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Mining truck driver fatigue driving detection

based on improved YOLOvVS
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Abstract; To address the high rates of missed detections and false alarms, as well as the poor robustness
in fatigue driving detection for open-pit mine truck drivers, a fatigue driving detection model for mine truck
drivers (EBS-YOLO) based on the improved YOLOvS is constructed to enhance the overall performance of
fatigue detection. Firstly, YOLOv8 was used as the basic model for fatigue detection, and a small target
detection layer was added to enhance the model “s attention to small targets. Secondly, the bottleneck
attention module ( BAM) was used to improve the model performance to exiract small target features,
especially eye features. Finally, all cross-stage aggregation modules ( C2f) in the backbone network were

replaced with efficient multi-scale attention ( EMA ) modules, thereby effectively reducing model
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parameters and computational overhead to meet the requirements of a lightweight model. The results

showed that the improved YOLOv8 model had a great detection effect with the accuracy, recall rate, and

average detection accuracy reaching 93. 6%, 93.9%, and 96.5%, respectively, and the memory size of

the model was only 4.9 MB. Compared with the YOLOv8 model, the improved model can quickly and

accurately identify the fatigue state of mining truck drivers, meet real-time requirements, and effectively

prevent fatigue-driving accidents.
Keywords: open-pit mines;
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Table 1 Comparison of attention modules

i

e mAP Params/ | FLOPs/ Jerh
@0.5/% M G MB
YOLOv8n 91.2 3.01 8.1 6.3

10. 95 37.8 22.1
10. 98 38.4 22.4
11.28 38.1 22.5
10. 94 37.8 22.3
11. 62 39.2 23.1
11.53 38.9 22.3

NEFE 9.1

/N B AR+ Biformer 94. 8
/NHR+GAM 94.3
/NE 5 +SimAM 94.6
/NEFRE+CBAM 94.5
/NEFR+BAM 96.3
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Table 2 Overall model ablation test

B | JNEFE | BAM | EMA | mAP@0.5/% | mAP@0.5-0.95/% | Params/M | FLOPs/G | Hi%IK/\/MB
1 — — — 91.2 53.2 3.01 8.1 6.3
2 vV — — 94.9 54.9 10.95 37.8 22.1
3 Vv VvV — 9.3 56.1 11.53 38.9 22.3
4 VvV vV vV 96. 5 56.7 2.28 10.7 4.9

2) BHEALXT RIS R S b, Rk el
JEASRLSE R IR RE , 7 F H HT U H AR A ) 4 5 H
XF AT, AR W 3, ATLAA H ZEAR R 251
T, B R B B AR AR YOLO 3R 4158 AL A A%
1y B AH X B AIG, BRL IR 22 HE A i A5 Y ( Single Shot
MultiBox Detector, SSD ) A6 IR 8 AH X 388 &y, {H AR Y
TSR 2 B R AFR AR AR XT38 s X1 9 B B 1 B
o P AL A PR 3 B BL R ((Fast Region-based
Convolutional Network , Fast-RCNN ) & 75 %5 i 46 0
R RE B SRR R K, AR, I HLAG DU 32 i
RARG | XE LA A2 952 55 725 b S A ARG T 5 K et S A
BRI RS e B AR 8 = 2 a) P, HAT
R RE D SHCR A N S A [) I /MR A
PRI v A D0 3 2 B 35 5 02 S A M B 5, 325 8 K
W R AT HLIES7 2 BRI 2R g ok b R il | ks
AR B R R, B S S TR R A IR
W,

3) KR AT, 3R 4 WG SRS BEXT L
S50 LR RO S A AR AR T HR S AR S ) A
TNK 2 Y S B T AT AR (1 o A ARG O P R AT 2 A%
SR AN WA AT [ 43T, kit Fe B AR B A G

#x3 BREAHIKKEER
Table 3 Lightweight comparison test results
mAP  |Params/|FLOPs/| FPS/ |1k
@0.5/% M G |(Mi-s")|/N/MB
YOLOv8n 91.2 3.01 8.1 51 6.3
YOLOv3-tiny | 85.3 105.7 | 292.2 5 206. 8
YOLOv5s 91.4 4.9 14.9 44 13.2
YOLOv6n 89.5 4.5 12.8 43 8.9
YOLOv7-tiny | 90.5 6.7 15.1 41 72.6
SSD 93.8 26.4 | 107.8 25 93.5
Fast-RCNN 92.3 42.6 | 134.5 10 106. 5
EBS-YOLO 96.5 2.28 10.7 49 4.9
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Table 4 Accuracy comparison before and after improvements

FEAI A | BRIR | IR | TRME | PAME FTHE R o= | &k | PP% | R/% | mAP@0.5/%
YOLOv8n 97.9 | 85.6 | 85.8 | 89.3 | 87.7 92.2 94.6 96. 5 88.4 | 87.8 91.2
EBS-YOLO | 98.5 | 95.4 | 96.2 | 96.6 | 95.9 9.5 97.1 95.8 | 93.6 | 93.9 9.5
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Table 5 Model performance comparison

. P/ R/ | mAP | FPS/ |BimIk

% % |@0.5/%]| (Wi-s") | /N/MB
YOLOVSn | 91.4 | 91.0 | 92.4 52 6.3
YOLOvSs | 92.1 | 85.0 | 91.9 46 13.2
YOLOv6n | 84.1 | 88.2 | 89.2 44 8.9
YOLOv7-tiny | 90.7 | 90.4 | 94.2 40 | 72.2
SSD 94.0 | 83.6 | 94.1 28 93.5
FastRCNN | 92.9 | 82.1 | 93.3 19 | 106.5
EBS-YOLO | 96.8 | 96.5 | 97.4 49 4.9
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