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ABSTRACT 

With the wide application of  deep learning in the field of  education, student emotion perception has 

become one of  the research hotspots. The study recognizes learners' facial expressions by face detection 

algorithm after collecting learners' data and preprocessing. Algorithms such as convolutional neural 

network and ConvLSTM are used to recognize learners' emotions, and learners' emotions are constructed 

to be modeled. Evaluate the learner emotion performance of  this paper's model and compare it with other 

emotion recognition models. The model of  this paper is used for practical research to collect students' 

emotions in six classes, and statistics and analysis are performed. Finally, by studying the relationship 

between students' emotions and behaviors, targeted suggestions for improving students' behaviors are 

proposed. The accuracy of  this paper's model in recognizing student emotions on the RAF-DB dataset and 

classroom dataset is 90.32% and 97.65%, respectively, which is much higher than that of  other pre-trained 

models. The recognition accuracy of  this paper's model for eight types of  student emotions is between 

[0.93, 0.98]. In the statistics of  classroom students' emotions, the main emotions of  students in session 1 

were concentration, in session 2 were surprise and concentration, in sessions 3, 4, and 6 were surprise and 

delight, and in session 5 were concentration and disappointment. Focus was significantly positively 

correlated with "serious attendance", "thinking", "answering questions", "discussing" and "doing tests", 

tiredness was significantly positively correlated with "answering questions", "reviewing" and "deserting", 

boredom was significantly positively correlated with "answering questions", "doing quizzes", "reviewing" 

and "desertion", doubts were significantly positively correlated with "discussing", "doing quizzes" and 

"reviewing", distraction was significantly positively correlated with "reviewing" and "desertion", happiness 

was significantly positively correlated with "discussion", and disappointment was significantly positively 

correlated with "desertion". 
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1. Introduction 

Artificial Intelligence is a new technical science that researches and develops theories, methods, 

technologies and application systems used to simulate, extend and expand human intelligence. Artificial 

intelligence-assisted education, on the other hand, is a new field combining artificial intelligence and 

learning science, and it is a hot spot for educational researchers [1-3]. Artificial intelligence-assisted 

education can be defined as the application of AI-related technologies, algorithms and concepts in various 

aspects of education and teaching. The application of artificial intelligence in education involves intelligent 

assisted teaching, virtual reality teaching, and learning sentiment analysis [4-6]. 

Learning affective analysis is the use of artificial intelligence algorithms to analyze the emotional state 

of students when they are learning, in order to better understand the students' motivation and emotions, 

so as to provide teaching strategies that are more in line with the needs of students. Intelligent perception 

of learners' emotional state is the result of the joint action of learners' external behavioral representation 

data such as expression, movement, language and internal physiological information data such as eye 

movement, EEG, skin electricity, hormone level and so on [7-10]. Emotion perception based on artificial 

intelligence can, on the one hand, eliminate the errors brought by unidirectional emotion analysis and 

improve the accuracy of emotion recognition. On the other hand, it is able to break through the limitations 

of time and space, collect all-around behavioral and physiological data of learners in different scenarios 

[11-14], and carry out multi-dimensional modeling and analysis of the learner's affective representation 

pattern and the mechanism of emotion occurrence, in order to better explore the change rule of learner's 

emotion, so as to formulate the strategy to change their behavioral pattern [15-16]. 

Xinhan, N created an intelligent analysis system for classroom student status using neural network 

technology and affective feature recognition algorithm, which was realized by simulating RFID mode to 

identify student status. Experiments showed that the system has good performance and has some practical 

applications in real classroom teaching [17]. Sargazi Moghadam, T. introduced a decision-making 

framework based on artificial intelligence for recognizing learner's emotions in order to change the 

emotions and improve the learning outcomes. Comparative experiments yielded that learners' emotions 

have a significant impact on their academic performance, validating the importance of the proposed 

framework [18]. Akputu, O. K. focused on analyzing students' emotions. By reviewing the adaptive 

education learning system, experimental prototypes of emotion model and affective model were come out 

and experiments were conducted and the results pointed out that this emotion-aware system performs 

better in comparison to the emotion-unaware system [19]. Kaushik, S. et al. analyzed the existing research 

trends and discussed the application of emotion recognition in customized education. A literature review 

was conducted by applying VoSviewer software and identified the widely used techniques in emotion 

recognition such as facial action coding system, deep learning etc. A knowledge base and basic terminology 

were depicted to provide a systematic exposition of the state of emotion recognition in learning platforms 

[20]. Karthika, R. et al. utilized Takagi sugeno fuzzy inference engine to receive information and 

automatically perceive learner's emotions, especially frustrated feelings, through LMS. The comparative 

experiments were also analyzed using statistical tests and the results showed that the two groups involved 

in the experiment exhibited significant differences, proving the advantages of the proposed system [21]. 

In the article, NVIE is chosen as the basic expression library for the model, and after classroom and 

student images are captured and classified, the students' facial expressions are recognized by face detection 

algorithm. Then. Use neural network technology to recognize students' emotional state to construct a 

student model that integrates emotional perception. Construct the dynamic analysis model of emotional 

state, and construct the learner emotion recognition model through convolutional neural network and 

ConvLSTM for emotion recognition. Compare the emotion recognition effect of this paper's model with 



STUDY ON THE CONSTRUCTION OF LEARNERS' EMOTION PERCEPTION MODEL 1413 

 

other emotion recognition pre-training models to verify the performance of this paper's model on learner 

emotion recognition. The classroom student emotions recognized by this paper's model are counted and 

analyzed. The correlation between student emotions and student behaviors is further explored. 

Accordingly, suggestions for improvement of the student behavior model are made. 

2. Learner emotion recognition modeling 

2.1. Basic expression library selection 

The base expression library is the basic database used to train the neural network, which usually consists 

of images or files that have been encoded. In this study, the base expression library is an important library 

file used to train the AI network after coding, and the AI network trained by the base expression library 

will realize specific functions, and the function in this study is mainly to realize the recognition of students' 

facial expressions. The quality of the base expression library will directly affect the training results of the 

AI network, which also directly affects the quality of the AI network. The quality of the base expression 

library in this study will determine the accuracy of recognizing students' facial expressions. 

In order to meet the needs of the artificial intelligence network created in this study, the selection of the 

basic expression library only requires the selection of the library consisting of raw images, in the raw 

expression image library needs to have a label classification, the label classification is the original 

expression image to complete the label corresponding to the text description. The basic emoji library used 

in this study is NVIE. 

2.2. Data Acquisition and Preprocessing Program 

2.2.1. Image Acquisition. Image capture is mainly video capture and video is the video recording in the 

classroom environment. The hardware device used is with the help of HD cameras with HD cameras paired 

with a management platform device can be an industrialized video surveillance system. It can also be a PC 

terminal management system. In the extensive consideration of the hope that this research can play its 

value in practical teaching, in the image acquisition hardware design with the actual situation of the school 

design program, using a combination with the smart classroom monitoring system. 

2.2.2. Training data and preprocessing programs.The raw data acquired by the hardware system, in this 

subsection their preprocessing methods, the way results, and the method of using the preprocessed data to 

train the AI network will be described. 

1) Data Preprocessing.The raw data for preprocessing is the recorded surveillance video from the hardware 

platform, which is not in a format that can be read directly by the AI network in the study, and firstly, it is 

necessary to use video format conversion to convert the original surveillance video file format into a file 

format that can be used in this study, and an automated surveillance video format conversion method is 

used to convert the original surveillance video format of the surveillance system into a format that can be 

read by this study's AI network. Readable by this research AI network, which is uniformly converted to 

AVI format in this research. 

Based on the converted video files that can be read by this study's AI network, pictures were intercepted 

to obtain pictures of students' facial expressions for judging students' emotions. And the acquired images 

were formatted to locate the JPG file format as required. For the obtained pictures without using screening 

will be all input into the artificial intelligence network to participate in the calculation to obtain the final 

results. 

2) Training data preprocessing.The training data used to train the AI network designed in this study comes 

from NVIE, and the images and label files in the library will be used directly to train the AI network. In 

order to achieve the face expression can be recognized more accurately. 
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2.2.3. Ways of categorizing expressive traits and academic emotions.There are more ways to classify 

student emotions, and the student emotions summarized in different studies by different scholars as well 

as the classification of academic emotions are different, however, the scholars and researchers of the 

relevant studies refer to Mehrabian and Russell and Pekrun's classification methods when classifying 

student emotions. The academic emotions in this study also refer to the existing research results on the 

categorization of students' emotions based on this, and the class of students' emotions is classified into 

positive emotions, calm emotions, and negative emotions. Among them, positive emotions contain interest 

and pleasure, calm academic emotions contain calmness and relaxation, and negative emotions contain 

boredom, anxiety, shame, exasperation, and disappointment. In the research of expression recognition and 

emotion prediction there have been several scholars have obtained more results, in the expression 

recognition and the corresponding calculation of students' academic emotions, with reference to the 

existing research results, this study uses the classification and correspondence diagram of expression 

features and emotion prediction as shown in Figure 1. 
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Fig. 1. Correspondence of facial expressions and emotional states 

2.3. Face detection 

The first and most critical step in facial expression recognition is face detection. The so-called face 

detection is to determine whether a face exists in any given image. If a face exists in the image, key 

information such as the location, size, etc. of the face (which may contain more than one) in that image is 

returned. 

Face detection is the basis of the technology of face recognition, gender recognition, emotion recognition, 

etc. At present, face detection technology is relatively mature. The mainstream face detection algorithms 

today are as follows: 

1) Face detection algorithm based on skin color.This classification criterion is based on the color 

components of pixel points, i.e., hue, saturation, and value, and it uses is modeled by Gaussian probability 

density. For the input image, the method uses the color space of the skin tone region for classification. 

Thresholding is used to mask the skin regions. Finally, a bounding box is drawn on the image to extract 

the face. However, changes in light intensity can have a significant negative impact on the clustering 

properties of skin color. Converting the original image to to color space such as YcrCb, or color saturation 

purity can well separate the brightness and pigmentation of the image to achieve the maximum weakening 

of the effect of light brightness on skin color segmentation. Among them, YcrCb can better simulate the 

visual perception process of the human eye, which can more thoroughly separate the chromaticity and 
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luminance of pixels, and importantly, the color space of YcrCb is easier to be loaded compared to others. 

The transformation from RGB color space to YcrCb color space = shown in equation (1) below: 

 

16 65.738 129.057 25.064
1

128 37.945 74.494 112.439
256

128 112.439 94.154 18.285

Y R

Cb G

Cr B

       
       

     
       
               

 (1) 

where denotes the brightness Luminance or Luma, which is the gray scale value, Cb  is the value of the 

blue component and Cr   is the value of the red component. Cb   and Cr   satisfy a two-dimensional 

independent distribution. Due to the clustering property of skin tone pixels, we can obtain a rectangular 

region by simply applying two different thresholds  1, 2Cb Cb  and  1, 2Cr Cr  to Cb and Cr. By limiting 

the 2D color plane  ,R Cb Cr  with these two intermediate values, a rectangular region is obtained. The 

points within the region belong to the pixel points of skin color. That is, if equation (2) is satisfied in the 

color plane: 

 
1 2

1 2

Cb Cb Cb

Cr Cr Cr

 


 
 (2) 

2) Face detection algorithm based on Adaboost.Adaboost is an iterative algorithm with adaptive 

capability[22]. Adaboost-based face detection algorithm is a great breakthrough in the field of computer 

vision, the core idea of this algorithm is to train several different types of weak classifiers for the same 

training set. Then these different types of weak classifiers are combined in a certain way to form a strong 

classifier. The algorithm determines the weights of each sample by actively changing the distribution 

probability of the data, based on whether each sample in the training set is correctly classified at the current 

training, combined with the accuracy of the overall sample classification at the last training. The new data 

with modified weights are then passed to the next level of classifier for further training. Finally, these 

different weak classifiers are combined to form the final decision classifier. The formula representation is 

shown in equation (3): 

 1 1 2 2 3 3( ) ( ) ( ) ( )H x h x h x h x       (3) 

Where x  is the feature vector, ( )H x  is the strong classifier, 1( )h x , 2 ( )h x , 2 ( )h x  etc. are the weak 

classifiers, 1 , 2 , 3  etc. are the weights of the weak classifiers. 

3) Neural network based face detection algorithm.Convolutional neural network (CNN) is a commonly 

used deep learning algorithm, which was first proposed by Lecun et al. in 1989, but the complete CNN 

algorithm did not appear until 1998 [23]. 

Neural networks mimic the biological neuron system of the human brain. A neuron receives a signal 

from the previous layer and then transmits the signal to all neurons in the next layer. Before transmitting 

the signal to the next layer, the signal is multiplied by a single multi-weighted value and the weighted 

inputs are summed.CNN is essentially a feed-forward neural network.The response of the neurons of a 

CNN can cover a portion of the range of the surrounding units, and it excels in processing images. A most 

basic CNN contains basic parts such as input layer, hidden layer, output layer, etc., in which the low hidden 

layer is generally composed of convolutional layer and maximum pooling layer alternately, they are the 

key modules to realize the feature extraction function of convolutional network. The high-level hidden 

layer is generally a fully connected layer, which is equivalent to the hidden layer and logical classifier of 

the traditional multilayer perceptron. The method of minimizing the loss function of convolutional neural 

networks is gradient descent, which back-adjusts the weight parameters in the neural network layer by 

layer. The accuracy of the network is improved by increasing the number of iterative rounds of training. 
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2.4. Emotion recognition model construction 

2.4.1. A student model that incorporates emotion perception.The student model has gone through a 

period of development, the earliest originated from the Intelligent Tutor System (ITS), which began to 

mainly describe the knowledge state of the students, and with the development of the Adaptive Education 

Educational Hypermedia System (AEHS), the learner model involves a wider range of learner 

characteristics. In this paper, we integrate students' emotional state based on the comprehensive 

consideration of students' personal information, learning history, knowledge state, and learning style, and 

in order to improve the portability of learners' information, this paper carries out the construction of the 

student model and adds the learners' emotional state. The basic student information in the student model 

is used to construct the static student model, student knowledge state and student emotional state. The 

knowledge state in the student model records students' learning behavior, knowledge level, and learning 

path in real time. The emotional state module realizes dynamic updating of student emotional state values. 

The student model incorporating emotion perception, which uses the computer camera as a way to 

obtain information, is a combination of the neural network technology based on recognizing the emotional 

state of students plus the traditional student model. In the adaptive learning system based on emotion 

recognition, the student model characterizes the learner's current knowledge state and emotional state and 

other information states, the system through a comprehensive analysis of the learner's current learning 

state, you can understand at a glance the current learning situation and emotional state of the student, the 

system and effectively proposed targeted personalized learning programs. Among them, the facial 

expression obtained by the camera most directly reacts to the student's learning emotion. 

2.4.2. Model for dynamic analysis of affective states. In order to provide a benchmark for automatic 

classification of emotions on databases, this paper performs recognition validation based on convolutional 

neural network and recurrent neural network database content. The experiment is divided into emotion 

recognition for discrete emotions and emotion recognition for 2D Arousal-Valence. The discrete emotion 

recognition uses convolutional neural network, the original image data is face cropped in the experiment, 

in order to increase the model generalization ability, data enhancement is used, and the LeakyRelu 

activation function is used for the experiment to get the best model. Compared with discrete sentiment, 

dimensional sentiment data can not only reflect the spatial information of the data, but also describe the 

temporal information of the data. For this reason, this paper is based on recurrent neural networks and 

other related networks to realize the prediction of dimensional sentiment data, and finally the quantitative 

algorithm of sentiment eigenvalue is used to calculate the sentiment intensity. 

1) Discrete emotion recognition by convolutional neural network 

(1) Facial detection and cropping using HAAR Cascade Classifiers 

The normalization and normalization of data is very important for the computing effect of deep learning, 

and it is necessary to preprocess the data.Haar classifier mainly detects the human face and crops to remove 

the excess background information in the image.HCC is proposed by Viola, which is a tree-based 

development technique.The two gurus, Rainer Lienhart and Jochen Maydt, extended this detector by 

extended and proposed Haar-like features, Adam used Haar-like for human eye detection and got 94% 

accuracy. According to Lienhart, the like-Haar feature can be defined by Eq. (4) in a W H -pixel detection 

window: 

  
1

Re
N

i i

i

feature cSum r


   (4) 

where i   is an arbitrarily chosen weighting factor and  Re icSum r   is the sum of intensity values 

located on any given vertical or rotated matrix within the detection window. 

(2) Data Enhancement 

In order to increase the amount of data for training and to improve the generalization ability of the 

model, data augmentation was used in the experiments, in general data augmentation methods are flipping, 
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rotating, scaling, cropping, panning, and adding noise, in the data were augmented by using three degrees 

of Gaussian fuzzy values, different degrees of Gaussian noise, the panning method, and the 45-degree 

rotation for the data augmentation respectively, and each of these augmentations generates new data, 

which makes the original data increased by a factor of 9. 

(3) LeakyReLU activation function 

LeakyReLU is a variation of ReLU, which sets all negative values to zero; instead, LeakyReLU assigns 

a non-zero slope to all negative values. Mathematically this can be expressed as equation (5): 

  
, 0

Re
, 0x

x x
Leaky lu x

a x


 


 (5) 

Where   is usually a small fixed value and the value is constant. This function alleviates the problem 

of neuron “death” to a certain extent, when the input is negative, LeakyReLU will have a non-zero output 

value, and will obtain a small gradient. 

(4) CNN structure 

In the current work, CNN is used to extract features and classify emotions. The simplified CNN 

structure is shown in Fig. 2, the network contains four convolutional blocks and five fully connected layers, 

each convolutional block consists of four convolutional layers and one pooling layer, such as the first layer 

of convolution, denoted by Conv, the convolutional layer, each layer of convolution uses the size of 3 × 3 

convolutional kernels, each layer of convolutional operations followed by LeakyRelu activation, Max 

Pooling denotes the maximum pooling operation, the Dense denotes dense layer. The experiments tiled 

the subsamples onto an 8192-dimensional vector and directly connected the output layer (using the 

maximal activation function). In addition the CNN uses a momentum optimizer, he_normal initializer, and 

a cross-entropy loss function. 
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Fig. 2. CNN structure diagram 

2) ConvLSTM-based dimensional emotion recognition. 

The structure of the dimensional emotion model based on ConvLSTM network is shown in Fig. 3, which 

is mainly differentiated from stacking a three-layer ConvLSTM network on top of the video image 

sequence features, with the network finally passing through two fully connected layers [24]. In the model 

testing phase, the adequately trained ConvLSTM network model is loaded and the test video is input for 

final sentiment prediction. 

In order to obtain the facial features of students in the video, each video is extracted at 0.2s intervals to 

extract key frames, and the valid student academic emotions in each frame are cropped and normalized to 

the same size size using the face feature model in Opencv. The main purpose of removing the fully 

connected layers of VGG, ResNet and Inception networks in the experiment is to extract the high-level 

features in the learning students' emotions, compared to selecting the last fully connected layer as the 

features, firstly, the features extracted after pooling are not subject to compression and straightening 

operations, which is able to retain the original image position information and channel information, and 

the ConvLSTM network is required to retain the facial academic emotional feature map. 
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Fig. 3. Structure diagram of emotion prediction model based on ConvLSTM network 

3) Quantitative algorithm of emotional eigenvalue 

In this section, the quantitative algorithm of emotional eigenvalue is used to carry out the calculation of 

emotional intensity based on the results of the two-dimensional emotional analysis of the learner in the 

learner's model, and the calculation process is as follows: 

(1) The following is the value of the sample variance s  of the emotional characteristic data in unit time: 

  
22

1

1 n

i

i

s x x
n 

   (6) 

(2) The orientation value of the emotional eigenvalue in two-dimensional space is shown in Equation (7), 

which is the angle of the vector positive to the x -axis: 

  arctans s sy x   (7) 

(3) The emotional intensity value is calculated as the value of the emotional vector in dimensional space 
r  length away from the origin: 

  2 2logs x sr x y   (8) 

The above formula provides the basis for the determination of emotional worthiness, the type of emotion 

is determined by the orientation of the emotional characteristic value, and the value of r  is the emotional 

intensity worth judging, e.g., you can accurately determine the degree of boredom, preoccupation, 

confusion, and other emotions. 

3. Perceived effectiveness of the model and analysis of students' emotions 

3.1. Model Recognition Effect 

3.1.1. Model evaluation.The model of this paper is compared with ResNet18 and VGG16 models to 

evaluate the recognition effect of the model of this paper. The feature images and original images are sorted 

according to the original images plus seven corresponding feature images in descending order, and the 

100*100 original images are scaled to 224*224, and every eight images are input to the network model as 

a whole with the input dimensions of [16, 8, 224, 224, 3], where 16 is the size of one batch of images. The 

model is trained for 40 rounds with SGD optimizer, the learning rate is set to 0.005, and the loss function 

is softmax cross-entropy loss and representative region loss function. The accuracy of the model in this 

paper on the RAF-DB dataset is shown in Figure 4. Compared with ResNet18 and VGG16 model structure, 

this paper's model achieves higher accuracy on RAF-DB dataset, with an accuracy of 90.32%, which is 

much higher than ResNet18's 78.87% and VGG16's 79.51%. It shows that the emotion recognition model 

in this paper has better recognition effect for face expressions. 
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Fig. 4. Comparison of accuracy of emotion recognition models 

The confusion matrix of this paper's emotion recognition model on the RAF-DB test set is shown in 

Figure 5. The model of this paper has a more balanced recognition accuracy for each emotion category. 

The recognition accuracies of the eight student emotions, in descending order, are: distracted (0.98), tired 

(0.97), happy (0.96), bored (0.96), focused (0.95), disappointed (0.95), surprised (0.94), and puzzled (0.93). 

The model in this paper has the highest recognition accuracy for “distracted” and “fatigue” among all the 

categories, indicating that the network has a higher recognition effect on these two emotion categories. 

 

Fig. 5. Confusion matrix 
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3.1.2. Testing the Classroom Sentiment Dataset.The classroom emotion dataset was first randomly 

divided into a training set of 265 images and a test set of 100 images, where the test set had 20 images for 

each emotion category. The training set images are trained by VGG16 and ResNet18 pre-training 

networks, and the pre-training network is selected to perform feature image clipping on the first seven 

feature points to obtain a total of 2120 new training set images. Finally, the emotion recognition model 

designed in this paper is trained on the new training set obtained by clipping. The parameters of the pre-

training network and this paper's model are shown in Table 1, where lr denotes the learning rate, batch 

size denotes the number of images in each batch, and all three models are trained for 35 rounds using 

SGD's optimizer. The pre-training model requires data enhancement due to fewer training images. 
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Table 1. Class dataset training model parameter 

Model lr batch size epoch optimizer data augmentation 

VGG16 0.006 40 35 SGD √ 

ResNet18 0.006 40 35 SGD √ 

Ours 0.001 40 35 SGD × 

The accuracy of the pre-training model and the model of this paper for the test set is shown in Table 2, 

for the pre-training model, the accuracy of the two is similar, but the structure of the learner emotion 

recognition model designed in this paper has a significant improvement compared with the pre-training 

model, with an accuracy of 97.65%, which indicates that the model designed in this paper has a more 

significant recognition effect for classroom students' emotion recognition. 

Table 2. Model accuracy in class dataset 

Dataset Model Acc 

Class emotion dataset 

VGG16 80.26% 

ResNet18 81.49% 

Ours 97.65% 

The confusion matrices of the three models are shown in Fig. 6, and Figs. (a)~(c) show the confusion 

matrices of VGG16, ResNet18 and this paper's model, respectively. The VGG16 model has a low 

recognition accuracy of 76% for the “puzzled” emoji, while the ResNet18 model has a high recognition 

accuracy for the eight emotion categories. The ResNet18 model has a high recognition accuracy for all 

eight emotion categories, with the lowest accuracy of 78% for the tired expression. Among the two pre-

trained models, the VGG16 model has the highest recognition accuracy of 87% for the “concentration” 

expression, and the ResNet18 model has the highest recognition accuracy of 86% for the “surprise” 

expression. This indicates that these two expressions are easier to recognize for both models. The emotion 

perception model designed in this paper also has a 95% accuracy rate for the “puzzled” expression, which 

is the worst of the eight emotion categories, and it has significantly exceeded the recognition accuracy of 

the two pre-trained models. 
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(a) VGG16 confusion matrix 

 

(b) ResNet18 confusion matrix 

 

(c) Confusion matrix of our model 

Fig. 6. Confusion matrix of 3 emotion recognition models 



STUDY ON THE CONSTRUCTION OF LEARNERS' EMOTION PERCEPTION MODEL 1423 

 

3.2. Statistics on students' emotions 

Applying the model of this paper to the computer classroom practice, the analysis of the results of the 

classroom application section focuses on the detailed analysis of the data obtained after applying this paper's 

learner sentiment identification and analysis system to the class. The students' emotions are measured in 

one week, 45 valid data will be collected at the end of one lesson, and a total of 270 valid data will be 

collected in six lessons. The data is taken as a node of one lesson and the average of each student's mood is 

taken and then represented in the form of a graph. 

After six lessons of teaching application, the collected students' emotions are shown in Fig. 7, and Figs. 

(a) to (f) are the results of recognizing students' classroom emotions from the first to the sixth lesson, 

respectively. 

According to Fig. 7, it can be clearly seen that the emotions of students in each cycle are different, and 

the learning emotions of students in the first lesson of the application are mainly focused, combined with 

the actual situation of teaching and learning found that in this time the classroom content is the basic 

structure of the algorithm, and the teacher focuses on lecturing. From the second class onwards, the 

students' learning emotions are mainly surprise and concentration, and the percentage of concentration is 

relatively high. Combined with the actual situation of teaching, it is found that this week is mainly based 

on last week's learning content to apply the three basic structures to write programs. The students showed 

surprise because they understood the basic structure of the algorithm and wrote a simple program under 

the teacher's instruction. Since this part is more important, students' concentration in the class is higher. 

In the third lesson, the students' learning emotions were mainly surprised and happy, showing positive 

emotions. It was observed that the teacher played a small game with the students before the class, and the 

content of the lesson was related to the game, so the students showed the highest emotions of happiness 

and surprise in the whole class, showing positive emotions. In the fourth lesson, students' emotions were 

still dominated by joy and surprise, and they were more emotional than in the third lesson. In this lesson, 

the teacher deepened the difficulty of learning on the basis of the previous lesson, and perfected the design 

of the game made in the previous lesson. In the fifth lesson, the students' emotions were mainly focused 

and disappointed, and the learning mood was relatively low. The learning content of this lesson was 

relatively boring, mainly theoretical knowledge, and the teacher used the system to recognize the students' 

emotions and ask questions in the course of the lesson. In the sixth lesson, the students' emotions are happy 

and surprised, and they actively participate in classroom activities during the classroom learning process. 

Combined with the actual teaching situation, it is found that the teacher organizes the students to carry 

out cooperative learning in the classroom and displays them on the stage after completing the works, which 

greatly stimulates the students' motivation to learn. 
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(a) Emotion recognition of the first class 

 

(b) Emotion recognition of the second class 

 

(c) Emotion recognition of the third class 

 

(d) Emotion recognition of the fourth class 
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(e) Emotion recognition of the fifth class 

 

(f) Emotion recognition of the sixth class 

Fig. 7. Student emotion recognition results 

3.3. Correlation between student behavior and emotions 

In this paper, the correlation between students' classroom behaviors and students' emotions was further 

investigated by summarizing the significantly correlated student emotions under each student behavior as 

shown in Table 3. 

The results showed that "serious attendance", "thinking", "answering questions", "discussing" and 

"doing tests" in students' behaviors could cause the emergence of students' concentration emotions, and 

the correlation was very significant, which were 0.967, 0.885, 0.912, 0.823 and 0.947, respectively. 

Tiredness was significantly positively correlated in "answering questions", "reviewing" and "deserting", 

with correlation coefficients of 0.562, 0.685 and 0.535, respectively. Boredom was significantly positively 

correlated with "answering questions", "doing quizzes", "reviewing" and "deserting", with correlation 

coefficients of 0.495, 0.584, 0.646 and 0.496, respectively. Doubts were significantly positively correlated 

in "discussion", "quiz" and "review", with correlation coefficients of 0.586, 0.529 and 0.416, respectively. 

There was a significant positive correlation between "review" and "desertion", with correlation coefficients 
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of 0.625 and 0.657, respectively. Happiness and disappointment were significantly positively correlated in 

"discussion" and "desertion", respectively, with correlation coefficients of 0.479 and 0.596, respectively. 
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Table 3. Correlation between student behaviors and emotions 

Student behavior Emotion 1 Emotion 2 Emotion 3 Emotion 4 

Taking class carefully 
Concentrated 

(0.967) 
- - - 

Thinking 
Concentrated 

(0.885) 
- - - 

Answering questions 
Concentrated 

(0.912) 
Tired (0.562) Disgusted (0.495) - 

Discussing 
Concentrated 

(0.823) 
Confused (0.586) Happy (0.479) - 

Doing tests 
Concentrated 

(0.947) 
Disgusted (0.584) Confused (0.529) - 

Reviewing Tired (0.685) Disgusted (0.646) Wandering (0.625) Confused (0.416) 

Being absent-minded Wandering (0.657) 
Disappointed 

(0.596) 
Tired (0.535) Disgusted (0.496) 

It can be seen that students' classroom emotions need certain learning and thinking stimuli, such as 

asking questions to guide students to think, designing tests, student discussions and other behaviors in the 

active classroom atmosphere at the same time, can guide the students to focus, happy and other positive 

emotions, to prevent students from entering the desertion and other undesirable state. But at the same 

time, it should be noted that the classroom should not be set too much of this kind of content, which is easy 

to trigger students' boredom, fatigue and other low mood. Classroom settings should be set up in an orderly 

manner, not only to mobilize students' thinking and promote their concentration, but also to guide 

students' behavior in a relaxed manner, to avoid students falling into fatigue, boredom and other negative 

emotions. 

4. Conclusion 

In this paper, a learner emotion recognition model is constructed by integrating the student model of 

emotion perception and the dynamic analysis model of emotional state together. After examining the 

perception effect of the model, student emotions are identified by model detection and statistically analyzed. 

Based on the correlation between student behavior and emotion, suggestions for student behavior 

improvement are made. 

The accuracy of this paper's model in recognizing student emotions in the RAF-DB dataset is 90.32%, 

which is much higher than other pre-trained models. The recognition accuracy of this paper's model for 

eight types of student emotions ranges from 93% to 98%, with the highest recognition accuracy for 

“distracted” and the lowest for “puzzled”. The model in this paper achieves 97.65% accuracy in recognizing 

students' emotions on the classroom dataset, which is better than the VGG16 and ResNet18 models. 

In the emotion recognition of 6 classes, the main emotion of students in the 1st class is concentration, 

the main emotion of students in the 2nd class is surprise and concentration, the main emotion of students 

in the 3rd, 4th, and 6th classes is surprise and happiness, and the main emotion of students in the 5th class 

is concentration and disappointment. 

There was a significant positive correlation between focusing on "attending class", "thinking", 

"answering questions", "discussing" and "doing a quiz", tiredness was significantly positively correlated 

with "answering questions", "reviewing" and "deserting", boredom was significantly positively correlated 

with "answering questions", "doing a quiz", "reviewing" and "deserting", doubts were significantly 

positively correlated with "discussing", "doing a quiz" and "reviewing", distraction was significantly 

positively correlated with "reviewing" and "deserting", and happiness and disappointment were 

significantly positively correlated with "discussion" and "desertion", respectively. 
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