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Foreign object detection algorithm based on TDConv and unified attention detection head
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(1. Inner Mongolia Baiyinhua Mengdong Open—Pit Coal Industry Co. ,Ltd. ,Erenhot 012600 ,China;
2. China University of Mining and Technology ,Xuzhou 221116, China)

Abstract ; In the process of coal folw transportation on mine conveyors, there are different sizes and shapes of rock bolt and
large coal gangue,so it is difficult to extract image feature imformation,and the inspection effect of traditional objecet detection
algorithm is not deal. To solve this problem,a foreign object detection algorithm based on TDConv and a unified attention detection
head is proposed. This algorithm designs a TDConv convolution module by combining parallel convolution methods, effectively
preserving the original information of image features and assisting deeper convolutional layers in extracting detailed information. An
unified attention module is incorporated into the detection head to effectively extract and recognize feature information from objects
of different sizes and spatial positions. A dataset of 100 000 images ( MFID) of mining foreign objects was created based on various
underground coal mine scenarios, providing resources for in—depth research and practical application of foreign object detection
during coal flow transportation. Experimental results demonstrate that this algorithm improves the mean Average Precision (mAP)
by 2. 1% compared to the YOLOV5 object detection algorithm on the MFID mining dataset. Furthermore,, it effectively reduces the

parameter count of the foreign object detection network
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Fig. 1 Partial image presentation of MFID
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Fig. 2 Network structure diagram based on TDConv with unified attention detection head algorithm
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Fig. 3 TDConv module structure diagram
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Table 4 The ablation experiment of YOLO-UAD on
a self-made mining dataset

Baseline S e =WAL)INi TDConv mAP/ %
vV 81. 67
vV 2 83.04
Y 2 82. 14
% 2 2 83.35

MR 4 /LA, 5EE M YOLOVS Bk,
HAGE— 13 2 T3 HLHI AT B v 45 80 i A e, B ik
i) mAP {H HH 81.67% 2 J+ & 83.04%, £ J+ T
1. 68% ; iINA TDConv ik 5 B 1Y mAP {Hit—2
T3 83.35% HTF T 2. 06%, A FHEIEE -
T fil S 50 oF — 20 B IE T 48— v & 1 AL A
TDConv Y4 n] T+ 5502 ARG

BN T RAEASCE L YOLO-UAD RyPERE, 76
" FE AR 5 HoA 7 1L SSD | Faster R—CNN
RetinaNet , CenterNet, YOLOv3_, YOLOv4 . YOLOv5x .
YOLOx—m, L& Poly—=YOLO 17X} e syt 45 L 5,

®5 ANEESHEMEZET AHEELHOXLER
Table 5 Comparison results of YOLO-UAD algorithms on mining datasets

A S B RS/ (1B FExBE)  RYYEFA AP/%  5liFF AP/ % mAP/ % Wi/ (i-s™") HER/ %
sspl '] 416x416 73.56 79.92 76. 74 59.70 82.79
Faster R—CNN!%] 416x416 68. 15 72.47 70.31 19. 40 74.98
RetinaNet ! 416x416 73.98 78. 69 76.33 29. 40 86.21
CenterNet! ! 416x416 70. 89 74.78 72. 84 69. 70 78.94
YOLOv3[%! 416x416 75.52 83.45 79. 48 31.60 87.07
YOLOv4! ] 416x416 76. 26 84. 40 80. 33 36. 40 88.05
YOLOx-m'? 640x640 73.26 78.37 75.82 43.20 85.36
YOLOv5x 416x416 77.83 85.51 81. 67 53.26 89. 88
Poly-YOLO % 352%608 77.56 85.37 81.47 39. 80 89.35
YOLO-UAD 416x416 79.32 87. 40 83.35 54.76 91.56
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Fig. 9 Comparison of detection results between YOLOvVS and ours algorithms
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