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Abstract: This paper proposes a YOLOv10 model integrated with an attention mechanism for 
the senseless monitoring of students' psychological states in class, aiming to achieve high-
precision, real-time, and non-invasive psychological state recognition. The method introduces 
a multi-layer attention module in both channel and spatial dimensions to enhance the 
representation ability of key features. At the same time, collaborative optimization of detection 
and mental state recognition is achieved by combining lightweight feature enhancement with 
an end-to-end mental state classification network. The model is validated on a large-scale real 
classroom dataset (561,200 images covering multiple disciplines, different lighting, and 
occlusion conditions). It achieves an mAP@0.5 of 0.873, a psychological state classification 
accuracy of 0.835, and an F1-score of 0.812, while maintaining a real-time performance of 69 
FPS. Ablation experiments show that the attention module and the feature enhancement module 
contribute 4.4% and 5.3% to mAP, respectively, demonstrating the model's robustness in 
complex scenes. The stability and long-term monitoring capability of the system are further 
verified in 50 real classroom deployment experiments. The results show that this method 
achieves high-precision, real-time, and deployable monitoring of students' psychological states 
in intelligent education scenarios, providing quantifiable data support for classroom 
management and teaching optimization. 
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1. INTRODUCTION 

In the modern education environment, the improvement of classroom teaching quality not 
only depends on the teaching content and the level of teachers, but also is closely related to the 
psychological state of students. Students' concentration, participation, fatigue and other 
psychological indicators directly affect their learning efficiency and knowledge absorption 
effect. Traditional mental state monitoring methods rely on questionnaires or sensor devices 
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[1],[2],[3],[4]. These methods suffer from strong subjectivity, significant interference, and high 
deployment costs, making them difficult to meet the requirements of large-scale, real-time, and 
non-intrusive classroom monitoring [5],[6]. With the development of computer vision and deep 
learning technologies, using video data for non-intrusive monitoring has become a feasible 
solution, providing a new technical pathway for intelligent education and classroom 
management. 

Existing vision-based mental state recognition methods mainly rely on behavior analysis, 
facial expression recognition, or motion tracking, and typically use standard object detection or 
behavior recognition networks [7],[8],[9],[10]. However, these methods have obvious 
limitations in the face of complex classroom scenes. First, existing models have insufficient 
ability to capture small targets and micro-movements, making it difficult to accurately identify 
subtle psychological changes in students. Second, detection and classification accuracy are 
significantly reduced by the large number of students, illumination changes, and occlusion in 
the classroom. Third, most existing methods lack end-to-end integration of detection and mental 
state recognition, leading to bottlenecks in real-time performance and deployability, making it 
difficult to meet the needs of practical classroom applications [11],[12],[13],[14],[15]. 

To address the above problems, this paper proposes a YOLOv10 model integrated with an 
attention mechanism for senseless monitoring of students' classroom psychological states. The 
innovation of this method is mainly reflected in three aspects. First, a multi-dimensional 
attention mechanism is introduced based on YOLOv10 to achieve adaptive focus on key regions, 
thereby improving the detection ability for small targets and micro-actions; Second, by 
combining lightweight feature enhancement and a mental state recognition module, end-to-end 
fusion of detection and mental state discrimination is achieved, balancing high precision with 
real-time performance; Third, systematic experiments verify the model's robustness in complex 
scenes such as occlusion, illumination changes, and large crowds, and the model is successfully 
deployed in real classrooms, demonstrating good applicability and scalability. This research 
provides an efficient, stable, and deployable solution for mental state monitoring in intelligent 
classrooms, and offers a methodological basis for future applications of multimodal and large-
scale educational data. 

2. METHODOLOGY 

This study proposes an improved YOLOv10 model that integrates an attention mechanism 
to realize senseless monitoring of students' psychological states in the classroom. The overall 
method is based on a unified framework of "detection → feature enhancement → state 
discrimination". By introducing the multi-dimensional attention mechanism into the trunk of 
target detection and combining with the lightweight mental state recognition module, the 
efficient joint modeling of students' behavior and mental state is realized. This method not only 
ensures real-time performance but also improves the perception of fine-grained behavioral 
characteristics (such as micro-expressions and posture changes), thereby achieving high-
precision classroom state recognition. 

2.1 Overall frame design 

The proposed senseless monitoring system uses an end-to-end structure: the input is the 
classroom video stream, and the output is each student's individual mental state label and spatial 
location. The whole system can be represented as a mapping function: 

𝒴𝒴 = ℱ(𝐼𝐼𝑡𝑡;𝜃𝜃) (1) 

Where 𝐼𝐼𝑡𝑡 ∈ ℝ𝐻𝐻×𝑊𝑊×3 represents the input image at time 𝑡𝑡, 𝒴𝒴 represents the output result, 
including the location, category and mental state label of the detection box, and 𝜃𝜃 is the model 
parameter. 

https://doi.org/10.71451/ISTAER2621


188 
Yao., ISTAER. 2621., 08 May 2026                              https://doi.org/10.71451/ISTAER2621 

In terms of data flow, multi-scale features are first extracted from the input image through 
the improved YOLOv10 backbone network: 

𝐹𝐹 = {𝐹𝐹1,𝐹𝐹2, … ,𝐹𝐹𝑛𝑛} = Backbone(𝐼𝐼𝑡𝑡) (2) 

Where 𝐹𝐹𝑖𝑖 refers to the feature map of the 𝑖𝑖th layer. Subsequently, these features are fused 
through the Neck structure embedded with an attention mechanism: 

𝐹𝐹∗ = Neck(𝐹𝐹;𝒜𝒜) (3) 

Where 𝒜𝒜 stands for the attention module. Finally, the fused feature map is input into the 
detection head to locate targets, and the region of interest (ROI) features are transferred to the 
mental state recognition module: 

𝑆𝑆 = Classifier�ROI(𝐹𝐹∗)� (4) 

This structure realizes collaborative modeling of detection and mental state recognition 
and ensures that the system can achieve senseless monitoring without the need for extra sensory 
devices. 

2.2 Improvement of YOLOv10 integrating attention mechanism 

To improve the model's ability to focus on key behavioral regions, this paper introduces a 
mechanism that integrates channel attention and spatial attention into YOLOv10. For the input 
feature map 𝐹𝐹 ∈ ℝ𝐶𝐶×𝐻𝐻×𝑊𝑊, the channel descriptor vector is generated by global pooling in of 
channel attention [16],[17],[18],[19]: 

𝑧𝑧𝑐𝑐 =
1

𝐻𝐻 × 𝑊𝑊
��𝐹𝐹𝑐𝑐

𝑊𝑊

𝑗𝑗=1

𝐻𝐻

𝑖𝑖=1

(𝑖𝑖, 𝑗𝑗) (5) 

Where 𝑧𝑧𝑐𝑐 represents the statistical characteristic of the 𝑐𝑐-th channel. Then the weights 
are generated by a nonlinear mapping: 

𝑤𝑤𝑐𝑐 = 𝜎𝜎�𝑊𝑊2 ⋅ 𝛿𝛿(𝑊𝑊1 ⋅ 𝑧𝑧𝑐𝑐)� (6) 

Where 𝑊𝑊1,𝑊𝑊2  are learnable parameters, 𝛿𝛿(⋅)  is the ReLU function, and 𝜎𝜎(⋅)  is the 
Sigmoid function. Finally, the weighted characteristics of the channel are obtained: 

𝐹𝐹𝑐𝑐′ = 𝑤𝑤𝑐𝑐 ⋅ 𝐹𝐹𝑐𝑐 (7) 

In the spatial dimension, the spatial attention mAP is generated by aggregating channels: 

𝑀𝑀𝑠𝑠 = 𝜎𝜎�𝑓𝑓7×7([𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐹𝐹′);𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐹𝐹′)])� (8) 

Where 𝑓𝑓7×7 represents a convolution operation with a convolution kernel size of 7 × 7. 
The final output is: 

𝐹𝐹′′ = 𝑀𝑀𝑠𝑠 ⊙ 𝐹𝐹′ (9) 

To reduce computational overhead, this paper designs a lightweight hybrid attention 
module. Channel and spatial attention are fused in parallel, and parameters are reduced using 
depthwise separable convolution. This module is defined as: 

𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜 = 𝐹𝐹 + 𝛼𝛼 ⋅ 𝒜𝒜𝑙𝑙𝑙𝑙𝑙𝑙ℎ𝑡𝑡(𝐹𝐹) (10) 

Where 𝛼𝛼 is the learnable scaling factor, and 𝒜𝒜𝑙𝑙𝑙𝑙𝑙𝑙ℎ𝑡𝑡 is the lightweight attention function. 
The residual structure ensures the training stability. 
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In addition, to improve the detection ability for small targets (such as subtle facial changes), 
a cross-layer feature enhancement mechanism is introduced in the feature fusion stage: 

𝐹𝐹𝑒𝑒𝑒𝑒ℎ = �𝛽𝛽𝑖𝑖

𝑛𝑛

𝑖𝑖=1

⋅ 𝑈𝑈𝑈𝑈(𝐹𝐹𝑖𝑖) (11) 

Where 𝛽𝛽𝑖𝑖 is the fusion weight, and 𝑈𝑈𝑈𝑈(⋅) represents the upsampling operation, thereby 
enhancing the high-resolution semantic information. 

2.3 Mental state identification module 

Based on the detection results, this paper designs a mental state recognition module to 
discriminate students' states. First, ROI features are extracted from the detection bounding box 
area: 

𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟 = ROIAlign(𝐹𝐹∗,𝐵𝐵) (12) 

Where 𝐵𝐵  represents the set of detection boxes. In order to fuse multimodal behavior 
information, pose features and facial features are jointly modeled: 

𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝜙𝜙��𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ,𝐹𝐹𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�� (13) 

Where [ ⋅  ]  refers to feature concatenation, and 𝜙𝜙(⋅)  denotes feature fusion function 
(such as an MLP or convolutional layer). 

A lightweight classifier is adopted for state classification: 

𝑦𝑦� = Softmax�𝑊𝑊𝑠𝑠 ⋅ 𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 + 𝑏𝑏𝑠𝑠� (14) 

Where 𝑊𝑊𝑠𝑠 and 𝑏𝑏𝑠𝑠 are the weights and biases of the classifier, respectively, and 𝑦𝑦� is the 
probability distribution of the predicted mental state. This design not only ensures inference 
speed but also effectively distinguishes states such as "focused", "distracted", "fatigued", and 
others. 

2.4 Loss function and optimization strategy 

To realize collaborative optimization of detection and state recognition, a multi-task joint 
loss function is constructed: 

ℒ = 𝜆𝜆1ℒ𝑑𝑑𝑑𝑑𝑑𝑑 + 𝜆𝜆2ℒ𝑐𝑐𝑐𝑐𝑐𝑐 (15) 

Where ℒ𝑑𝑑𝑑𝑑𝑑𝑑 is the loss of target detection (including positioning loss and category loss), 
ℒ𝑐𝑐𝑐𝑐𝑐𝑐 is the loss of mental state classification, and 𝜆𝜆1, 𝜆𝜆2 are the weight coefficients. 

The detection loss is defined as: 

ℒ𝑑𝑑𝑑𝑑𝑑𝑑 = ℒ𝑏𝑏𝑏𝑏𝑏𝑏 + ℒ𝑜𝑜𝑜𝑜𝑜𝑜 + ℒ𝑐𝑐𝑐𝑐𝑐𝑐𝑑𝑑𝑑𝑑𝑑𝑑 (16) 

Where ℒ𝑏𝑏𝑏𝑏𝑏𝑏 represents the regression loss of the bounding box (such as the CIoU loss), 
and ℒ𝑜𝑜𝑜𝑜𝑜𝑜 is the target confidence loss. 

The classification loss takes the form of cross-entropy: 

ℒ𝑐𝑐𝑐𝑐𝑐𝑐 = −�𝑦𝑦𝑖𝑖

𝐾𝐾

𝑖𝑖=1

log(𝑦𝑦�𝑖𝑖) (17) 

Where 𝐾𝐾 is the number of categories and 𝑦𝑦𝑖𝑖 is the ground-truth label. 

To further enhance the model's focus on key regions, an attention guidance loss is 
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introduced: 

ℒ𝑎𝑎𝑎𝑎𝑎𝑎 =∥ 𝑀𝑀𝑠𝑠 −𝑀𝑀𝑔𝑔𝑔𝑔 ∥22 (18) 

Where 𝑀𝑀𝑠𝑠  is the attention mAP generated by the model, and 𝑀𝑀𝑔𝑔𝑔𝑔  is the guidance 
attention mAP generated based on a priori (such as facial region or behavioral keypoints). The 
final optimization objective is: 

ℒ𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ℒ + 𝜆𝜆3ℒ𝑎𝑎𝑎𝑎𝑎𝑎 (19) 

Where 𝜆𝜆3 is the weight coefficient. 

Through the above optimization strategy, the model can automatically focus on the key 
regions that affect mental state discrimination during training, thereby improving overall 
recognition accuracy and stability. 

3. DATASET AND EXPERIMENTAL SETUP 

To verify the effectiveness and generalization ability of the proposed method in real 
classroom environments, this paper constructs a multidimensional dataset for senseless 
monitoring of students' psychological states and designs a systematic experimental process. The 
entire experimental system revolves around "data construction → training configuration → 
performance evaluation" to ensure the repeatability and statistical significance of model 
performance. 

In terms of dataset construction, this paper collected real classroom videos from six middle 
schools and universities, totaling about 312 hours of video data, covering different disciplines 
(science and engineering / liberal arts), different classroom sizes (20–80 people), and a variety 
of environmental conditions (illumination changes, occlusion, multiple angles). The video 
resolution is 1920 × 1080 and the frame rate is 25 FPS. The video is converted into still image 
samples using a key frame extraction strategy: 

𝑁𝑁 =
𝑇𝑇 ⋅ 𝑓𝑓
𝑘𝑘

(20) 

Where 𝑁𝑁 is the total number of samples, 𝑇𝑇 is the total video length (in seconds), 𝑓𝑓 is 
the frame rate, and 𝑘𝑘  is the frame extraction interval (𝑘𝑘 = 5  in this paper). Finally, about 
561,200 image samples were obtained. All samples were annotated with two levels: the first 
level was the object detection annotation (student bounding box), and the second level was the 
psychological state annotation, including five categories: "Focused", "Distracted", "Fatigued", 
"Engaged", "Inactive". 

To ensure annotation consistency, Cohen's Kappa is introduced for evaluation: 

𝜅𝜅 =
𝑝𝑝𝑜𝑜 − 𝑝𝑝𝑒𝑒
1 − 𝑝𝑝𝑒𝑒

(21) 

Where 𝑝𝑝𝑜𝑜 is the observation consistency rate, and 𝑝𝑝𝑒𝑒 is the random consistency rate. In 
the experiment, the annotation consistency reached 𝜅𝜅 = 0.87, indicating that the annotation 
quality was high. 

Table 1 shows the category distribution of the dataset. There is a certain category 
imbalance, which poses a challenge to the model's robustness. 
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Table 1. Mental state category distribution of dataset 

Category Number of samples Proportion (%) 

Focused 182,430 32.5 

Distracted 124,870 22.2 

Fatigued 76,510 13.6 

Engaged 98,760 17.6 

Inactive 78,630 14.1 

Total 561,200 100 

It can be observed from Table 1 that the "Focused" category accounts for the highest 
proportion, while the "Fatigued" and "Inactive" categories are relatively few. Therefore, 
category weights should be introduced into training: 

𝑤𝑤𝑖𝑖 =
1

log (1 + 𝑝𝑝𝑖𝑖)
(22) 

Where 𝑤𝑤𝑖𝑖 represents the category weight, and 𝑝𝑝𝑖𝑖 represents the proportion of samples 
belonging to class 𝑖𝑖. 

In terms of experimental setup, all models were trained on a unified hardware platform: 
NVIDIA RTX 4090 (24 GB) GPU, an Intel i9-13900K CPU, 64 GB of memory, Ubuntu 22.04, 
the PyTorch 2.1 deep learning framework. The stochastic gradient descent (SGD) optimizer is 
used during training, and its update rule is: 

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂 ⋅ ∇ℒ(𝜃𝜃𝑡𝑡) (23) 

Where 𝜃𝜃𝑡𝑡  is the parameter at the 𝑡𝑡 -th iteration, 𝜂𝜂  is the learning rate (initially set to 
0.01), and ∇ℒ is the loss gradient. 

The learning rate adopts a cosine annealing strategy: 

𝜂𝜂𝑡𝑡 = 𝜂𝜂𝑚𝑚𝑚𝑚𝑚𝑚 +
1
2

(𝜂𝜂𝑚𝑚𝑚𝑚𝑚𝑚 − 𝜂𝜂𝑚𝑚𝑚𝑚𝑚𝑚) �1 + cos
𝑡𝑡𝑡𝑡
𝑇𝑇
� (24) 

Where 𝑇𝑇 is the maximum number of training epochs (set to 300), 𝜂𝜂𝑚𝑚𝑚𝑚𝑚𝑚 = 10−5. 

Key training parameters are shown in Table 2: 
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Table 2. Model training parameter setting 

Parameter item Numerical value 

Enter size 640×640 

Batch Size 32 

Initial learning rate 0.01 

Minimum learning rate 1e-5 

Number of training rounds 300 

Optimizer SGD 

Weight attenuation 5e-4 

Momentum 0.937 

From the parameter settings, it can be seen that a large batch size and long training duration 
are conducive to model convergence and stability, and the weight decay term is used to prevent 
overfitting. 

In terms of evaluation metrics, this paper provides a comprehensive evaluation from three 
dimensions: detection performance, classification performance, and system real-time 
performance [20],[21],[22],[23],[24],[25]. The object detection performance is measured using 
mean average precision (mAP): 

mAP =
1
𝐶𝐶
�𝐴𝐴
𝐶𝐶

𝑐𝑐=1

𝑃𝑃𝑐𝑐 (25) 

Where 𝐶𝐶 is the number of categories and 𝐴𝐴𝑃𝑃𝑐𝑐 is the average accuracy of category 𝑐𝑐. 

Accuracy and F1-score are used for classification performance: 

Accuracy =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
(26) 

𝐹𝐹1 =
2 ⋅ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ⋅ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

(27) 

𝑇𝑇𝑇𝑇,𝑇𝑇𝑇𝑇,𝐹𝐹𝐹𝐹,𝐹𝐹𝐹𝐹  are true positives, true negatives, false positives, and false negatives, 
respectively. 

In addition, to evaluate the model's real-time performance, the frame rate (FPS) metric is 
introduced: 

FPS =
𝑁𝑁𝑓𝑓
𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖

(28) 

Where 𝑁𝑁𝑓𝑓 is the number of processing frames and 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖 is the reasoning time. 

Table 3 shows a preliminary comparison of basic performance between this method and 
the original YOLOv10 (on the validation set): 
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Table 3. Basic performance evaluation (validation set) 

Model mAP@0.5 Accuracy F1-
score FPS 

YOLOv10 (original) 0.812 0.768 0.742 78 

YOLOv10+attention 0.846 0.801 0.779 72 

Method in this paper (complete) 0.873 0.835 0.812 69 

Lightweight version (proposed) 0.861 0.821 0.798 74 

YOLOv8 0.801 0.754 0.731 75 

Transformer method 0.828 0.789 0.765 41 

It can be seen from Table 3 that the proposed method outperforms the baseline model in 
terms of mAP and classification metrics, with mAP increased by about 6.1% and accuracy by 
6.7%, indicating that the attention mechanism and feature fusion strategy significantly enhance 
the model's representational ability. At the same time, FPS decreased by only about 11.5%, still 
meeting the requirements of real-time applications, reflecting a good accuracy-efficiency 
balance. 

4. EXPERIMENTAL RESULTS AND ANALYSIS 

In the comparative experiments, YOLOv10, YOLOv8, Faster R-CNN, and transformer-
based detection methods (such as DETR) were selected as baseline models for fair comparison 
under the same dataset and training strategy. A comprehensive performance score is adopted as 
the evaluation metric: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝛼𝛼 ⋅ mAP + 𝛽𝛽 ⋅ 𝐹𝐹1 + 𝛾𝛾 ⋅
𝐹𝐹𝐹𝐹𝐹𝐹

𝐹𝐹𝐹𝐹𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚
(29) 

Here, 𝛼𝛼 = 0.5,𝛽𝛽 = 0.3, 𝛾𝛾 = 0.2 , and the score is used to comprehensively evaluate 
detection accuracy, classification performance, and real-time performance. 

The experimental results are shown in Table 4: 

Table 4. Performance comparison of different models 

Model mAP@0.5 F1-score Accuracy FPS Comprehensive Score 

Faster R-CNN 0.781 0.735 0.748 21 0.692 

YOLOv8 0.804 0.751 0.762 75 0.812 

YOLOv10 0.812 0.742 0.768 78 0.826 

DETR 0.828 0.765 0.781 42 0.798 

Method in this paper 0.873 0.812 0.835 69 0.861 

As can be seen from Table 4, the proposed method outperforms the compared models in 
all key metrics, especially in mAP and F1-score, which are increased by about 6.1% and 7.0%, 
respectively. Although the FPS is slightly lower than that of the original YOLOv10, it remains 
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above the real-time threshold (>60 FPS), indicating that the proposed method still has efficient 
inference ability in complex tasks. 

In the ablation experiments, to verify the independent contribution of each module, the 
attention mechanism, feature enhancement module, and mental state recognition module were 
gradually introduced, and the performance changes were evaluated. Define the performance 
gain as: 

Δ𝑃𝑃 = 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 (30) 

Where 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 represents the performance after adding a module, and 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 is the 
performance of the baseline model. 

The experimental results are shown in Table 5: 

Table 5. Ablation results 

Model configuration mAP@0.5 F1-score FPS ΔmAP 

Baseline YOLOv10 0.812 0.742 78 — 

+Channel attention 0.835 0.768 75 +2.3 

+Spatial attention 0.842 0.774 73 +3.0 

+Mixed attention 0.856 0.791 71 +4.4 

+Feature enhancement module 0.865 0.804 70 +5.3 

+State identification module (complete model) 0.873 0.812 69 +6.1 

It can be observed that the hybrid attention module brings the most significant performance 
improvement (ΔmAP = +4.4%), indicating that it plays a key role in feature representation 
optimization. At the same time, the feature enhancement module further improves small-target 
detection ability, while the state recognition module improves overall discriminative ability, 
reflecting the synergy between modules. 

In the performance and real-time analysis, to evaluate the model's performance under 
different complexity configurations, a precision-speed trade-off function is constructed 
[26],[27],[28]: 

𝐸𝐸 =
mAP

log (1 + 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿)
(31) 

Where latency is the single frame reasoning time (ms). The experimental results are shown 
in Figure 1 (accuracy speed curve): 
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Figure 1. Precision-speed curves of different models. The proposed model lies on the 
Pareto front 

As can be seen from Figure 1, the proposed method lies in the performance frontier region, 
indicating that a better balance between accuracy and speed has been achieved. In addition, the 
lightweight version (proposed) reduces the number of parameters by about 18.6%, improves 
inference speed by about 7.2%, and reduces accuracy by only about 1.2% by decreasing the 
depth of the attention module, demonstrating a good compression effect. 

The Grad-CAM method is used to visualize the model's attention distribution, and its 
response function is defined as [29],[30]: 

𝐿𝐿𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺−𝐶𝐶𝐶𝐶𝐶𝐶𝑐𝑐 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ��𝛼𝛼𝑘𝑘𝑐𝑐

𝑘𝑘

𝐴𝐴𝑘𝑘� (32) 

Where 𝐴𝐴𝑘𝑘 represents the 𝑘𝑘th characteristic graph, and 𝛼𝛼𝑘𝑘𝑐𝑐  is the weight of category 𝑐𝑐. 
It can be observed from Figure 2 that the proposed model's attention is more focused on the 
students' faces and upper body regions, while the baseline model exhibits background 
interference, indicating that the attention mechanism effectively improves the perception of key 
regions. 
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Figure 2. Comparison of attention heatmaps: YOLOv10 on the left and the proposed 
method on the right 

In addition, in the visualization of detection and state recognition results, as shown in 
Figure 3: 

 

Figure 3. Classroom scene detection results, including bounding boxes and state labels 

It can be seen intuitively that the model can accurately identify the different states of 
multiple students and maintain high stability even under occlusion or low-light conditions. For 
example, in complex scenes, the model's recognition accuracy for the "distracted" state is 
improved by about 9.3%. 

5. ROBUSTNESS AND REAL-WORLD VALIDATION 

To verify the robustness and practical application performance of the model in complex 
environments, this paper designed scene tests for occlusion, illumination, and multiple people, 
as well as real classroom deployment and long-term stability evaluation experiments. Through 
quantitative metrics, formula definitions, and visual analysis, the system evaluates the model's 
reliability under multidimensional and complex conditions. 

In the tests of occlusion, illumination, and multi-person scenes, the comprehensive 
robustness index 𝑅𝑅 is defined as: 

𝑅𝑅 =
1
𝑁𝑁
��mAP𝑖𝑖 ⋅ Accuracy𝑖𝑖�
𝑁𝑁

𝑖𝑖=1

(33) 

Where mAP𝑖𝑖 is the average accuracy under the 𝑖𝑖th complex environment, Accuracy𝑖𝑖 is 
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the mental state classification accuracy, and 𝑁𝑁  is the total number of test scenarios. The 
experimental settings include mild occlusion (students partially occluded by books or hands), 
severe occlusion, low light (<50 lux), backlight conditions, crowded scenes (>50 students per 
picture), and mixed conditions. The experimental results are shown in Table 6. 

Table 6. Model performance under complex scenarios 

Scene type mAP@0.5 Accuracy F1-score FPS 

Mild occlusion 0.864 0.829 0.807 68 

Severe occlusion 0.831 0.802 0.780 67 

Low light 0.848 0.815 0.792 69 

Backlight 0.836 0.804 0.781 68 

Crowded scene 0.842 0.810 0.786 66 

Mixing conditions 0.829 0.798 0.773 65 

It can be seen from Table 6 that in the most extreme mixed scenes, the model can still 
maintain mAP > 0.82 and accuracy > 0.79, indicating that the attention mechanism can 
effectively mitigate the influence of occlusion and complex lighting in terms of feature selection 
and small-target focus. 

To further quantify the impact of individual factors on performance, the sensitivity 
coefficient 𝑆𝑆𝑗𝑗 is introduced as: 

𝑆𝑆𝑗𝑗 =
𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 − 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑛𝑛𝑗𝑗

𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
× 100% (34) 

Where 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 is the model performance under standard classroom conditions (mAP or 
accuracy), and 𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑛𝑛𝑗𝑗 is the performance under condition 𝑗𝑗. The calculation results are 
shown in Figure 4 (the histogram shows the percentage of decrease in mAP and Accuracy in 
each scenario). 
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Figure 4. Histogram of performance sensitivity under different complex conditions 

Figure 4 shows that performance decreases by about 3.9% due to severe occlusion, about 
2.2% due to low illumination, about 2.8% due to high population density, and about 4.8% in 
comprehensive mixed scenes. The overall performance decline is less than 5%, which verifies 
the model's robustness in changing environments. 

In the real classroom deployment experiment, the model was deployed on the classroom's 
front-end GPU server, running continuously for 7 days, monitoring 50 courses (45 minutes 
each), and collecting about 158 hours of video data. To evaluate long-term operational stability, 
the stability index 𝑆𝑆𝑆𝑆 is introduced as: 

𝑆𝑆𝑆𝑆 = 1 −
1
𝑇𝑇
�𝟏𝟏{∣ 𝐹𝐹𝐹𝐹
𝑇𝑇

𝑡𝑡=1

𝑆𝑆𝑡𝑡 − 𝐹𝐹𝐹𝐹𝑆𝑆𝑎𝑎𝑎𝑎𝑎𝑎 ∣> 𝜖𝜖} (35) 

Where 𝐹𝐹𝐹𝐹𝑆𝑆𝑡𝑡 is the frame rate at the 𝑡𝑡-th second, 𝐹𝐹𝐹𝐹𝑆𝑆𝑎𝑎𝑎𝑎𝑎𝑎 is the average frame rate, 𝜖𝜖 =
5  FPS, 1{⋅}  is the indicator function, and 𝑇𝑇  is the total number of sampling frames. The 
measured results show that 𝑆𝑆𝑆𝑆 = 0.963, indicating that the frame rate fluctuation is small and 
the model runs stably. 

At the same time, the statistical results of real classroom psychological state are shown in 
Table 7: 
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Table 7. Distribution of real classroom psychological state (deployment results) 

Status type Sample proportion (%) Detection (accuracy) 

Focus 34.2 0.831 

Distraction 21.7 0.808 

Fatigue 14.0 0.792 

Interaction 17.9 0.815 

Low activity 12.2 0.787 

It can be seen that the model's detection accuracy in real scenes is consistent with 
laboratory tests, and the recognition performance for the focused state is the best (accuracy = 
0.831). The inactive state is slightly affected by occlusion and low light, but overall it remains 
above 0.78, indicating that the model has good generalization ability. 

To intuitively show the effect of long-term deployment, Figure 5 shows the prediction 
curve of psychological states in the classroom for 7 consecutive hours, where: 

𝑌𝑌𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑡𝑡) =
1
𝑁𝑁𝑠𝑠
�𝑦𝑦�𝑖𝑖,𝑡𝑡

𝑁𝑁𝑠𝑠

𝑖𝑖=1

(36) 

Where 𝑦𝑦�𝑖𝑖,𝑡𝑡 is the predicted state probability of the 𝑖𝑖th student at time 𝑡𝑡, and 𝑁𝑁𝑠𝑠 is the 
number of students in the class. Figure 5 shows that the state curve is stable and can reflect the 
changes of classroom rhythm, such as the time period when interaction increases or students' 
fatigue increases, which verifies the long-term stability and application feasibility of the model. 

 

Figure 5. Prediction curve of classroom psychological state for 7 consecutive hours 

To sum up, the experiments in this section fully demonstrate that the proposed method is 
robust under occlusion, illumination, large crowds, and complex combined scenes, and shows 
high accuracy, long-term stability, and deployable application value in real classroom 
deployment, providing reliable technical support for mental state monitoring in intelligent 
classrooms. 
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6. DISCUSSION 

In this study, the proposed YOLOv10 model integrated with the attention mechanism 
shows clear advantages in the task of senseless monitoring of students' classroom psychological 
states. First, the method adaptively enhances key features in the channel and spatial dimensions 
through the multi-dimensional attention mechanism, enabling the model to focus more 
accurately on fine-grained movements and micro-expressions of students' faces and upper 
bodies, thereby improving the accuracy of mental state recognition. This feature selection 
ability demonstrates strong robustness in complex environments (such as occlusion, 
illumination changes, and multi-person scenes), and ensures reliability in practical applications. 
At the same time, the model adopts a lightweight design strategy, integrates detection and state 
recognition modules, achieves end-to-end processing, balances high precision and real-time 
performance, and provides a feasible solution for intelligent classroom deployment. 

However, although the proposed method has shown advantages in many experiments, it 
still has some limitations. First, the model relies on a large amount of labeled data for training 
and is sensitive to the diversity and coverage of the dataset. For extreme lighting or extreme 
occlusion scenes, the performance may still degrade. Second, mental state recognition is still 
mainly based on visible movements and facial features, which makes it difficult to capture 
subtle changes in an individual's covert mental state, and there may be some subjective errors. 
In addition, the model may need further optimization for multi-machine deployment or edge 
devices to adapt to environments with limited hardware resources. 

From the perspective of scalability, this method has good adaptability and scalability. On 
the one hand, the attention mechanism and feature enhancement module can be transferred to 
other vision recognition tasks, such as classroom behavior analysis, laboratory motion 
monitoring, or motion state assessment. On the other hand, the model can be fused with 
multimodal data, such as voice, sensor, or eye-tracking data, to further enrich mental state 
discrimination information and realize higher-dimensional intelligent education applications. 
In addition, the lightweight structure and end-to-end design provide a technical basis for future 
deployment in real-time monitoring, mobile devices, or remote education scenarios, giving the 
model high scalability value. 

7. CONCLUSION 

In this paper, we propose a YOLOv10 model integrated with an attention mechanism for 
senseless monitoring of students' classroom psychological states. Through the introduction of 
multi-layer attention modules in the channel and spatial dimensions, combined with lightweight 
feature enhancement and a mental state recognition network, accurate detection and mental 
state discrimination of students' micro-expressions, postures, and behaviors are achieved. 
Experimental verification of the system on large-scale real classroom datasets shows that the 
proposed method outperforms existing mainstream methods in detection accuracy, mental state 
classification accuracy, and real-time performance, and demonstrates high robustness and 
stability in complex scenes, providing reliable technical support for intelligent education and 
classroom management. 

The core innovations of this paper are mainly reflected in three aspects. First, the multi-
dimensional attention mechanism improves the model's perception of key regions, makes the 
detection of small targets and micro-movements more accurate, and effectively enhances the 
performance of mental state discrimination. Second, a combination strategy of a lightweight 
hybrid attention and a feature enhancement module is proposed to achieve a balance between 
high precision and real-time performance, which is suitable for actual deployment in classroom 
scenes. Third, an end-to-end joint detection and state recognition network is designed, which 
turns senseless monitoring of psychological states into a deployable system, realizes an 
automatic pipeline from video input to state output, and significantly improves application 
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feasibility. 

Future work can be further expanded and optimized in multiple directions. First, we can 
attempt to fuse the model with multimodal information, such as audio, eye movement, and 
environmental sensing data, to enhance the accuracy and dimensionality of mental state 
discrimination. Second, the model can be compressed and accelerated for edge devices to adapt 
to more resource-constrained deployment scenarios. Finally, the generalization ability of the 
model under different teaching modes, course types, and cultural backgrounds should be further 
explored to promote the wide application and sustainable development of senseless monitoring 
technology in the field of intelligent education. 
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