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Abstract: In recent years, with the rise of autonomous driving technology for mining trucks, detecting obstacles on mining roads has be-
come crucial. Object detection models based on deep learning have been applied to significant effect in detecting obstacles on mining
roads, thereby providing possibilities for the improvement of autonomous driving technology for mining trucks. To address the issues of
large algorithms and high deployment costs associated with existing models for mining obstacle detection, an improved YOLOvVS model
tailored for edge computing platforms is proposed. This model is optimized for deployment on resource-constrained edge computing
devices to achieve rapid and accurate obstacle detection. In this model, during the feature extraction stage, depthwise separable convolu-
tions and channel attention mechanisms are introduced to enhance the model’s ability to extract overall features of obstacles, thereby im-
proving the detection accuracy of obstacles of various sizes. In the feature fusion stage, a BiFPN network structure is employed to light-

weight the backbone network and adaptively adjust fusion weights, reducing redundant information and enhancing feature representation.
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The detection head is redesigned using local convolution PConv to reduce network parameter size and improve detection efficiency. Fi-

nally, by introducing the Inner-CloU function for bounding box loss optimization, the model convergence speed is accelerated, and bound-

ing box localization effectiveness is enhanced. Experimental results demonstrate that on the mining obstacle dataset used, while maintain-

ing a decrease of only 0.05 in mAP@0.5, the model parameters are reduced by 44%, and the inference time is reduced by 34%. Compared

to other mainstream detection networks, this model exhibits faster detection speed on the hardware devices used in the experiments and

better balances the requirements of accuracy and lightweight, providing a feasible solution for the practical deployment of obstacle detec-

tion models.

Key words: open-pit mines; edge computing; obstacle detection; lightweight model; model deployment
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Table 1 The ablation experiment results

il EMBC  BiFPN  PConv  Inner-CloU  mAP@05  mAP@0.5:095  HHIK/VMB  GFLOPs/(10° K +s™)
YOLOvSn 0.914 0.731 6.2 8.2
Method 1 v 0.928 0.739 6.6 7.6
Method 2 v v 0.918 0.722 4.5 6.8
Method 3 v v v 0.895 0.685 3.6 3.6
Method 4 v v v v 0.909 0.716 3.6 3.6

Method 3 31 H] CloU 1E 46t 2% pK %k, Method 4 >k
H Inner-CloU fE Ryt 2 Rk, 26 8 vT UL, 855
T W 28 A5 ¥ C2f A5 B 1 Bottleneck /2 i ¥t S5 EM-
BC J&5, HmAP@0.5 110.914 1% 0.928, mAP@0.5 :

0.95 11 0.731 FF+% 0.739, GFLOPs(4:# 10 /21K IF
SIEEWEO H 82 FEZE 7.6, X W] MBConv f& 3t
HI I AAAL AR T 32 50, 0 (R ik 1 B 56 1 i
THIAS B, 48 T S ERAAE AR, JE T4 T T A A
FAGRE . BLAb, e A SRR A I Sk ) 18 3, fl A A5
K/ 6.6MB [ % 3.6MB, GFLOPs 1 )\ 7.6 &

2 3.6, YE1T B Method 3 RS B e A%, 28 BT A 4%
TIE Rl 2 RGN 3k B A, DA/ (AR T B0
UK & I B AR R FBURN S 500 1908 /), Bl Method 4
1 Inner-CloU (5| A, 75K BEA Fr [ T, fe 228
TR RS R Y R AT

& 13 B8 T YOLOvSn JF U 45 ¥4 it C2f 45 1iF
P HRURE e R Pl 5 B9 C2F-EMBC 437 A1 12 BUAR B 7
B A5 0 K6 I 7P ) Grad-CAM X HE ] DA R A m] LU
BB, S50 P 4 G548 XoF B A o DX SR 300 2% X B
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[, PEREASR A Nt 5 HAb /e YOLO &
B FIA HE, YOLOVSs 78 mAP@O0.5 J Ifii ¢ Bl e,
RS AV R, HE R ] fe s Ab, WO s RS AL AR
X} F YOLOvSn, Jt H:AE mAP@0.5 : 0.95 £ B H

I, i H 24 BRI/ FLOPs DA K AE B H] 48
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Table 2 Different model performance comparison

A mAP@0.5 mAP@0.5 : 0.95 ZH/10° ik /) \/MB GFLOP/s Raspberry Pi_|- #EFE} ] /ms
YOLOV5n 0.901 0.604 1.78 3.82 4.1 471.9
YOLOVSs 0.927 0.637 7.04 13.7 16.0 1036.4
YOLOV7-tiny 0.916 0.659 6.03 12.3 13.2 756.4
YOLOV8n 0.914 0.731 3.01 6.2 8.2 672.4
Ours 0.909 0.716 1.69 3.6 3.6 446.1

B 3 A 0L, A SCHE H B 7E mAP@0.5 il
mAP@0.5:0.95 W45 b I 35 BH 8 fI Al o A
R, 82501 A R ARSI R M BARTE S BRI
BRI/ NT7 TR D T REP T, (H i T H R 438 Fe bk,
HAE Raspberry Pi I f#f BRES ] g 2500 F HABL P &

X —ZERAGIESE T A SO 1 ik A Ui A L
AT i ARG 2 R G ) 3 e, [ Pt i Ay
JIHBUER] T AR SO i A A T S A R, R
ARG A R K R R B 1)~ 7 T B 3 1 AR OR
AR

x3 BRHSAXREREEREXTE

Table 3 Performance comparison of common embedded devices models

el mAP@0.5 mAP@0.5:0.95 ZH/10° FER K/ INVMB GFLOP/s Raspberry Pi_|- HEBRAT 1] /ms
YOLOvS5-Lite 0.749 0.499 0.78 1.72 0.73 528.8
YOLO-FastestV2 0.523 0.241 0.24 1.08 0.21 631.4
Ours 0.909 0.716 1.69 3.6 3.6 446.1
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