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Abstract. To detect students’ concentration status in the classroom, a classroom con-
centration evaluation algorithm based on component attention is proposed to calculate
students’ concentration based on their classroom behaviors. First, the classroom videos
are sampled and detected to obtain students’ location information. Secondly, the multi-
object video in the classroom is converted into a sequence of student single-object numbers
(IDs) using a tracking assignment method. Finally, the student ID sequences are fed in-
to a component attention-based behavior recognition network to obtain individual student
concentration scores. A weighted fusion approach is designed to get concentration scores
for all students and the overall classroom. In this paper, object detection and behavior
classification datasets are created to analyze learning attentiveness, and transfer learning
is used to improve the problem of insufficient sample size. After several experiments, it is
shown that the detection accuracy of the component attention-based behavior recognition
algorithm is more than 85%. Each student’s concentration is fused using weighted fusion
to obtain the curve of students’ individual and overall classroom concentration over time.
Keywords: Student behavior recognition, Object detection, Object tracking, Concen-
tration

1. Introduction. As the basic form of teaching and learning, classroom teaching has
always been the centerpiece of educational research. Students’ classroom behavior is an
important basis for evaluating students’ learning status and the quality of classroom in-
struction, and it helps teachers to obtain an overall picture of classroom concentration. It
helps teachers identify the results, optimize the content, and improve the quality of teach-
ing. Students use the results to understand their classroom performance and regulate their
classroom status. In traditional analysis methods, teachers or researchers use classroom
observations and questionnaires to obtain information about students’ classroom concen-
tration. This human-driven detection method is difficult to avoid subjectivity and suffers
from low efficiency and incomplete observation, which makes it difficult to extend to in-
telligent information-based classroom teaching. Therefore, teachers need an automated
classroom learning status analysis method that coaches teachers to obtain the learning
status of individual students in the classroom as well as the overall status of the classroom.

With the development of intelligent teaching systems, many computer vision-based
methods for student classroom concentration detection have emerged. Pan et al. [1] used
learning facial expressions and attention to classify the impact of student learning, con-
structed a learning focus migration model, and briefly described how to evaluate classroom
teaching/learning effectiveness using students’ learning affects (SLA) analysis. Guo [2]

DOI: 10.24507/ijicic.19.03.877

877



878 J. MO, R. ZHU, H. YUAN AND Z. SHOU

constructed a multi-task convolutional neural network to detect students’ head-up rate to
quantify classroom participation. Huang et al. [3] used head posture and facial expressions
to distinguish students’ classroom behaviors. A deep convolutional neural network and
cascade based face feature point localization method were proposed to distinguish stu-
dents’ classroom behaviors by head pose and facial expressions. Pise et al. [4] proposed
a temporal relational network (TRN) to estimate student engagement using a multilay-
er perceptron for classification work. Gupta et al. [5] proposed a maximum edge base
face detection method using students’ facial expressions for emotional content analysis,
where the emotional content analysis includes the analysis of four different emotions of
students, namely high positive emotion, low positive emotion, high negative emotion, and
low negative emotion, and finally the student’s concentration score is calculated by the
four emotions. Ashwin and Guddeti [6] proposed a convolutional neural network based
structure that uses nonverbal information such as facial expressions, gestures and body
postures to analyze students’ engagement and found a positive correlation between stu-
dents’ engagement and their test performance.
Most of these methods estimate student classroom engagement by extracting learned

facial expressions or head postures, for example. However, there is still the problem of
insufficient recognition accuracy, and these methods mainly object to the single learning
situation and rarely object to the overall classroom concentration situation. Therefore,
this paper proposes a component attention-based classroom concentration evaluation al-
gorithm to evaluate student and overall classroom concentration by detecting students’
classroom behaviors. The experimental results show that the proposed multi-participant
classroom concentration evaluation algorithm can effectively identify classroom behaviors
to get classroom concentration scores. To fully validate the proposed classroom concen-
tration evaluation algorithm, a student classroom dataset is constructed in this paper for
the training and testing of the algorithm. The main contributions and innovations of this
paper are as follows.
1) Construct a dataset with object detection and behavior labeling to provide a database

for subsequent student attention measurement in classroom teaching videos.
2) Propose a classroom behavior recognition algorithm based on component attention,

and the overall detection accuracy is over 85%, combined with student object detection
and tracking, to achieve student behavior recognition in classroom teaching videos.
3) Design a classroom concentration evaluation method to achieve single student con-

centration and overall classroom concentration evaluation in classroom teaching videos.
The main structure of this paper is as follows. Section 2 reviews the related work.

Section 3 proposes an algorithm of classroom concentration evaluation based on compo-
nent attention. Section 4 first introduces the experimental dataset, and then discusses
the experimental results in detail. Section 5 summarizes the conclusion.

2. Related Work. The popular areas of object detection, object tracking and behavior
recognition are computer vision. This paper’s research work is a combination of these
three areas. Therefore, an overview of the work related to these fields is presented in this
section.

2.1. Object detection. Student target detection is the first step to achieve classroom
concentration discrimination. Deep learning-based target detection algorithms are divid-
ed into single-step algorithms and two-step algorithms. The two-stage target detection
algorithm needs to calculate the target candidate region and then perform target pre-
diction. It has high localization and recognition accuracy, but the accuracy is slow. The
single-stage target detection algorithm is a fast but low-accuracy end-to-end method.
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Tan et al. [7] proposed the EfficientDet network, which performs quick multi-scale feature
fusion through a weighted bi-directional pyramidal network (BiFPN), while proposing
a composite scaling method with uniform scaling resolution, depth and width. Zhao et
al. [8] proposed the M2Det algorithm to solve the target object through a mutil-scaled
detection network of sizes and objects of different complexity. YOLOv4 [9] made further
optimization based on YOLOv3 [10] to improve the speed and accuracy of the detection
algorithm through CSPDarkNet53, Spatial Pyramid Pooling (SPP), Pyramid Attention
Network (PAN) and data enhancement methods. And YOLOv5 [11], introduced in the
same year, enhances the target detection algorithm’s speed and accuracy through data
enhancement and adaptive anchor frames. In [12] YOLOvX improved the detection speed
and accuracy with operations such as decoupled head, anchor-free, and advanced label
assigning strategy based on YOLOv3.

2.2. Object tracking. After the student target detection is completed, the listening
status of each student needs to be continuously tracked by target tracking. In a classroom
scenario, if the classroom behavior of a particular student needs to be analyzed, a real-time
target tracking algorithm is just the right boost. Bewley et al. [13] proposed a simple online
real-time target tracking (Sort) algorithm by combining the Kalman filtering algorithm
and Hungarian algorithm; Wojke and Bewley [14] proposed a deep simple online real-
time tracking (DeepSort) algorithm; Wang et al. [15] proposed the walk toward real-time
multi-target tracking (JDE) algorithm by embedding the appearance model into the target
detection model so that only one depth model is required for target tracking; Zhang et
al. [16] proposed a fair multi-target tracking (FairMOT) that combines the target detection
task with the pedestrian re-identification (Re-ID) task thereby achieving target tracking.

2.3. Action recognition. Two types of behavior recognition methods exist in comput-
er vision: still-image based and video based. Static image based behavior recognition
does not contain temporal information and is more difficult than video based recogni-
tion approaches. To compensate, still-image action recognition approaches rely on cues
such as human pose, human-object and scene interactions. By sharing the underlying
convolutional layers, Li et al. [17] proposed to explore body structure information with
behavior recognition information using a deep model. Zheng et al. [18] proposed a spatial
attention-based action mask network, which adds a spatial attention layer to the neural
network to create specific action masks for images and generates semantic frames contain-
ing specific actions by a region selection strategy. Yan et al. [19] proposed a multi-branch
attention network to extract global and local contextual information. For the lack of suf-
ficient information in images, a migration learning approach on a large amount of action
recognition data is combined with an attention mechanism to extract more distinguishing
features for behavior classification. And for video-based human action recognition, motion
information is the key factor and it is more discriminative than non-temporal recognition.
Carreira and Zisserman [20] combined 3D convolution and dual-flow methods to recognize
behaviors and proposed an inflated convolutional network algorithm for behavior recog-
nition. Feichtenhofer et al. [21] proposed a slow-fast network that takes two branches to
extract behavioral features, a slow branch and a fast branch, which are responsible for
acquiring spatial and temporal information. The following year Feichtenhofer [22] discard-
ed the two-branch approach. They proposed an expanded 3D convolutional network by
extending the model depth and width, adjusting the model’s image resolution and other
parameters to obtain excellent performance even with very small computational effort.

In this paper, we apply the algorithm of single-person behavior recognition to the multi-
object classroom teaching scene. We add the algorithm of target detection and tracking
and single-person behavior recognition to solve the task of students’ classroom behavior
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recognition in the classroom teaching scene. For example, Yang et al. [24] designed a
feature fusion-based YOLOv3 algorithm to detect the location and category of people
and helmets in surveillance videos. Dang et al. [25] proposed an improved version of
deep sort yolov3 target tracking architecture to achieve less identity exchange and faster
computing speed.

3. Methods. The overall workflow of the algorithm proposed in this paper is shown
in Figure 1. Firstly, the classroom video is input into the detection module, and the
location information of students is obtained through sampling, detection and localization.
Secondly, using the tracking assignment module, the multi-target videos in the classroom
are converted into ID sequences of single targets of students. Finally, in the output module,
the ID sequences are separately input to a component-based behavior recognition network
to obtain individual student behavior score sequences, and a weighted fusion is used to
obtain all student behavior scores at this moment. The analysis results include individual
student listening concentration and overall classroom listening concentration for a certain
period of time.

Figure 1. Overall framework

3.1. Target detection module. The classroom teaching dataset is fed into the detection
module. First, the video is segmented into M parts using one minute as the segmentation
interval; then each video segment is sampled using a sparse time sampling strategy. It is
divided into T segments equally, and then a frame is randomly selected from each segment
to form an input sequence with T frames; finally, the target detection is performed step
by step in time order.
Target detection is the basis of subsequent tracking. Through target detection, the

position of the student target in each frame of the video can be determined. And the
accuracy of the target detection algorithm also affects the tracking accuracy. In this
paper, YOLOv5 is used as the target detection network. It is a lightweight detection
network improved based on YOLOv3. The YOLOv5 network structure consists of four
parts: input side, backbone network, neck module and prediction module. As shown in
Figure 2, the input uses Mosaic for data enhancement and performs adaptive anchor
frame calculation and adaptive image scaling. The backbone network is designed with
Focus and CSP1 structures, and Focus is used for slicing operation, and then features
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are extracted by CBL, CSP1, and SPP structures. The neck module uses FPN and PAN
structures, and features are fused more efficiently by a modified CSP2 structure. The
basic structures of CBL, CSP1, and CSP2 are shown in Figure 2. The network uses
CSP1 and CSP2 structures to improve the problem of reusing gradient information in
the Res module’s transformation process, thus reducing the computational effort. The
prediction module used a combination of generalized intersection over union (GIOU) loss
function and weighted non-maximum suppression (NMS) to make the network achieve
better convergence.

Figure 2. YOLOv5 network

3.2. Tracking distribution module. This paper combines the DeepSort algorithm to
implement multi-target tracking in the classroom. The algorithm flow of the tracking as-
signment module is shown in Figure 3. Firstly, we obtain the target frame information of
students located by the target detection module. Then use Kalman filter to predict the
next frame of student target frame information, while compare the target frame informa-
tion predicted by the detection module, and take the target frame with high confidence
of both as the prediction result. Secondly, for cascade matching, the cost matrix of the
Kalman filter’s predicted result and target detection results are calculated using the ap-
pearance model (re-identification algorithm) and the motion model (martingale distance).
The intersection over union (IOU) matching strategy is performed by calculating the IOU
frame information between the prediction and detection frames. Finally, the filter pa-
rameters are updated according to the successfully matched prediction frames, and the
successfully matched student targets are stored in the corresponding buffers based on the
ID information. By looping the above operations, thus associating the student targets in
the input sequence, the classroom student target tracking is realized and the ID sequence
of the student single target is obtained.

Figure 3. Tracking assignment model



882 J. MO, R. ZHU, H. YUAN AND Z. SHOU

3.3. Output model.

3.3.1. Parts area division. Human behavior can be seen as a combination of body part
movements and requires precise positioning of the scenario when classifying specific parts.
In this paper, the main study scenario is in the teaching classroom, so we focus on the
upper body component actions. For example, reading a book usually consists of the head
region and the hand-related region, with the head act “bowing the head” and the hand
act “pressing the book”. Raising the hand usually consists of the head area and the hand
related area, the head act is “raising the head” and the hand act is “raising the hand”.
First, the coordinates of the key points of the human body are extracted from the image
automatically by the human posture estimation method [23]. Then the position frame of
each local part is calculated according to the image size and the key point coordinates.
For example, in the head region, the minimum bounding box is calculated based on the
head keypoints, and then the bounding box is expanded by 20% and adjusted according
to the image boundaries to obtain the head position box. In a nutshell, the region box is
generated from the key points, and then the final position box is generated by expanding
and adjusting. Six local components are defined as shown in Figure 4: head, left wrist,
right wrist, left shoulder, right shoulder, wrist and the middle region of the elbow.

Figure 4. Part area division

3.3.2. Behavior recognition. In this section, a behavior recognition network based on the
component attention mechanism is proposed for learning behavior recognition in class-
room scenarios. The overall network structure is shown in Figure 5, where the model takes
a single target student image X as input and the final predicted behavior category Y of
the network as output. The overall model consists of two parts to extract global and local
feature maps, respectively. For the global feature map extraction part, the network uses
ResNet as the backbone network, Block1-Block5 denote the feature extraction layers of
the network, and Fj, j ∈ [1, 5] denotes the output feature map of each feature extraction
layer. Finally, the feature extraction layer Block5 maps the input features into features
and converts the global feature map into a global behavioral feature vector by operations
such as pooling. For the component feature map extraction branch, the input image is
assumed to be X ∈ RH×W×3. First, the network first uses the pose estimation module
to obtain the key point coordinates of the student’s body P = {(x0, y0) , . . . , (x17, y17)}.
Then the region partition module divides the global feature map into 6 local feature maps
according to the defined part region partition method, and it transforms the global feature
map F3 into the local feature F3,i according to the key point coordinates and the local
position box, where i ∈ [1, 6]. Each local feature map is then processed by a component
attention network (PNet), which encodes the local features into the local feature vector
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Figure 5. Behavior recognition network

F4,i, where i ∈ [1, 6]. PNet consists of two branches, the feature extraction branch maps
the input feature maps into local feature vectors through Conv1, Conv2 and pooling
layers, and the attention branch calculates the weights of local features through Conv1,
Conv2, Conv3, pooling layers and sigmoid activation functions. The computed weight
values range from 0 to 1, with 1 indicating the most important and 0 indicating the least
important. The weight values and the feature vector are multiplied to obtain the final lo-
cal feature vector. Finally, the network stitches the local feature vector F4,i and the global
feature vector F5 to predict the student’s behavior through multiple fully connected layers
and output layers.

3.3.3. Concentrate analysis. In this paper, seven behaviors with high classroom student
engagement were included in the behavior identification network, including reading or
writing, looking at the blackboard, playing with cellphone, looking around, standing up,
raising hands, and lying down. Each category (Clss) score is defined as shown in Table
1. The final student’s score was between −2 and 2, normalized to the student’s behavior
score at a given time, as shown in Equation (1).

Sk(t) = Wk × Pk(Clss) (1)

where Sk(t) denotes the behavior score of student k at moment t, Wk denotes the category
weight, and Pk(Clss) denotes the predicted value of the behavior category of student k by
the behavior recognition network.

Table 1. Behavior score definitions

Behavior
Standing

up
Raising
hands

Reading
or

writing

Looking
at the

blackboard

Looking
around

Playing
with

cellphone

Lying
down

Scores 2 2 1 1 −1 −2 −2

The overall classroom score at moment t is the set of all student behavior categories
on the identification picture fused over the spatial domain. Therefore, the overall student
score at this moment is obtained by summing up and averaging the behavior scores of all
students. Let the number of students identified at the moment t be nt, and the formula
for the classroom score at moment t is shown below.

Frame(t) =

∑nt

k=1
Sk(t)

nt

(2)

The overall classroom behavior score is obtained by further integrating the overall
classroom score in the time domain at moment t. Thus, the scores of all moments are
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accumulated and averaged to obtain the overall effectiveness score of a class, and the
formula is shown in (3), where MT denotes the classroom time after sampling.

S(total) =

∑MT

t=1
Frame(t)

MT
(3)

4. Experiment.

4.1. Dataset. This algorithm uses the COCO2017 dataset and the classroom dataset
BOCD constructed by ourselves. Classroom scenes usually only see the upper body of
students, while the annotation of the COCO dataset contains the whole body of the
human body and is not applicable to classroom scenes. As shown in Figure 6, the key
point labels of the COCO dataset are converted to human upper body target annotation
boxes. In this paper, we use the data provided by the school classroom monitoring system
as the initial data source to construct the BOCD, which comes from different classrooms
and subjects, each containing 8 to 66 students. In this paper, the raw video data is first
converted to image data at one frame per second and data cleaning is performed to remove
some of the low quality and incorrect samples. Then the cleaned data is annotated. For
the target detection part, the LabeImg image annotation tool developed based on python
and QT GUI is used to save the tags as XML files. For the behavior classification data, a
python based annotation script was developed to perform label saving in the form of txt
files. The final obtained target detection part contains 5,000 samples and the behavior
detection part has 3,173 samples. As shown in Table 2, the seven behaviors include reading
or writing, looking at the blackboard, playing with cellphone, looking around, standing
up, raising hands, and lying down. The number of students standing up, raising their
hands, and lying down in the classroom scene was smaller than the number of students
in the other four behaviors.

Figure 6. Processed COCO2017 dataset

Table 2. Number of behavior samples

Behavior
Reading

or
writing

Looking
at the

blackboard

Playing
with

cellphone

Looking
around

Standing
up

Raising
hands

Lying
down

Numbers 702 558 785 438 227 245 218
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4.2. Experimental results.

4.2.1. Object detection experiments and analysis. Depending on the width and depth of
the target detection network, the YOLOv5 algorithm is divided into four forms: YOLO-
v5s, YOLOv5m, YOLOv5l and YOLOv5x. In this paper, according to the actual class-
room scenario, the detection accuracy and detection speed of different versions of the
YOLOv5 network are weighed, and finally the YOLOv5s with the smallest network width
and depth is chosen as the backbone of the target detection network. In the training pro-
cess, the detection network is first pre-trained using the processed COCO2017 dataset, and
then formally trained using the target detection part of the constructed dataset BOCD.
The training parameters of the network are shown below, with an input size of 640×640, a
data enhancement and adaptive image scaling method, an optimization algorithm Adam,
an initial learning rate of 0.001, and a training batch of 299 [11].

As shown in Figure 7, the COCO dataset was used for training first and then the
BOCD dataset was used for migration. The mAP0.5 value of the network is 98.87% and
the mAP0.5:0.95 value is 88.27%. In contrast, the mAP0.5 value of the model without
migration was 98.86% and the mAP0.5:0.95 value was 86.08%. Compared to pre-training,
the mAP0.5 values remain the same without migration, and there is a 2 percentage point
decrease in the mAP0.5:0.95 values.

Figure 7. YOLOv5 algorithm performance

In this paper, the effectiveness of the object detection algorithm is tested in real class-
room A. The camera view in classroom A is to the upper right, there are problems with
blocking and small targets between students, and there are 21 student targets in the class-
room. The target threshold is set to 0.3 for detection, and the detection effect is shown in
Figure 8, where 8(a) indicates the detection result of the YOLOv5s model without pre-
training, and 8(b) indicates the detection result of the YOLOv5s model with pre-training.
The YOLOv5s without pre-training correctly detects 9 correct targets and there are in-
valid frames. The pre-trained YOLOv5s detects all 21 targets and the detection accuracy
of the target boxes is higher than when there is no pre-training.
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(a) (b)

Figure 8. Detection results

4.2.2. Object tracking results and analysis. In order to verify the effectiveness of the al-
gorithm used in the paper for target tracking, classroom B was selected for testing the
algorithm. The cameras in classroom B were divided into two left and right, the left cam-
era video data of classroom B was tested in this paper, so the students in the right part of
the picture were ignored. Figure 9 shows the effect of target tracking in frames 7, 68, 237,
and 392. The probability of the target loss rate of students is low, and the target tracking
is accurate. Among them, the student targets in the first four rows of the classroom are
tracked well without ID number swapping, and the student ID numbers in the last three
rows remain stable without and with a small amount of occlusion, and a small amount
of ID number swapping occurs when the occlusion is serious. Therefore, this algorithm
can achieve student target tracking in classroom teaching videos and get students single
target ID sequences.

(a) Frame 7 (b) Frame 68

(c) Frame 237 (d) Frame 392

Figure 9. Tracking results

In the component attention-based student classroom concentration detection algorithm,
this paper uses YOLOv5s combined with the DeepSort method for student target tracking.
To verify the performance of student target tracking in classroom video scenarios, Table
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Table 3. Comparison with other state-of-the-art methods

Classroom1 Classrom2
FPS Numbers FPS Numbers

Fair-MOT 13 9 11 30
Ours 30 9 22 35

3 shows the comparison between our method and other state-of-the-art methods in two
different classrooms. Observing the experimental results in the table, we can find that our
target tracking algorithm achieves better results in terms of tracking speed and accuracy,
while Fair-MOT has a good detection effect but a slower detection speed. In summary,
the algorithm of YOLOv5s+DeepSort is used to achieve the tracking of student targets
in classroom teaching videos.

4.2.3. Behavior recognition results and analysis. To verify the effectiveness of the behavior
recognition network, the network was tested using the behavior portion of the BOCD
dataset. As shown in Figure 10, the confusion matrix demonstrates the model recognition
performance, where the rows of the matrix represent the network prediction classes and
the columns represent the true labels. The prediction results for each class are displayed
in the matrix as numerical percentages. Observing the experimental results, it can be
found that the accuracy of all seven categories of behavior is above 85%, with the highest
accuracy of 95% for lying down, and the lowest accuracy of 85% and 86% for the two
categories of standing up and looking at the blackboard, respectively. The model tended
to confuse standing up with looking at the blackboard and reading and writing with
playing with cellphone.

Figure 10. Behavioral classification confusion matrix
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The attention area map for each behavioral category is shown in Figure 11. The head
is an important region in the figure when looking at the blackboard and looking left or
right, because looking at the blackboard and looking left or right is mainly a change of
the head, which tends to look upward when looking at the blackboard and to the left or
right when looking left or right. The behavior of looking at the blackboard in Figure 11
Error 1 was misclassified as left-right looking because of the camera viewpoint bias. The
attention area for reading and writing and looking at cellphone is between the elbows,
with the main focus on whether there is a book on the desk, a pen in hand, or a cellphone
in hand. However, there are few pixels between the elbows in real classroom data, and
it is sometimes difficult to distinguish them, as in Figure 11 Error 2 reading and writing
behaviors were misclassified as looking at a cellphone. The attention area of standing and
lying down focuses on the upper body, and the attention area of raising hands is on the
hands. For example, in Figure 11 Error 3 the act of standing up was misclassified as lying
down. Student behaviors in the classroom can present different positions and postures
due to camera view and occlusion, and the attention area of the behavior can be biased.

(a) Looking at the
blackboard

(b) Reading or wri-
ting

(c) Playing with ce-
llphone

(d) Looking around (e) Standing up

(f) Raising hands (g) Lying down (h) Error 1 (i) Error 2 (j) Error 3

Figure 11. Behavioral attention area map

4.2.4. Experimental analysis based on classroom videos. Concentration experiments were
conducted with classroom B’s left camera video data. Six minutes of the test dataset
were extracted from the video, and the target detection algorithm detected 35 people
to test the algorithm’s effectiveness in a traditional classroom. The video was input to
the algorithm to obtain a line graph of student classroom listening concentration scores
over time. As shown in Figure 12(a), the line graph of single-person concentration scores,
Student 1 maintained low engagement throughout the test time; Student 2 had high
engagement during the first two and a half minutes, significantly decreased in focus from
two and a half minutes to three minutes, and remained low in the second three minutes;
Students 3 through 5 maintained a high level of engagement throughout the test time;
Student 5’s attention remained stable during the test time, while Student 3 and Student
4’s attention levels fluctuated significantly. As shown in Figure 12(b), a line graph of the
overall classroom concentration in a single frame of this part of the algorithm, the overall
classroom concentration trended higher and lower over the six minutes of the test dataset.
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(a) Single concentration (b) Overall concentration

Figure 12. Diagram of students’ classroom concentration

5. Conclusions. This paper proposes a classroom concentration evaluation algorithm
based on component attention for detecting student concentration in classroom video
scenes. Firstly, the input video is sampled and detected to obtain the student’s location
information; then, the classroom multi-target video is converted into a single target ID
sequence of students using the target tracking ID assignment method; finally, the single
sequence of students is input into the behavior recognition network to obtain the sin-
gle person behavior, the learning concentration score is obtained by the concentration
evaluation method, and the overall classroom concentration evaluation is obtained by
the weighted fusion method. In order to meet the needs of the algorithm, we created a
target detection and behavior classification dataset. Also, the COCO dataset was used
to pre-train the target detection part to compensate for the problem of insufficient sam-
ples in the dataset. The experimental results show that the target detection and tracking
algorithm used in this paper has a low miss detection rate and ID exchange rate. The
detection accuracy of the component attention-based behavior recognition algorithm is
higher, and the concentration evaluation method can demonstrate the overall state of the
students and the classroom. In future research, we plan to improve the problem of poor
target detection and recognition effect and ID interchange caused by occlusion between
students. We plan to expand the constructed data set to increase the number of behavior
types and sample size of target detection set. In addition, we plan to improve the focus
evaluation system.
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