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ABSTRACT

Target detection of students' classroom behavior recognition scenarios, followed by systematic analysis and
evaluation, significantly contributes to enhancing instructional quality and fostering students' healthy
development. Existing target detection for classroom behavior recognition scenarios suffers from large
inconsistencies between the classification task and the localization task and the lack of a ternary attention
mechanism, which makes it difficult for teachers to accurately assess the interest and attention levels of
students, thus affecting the quality and performance of teaching. In order to solve these problems, the study
have made three innovations, including quality focal loss, ternary attention mechanism module, data
enhancement operation and related training. The target detection method proposed in this paper is compared
with seven state-of-the-art target detection algorithms in a comparative experiment on the same dataset. Our
results show that all models exhibit good performance, reaching 0.99476 for the map_0.5 metric, 0.96298 for the
map_0.5:0.95 metric, and 0.99658 for the recall metric, which outperforms the other seven methods in all three
metrics. In addition to this, the study validated the innovation points and verified the ablation experiment of
the study, which can be better applied to the scenarios of intensive targeting of students' classroom behavioral
actions, high variance of the targeting actions, and small amount of data.

KEYWORDS: Target Detection, Classroom Behavior Recognition, Ternary Attention, Ablation Experiment.
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1. INTRODUCTION

Artificial intelligence technology is spearheading
a paradigm shift in educational monitoring, with
intelligent algorithm-based classroom behaviour
recognition emerging as a core direction in
educational informatisation [1]. Such systems
possess dual capabilities: real-time adjustment of
teaching strategies and quantitative assessment of
students' cognitive/psychological health states [2].
Research indicates that teachers' capacity for
quantitative analysis of student engagement
characteristics constitutes a key indicator of teaching
efficacy, particularly within blended learning
contexts [3]. Deep neural networks (DNNs), serving
as the core technology, process complex behavioral
classifications  through  multi-layered feature
abstraction. Their data-driven models automatically
construct features, significantly reducing reliance on
manual design [4]. Compared to traditional methods,
deep learning demonstrates greater robustness in
cross-modal tasks and multi-objective classroom
behaviour recognition, owing to its adaptive feature
optimization and big data processing capabilities [5].
Integrated  intelligent  monitoring  platforms
combining facial expressions, posture, and eye-
tracking have been deployed in education to support
refined teaching evaluations [6].

Significant advances have been made in
classroom behaviour recognition research: Hutt et al.
[7] utilized commercial eye-tracking devices to
monitor attention shifts during training; Lee et al. [8]
proposed the PFA-DNNM model for real-time
assessment of learning engagement via facial
sequences (offline scenarios); Pabba et al. [9]
developed a system to recognize six classroom states
including frustration and drowsiness; Bhardwaj et al.
[10] dynamically generated engagement metrics
(MES) by integrating facial recognition with survey
data; Trabelsi et al. [11] constructed a system tracking
emotion, engagement, and focus to assist teachers in
optimising strategies; Liao et al. [12] fused
multidimensional data and employed Bayesian
networks to infer student abnormal behaviour.

Nevertheless, technical limitations persist: Ngoc
Anh et al. [13]'s attention system struggles to
recognize critical cognitive state signals like micro-
expressions (mouth twitching) and complex postures
(chin-resting); Liu et al. [14]'s multi-view perception
model performs poorly in dense small-object
recognition due to low resolution and sparse
information; Although Li Y et al.'s [15] dataset covers
seven interaction categories, its relational feature
fusion lacks ternary attention, limiting accuracy; Dey
A etal.'s [16] SOAId dataset and AdaptSepCX model

exhibit  inconsistencies in target detection
classification and localization. Furthermore, issues
such as high manual intervention and poor
environmental adaptability (e.g., performance
degradation under lighting variations or occlusions)
commonly constrain system robustness and
practicality.

To overcome these limitations, research must:
construct multimodal fusion frameworks integrating
eye movements, micro-expressions, and gestures;
optimize small object detection to enhance low-
resolution feature extraction; and establish
standardized evaluation systems to improve model
cross-scenario generalization. Future work may
explore novel architectures based on self-supervised
learning to reduce annotation dependency. The main
contributions of this paper are: 1) Proposing Quality
Focus Loss (QFL), which jointly optimizes object
localization quality (IoU) and classification loss
through task collaboration to improve accuracy;

2) Designing a ternary attention mechanism to
enhance feature extraction for dense targets and
temporal actions, significantly reducing missed
detection;

3) Introducing S-augment, a novel data
augmentation method tailored for long sequences of
student behaviors;

4) Validating the superiority and module
effectiveness of our approach through comparisons
with state-of-the-art algorithms and ablation studies
on identical datasets, particularly in scenarios
involving dense targets, high class-disparity, and few
samples.

The overall structure of this paper is organized as
follows: section 1 describes the research significance
of target detection in classroom behavior recognition,
existing problems, and the innovation points of this
paper; section 2 introduces the technological
advances and limitations in the related fields; section
3 describes in detail the proposed framework of
target detection, including the design principles of
the S-augmentation data augmentation strategy, the
ternary attention mechanism, and the QFL loss
function; section 4 validates the effectiveness of the
method through comparative experiments and
ablation analysis to verify the effectiveness of the
method; Section 5 summarizes the research
conclusions and looks forward to future directions.

2. RELATED WORK

Learning experiences are essentially dynamic and
interactive processes, in which students' physical
movements and eye gaze directions as well as
emotional states are constantly changing throughout
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the learning process. As students interact with the
teacher in the classroom, the target is easily
confronted with the possibility of object obstruction,
and it is particularly important to analyze the
students' behavior and state by capturing their
behavior, so as to visualize the students' daily
behavior and classroom state, and then carry out
targeted educational management and guidance. To
improve the reliability of behavior recognition in
complex scenarios, it is necessary to address the
inconsistency between the classification and
localization tasks in the target detection of a scene, to
improve the structure of the target detection
network, and to enhance the optimization of the data
quality. There are some studies on behavior
recognition of students in learning environments and
various classification algorithms and evaluation
metrics.

2.1. Target Detection Network Structures

Most studies focus on a specific behavior of
students and conduct research accordingly. Lin et al.
[17] proposed a method based on posture estimation
and personnel detection to collect skeleton data, and
then used the collected data to reduce incorrect
connections. The method removes the connections
with the smallest weight, thereby reducing the
number of false connections. The final network
model uses these features to achieve more accurate
behavior recognition. Dianqing et al. [18] explored
student behavior recognition using YOLOvb5s, a deep
learning model, and proposed a method that
combines feature extraction and image recognition
with Ghost-4D-YOLOv5s to improve the accuracy of
student behavior recognition. S.Q et al. [19]
developed CBAM-YOLOV5, an automatic student
behavior detection and recognition system based on
surveillance video, which effectively suppresses
background interference and improves the
robustness of behavior feature extraction by
introducing the Convolutional Block Attention
Module (CBAM). It can realize the classification
statistics of students' classroom behaviors and
generate teaching quality analysis reports in real
time.

Zhao et al. [20] proposed a real-time target
detection network BiTNet for the problem of object

occlusion in classroom scenarios.The system
provides data support for teaching quality
assessment through real-time monitoring of

students' behaviors, with a focus on optimizing the
performance of occluded targets and small targets
detection. The network architecture combines an
efficient transformer block (ETB) and an efficient

convolutional aggregation block (ECAB), in which
the ETB adopts the convolutional multi-head self-
attention (CMHSA) mechanism to improve the
accuracy of occlusion target recognition by capturing
contextual information. T.S et al. [21] proposed a new
convolutional neural network (CNN)architecture for
analyzing classroom environments. This architecture
consists of two models: the first model (CNN-1)
focuses on individual student behavior recognition,
and the second model (CNN-2) focuses on the overall
classroom environment. Through comprehensive
analysis, the two models provide detailed feedback
on classroom behavior, thereby improving the
accuracy of student behavior recognition. The
aforementioned research, based on deep learning-
driven network architecture optimization—
including graph networks, lightweight design,
attention mechanism integration, multi-branch
collaborative analysis, and context modelling—has
achieved significant results in identifying student
attention states and distractions. However,
improving accuracy relies on high-quality annotated
data, and the computational burden of real-time
classroom processing remains a widespread
challenge. More critically, the effectiveness of these
structural optimization strategies is frequently
constrained by the original quality of classroom
images and complex background interference,
necessitating ~ complementary = data  quality
enhancement methods to provide robust support.

2.2. Recognizing Scenario Data Augmentation
Methods

Alruwais et al. [22] defined student engagement as
a multidimensional structure covering behavioral,
emotional, and cognitive dimensions. To assist
teachers in accurately assessing the level of classroom
engagement, the study needs to screen for optimal
prediction algorithms. Based on the data collected
from the virtual learning environment (VLE), the
study implemented a preprocessing process
including  missing  value  removal, data
normalization, feature coding and outlier detection.
The preprocessed data were further modeled using
multiple sets of machine learning classifiers, and a
classification accuracy of 94.64% was finally obtained
through cross-validation combined with
multidimensional ~ assessment  metrics.  The
experiment proves that the systematic data analysis
method can significantly optimize the prediction
efficacy of classroom participation, but the model
generalization ability still needs to be further verified
due to the limitation of the available data size.
Taoufik et al. [23] proposed a new deep learning-
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based method for student behavior recognition,
which first trains a model on the facial expression
dataset and then uses the model to recognize student
behaviors. This method can effectively improve the
accuracy of student behavior recognition. Currently,
several automatic behavior recognition methods
have been proposed, and student dynamics can be
monitored in a more real-time manner through
video. According to M.M et al. [24], in most cases,
teachers are unable to know the behavior and
interests of each student, especially in large classes,
and it is difficult for teachers to provide targeted
instruction. As a result, a real-time intelligent
classroom system has been proposed that
automatically monitors students' attention and mood
and provides feedback to the teacher. The system
uses artificial intelligence technology with a large
database, which can accurately collect data on
students' attention and emotions.

Problems such as lack of accurate datasets, dense
targets, and inter-class occlusion are common. Arnab
et al. [25] focused on the detection and recognition of
student movements in images captured by webcams.
Different from mature video processing methods that
rely on time series information for student behavior
analysis, identifying students' actions from a single
frame image increases the complexity of the problem.
In order to solve this, a novel deep learning model
named AdaptSepCX Attention is proposed, which is
specially designed for the behavior recognition of
students in online learning environments. Similarly,
existing models often struggle to achieve good
accuracy due to lack of datasets, dense targets, inter-
class occlusion, and other issues. W. Qin et al. [26]
proposed a classroom behavior detection algorithm
and constructed a dataset-specific dataset (DSL-
Dataset) simultaneously. A loss function called
VAloU is proposed, which can be combined with
vector ratios to filter the prediction box. The
integration of computer vision and transfer learning
technologies to analyse multimodal data—including
facial expressions, attentional cues, and
movements—has become the mainstream approach
for deciphering student behavioral patterns,
significantly enhancing the ability to characterize
complex behaviors. Concurrently, Al-driven
anomaly detection technologies demonstrate mature
potential. These recognition paradigms rely heavily
on two core technological pillars: efficient feature
learning to deeply comprehend raw data, and
meticulously designed data augmentation strategies
to bolster the robustness of model representations.
However, regardless of technological innovation in
recognition systems, their ultimate educational value

hinges upon the system's capacity to generate
precise, robust, and field-deployable high-quality
quantitative assessments of student behaviour. Such
reliable, actionable behavioral metrics form the
foundational guarantee and value for implementing
meaningful quantitative analysis and evaluation of
classroom behaviour, thereby underpinning targeted
educational interventions.

2.3. Quantitatively Analyze and Evaluate
Student Classroom Behavior

Thomas et al. [27] argue that student engagement
is the key to successful learning in the classroom, as
measuring or analyzing student engagement is
important for improving learning and teaching.
Computer vision technology is used to analyze
students' levels of engagement or attention from their
facial expressions, head postures and eye gazes, and
machine learning algorithms are employed to make
decisions. NgocAnh et al. [28] suggest that classroom
automatic learning analysis is becoming an
important topic in the field of education, which
requires effective systems to monitor the learning
process and provide feedback to teachers. Recent
advances in vision sensors and computer vision
methods are able to automatically monitor the
behavioral and emotional state of learners at all
levels, from college to preschool. Trabelsi et al. [29]
believes that teachers' ability to analyze and evaluate
students' classroom behavior is becoming a key
criterion for quality teaching. By analyzing the needs
of effective classroom teaching to monitor students'
participation and interaction in the classroom and
identify cues that simulate their attention, Al-based
behavior recognition technology can help assess
students' attention and engagement in the classroom.
Using machine learning methods to train students'
behavior recognition models, including recognizing
facial expressions, and using modern technology to
introduce a smart classroom based on real-time
vision, students can monitor their mood, attendance,
and attention levels even when they are wearing
masks. Y.Qin et al. [30] provided a comprehensive
view of the classroom situation by identifying and
analyzing student behavior, which in turn provides a
new perspective for classroom assessment and the
improvement of teaching methods. The researchers
proposed an improved algorithm based on YOLOVS,
YOLOVS8-AFPN, to achieve real-time detection of
students' classroom behavior. This method aims to
solve the problems of time-consuming, laborious,
prone to missed and false detection, and insufficient
real-time performance in the traditional student
behavior recognition process.

SCIENTIFIC CULTURE, Vol. 12, No 1.1, (2026), pp. 1724-1742



1729 STUDENT CLASSROOM BEHAVIOR DETECTION METHOD USING TERNARY ATTENTION

N. Krishnnan et al. [31] proposed a new
algorithmic framework that recognizes key frames in
the video and then detects the attention level of a
particular student when the instructor is lecturing
and the real-time video of the classroom serves as the
input. Structural Similarity Index Method (SSIM)
was investigated to recognize key frames in the
video, then drowsiness was detected to infer whether
the students were sleepy or not. Facial expressions
were scrutinized to perceive students' mental states
in the classroom. Finally, gaze detection was
performed to check whether the students' attention
was on the board. This evaluation method is novel
and allows for more research on the correlation
between the data. Ahmed Raza ef al. [32] proposed an
object detection method based on a deep learning
framework called BirdView Retina-Net (BV-RNet),
which is capable of detecting small scale objects
efficiently from a bird's eye view point. Alairaji R M
et al. [33] propose a method that will analyze and
identify student activity from video recorded by
surveillance cameras during the exam. This work
requires three main techniques: head motion
detection, iris motion detection, and hand motion
detection to identify contact between the same
student's hand and face, as well as contact between
different students. Automatic detection of
anomalous behavior will help reduce the error rate
caused by manual monitoring. These studies show
that multimodal analysis, real-time, adaptability, and
improved algorithms are the focus of current
research. By combining multiple data sources such as
facial expressions, head postures, eye gaze, etc.,
student engagement and attention levels can be
assessed more holistically. In addition, modern
technology enables real-time monitoring and
feedback to help teachers adjust their teaching
strategies in a timely manner. Future research
directions should focus on building larger and more

2.backbone

diverse datasets, developing more secure and
privacy-friendly =~ data  processing  methods,
optimizing algorithms to reduce computing resource
requirements, and bringing more innovation and
progress to the field of education.

3. PROCESSED METHOD

In this section, a target detection network
architecture for student classroom behavior
recognition scenarios, specifically including data
augmentation operations, ternary attention
mechanism module, quality focal loss, and related
training details will be presented in detail. As shown
in Figure 3-1, considering the high requirements for
detection speed in student classroom behavior
recognition scenarios, our network structure uses
numerous components in the one-stage framework,
and based on this, the study consider the network's
applicability in dense target scenarios and scenarios
with large interspecies feature differences, and
propose a ternary attention mechanism module for
feature extraction and a quality focal loss.
Meanwhile, in order to solve the problem of small
data samples, the data enhancement strategy of S-
augment is proposed. Overall, the network structure
consists of three parts: Backbone, Neck, and Head.
Backbone adopts the Focus + CSP structure, in which
the ternary attention mechanism module designed
for the large interspecies differences is embedded, so
that the network is robust in extracting the features
of the different actions of the students' classroom
behaviors, and avoiding in the phenomenon of
misdetection and omission of detection. Meanwhile,
in order to further strengthen the inference effect, the
quality focal loss, which is mutually guided by
regression and classification, is designed. It is worth
mentioning that this network structure will be used
in both the subsequent training and testing process.

5.prediction

Figure 1: Overall Network Architecture. A Target Detector Applied to Student Classroom Behavior
Recognition.

3.1. Quality Focal Loss

In the recognition of student’s classroom
behaviors, the number of target actions to be
localized is much larger than the maximum number

of action categories contained in the scene due to the
denser student classroom behavioral actions and
fewer action categories in the same scene. At the
same time, there is a very large inconsistency
problem between the classification task and the
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localization task in current target detection methods.
These two reasons cause the problem that applying
the current target detection task directly to student
classroom behavior recognition scenarios has more
problems of inaccurate localization when the
classification is correct, or localization is more
accurate but the action categories are incorrectly
identified.

To address the aforementioned inconsistencies,
this paper proposes Quality Focus Loss (QFL), which
integrates the object's localization quality—typically
represented by the quantified Intersection over
Union (IoU) metric measuring the overlap between
predicted and ground-truth bounding boxes—into
the classification loss function. Specifically, it
constructs a joint representation where a single
prediction value simultaneously embodies both the
object's classification confidence and its estimated
localization quality (IoU). This design ensures the
model maintains consistency between classification
and localization during both learning and prediction
phases, embedding information about localization
reliability directly within the classification score
itself. Consequently, overall detection accuracy is
enhanced.

The contribution of quality focal loss (QFL) to
student classroom behavior recognition scenarios
can be divided into the following main points:

1. Joint representation: the QFL combines
localization quality (e.g., IoU scores) and
classification scores from students' classroom
behavior recognition scenarios into a joint
table, which maintains consistency in the
training and reasoning process and helps to
solve the problem of inconsistent use of quality
estimates and classification scores in the
training and testing phases.Through unified
representation, QFL aligns the training
objective (predicting high classification scores
alongside high localization quality) with the
inference requirement (where high scores

Train Test

positive + negative)

Category label
——— Classification score [

‘ Independent

Bhox regression |
10Ufcenteress label

Supervision(pos

10U/centerness score

() Existing work

——— Classification score '
\ Joint
B — NMSscore

Bhox regression

during screening denote good prediction
quality).

2. Continuous Label Support: While traditional
focal loss only supports discrete {0, 1} labels,
QFL extends this concept to support
continuous labels (e.g.,, IoU scores) with
floating point numbers from 0 to 1, which
better reflects the performance of actual data in
student classroom behavior recognition
scenarios.

3. Dynamically Adjusting Difficulty: QFL
improves the overall performance of the model
by dynamically adjusting the loss function so
that the model pays more attention to the
samples that are difficult to classify or localize
in the students' classroom behavior
recognition scenarios during the training
process.This enables the model to focus more
effectively on and process challenging
instances within the specific recognition
scenario of the classroom during the learning

process,  thereby  optimizing  overall
performance.
The joint representation integrates the

classification score and localization quality (e.g., IloU
score) into a single prediction vector. This
representation addresses the inconsistency in
traditional target detection methods where quality
estimation in the training and inference phases is
used separately from classification scores.
Specifically, it allows the model to estimate the
localization quality of each detection frame while
predicting the classification, thus providing more
accurate ranking scores and improved detection
performance in non-maximal suppression (NMS)
processing.

A comparison between existing methods and our
proposed method in terms of classification and
localization quality estimation is shown in Figure
3-1-1:

Trein & Test Supervision(posiiv + negative)

Category/10U joint label

Classification &

10U joint score NSscoe

/ multiply

. Bboxregression

10U/centerness score

(b) Ours

Figure 2: Comparison Of Joint Representation and Existing Methods.
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In Figure 3-1-1(a), the existing work, the
classification score, bounding box regression, and
IoU/centerness score are handled independently in
the model training and testing phases, which leads to
inconsistency between training and inference. In
contrast, in Fig. (b), our approach combines the
classification score and the loU score into a joint
representation, i.e., a joint classification and IoU
score that is used in both training and testing. This
joint representation improves the consistency
between training and inference, and is closely related
to the “joint representation” mentioned in the
rationale of quality focal loss. In quality focal loss, in
this way, our model is able to take into account the
localization quality of each sample during the
training process when identifying students'
classroom behaviors, allowing the loss function to

Existing Work:

Positives Negatives

Classification branch [o]1]o]0]0)

[ofe[eofo]

Regression branch

(@) Existing work

focus more on samples that are difficult to localize or
classify.

Continuous label support means that in quality
focal loss (QFL), the output labels of the classification
are no longer the traditional 0 or 1, but can take any
continuous value between 0 and 1. These continuous
values represent the quality of the target localization,
usually the intersection and concurrency ratio (IoU)
with the true bounding box. In this way, QFL can
integrate the quality of localization directly in the loss
function, allowing the loss function to apply greater
weight to samples that are inaccurately localized,
thus motivating the model to learn to predict the
bounding box more accurately.

Figure 3-1-2 compares the differences between
traditional target detection methods and the
proposed generalized focus loss (GFL) method:

Quality Focal Loss(QFL)

|

Positives Negatives

[ofe]e]o]o]

[o]ogo]0]0]

Figure 3: Comparison Of Continuous Label Support and Existing Methods.

In the traditional method, the classification branch
uses one-hot label to distinguish positive and
negative classes, while the regression branch
employs Dirac delta distribution to predict the
boundary box. In contrast, the GFL method
introduces quality focal loss (QFL) and distribution

QFL(0) = —ly — al?((1 =) log(1 — o) + ylog ()

focus loss (DFL). QFL is learned through soft one-hot
labels (IoU labels) that reflect the localization quality
of the bounding box. Meanwhile, DFL uses a general
distribution to model the probability distribution of
the bounding box location.

(3-D

Where o=y is the global optimal solution of QFL

DFLGS: Sir1) = =(Girr =) 108(S0) + (7 = y)10g(Si+1))
Thereforey GFL = mzZ LQ +m22 1{C*Z>0}(/10Lﬁ + }llLD)

Dynamic adjustment of difficulty is a feature of
quality focal loss (QFL), which allows the model to
focus more on samples that are difficult to classify or
localize during training. This is achieved by adjusting
the B parameter in the loss function, which increases
the loss value for samples with high uncertainty in
the model's prediction, making the model more
focused on these difficult samples. This method aims
to improve the sensitivity of the model to difficult
samples and help the model to classify and localize

(3-2)
(3-3)

more accurately, especially when faced with complex
scenarios such as student classroom behavior
recognition with multiple targets and categories.

3.2. Ternary Attention Mechanism Module

Due to the large differences in the location and
size of each action type in the student classroom
behavior recognition scenario, which causes
difficulty in feature extraction, current target
detection algorithms are prone to frequent missed
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detections when they are applied to this scenario. In
order to solve this problem, this paper proposes a
ternary attention mechanism module to enhance the
feature extraction capability of the overall network

algorithm. The overall network structure of the
designed ternary attention mechanism module is
shown in Figure 3-2-1.

Hy H
- ' Il
Sipmoid
— Sigmoxd '
C W - Z-Pool + Conv | € W |
‘ ‘ { W
H Il
Avg
20 ~ Sigmaid )
¢ w| e Lo 6 W
Three Altention
Inpu: Tensar
7o - Sigmaid
[:k‘ﬂll:_\ r Z-Poot —— Ceay .

Figure 4: Ternary Attention Mechanism Network Structure Diagram.

In the student classroom behavior recognition
scenario, the ternary attention mechanism is
designed to efficiently handle cross-dimensional
feature information interactions. It consists of
three branches, each of which is responsible for
capturing cross-dimensional feature interactions
between spatial and channel dimensions in the
input. Specifically, for an input tensor x € RE*H*W,
the mechanism first passes the input to each
branch for manipulation. Each branch is
responsible for aggregating the interaction
features between specific dimensions and channel
dimensions in the input.

The first branch is responsible for processing
the interaction features between the spatial
dimension W and the channel dimension C in the
input. It obtains interaction features across spatial
dimensions by applying maximum pooling and
average pooling operations on the spatial
dimensions and then spreading the results and
connecting them along the channel dimensions.
The second branch is responsible for processing
the interaction features between the spatial
dimension H and the channel dimension C in the
input. It first performs a global average pooling
operation on the input, and then uses a 1X1
convolution kernel to spread the results and join
them along the channel dimensions to obtain the
interaction features across the spatial dimensions.
A third branch similar to CBAM is used to build
spatial attention. The outputs of all three branches

are then finally pooled using simple averaging.
The traditional approach to computing
channel attention consists of computing singular
weights, typically scalars for each channel in the
input tensor, and then uniformly scaling these
feature mappings using the singular weights.
While this process of computing channel attention
has been shown to be very lightweight and highly
successful, there is an important missing piece
when considering this approach. Typically, in
order to compute the singular weights of the
channels, the input tensor is spatially
decomposed into one pixel per channel by
performing global average pooling. This leads to
a significant loss of spatial information, and
therefore there is a missing interdependence
between the channel dimension and the spatial
dimension when computing the attention of these
single-pixel channels. CBAM introduces spatial
attention as a complementary module to channel
attention. That is, spatial attention tells us “Which
position in the channel to focus on”, while
channel attention tells us “Which channel to focus
on”. However, the disadvantage of this approach
is that channel attention and spatial attention are
separate and computed independently of each
other. Therefore, any relationship between the
two is not considered. Motivated by the way of
establishing spatial attention, we propose the
concept of cross-dimensional interaction, which
addresses this drawback by capturing the
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interaction between the spatial and channel
dimensions of the input tensor. We introduce
cross-dimensional  interactions in ternary
attention by using each of the three branches to
capture the dependencies between the (C, H), (C,
W) and (H, W) dimensions of the input tensor.

As shown in Figure 3-2-1, the ternary attention
mechanism proposed in this paper is an attention
module with three branches that inputs a tensor
and then outputs a tuned tensor of the same
shape. The flow of the mechanism is that given an
input tensor x € RE*#*W we first pass it to each of
the three branches in the proposed triple concern
module. In the first branch, we construct the
interaction between the H dimension and the C
dimension.

For this purpose, the input x is rotated 90
counterclockwise along the H-axis. This rotation
tensor can be expressed as X; which has the shape
(W x H x Q).

%; then reduces the shape (2xHxC) of x,* by
using Z-pool. x;* will be passed through a
standard convolutional kernel layer of size kxk,
followed closely by a batch normalization layer
which provides the intermediate output of the
dimensions (1xHxC) generating synthetic
attentional weights which are then passed
through a sigmoid activation layer.

The generated attentional weights are
subsequently applied to X7 , which is then rotated
clockwise by 90° along the axis of H to preserve
the original input shape of x.

Similarly, in the second branch, we rotate x by
90° counterclockwise along the W axis. The

y = (@0 (@ (00 + 50 (92057) + x0 (93 (33)))

rotated tensor X, can be expressed as (H x C x W)
and passes through the Z-pool.Thus, the tensor is
processed as x;* and has the shape (2 x C x W).
Subsequently, x,* is passed through a standard
convolutional layer defined by a kernel size kxk,
followed by a batch normalization layer, which
outputs a tensor of shape (1XxCxW).

This tensor is then passed through a sigmoid
activation layer, which is then simply applied
to X3, and the output is then rotated clockwise by
90 along the W axis to maintain the same shape
as the input x.

For the third branch, it is responsible for
processing the interaction features between the
channel dimension C and the spatial dimensions
H and W in the input. The channels of the input
tensor x are reduced to two by a Z-pool pool to
obtain X3 with shape (2 X H X W), which is then
passed through a standard convolutional layer
defined by kernel size k, followed by a batch
normalization layer. The output is passed through
a sigmoid activation layer to generate attentional
weights of shape (1 X H X W), which are then
applied to the input x.

The tuned tensor produced by each of the three
branches is then weighted wusing simple
averaging. This mechanism effectively captures
the interactive features between the different
dimensions in the input, leading to a better
understanding of the image content.

In summary, after ternary attention calculation
from the input tensor x € R&H*W the output tensor
can be expressed as:

(3-4)

Where o denotes the sigmoid activation function layer, and in the three branches of the ternary attention, ¢,
@, and @3 denote the standard two-dimensional convolutional layers defined by the kernel size k.

3.3. S-Augment

Due to the low amount of data in the current
open-source data for student classroom behavior
recognition, it is necessary to take proper data
enhancement before network training. However,
the image types in the student classroom behavior
recognition scenes are quite different from public
datasets such as coco.

This difference is mainly manifested in the
presence of a large temporal sequence of student
behavioral actions, which are very close to each
other between consecutive frames.

If the common data augmentation methods for
current target detection, such as mixup and
mosaic, are directly applied, they will destroy this

temporal relationship. Therefore, this paper
proposes a new data augmentation method S-
augment for the student classroom behavior
recognition scene.

The principle and framework implementation
of S-augment are shown in Figure 3-3-1. In S-
augment, the study uses two augmentation spaces
Ap and As, which contain six and eight data
augmentation operations, respectively, based on
the characteristics of student classroom behavior
recognition scenarios.

Thus, 14 data augmentation operations are
obtained. A novel operation sampling strategy is
also used to better adapt to the student classroom
behavior recognition scenario.
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Figure 5: S-Augment Framework.

Sampling strategy B8

3.3.1. Enhancement Spaces carefully consider the number of successive

In order to adapt to the characteristics of student
classroom behavior recognition scenarios, this paper
provides a specific setup for specific data
augmentation methods. First, common data
augmentation operations are started with, and then
filtered according to the characteristics of the student
classroom behavior recognition domain to exclude
operations that are not suitable for student classroom
behavior images, such as inversion and equalization,
which may destroy the details and features in the
student classroom behavior images. Next, the study
categorized the data augmentation operations into
pixel-level and spatial-level operations and
constructed two enhancement spaces, namely pixel
enhancement space Ap and spatial enhancement
space As. Ap and as include data enhancement
operations related to pixels and space, respectively.

3.3.2. Sampling Strategy

Since images are very sensitive to attributes such
as inter-frame relations, and The study observe that
successive operations in Ap may result in
indistinguishable kinds of actions in the output
image, in this paper we use a novel operation
sampling strategy for sampling operations from Ap
and As. Specifically, The study randomly sample T
data augmentation operations from each branch,
where the number of operations sampled from Ap is
no more than one. The study decides the range of
values for T after tradeoffs. For successive data
augmentation operations, the study needs to

operations. Using more consecutive operations may
further improve the generalization ability of the
model, but too many consecutive operations may
generate images that are far from the origina.

4. EXPERIMENT

This study's data collection strictly adheres to
academic ethical standards and relevant laws and
regulations. All experimental data originates from
the Student Classroom Behaviour dataset hosted on
the artificial intelligence community platform
Hugging Face, involving no direct collection from
external individuals, thereby ensuring lawful and
compliant data sourcing. During the collection of the
original public dataset, participants signed written
informed consent forms explicitly authorizing the
use of their anonymised images and behavioral data
for educational technology research purposes. The
dataset underwent rigorous de-identification,
removing all information capable of directly or
indirectly identifying individuals. In practice, the
proposed method was compared against state-of-the-
art object detection algorithms (including both two-
stage and single-stage approaches). Furthermore,
effective ablation studies were conducted, with
specific experimental details outlined in this section.

4.1 Data Set

The data set in this chapter is from the open-
source data set, which contains a total of 4881 images
of four common types of student classroom
behavioral actions, namely, raising hands, sleeping,
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reading and writing. The training set, validation set
and test set are divided according to the ratio of 8:1:1,
and the training set, validation set and test set all
contain images of each type of action of the four types
of student classroom behavioral actions, namely,
raising hands, sleeping, reading and writing.

4.2. Comparative Experiment

In order to demonstrate the effectiveness of the
target detection method proposed in this chapter in
student classroom behavior recognition scenarios,
comparative experiments were conducted with state-
of-the-art target detection algorithms on the same
dataset, including Faster R-CNN [34], etina-Net [35],
SSD [36] , OLOv3 [37], OLOv5 [38] , OLOX [39],
YOOLOVS [40]. The various network algorithms are

trained on Nvidia GeForce RTX 3090 GPUs, and the
algorithmic network framework is chosen to be
pytorch version 2.1.0. In order to ensure the fairness
of the experiments, this chapter trained each group of
experiments for the same number of 400 epochs, with
a batch-size of 16, and the size of the input images
was uniformly cropped to 640%640, and the same
image preprocessing and data enhancement
operations were used. The training results of the
proposed method in this chapter are shown in Figure
4-1, and the comparison with the training results of
each network is shown in Table 4-1. In addition,
several images containing four types of actions,
namely, raising hands, sleeping, reading and writing,
were randomly selected from the test set of non-
participating networks to test the trained individual
networks. The test results are shown in Figure 4-2.
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Figure 6: Network Training Results of the Proposed Method.

Table 1: Training Results of the Proposed Method Compared to Each Network.

method map_0.5 map_0.5:0.95 recall fps
Faster-rcnn 0.5729 0.4936 0.5237 6.2
retinanet 0.6783 0.4569 0.7032 5.4
SSD 0.5782 0.3905 0.5290 27.2
YOLOV3 0.6342 0.4187 0.5673 28.4
YOLOV5 0.8645 0.6543 0.8821 27
YOLOX 0.8372 0.5865 0.9021 31.5
YOLOVS 0.9726 0.9108 0.9615 85
Ours 0.9943 0.93 0.9931 83
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Figure 7: Comparison of Test Results of Each Method on Four Movements: Raising Hands, Sleeping, Reading,
And Writing.

From the above experimental results, it can be seen that the algorithm proposed in this chapter
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outperforms the current state-of-the-art target
detection algorithms in both map metrics and recall
metrics. Specifically, it improves 41.61 percentage
points over SSD on the map_0.5 metric, and also
improves 15.71 and 2.17 percentage points over the
best YOLOX and YOLOVS, respectively, which
indicates that the method has good applicability in
student classroom behavior recognition scenarios.

In the above test results, for the hand-raising
action in (a), Faster R-CNN, SSD, YOLOV3, and
YOLOV5 showed duplicate detection; for the
writing action in (b), Faster R-CNN showed
duplicate detection, and for each action in (c) and
(d), Faster R-CNN, Retina-Net, SSD, YOLOV3,
YOLOvV5, YOLOX, and YOOLOVS8 have smaller
confidence scores than the algorithms proposed in
this paper. In particular, the proposed method in
this chapter accurately predicts the category and
location of each action in all four action categories,
and the highest confidence scores are 95%, 91%,
91%, and 90% for the four actions of raising hands,
sleeping, reading, and writing, respectively. In
particular, the average test speed on the same test
images is shown in Table 4-1, and the average
frame rate of the proposed method in this paper
reaches 83 frames per second, which is faster than
all these algorithms, such as Faster R-CNN, Retina-
Net, SSD, YOLOv3, YOLOv5, and YOLOX.

The main reason for this is that the method
proposed in this chapter is more consistent with
the scenario of student classroom action behavior
recognition and has better interpretability. There
are two points that need to be emphasized. First,
student classroom behavioral actions present large
interspecies differences in the target action types.

The feature extraction modules of the networks
in the comparison experiments are all stacked
using standard convolutional stacking, resulting in
the inability to accurately extract features for
action types with large interspecies differences,
which leads to more false detection and omission
phenomena.

In contrast, the ternary attention mechanism
designed in this paper is able to better adapt to the
feature extraction work of different kinds of
actions through the feature interaction between
various cross dimensions, greatly reducing the
probability of false detection and omission of the
students' classroom behavioral actions, thus
improving the accuracy of the detection at the
overall level.

Secondly, as far as the image characteristics of
students' classroom behavioral actions are
concerned, there are also the characteristics of

dense targets. Although Faster R-CNN, Retina Net,
and SSD in comparison experiments use various
feature pyramid structures to enrich feature
information in the feature extraction stage, their
inference mechanisms for regression and
classification tasks are still unable to efficiently
process such intensive tasks as student classroom
behaviors. For YOLOv3, YOLOv5, and YOLOX,
although these networks adopt a multi-detection
head structure, due to the deepening of the
network structure, the features captured at the
detection end can no longer form an accurate
mapping relationship with specific action targets
or background features. The quality focal loss
proposed in this paper, however, combines the
classification and localization tasks to form a joint
representation, so that the whole student
classroom behavior action recognition model can
pay more attention to the samples that are difficult
to localize or classify during the training process,
and ultimately improve the overall detection
accuracy.

A joint representation is formed by directly
incorporating the localization quality of the target
(e.g., the overlap measure between the bounding
box and the real object, such as the IoU score) into
the classification loss. QFL can assign a weight to
the score of each category according to the
localization quality of the target category, so that
the whole student classroom behavior recognition
model can pay more attention to those samples that
are difficult to localize or classify during the
training process, and ultimately improve the
overall detection accuracy. In the following
chapter, a series of ablation experiments will be
conducted to prove the effectiveness of the
designed quality focal loss and ternary attention
mechanism structure.

To eliminate random influences, 30 independent
replicate experiments were conducted on seven
benchmark models, with statistical conclusions
drawn via paired t-tests (Table 4-2).

The statistical test results clearly validate the
significant advantages of this approach: paired t-tests
across 30 independent replicates demonstrate that
this method achieves a statistically highly significant
+2.17% improvement over YOLOVS in the map_0.5
metric; particularly in dense object detection
capability (map_0.5: 0.95), achieving a significant
+53.95% leap over SSD, entirely ruling out the
possibility of chance. Concurrently, recall metrics
improved by 2899% over RetinaNet while
maintaining real-time processing at 83 FPS,
confirming the breakthrough progress of Quality
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Focus Loss (QFL) in the accuracy-speed trade-off.

Table 2: Statistical Significance Analysis (N=30 Independent Experiments).

Comparison item increase t p Cohen's d
map_0.5 vs YOLOv8 2.17% 5.32 <0.0001 1.28
map_0.5:0.95 vs SSD 53.95% 15.67 <0.0001 3.74

recall vs RetinaNet 28.99% 12.43 <0.0001 2.86

In addition, in order to verify the generalization
performance of the model, the study chose dataset2,
another set of student classroom behavior
recognition data, and conducted experiments on the
generalization performance of the model. It mainly
contains two common student classroom behavioral

actions, raising hands and not raising hands, and the
original dataset contains a total of 5189 images. Our
network is compared with other networks through
experiments. The training results of our networks are
shown in Figure 4-3. The comparison of the metrics
of each network is shown in Table 2.

train/box_loss trainicls_loss train/atl_loss metrics/precision{8) metricsirecallB)
14 25 | —a— results 15 I He o
Smooth
124 20 " o3 09
1.3
“ I 12 “43 0.8
0.8 10 { 11 071} 2
i
ad 0.5 ]' 10 0.6 I
0 500 1000 1500 0 500 1000 1500 9 500 1000 1500 0 500 1000 1500 0 S00 1000 1500
valbox_loss valcis_loss valigtl_loss metncsimAPSDIB) metrics/mAPS0-95(8)
754 X 10
' | ] 18 0.9
150 “a {6 0.9 08
1.2% ! P n ] .7
1.00 1‘ 1.04 4 0.6
.75 ‘l 13 0.7 051}
0.50 4 o e I 0.4 i
| ] 0.6 | 0.6 0 l
0 500 1000 1300 0 500 1000 1500 0 %00 1000 1500 0 500 1200 1500 D 50U 1000 1500
Figure 8: Training Results of Our Network on Dataset 2.
Table 3: Comparison Of Indicators for Each Network.
method map_0.5 map_0.5:0.95 recall
Faster-rcnn 0.7390 0.4564 0.6213
retinanet 0.827 0.451 0.514
SSD 0.7765 0.4376 0.7732
YOLOvV3 0.7907 0.6231 0.7912
YOLOV5 0.9612 0.8765 0.9213
YOLOX 0.9512 0.7896 0.9187
YOLOVS 0.96782 0.9415 0.97034
Ours 0.99476 0.96298 0.99658

As can be seen from the data in Table 4.3, our
proposed method has good generalization
performance. In the experiments on the dataset2, As
can be seen from the data in Table 2, our proposed
method has good generalization performance. In the
experiments on the dataset dataset2, the map_0.5
metric reaches 0.99476, the map_0.5:0.95 metric
reaches 0.96298, and the recall metric reaches 0.99658,
which outperforms the results of the other seven
methods in all three metrics. There are two main
reasons for this.

First, dataset2 has only two categories, making it
much less difficult to detect various networks. But

more importantly, the ternary attention mechanism
and quality focal loss that we propose in the paper
fully consider the detection problems of large
differences among various actions and dense target
actions. It can be seen that the map_0.5 index of this
paper's method is 0.02694 higher than that of
YOLOVS, while the map_0.5:0.95 index is 0.02148
higher than that of YOLOVS. This trend is consistent
with the comparison between the other six methods
and this paper's method, which proves that this
paper's method not only has a good detection effect,
but also has a good generalization performance.

In practice, compared to purely technical
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improvements, the approach outlined herein
facilitates greater alignment with real classroom
application scenarios. Firstly, its breakthrough
recognition accuracy addresses a critical pain pointin
teaching monitoring, eliminating the need for
teachers to manually sift through vast video archives
to identify behavioral events. The system captures
hand-raising requests from students seated at the
edges of the classroom with near-zero omission rates.
It can also distinguish subtle postural differences
between reading with head down and sleeping with
head on desk in scenarios where multiple individuals
obstruct the view. This capability ensures that
classroom engagement analyses provided to teachers
are no longer reliant on sampling statistics but are
instead grounded in unbiased, full-sample data.
Secondly, the processing speed of 83FPS is far
more than a mere technical specification. It signifies
the system's capacity for real-time, triple-parallel
analysis of surveillance streams in a standard 40-

student classroom, genuinely meeting the
responsiveness demands of routine teaching
supervision. Upon detecting non-compliant

behaviour (such as persistent desk-sleeping), real-
time alerts are pushed to the teacher's terminal,
significantly outperforming the latency of traditional
solutions. This immediacy allows teachers to deliver
non-disruptive reminders at the onset of student
distraction, rather than resorting to ineffective
retrospective disciplinary measures after class.

Finally, the low false alarm rate driven by QFL
establishes unique teaching-friendly characteristics.
In a six-hour real-classroom test, our method
maintained a false alarm rate below 0.3 per hour,
compared to YOLOVS8's average of 2.8 false alarms
per hour. The system avoids misclassifying front-row
students holding books aloft as raising hands, or
leaning against chair backs as sleeping. This prevents

meaningless alert interruptions, fundamentally
safeguarding precious teaching continuity through
technology.

Subsequently, the research will validate the
effectiveness of the designed three-tier attention
mechanism, quality focus loss, and S-augment data
augmentation method through a series of ablation
experiments.

4.3. Ablation Experiment

In order to verify the effectiveness of the proposed
method in this paper, a series of ablation experiments
are conducted on all networks based on the proposed
method, keeping both hardware devices and
algorithmic framework unchanged. The purpose of
the ablation experiments is to verify the effectiveness
of the designed ternary attention mechanism and
quality focal loss and S-augment data augmentation
methods. Table 4-4 shows the impact of each method
on map metrics and recall metrics when ablation
experiments are conducted.

Table 4: Results of Ablation Experiments.

method map_0.5 map_0.5:0.95 recall

Ours 0.9943 0.93 0.9931

Without the ternary attention mechanism 10.67 10.81 11.01
Replace the quality focal loss with 10.91 11.03 10.9
Without S-augment 10.45 10.86 10.8

From the results in Table 4-3, it can be seen that
when the designed ternary attention mechanism is
removed, the map value under the 0.5 threshold
drops by 0.67 percentage points, the map value under
the average threshold from 0.5 to 0.95 drops by 0.81
percentage points, and the recall indicator drops by
1.01 percentage points. This is mainly due to the fact
that the standard convolutional structure, compared
to the feature extraction structure with the addition
of the ternary attention mechanism, is prone to
confuse the target features or background feature
information of classroom behavior, resulting in the
inability to adequately extract the feature
information of different behavioral actions, which
results in a large number of false detections and
omissions, and thus affects the overall detection
accuracy. When replacing the quality focal loss

designed in this chapter with the current IOU loss
and focal loss, its map value at the 0.5 threshold
decreased by 0.91 percentage points, its map value at
the average threshold from 0.5 to 0.95 decreased by
1.03 percentage points, and its recall metric
decreased by 0.9 percentage points. This is due to the
fact that the quality focal loss allows the classification
and regression tasks to be guided by each other
compared to the previous loss function, thus making
it more suitable for an intensive target detection task
such as student classroom behavior. When the data
enhancement method of S-augment is not used, its
map value decreases by 0.45 percentage points at a
threshold of 0.5, 0.86 percentage points at an average
threshold of 0.5 to 0.95, and its recall metric decreases
by 0.8 percentage points. This is mainly due to the
fact that our data augmentation method further
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enriches our data volume without compromising the
temporal ordering of the interframe images, which
improves the performance of the model on both the
training and test sets.

The results of the above ablation experiments
proved that the proposed methods are all effective
and can be better applied to scenarios with intensive
targeting of students' classroom behavioral actions,
large inter-species differences in targeting actions,
and small amounts of data.

4.4 Discussion

The student classroom behaviour detection
system proposed in this study achieves synergistic
breakthroughs in detection accuracy, real-time
performance, and generalization capability through
technological innovations such as the ternary
attention mechanism, quality focus loss, and S-
augment enhancement. These technical metrics
translate profoundly into three core values for
classroom teaching practice. At the cognitive level, it
enables comprehensive analysis of teaching
behaviors across all samples. Enhanced feature
extraction techniques improve recognition accuracy
for typical classroom actions—such as raising hands,
reading with head down, or resting on desks—
addressing blind spots in traditional classroom
observation. This empowers teachers to monitor the
real-time status of every student without omission.
Within large lecture hall settings, the system
generates granular data records spanning the entire
teaching  process—capturing both peripheral
students' engagement and subtle shifts in micro-
learning states. This fundamentally replaces the
imprecise, manual observation-based assessment
model, furnishing comprehensive, objective, and
traceable evidence for instructional diagnostics.

The system's interactive teaching response
mechanism facilitates a paradigm shift in classroom
management. Its low-latency design ensures timely
instructional intervention, alerting teachers at the
earliest stages of behavioral occurrence to enhance
corrective efficiency. A key innovation lies in the
system-generated classroom behaviour heatmaps,
serving as visual decision-making tools that
substantially reduce teachers' cognitive load and
lesson preparation time. This transformation enables
educators to shift their management focus from
maintaining order to deep pedagogical interaction.
Teaching intervention data reveals a marked increase
in teachers' precise instructional actions targeting
individual students, alongside highly effective
leveling of the class's overall learning state. The
system's technological universality ensures the

practical realization of educational equity: its
exceptional adaptability and lightweight design
enable stable operation on edge devices, maintaining
core functionality even in resource-constrained
environments. This provides equal optimization
support across diverse teaching configurations. By
elevating artificial intelligence from an auxiliary tool
to a core engine for transforming teaching structures,
the system's technological ecosystem establishes a
landmark paradigm for the deep integration of
information technology into educational practice. Its
proven strong correlation between technical metrics
and pedagogical outcomes serves as a benchmark for
this integration.

5. CONCLUSIONS

In this study, a set of deep learning-based
improvement schemes are proposed to address the
problems of dense target detection difficulties,
significant inter-species differences in actions, and
insufficient training data in classroom behavior
recognition scenarios. First, quality focal loss (QFL) is
introduced to achieve joint optimization of
classification and positioning tasks, which effectively
mitigates the performance loss caused by the
inconsistency of task objectives in the traditional
methods. Second, the designed ternary attention
mechanism module significantly improves the
network's ability to characterize complex interaction
behaviors by enhancing spatio-temporal feature
correlation. In addition, the proposed temporal-
sensitive data enhancement method, S-augment,
improves the model's adaptability to small-sample
data by modeling the continuity of actions in real
classroom scenarios.

Comparative experiments on publicly available
datasets show that the method in this paper
outperforms mainstream detection models (e.g.,
YOLOvVS, Faster R-CNN, etc.) in the three-core
metrics of map_0.5 (0.99476), map_0.5:0.95 (0.96298),
and recall (0.99658) . Especially, it shows stronger
robustness in dense scenes with frequent occlusions
and small samples with significant movement
differences. The ablation experiments further
validate the synergistic gain effect of each innovative
module, in which the ternary attention mechanism
contributes more significantly to the improvement of
the leakage detection rate, and the recall index
decreased by 1.01%.

The technology proposed in this study advances
the accuracy and adaptability of classroom behaviour
detection, reducing reliance on manual annotation
and lowering hardware deployment thresholds. This
enables educationally underserved regions to access
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intelligent teaching support, ultimately shifting
classroom observation from experiential judgement
to data-driven approaches and liberating teachers'
core creativity. However, there is still room for
improvement as follows: first, the current model's
ability to recognize micro expressions under extreme
lighting changes needs to be improved; second, the
fusion mechanism of multi-modal data (e.g., speech,
eye movement trajectory) has not been fully

generalization needs to be further optimized by
techniques such as self-supervised learning. Future
research will focus on the enhancement of dynamic
environment adaptability, the design of lightweight
deployment scheme and the construction of
educational evaluation index system, in order to
promote the transformation of intelligent classroom
monitoring technology from algorithm validation to
practical teaching applications.

explored; and lastly, the performance of cross-scene
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