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Abstract

In recent years, with the increasing number of cars, traffic accidents caused by fatigue driving have
become frequent. In response to the problems of insufficient accuracy, poor robustness, and large
size of current object detection algorithms, this paper proposes an efficient facial state detection
model for fatigue driving analysis based on YOLO11n. This article first addresses the impact of fac-
tors such as resolution, angle offset, and occlusion on small targets such as the eyes and mouth. In
the C3K2 feature extraction unit, an asymmetric filled windmill shaped convolution PSConv is in-
troduced to enable the module to capture a wider range of contextual information when extracting
features; Secondly, in response to the high computational resource consumption of the self atten-
tion mechanism in the original model C3PSA, a new attention operator TSSA based on statistics is
introduced to effectively capture features and accurately focus on the target area through statistical
analysis of token features. At the same time, Dynamic Tanh is introduced as the normalization layer
in the attention mechanism, which adds nonlinear normalization operations to the model without
unnecessary computational resources, improves detection accuracy, reduces model size, and en-
hances model robustness; Finally, to further reduce the number of model parameters, a lightweight
shared convolution head is introduced, and on this basis, detail enhanced convolution is integrated
to compensate for model detection accuracy. This article conducted effectiveness verification ex-
periments on a publicly available fatigue driving dataset. Compared to the baseline model, the im-
proved model improved detection accuracy by 1 percentage point for mAP50 and 4.1 percentage
points for mAP50-95; The number of model parameters decreased by nearly 23%; Frame rate in-
creased by 7 frames; The optimization tasks of lightweighting and detection accuracy have been
completed at the module improvement level, which can provide high-precision feature information
for further fatigue driving analysis.
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Figure 1. Structure diagram of the YOLO1 1n network and its improved model. (a) YOLO11n; (b) Improved model
[El 1. YOLO11n Mg R B ot iE BRI 45 49 E . (a) YOLO11In #5EY; (b) BU#AYIREL
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Figure 2. Structure diagram of PSConv
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Table 1. Results of ablation experiment

1. HAKEER

mAP50/%  mAP50-95/% R/% Params/M FPS/i
C3K2 AP C2TSSA DyT LSDECD
Val  Test Val Test Val Test Val Test Val Test

98.1 981 735 732 969 971 26 26 390 411

\ - - 989 99.1 767 768 977 983 24 24 370 379
J - 99.0 99.1 765 763 981 984 25 25 395 419

J 99.1 99.1 768 769 982 978 23 23 405 420

\ \ - 99.0 99.1 767 769 981 980 24 24 367 383
V - \ 99.0 992 768 774 981 981 2.1 21 379 391
\ \ 99.0 992 768 774 981 980 22 22 402 420

v \/ V 99.0 990 768 775 983 980 2.0 2.0 379 3%

T Ho v ORI, R AR

DOI: 10.12677/sea.2025.145092 1042 OISR


https://doi.org/10.12677/sea.2025.145092

ElvEE, FRETH

Table 2. Comparative test results

2. JFEEIRIELER

T mAP50/% mAP50-95/% ZHE/M FPS/1i

SSD [12] 91.6 68.5 144 187
YOLO5n [13] 97.4 73.2 2.5 394
YOLOSn [14] 98.3 73.3 3.0 409
YOLOY [15] 98.3 73.0 2.0 365
YOLO10n [16] 98.2 73.1 2.3 484
YOLO11n [5] 98.1 73.5 2.6 390
YOLOL11s [5] 98.5 75.2 9.4 290
YOLO12n [17] 98.4 72.3 2.5 388
YOLO12s [17] 98.5 74.2 9.1 255

Bz it 99.1 77.6 2.0 379

BbAh, ASCEIRIESE T, A BB R I LR AR YOLO1 In #E47 77 T 39 75 RR A0 G I £ 445 SR 3k 47 0t
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K5 pioR. S5RGBT, SOdJEH YOLOIn fETHE. AR, MES AR RS B3 A B g3 Tt. Horp,
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