A ZAL

#rxgaiam COAL SCIENCE AND TECHNOLOGY

FETFMRU-Net++HIHR K Z SR E A A B AR5
AR AT 4D BB Ak Rk T TRNR BT

SIAA:

SRARSE, TIEfS, BEIEAE, 2% JETMRU-Net++ AR R SRR S S BRI, HEARRAHOAR, 2024, 52(11): 103-
116.

ZHANG Chuanwei, HE Zhengwei, LU Zhengxiong. Coal-rock interface image recognition based on MRU—-Net++ for extremely thin
coal seam fully-mechanized mining face[J]. Coal Science and Technology, 2024, 52(11): 103-116.

TELLRIEE View online: https://doi.org/10.12438/cst.2024-1003

HEAT BRRRNER IR At SO

Articles you may be interested in

BT i DeeplabV3+F1E AL 7 ] Y BE e AT G EON 7 v
Coal-rock interface image recognition method based on improved DeeplabV3+ and transfer learning

PERPIFFEAR . 2023, 51(S1): 429-439  hitps://doi.org/10.13199/j.cnki.cst.2022-1392

SETREE M2 48 O EE TGRS 18 5
Scratch detection and restoration of coal photomicrograph via deep neural network

PORRLFH AR, 2023, 51(S2): 275-284  hitps://doi.org/10.13199/j.cnki.cst.2023-0058
SEFURBE 2 2] I 3R TUA FLBR G548 2 H A

Quantitative characterization of pore structure in coal measure shales based on deep learning

BEBRIEHAR. 2023, 51(S2): 183190 https://doi.org/10.13199/.cnki.cst.2022-1597

TR 7 ] A U BOR 5 52
Coal and gangue recognition technology and implementation based on deep learning

JREIRBHEFIAR. 2021, 49(12): 202-208  http://www.mtkxjs.com.cn/article/id/5f975297-7e00-4ebe—aa8d—a4f4808d034h

TR ) RS TE AL S o PR Y
Transfer learning based identification model for macerals of exinite in coal

JERBI2FFIAR. 2022, 50(1): 220-227  http://www.mtkxjs.com.cn/article/id/d9845e54-08f4-4305-a157-2d5e68df75fc

FL T CSPNet=Y OLOvT H ARG I3 (A IERT PR {55 A 7R
Coal gangue image recognition model based on CSPNet—YOLOvV7 target detection algorithm
B FEAR. 2024, 52(S1): 238-248  https://doi.org/10.12438/cst.2023-0546

KEMIFE AT, RAFHEZBHRER


http://www.mtkxjs.com.cn/
https://doi.org/10.12438/cst.2024-1003
https://doi.org/10.13199/j.cnki.cst.2022-1392
https://doi.org/10.13199/j.cnki.cst.2022-1392
https://doi.org/10.13199/j.cnki.cst.2023-0058
https://doi.org/10.13199/j.cnki.cst.2023-0058
https://doi.org/10.13199/j.cnki.cst.2022-1597
https://doi.org/10.13199/j.cnki.cst.2022-1597
http://www.mtkxjs.com.cn/article/id/5f975297-7e00-4ebe-aa8d-a4f4808d034b
http://www.mtkxjs.com.cn/article/id/5f975297-7e00-4ebe-aa8d-a4f4808d034b
http://www.mtkxjs.com.cn/article/id/d9845e54-08f4-4305-a157-2d5e68df75fc
http://www.mtkxjs.com.cn/article/id/d9845e54-08f4-4305-a157-2d5e68df75fc
https://doi.org/10.12438/cst.2023-0546
https://doi.org/10.12438/cst.2023-0546

F25F 11 CA =3 N Vol. 52 No. 11

2024 4F 11 H Coal Science and Technology Nov. 2024

SRAG A, (T IEAT, B IEAE, 55, FE T MRU-Net++A B MR 2 25 R A A T UG 0], R BRFH AR, 2024,
52(11): 103—116.
ZHANG Chuanwei, HE Zhengwei, LU Zhengxiong, et al. Coal-rock interface image recognition based on MRU-

Net++ for extremely thin coal seam fully-mechanized mining face[J]. Coal Science and Technology, 2024, 52(11):

trpggiy 103716

ETF MRU-Net++RITCE R EERR B R A 7 EIR IR 7]

ke EY AR BER, ERE, 2T RAE, B
(1. PHZERHERE UM T RRA 0%, BV P22 710054; 2. BRPEAZ @ B A R 22, Bt 1622 710018;
3. PR K2R Pl 5 TR, BRVE V54 710054)

B OE RN AREEEZR IS SAF AT RGBS HERKZ — ) AN &R &
SRE B RBRELINBFERE N, 3BT —F K T MRU-Net++ ™ 2569 4 3 B 2 0E 2 WAL R3] 7 ik
% P % vk U-Net++4 gl @it “BTH” AR U-Net++25 Bt 474646, 72 U-Net++ M &M 4L 30 % %
DR R Y R L E, ARZ[EHEE; KA MobileNetV2 2210 M %, #3E—A 3 T MobileN-
etV2 94 BT M4, HR UNet++ R AV MAREHY, THEERTEAGAUHME, RETEAE S
B R, B IINAABIE EE AP 69 ResNeSt B3k k38 58 sf 1t 2 B4 % 4m 7 45 AR 09 IR AE
Ry EME ., A RRE LR LA RBRACRERE B R TAEE M A, RRAARE S
A% 800 3 7 2 BARSEAT BAE SR ATTAAL 2R, AU AH 2 536 ANAEAR MY ARG IE B 45 ok it 2 AR SR
L. EKENBRRE, BIERSIRosTMAEEeFa, FHZEA LS 2% FCN, U-Net, U-Net++#
SARRI AT TG, AR BiE R T Hik DA M AREA s BE £ 5 E (Pixel Accuracy, P,). X JF
. (Intersection over Union, Io,) Bl 3K B 18] 5 £ 42 35 AR -6 A Bl 2 R . 4R 27, MRU-Net++H
ARG T I T AL Py Ao I Ioon 23 A 97.15% #= 94.16%, AR LR WA 2571 M, 43k
B 1% 64 T 3wl X Y ] 28.61 ms, FHIERR T % 7 ik EAR N B AR SR IR T #EATIE B R AL 409 T AT
PE 5 A ROME
SRR RN B 2R 5 S5 F); U-Net++ M & AR IR 5 5]
FE 5K S: TD67 kR EE: A M EHS:0253-2336(2024)11-0103—14
Coal-rock interface image recognition based on MRU-Net++ for extremely thin coal
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Abstract: Coal rock recognition is one of the core technologies to realize intelligent mining in the integrated mining face of extremely thin
coal seam. Aiming at the special situation that the coal-rock boundary is naturally exposed during the mining of extremely thin coal seams,
an image recognition method based on MRU-Net++ network was proposed for coal-rock image recognition of extremely thin coal seams.
The network is based on U-Net++, and the structure of U-Net++ was optimized by the method of “pruning”, which reduces the complexity
of U-Net++ network while minimizing the loss of its performance in order to improve the computing speed. MobileNetV2 lightweight net-
work was used to construct a core backbone network based on MobileNetV2, replacing the original network architecture of U-Net++,
which significantly reduces the number of parameters of the model and improves the efficiency of the model segmentation. At the same

time, the ResNeSt module, which contains the channel attention mechanism, was introduced to enhance the ability of extracting the
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detailed features of the edges of the coal and rock images, and to increase the segmentation accuracy. The explosion-proof camera on the

hydraulic support was used to collect the coal rock images of the comprehensive mining face in the extremely thin coal seam, and the high-

definition coal rock images with coal rock distribution information were acquired and preprocessed to create a coal rock image dataset of

the comprehensive mining face of the extremely thin coal seam containing 2 536 samples. The ablation test was set up to verify the effect

of the improved part on the network performance. The model was compared with the classical FCN, U-Net, and U-Net++ network models

and the network models were trained using adaptive learning algorithms. Key indexes such as Pixel Accuracy (P,), Intersection over Uni-

on (/y) and test time were selected to evaluate the model segmentation effect. The results show that the Mean Pixel Ascuracy (P,y) and

Mean Intersection over Union (/yyy) of the MRU-Net++ network model are 97.15% and 94.16%, respectively, the memory occupied by

the model is 25.71 M, and the average test time of each image is 28.61 ms, which fully proves the feasibility and effectiveness of the meth-

od for the coal rock recognition task under the special environment of extremely thin coal seam.

Key words: extremely thin coal seam; coal rock recognition; semantic segmentation; U-Net++ network model; deep learning
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Fig.11 Coal rock image enhancement effect
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Table 1 Quality assessment metrics before and after image

enhancement
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Table 2 Experimental environment configuration
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Table 3 Training parameter settings
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Fig.13 Training results of each network
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Table 4 Comparative results of the "pruning" method

ablation tests

TR AR Toun!% MR/ (ms - 7K
BA% S Y U-Net++L° 91.74 30.68
K BTAR Y U-Net++ 92.43 4436
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Table 5 Backbone network performance

comparison results

e BT Toun! % MR/ (ms - 3K
MobileNetV2 91.49 24.53
JEU-Net++L* 91.74 30.68
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Table 6 Comparative results of the ResNeSt

module ablation tests
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Fig.14 Segmentation results of each network
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Table 7 Memory and test time of each network model

o 2 BERIR/IVM P/ (ms - 5K
FCN 46.35 56.74
U-Net 3124 39.43
U-Net-++ 34.96 44.59
MRU-Net++ 25.71 28.61
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Table 8 P, evaluation score

Pul%

HiH

MRU-Net-++ U-Net++ U-Net FCN

1 98.23 96.74 95.87 94.28

2 97.49 96.18 94.65 93.35

3 98.10 95.42 93.92 88.97
4 97.57 94.66 95.43 93.56

5 96.68 95.39 93.10 90.74

6 94.20 93.27 91.71 89.13

7 97.76 96.35 94.38 94.30

8 96.81 95.64 93.25 93.26

9 95.35 94.36 92.46 89.67
10 99.27 97.58 94.84 93.91
SFAEE 97.15 95.56 93.96 92.12

xR9 I, HEES
Table 9 I, evaluation score
. Ioy/%

MRU-Net-++ U-Net++ U-Net FCN

1 95.19 94.34 93.77 93.31

2 94.37 92.96 89.95 87.49
3 93.80 93.47 92.89 85.72
4 94.49 95.16 93.51 91.83
5 92.99 89.75 88.63 89.25
6 91.58 87.54 86.12 85.98
7 95.87 94.21 94.80 93.79
8 94.42 93.82 92.31 92.64
9 92.21 88.43 87.69 86.85
10 96.68 95.46 94.52 95.37
FAEE 94.16 92.51 91.42 90.18
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