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Fig.1 Multispectral data of coal and coal gangue. (a) One piece of coal; (b) two pieces of coal
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Fig. 2 Spectral data at different bands. (a) Spectral data for minimum wavelength;

(b) spectral data for maximum wavelength
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Tablel Data division for research of coal gangue detection

Training set

Validation set

Test set

Sample Total
1 lump 2 lumps 1 lump 2 lumps 1 lump 2 lumps
Coal 140 55 15 10 20 10 250
Gangue 140 55 15 10 20 10 250
Mix - 70 15 - 15 100
Total 280 180 30 35 40 35 600
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Table 2 10 combinations with the largest OIF value
Rank OIF Combination band
1 11.138 [7,12, 23]

2 11.095 [7.9, 23]

3 11. 085 [7.,9,12]

4 11.073 [7, 12, 21]

B 11.064 [7,9, 21]

6 11.034 [7, 21, 23]

7 11.030 [7, 12, 13]

8 11. 030 [7, 13, 21]

9 11.028 [7, 13, 23]
10 11. 005 (7, 12, 24]
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Fig. 5

Curves for training process. (a) Loss; (b) learning rate
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Fig. 6 Precision versus recall. (a) Coal; (b) coal gangue
%3 MKW
Table 3 Detection results of model
Eoodh Validation Original detection result Result after non-maximum suppression
poc
loss A/% T /Total F mAP /% A/% T /Total F mAP /%
42 10. 27 91. 80 108/116 17 92.73 78.70 92/116 3 83. 46
43 9.62 93.98 110/116 19 94, 37 89. 08 104/116 3 89. 24
44 9.61 90. 35 107/116 18 93.95 85.71 101/116 5 90. 98
45 8. 88 92.93 111/116 46 94. 40 88. 84 105/116 12 88.57
50 8. 65 93. 56 109/116 12 94.71 87. 80 102/116 2 91. 84
52 8.32 95.13 111/116 18 96. 70 90. 39 105/116 2 93.94
56 8. 21 94. 98 111/116 23 96. 84 88. 70 103/116 1 93. 34
57 8.02 95.01 111/116 21 96. 92 88. 67 103/116 1 93.75
58 7.65 95.00 111/116 25 96. 99 89. 48 104/116 3 93. 85
76 7.55 96. 63 113/116 24 97.81 91. 97 107/116 6 93. 90
79 7.50 94.97 111/116 24 97.06 91.91 107/116 4 94. 76
87 6. 84 94. 84 111/116 16 96. 84 90. 33 105/116 3 94,58
91 6. 81 94. 94 111/116 18 96. 96 90. 35 105/116 4 94. 26

TEZ 3 /1, “Original detection result” 246 M 45
WA & F sl 85045 8, “Result after
non-maximum suppression” J& & M 45 538 1 JEHL K
B, HLE AR R 0. 25, ToU M {E 3 &
0.4, ASCHFIEM R T 2015 AR 1Y B A P

A3 B o DR O O R SRR A A RS BB L T LA 3
A FT 0T A A I 25 5

% 3 PE 42~58 > Epoch 58 5 — Bl 2k
PRAFTAS Y .56 76.79.87 Ml 91 4~ Epoch £& 7 J& 55
=BG R A T AR 00, DL A 4G I 45 55 431, 7 5

=
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Fig.7 Recognition and location results of coal and coal gangue. (al)—(al2) Redundant bounding boxes without suppression;
(b1)~(b12) redundant bounding boxes with suppression

7(al) ~ (al2) /& M3 A v B AL 8 5 119 ] — 7(al)~ (al2) H A DLk B, A 2o 98 T0 4% i1 BERE I, 7]
H s i 2 A i FEAE A9 65 BR, B 7 (b1 ~ — B 5 T RE 2 Bl w22 0 BUAE , BBl R AR E A
(b12) & 7(al) ~ (al2) 3 PETCA T 41 FEAE )5 1o THUETUA I ARE ST . H AR 09 3 0 A Ak b 1B 7
TG b g1 T A s A I ) H bR . DAIR (b1~ (b12) B FRERT £1 (4 AR AR B N2 4 B,
A EMBERT A R B

Table 4 Coordinate information of coal or coal gangue

Coordinate and score for bounding box 1 Coordinate and score for bounding box 2 Coordinate and score for bounding box 3

Number

L S T Vi X2 Ve L S R Y1 T2 Ve L S T Vi X2 Y2
1 0 0.94 49 176 125 267 - - - - - - - - - - - -
2 0 0.99 43 52 157 145 0 0.95 6 173 99 292 0 0.7 77 238 200 368
3 0 0.99 11 61 101 158 0 0.98 54 141 206 266 0 0.76 0 201 93 315
4 0 1.00 54 245 166 354 0 0.97 21 80 155 190 0 0.5 136 85 216 235
5 1 0.85 99 224 199 335 0 0.98 19 95 132 207 0 0.8 0 224 90 329
6 1 0.98 46 63 164 162 1 0.98 19 262 98 352 0 0.96 88 178 211 275
7 1 0.93 56 192 121 316 0 0.64 40 134 135 198 - - - - - -
8 1 0.87 13 189 115 285 1 0.8 64 118 171 202 - - - - - -
9 1 0.96 43 251 119 354 1 0.81 48 40 153 139 0 0.99 26 150 194 250
10 1 0.99 54 77 196 176 1 0.96 79 221 141 334 1 0. 91 6 172 102 241
11 1 0.93 75 117 157 243 1 0.76 0 199 124 294 1 0.65 69 68 143 156
12 1 0. 83 1 115 134 229 1 0.31 137 60 216 148 0 0.88 74 225 183 345
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FER 4P LRRIR S, 0T R B, 1R R
WA, SPIRES . Caioy ) Cayay,)) 0 AR
NFHEM A BAIAT T A bR, Ak, 3R 4 PRy RHAC N
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YOLO mg &3 T YOLO v4 2231,
R YOLO v4 o JY T 8 AT A7 09 46 D it o 38

B2 MRS I A R YOLO v3 BL K M2Det B T4
FVBERF A 0 TR A2 A i e X L 2
RRRY B L i 28 T 2R AU PR L 38301 2% 40 4~ Epoch,
YOLO v4 (% A 43 3%k 416 pixel X 416 pixel,
512 pixel X 512 pixel Hl 608 pixel X 608 pixel,
M2Det 1 YOLO v3 B i A 7 #F %K 320 pixel X
320 pixel, N [FIASEHY RGN 25 R 40 3¢ 5 B

o WZRE

5 BRI,

Table 5 Detection results of each model

Model Coal Coal Gangue mAP /% D‘etection

AP /% TP/Total FP AP /% TP/ Total FP time /s
YOLO mg-204 97.61 113/115 7 91.91 107/116 4 94.76 1.255
YOLO mg-300 98. 27 114/115 7 92. 62 108/116 3 95.45 1.642
YOLO v4-416 98. 43 115/115 10 89. 94 105/116 4 94.19 4. 386
YOLO v4-512 97. 39 113/115 7 91.37 107/116 7 94. 38 5.533
YOLO v4-608 96. 36 111/115 2 95.51 112/116 8 95. 94 7.871
YOLO v3-320 91.48 108/115 9 87.63 106/116 6 89.56 2. 832
M2Det 320 98. 97 114/115 8 90. 80 106/116 5 94. 89 4. 212

YOLO mg-204 #l YOLO mg-300 {34 %
TR A A A, HL B A 4 BE 2R 4300 R 204 pixel X
204 pixel A1 300 pixel X 300 pixel, H: 455 #4 [7] B,
G B (]2 115 5K S 335 B 4 A IS FE B, OF FL
K5 KL S5 RO E (1]

SRS 1T 5, YOLO v3 XA A7 046 0 4
JEN 87.63%, fie /N, Kt A4y HER N 608 pixel X
608 pixel ) YOLO v4 XF #EAF A7 i 46 004G 5 i K
L2 e 00 3 R A X Fe 1 MK AR AL A 7. 781 s, T
WK A 204 pixel X 204 pixel % A, & & % H r3]
300 pixel X 300pixel %ii A, YOLO mg X} &0 A 1Y
KA B2 A T v3-320 ., v4-416 F M2Det 320, 4,
YOLO mg 9 115 ik EUGAG I s ] 520 AU 1. 255 s, (4]

5 4% 7

K 2 1 AR AL AR T BERT A1 14 B ) 25 B
8,38 id OTF e MU HE 4 45 3 B, IR B3 7 — 1o (5]
ALY L S BT A 1 DRl R0 A . O
Z 6T AR B AR T T AT A7 10 U R E AL R
OIF B, M\ 25 D Berp i % 3 R4 &9 BUH
THERT AT BRI WF 7L o FEU L BETT — A Pl A I A
B AEAS P TN AL D0 8 3 =y o)
S A Y PR FRE I 2R, 7E 204 pixel X
204 pixel fi A3 BT i i A A K E 10 A0 E AR
2 I3 08 T A% B0 320 SR A L S BUBEAT A7 91, 91 %
()-SR IRT BE . R - 22 i ) [ A S 00 A5 Y [7]
THERT £ A6 BT 5T 45 R WoR . AR RT3 Y
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(2]
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YOLO mg ¥ 115 5K 61 FUL AR R4 K 1. 255 s,
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CNN': towards real-time object detection with region

Fast Location of Coal Gangue Based on Multispectral Band Selection

Lai Wenhao, Zhou Mengran , Wang Jinguo, Hu Tianyu, Kong Xixi,
Hu Feng, Bian Kai, Zhu Ziwei

School of Electrical and Information Engineering, Anhui University of Science and Technology,
Huainan, Anhui 232000, China

Abstract

Objective As one of the most important primary energy resources, coal needs to be mined in large quantities every
year. In this process, the mass proportion of biological coal gangue in raw coal is more than 10%. It needs to be
separated from raw coal, which is called coal washing. As an important traditional energy field in China, the
intelligent construction of coal industry is directly related to the process of the economic and social intelligence.
Therefore, it is of great significance for the intelligent construction of coal mines to develop modern coal gangue
separation technologies. Coal gangue is identified by machine learning algorithm, and then manipulators or pneumatic
devices are used for the separation of coal gangue from coal, which is called intelligent separation of coal gangue. At
present, coal gangue recognition based on an imaging technology has attracted more and more attention, but the
recognition can only realize whether there is coal gangue, but cannot locate the coal gangue. In addition, the locating
speed of coal gangue is directly related to the production efficiency of coal mines. This paper designs a coal gangue
detection model based on the framework of YOLO v4, which aims to realize the faster identification and location of
coal gangue, and provides the position information of coal gangue more quickly for the intelligent sorting system. In
order to reduce the interference of environmental visible light, coal gangue is identified and located based on the
multispectral imaging technology. In order to reduce redundant information and further improve detection speed,
three pseudo RGB images are selected from 25 bands of multispectral images by using the optimal index factor
theory.

Methods Firstly, the collected multispectral data of coal and gangue in the laboratory and the selected three bands
from 25 bands of multispectral images were used to form the pseudo RGB images by using the best index factor
theory. The training data, validation data, and test data were 460, 65, and 115 spectral images, respectively.
Second, a lightweight coal gangue detection model was designed based on multispectral imaging, which is named
YOLO mg. The maximum depth of its backbone network is 23 convolution layers. In order to achieve stable and fast
training of YOLO mg without using the pre-training weights, three learning rates, which are 0.00025, 0.0005 and
0.0001, are used, respectively. Finally, the model YOLO mg was applied to the study of coal gangue detection based
on the pseudo RGB images, and the redundant bounding box was filtered by the non-maximum suppression combined
with confidence threshold.

Results and Discussions The rapid identification and location of coal gangue based on multispectral imaging are
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studied. The maximum depth of the backbone network of YOLO mg is 23 layers (Fig. 4). OIF is used for
multispectral band selection, the maximum value is 11.138, and the corresponding combination band selection is [7,
12, 23] (Table 2). The combination band is used for the designed YOLO mg training. Three learning rates are set
and trained for 100 epochs. The convergence speed of the designed model is fast, and the verification set loss
decreases from the initial 1500.60 to the minimum of 6.81. In addition, compared with training loss and verification
loss, YOLO mg is not over learning (Fig. 5 and Table 3). The redundant prediction boundary box is filtered by the
non-maximum suppression combined with confidence threshold. Under the input resolution of 204 pixel X 204 pixel,
the average accuracy of coal gangue detection is 91.91%, and there are only four false positive (FP), which
effectively reduces the wrong positioning of coal gangue in the prediction results ( Table 4 and Fig. 7). Compared
with the advanced YOLO v4, M2Det, and YOLO v3, the YOLO mg designed here maintains an excellent detection
accuracy, and the positioning speed of coal gangue is the fastest. The 115 combined band spectral images only take
1.255 s (Table 5).

Conclusions  The intelligent coal washing technology is an important part of the realization of coal mine
modernization construction. The multispectral imaging technology is applied to the study of intelligent separation of
coal gangue. The optimal combination band is selected by OIF, and a detection model is designed to realize the
location of coal gangue. Firstly, the multispectral imaging technology is used to identify and locate coal gangue.
Three optimal combination bands are selected from 25 bands for coal gangue detection research by the OIF theory,
which can effectively reduce the redundant multispectral information. Second, a fast detection model is designed.
Without using the pre-training weights, the model can be trained quickly and stably by setting three learning rates.
Finally, the detection time of 115 spectral images by YOLO mg designed in this paper is only 1.255 s, which is the
least time-consuming in the comparison models, so that the rapid detection of coal gangue is realized and the design
purpose is achieved. The lightweight detection model of YOLO mg designed here aims at the specific scientific
problems of coal gangue localization based on multispectral imaging and provides a guidance for the lightweight model
design of positioning problems in other fields.

Key words spectroscopy; multispectral image; optimal index factor; band selection; YOLO mg; identification and
location
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