
Academic Editor: Wei Yi

Received: 5 April 2025

Revised: 2 May 2025

Accepted: 9 May 2025

Published: 13 May 2025

Citation: Peng, S.; Zhang, X.; Zhou,

L.; Wang, P. YOLO-CBD: Classroom

Behavior Detection Method Based on

Behavior Feature Extraction and

Aggregation. Sensors 2025, 25, 3073.

https://doi.org/10.3390/s25103073

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

YOLO-CBD: Classroom Behavior Detection Method Based on
Behavior Feature Extraction and Aggregation
Shuyun Peng 1, Xiaopei Zhang 2, Luoyu Zhou 1,3,* and Peng Wang 1

1 School of Electronic Information and Electrical Engineering, Yangtze University, Jingzhou 434023, China;
2023710651@yangtzeu.edu.cn (S.P.); wangpeng286473@163.com (P.W.)

2 Electrical and Computer Engineering, University of California, Los Angeles, CA 90095, USA;
zxpmirror1994@g.ucla.edu

3 Institute for Artificial Intelligence, Yangtze University, Jingzhou 434023, China
* Correspondence: luoyuzh@yangtzeu.edu.cn

Abstract: Classroom behavior can effectively reflect learning states, and thus classroom
behavior detection is crucial for improving teaching methods and enhancing teaching
quality. To address issues such as severe occlusions and large scale variations in student
behavior detection, this paper proposes a classroom behavior detection model, named
YOLO-CBD (YOLOv10s Classroom Behavior Detection). Firstly, BiFormer attention is
introduced to redesign the Efficientv2 network, leading to a novel backbone network
for efficient feature extraction of student classroom behaviors. The proposed attention
module enables accurate localization in densely populated student settings. Secondly, a
novel feature aggregation module is designed for replacing the basic C2f module in the
YOLOv10s neck network and enhancing the capability to detect occluded targets effectively.
Additionally, a feature pyramid network with efficient feature fusion is constructed to
address inconsistencies among features of different scales. Finally, the Wise-IoU loss
function is incorporated to handle sample imbalance issues. Experimental results show
that, compared to the baseline model, YOLO-CBD improves precision by 5.7%, recall by
3.7%, and mAP50 by 3.5%, achieving effective classroom behavior detection.

Keywords: classroom behavior detection; feature extraction; feature aggregation; multi-scale
feature fusion; YOLOv10

1. Introduction
The rapid development of artificial intelligence is driving various industries toward

intelligent transformation [1]. Smart classrooms, as a new teaching model, are increasingly
applied in the education field. Assessing and analyzing classroom behavior is a vital
component of smart classrooms [2]. Classroom behavior not only reflects students’ learning
states, but also indirectly verifies the teaching quality. Observing and evaluating students’
classroom behavior helps identify deficiencies in the teaching process and allows for
targeted interventions [3]. Therefore, this study focuses on detecting and analyzing students’
behavior throughout the classroom, aiming to provide a reference for research on classroom
behavior under smart education.

Student classroom behavior detection is essentially a target detection task in computer
vision [4]. Traditional classroom behavior detection methods rely on manually observing
surveillance videos, which are often limited by inefficiency, low accuracy, and observer
fatigue [5]. Consequently, researchers have explored classroom behavior detection tech-
nologies based on deep learning [6–8] and other methods [9–11].
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In recent years, with the rapid development of deep learning technology, deep learning-
based algorithms for classroom behavior detection have gained widespread application.
These algorithms can be generally divided into two-stage and one-stage categories. Two-
stage algorithms first generate a series of candidate regions, followed by precise classi-
fication and localization adjustments. Representative algorithms include R-CNN, Fast
R-CNN, and Faster R-CNN [12]. In contrast, one-stage algorithms directly predict the
category and location of the target on the feature map, achieving both high detection
accuracy and significantly enhanced detection speed. Representative algorithms include
YOLO series methods [13–20] and SSD [21]. However, in complex classroom environments
with dense occlusions and multi-scale target variations, the existing algorithms tend to
produce false positives and miss detections, thereby increasing the difficulty of classroom
behavior detection.

To reduce the influence of irrelevant backgrounds, Li et al. [22] proposed an improved
SlowFast model for student behavior recognition. However, the model has a high parameter
quantity and slow detection speed. Wang et al. [23] proposed a novel SLBDetection-Net
behavior detection method, which introduces a specific attention mechanism to prioritize
the perception of learning behaviors. However, the algorithm’s complex structure and long
detection time limit its suitability for real-time classroom behavior analysis. To address
student occlusion issues in classroom monitoring, Zhao et al. [24] proposed an improved
Transformer-based student behavior detection model, which uses Bi-FPN to effectively fuse
features from different scales. However, this model is sensitive to data variations and noise,
reducing recognition accuracy. Liu et al. [25] presented PV-YOLO, a model that adopts
RFAConv as the backbone, BiFPN in the neck, and a lightweight detection head, enhancing
detection accuracy for small targets. Jiao et al. [26] proposed RS-YOLO, an algorithm that
used MS-PAFPN, WS-Fusion, and SPPFormer to improve semantic feature representation
and interaction, achieving excellent performance in benchmarks. Zhao et al. [27] introduced
CBPH-Net, a one-stage classroom behavior recognition method that enhances multi-scale
recognition capabilities by using convolution kernels of different sizes and multi-scale
features, reducing small-target information loss during sampling. However, the multi-scale
feature nodes increasement raises computational costs.

In summary, in the task of dense classroom behavior detection, large target scale
differences and occlusion are the main factors that limit the accuracy of student classroom
behavior detection. To address these issues, this paper proposes a classroom behavior
detection model. The main contributions of this paper are as follows:

(1) This paper proposes a classroom behavior detection model, YOLO-CBD (YOLOv10s
Classroom Behavior Detection), targeting crowd occlusion and small-target detection
in dense classrooms. By constructing a novel FMBNet backbone, the model enhances
the capture of behavior features in densely crowds.

(2) To improve the detection capability for small classroom behaviors in distant instances,
the AKConv deformable convolution is incorporated for feature aggregation structure
to create the VACSP (VoVGSCSP + AKConv) module, replacing all C2f modules in the
neck network. This modification allows the network to more precisely identify and
locate occluded small targets, enhancing its handling capacity in complex scenarios.

(3) To address the multi-scale variations of student targets in classroom environments,
this study integrates the GSConv module into the Bi-FPN feature pyramid network to
resolve the loss of feature diversity after feature fusion. This optimizes the network’s
multi-scale features fusion, enhancing its ability to recognize and locate targets of
different scales.
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(4) This paper modifies CIOU to Wise-IoU, enabling the network to adaptively eval-
uate the difficulty level of samples by dynamically adjusting the weight function,
enhancing the detection performance and generalization ability.

The remainder of this paper is organized as follows: Section 2 describes the related
works, and Section 3 provides a detailed introduction on the proposed method. Section 4
describes the experiment setup, and Section 5 provides the various experimental results.
Finally, the conclusion is shown in Section 6.

2. Related Works
2.1. YOLOv10

The YOLOv10 model [28], proposed by researchers from Tsinghua University in 2024,
is the latest version of the YOLO (You Only Look Once) series of object detection models.
This model inherits the real-time detection advantages of the YOLO series and introduces a
consistent dual assignment strategy for training without non-maximum suppression (NMS),
achieving efficient end-to-end detection. Compared to previous YOLO models, YOLOv10 is
highly scalable and comes in six versions—YOLOv10n, YOLOv10s, YOLOv10m, YOLOv10l,
YOLOv10x, and YOLOv10b—each optimized for complex scene detection.

YOLOv10s, with its efficient backbone feature extraction network, neck feature fusion
network, and multi-scale detection layer design, demonstrates the best performance in the
object detection domain. It is especially suitable for detecting student behaviors in dense
classroom environments, as it significantly improves detection accuracy for small targets,
providing strong technical support for the development of smart classroom teaching.
Therefore, this study uses YOLOv10s as the baseline model, optimizing it for dense crowd
behaviors, particularly in cases of occluded behaviors among students in classrooms,
significantly enhancing detection accuracy and efficiency. This improvement provides more
accurate and reliable technical support for student behavior detection tasks in complex
environments. However, YOLOv10 still faces challenges in extracting fine-grained features
and maintaining robustness under severe occlusions or irregular spatial distributions,
which motivates the architectural improvements proposed in this paper.

2.2. Student Classroom Behavior Detection

Student behavior detection is affected by various factors, such as posture, facial
expressions, clothing, height, seating, classroom environment, and camera equipment,
which can lead to blurred images, cluttered backgrounds, and unclear student movements.
This can cause the model to misinterpret student behaviors, making it difficult to distinguish
between behaviors. For example, from the machine’s perspective, hand-raising may be
confused with face-touching, eye-rubbing, or head-touching, and discussions between
students may resemble aimless glancing.

Apparently, if YOLOv10s’s backbone network relies solely on convolutional neural
networks (CNNs) for feature extraction, it primarily captures highly localized information,
overlooking long-range dependencies within image pixels and limiting the understanding
of deep semantic information in complex classroom scenes. CNNs are relatively inefficient
at capturing long-distance dependencies. If there is no excessive repetition of convo-
lution operations and multiple layers stacking, long-range semantic interaction cannot
be achieved.

EfficientNetV2 [29], a network designed by Google’s team in 2021 for image classifi-
cation, uses a concurrent structure that blends multi-resolution local and global features,
allowing the model to learn more effective weights and enhancing its multi-scale detection
performance. Unlike traditional networks, which adjust width, depth, and resolution to
improve accuracy, EfficientNetV2 introduces a multi-dimensional scaling method. Firstly,
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it fixes available network resources at one and uses a grid search to determine the optimal
balance of width, depth, and resolution. As resources increase, it proportionally scales these
dimensions to ensure optimal balance. Thus, using the EfficientNetV2 architecture as the
backbone for image feature extraction can enable a synergistic combination of high-level
and low-level features, which help for capturing target features.

2.3. Attention Mechanism

Inspired by human perceptual processes, attention mechanisms focus on critical
information areas while ignoring non-essential regions, showing excellent performance
in various image processing tasks. Typically, attention mechanisms are inserted after
convolutional blocks to enhance the ability to handle short- and long-term dependencies
and improve learning capabilities for student behavior features in densely occluded scenes.

BiFormer is one of the most popular attention mechanisms, which maintains high
internal resolution and merges a SoftMax–Sigmoid combination within the channel and
spatial attention blocks [30]. By integrating attention mechanisms into the CNN, BiFormer
can automatically learn the importance of different areas, enhancing feature extraction, and
ultimately improving classification and detection accuracy.

3. Methods
3.1. YOLO-CBD Architecture

As shown in Figure 1, YOLO-CBD consists of the FMBNet backbone network, the
BGC-FPN (Bi-FPN + GSConv) neck structure, and the head prediction module, enhancing
the model’s capabilities in feature extraction, feature aggregation, multi-scale fusion, and
final prediction. To balance detection accuracy and inference speed, the FMBNet backbone
is built by integrating the Fused-MBConv module into the baseline YOLOv10s and further
enhancing it with the BiFormer attention mechanism at the 3rd and 5th stages. For feature
fusion, the BGC-FPN structure is constructed based on VACSP and Bi-FPN [31], improving
the integration of semantic and spatial information. In addition, the original CIoU loss used
in YOLOv10s is replaced with Wise-IoU, a gradient-friendly loss function that adaptively
emphasizes high-quality samples during training. This modification enables smoother
gradient descent and better convergence, thereby improving localization accuracy and
overall robustness.

The YOLO-CBD model takes input images with a resolution of 640 × 640. First,
a 3 × 3 convolution with a stride of 2 reduces the resolution to 320 × 320. This is followed
by a Fused-MBConv module that further down-samples the feature map to 160 × 160. For
the P3 detection head, a 3 × 3 convolution with a stride of 2 is applied, followed by the
FM-BiFormer module to enhance the perceptual capability of the model. The P4 detection
head includes another 3 × 3 Fused-MBConv with a stride of 2, reducing the resolution to
40 × 40. Finally, the P5 detection head uses a 3 × 3 Fused-MBConv (stride = 2) to generate
a 20 × 20 feature map, enabling accurate small-object detection in densely populated
classroom environments.

3.2. FMBNet Backbone Network

EfficientNetV2 improves feature extraction ability in densely occluded scenes by
adjusting the convolution modules, effectively avoiding gradient vanishing and high com-
putational costs. Drawing from EfficientNetV2, this paper propose a mixed-scaling method
in the FMBNet backbone network to achieve the best scaling factor for width, depth, and
input image resolution. The FMBNet structure, comprising a convolution module, multi-
ple Fused-MBConv modules, and FM-BiFormer modules, replaces YOLOv10s’s original
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backbone network, as shown in Figure 2. The proposed backbone network better balances
speed and accuracy, improving the detection performance.
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In the FMBNet backbone structure, Stage 1 consists of a 3 × 3 convolutional layer with
a batch normalization (BN) layer and ReLU6 activation function. Stages 2 to 18 involve
stacked Fused-MBConv and FM-BiFormer modules, designed to enhance the network’s
feature extraction capability through increased width and depth. Stage 3 integrates a 5 × 5
convolution with the BiFormer attention module to output large-scale features. Stage 5
also uses a 5 × 5 convolution and a BiFormer attention module to output medium-scale
features. Stage 18 uses a 3 × 3 convolution layer in the Fused-MBConv module, outputting
smaller-scale feature maps. To improve the pedestrian feature recognition in densely
occluded environments, the BiFormer attention mechanism is incorporated into the Fused-
MBConv modules in Stage 3 and Stage 5. This modification enhances the model focus on
key information related to student behavior. Consequently, the extracted features in the
FMBNet backbone are significantly enhanced before being fed into the neck network. The
BiFormer structure is illustrated in Figure 3.
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The operations of the BiFormer mechanism are shown as follows:
Input Image Partitioning: The input image X∈RH×W×C is divided into S × S regions,

each containing HW/S2 feature vectors. The image X is transformed into Xr, which is then
linearly mapped to obtain Q, K, V, as shown in Equations (1)–(4).

Q = XrWq (1)

K = XrWk (2)

V = XrWv (3)

Xr, Q, K, V ∈ RS2× HW
S2 ×C (4)

Graph Construction for Region Routing: A directed graph is constructed to route between
regions. The average values of Q and K are computed to yield Qr, Kr. An adjacency matrix
is calculated to represent region-to-region correlations, forming a directed graph to identify
participation relationships between different key-value pairs, as shown in Equation (5).

Ar = Qr(Kr)T , where Qr, Kr ∈ RS2×C (5)
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Graph Pruning: Each region retains only the top k connections by trimming the
correlation graph, as described in Equation (6), where the i-th row of Ir contains the top k
most relevant region indices for region i.

Ir = topkIndex(Ar) (6)

Token-to-Token Fine-grained Attention Calculation: Fine-grained attention between
tokens is then calculated, as shown in Equation (7).

O = Attention(Q, gather(K, Ir), gather(V, Ir)) + LCE(V) (7)

Here, Kg = gather(K, Ir), Vg = gather(V, Ir) and LCE(·) are used with depthwise separable
convolution via parameterized values, which is set to 5 for specific performance require-
ments. By employing this dual-layer routing attention mechanism, BiFormer captures both
global and local feature information. Coarse-grained regions filter out unrelated key-value
pairs, retaining only relevant regions for fine-grained attention interactions, thus facilitating
the retention of a small subset of routing regions. Since this module uses sparse rather than
down-sampling techniques, the network focuses more on regions containing small targets
and extracts more precise features.

3.3. VACSP Module

In the context of detecting student behaviors in complex, densely occluded classroom
environments, the YOLOv10s network can be hindered by obstructions, often focusing on
local pixel positions rather than capturing essential contextual information. To leverage
contextual information, stacking convolutional layers repeatedly would be ideal but poses
computational inefficiencies and optimization challenges. This paper proposes a VACSP
module, which integrates the VoVGSCSP module [32] and the AKConv module [33] and
overcomes these challenges through sparse connections. The structure of VACSP and
AKConv are illustrated in Figures 4 and 5.
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To enhance spatial adaptability, the AKConv module introduces a dynamic sampling
mechanism that adjusts the receptive field according to the content of the input feature
map. For a given kernel size, a set of base sampling coordinates Pn is first generated
using predefined spatial patterns. Then, for each central point P0 in the feature map,
convolution is applied at the relative positions P0 + Pn using learned weights. To further
improve alignment with objects of varying shapes, AKConv incorporates a learnable offset
component that predicts spatial deformations. The final sampling locations are adjusted
to P0 + Pn + ∆, where ∆ denotes the predicted offset values. This adaptive mechanism
enables the convolution kernel to more accurately focus on semantically relevant regions
and improves the extraction of discriminative features, particularly for small or irregularly
shaped targets.
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The VoVGSCSP module consists of three convolution blocks (CBS) for spatial feature
extraction and a GSBottleneck module. As shown in Figure 4, we replace one of the CBS
convolution layers with the AKConv module, which enhances the VACSP structure with
multi-scale adaptability and higher efficiency by dynamically transforming low-resolution
features within each channel. The AKConv module adaptively combines multiple convo-
lution kernels (e.g., 1 × 3, 3 × 1, and 3 × 3) using attention weights derived from global
contextual features. This dynamic weighting mechanism allows the network to adjust
its receptive field based on spatial content. Compared to the C2f module, AKConv intro-
duces only 0.55 M additional parameters, maintains comparable inference speed in FPS,
and improves mAP50 on small-object detection by 2.6%. Specifically, AKConv introduces
flexibility into the VACSP structure by initially defining the sampling positions of the
convolutional kernels based on target coordinates. It then performs 2D convolutional sam-
pling to extract image features and calculates spatial offsets to adjust these positions. After
re-sampling, reshaping, a second convolution, and normalization, the output is activated
using the SiLU function. Unlike traditional convolution operations with fixed receptive
fields, AKConv modifies the sampling shape for each position, enabling the network to
dynamically adapt to image content. This adaptability significantly enhances the network’s
ability to focus on small-target regions and extract fine-grained features under complex
spatial variations.

3.4. BGC-FPN Structure

The YOLOv10s model originally adopts the PANet feature fusion structure to enhance
fusion performance. However, since all PAN input features are processed by the FPN,
PAN lacks some original feature information, which can introduce learning biases and
reduce detection accuracy. To improve the detection of attentive behaviors, this paper
proposes the BGC-FPN feature pyramid network structure, integrating Bi-FPN’s feature
fusion concept into YOLOv10s and replacing the neck’s standard convolution module
(CBS) with the GSConv module. GSConv is a lightweight convolution that eliminates the
negative impact of channel separation in feature fusion. As illustrated in Figure 6, GSConv
first applies standard convolution to the feature map, followed by depthwise separable
convolution. The results are concatenated and reshuffled to recombine channels, enhancing
model detection performance. The redesigned YOLOv10s neck network, as shown in
Figure 7, better suits complex student behavior detection environments.
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The BGC-FPN structure differs from Bi-FPN by reducing input nodes to three effective
feature layers, suitable for a simpler backbone network. Additionally, an extra edge is
added through a skip connection, merging features from the feature extraction network with
corresponding features from the bottom-up path, preserving shallow detail information
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while minimizing deep semantic loss. Compared to PANet, BGC-FPN removes nodes
with only one input edge, as they do not undergo feature fusion and contribute minimally
to the network. The highlighted purple sections in the structure indicate feature fusions
added to increase accuracy within an acceptable range of computational costs. Traditional
feature fusion methods, such as concatenation or shortcut operations, simply stack or add
feature maps. However, due to varying resolutions among different feature maps, each map
contributes differently to fusion. BGC-FPN utilizes a weighted feature fusion mechanism
that is fast and efficient for training.

The specific example of BGC-FPN feature fusion is expressed in Equations (7) and (8),
illustrating a two-feature fusion at the fifth level.

Ptd
5 = Conv(

w1 × Pin
5 + w2 × Resize(Pin

6 )

w1 + w2 + ε
) (8)

Pout
5 = Conv(

w′
1 × Pin

5 + w′
2 × Ptd

5 + w3 × Resize(Pout
4 )

w′
1 + w′

2 + w′
3 + ε

) (9)

where Ptd
5 represents the middle node input the fifth level, Pin

5 is the first node input,
w is the learned weight parameter, Resize is the feature map sampling operation, and
Conv represents the convolution operation. Overall, BGC-FPN incorporates a weighted
bi-directional, cross-scale fusion mechanism, enhancing robustness in multi-scale feature
detection for classroom behavior.

3.5. Wise-IoU Loss Function

For student classroom behavior detection, the high prevalence of small targets is
crucial to the overall detection performance. Traditional loss functions primarily consider
the Intersection over Union (IoU) between the predicted and ground truth boxes, but often
overlook classification information. By carefully designing a loss function, we can improve
model detection accuracy. YOLOv10s utilizes DFL Loss and CIoU Loss for bounding
box regression, where CIoU employs a monotonic focus mechanism, but lacks balance
between difficult and easy samples. The presence of low-quality samples in the training
dataset can negatively impact the detection performance. To address this, we introduce
the Wise-IoU loss function [34], which incorporates a dynamic non-monotonic focusing
mechanism to balance samples more effectively. Wise-IoU substitutes IoU with an outlier
degree assessment of anchor box quality, avoiding excessive penalization due to geometric
factors (such as distance and aspect ratio), as shown in Equations (10)–(12).

LWIoU = rRWIoU LIoU , r =
β

δαβ−α
(10)

β =
L∗

IoU

LIoU
∈ [0,+∞) (11)

RWIoU = exp

(
(x − xgt)

2 + (y − ygt)
2

(c2
w + c2

h)
∗

)
(12)

Here, δ is a threshold parameter that defines the point at which the gradient gain r is
maximized (i.e., when β = δ, r = 1). The parameter α controls the curvature and sharpness
of the focusing mechanism. LIoU ∈ [0,1] represents the IoU loss, which will weaken the
penalty term for high-quality anchor frames and strengthen their focus on centroid distance
in the case of high overlap between anchor and prediction frames, and RWIoU ∈ [1,exp]
represents the Wise-IoU penalty term, which strengthens the loss of ordinary-quality anchor
frames. The superscript * stands for not participating in backpropagation, effectively
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preventing the network model from generating gradients that cannot converge. LIoU acts as
a normalization factor, representing the sliding average of the increments. β stands for the
degree of outlier, whose small value implies that the anchor frames are of high quality, and
assigns a small gradient gain to them. In addition, smaller gradient weights are assigned
to prediction boxes with large outlier values, thereby suppressing the negative impact of
low-quality training samples on model optimization. Thus it can focus the bounding box
regression loss to the ordinary-quality anchor frames and improve the overall performance
of the network.

By balancing penalty terms based on anchor quality, the Wise-IoU function enables the
network to adaptively focus on both highly relevant and mid-quality anchor boxes, which
is particularly useful in tasks with complex scenes and varied target scales, like student
behavior detection in classroom settings.

4. Experiment Setup
4.1. Dataset and Experimental Environment

The classroom behavior dataset used in this study was collected from various class-
room environments. After filtering, a total of 1000 images were retained and split into
training, validation, and testing sets using an 8:1:1 ratio through random sampling at the
image level. The dataset consists of two common classroom behaviors: focus and distract.
These labels were manually annotated by three independent reviewers based on observable
behavioral cues.

The real-world classroom environments may exhibit a broader range of behaviors and
scenarios. Therefore, to reduce the impact of outliers, we applied extensive data augmenta-
tion techniques during training, including random occlusion, brightness jittering, and noise
injection, demonstrating the diversity and complexity introduced into the training data.

To provide a clearer view of the dataset structure, we conducted a statistical analysis
of the label distribution, object location, and bounding box dimensions, as shown in
Figure 8. The dataset contains approximately 24,000 instances of the ‘focus’ class and
6000 instances of the ‘distract’ class, indicating a class imbalance ratio of approximately 4:1.
Heatmaps of object center points reveal that student behaviors are mostly concentrated in
the lower-middle region of the image, which aligns with typical classroom camera angles.
Furthermore, the width–height distribution confirms that most targets are relatively small,
emphasizing the importance of small-object detection in this task. Anchor clustering was
also performed to initialize prior boxes that better match the object scales in the dataset.

The experiments were conducted on a system running Ubuntu 18.04 (64-bit) with
64 GB RAM, an NVIDIA GeForce RTX 4090 GPU (24 GB VRAM), and an Intel(R) XeonR
Platinum i9-13900k CPU. The model was implemented using the PyTorch 2.0.1 deep
learning framework, with CUDA version 11.1 and cuDNN version 8.0.4.

4.2. Model Training

The input image size for model training was set to 640 × 640 pixels, with a total
of 200 epochs. The batch size and number of workers were both set to 32. The initial
learning rate was 0.01, updated using stochastic gradient descent (SGD) with a momentum
of 0.937 and weight decay of 0.0005. During training, mosaic data augmentation was
used, combining four randomly selected images by flipping and scaling them to create a
more diverse visual context. Label smoothing was set to 0.01 to prevent overfitting and
improve model generalization. As shown in Figure 9, training results demonstrate that
the YOLO-CBD model exhibits a smoother convergence in its loss curve and more stable
detection performance compared to the YOLOv10s model.
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4.3. Evaluation Metrics

The evaluation metrics selected in this study include Precision (P), Recall (R), mean
Average Precision at IoU 0.5 (mAP50), number of parameters (Params), and Frames Per
Second (FPS). mAP is the average of the Average Precision (AP) values across all categories,
providing a more comprehensive evaluation of the model’s performance. Params reflects
the model’s size and complexity. The formulas for these metrics are as follows:

Precision =
NTP

NTP + NFP
(13)

Recall =
NTP

NTP + NFN
(14)

mAP =
∑m

i=1 APi

m
, where AP =

∫ 1

0
P(r)dr (15)

where TP (True Positive) represents the number of positive samples correctly identified,
FP (False Positive) represents the number of positive samples incorrectly identified as
negative, FN (False Negative) represents the number of negative samples incorrectly iden-
tified as positive, and m represents the number of object categories being detected. AP
is the percentage of correctly identified samples out of the total number of samples. By
comprehensively evaluating these metrics, this study provides a detailed assessment
of the classroom behavior detection method, guiding potential improvements in the
detection approach.

5. Experimental Results and Analysis
5.1. Ablation Study

This study conducted a series of comparative experiments on different attention
mechanisms based on the YOLOv10s model. The default SENet attention mechanism in
the original Fused-MBConv module was replaced with CA, SimAM, GAMAttention, and
BiFormer mechanisms, respectively.

As illustrated in Figure 10, the YOLOv10s model achieved mAP50 values of 91.4%,
91.7%, 91.6%, and 91.8% when using SE, CA, SimAM, and GAMAttention, respectively.
Although all attention mechanisms yielded high detection accuracy, there were slight
variations among them. When the BiFormer attention mechanism was employed, the
model reached the highest mAP50 value of 92.0%.
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To evaluate the effectiveness of Fused-MBConv (A), BiFormer (B), VACSP (C), BGC-
FPN (D), and Wise-IoU (E) in classroom behavior detection tasks, this study sequentially
introduced new improvement strategies on top of YOLOv10s, constructing five different
models. As shown in Table 1,

√
indicates the inclusion of a new module, while × denotes

the absence of a new module. Each module was added incrementally to the baseline model
in a step-by-step manner to systematically assess its individual and cumulative impact on
the detection performance.

Table 1. Ablation study of YOLOv10s model.

Models
Modules

P (%) R (%) mAP50
(%)

Params
(M) FPSA B C D E

Baseline model × × × × × 87.8 86.2 89.9 8.92 435
+A

√
× × × × 89.4 82.2 91.4 9.65 455

+A+B
√ √

× × × 91.4 87.2 92.0 9.66 400
+A+B+C

√ √ √
× × 92.3 88.1 92.5 9.47 435

+A+B+C+D
√ √ √ √

× 93.1 89.7 93.1 9.43 417
YOLO-CBD (ours)

√ √ √ √ √
93.5 89.9 93.4 9.43 435

Table 1 demonstrates the impact on detection accuracy. Incorporating the Fused-
MBConv (A), the model improved the P and mAP50 values by 1.6% and 1.5% compared
to the original YOLOv10s, indicating enhanced feature extraction for classroom behavior
detection. When BiFormer attention was further introduced, P, R, and mAP50 values
were, respectively, increased by 3.6%, 1.0%, and 2.1%, proving that the BiFormer atten-
tion mechanism (B) can effectively improve the extraction of the upper-body features of
distant students and aid in distinguishing student behavior through local features. The
introduction of the VACSP module (C) can further improve the P, R, and mAP50 values by
4.5%, 1.9%, and 2.6% over the baseline, suggesting that the VACSP module can enhance
feature fusion across different layers and significantly strengthen neck information fusion
through global multi-layer feature fusion. With the BGC-FPN (D) addition, The new model
achieved gains of 5.3% in P, 3.7% in R, and 3.5% in mAP50, highlighting that BGC-FPN in-
creases the capability to merge multi-scale features, preserving the consistency of classroom
behavior features across various scales. After incorporating the Wise-IoU loss function
(E), the proposed YOLO-CBD model (Baseline+A+B+C+D+E) saw a further 0.2% increase
in mAP50, indicating that Wise-IoU helps fine-tune the bounding box location and size
during training, improving detection accuracy. As a result, the proposed model achieved
final detection metrics of 93.5% in P, 89.9% in R, and 93.4% in mAP50, showcasing robust
detection performance.

Comparatively, the proposed YOLO-CBD model is not the best in terms of Params
(9.43 M) and FPS (435). Although the parameter count and inference cost of all improved
models increased slightly, YOLO-CBD remains a highly effective detection method in terms
of balancing accuracy and efficiency.

Comparison of student classroom behavior detection under dense occlusion and small
instances in long-distance images. As shown in Figure 11, we evaluated the detection
performance of various models under densely occluded conditions and for distant small
instances of classroom behaviors. In Figure 11a, YOLOv10s failed to detect a student
who was not paying attention in class, showing a significant issue with missed detections.
However, in Figure 11b, YOLO-CBD successfully identified all student behaviors with
the highest detection accuracy. In summary, YOLO-CBD demonstrated the detection
performance. This indicates that the introduced modules can effectively enhance the ability
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to extract behavioral features in densely occluded settings and improve multi-scale feature
fusion in complex classroom environments.
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Figure 11. Performance comparison of the baseline and proposed model: (a) baseline model;
(b) proposed model.

5.2. Visualization Analysis

To verify that the proposed YOLO-CBD model focuses on target areas when detecting
student classroom behavior under dense occlusion, we applied Grad-CAM [35] technology
for visual inspection. Figure 12 presents heatmaps of the baseline model and the proposed
YOLO-CBD model under identical conditions. Figure 12a shows the baseline model,
where the heatmap reveals a diffuse attention pattern, suggesting insufficient feature-
capturing ability and a lack of focus on student targets. Figure 12b shows the YOLO-CBD
model, where the detection is precisely centered on student targets, even under occlusion
conditions. In summary, the baseline model frequently misidentifies or deviates from the
correct detection area under dense occlusion, while the YOLO-CBD model achieves robust
location accuracy. This outcome underscores the effectiveness of YOLO-CBD in capturing
essential behavioral features, significantly improving detection performance and model
interpretability for classroom behavior.
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5.3. Performance Comparison with Mainstream Models on the Classroom Behavior Dataset

As shown in Table 2, to further verify the detection performance of YOLO-CBD,
we compared it with other state-of-the-art models. According to Table 2, YOLO-CBD
achieved the highest mAP50 score of 93.4%. Compared to other single-stage object de-
tection networks, such as YOLOv3-spp [13], YOLOv5s [14], YOLOv6s [15], YOLOv7 [16],
YOLOv8s [17], YOLOv9-c [18], YOLOv8-Worldv2 [19], YOLOv8-DETR [20], and SSD [21],
YOLO-CBD outperformed them by 8.8%, 6.4%, 5.7%, 2.7%, 4.0%, 7.5%, 3.6%, 3.5%, 8.7%,
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and 28.5%, respectively, in mAP50. Additionally, YOLO-CBD showed clear advantages in
Precision (P) and Recall (R) as well.

Table 2. Performance comparison of mainstream models on the classroom behavior dataset.

Models P (%) R (%) mAP50 (%) Params (M) FPS

YOLOv10s [28] 87.8 86.2 89.9 8.92 435
YOLOv3-spp [13] 83.0 77.6 84.6 62.55 135

YOLOv5s [14] 83.0 81.7 87.0 7.02 333
YOLOv6s [15] 85.0 82.3 87.7 16.30 909
YOLOv7 [16] 85.7 86.2 90.7 36.49 156
YOLOv8s [17] 85.3 85.1 89.4 11.13 909
YOLOv9-c [18] 82.5 79.8 85.9 3.60 132

YOLOv8-Worldv2 [19] 88.1 84.8 89.8 12.75 1250
YOLOv8-DETR [20] 84.4 86.2 89.9 28.79 556
Faster R-CNN [12] 75.3 83.2 84.7 136.71 48

SSD [21] 82.8 40.7 64.9 3.68 146
YOLO-CBD (Ours) 93.5 89.9 93.4 9.43 435

In terms of detection speed, YOLO-CBD reaches 435 FPS, making it faster than
YOLOv3-spp, YOLOv5s, YOLOv7, YOLOv9-c, Faster R-CNN, and SSD. Regarding model
size, the Params of YOLO-CBD was only 9.43M, which is lower than YOLOv3-spp,
YOLOv6s, YOLOv7, and YOLOv8s, YOLOv8-Worldv2, YOLOv8-DETR, and Faster R-
CNN, respectively. These characteristics make the proposed YOLO-CBD model more
suitable for student classroom behavior detection tasks. In addition, detection results of
the mainstream models are shown in Figure 13, which demonstrate the effectiveness of the
proposed YOLO-CBD model in terms of vision.

5.4. Performance Comparison with Mainstream Models on the Public Dataset

To further demonstrate the generalization ability of the proposed YOLO-CBD model,
we implemented the experiments on public dataset (Pascal VOC2007 dataset), as shown in
Figure 14. It is obvious that YOLO-CBD model is very suitable for detecting small occluded
targets at long distances, which demonstrates the effectiveness of the proposed YOLO-CBD
model in terms of vision.

In addition, it can been seen from Table 3 that YOLO-CBD achieved the highest mAP50
score of 72.3%. Moreover, YOLO-CBD achieved the optimal balance between detection
accuracy, speed, and parameter count.

Table 3. Performance comparison of mainstream models on the public Pascal VOC2007 dataset.

Models P (%) R (%) mAP50 (%) Params (M) FPS

YOLOv10s [28] 74.4 58.8 64.5 8.94 455
YOLOv3-spp [13] 83.9 63.5 71.5 62.65 164

YOLOv5s [14] 76.1 59.6 66.9 7.06 169
YOLOv6s [15] 60.3 47.7 50.6 16.30 476
YOLOv7 [16] 67.3 45.0 49.3 36.58 128
YOLOv8s [17] 63.9 47.7 52.5 11.13 435
YOLOv9-c [18] 52.7 44.2 45.3 3.61 51

YOLOv8-Worldv2 [19] 74.3 60.4 67.1 12.75 333
YOLOv8-DETR [20] 58.8 46.5 48.8 28.80 208
Faster R-CNN [12] 57.6 72.8 70.6 137.08 50

SSD [21] 85.0 54.3 67.1 6.07 135
YOLO-CBD (Ours) 85.2 64.1 72.3 9.44 385
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(a) baseline model [28]; (b) YOLOv3-spp [13]; (c) YOLOv5s [14]; (d) YOLOv6s [15]; (e) YOLOv7 [16];
(f) YOLOv8s [17]; (g) YOLOv9-c [18]; (h) YOLOv8-Worldv2 [19]; (i) YOLOv8-DETR [20]; (j) Faster
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5.5. Experimental Results Analysis and Discussion

Despite the effectiveness of YOLO-CBD in detecting classroom behaviors under oc-
clusion and scale variation, the model still faces several limitations. First, it only supports
two behavior classes (focus and distract), which does not fully capture the diversity of
student actions in real classroom settings (e.g., writing, hand-raising, discussion). Second,
while data augmentation improves robustness, the model may still suffer from degraded
accuracy under extreme heavy motion blur or non-frontal camera angles. For example, the
persons in the upper right corner of Figure 14l were not detected because the person was
too small, which provides insight into potential areas for future improvement.

Sensors 2025, 25, x FOR PEER REVIEW  17  of  21 

(a)  (b)  (c) 

(d)  (e)  (f) 

(g)  (h)  (i) 

(j)  (k)  (l) 

Figure 13. Performance comparison of the mainstream models on the classroom behavior dataset: 

(a) baseline model [28]; (b) YOLOv3-spp [13]; (c) YOLOv5s [14]; (d) YOLOv6s [15]; (e) YOLOv7 [16];

(f) YOLOv8s [17]; (g) YOLOv9-c [18]; (h) YOLOv8-Worldv2 [19]; (i) YOLOv8-DETR [20]; (j) Faster

R-CNN [12]; (k) SSD [21]; (l) YOLO-CBD (ours).

5.4. Performance Comparison with Mainstream Models on the Public Dataset 

To further demonstrate the generalization ability of the proposed YOLO-CBD model, 

we implemented the experiments on public dataset (Pascal VOC2007 dataset), as shown 

in Figure 14. It is obvious that YOLO-CBD model is very suitable for detecting small oc-

cluded  targets at  long distances, which demonstrates  the effectiveness of  the proposed 

YOLO-CBD model in terms of vision. 

Figure 14. Cont.



Sensors 2025, 25, 3073 18 of 20Sensors 2025, 25, x FOR PEER REVIEW  18  of  21 
 

 

     
(a)  (b)  (c) 

 

 

 

 

 

 
(d)  (e)  (f) 

 

 

 

 

 

 
(g)  (h)  (i) 

 

 

 

 

 

 
(j)  (k)  (l) 

Figure 14. Performance comparison of the mainstream models on the public Pascal VOC2007 da-

taset: (a) baseline model [28]; (b) YOLOv3-spp [13]; (c) YOLOv5s [14]; (d) YOLOv6s [15]; (e) YOLOv7 

[16]; (f) YOLOv8s [17]; (g) YOLOv9-c [18]; (h) YOLOv8-Worldv2 [19]; (i) YOLOv8-DETR [20]; (j) 

Faster R-CNN [12]; (k) SSD [21]; (l) YOLO-CBD (ours). 

In  addition,  it  can been  seen  from Table  3  that YOLO-CBD  achieved  the highest 

mAP50 score of 72.3%. Moreover, YOLO-CBD achieved the optimal balance between de-

tection accuracy, speed, and parameter count. 

   

Figure 14. Performance comparison of the mainstream models on the public Pascal VOC2007 dataset:
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R-CNN [12]; (k) SSD [21]; (l) YOLO-CBD (ours).

6. Conclusions
This paper proposes a novel classroom behavior detection model, YOLO-CBD, de-

signed to improve detection accuracy and address the challenges of severe occlusion and
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multi-scale variation in complex classroom environments. Specifically, the BiFormer atten-
tion mechanism was integrated into the redesigned FMBNet back-bone to enhance feature
extraction under dense occlusion. AKConv was incorporated into the VoVGSCSP module
to improve small-target detection at long distances. In the neck network, the BGC-FPN
structure was developed by combining Bi-FPN with GSConv, facilitating more effective
multi-scale feature fusion and richer semantic information extraction. Additionally, the
Wise-IoU loss function was introduced to better handle bounding box localization errors
by adaptively focusing on sample difficulty. Experimental results demonstrate that YOLO-
CBD achieves an mAP50 of 93.4% with a lightweight model size of approximately 9.43M
parameters, meeting real-time detection requirements for classroom behavior analysis.

In future work, we plan to further reduce the model size through model compres-
sion techniques such as pruning or knowledge distillation to better meet the deployment
requirements on resource-constrained edge devices. Moreover, we intend to expand the
range of detected student behaviors to include actions such as writing, discussing, and
answering questions, thereby improving the model’s applicability in more diverse smart
classroom scenarios.

Author Contributions: Conceptualization, S.P. and L.Z.; methodology, S.P.; software, S.P.; validation,
X.Z. and P.W.; formal analysis, L.Z.; investigation, X.Z.; data curation, P.W.; writing—original draft
preparation, S.P.; writing—review and editing, L.Z.; visualization, X.Z. All authors have read and
agreed to the published version of the manuscript.

Funding: This work was supported in part by the Higher Education Industry-University-Research
Innovation Fund of China under Grant 2023IT268 and 2023YC0061.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Messeri, L.; Crockett, M.J. Artificial intelligence and illusions of understanding in scientific research. Nature 2024, 627, 49–58.

[CrossRef] [PubMed]
2. Saini, M.K.; Goel, N. How smart are smart classrooms? A review of smart classroom technologies. ACM Comput. Surv. (CSUR)

2019, 52, 130. [CrossRef]
3. Chu, L.; Liu, Y.; Zhai, Y.; Wang, D.; Wu, Y. The use of deep learning integrating image recognition in language analysis technology

in secondary school education. Sci. Rep. 2024, 14, 2888. [CrossRef] [PubMed]
4. Wang, R.; Chen, S.; Tian, G.; Wang, P.; Ying, S. Post-secondary classroom teaching quality evaluation using small object detection

model. Sci. Rep. 2024, 14, 5816. [CrossRef]
5. Dang, M.; Liu, G.; Li, H.; Xu, Q.; Wang, X.; Pan, R. Multi-object behaviour recognition based on object detection cascaded image

classification in classroom scenes. Appl. Intell. 2024, 54, 4935–4951. [CrossRef]
6. Zhou, H.; Jiang, F.; Si, J.; Xiong, L.; Lu, H. Stuart: Individualized classroom observation of students with automatic behavior

recognition and tracking. In Proceedings of the ICASSP 2023—2023 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP), Rhodes Island, Greece, 4–10 June 2023. [CrossRef]

7. Cao, Y.; Cao, Q.; Qian, C.; Chen, D. YOLO-AMM: A Real-Time Classroom Behavior Detection Algorithm Based on Multi-
Dimensional Feature Optimization. Sensors 2025, 25, 1142. [CrossRef]

8. Dohare, S.; Hernandez-Garcia, J.F.; Lan, Q.; Rahman, P.; Mahmood, A.R.; Sutton, R.S. Loss of plasticity in deep continual learning.
Nature 2024, 632, 768–774. [CrossRef]

9. Wu, S.; Wang, B. DRSI-Net: Dual-residual spatial interaction network for multi-person pose estimation. Knowl.-Based Syst. 2024,
295, 111836. [CrossRef]

10. Zhang, X.; Nie, J.; Wei, S.; Zhu, G.; Dai, W.; Yang, C. A Study of Classroom Behavior Recognition Incorporating Super-Resolution
and Target Detection. Sensors 2024, 24, 5640. [CrossRef]

https://doi.org/10.1038/s41586-024-07146-0
https://www.ncbi.nlm.nih.gov/pubmed/38448693
https://doi.org/10.1145/3365757
https://doi.org/10.1038/s41598-024-52592-5
https://www.ncbi.nlm.nih.gov/pubmed/38311606
https://doi.org/10.1038/s41598-024-56505-4
https://doi.org/10.1007/s10489-024-05409-x
https://doi.org/10.1109/ICASSP49357.2023.10094982
https://doi.org/10.3390/s25041142
https://doi.org/10.1038/s41586-024-07711-7
https://doi.org/10.1016/j.knosys.2024.111836
https://doi.org/10.3390/s24175640


Sensors 2025, 25, 3073 20 of 20

11. Kim, B.; Kim, J.; Chang, H.J.; Oh, T.H. A unified framework for unsupervised action learning via global-to-local motion
transformer. Pattern Recognit. 2025, 159, 111118. [CrossRef]

12. Ren, S.Q.; He, K.M.; Girshick, R.; Sun, J. Faster r-cnn: Towards real-time object detection with region proposal networks. IEEE
Trans. Pattern Anal. Mach. Intell. 2017, 39, 1137–1149. [CrossRef] [PubMed]

13. Redmon, J.; Farhadi, A. Yolov3: An incremental improvement. arXiv 2018, arXiv:1804.02767. [CrossRef]
14. Khanam, R.; Hussain, M. What is yolov5: A deep look into the internal features of the popular object detector. arXiv 2024,

arXiv:2407.20892. [CrossRef]
15. Li, C.; Li, L.; Jiang, H.; Weng, K.; Geng, Y.; Li, L.; Ke, Z.; Li, Q.; Cheng, M.; Nie, W.; et al. YOLOv6: A single-stage object detection

framework for industrial applications. arXiv 2022, arXiv:2209.02976. [CrossRef]
16. Wang, C.; Bochkovskiy, A.; Liao, H. YOLOv7: Trainable bag-of-freebies sets new state-of-the-art for real-time object detectors.

arXiv 2023, arXiv:2207.02696. [CrossRef]
17. Liu, Q.; Jiang, R.; Xu, Q.; Wang, D.; Sang, Z.; Jiang, X. Yolov8n_bt: Research on classroom learning behavior recognition algorithm

based on improved yolov8n. IEEE Access 2024, 12, 36391–36403. [CrossRef]
18. Wang, C.; Yeh, I.; Liao, H.M. Yolov9: Learning what you want to learn using programmable gradient information. In Proceedings

of the European Conference on Computer Vision, Milan, Italy, 29 September—4 October 2024; pp. 1–21. [CrossRef]
19. Cheng, T.; Song, L.; Ge, Y.; Liu, W.; Wang, X.; Shan, Y. Yolo-world: Real-time open-vocabulary object detection. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 16–22 June 2024. [CrossRef]
20. Zhao, Y.; Lv, W.; Xu, S.; Wei, J.; Wang, G.; Dang, Q.; Liu, Y.; Chen, J. Detrs beat yolos on real-time object detection. In Proceedings

of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 16–22 June 2024. [CrossRef]
21. Liu, W.; Anguelov, D.; Erhan, D.; Szegedy, C.; Reed, S.; Fu, C.Y.; Berg, A.C. Ssd: Single shot multibox detector. In Proceedings of

the European Conference on Computer Vision 2016, Amsterdam, The Netherlands, 8–16 October 2016; pp. 21–37. [CrossRef]
22. Li, Y.; Qi, X.; Saudagar, A.K.J.; Badshah, A.M.; Muhammad, K.; Liu, S. Student behavior recognition for interaction detection in

the classroom environment. Image Vis. Comput. 2023, 136, 104726. [CrossRef]
23. Wang, Z.; Li, L.; Zeng, C.; Dong, S.; Sun, J. SLBDetection-Net: Towards closed-set and open-set student learning behavior

detection in smart classroom of K-12 education. Expert Syst. Appl. 2025, 260, 125392. [CrossRef]
24. Zhao, J.; Zhu, H.; Niu, L. BiTNet: A lightweight object detection network for real-time classroom behavior recognition with

transformer and bi-directional pyramid network. J. King Saud Univ. Comput. Inf. Sci. 2023, 35, 101670. [CrossRef]
25. Liu, Y.; Huang, Z.; Song, Q.; Bai, K. PV-YOLO: A lightweight pedestrian and vehicle detection model based on improved YOLOv8.

Digit. Signal Process. 2025, 156, 104857. [CrossRef]
26. Jiao, B.; Wang, Y.; Wang, P.; Wang, H.; Yue, H. RS-YOLO: An efficient object detection algorithm for road scenes. Digit. Signal

Process. 2025, 157, 104889. [CrossRef]
27. Zhao, J.; Zhu, H. Cbph-net: A small object detector for behavior recognition in classroom scenarios. IEEE Trans. Instrum. Meas.

2023, 72, 1–12. [CrossRef]
28. Wang, A.; Chen, H.; Liu, L.; Chen, K.; Lin, Z.; Han, J.; Ding, G. YOLOv10: Real-Time End-to-End Object Detection. arXiv 2024,

arXiv:2405.14458. [CrossRef]
29. Tan, M.; Le, Q. EfficientNetV2: Smaller Models and Faster Training. arXiv 2021, arXiv:2104.00298. [CrossRef]
30. Zhu, L.; Wang, X.; Ke, Z.; Zhang, W.; Lau, R.W. Biformer: Vision transformer with bi-level routing attention. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR) 2023, Vancouver, BC, Canada, 17–24 June 2023.
[CrossRef]

31. Tan, M.; Pang, R.; Le, Q.V. Efficientdet: Scalable and efficient object detection. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR) 2020, Seattle, WA, USA, 13–19 June 2020. [CrossRef]

32. Li, H.; Li, J.; Wei, H.; Liu, Z.; Zhan, Z.; Ren, Q. Slim-neck by GSConv: A better design paradigm of detector architectures for
autonomous vehicles. arXiv 2022, arXiv:2206.02424. [CrossRef]

33. Zhang, X.; Song, Y.; Song, T.; Yang, D.; Ye, Y.; Zhou, J.; Zhang, L. AKConv: Convolutional kernel with arbitrary sampled shapes
and arbitrary number of parameters. arXiv 2023, arXiv:2311.11587. [CrossRef]

34. Tong, Z.; Chen, Y.; Xu, Z.; Yu, R. Wise-IoU: Bounding box regression loss with dynamic focusing mechanism. arXiv 2023,
arXiv:2301.10051. [CrossRef]

35. Zhang, Y.; Zhu, Y.; Liu, J.; Yu, W.; Jiang, C. An Interpretability optimization method for deep learning networks based on
grad-CAM. IEEE Internet Things J. 2025, 12, 3961–3970. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.patcog.2024.111118
https://doi.org/10.1109/TPAMI.2016.2577031
https://www.ncbi.nlm.nih.gov/pubmed/27295650
https://doi.org/10.48550/arXiv.1804.02767
https://doi.org/10.48550/arXiv.2407.20892
https://doi.org/10.48550/arXiv.2209.02976
https://doi.org/10.48550/arXiv.2207.02696
https://doi.org/10.1109/ACCESS.2024.3373536
https://doi.org/10.1007/978-3-031-72751-1_1
https://doi.org/10.1109/CVPR52733.2024.01599
https://doi.org/10.1109/CVPR52733.2024.01605
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.1016/j.imavis.2023.104726
https://doi.org/10.1016/j.eswa.2024.125392
https://doi.org/10.1016/j.jksuci.2023.101670
https://doi.org/10.1016/j.dsp.2024.104857
https://doi.org/10.1016/j.dsp.2024.104889
https://doi.org/10.1109/TIM.2023.3296124
https://doi.org/10.48550/arXiv.2405.14458
https://doi.org/10.48550/arXiv.2104.00298
https://doi.org/10.1109/CVPR52729.2023.00995
https://doi.org/10.1109/CVPR42600.2020.01079
https://doi.org/10.48550/arXiv.2206.02424
https://doi.org/10.48550/arXiv.2311.11587
https://doi.org/10.48550/arXiv.2301.10051
https://doi.org/10.1109/JIOT.2024.3485765

	Introduction 
	Related Works 
	YOLOv10 
	Student Classroom Behavior Detection 
	Attention Mechanism 

	Methods 
	YOLO-CBD Architecture 
	FMBNet Backbone Network 
	VACSP Module 
	BGC-FPN Structure 
	Wise-IoU Loss Function 

	Experiment Setup 
	Dataset and Experimental Environment 
	Model Training 
	Evaluation Metrics 

	Experimental Results and Analysis 
	Ablation Study 
	Visualization Analysis 
	Performance Comparison with Mainstream Models on the Classroom Behavior Dataset 
	Performance Comparison with Mainstream Models on the Public Dataset 
	Experimental Results Analysis and Discussion 

	Conclusions 
	References

