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Abstract: Objective Due to the current problem that driver fatigue detection cannot simultaneously balance detection
speed and accuracy, this paper proposed a fatigue driving detection algorithm based on an improved YOLOv7 model.
Methods Firstly, to improve the model’ s convergence speed and enhance its detection performance, the traditional
convolutional layer was replaced with a depthwise over-parameterized convolutional layer, which accelerated the fitting
process by adding learnable parameters. Secondly, in scenes with occluded targets, traditional downsampling processes
can lead to significant feature loss. To improve the accuracy of occluded target detection, the algorithm introduced a
Depthwise Separable Convolution (DS-Conv) module based on improved Squeeze-and-Excitation Attention. Thirdly, to
enhance the model’ s ability to detect small targets, an MSS attention module with multi-scale feature extraction was added

to the feature extraction layer, which can capture the details and contextual information of targets at different scales.

Wk H1181:2024-01-04  f2Ia1 H 81:2024-03-28 L4 5 : 1672-058X(2025) 04-0062-10

FEBIH R AR S (2108085MF197) 5 LRI AL 9 H AR AT B H (KJ2019A0162) 3 248 T AR R [ 5K A AR
SEILE TR H (XJKY2022040) .

TEBTRAT  TRGHE(1998—) , T3 | ZRONZN AL B AL | R B AL PSR

WA ERE(1981—) , 55 L 8ia MO, T 208, AR 0, I PR 5 LA M5 8 AL B AN THSE ML 58 S5 WP 5Y. Email ;
fswang@ ahpu. edu. cn.

5UTRS A SR 4HE , ERBE Wit atie. 56T ZHRAEAE RS 1O 55 2 BAGAR VL [ 0], HE R TR A4 ( H AR AR ,2025,42(4)
62-71.
ZHANG Xingwang, WANG Fengsui, YANG Haiyan. Fatigue driving detection algorithm based on multi-feature information fusion
[J]. Journal of Chongqing Technology and Business University (Natural Science Edition), 2025, 42(4): 62-71.

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%4 4

KX, S . AT OHEGEREGMETER BN H 63

Finally, fatigue driving determination was performed on the detected faces according to the PERCLOS criterion.

Results The experimental results showed that the improved algorithm achieved accuracies of 96. 0%, 94. 6%, and 88. 1%

on the Easy, Medium, and Hard subsets of the WIDER FACE dataset, respectively.

Conclusion The improved

algorithm, with its simple structure and small number of parameters, is conducive to real-time face target detection and is

suitable for deployment in resource-limited environments such as in-vehicle systems, effectively ensuring driver safety.

Keywords: fatigue driving detection; multi-feature information fusion; channel attention; multi-scale feature extraction;
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Fig.1 Structure of SE attention module
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Table 3 Comparison of results(mAP) of different algorithms
on the WIDER FACE validation set
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Fig.7 Comparison of image recognition results
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