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Abstract—Human emotions are mental states of feelings 

that arise spontaneously rather than through conscious 

effort. Some of the critical emotions are happy, sad, anger. 

Facial expressions play a key role in non-

verbalcommunication which appears due to internal 

feelings of a person that reflects on a person’s face. In this 

paper, we are trying to predict human emotions using the 

Convolution Neural Network (CNN). In this algorithm, the 

FER-2013 dataset has been applied for training. We 

recognized emotions such as Angry, Disgust, Fear, Happy, 

Sad, Surprise, and Neutral. 

Keywords—Facial Expression Recognition (FER), Facial 

Landmarks (FL), Facial Action Units (AU), Facial Action 

Coding System (FACS). 

I. INTRODUCTION 

Facial expressions play a key role for understanding and 

detecting emotion. Studies have shown that reading of facial 

expressions can significantly alter the interpretation of what is 

spoken as well as control the flow of a conversation. The ability 

for humans to interpret emotions is very important to effective 

communication.  

During the past decades, various methods have been proposed 

for emotion recognition. Many algorithms were suggested to 

develop systems/applications that can detect emotions very 

well. The basic emotions can be recognized from human facial 

expressions. This means that regardless of language and 

cultural barriers, there will always be a set of fundamental facial 

expressions that people communicate with.  

Facial expression recognition, as it extracts and analyzes the 

information taken from the images or videos, it will be able to 

deliver the exact or unbiased emotional responses as data. We 

achieve facial recognition by detecting the faces and by  

analyzing the movement of our eyes, nose, lips etc. and 

analyzing changes in the appearance of the facial features and 

classifying various expressions. 

 

Fig 1. System Architecture 

The current approaches primarily focus on facial investigation, 

keeping background intact and hence building up a lot of 

unnecessary and misleading features that confuse the CNN 

training process. Reported techniques on facial expression 

detection can be described as two major approaches. The first 

one is distinguishing expressions that are identified with an 

explicit classifier, and the second one is making 

characterization dependent on the extracted facial highlights. In 

the facial action coding system (FACS), action units are used as 

expression markers. These AUs were discriminable by facial 

muscle changes. 

II. LITERATURE SURVEY 

Facial Recognition has become an increasingly researched topic 

in recent years, mainly because it has a lot of applications in the 

fields of Computer Vision, robotics, and Human Computer 

Interaction. Paul Ekman, 1994 has presented seven universal 

expressions. He has described the positioning of faces, and the 

muscular movements required to create these expressions in his 

study (Ekman, 1997). This study has proved to be very useful 

in the research. It is also used for classifying human 

expressions. However, recently there has been a trend to 

implement FER using classification algorithms such as neural 

networks. There are several datasets available for research in 

the field of Facial Expression Recognition. The type and 

number of images, the method of labelling the images varies in 

each dataset. The CK+ dataset uses the system for labelling 

faces and contains the Action Units (AU’s) for each facial 

image. There are several challenges for implementing the FER 
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system. Most datasets consist of images of posed people with a 

certain expression. This is the first challenge, as real time 

applications require a model with expressions which are not 

posed or directed. The second challenge is that the labels in the 

datasets are broadly classified, which means that in real time 

there might be some expressions which the system might be 

able to classify correctly. These systems have become very 

popular in applications where FER is required. 

III. METHODOLOGY 

In this paper, deep learning with the convolutional neural 

network approach is used. The Keras Application programming 

Interface and OpenCV framework were used. OpenCV is used 

for the automatic detection of faces and drawing bounding 

boxes around them. OpenCV consists of many pre-trained 

classifiers for face, eyes, lips etc. This dataset can be  taken 

from the Kaggle website. All the images of the dataset are of 

size 48*48. Some images from every category, utility functions 

are : 

 

Fig 2. FER2013 Database 

A. Dataset 

The dataset used for implementing the system is the FER2013 

dataset from Kaggle on FER (Goodfellow et al, 2013). The 

dataset consists of 35,887 labelled images, which are divided 

into 3589 test and 28709 train images. The dataset consists of 

private test images, on which the final test was conducted. The 

images in the FER2013 dataset have size 48x48 and are black 

and white images. The FER2013 dataset contains images that 

vary in viewpoint, lighting, and scale. Some sample images 

from the FER2013 dataset. 

 

Fig 3. Dataset sample 

B. Process of Facial Recognition 

The process of FER has three stages. The preprocessing stage 

consists of preparing the dataset into a form which will work on 

a generalized algorithm and generate efficient results. In the 

face detection stage, the face is detected from the images that 

are captured real time. The emotion classification step consists 

of implementing the CNN algorithm to classify the input image 

into one of seven classes. These stages are shown  in the 

following figure. 

 

Fig 4. Stages of Facial Recognition 

Pre-Processing 

The input image to the FER may contain noise and have 

variation in illumination, size, and color. To get accurate and 

faster results on the algorithm, some preprocessing operations 

are done on the image. The preprocessing strategies used are 

conversion of image to grayscale, normalization, and resizing 

of image. 

 

Fig 5. CNN Model 

Normalization - Normalization of an image is done to remove 

illumination variations and obtain improved face image. 

Grayscaling - It is the process of converting a colored image 

input into an image whose pixel value depends on the intensity 

of light on the image.  

Grayscaling is done as colored images are difficult to process 

by an algorithm. Resizing - The image is resized to remove the 

unnecessary parts of the image. This reduces the memory 

required and increases computation speed.  

Face Detection 

Face detection is the primary step for any FER system. The 

classifiers which detect an object in an image or video for which 

they have been trained. They are trained over a set of positive 

and negative facial images. They have proved to be an efficient 

means of object detection in images and provide high accuracy. 
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It features three dark regions on the face, for example the 

eyebrows. The computer is trained to detect two dark regions 

on the face, and their location is decided using fast pixel 

calculation. It then removes the unrequired background data 

from the image and detects the facial region from the image. 

The face detection process using classifiers is implemented in 

OpenCV.  

Emotion Detection 

System classifies the image into one of the seven universal 

expressions - Happiness, Sadness, Anger, Surprise, Disgust, 

Fear, and Neutral. The training was done using CNN, which is 

a category of neural networks proved to be productive in image 

processing. The dataset was first split into training and test 

datasets, and then it was trained on the training set. Feature 

extraction process was not done on the data before feeding it 

into CNN. The approach followed was to experiment with 

different architectures on the CNN, to achieve better accuracy 

with the validation set.  

 

Fig 6. Block Diagram 

1) Splitting of Data : The dataset splits into 3 categories 

according to the “Usage” label in the FER2013 dataset: 

Training, PublicTest, and PrivateTest. The Training and 

PublicTest set were used for generation of a model, and the 

PrivateTest for testing the model.  

2) Training and Generation of model : The neural network 

architecture consists of the following layers: convolution layer, 

a randomly instantiated learnable filter is slid, or convolved 

over the input. The operation performs the dot product between 

the filter and each local region of the input.  

Max Pooling, this is used to reduce the spatial size of the input 

layer and the computational cost. Fully connected layer, each 

network from the previous layer is connected to the output 

neurons. The size of the final output layer is equal to the number 

of classes in which the input image is to be classified. 

Table 1 - CNN Model 

Activation functions are used to reduce the overfitting of the 

image. The advantage of the activation function is that its 

gradient is always equal to 1, which means that most of the error 

is passed back during propagation f(x) = max (0, x).  

Softmax takes a vector of N real numbers and normalizes that 

vector into a range of values between (0, 1). Batch 

Normalization speeds up the training process and applies a 

transformation that maintains the mean activation close to 0 and 

the activation standard deviation close to 1. 

3) Evaluation of model : The model generated during the 

training phase was then evaluated on the validation set, which 

consisted of 3589 images. 

4) Using the model to classify real time images : The concept 

of transfer learning can be used to detect emotion in images 

captured in real time. The model generated during the training 

process consists of pretrained weights and values, which can be 
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used for implementation of a new facial expression detection 

problem. As the model generated already contains weights, 

FER becomes faster for real time images. The CNN architecture 

is shown in the following figure.  

IV. RESULTS AND ANALYSIS 

Results were obtained by experimenting with the CNN 

algorithm. It was observed that the loss over training and test 

set decreased with each epoch. The batch size was 256, which 

was kept constant over all experiments.  

It was observed that the accuracy of the model increased with 

an increasing number of epochs. However, a high number of 

epochs resulted in overfitting the image. It was concluded that 

fifteen epochs resulted in minimum overfitting and high 

accuracy. A total of six convolution layers were built, using the 

activation function.  

The neural network accuracy on the dataset varied on the 

number of filters applied to the image. The number of filters for 

the first two layers of the network was 64, and it was kept 128 

for the third layers of the network Validation of the network is 

done using different real facial expressions in which the faces 

are detected and bounded by a box and the facial expressions 

are named according to the emotion groups. 

 

 

Loss and accuracy over time  

 

Fig 7. Graph of loss per epoch 

It is observed that the loss decreases, and the accuracy increases 

with each epoch. The training versus testing curve for accuracy 

remains ideal over the first five epochs, after which it begins to 

deviate from the ideal values. The training and test accuracy 

along with the training and validation loss was obtained for the 

FER2013 dataset using CNN. 

 

Fig 8. Graph of accuracy per epoch 

Accuracy  

The final, state-of-the-art model gave a training accuracy of 

67.5% and a test accuracy 64.3% as shown in the table. The 

architecture used could correctly classify 22936 out of 28709 

images from the train set and 2158 out of 3589 images from the 

test set. The results of some of the experiments conducted on 

CNN are : 
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Fig 9. Accuracy of the model obtained 

V. APPLICATIONS 

Emotion recognition has applications in different sectors, for 

example, retail and education. Based on our current customer 

and partner engagements, one of the most promising use cases 

is marketing/advertising. Our customers want to know how 

people respond to ads, products, packaging, and product design. 

Education applications measure real-time learner responses and 

engagement with the educator. For medical purposes, doctors 

can use the system to understand the intensity of pain or illness 

of the patients. 

VI. FUTURE SCOPE 

Future work should entail improving the robustness of the 

classifiers by adding more training images from different 

datasets, investigating more accurate detection methods that 

still maintain computational efficiency, and considering the 

classification of more nuanced and sophisticated expressions. 

We can also test the dataset with different angles, lighting and 

background.. 

VI. CONCLUSION 

In this paper, an approach for FER using CNN has been 

discussed. Facial Expression Recognition (FER) has attracted 

increasing attention in recent years. The past decade has 

witnessed the development of many new FER algorithms. We 

divided the conventional methods into three major steps: pre-

processing, face detection and emotion detection. We analyzed 

emotions according to their facial expressions from the 

perspective of computer simulation. With reference to the 

FER2013 dataset, the emotions were classified into 7 emotion 

groups. The background removal adds a great advantage in 

accurately determining the emotions. We achieved a test 

accuracy of 0.643 and a validation accuracy of 0.675. 
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