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Students behaviors can directly reflect the quality of the classroom. Analyzing and evaluating classroom
behaviors through artificial intelligence and deep learning is conducive to improving teaching quality. The
traditional methods for identifying students classroom behaviors involve that teachers directly observe students
states or analyze them through surveillance videos after class. These methods are time-consuming, labor-
intensive, and have a low recognition rate, making it difficult to reflect the problems existing in the classroom
and exams in real time. To solve this problem, this paper proposes a novel students classroom behaviors based
on YOLOv8 deep learning model. Combining the channel attention mechanism with deep convolution, a
dynamic channel attention convolution (DCAConv) is proposed, which can dynamically adjust the channel
weights and capture key features more sensitively. It introduces multi-scale convolutional attention (MSCA)
to maximize the ability of mining multi-scale convolutional features through element multiplication, and
enhance the attention to spatial details. Meanwhile, a multi-scale context fusion (MSCF) module is constructed.
Through convolution and self-attention mechanism, multi-scale feature fusion is enhanced. Adding a small
target detection layer and extracting local features from larger-sized feature maps significantly improves the
ability to recognize the behaviors of students in the back row. The experimental results show that the average
recognition accuracy rate of the proposed behavior recognition method for various parts of the human body can
reach up to 83.7% at most. The recognition rates for various behaviors in simple and crowded scenarios reach
more than 92.1% and 86.3% respectively, and it can effectively recognize various behaviors in the classroom.
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1. Introduction

Today, with the rapid development of educational tech-
nology, the analysis of students classroom behaviors has
become crucial for improving the quality of education [1].
However, traditional classroom observation and assess-
ment methods have obvious limitations due to their signifi-
cant consumption of time and human resources. Human
behavior recognition is the most challenging and attrac-
tive research topic in the field of computer vision, and it
has strong application values in various cross-disciplinary

fields, such as video understanding, intelligent monitor-
ing, robotics, human-computer interaction, industrial au-
tomation, healthcare and smart education [2]. A great deal
of work has been done in the field of behavior recogni-
tion, but many challenges still exist. The student behav-
ior recognition method mainly records and analyzes the
specific behaviors of students through video surveillance.
The specific behaviors of students include raising hands
gestures [3], looking around [4], dozing behaviors, etc,.
The hand-designed visual feature modeling method can
identify students behaviors, as well as evaluate teaching
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quality and students’ learning attitudes. This method is
time-consuming, labor-intensive and has a low accuracy
rate. Therefore, student behavior recognition requires an
accurate intelligent system. Deep learning methods can
identify the key points (human postures) of the skeleton in
videos to complete behavior recognition with a relatively
high recognition accuracy rate, and have become a research
hotspot in the field of computer vision [5].

Human behavior recognition based on key points of the
skeleton is usually divided into two methods: top-down
and bottom-up. The top-down method first uses the object
detection algorithm to obtain the single-person detection
box, and then uses the single-person posture estimation
(SPPE) algorithm to find the key points of the human skele-
ton. Through the key points of the skeleton, specific behav-
iors are further identified. The bottom-up method has the
opposite idea to the top-down method. It first detects the
key points of all the people in the image, and then matches
the key points with the target people through the algo-
rithm. Bottom-up method is difficult to utilize the global
context information. For this problem, Cao et al. [6] pro-
posed the real-time multi-person two-dimensional pose
recognition method (OpenPose). Li et al. [7] proposed a
human behavior recognition method based on OpenPose
and recurrent neural networks, which had a relatively high
overall accuracy on public activity datasets. Lu et al. [8]
proposed a child behavior recognition method based on
convolutional neural networks and OpenPose. Based on
this method, 13 kinds of behaviors were classified, and
the accuracy rate reached 82.3%. Most research results
show that the top-down method has a higher recognition
accuracy than the bottom-up method. However, the object
detection algorithm is prone to errors in positioning and
recognition in crowded or occluding scenes such as class-
rooms, resulting in incorrect recognition of single-person
poses. Therefore, Fang et al. [9] proposed the regional
multi-person pose-estimation (RMPE) framework, namely
the AlphaPose framework. This framework could effec-
tively handle inaccurate detection boxes and redundant
detection results, thereby improving the recognition accu-
racy. The above methods have problems of low recognition
rate and poor real-time performance in complex occlusion
and crowded scenarios with multiple people, and are not
applicable to classroom video surveillance scenarios [10].

In the research of the smart classroom field, the recogni-
tion of students classroom behaviors has always been a core
issue that attracts much attention from the academic com-
munity. With the rapid development of computer storage
and deep learning technologies, more and more scholars
have introduced deep learning technologies into the task

of student classroom behavior recognition to improve the
accuracy and efficiency of recognition. Yongqing and Dan
[11] produced five datasets of student behaviors, namely
listening, sleeping, raising hands, answering and writing,
and proposed an improved SSD model, combined with the
k-means clustering algorithm for student behavior recogni-
tion.

With the emergence of the YOLO series of object detec-
tion algorithms, Pabba et al. [12] deeply analyzed students
behaviors by extracting the global features of human poses
using the OpenPose algorithm and combining the local
features of interactive objects extracted by the YOLOv3
algorithm. Jia and He [13] further improved the accuracy
of student behavior detection through a human skeleton
behavior recognition model that integrated the global at-
tention mechanism and the spatio-temporal graph convo-
lutional network. Furthermore, Xie et al. [14] utilized the
YOLOv5 object detection model and the CA (coordinate
attention) mechanism to accurately identify various behav-
iors of students in the classroom. The aforementioned re-
search provided a direction for the production of behavior
datasets and the selection of behavior recognition networks
for students classroom behavior recognition.

Usually, the cameras in smart classrooms are located on
the upper left or right of the classroom, resulting in stu-
dent targets of different scales in the video, significant size
differences between students in the front and back rows,
and mutual occlusion among students in the back rows.
Therefore, the model needs to have multi-scale awareness,
pay attention to different behaviors at different positions,
and be able to make full use of the information around the
target to infer the information of the occluded part. The
main contributions of this article can be summarized as
follows.

1. This paper proposes to construct the dynamic chan-
nel attention convolution (DCAConv) by combining
the CA attention mechanism, enabling the model to
capture the key input features more sensitively. Mean-
while, the MSCA attention mechanism is introduced
at the end of the YOLOv8 backbone network. By using
a simple element multiplication operation, the multi-
scale convolutional features are maximized to enhance
the attention to spatial details.

2. A multi-scale context fusion (MSCF) module is pro-
posed by combining the gathering-and-distribute (GD)
mechanism of information. The MSCF module is op-
erated through convolution and self-attention mech-
anisms, enhancing the fusion ability of multi-scale
features. For the small targets, a small target detec-
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tion layer is added to enhance the extraction of local
features of larger-sized feature maps.

2. Materials and methods

The proposed behavior recognition model in this paper
optimizes the structure of the original YOLOv8 model
[15]. The improved model performs better than the previ-
ous model in small object detection, and at the same time
achieves a balance between model lightweight and perfor-
mance. And it has been verified on multiple datasets. The
network structure diagram proposed in this paper is shown
in Fig. 1.

The new model is mainly composed of four compo-
nents: input, backbone, head and output. At the input end,
Mosaic data augmentation is adopted. Meanwhile, data
augmentation methods such as adaptive image scaling and
stitching are employed to enhance the generalization abil-
ity of the model. In this paper, dynamic channel attention
convolution (DCAConv) is constructed based on the chan-
nel attention (CA) mechanism, which is used to replace
some Conv modules in the backbone network to improve
the ability to capture the key information in the input fea-
tures. At the end of the backbone network, a multi-scale
convolutional attention (MSCA) module is introduced to
enhance the attention and generalization performance of
the model.

Meanwhile, in this paper, a multi-scale context fusion
module (MSCF) is proposed by integrating the GD mech-
anism, and the neck structure of YOLOv8 is improved by
using the MSCF module. The MSCF module integrates
multi-level features and injects them into a higher-level
network, significantly enhancing the information fusion
ability of the head network and the feature expression abil-
ity of the model. In order to enhance the model’s detection
ability for small targets, a small target detection layer is
added at P2 of the head network. The position informa-
tion and feature details of the targets are further extracted,
reducing the false detection and missed detection rates of
the students and improving the detection accuracy of the
students with small targets in the back row.

Finally, in order to solve the problem of the mismatch
between the number of difficult samples and simple sam-
ples in the data set, slide loss is introduced to improve the
loss function of YOLOv8. This improvement optimizes
the processing methods of different difficulties samples by
dynamically adjusting the weights of the loss function.

2.1. DCAConv module

Convolution operation is the basic component for building
convolutional neural networks. It uses sliding windows

Fig. 1. Proposed behaviour recognition.

with shared parameters to extract feature information, over-
coming the problems of multiple parameters and high com-
putational overhead in fully connected layers when build-
ing neural networks.

Suppose the original image is a n × n matrix and the
size of the convolution kernel is f × f , then the size of
the matrix obtained after the convolution operation is (
n − f+ 1) ×(n − f + 1). The convolution kernel slides on
the input image and calculates the weighted sum, thereby
obtaining the corresponding pixel value of the output im-
age. However, the standard convolution operation has a
limitation, that is, it cannot capture the information dif-
ferences brought by different positions, which limits the
performance of convolutional neural networks to a certain
extent.

The CA (coordinate attention) mechanism concatenates
the channel attention into two one-dimensional feature en-
coding and aggregates the features in different directions.
Meanwhile, the generated feature maps are encoded re-
spectively to form a pair of direction-sensitive and location-
sensitive feature maps, which can be complementary to the
input feature maps to enhance the representation of the
target of interest. The advantage of tandem lies in captur-
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ing long-range dependencies in one spatial direction while
retaining precise positional information in another spatial
direction. The introduction of this mechanism is conducive
to improving the understanding and representation ability
of neural networks for input information.

To solve the problem that traditional convolution can-
not capture the information differences brought by differ-
ent positions, this paper combines the improved CA with
convolution and proposes the dynamic channel attention
convolution (DCAConv) to replace some of the traditional
convolutions in YOLOv8. The network structure of DCA-
Conv is shown in Fig. 2. DCAConv scales the attention
weights of CA channels by calculating dynamic weights
and combines them with traditional convolutions. This
design resolves the limitations of traditional convolution
in capturing information at different positions.

Fig. 2. DCAConv network structure.

DCAConv adaptively allocates the attention weights
in the horizontal and vertical directions by introducing
a dynamic weight allocation mechanism, and performs
weighted fusion of the attention in these two directions,
enabling the network to emphasize the features in differ-
ent directions more flexibly, thereby improving the feature
extraction ability and enhancing the richness of feature ex-
pression. The dynamic weight allocation mechanism can
better capture the important feature information in differ-
ent directions, while the weighted fusion method enables
the network to integrate the feature information in different
directions, improving the accuracy and effectiveness of fea-
ture extraction. Although DCAConv introduces dynamic
weight calculation, the parameter increment and computa-
tional cost can be ignored, while significantly improving
the network performance.

1. Coordinate information embedding

The input feature map with the size of C × H × W
is pooled in the X and Y directions to generate the
global spatial information zh and zw with the sizes of
C × H × 1 and C × 1 × W respectively.

zh
c (h) =

1
W ∑

0≤i<w
x(h, i) (1)

zw
C (w) =

1
H ∑

0≤j<w
x(j, w) (2)

Where W represents the width value of the input fea-
ture, and H represents the height value of the input
feature. zh

c (h) represents the pooled output of the c-
th channel with a height of h.zw

c (w) represents the
pooled output of the c-th channel with a width of w.
x(h, i) and x(j, w) represent the eigenvalues of the cor-
responding coordinates of the feature map.

Eq. (3) performs dimension transformation on the fea-
ture map zh and then concatenates it with zw, the aim
is to preform information fusion and transformation
of the channel dimensions.

F = δ
(

BN
(

F1

([
zh, zw

])))
(3)

Then, for the concatenated feature map
[
zh, zw

]
, it

performs the F1 operation (1 × 1 convolution), BN
operation (normalization), the δ operation (sigmoid
activation) in sequence to generate the feature map
F ∈ RC/r×(H+W)×1. This operation is to fuse the infor-
mation vectors extracted from the horizontal and verti-
cal directions to integrate the information in these two
directions and enhance the feature expression. Then,
the processed feature map F is segmented into f h and
f w along the channel dimension. Then, 1 × 1 con-
volution is used respectively for dimension increase.
Finally, combined with the sigmoid activation func-
tion, the attention weight vectors qw ∈ RC×1×W and
qh ∈ RC×H×1 in two directions are obtained, as shown
in Eqs. (4) and (5).

qh = σ
(

F
(

f h
))

(4)

qw = σ (F ( f w)) (5)

2. Calculation of dynamic weights

YW , YH = qw × Y[0], qh × Y[1] (6)

Y1 = X ×
(

YW + YH
)

(7)
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Eqs. (6) and (7) respectively perform global average
pooling on the input feature maps, flatten them, and
obtain the final dynamic weights Y[0] ∈ R1×1×1 and
Y[1] ∈ R1×1×1 through the linear layer and the Soft-
max function. Then it multiplies and adds the dynamic
weights with qh and qw to obtain YH ∈ RC×H×1 and
YW ∈ RC×1×W . This operation scales the channel at-
tention weights based on dynamic weights, enabling
the network to capture input features more flexibly.
Finally, it multiplies the obtained channel attention
weights with the input feature map to obtain the out-
put Y1 ∈ RC×H×W .

3. Output

Finally, convolution, normalization, and SILU activa-
tion are performed successively on the above output
result Y1 to obtain the final output Y, as shown in
Eq. (8).

Y = SILU(BN(F(Y1))) (8)

DCAConv generates dynamic weights through global
average pooling and uses these dynamic weights to
adjust the features in the CA mechanism. Such a de-
sign enables the network to adapt more flexibly to the
changes of input data, accurately capture the key infor-
mation in the input features, improve the robustness
and generalization ability of the model. At the same
time, it solves the problem that traditional convolu-
tion cannot capture the differences in information at
different positions.

2.2. MSCA

In order to enhance the feature extraction ability of the
YOLOv8 backbone, MSCA is introduced at the end of the
backbone network in this paper. MSCA can effectively cap-
ture and utilize the multi-scale information of the input fea-
tures, making the model more accurate when dealing with
targets of different sizes and complexities. MSCA enhances
the expressive ability of feature maps by generating and
fusing multi-dimensional channel weights, enabling the
model to better focus on important channel information
and thereby improving the overall performance. Mean-
while, MSCA further enhances the expressive ability of the
original feature maps by weighting them, and improves
the robustness of the model in the face of complex scenes
and occlusions.

Through the generation of attention for multi-scale in-
formation capture channels by MSCA, the details and key
features of the input image are better reflected, the fusion of
multi-dimensional features is improved, and the network

is more flexible and accurate when processing targets of
different dimensions. At the same time, it also improves
the robustness of the detection and significantly enhances
the feature expression ability of YOLOv8. MSCA consists
of three parts: depth-separable convolution (for obtaining
local information), multi-branch depth-separable convo-
lution (for capturing multi-scale context), and 1 × 1 con-
volution (for modeling the relationship between different
channels). Taking the output of 1 × 1 convolution directly
as the attention weight and the output weight of MSCA.
MSCA can be described as:

M = Conv5×5(Input) (9)

M1 = DWConv7×1 (DWConv1×11(M)) (10)

M2 = DWConv11×1 (DWConv1×11(M)) (11)

M3 = DW Conv21×1 (DWConv1×21(M)) (12)

Output = Conv1×1

(
M +

3

∑
i=1

Mi

)
⊗ Input (13)

Here, Input represents the input, DWConv1×i and
DWConvi×1 represent depth-separable convolution.
M1, M2, and M3 represent three branches, and each branch
performs convolution processing on the input using
convolution kernels of different sizes. In each branch, two
depth-separable convolution are adopted to approximate
the standard-depth convolution with a large kernel. The
kernel sizes of the three branches are set to 7,11 , and
21 respectively. Finally, the results of M and ∑3

i=1 Mi

are processed through 1 × 1 convolution kernels to
establish the connections between different channels. The
processing result is used as a weight to weight the Input
and output the Output. The MSCA utilizes convolution
kernels of different scales and depth-separable convolution
to maximize the mining of feature information at different
scales to enhance the attention to spatial details. The
introduction of MSCA has enhanced the detection ability
of the YOLOv8 network for student behavior recognition.

2.3. Multi-scale context fusion module (MSCF)

The neck structure of the YOLO series is inspired by the fea-
ture pyramid network (FPN), achieving multi-scale feature
fusion by combining multiple branches together. How-
ever, FPN only fuses the features of adjacent layers, and
the features of other layers can only be recursively fused
through adjacent layers. This approach limits the network
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performance. To solve this problem, PANet introduces a
bottom-up path to make the information fusion between
different levels more thorough and introduces additional
connections to increase the information flow between dif-
ferent levels. EfficientDet proposed the Repeatable Module
(BiFPN), which improves the quantity and quality of fea-
ture maps by repeatedly applying FPN, thereby enhancing
the performance of object detection.

In order to further enhance the multi-scale feature fu-
sion ability, inspired by the GD mechanism, this paper con-
structs a multi-scale context fusion (MSCF) module. The
MSCF module is implemented through convolution and
self-attention mechanism operations, enhancing the fusion
ability of multi-scale features of the model. Compared with
FPN, the MSCF module achieves efficient information ex-
change by globally fusing multi-level features and injecting
global information into a higher level. In order to further
enhance the multi-scale feature fusion ability, inspired by
the GD mechanism, this paper constructs a MSCF module.
The MSCF module is implemented through convolution
and self-attention mechanism operations, enhancing the fu-
sion ability of multi-scale features of the model. Compared
with FPN, the MSCF module achieves efficient informa-
tion exchange by globally fusing multi-level features and
injecting global information into a higher level.

The implementation module of MSCF includes three
small modules: feature fusion module (FA_IFM), infor-
mation fusion module (DCCS3) and information injection
module (In_C2f). Among them, the FA-IFM module is
responsible for fusing and further extracting the features
from layers P2 to P5. The DCCS3 module handles the fu-
sion and extraction of features from layers P3 to P5. Finally,
through the In_C2f module, the features of the FA_IFM
and DCCS3 output modules are fused. The combination of
MSCF and YOLOv8 makes better use of multi-scale feature
information, improves the utilization efficiency of multi-
scale features by the object detection model, and enhances
the network performance.

3. Results and discussion

3.1. Dataset and evaluation metrics

This paper first evaluates the proposed behaviour recog-
nition method in this paper on the MSCOCO Key-points
dataset and the MPI dataset. The MSCOCO Key-points
dataset contains approximately 150000 training samples
and 80000 test samples. The MPII dataset includes 25000
labeled images over 40000 people, and occluded body parts
are also included in the test set. Based on the evaluation in-
dex of MSCOCO, this paper uses average precision (AP) to
evaluate the experimental results. At present, the most com-

monly used is the OKS (Object Key-point Similarity) metric,
which is similar to IoU in object detection algorithms. To
calculate the true value and predict the similarity of human
key points, the calculation formula of OKS is shown as
Eq. (14):

OKS =
∑i exp

{
−d2

pi/2S2
pσ2

i

}
δ
{

vpi = 1
}

∑i δ
(

vpi = 1
) (14)

Where p represents the actual id of the human body. i is the
id of the key point. dpi is the Euclidean distance between
the true value and the predicted key point. S2

p represents
the area occupied by the human body in the ground truth.
σi represents the normalization factor of the i-th key point.
The larger σi denotes that the key point is more difficult to
label. vpi represents whether the i-th key point of the p-th
person is visible. This paper uses mAP as the evaluation
index. mAP represents the average value of AP under
the conditions of OKS = [0.50 − 0.95], OKS = 0.5 and
OKS = 0.75. The higher OKS denotes the greater threshold,
the more stringent requirements, and the corresponding
AP accuracy is lower.

In this paper, experiments are conducted using Ana-
conda3.0 and the PyTorch framework on a 64-bit notebook
with memory 16 GB , equipped with a 2.6 GHz proces-
sor and a GTX 3060 graphics card. The resolution of the
input image is set to 256 × 192 pixels. The learning rate
is 1 × 10−4 within 100 epochs, changed to 1 × 10−5 after
100 epochs, the batch size is set to 64, and the RMSprop
optimizer is used for optimization.

3.2. Comparison experiments

In this paper, the test results of different recognition al-
gorithms are compared on the dataset. Experiments are
conducted on the MSCOCO dataset and the MPII dataset.
According to the evaluation index of MSCOCO, the re-
sults are evaluated using mAP . The comparison method
includes WBKB [16], SCNN [17] and SDYOLO [18].

Test results with different methods on the MSCOCO
and MPII datasets are shown in Tables 1 and 2, respectively.
mAP@0.50 : 0.95 indicates an average accuracy from 0.50
to 0.95 . On the MSCOCO dataset, the performance of the
proposed method in this paper is superior to that of WBKB,
SCNN and SDYOLO. On the MPII dataset, the detection
accuracy of the proposed method in the Head, Shoulder,
Hip, Knee and Ankle parts has reached the highest, with
an average accuracy rate of 83.7%, it is superior to other
methods.
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Table 1. Test results with different methods on the MSCOCO dataset/%.

Method mAP@0.50:0.95 mAP@0.50 mAP@0.75
WBKB 62.9 86.0 68.6
SCNN 68.1 89.1 74.2

SDYOLO 74.4 90.3 80.2
Proposed 75.2 94.0 83.2

Table 2. Test results with different methods on the MPII dataset (mAP@0.50:0.95)/%.

Method head shoulder elbow wrist hip knee ankle Average
WBKB 92.3 88.7 78.8 67.9 76.5 70.0 62.8 76.7
SCNN 93.2 90.4 80.0 70.9 77.3 72.7 65.8 78.6

SDYOLO 92.4 91.6 85.1 77.5 81.4 81.0 73.5 83.2
Proposed 93.0 92.3 83.5 76.5 82.8 81.8 76.7 83.7

Table 3. Results of ablation experiments.

Method DCAConv MSCA MSCF slide small mAP@0.50:0.95 mAP@0.50 mAP@0.75
YOLOv8n × × × × × 0.676 0.862 0.872

YOLOv8n_DC √ × × × × 0.689 0.874 0.848
YOLOv8n_MSCA × √ × × × 0.692 0.883 0.858
YOLOv8n_MSCF × × √ × × 0.710 0.877 0.856
YOLOv8n Small × × × √ × 0.713 0.889 0.868
YOLOv8n_Slide × × × × √ 0.688 0.871 0.846
DMS-YO LOv8 √ √ √ √ √ 0.740 0.908 0.883

3.3. Ablation experiment

To verify the effectiveness of the proposed algorithm,
this section designs the YOLOv8n, YOLOv8n_DC,
YOLOv8n_MSCA, YOLOv8n_MSCF, YOLOv8n_Slide,
YOLOv8n_Small and DS-YOLOv8 ablation experiments.
Here, YOLOv8n_DC is to replace part of the Conv of
YOLOv8 with the improved DCAConv in this paper.
YOLOv8n_MSCA is implemented by adding a multi-scale
convolutional attention (MSCA) module at the tail of the
backbone network of YOLOv8. YOLOv8n_MSCF combines
the MSCF module and YOLOv8. YOLOv8n_Slide replaces
the original loss function with slide loss on the basis of
YOLOv8n. YOLOv8n_Small only adds feature maps to the
P2 layer of the backbone network in the original YOLOv8n
and adds detection heads for small targets. DMS-YOLOv8
is the proposed algorithm in this paper, which includes
DCAConv, MSCA, MSCF, small target detection head and
slide loss.

This series of experimental designs fully considers the
influence of different improvement factors. By comparing
the experimental results, the contribution degree of each
factor to the model performance can be obtained, thereby
understanding the superiority of the DMS-YOLOv8 model
more comprehensively. The comparison results of the ab-
lation experiments are shown in Table 3. For the behavior
recognition under the students classroom behavior tasks,

the proposed algorithm shows significant improvement at
each stage.

It can be seen from Table 3 that the YOLOv8n_DC based
on the CA attention mechanism has improved by 1.2% and
1.3% respectively on mAP@0.50 and mAP@0.50 : 0.95 com-
pared with the basic model YOLOv8n. This indicates that
DCAConv can capture the key information in the input fea-
tures more flexibly by dynamically adjusting the channel
weight allocation. The YOLOv8n_MSCA model with the
MSCA attention mechanism improves by 2.1% and 1.6%
respectively compared with the basic model YOLOv8n on
mAP@0.50 and mAP@0.50 : 0.95, indicating that the intro-
duction of the MSCA attention mechanism improves the
problem of difficult extraction of targets at different scales
and fuzzy background features. The YOLOv8n_MSCF
model constructed by the MSCF module is 1.5% and 3.4%
higher than the basic model YOLOv8n on mAP@ 0.50 and
mAP@0.50:0.95 respectively. It indicates that the MSCF
module can better integrate features at different levels, and
at the same time, significantly enhance the information fu-
sion ability of the neck through global fusion of multi-level
features.

4. Conclusions

Based on the YOLOv8 algorithm, this study proposes a
deep learning-based YOLOv8 algorithm, aiming to effi-
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ciently identify students classroom behaviors. The dynamic
channel attention convolution (DCAConv) is introduced to
dynamically adjust the weight distribution between chan-
nels. It integrates the MSCA attention mechanism and effec-
tively combines multi-scale convolution features through
element multiplication to enhance the focus on spatial infor-
mation. The MSCF module integrating the GD mechanism
aggregates the multi-scale information of the context and
improves the efficiency of multi-scale feature utilization.
Furthermore, the algorithm particularly adds a small tar-
get detection layer, significantly improving the recognition
rate of the behaviors of students in the back row. Finally,
the slide loss function is adopted to deal with the sample
mismatch problem in the dataset. The experimental results
fully confirm the outstanding performance of the proposed
method in the tasks of student classroom behavior recog-
nition. Although the accuracy of the proposed method in
this paper is relatively high, there is still room for improve-
ment in terms of accuracy rate. Furthermore, real-time
correlation of students facial information and behavioral
information remains a challenge.
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