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ABSTRACT   
 This paper proposes a facial expression recognition 
system for smart learning on classroom students. Firstly, YOLO 
is used to extract face images of multiple students from high-
resolution video; secondly, face images are preprocessed, then 
a self-attention based model named Vision Transformer (ViT) 
is used to recognize facial expressions; finally, the classified 
facial expression is used to assist teacher to analyze students’ 
learning status, so as to provide suggestions for improving 
teaching effect. 
 
CCS CONCEPTS 
• Applied computing → Education; Machine Learning. 
 
KEYWORDS: Smart Learning, Self-Attention, Vision transformers. 
 
1 INTRODUCTION 

With the rapid development of artificial intelligence technology, intelligent education has attracted 
more attention, among which the most important content is intelligent classroom. The in- reduction of 
artificial intelligence technology into smart classroom helps in capturing classroom video, analyzing classroom 
interaction, and realizing automatic assessment. The seriousness and interaction of students in the 
classroom is an important basis to judge the effect of classroom teaching. We can use intelligent technology 
to collect students’ facial features and judge the teaching effect through expression recognition and 
analysis. temporally sensitive engagement assessment in synchronous online classrooms. Through 
analyzing a focused sample of Chinese L2 learners, we examined correlations between automatically 
detected happiness expressions and six established engagement measurements across both static and 
dynamic scales. Results revealed a significant and robust correlation between happiness expressions 
and self-reported emotional engagement, representing the study’s primary validated finding. Additional 
correlations were found with specific mood indicators (happy and loving items). However, no 
significant correlations were observed with behavioral engagement, cognitive engagement, or flow 
experience. The facial expression recognition successfully captured dynamic engagement fluctuations, 
showing modest but significant correlations with both retrospective self-reports and classroom 
observations. Our findings demonstrate that facial expressions serve as valuable indicators of specific 
engagement dimensions in online L2 learning, offering a targeted tool for emotional engagement 
assessment within comprehensive, multi- method evaluation frameworks in digital education. 
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According to psychologist A. Mehrabian [1], language community- cation accounts for only 7% of the 
total information in people’s daily communication, while facial expression communication accounts for 55% 
of the total information. There are at least 21 kinds of facial expressions, including anger, disgust, fear, 
happiness, surprise and sadness. There are also 15 kinds of compound expressions, such as pleasantly 
surprised, sadness and anger. Expression recognition can be applied to the intelligent classroom, through the 
intelligent collection, recognition and analysis of students’ facial expression changes, to help teachers 
understand the psychological state of students. Teachers can take smart learning methods to improve the 
teaching effect and quality. 

With the rapid development of machine learning and deep neural network, facial expression 
recognition and analysis technology is advancing rapidly. The market demand and specific applications 
based on this technology are booming. The classroom student facial expression recognition system is shown in 
Figure 1, which is mainly composed of face image acquisition, face detection, face image preprocessing, 
facial expression recognition and smart classroom analysis, as shown in Figure 1 
 
2 RELATED WORKS 

Traditional face detection methods are based on geometric face detection. The gray scale 
distribution, shape and contour, structure, texture and skin color of face are used to detect face [2]. Then 
statistical methods such as eigenface and SVM algorithm is used to detect human face. With the 
extensive success of deep learning in image classification task, convolutional neural network methods 
have been used in detection task and achieved good results. Among CNN methods [3], YOLO uses only one 
CNN network to directly predict the category and location of different targets [4], and achieve fast face 
detection speed while the detection accuracy meets the requirements. In this paper, YOLO3 is used for 
face detection. 

In recent years, convolutional neural network (CNN) is often used to extract expression features, 
and a new recognition frame- work based on CNN has achieved remarkable results in facial expres- sion 
recognition. Multiple convolution layers in CNN can extract higher and multi-level features of the whole 
face or local region, and have good classification performance of facial expression im- age features. Xu et 
al. [5] comprehensively analyzed the traditional image-based facial expression recognition methods, sorted 
out the common datasets of facial expression recognition, and summarized the four processes of expression 
recognition, face detection, face registration, feature extraction and expression classification. Wang 

 

 
Figure 1: Facial Expression Recognition System for Students in Classroom 

 
et al. [6] proposed a facial expression recognition method based on multi-feature fusion convolution 
neural network, an improved cross connection convolution neural network was proposed to rec- organize 
seven kinds of facial expressions and achieved relatively high recognition ratio and robustness. Liu et al. 
[7] proposed a convolutional neural network migration learning method, which trained a large-scale 
network perception on ImageNet. The network structure and parameters are transferred to facial expression 
recognition task, and the training on Fer2013 dataset and CK + dataset achieved good results. 

Wu et al. [8] introduced a facial expression recognition analysis method into traditional intelligent 
teaching system, explored using intelligent method to improve the teaching efficiency in the network 
environment, so as to promote accurate teaching. Sun et al. [9] sepa- rated individual facial features from 
expression features, eliminated the interference of irrelevant factors on the effect of expression 
recognition, improved the accuracy of expression recognition, and applied it to the teacher-student 
emotional interaction subsystem of 3D virtual learning platform, which successfully realized the 
function of emotion recognition and emotional intervention based on facial expression. Cheng et al. [10] 
built an intelligent classroom model covering teachers, students, curriculum and emotion, and used facial 
expression recognition technology to realize the feedback of emotion module. 
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This paper uses the new Vision Transformer (ViT) technology to perform facial expression 
recognition. The transformer structure was first proposed by Google in 2017, different from the traditional 
CNN and RNN. The whole network structure is completely composed of attention mechanism, which has 
achieved very good results in the field of natural language processing (NLP). Due to the excellent 
performance of transformers and its friendliness to downstream tasks—The downstream tasks can get 
better results merely by fine-tuning. Transformer technology is introduced into the visual field–DETR in 
the field of target detection, ViT in the field of classification, etc. At present, transformers have been 
applied to three image problems: Classification (ViT), detection (DETR) and segmentation (SETR), and 
achieved good results. 

 
3 KEY METHODS 

3.1 YOLO 
Object detection is to find the location, type and size of one or more objects in the image, which is an 

important task in computer vision. Object detection method is based on how to locate objects, how to 
identify objects and how to classify objects. 

In recent years, target detection has made great progress. The more popular algorithms can be 
divided into two categories: one is the R-CNN series algorithm (R-CNN, fast R-CNN, faster R-CNN). It 
belongs to two-stage algorithm, and it needs to use heuristic method and do classification and regression first. 
This method has higher accuracy but slower speed. The other is YOLO series (abbreviation 

of you only look once, YOLO1 to YOLO5, five versions) single-stage algorithm, which uses a CNN 
network prediction to determine the location and category of multiple targets. This kind of algorithm has 
low accuracy but much faster speed. 

In this paper, YOLO3 algorithm is used to achieve face target detection, only one CNN operation is 
needed, and a unified framework is used to achieve end-to-end prediction. YOLO3 can quickly locate and 
recognize the face areas of multiple students in the classroom video images, with high speed and high 
accuracy, which can fully meet the requirements. 

First, input the image resized to 448x448, then send it to CNN network to extract features, and use 
the full connection layer to get the predicted value. The network structure consists of 24 convo- lution 
layers and 2 fully connected layers. For convolution layer, 1x1 convolution is used to do channel 
reduction, followed by 3x3 convolution. For convolution layer and fully connected layer, Leaky ReLU 
activation function is used, but linear activation function is used for the last layer. As shown in Figure 3. 

YOLO uses a CNN network to realize the detection, which is a single channel strategy. The 
algorithm is simple and fast. At the same time, YOLO convolutes the whole image, so it has a larger field 
of vision in detecting the target, and it is not easy to misjudge the background. YOLO has strong 
generalization ability, and the model has high robustness in migration. 
 

3.2 Vision Transformer 
Transformer was originally used in natural language processing (NLP) technology and achieved 

great success [11], as BERT and GPT2 models. Its advantages include: first, the training process does 
not need manual data annotation, by using the method of automatically masking and filling in the blanks, 
greatly improves the efficiency; second, it creates a new training method of pretrained model + tuning, which 
makes it possible to be use out-of-the-box; third, the network structure supports parallel computing, 
which is greatly improved compared with the serial computing mode of RNN [12], [13]. 

For a long time, convolutional neural network (CNN) has been the dominant model in the field of 
vision. CNN has achieved good results, but there is also a great shortage, that is, the need for data 
annotation. Transformer has been successfully introduced into the field of image. The main research 
directions are as follows. Vi- sion Transformer (ViT), which uses transformer to classify images, adopts out-
of-the-box pure transformer structure; DETR transform- ers is used for object detection and image 
segmentation. CNN + transformer hybrid structure is adopted; Image GPT uses trans- former for pixel 
level image completion, just like other GPT text completion. 
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Vision transformer directly applies pure transformer architecture to a series of image pitch for 
classification. 

 
Table 1: Method of Dataset Augment 

 Training platform Inference platform 

CPU Intel i7-10700k Intel i7-9900 
Memory 128G 64G 
GPU Nvidia RTX 2080Ti Nvidia RTX 2070 

 
(1) The image is divided into fixed size patches (16x16 pixels, or 32x32 pixels). Each patch is regarded as 

each word in NLP, and these patches are concatenated together, which is equivalent to sentences and 
paragraphs in NLP. Different image sizes correspond to different sentence lengths. 

(2) The concatenated patches are input into transformer through embedding, and the whole network 
structure is the same as the traditional transformer, including transformer encoder and trans- former 
decoder. 

(3) There are pretrained many ViT models: B_16,B_16_imagenet1k,B_ 32,B_32_ imagenet1k,L_16_ 
imagenet1k, L_32,L_32_imagenet1k. 

(4) The pretrained model is a feature extraction network which completes the extraction of low-level 
pattern features and high- level image semantic features, and the back-end full connection layer is a 
classifier which completes the image recognition tasks. The pretrained models need to be fine-tuned by 
customized training for specific application. 
 

4 SYSTEM IMPLEMENTATION 
This paper presents a face recognition and analysis system for classroom students, which is 

mainly for off-line analysis of class- room high-resolution video (duration of 3 months, resolution of 
1920x1080). Including: face detection and location, facial expres- sion image preprocessing, facial 
expression recognition. Firstly, YOLO detection faces of students in the video images; secondly, 
preprocessing such as face region segmentation and histogram equalization is carried out; finally, ViT is 
used for face recognition and expression recognition to build a complete facial expression recognition 
system. 

The experimental work includes: building the hardware platform and software platform of the system; 
according to the requirements of offline video face location and expression recognition, selecting the 
appropriate YOLO version to test the effect of face detection, face registration and face image 
preprocessing; selecting the facial expression dataset, enhancing the dataset, training the ViT network and 
selecting the appropriate network parameters. 

Fig 2. Correlation between happiness expression and single-time engagement  
measurement result. 
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4.1 Experimental Platform 
We use a cost-effective platform to do the experiments. The experi- mental platform is shown at Table 1 
 

4.2 Face Detection 
For an image includes many students, a larger face of student covers area of about 60x60 pixels, while 

a smaller one 30x30 pixels. In order to improve the accuracy of face detection, a pretrained YOLO needs to 
be fine-tuned. We built a face dataset and then retrained the YOLO. The training process shows that the 
training efficiency of YOLO is very high, and the face detection network with high accuracy can be trained 
quickly by using 2080Ti GPU. The network detection after training is shown in Figure 2 

After the face is detected, it must be preprocessed before it is sent to ViT for classification and 
recognition to improve the recognition accuracy. The first step of preprocessing is face region registration, if 
the face region image is accurately registered, it can significantly improve the accuracy; the second step is to 
convert the RGB image into gray image; the third step is to perform histogram equalization of face image. 
 

4.3 Face Expression Recognition 
FER2013PLUS dataset is used in this paper. The dataset includes 28561 training images, 3579 public 

validating images and 3574 test- ing images. Each image is a gray image of 48x48 pixels. There are seven 
expressions in the FER2013PLUS database: anger, disgust, fear, happy, sad, surprised and neutral. The 
database is the 2013 Kaggle competition dataset. 

With a large network scale, the ViT need huge training data. In this paper, since the dataset is 
relatively small, we need to augment the limited dataset to generate more training and test samples to 
increase the number and diversity, so as to reduce the dependence of the model on some irrelevant attributes, 
and improve the robust- ness and generalization ability of the model. Online data augment method is used by 
rotating, folding, stretching and other operations. The configuration of model parameters is an important 
part in the training process of neural network. The configuration of the model parameters in this 
experiment is shown in Table 1. The train- ing batch size is set to 64, epochs is set to 200, and the optimizer 
is set to Adam which is a random gradient descent algorithm with high calculation efficiency and small 
memory occupation. According to the experiences of ViT model, the model learning rate is 

ViT models of different scales which depend on latent dimensions are compared as Table 3 With 
the increase of network size, the network error becomes smaller and the performance is better, but the 
training cycle increases, and the time and computing power are also more consumed, show as Table 4 
ViT3 is a balance point of scale and performance, with good performance, high accuracy of attitude 
estimation and moderate model scale. On this basis, we have tested the image blocks of 16x16 and 32x32 
respectively, and the performance difference is negligible. Therefore, we selected the model of 32x32 image 
block as the final model. 

The training dataset and validation dataset are used to adjust the parameters of the convolutional 
neural network framework for facial expression recognition. With the increase in training 

 
Figure 3: Face Detection of Classroom Students. Table 2: Configuration of Model Parameters 
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Item Value 

 
Param. Initialization Gaussian Distribution 
Batch Size 64 
Epochs 300 
Learn Rate 3e-5 
Loss Function Cross Entropy() 
Optimizer Adam() 
 

Table 3: The Performance of ViT from Different Scale 
 Latent Dimension Heads of Self-Attention Params (Mill.) Accuracy (%) 

ViT1 128 8 2.5 80.23 
ViT2 256 8 9.7 82.24 
ViT3 384 8 21.66 85.05 
ViT4 512 8 38.31 85.20 

 
Table 4: Performance between16X16 and 32X32 Image Patches 

Image patches size Series length Accuracy (%) 

16X16 197 81.37 
32X32 50 85.05 

Image patches size Series length Accuracy (%) 

 
epochs, the accuracy of the training dataset and validation dataset is improved, and the final accuracy on 
the validation dataset is 85.05%. The loss on testing dataset gradually decreases with the increase of 
epochs when the epoch value is greater than 150, the accuracy of validation dataset rises slowly, and the loss 
value almost does not decline. With ViT method, the accuracy of facial expression recognition reaches 85%. 
 

4.4 Analysis of Smart Classroom 
After locating the faces in the image, according to the behavior model, the students’ actions and 

expressions in the classroom are in- telligently recognized and analyzed, such as classroom daze, small 
actions unrelated to classroom learning, cheating in exams, etc. 
 

High-definition camera is used to capture images to get high perfor- mance of face detection and facial 
expression recognition. We also can find abnormal behavior of student and help them to cultivate good 
learning habits and improve learning efficiency. 

 
Fig 4. Contrasting Real-Time Results of Happiness Expression, Classroom Observation, and 

Student Self-Reports. 
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At the same time, through the analysis of classroom behavior, it can help schools and teachers to 
improve teaching efficiency and quality. Parents can also better understand their children’s performance in 
school, timely identify students’ abnormal behaviors, such as physical abnormalities, and assist in daily 
guidance, to promote the healthy growth of children. 

 
5 CONLUSIONS 

For the needs of smart learning, combined with the current video surveillance technology and 
facial repression recognition technology, this paper studies the classroom teaching evaluation system 
based on face detection and expression analysis. The system im- proves the multi-target and multi-pose 
characteristics of face detection, and solves the influence of face occlusion, head pose and background 
noises. At the same time, the research comprehensively investigates the common facial expressions and 
psychology- cal states of students in the classroom, summarizes the relationship between facial features and 
the psychological states of students in the classroom, and further defines the evaluation indexes such as 
participation and attention to evaluate the classroom effect. It is an innovation to use facial expression as 
an evaluation factor in this paper, but there are still many related problems to be further studied, such as 
how to further improve the human-computer in- tractions between teachers and the system, how to 
improve the satisfaction of teachers and students to the system function, and so on.  

This study advances engagement research by introducing and validating a novel multi-method 
framework that systematically maps the specific capabilities and limitations of facial expression 
recognition in online L2 learning contexts. Our primary contribution lies in establishing facial 
expression recognition as a reliable indicator of emotional engagement while providing crucial 
boundary condition information about its limited effectiveness for detecting other engagement 
dimensions. 

Our core empirical finding—a significant and stable correlation between happiness expressions 
and self-reported emotional engagement (ρ = 0.31, p = 0.022)—identifies emotional engagement as the 
most accurately captured by facial expression analysis in synchronous online L2 classrooms. This 
finding remained robust across analytical approaches and aligns closely with previous research in 
online learning contexts [11], providing cross-validation for the utility of facial expressions in 
educational assessment. Complementary evidence from specific mood correlations (“happy” and 
“loving” items) further supports this targeted application. 

Equally important are our systematic findings regarding what facial expression recognition 
cannot reliably detect. The absence of significant correlations with behavioral engagement, cognitive 
engagement, and flow experience provides theoretically meaningful evidence about the scope 
limitations of happiness expressions in educational settings. These boundary conditions reflect the 
asymmetric relationship between internal engagement states and observable expressions: while 
positive emotional engagement may manifest in detectable facial cues, behavioral and cognitive 
engagement oper- ate through mechanisms that do not consistently produce observable happiness 
expressions. 

Our temporal dual-perspective analysis further demonstrated that facial expression recognition 
successfully captures dynamic engagement fluctuations throughout learning sessions, showing modest 
but significant correlations with both ret- rospective self-reports and classroom observations. This 
temporal sensitivity represents a key advantage over traditional single-time assessment methods, 
enabling real-time monitoring of emotional engagement patterns. 

These findings position facial expression recognition as a targeted tool for emotional 
engagement assessment within comprehensive, multi-method evaluation frameworks rather than as a 
standalone engagement detection solution. This nuanced understanding establishes realistic 
expectations for the technology while identifying its most appropriate and valuable applications in 
digital education contexts. 

This study acknowledges several important limitations that inform the interpretation of our 
findings and directions for future research. First, our sample size (N = 54 for single-time measurements, 
N = 60 for real-time measurements), while adequate for detecting medium-to-large effects, was 
constrained by strict inclusion criteria and technical demands of facial expression recognition, but may 
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have lacked sensitivity for smaller but potentially meaningful associations, particularly with cognitive 
engagement dimensions. 
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