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features. The RELU Activation function [7] brings the nonlinearity for the feature maps
generated by convolutional layers. A dropout layer [3] is used to avoid the over-fitting
of the model. We had dropped 20% of neurons for every new iteration. The flattened
layer then converts into the 1d array and then the fully connected layer and makes its
predictions according to the input.

4.3 Model Testing

During the testing phase, validation accuracy and loss of the proposed model is saved
in their best state having higher accuracy. We have implemented certain call backs like
early stopping, lr scheduler and model checkpoint in order to stop the model from over-
fitting and save it in the best possible condition with a higher learning rate. We ran the
model for 80 epochs using the Adam algorithm and category cross entropy [6] as the
loss function. For prediction purposes, test data will be fed to the trained model to find
final accuracy. This model implemented a haar-cascade frontal face feature [12] which
detects the frontal faces present in the images. Once detecting the faces by this frontal
face algorithm [8] they are reshaped and pixel values are divided by 255 and sent to
the model to make predictions by recognizing facial emotions. The prediction is in the
following way (Fig. 4).

Fig. 4. Predictions of model for test data set

5 Experimental Results and Analysis

The model was evaluated, and our research’s findings indicate that it has a training
accuracy of 91%, a testing accuracy of 87%, a training loss of 0.2469, and a testing loss
of 0.5012. By The values we can state that this model has predicted effectively with
higher accuracy and loss values. With the help of loss curve, it is possible to detect if
the model has got overfit or underfit or optimal fit [11].

From the below loss curves we can say that the proposed model is perfectly designed
with no overfitting or underfitting of the data with the better loss values and accuracy
(Figs. 5 and 6).

The confusion matrix, which displays both the number of accurate forecasts and
the number of inaccurate guesses produced by the proposed CNN algorithm, is shown
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Fig. 5. Loss curve model.

Fig. 6. Accuracy curve model

below, can be used to analyze how well this model predicted nearly every type of human
emotion. Each model has a total of 4,478,278 params where 4,475,759 are trainable
params and 3,968 are non-trainable (Fig. 7).

Model is shown in the confusion matrix above, along with the model’s total number
of incorrect predictions. The model is evaluated using the accuracy, recall, precision and
f-1 score which are shown in the Fig. 8 i.e., classification report [13].
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Fig. 7. Confusion matrix

Fig. 8. Classification report of Proposed model

6 Conclusion and Feature Work

This article discussed current FER study and informed us of the most recent advance-
ments in this field. TheFERsystem in this article offers amethod for identifying emotions
from images that is more effective than all other conventional methodologies, with an
accuracy of 87% and a prediction rate that is higher. We also have a study that showcases
the high rate at which researchers were able to figure out that machines will become
better at interpreting feelings in the future, suggesting that interactions between humans
andmachineswill becomemore natural over time. Thismethod’s design does not include
any pre-trained models. The suggested work can be improved as a video summarization
and broadened to recognize human face emotions based on speech and video.
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