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Abstract The separation of coal gangue from coal is of great significance for environmental protection and resource-
saving. Therefore, this article proposes an intelligent separation method for coal gangue based on multi-spectral
imaging technology and object detection. First, a multi-spectral data acquisition system for coal and coal gangue is
set up in the laboratory, and 850 groups of multispectral data are collected. Second, by studying the coal gangue
recognition rate and the correlation of each band of multi-spectral data, three bands from 25 bands are selected to
form a pseudo-RGB (Red, Green, and Blue) image. Finally, the improved object detection model YOLO v4.1 is
used to detect coal gangue. Experimental results show that the the mean average precision of YOLO v4.1 for coal
and coal gangue detection on the test set is 98.26%, and the detection time is about 4.18 s. The method can not
only precisely identify coal and coal gangue, but also obtain their relative position and size, which is important for
the seperation operation of coal gangue.
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Table 1 Data information of coal and coal gangue

Number of lumps

Sample Total
1 2 3
Coal 175 75 50 300
Coal gangue 175 75 50 300
Mix — 100 150 250
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Fig. 2 Multi-spectral image of coal and coal gangue
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Table 2 Recognition results of AdaBoost, RF, and CART

Coal and coal gangue Coal, coal gangue, and mix
Algorithm
Maximum average accuracy /% Band Maximum average accuracy /% Band
RF 97.8 6,7,10 87.0 9
CART 89.0 13 70. 8 9
AdaBoost 98.0 12 77.3 2,6
3 Tk
Table 3 Pre-selected band unit: %
Band 9 7 11 6 8 10 13 21
Average accuracy 87.0 86.7 86. 7 86.4 86.4 86.4 86.4 86.4
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Table 4 Test results of each detection model

) Input resolution / Average precision .
Detection model . . - mAP /% Test time /s
(pixel X pixel) Coal /% Coal gangue /%
YOLO v4.1 408 X408 98.73 97.78 98. 26 4.18
416 X416 97.47 93.49 95.48 3.43
YOLO v4 512 X512 98.61 93.87 96. 24 4. 33
608 X608 98.59 97. 04 97.81 6.07
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Fig. 8 Detection result of YOLO v4.1
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Table 5 Coordinate and score of bounding box

Detection result [label:score (xy s yi.)s (s v )l

Sample
Label Score (x.y,):(xysys) Label Score (x,,yi),(x,,ys) Label Score (x,y,),(xysy0)
1 c 0.97 (87,124),(173,254) - -
2 c 1.00 (8,200),(109,275) c 1.00 (92,221),(184,297) -
3 c 1.00 (34,119),(130,209) c 0.99 (42,217),(173,319) c 0.91 (120,104),(216,223)
4 g 0.58 (90,145),(216,261) - -
5 g 1.00 (43,242).,(152,326) 0.98 (51,209),(149,266) —
6 g 0.84 (7,178),(162,320) 0.81 (79,152),(164,255) -
7 g 1.00 (6,110),(141,205) c 0.72 (44,205),(173,318) -
8 g 0.96 (29,100),(185,197) c 0.99 (41,202),(126,320) -
9 g 0.98 (106,134),(216,258) c 0.99 (26,84),(128,196) c 0.99 (29,212).(124,326)
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