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Fig. 4 Model diagram of ECA attention mechanism
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Table 1 Number of dataset samples before and after data augmentation

eSSl PIER et PlER S et B e B 1 SR AT I EAE B G S
K24 856 5136 377 2262
GUN 153 918 57 342
FRwR 114 684 44 264
2L 230 1380 95 570
Bk 165 990 89 534
Frif 204 1224 87 522
HAbA 4 13 78 6 36
I 547 3282 235 1410
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Fig. 6 Detection results of open—pit mine obstacle
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Table 3 Performance comparison of mainstream neural network models

LY K EE Pl% 1812 R1% mAP/% ALK /INMB TR /FPS T RIS HUGF LoPs
EfficientDetd4 69.7 56.1 63.8 79.6 20.1 92.6
YOLOv8n 79.9 67.3 74.6 5.33 1203 7.5
YOLOv9 82.1 70.8 76.4 83.6 50.6 164.8
YOLOvl1n 85.4 75.5 79.6 5.79 119.3 8.4
MEBP-YOLDv10 89.8 79.8 83.5 6.87 103.4 103

AR SCA Y B A A G DA £ R B AL T
b F= 0 A AR . £ 300 FEUIT, 25 T4t 2k I

TR 48 bR 223k 3] sl 25 - , 78 3 1T i s, A
P 7 89.8%, 13 M1 R 7 79.8% , V- 21K & {5 mAP
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Fig. 7 Obstacle detection results of different models
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Table 4 Comparison of experimental results for different
values of convolution kernel size k

kR EUE mAP/% R K /NMMB HE/FPS
[1,3,5,7] +12 +0.18 -4.8
[2,4,6,8] +12 +0.21 -5.5
[3,5,7,9] +0.9 +0.32 7.4
[1,2,3,4] +0.5 +0.06 -1.5
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Table 5 Comparison of attention effect

HEAME mAPAE{R/% I B SR AL/GFLOPs
SimAM +0.1 +0
SE +0.6 +0.1
EMA +0.3 +1.1
CBAM +0.8 +0.2
ECA +1.2 +0
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Fig. 9 Comparison diagram of GradCAM heat mAP
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Fig. 11 Comparison diagram of loss functions
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Table 6 Analysis of ablation experiments
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Abstract: With the extensive implementation of unmanned driving technology in open-pit mines, the challenge
of obstacle detection for autonomous trucks operating in complex mining environments has become increasingly
significant. To address issues such as low accuracy in multi-scale target detection and inadequate feature fusion
for small targets, an obstacle detection model based on MEBP-YOLOV10 is proposed for the forward path of
mining trucks. Initially, to improve the model’ s feature extraction capabilities cost-effectively, certain C2f
modules are substituted with the C2f-MSC module. Drawing inspiration from GhostNet, the C2f-MSC module
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achieves superior feature maps with a reduced number of parameters. Furthermore, the ECA attention
mechanism is integrated into the backbone network. By assigning varying weights to each channel, it captures
inter-channel relationships, enhances the extraction of obstacle features, and manages computational costs.
Subsequently, to tackle the challenge of detecting small targets, the original PANet in YOLOv10 is replaced
with BiFPN. Through bidirectional cross-scale connections and weighted feature fusion, the model’s capacity to
integrate features of small obstacle targets is improved. The BiFPN employs a residual architecture,
incorporating additional connections between the original input and output nodes within the same layer to
preserve the integrity of feature information. Subsequently, the PIoU (Powerful-loU) loss function is introduced
to supplant the bounding box regression loss function in YOLOv10, addressing the limitations of ineffective
penalty terms and thereby enhancing the model’ s convergence rate and obstacle detection accuracy.
Experimental results demonstrate that the algorithm achieves an average detection accuracy of 89.8%, a recall
rate of 79.8%, and a mean Average Precision (mAP) of 83.5%. In comparison to the original YOLOv10 model,
accuracy and mAP are improved by 4.7% and 4.2%, respectively. Moreover, the model surpasses current
mainstream object detection networks in terms of accuracy, recall rate, and other performance metrics.
Additionally, the detection speed of this model reaches 103.4 frames per second (FPS), satisfying the real-time
requirements for obstacle detection on mining truck paths. The model’ s size is merely 6.87 MB, rendering it
suitable for deployment on edge devices. Therefore, MEBP-YOLOV10 enables real-time and accurate obstacle
detection on mining truck paths in mountainous mining areas, ensuring safe driving for unmanned trucks.

Key words: open-pit mine; autonomous mining truck; machine vision; obstacle detection; feature fusion
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