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1. Introduction 
The COVID-19 pandemic is a heartbreaking disaster for all humans on Earth. All activities and life 

are certainly disrupted due to this outbreak. The education field is also hampered, from kindergarten 

through elementary, junior high, and high school levels, and even in universities, the teaching and 

learning process must be carried out online. This prevents lecturers and teachers from monitoring their 

students' faces and emotions. Naturally and intuitively, humans utilize powerful facial expressions to 

communicate and express their feelings in social interactions. In these interactions, interpreting 

emotional states is important for good communication. Emotional states are reflected in words, gestures, 

and especially facial expressions. 

Rapid facial expression recognition is becoming an important part of computer systems, as it is the 

most expressive way for humans to show emotions [1]–[4]. A person's emotions can be observed through 

facial expressions, including those of students, which reflect their intentions, social relationships, and 

personalities. At this time, technological development led to research on facial emotion classification 

using various methods. Facial emotion classification in technology is a part of computer vision and 
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 The COVID-19 pandemic was a devastating disaster for humanity 

worldwide. All aspects of life were disrupted, including daily activities and 

education. The education sector faced significant challenges at all levels, 

from kindergarten to elementary, junior high, and high school, as well as 

in higher education, where learning had to be online. Human emotions 

are primarily conveyed through facial expressions resulting from facial 

muscle movements. Facial expressions serve as a form of nonverbal 

communication, reflecting a person’s thoughts and emotions. This 

research aims to classify emotions based on facial expressions using the 

Convolutional Neural Network (CNN) and detect faces using the Viola-

Jones method in video recordings of online meetings. We utilize the 

VGG-16 architecture, which consists of 16 layers, including convolutional 

layers with the ReLU activation function and pooling layers, specifically 

max pooling. The fully connected layer also employs the ReLU activation 

function, while the output layer uses the Softmax. The Viola-Jones 

method is used for facial detection in images, achieving an accuracy of 

87.6% in locating faces. Meanwhile, the CNN method is applied for facial 

expression recognition, with an accuracy of 59.8% in classifying 

emotions.  
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artificial intelligence (AI) [5]. For example, in the current development of Artificial Intelligence, 

Facebook can recognize people in an uploaded photo and provide suggestions for tagging the person 

involved. This capability is a branch of Artificial Intelligence, namely Computer vision [6]–[8]. 

Notwithstanding considerable progress in AI and computer vision, facial expressions' precise and efficient 

recognition remains difficult. Facial expression classification is essential in numerous applications, such 

as education, human-computer interface, and social behavior study. Nevertheless, current methodologies 

face constraints in precision, real-time processing, and adaptability to diverse facial expressions. 

Consequently, additional research is required to formulate more resilient and effective methods for facial 

expression identification [9], especially with student behavior analysis and emotion detection in dynamic 

settings.  

The Convolutional Neural Network (CNN) method enables and has been reported to have promising 

performance in classifying emotions from video recordings [10]–[12]. Classification models using CNN 

have been reported to produce better performance in accuracy, precision, and recall compared to other 

baselines [13]–[15]. One of the main factors behind the better performance of CNN is an equal 

distribution of training data. Creating an emotion recognition system for human faces from video 

recordings will enable the detection of multiple faces in a single video recording. Therefore, this research 

aims to develop a classification technique based on CNN that can recognize changes in facial expressions 

based on four types (happy, sad, angry, and neutral) of expressions used to determine a person's emotions 

on video conference recordings.  

2. Method 

2.1. Dataset 
The data set used video conference recordings, such as Zoom or Microsoft Teams, on a 1-page video 

containing 2 people, 5 people, and 10 people. The training data is from Facial Expression Recognition 

(FER). The FER2013 dataset from https://www.kaggle.com/datasets/msambare/fer2013 contains 

35,887 facial images across seven emotion categories. Four basic human emotions, happy, sad, angry, 

and neutral, will be used to design the emotion recognition system on facial expressions from video 

recordings.  

2.2. Training Model CNN 
In this stage, the author conducts training on the CNN model [11], [12], [16] in classifying facial 

images. The data for training the CNN model is taken from the Kaggle FER2013 dataset, which selects 

four labels: happy, sad, angry, and neutral. The initial stage was resizing the image to 48 x 48, and the 

grayscale stage was used to change the image's color to grey [10], [17]. Then, in the data augmentation 

stage, the processes include randomly zooming and rotating the training image with a maximum of 90

0

 

to get variation images. The process of training the CNN model can be seen in Fig. 1. 

 

Fig. 1. CNN model training process 

2.3. Testing 
Testing aims to measure the system's performance to recognize emotions on human faces properly 

and correctly. The process of testing the system that has been designed can be seen in Fig. 2. 

https://www.kaggle.com/datasets/msambare/fer2013
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Fig. 2.  Model testing process 

 For testing purposes, the input image was taken from the recorded videos to measure the model's 

accuracy. The process begins with the input of images, where facial images are provided for analysis. 

Next, the preprocessing stage prepares the images by enhancing the quality and normalizing the data for 

better recognition accuracy. The Viola-Jones method is then applied for facial expression recognition, 

ensuring accurate face detection within the image. Following this, the classification process using CNN 

is carried out, where the model analyzes facial features to categorize emotions. Finally, the validation 

phase assesses the classification's accuracy and reliability. A confusion matrix was used to evaluate the 

performance of a classification method, measuring accuracy, precision, recall, and F1 score.  

2.3. Emotion 
Humans can intentionally experience certain facial expressions, but they usually occur unintentionally 

due to human feelings or emotions. Human emotions are mainly expressed by facial expressions, which 

are the result of facial muscle movements [18]–[20]. Facial expressions are a form of nonverbal 

communication expressed through people's thoughts. For instance, smiling means warmth, raising 

eyebrows with an expression of surprise, and frowning with fear and anxiety. Human emotion is a feeling 

or mental turmoil arising in a person due to stimuli, both from within oneself and outside. 

It is often difficult to hide certain feelings or emotions from the face. Basic emotions are generally 

divided into two categories: primary and secondary emotions. Primary emotions [9], [3] include surprise, 

pleasure, anger, sadness, fear, and disgust, while secondary emotions include empathy, jealousy, and 

confusion. The best way to understand emotions is through facial expressions rather than body 

movements, since emotions are primarily displayed on the face, not the body. The body shows how a 

person deals with emotions. No specific body movement pattern always expresses the emotion a person 

is feeling, but each emotion [4], [1] has a specific facial expression. Fig. 3 shows some basic human 

emotions. In this research, we select four emotions: Angry, Happy, Sad, and Neutral. 

Anger Disgust Fear Happy Sad Surprise Neutral 

       

Fig. 3. Basic Human Emotion 

2.4. Viola-Jones 
Among many face detection methods, Viola-Jones is the most commonly used method [21], [22]. 

Through a classifier formed based on training data, images are classified based on simple feature values 

to perform face detection. The Viola-Jones method combines four main keys: Haar-like feature, Integral 

Image, AdaBoost learning, and Cascade Classifier [23].  Compared to pixel-by-pixel calculation, using 

Integral Image to extract Haar features increases the calculation time. The main advantages of the Viola-

Jones algorithm are a high detection rate and the ability to track faces in images with a low error rate 

[24]. An outline diagram of the face detection process using the Viola-Jones algorithm [23] can be seen 

in Fig. 4. 
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There are several stages of the Viola-Jones method for the face detection process [25], namely: i) the 

first process is to read a sample of facial images from the input of an image in which there is a human 

face; ii) from the image that has been entered, the Haar feature reading process  [22], [26] is then 

conducted by processing the image into boxes to get the difference in value from the dark area and the 

light area. If the difference in value between light and dark areas is above the threshold value, it can be 

concluded that the feature exists. 

 

Fig. 4.  Viola-Jones method 

After the Haar process, the Integral Image method efficiently determines the presence or absence of 

hundreds of Haar features in an input image at different scales. The definition of integral is adding small 

units together. In this case, the small units are the values of the image pixels. The integral value of each 

pixel is the sum of all the pixels from the top and left to the bottom, and the whole image is summed 

up with integer operations per pixel; (iii) To select good and specific Haar features that will be used later 

and to set the threshold value, a method from machine learning, namely AdaBoost, is used. This method 

combines many weak classifiers into a strong classifier by treating AdaBoost as a filter stage, producing 

a classifier good enough to classify images. During the filter process, if any filters fail to pass a region of 

the image, that region is immediately classified as non-face. Still, when a filter passes a region of the 

image and until it passes the entire filter process contained in the filter sequence, then that region of 

the image is classified as face; and (iv) the next stage is the cascade classifier. The weights assigned by 

AdaBoost influence the order of filters in the cascade. The filter with the largest weight is placed first 

in the process, aiming to remove non-face-image regions as quickly as possible. 

2.4.1. Haar-like Feature 
Image classification is based on a feature value. Haar features [27]–[29] are determined by subtracting 

the average value of pixels in dark regions from those in light regions. All images with lower values than 

others and little information are discarded. There are two types of features [30], which are based on the 

number of rectangles [25]  (light and dark) contained in it, namely 2,3,4 rectangles, as can be seen in 

Fig. 5. 

 

Fig. 5. Haar Like Features 

2.4.2. Integral Image 
Integral images are data structures and algorithms that add values to parts of the image matrix. The 

integral value for each pixel is the sum of all pixels from top to bottom. The whole image can be summed 

with per-pixel integer operations from the top left to the bottom right. Then, to select the specific Haar 

feature [28], which is specified to be utilized and to set its threshold value, a machine learning method 

called AdaBoost [31] is used. For an example of integral image calculation, see Fig. 6. 

1 2 3 

4 5 6 

7 8 9 

 

1 3 6 

5 12 21 

12 27 45 

 

Input Image Integral Image 

Fig. 6. Integral image calculation 
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2.4.3. AdaBoost Learning 
AdaBoost [32], [33] combines many weak classifiers to create a strong classifier by combining 

multiple AdaBoost classifiers [34] as a series of filters that are efficient enough to classify image regions. 

Each filter is a separate AdaBoost classifier consisting of a weak classifier or a Haar filter. During the 

filtering process, if any filter fails to pass an image, that region is immediately classified as non-face. 

However, when a filter passes an image region and gets through all the filter processes in the filter chain, 

the image area is classified as a face. 

2.4.4. Cascade Classifier 
A characteristic of the Viola-Jones method is the existence of a cascade classifier [35]. The Cascade 

Classifier [36] is a method that is tasked with rejecting image areas that are not detected by using a 

classifier trained by the AdaBoost algorithm at each classification level. At the first classifier level, the 

inputs are all sub-windows images. For sub-windows, images that are able to pass the first classifier will 

become input for the next classifier, and so on. If there is a sub-windows image that is able to pass all 

levels of the classifier, then the sub-windows image is declared as a face, while sub-windows that fail to 

pass the classifier will be eliminated. An illustration of the cascade classifier [36] can be seen in Fig. 7. 

 

Fig. 7. Ilustrasi cascade classifier [36] 

2.5. Convolutional Neural Network 
Convolutional Neural Network (CNN) [11], [17] is one type of neural network that is commonly 

used to process image data. CNN can be used to recognize objects or classify an image. CNN is included 

in the deep learning group [12] which uses a convolution layer in it which aims to convolve an input 

image with a filter. CNN consists of two main stages, namely feature learning and classification. The 

feature learning stage consists of convolutional layer, ReLU (activation function) and pooling layer, while 

the classification stage consists of flatten, fully connected layer, and prediction. There are two methods 

that CNN [12], has, namely classification using feedforward and the learning stage using 

backpropagation. An illustration of the whole CNN process [12] can be seen in Fig. 8. 

 

Fig. 8. Full CNN process illustration [12] 

2.6. Convolutional Layer 
The convolutional layer is a layer that computes the output of neurons connected to local areas of 

the input image [37]. Each neuron uses a filter to perform dot multiplication between a small area 

connected to the input image with a shifted filter. The filter in this layer is a 2-dimensional array that 
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can be 7x7, 5x5, 3x3, 1x1. In CNN, a convolutional layer performs feature extraction on an image. The 

equation used in the convolutional layer calculation process is equation (1). 

(𝑖𝑖, 𝑗𝑗) = ∑ ∑ 𝑤𝑤𝑚𝑚,𝑛𝑛
𝑙𝑙

𝑛𝑛 . 𝑜𝑜𝑖𝑖+𝑚𝑚,𝑗𝑗+𝑛𝑛+𝑏𝑏
𝑙𝑙−1

𝑚𝑚    (1) 

where the convolution calculation results at the position (𝑥𝑥,𝑦𝑦), represented as (𝑖𝑖, 𝑗𝑗), is determined 

within a convolutional layer where 𝑙𝑙 denotes the layer, 𝑜𝑜(𝑖𝑖, 𝑗𝑗) represents the input, 𝑤𝑤(𝑚𝑚,𝑛𝑛) is the filter, 

and 𝑏𝑏 is the bias. The dimensions of the image are given by 𝑙𝑙 for the pixel row and 𝑗𝑗 for the pixel column.  

 [38] can be seen in Fig. 9. 

 

Fig. 9. Ilustrasi proses convolutional layer [38] 

In the convolutional layer process, there are two variables that can determine the size of the output 

matrix, namely Stride and Padding. [39], [40]. 

2.7. Pooling Layer 
One technique that increases the efficiency of CNN is the pooling layer [41]; this layer functions as 

a filter that optimizes an image and reduces computation in neural networks. The process in the pooling 

and convolutional layers shifts a window in the input image. The number of strides will determine each 

shift shifted across the feature map or activation map area. 

In application, the commonly used pooling layers [42] are max pooling and average pooling. A kernel 

of size n*n (2x2) is moved across the matrix, and for each position, the maximal value is taken and 

inserted into the corresponding position of the output matrix, this is called max pooling, and in the case 

of average pooling, a kernel of size n*n (2x2) is moved across the matrix and for each position the average 

is taken of all the values and inserted into the corresponding position of the output matrix. Using a 

pooling layer reduces the size of the feature map dimensions generated from the convolutional layer 

process, thus speeding up the computational process due to fewer updated parameters and overfitting. 

Max pooling [42] is the most commonly used method in CNNs. An example of the max pooling process 

can be seen in Fig. 10. 

 

Fig. 10. Proses max-pooling [42] 

2.8. ReLU (Rectified Linear Units) 
ReLU [43] is an activation function that is responsible for normalizing the value generated by the 

convolutional layer, for example, the rectifier activation function normalizes the value so that there is no 

value below 0 by using the 𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥) function [44]. ReLU will display the value directly if the value is 

positive, while for negative values, it will be given a value of 0. If there is an input matrix 𝑥𝑥 then the 

ReLU value is obtained in the equation (2) [43] as follows 
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𝑔𝑔(𝑥𝑥) = max{0, 𝑥𝑥} = �0 𝑓𝑓𝑓𝑓𝑓𝑓 𝑥𝑥 ≤ 0
𝑥𝑥 𝑓𝑓𝑓𝑓𝑓𝑓 𝑥𝑥 > 0�   (2) 

2.9. Flattening 
Flattening [45] is an operation that will convert a matrix into a vector with one dimension. The 

flattening process [46] will change the feature map [47] on the previous layer that has been processed 

and become a one-dimensional vector so that the feature map [48] that has been flattened can be 

classified using a fully connected layer [49] and Softmax [50]. 

2.10. Data Augmentation 
Data augmentation is the process of changing and modifying images so that the computer recognizes 

the changed image as different from the previous image [51], [52]. This data augmentation technique 

can improve the performance of the trained CNN because by performing augmentation techniques, the 

model created gets additional data that can greatly help the training process using CNN [53].  

Augmentation is done by rescaling, rotating, zooming, and flipping.  

2.11. VGG 16 
VGG-16 is an architecture developed by Simonyan and Zisserman in 2014 [54]. The VGG 

architecture was developed in Simonyan and Zisserman's research, which examined the effect of layer 

depth on CNN on error values. The research was also included in the ImageNet Large Scale Visual 

Recognition Competition (ILSVRC) competition, and the VGG architecture managed to place 2nd in 

the competition. The VGG-16 architecture [54] can be seen in Fig. 11. 

 

Fig. 11. VGG-16 Architecture [55] 

VGG-16 is a VGG architecture version with a layer depth of 16 [55]. In this system design, we will 

use the VGG-16 architecture with a layer depth of 16, which consists of a convolutional layer using the 

ReLU activation function, a pooling layer which is more precisely max pooling, then the last one using 

a fully connected layer using the ReLU activation function and for the output layer a Softmax activation 

function will be used [55]. 

3. Results and Discussion 
The results achieved in this study are the accuracy of detecting facial images from various video 

recording inputs. The first test dataset is from video conference recordings, and the second test is from 

live cameras or live detection using the Viola-Jones method. Furthermore, the accuracy of emotion 

classification (angry, happy, sad, and neutral) on human faces was assessed using video recordings and 

live camera-based CNN methods.   
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3.1. CNN model 
The CNN experiment model using the VGG-16 architecture with 200 epochs is shown in Fig. 13. 

The CNN model gets high accuracy for emotion classification on each training data and image validation 

data taken from the Kaggle FER2013 dataset with the accuracy of the training was 88.39%, and the 

accuracy of the validation data is 72% that shown in Fig. 14. 

 

Fig. 12. VGG 16 Architecture Layer Details 

 

Fig. 13. Graphic of accuracy (200 epochs) 

3.2. Experiment-based application output 
Data from video conference recordings were used for the first test. The dataset comprised 584 images, 

split into 408 for training and 176 for testing. The Second test data from the live camera has 52 images. 

For each well-detected result in the image, whether from video recordings or camera detection, the 

emotion is directly categorized into one of four categories: angry, happy, neutral, or sad. The results are 

analyzed manually and using the multi-class confusion matrix method. Examples of test results using a 

live camera are shown in Fig. 15, and those using video recordings are shown in Fig. 16. 

 

Fig. 14. Live of the camera 

 

Fig. 15. Video recording 

The face detection process using the Viola-Jones method runs well. It achieves high accuracy on the 

first test data from video conference recordings and the second test data from live cameras. The accuracy 

obtained from the test data in the first test was 78.9%, and in the second test, the accuracy was 96.2%.  

3.3. Accuracy of training data from video recording 
Table 1 shows the training accuracy results calculated from video conference recordings totaling 408 

images, divided into 12 video conference recordings per emotion type: happy, angry, sad, and neutral. 

There are 102 instances of each emotion category: angry, happy, neutral, and sad. The accuracy of 

emotion classification is calculated as follows: 9 out of 102 images are correctly classified, yielding an 
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accuracy of 8.8%. Happy emotions are correctly classified in 63 out of 102 images, with an accuracy of 

61.7%. Neutral emotions are correctly classified in 25 out of 102 images, achieving an accuracy of 24.5%. 

Sad emotions are correctly classified in 35 out of 102 images, with an accuracy of 34.3%. 

Table 1.  Accuracy results of training data through video recordings 

Type of emotions Total Detected true Accuracy 
angry 102 9 8.8% 

happy 102 63 61.7% 

neutral 102 25 24.5% 

sad 102 35 34.3% 

 

3.4. Accuracy of test data through video recording 
The Accuracy of test data from Table 2 is calculated from video conference recordings containing up 

to 176 images, divided into 5 recordings for each emotion type: happy, sad, angry, and neutral.  

Table 2.  The Accuracy Results of Test Data Through Video Recordings 

Type of emotions Total Detected true Accuracy 
angry 44 8 18.1% 

happy 44 28 63.6% 

neutral 44 13 29.5% 

sad 44 22 50% 

 

The results of the accuracy calculation obtained on angry emotions that are correctly classified in the 

image with the number of images of angry emotions are 8 out of 44 images, with an accuracy of 18.1%, 

on happy emotions that are correctly classified in the image with the number of images of happy 

emotions are 28 out of 44, with an accuracy 63.6%, on neutral emotions that are correctly classified in 

the image with the number of images of neutral emotions are 13 out of 44 images, with an accuracy 

29.5%, and Sad emotions classified correctly in the image with the number of images of happy emotions 

are 22/44 by 50%. The total accuracy of correctly classified data obtained based on test data is 40.3%, 

and the total accuracy of correctly classified data obtained based on the number of detected faces is 

51.1%. 

3.5. Test data accuracy with live cameras 
The result of the accuracy of the test data through the live camera from Table 3  is calculated from 

the data that has been collected from as many as 52 camera capture images, and the types of emotions 

on the face used are the same as the first test, namely, happy, angry, sad and neutral. In the overall 

dataset of 52 images, there are 13 angry, 13 happy, 13 neutral, and 13 sad emotions. The accuracy for 

correctly detected angry emotions is 5/13 (38.4%), for correctly detected happy emotions is 12/13 

(92.3%), for correctly detected neutral emotions is 10/13 (76.9%), and for correctly detected sad 

emotions is 10/13 (76.9%). The total accuracy of correctly classified data obtained based on test data is 

71.1%, and the total accuracy of correctly classified data obtained based on the number of detected faces 

is 68.5%.  

Table 3.  Test Data Accuracy Results Via Live Camera 

Type of emotions Total Detected true Accuracy 
angry 13 5 38.4% 

happy 13 12 92.3% 

neutral 13 10 76.9% 

sad 13 10 76.9% 

3.6. Confusion matrix multi-class 
The multi-class confusion matrix is one method for measuring the performance of a classification 

method. The Multi-class confusion matrix provides information on how the system's classifications 

compare with the expected classifications. The Confusion Matrix Multi Class will be implemented on 
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the first test data using video recordings and on the second test data using live cameras. The classification 

results are shown in Table 4 for the first test data and in Table 5 for the second test. 

Table 4.  First data testing of the classification confusion matrix for multi-class 

 angry happy neutral sad 
angry 8 18 2 4 

happy 0 28 3 4 

neutral 1 18 13 3 

sad 1 12 1 22 

Table 5.  Second test data multi-class confusion matrix classification 

 angry happy neutral sad 
angry 5 3 1 4 

happy 0 12 1 0 

neutral 0 1 10 2 

sad 0 3 0 10 

 

Based on Tables 4 and 5, the collected and classified data are used to compute Accuracy, Precision, 

Recall, and F1-Score. The results for Accuracy, Precision, Recall, and F1-Score are shown in Table 6. 

Table 6.  Accuracy, precision, recall, and F1-score values 

 accuracy precision recall F1-score 

Data testing 1 51.07% 62.98% 50.81% 56.24% 

Data testing 2 68.51% 77.24% 71.15% 74.07% 

 

Based on Table 6, the Multi Class Confusion Matrix percentages obtained on the first test data are: 

51.07% for accuracy, 62.98% for precision, 50.81% for recall, and 56.24% for F1-score. In the second 

test, the accuracy was 68.51%, the precision was 77.24%, the recall was 71.15%, and the F1-score was 

74.07%. 

4. Conclusion 
The conclusions obtained by the author from the results of research and testing conducted on the 

human facial emotion recognition program through video recordings using the Convolutional Neural 

Network method are as follows: i) the results of testing the keys on the human facial emotion recognition 

program using the black box testing method and confusion matrix can run well. The functions and 

features in the program have run according to what was designed; ii) the results on the first test data, 

using video recordings, the average accuracy obtained in the face detection process is 78.9%, and for the 

recognition of emotions from detected faces is 51.1%; iii) the results on the second test data, that is 

through a live camera or live detection, the average accuracy obtained in the face detection process is 

96.2%, and for the recognition of emotions from detected faces is 68.5%; and iv) the overall system 

average accuracy of the first test data through video recording and the second test data through live 

cameras obtained an accuracy of 87.6% in the face detection test and 59.8% for emotion recognition of 

detected human faces. For further development research, it is determined based on: i) for the accuracy 

of human facial emotion recognition, it still gets low accuracy, so additional methods are needed such 

as adding transfer learning techniques or also looking for other architectures that are more suitable for 

emotion recognition; ii) can detect directly from the Zoom application or other video conference 

applications used, so that users don't need to do the recording process manually and input the recording 

results into the program; and iii) the human facial emotion recognition program not only detects 4 

human facial emotions but can add other types of emotions to classify human facial emotions such as 

emotions of shock, fear, disgust and others. 
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