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Abstract: In 21st-century society, with the rapid development of information technology, the scientific
and technological strength of all walks of life is increasing, and the field of education has also
begun to introduce high and new technologies gradually. Affected by the epidemic, online teaching
has been implemented all over the country, forming an education model of “dual integration” of
online and offline teaching. However, the disadvantages of online teaching are also very obvious;
that is, teachers cannot understand the students’ listening status in real-time. Therefore, our study
adopts automatic face detection and expression recognition based on a deep learning framework
and other related technologies to solve this problem, and it designs an analysis system of students’
class concentration based on expression recognition. The students’ class concentration analysis
system can help teachers detect students’ class concentration and improve the efficiency of class
evaluation. In this system, OpenCV is used to call the camera to collect the students’ listening status
in real-time, and the MTCNN algorithm is used to detect the face of the video to frame the location of
the student’s face image. Finally, the obtained face image is used for real-time expression recognition
by using the VGG16 network added with ECANet, and the students’ emotions in class are obtained.
The experimental results show that the method in our study can more accurately identify students’
emotions in class and carry out a teaching effect evaluation, which has certain application value
in intelligent education fields, such as the smart classroom and distance learning. For example,
a teaching evaluation module can be added to the teaching software, and teachers can know the
listening emotions of each student in class while lecturing.

Keywords: artificial intelligence; online education; learning quality; face detection; expression recognition

1. Introduction

In recent years, information technologies, such as 5G and high-speed networks, have
made significant progress, and information processing technologies represented by artificial
intelligence and big data have been rapidly integrated into all aspects of human life. At
the same time, people began to introduce artificial intelligence and computer vision into
the field of education. Computer vision can be used to identify students’ expressions and
behaviors, thereby inferring students’ participation in education. The emotions of learners
in the learning process are precisely the key to improving the quality of teaching. Based on
facial expression recognition technology, teachers can grasp the emotional state of students
in time. According to the students’ learning status, timely adjusted teaching strategies
alleviate students’ bad learning emotions and improve learning efficiency [1]. Affected
by the epidemic, students in our country use the online classroom mode part of the time.
In this mode, teachers cannot pay attention to each student’s listening status in real-time.
Therefore, this requires a technology that can collect students’ listening status in real-time
and give feedback to teachers in time so that teachers can customize personalized teaching
by analyzing students’ learning status data, stimulate students’ enthusiasm for learning
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and thinking, and return to the educational essence of “teaching students according to
their aptitude”.

Most of the teaching evaluation we have been using is the way of after-school investiga-
tion, which is not only cumbersome but also the information collected is not comprehensive
and accurate. Moreover, we lack a complete and unified evaluation scheme to measure the
teaching level of schools and teachers. In recent years, with the development of artificial in-
telligence, people have begun to apply face detection and expression analysis to classroom
teaching evaluation. However, due to reasons, such as precision and accuracy, they have
not been widely used in classrooms. Therefore, how to improve the accuracy of expression
analysis is an urgent problem to be solved.

1.1. The Current State of Face Detection

With the breakthrough of Alexnet in the ImageNet competition, artificial intelligence
technology represented by deep neural networks began to be applied in the field of image
and object detection [2]. At present, the research on facial expression recognition (FER)
technology mainly adopts the deep learning method because, compared with the tradi-
tional machine learning method [3], the convolutional neural network (CNN) can extract
deeper and more abstract features. It has shown excellent performance in various image
classification tasks [4]. Furthermore, the attention mechanism has been widely used in
various computer vision tasks, such as saliency detection [5], crowd counting [6], and
facial expression recognition. Benefiting from the extensive research and application of
deep learning in the field of image and computer vision, as well as the disclosure of a
large number of datasets, such as LFW [7] and Celeba [8], face detection and recognition
algorithms based on deep learning are increasing day by day. For example, Deepface [9],
proposed by Facebook at CVPR2014 in 2014, achieved 97.35% accuracy on LFW, and in 2015,
the Face++ [10] adopted by Zhou Erjin et al. achieved 99.50% recognition accuracy on LFW,
and, in 2015, FaceNet [11], launched by Google, achieved 99.63% accuracy on LFW and so
on. Using deep learning for face detection can usually achieve higher accuracy. Introducing
face detection and expression recognition based on deep learning into online teaching
evaluation can provide teachers with more accurate classroom feedback in a timely manner.

1.2. The Status Quo of Expression Analysis

Facial Expression Recognition (FER) refers to the ability to intelligently recognize and
understand human emotions by extracting facial expression features [12]. Happy et al. [13]
and Majumder et al. [14] proposed that changes in facial expressions usually occur in some
prominent facial regions, such as near the mouth, nose, and eyes, and the research direction
has also shifted from full-face feature extraction to focus on the regions related to facial
expressions [15]. In 2013, Google realized the technology of unlocking the phone with
specific expressions, such as blinking the eyes to unlock the phone. In 2014, Emotient
installed a facial expression recognition system on the mobile phones of clients. Through
this system, it can judge the user’s preference for different products so that it can selectively
recommend products to users. In 2015, a tool designed by Microsoft to recognize human
emotions based on facial expressions defined eight common human emotions: anger,
contempt, disgust, fear, happiness, neutrality, sadness, and surprise. By comparing the
possible values of each emotion type, the tool determines that the emotion type with the
largest possible value is the classification of the current expression. In the same year, Xiao
Ying of Huazhong University of Science and Technology used the eyebrows, eyes, and
mouth as monitoring objects to record the changes of the three in the learning process of
learners and designed a facial feature monitoring system to provide effective support for
the process evaluation of teaching.
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2. Materials and Methods

The system consists of four parts: a video acquisition module, face detection module,
expression analysis module, and teaching evaluation module. The system composition is
shown in Figure 1.
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Figure 1. System composition.

The video acquisition module uses OpenCV to call the camera, which is responsible
for collecting students’ classroom videos in real-time for testing and preprocessing the
collected videos. Face detection realizes the calibration of the face position of the image
and extracts the facial feature area. The expression analysis module is responsible for
performing expression analysis on the collected face images of the students to obtain the
students’ class emotions. The teaching evaluation module uses the students’ class emotions
to get the students’ class situation and the teacher’s teaching situation.

2.1. Data Set

Since the interpretation of students’ expressions requires professionals to be able to
interpret them correctly, the data set could not be self-made during the experiment in our
study, and a public face data set was used for the experiment. The dataset of our study
consists of two parts; one is the Kaggle public face dataset, Facial Expression Recognition
2013 (FER2013), for training the VGG16 [16,17] network, and the other is the CK+ dataset
to verify the effectiveness of the algorithm. FER2013 consists of 35,886 facial expression
pictures, of which 28,709 are in the training set, 3589 are in the public validation set, and
3589 are in the private validation set. There are a total of 7 kinds of expressions, namely
anger, disgust, fear, happy, sad, surprise, and neutral. All kinds of expressions are shown
in Figure 2, and each column is a type of expression. The CK+ dataset used in this study
has a total of 123 experimenters, and the experiment uses a total of 981 labeled images for
this experiment; the redundant background has been cropped out.
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Figure 2. Schematic diagram of the FER2013 dataset.

2.2. Face Detection Algorithm

The face detection process is implemented using the MTCNN [18–20] algorithm. As
shown in Figure 3, MTCNN consists of three cascaded convolutional neural network
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architectures, namely P-Net, R-Net, and O-Net. P-Net is mainly responsible for quickly
obtaining the regression vector of the candidate window and bounding box of the face
region; it uses the bounding box for regression, calibrates the candidate window, and then
merges the highly overlapping candidate boxes through a non-maximum suppression
(NMS). R-Net removes misidentified candidate boxes through a bounding box regression
and NMS. The network structure of R-Net has one more fully connected layer than P-Net,
which has a better effect of suppressing a false positive. O-Net has more convolutional
layers than R-Net, which makes its processing results more refined. The role of O-Net
is the same as that of R-Net, but this layer performs more supervision on the face area
and outputs 5 landmarks at the same time; then, it generates the final bounding box and
outputs the final face feature key points [21].
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Figure 3. MTCNN network structure.

The specific process of face detection by MTCNN is as follows:
Step 1: Build an image pyramid. First, the image is scaled, rotated, and stretched at

different scales, and an image pyramid is constructed to adapt to the detection of faces of
different sizes.

Step 2: Input the image pyramid constructed in the first step into P-Net. P-Net is a
proposal network for the face area. After inputting the features into 3× 3× 3 convolutional
layers, the face classifier determines whether the area is a human face and uses the bounding
box regression and a facial key point locator to make a preliminary proposal of the face area.
This part will eventually output many face areas that may have human faces, and these
regions are fed into R-Net for further processing. The P-Net network will finally output a
feature vector of size 1 × 1 × 32.

Step 3: Input the features’ output in the second step into the R-Net network; R-Net
refines the input feature vector, removes the wrong box, and uses the border regression and
facial key point locator again for face recognition. The bounding box regression and key
point positioning of the region will finally output a more credible face region. R-Net uses a
128 fully connected layer at the end of the network to increase the accuracy of the network.

Step 4: Input the features’ output in the third step into the O-Net network. O-Net uses
a 256 fully connected layer at the end of the network, which retains more image features
and further increases the accuracy of the network. At the same time, face discrimination,
face region border regression, and face feature positioning are performed, and, finally, the
coordinates of the upper left corner and the lower right corner of the face region and the
five feature points of the face region are output.
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2.3. Expression Recognition Algorithm

The expression recognition algorithm model is implemented using the VGG16 network
with the addition of ECANet [22]. The authors of ECANet argue that SENet [23] brings
a side effect to the prediction of the channel attention mechanism and that capturing all
channel dependencies is inefficient and unnecessary. ECANet utilizes the good ability of
convolution to obtain cross-channel information, removes the fully connected layer in the
original SENet, and performs global average pooling on the feature map with an input
size of H ×W × C, and the feature map, after global average pooling, is learned directly
through a 1D convolution. Figure 4 is a conventional SENet, and Figure 5 is ECANet.
ECANet replaces two full connections with 1D convolutions.
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Considering the aggregated features obtained by global average pooling (GAP),
ECANet generates channel weights by rapidly performing a 1D convolution of size k,
where k is adaptively determined by the channel dimension, C mapping.

The network structure of VGG16 is shown in Figure 6. VGG16 has a total of 16 layers,
13 convolution layers, and 3 fully connected layers. After the first two convolutions with
64 convolution kernels, one pooling is used, and the second after two convolutions with
128 convolution kernels, pooling is used, and after three convolutions with 512 convolution
kernels are repeated twice, pooling is performed again, and, finally, three full connections
are performed.
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In this experiment, the method of migration learning is adopted, and the pre-training
weights of VGG16 are added for training after the network is changed. The model structure
of expression recognition is shown in Figure 7. The specific process is as follows: When
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the facial expression image is input into the model, the feature map 1 is obtained through
feature extraction through the VGG16 network, and then the feature map 2 output by the
block4_conv3 layer of the VGG16 network is taken as the input of the ECANet network.
In the ECANet network, feature map 2 is first subjected to Global Average Pooling, and
then, through a 1D convolution of size K, the feature map output by 1D convolution is
stacked with feature map 2 to obtain feature map 3. Finally, the feature map 3 output by
the ECANet network is stacked with the feature map 1 to obtain the final feature map and
inputs it into the classification module. The classification module of the network performs
Global Average Pooling on the extracted features, converts the feature map output by the
last convolutional layer into a 1024-dimensional vector, and, finally, outputs the probability
values of 7 expression categories through SoftMax regression.
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2.4. Classroom Teaching Evaluation Module

According to the Fer2013 dataset, the facial expressions are divided into seven types:
namely angry, disgusted, fearful, happy, sad, surprised, and neutral. Among them, anger,
disgust, fear, and sadness are negative learning behaviors, while happiness, surprise, and
neutrality are positive and focused learning behaviors. After the recognition result of
the facial expression recognition module is sent to the teaching evaluation module, the
students’ learning situation is obtained according to the classification of emotion.

There are 7 kinds of classroom learning states set in our study. The confidence level of
each learning state can be obtained through facial expression recognition. The confidence
level reflects the possibility of each state and can be used as a scoring standard. Take fear
and sadness as the emotions that students are dissatisfied with the classroom and set their
weights to −1; take disgust and anger as more dissatisfied emotions, and set their weights
to −2; take neutrality as the students’ satisfaction with the classroom, set its weight as 1;
take happiness as the emotion of students who are more satisfied with the classroom, and
set the weight as 2; take surprise as the emotion of students who are most satisfied with
the classroom situation, and set its weight as 3. The weighted summation can obtain the
emotional score of the sample as Formula (1). All scores are normalized to between [0,1] to
obtain the final score. The calculation method of score normalization is as Formula (2).

score = p0 + 2p1 + 3p2 − (p3 + p4 + 2p5 + 3p6) (1)

norm(score) =
score−min(X)

max(X)−min(X)
, score ∈ X (2)

Among them, Pi(i = 1, . . . , 7) is the confidence level of the expression of i class.
The higher the score, the higher the students’ concentration at this moment, and the

score is relative to the whole class. When the score is higher than 0.5, it can be regarded as
the classroom mood is higher than the average level of the whole class. Statistically average
the scoring results obtained in a certain period of time to obtain the learning situation of
the target students in a certain period of time. Finally, taking the average of the scores of all
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students in the whole class can produce the overall student emotional score of the whole
class so as to evaluate the quality of classroom teaching.

3. Results
3.1. Expression Recognition Model Training Results

When training on the Fer2013 dataset, the network hyperparameters are as follows:
The experiment is iterated 300 times. The batch size of the training set is set as 128, the
batch size of the verification set is set as 128, and the initial learning rate is set to 0.0001.
We optimize the weights of the network through the public validation set, and, finally,
the model is tested on the private validation set to evaluate the model performance. The
Stochastic Gradient Descent (SGD), shown in Formula (3), is used for optimization, and the
categorical crossentropy loss function, shown in Formula (4), is used for model training.

gt = ∇θ f (θ; xi, yi) +∇θφ(θ) (3)

where f (θ; xi, yi) represents the loss function in each sample, gt is the gradient, and φ(θ) is
the regular term.

Loss = −
n

∑
i=1

ŷi1 log yi1 + ŷi2 log yi2 + . . . + ˆyim log yim (4)

Figure 8 shows the accuracy curves of the two methods of VGG16 and VGG16 with
ECANet. The accuracy of the two figures will gradually decrease with the increase of epoch
times and, finally, become stable. When using VGG16 for model training, the accuracy of
the training set will tend to be 0.94, and the accuracy of the validation set tends to be 0.64,
while the accuracy of the training set of the VGG16 model with ECANet tends to be 0.95,
and the accuracy of the validation set tends to be 0.66.
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acc curve.

The confusion matrix obtained by testing this experimental model is shown in Figure 9.
The abscissa is the predicted expression category, and the ordinate is the real expression
category. The VGG16 model obtained an accuracy of 64.64% in the FER2013 test set,
while the accuracy of the algorithm in this study was 67.40%, a relative improvement
of about 2.76%. The accuracy of each category is: anger (58.04%), disgust (63.64%), fear
(46.4%), happy (88.40%), sad (48.65%), surprised (79.09%), and neutral (73.32%). Among
them, the recognition rate of happy and surprised expressions is relatively high, while the
misjudgment rate between fear and sad, two expressions, is relatively high. Since the test
set of this dataset has many label errors, the test accuracy is not very high.
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When using the CK+ data set for model verification, the CK+ data set is divided into a
training set, validation set, and test set according to the ratio of 2:1:1. The results obtained
by training 150 are shown in Figure 10. The batch size of the training set is 128, the batch
size of the verification set is 128, and the initial learning rate is set to 0.0001.
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It can be seen from Figure 10 that the experimental model produced two false positives
for the test set made with 245 pictures in the CK+ data set, and the recognition accuracy
can reach 99.18%, which can achieve a high recognition effect.

The classification performance of this our study is measured through multiple mea-
surements on the FER2013 test dataset, and we also compare the classification performance
of the model used in this study with other models. For example, the Simple CNN, Simpler
CNN, and Tiny XCEPTION models mentioned in [24], and the models used in [25–28],
were compared, and the results are shown in Table 1 below.

3.2. Model Test Results

In the experiment, the online classroom was simulated for the system test, the weight
files obtained by training the experimental model 300 times with the FER2013 data set
were used to recognize students’ faces and expressions, and the possibility of expression
classification of each classmate was obtained, as shown in Table 2.
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Table 1. Model comparison results.

Model Accuracy

Simple CNN 62.91%
Simpler CNN 63.56%

Tiny XCEPTION 62.36%
[25] 66%
[26] 66%
[27] 67%
[28] 66.8%

Table 2. Expression recognition confidence.

Student Anger Disgust Fear Happy Sad Surprised Neutral

Student0 1.01 × 10−0.2 7.87 × 10−0.5 7.15 × 10−0.6 1.26 × 10−0.6 1.58 × 10−0.3 2.60 × 10−0.6 9.88 × 10−0.1

Student1 4.50 × 10−0.5 5.04 × 10−0.5 1.35 × 10−0.4 9.96 × 10−0.1 2.81 × 10−0.6 3.27 × 10−0.4 3.62 × 10−0.3

Student2 7.09 × 10−0.5 6.84 × 10−0.6 4.28 × 10−0.6 9.85 × 10−0.1 1.23 × 10−0.7 3.29 × 10−0.5 1.49 × 10−0.2

Student3 9.81 × 10−0.5 2.14 × 10−0.6 1.10 × 10−0.6 1.96 × 10−0.5 9.35 × 10−0.7 8.32 × 10−0.4 9.99 × 10−0.1

Student4 9.26 × 10−0.1 4.24 × 10−0.4 7.55 × 10−0.3 1.68 × 10−0.4 4.53 × 10−0.2 7.21 × 10−0.3 1.32 × 10−0.2

Student5 9.90 × 10−0.2 4.08 × 10−0.3 2.75 × 10−0.2 8.30 × 10−0.3 2.86 × 10−0.4 8.58 × 10−0.1 3.15 × 10−0.3

Student6 4.46 × 10−0.8 5.52 × 10−0.7 1.58 × 10−0.7 9.99 × 10−0.1 6.07 × 10−0.9 1.63 × 10−0.7 5.22 × 10−0.5

Student7 4.71 × 10−0.3 8.21 × 10−0.4 5.39 × 10−0.1 4.72 × 10−0.7 1.59 × 10−0.3 1.83 × 10−0.1 2.71 × 10−0.1

Student8 1.93 × 10−0.2 2.34 × 10−0.3 2.58 × 10−0.1 6.56 × 10−0.6 4.80 × 10−0.3 1.44 × 10−0.1 5.71 × 10−0.1

Then, through the confidence in Table 2, the final expression recognition results of the
students were obtained, as shown in Figure 11.

After the facial expression recognition was completed, the students’ learning scores
could be output. Table 3 was obtained by scoring the expressions in Figure 11 according
to Formulas (1) and (2). It can be seen from Table 2 that the emotional scores of Student 1,
Student 2, Student 5, and Student 6 at the time were above 0.7, which are relatively positive
classroom emotions; the emotions scores of Student 0, Student 3, and Student 8 at the time
were between 0.5 and 0.7, and they belong to the normal listening state, while the emotional
scores of Student 4 and Student 7 at the time were below 0.5; the emotional score of Student
4 is especially too low, indicating that the listening state of these two students is not ideal;
the teacher can ask them whether they understand the knowledge in time.

Based on the emotion score analysis of facial expression recognition, a relatively accu-
rate score can be made for a specific student’s emotional state in class at a certain moment,
and the score reflects the enthusiasm and concentration of the student’s listening state.
Through the evaluation method in this study, the quality of the whole classroom teaching
and the students’ listening state can be evaluated, or it can be used as a reference index.

Table 3. Scores of students’ learning status.

Student Score

Student0 0.593
Student1 0.799
Student2 0.797
Student3 0.600
Student4 0.026
Student5 0.872
Student6 0.800
Student7 0.454
Student8 0.540

mean 0.609
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4. Discussion

With the development of modern information technology, the concept of educational
evaluation is also gradually changing. It advocates paying more attention to students’
emotions and attaching importance to the means and effects of teaching quality evaluation.
In such an era, this our study applies face detection and expression recognition technology
to online teaching evaluation, and it obtains students’ listening status so as to provide
teachers with students’ listening effects in a timely manner. The MTCNN face detection
technology used in our study cascades three shallow networks together; the accuracy of
each level is gradually improved, the coordinate information of the face frame is determined,
and the face image is cut out from the picture. Using the VGG16 algorithm with ECANet
for expression recognition, the accuracy of the test on the FER2013 data set can reach 67.4%,
and the accuracy on the CK+ data set can reach 99.18%, which can more accurately identify
the emotions of students. Using the model in our study to conduct classroom evaluations
on nine students who took online classes, the emotional scores of the nine students were
obtained as 0.593, 0.799, 0.797, 0.600, 0.026, 0.872, 0.800, 0.454, and 0.540. It can be concluded
that the students with a score between 0.5 and 0.6 were in a normal state of listening, the
students with a score above 0.7 were in an active learning state, and the two students
with a score below 0.5 were in a negative learning situation. Of course, there are still
some problems in the model of our study. Although the MTCNN algorithm we adopted
has certain advantages for small target detection, the running speed of the algorithm is
relatively slow. Moreover, our study lacks the corresponding student classroom face data
set to train the expression recognition network, which leads to a decline in the accuracy
of the model. In the following research, the corresponding data set can be produced and
the MTCNN algorithm can be optimized to improve the running speed of the algorithm.
Additionally, a new computer vision-based student attention evaluation criteria can be
added, making classroom teaching evaluation more objective and robust.
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5. Conclusions

Aiming at the problem that teachers cannot communicate with students face-to-face
in real-time to understand the students’ listening status in the online teaching process, this
study uses the VGG16 network added with ECANet to perform real-time facial expression
recognition on the students in online classes, and it obtains the students’ listening status
and gives timely feedback to the teacher. Using the VGG16 network with ECANet to predict
the FER2013 dataset can obtain an accuracy of 67.4%, which is about 2.76% higher than
when VGG16 itself predicts. However, due to the lack of conditions for making student
expression datasets in the experiment, the use of open-source expression datasets to train
the model leads to a decrease in the accuracy of the model. In subsequent research, a
corresponding dataset can be created to improve the accuracy of the model. In addition,
the students’ listening state can be reflected by arm movements and head-up rate, which
can be used as part of the students’ attention evaluation criteria in the follow-up research,
making classroom teaching evaluation more objective and comprehensive.
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