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Mine water inrush risk identification method based on MRAU video
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Abstract: Mine water inrush video recognition is a key component in intelligent mine construction. By recognizing the dynamic evolution
of water inrush from none to some and from small to large, it helps prevent the water volume from exceeding the mine’s drainage capacity
and turning into a water hazard. Therefore, a video segmentation model based on the Multi-channel Residual Attention mechanism and
U*Net (MRAU) was proposed to identify the evolution process of water inrush. First, the U*Net network model was improved based on the
Convolutional Block Attention Module (CBAM) to enhance feature extraction. Then, through multi-channel residual preprocessing, the
dynamic features of water flow were distinguished from the static background, and the processed results were input into the model as an at-

tention mechanism to reinforce the learning of water flow features. In addition, intermediate frame masks were used as labels for multi-
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frame fusion learning, further enhancing the network’s ability to recognize the dynamic features of water flow. Finally, by learning the wa-

ter flow features in different scenarios, the model effectively recognizes the dynamic changes of water inrush in unknown scenarios. Com-

parative experiments with Deeplab, LRASPP, FCN, and U’Net network models, using Dice and loU as evaluation metrics, show that the
Dice and IoU of the MRAU model reach 92.88% and 87.51%, respectively, which represents improvements of 4.71% and 7.41% over the

baseline U*Net network. When tested in unknown water inrush scenarios, the MRAU model achieves Dice and loU scores of 86.75% and

80.23%. Compared to other models, MRAU achieves the highest recognition accuracy, demonstrating stronger generalization capabilities

in recognizing water flow features across different scenarios. Moreover, MRAU can accurately monitor the dynamic evolution of water in-

rush from small to large. Finally, simulations of water inrush scenarios in underground environments further verify the practical utility of

the MRAU model in real-world production, providing an effective technical solution for mine water hazard monitoring.

Key words: mine water inrush; video segmentation; MRAU; multichannel residual preprocessing; attention mechanism; U*Net
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JEL IoU. Dice Z¥UH T Ak 73 HIRLRITE 245 5
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Y75 . Dice REUAXUT

2Tp

Dice:(TP+FN)+(TP+FP) (4)

Horp, T 9 ECPR AR A R, AU IE Bl B Y ok
Uits Py AR BIVE RO BCEE, BIBEARIC M AR ARIR R K
AR F IR APE R R, BV RN K IR 2R
KRB R . Dice ZBUE—FPAEGHMINERE &, # H
TR REAR Z B AN . Dice (A A5 4
0~1,

loU T Z TP 2 ANEE RARRUNE, HatRIr
Er

I(A,B) = % (5)

K, (A4,B) 7 A. BN EGSLTFL; AL B 439
2 A

T, WEE A M BIESGELRRET 2
ANHER L[ 55 0 X AR, T B 2 AN
TR R BB, RIS R R B M, ToU
W AR R B L ER R RO, R 2 AN
ETIOF; o 7 5
2.3 RIS

i MRAU i 56 Y 7F PyTorch ¥4 5 2% > HE 22
T, Jffdi ] NVIDIA 24GB RTX A5000 GPU # 17
Y BPIRA M T 3 M EdEE, IR 5E
L4 8 1 2 BY LI 4 R I R AR RN 4 o BRI R
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T 2500 1~ epoch, JFfi A G SR A AL N E8 S5
o3 BB Y 254 Adam LA AR, 2% > %8 0.001,
BN 0.9, BIRIDIEEHER 8 ANFEAS (L & /N ik
174k, 223 500 4~ epoch, £~ epoch 4L 9 ¥k, 3t
4 500 IEAR, I ELAF 20 4> epoch K524 ) KFEAK 0.1,

3 RSN

3.1 S5xRoEERMtEE

s MRAU 77 1 M Re 55 JLRR 3 3 4 AR (1
% DeepLab. LRASPP., FCN F1 UNet) #£47 T L4,
T BR T M FEIIGE T 25 05K 45
MRAU #2 #L (1) Dice V- ¥ {6 Fl ToU ~F- ¥ {8 53 5
92.88% H1 87.51%, YL T HAURA . 5 FCN M I,
UNet B8 Dice (R T 8%, RMIX U L5 Hg14

ST L P RRAE AR ERE . i — R WoR, 51&
YR A UPNet 52 8 4f [, MRAU Y Dice - ¥4 {5 1
ToU FYE B85 T 4.71% 1 7.41%. LRASPP 1Y
Dice 1 loU {EAX BAR (5351 h 72.38% F1 60.23%),
MR F IR L

F1 REEREIR A

Table 1 Test performance of different models

T H DeepLab LRASPP FCN  U’Net MRAU
WgrzHu10° 420 32 353 44.0 442
VI 8] /h 27.4 53 253 286 30.2
Dicel% 78.87 7238 80.16 88.17  92.88
ToUl% 67.76 6023  69.54  80.1 87.51

K8 /R T A BRI r B A5 2R . 45 Rk,
MRAU B BUFE 7L U 05 T HAT B ol B, HLiw
PR R S8, BRI KRS 5 1 X o b

(a) MR A (b) Mask (c) Deeplab

(e) Lraspp (f) UPnet

(2) MRAU

K8 TRBAM LR

Fig.8 Segmentation results of different models
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Fig.9 Change curve of loss function of different models
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WA, K5I CBAM #EH 1 FRAE 4 BOSUR 551 A
CBAM ) MRAU 2R K . SRIMANE 10 25 2 177
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PRI AT L CBAM 7 R A1 15 55 5% e 7 T RACSR b 2% o
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Fig.10 Comparison effect of introducing CBAM attention

mechanism
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FRIE o itk — 2 Bk az HL ] i PERe, D4R rh ik
T A K B s S A 9 (58) K B s A 73k
B R 3mSR K], 2R MRAU #BLTE Dice
M IoU 4388 1 3 = T ABI A Z Wi R 2 E = 1L
BRI, 23 4R T 2.95% F 4.13%, AN, 5IA
ZiWIB R R SRS, 2 D BEEEE S R
ETIRUE

%2 3|\ CBAM xR

Table 2 Compares results of introducing

CBAM module
WiH A5 ACBAM MRAU
Dice/% 88.10 90.12
T1oU!% 84.33 87.23

®3 SINZEBEREZESNNHRER L
Table 3 Performance of model introducing multi-channel

residual attention mechanism

i T M FE 25 1 T I MRAU
Dice/% ToU/% Dice/%  IoU/%
P TR/AS S 89.10 81.40 9324 8758
7 85.68 77.81 87.44 79.9
FEME 87.39 79.61 90.34  83.74

KRR T 2B B S m K4 28 . 1
IR, ZE R 22 RO LRI A R e g
TET KGR, BN E5 R SRS m B DL lC . SR,
ARG IATER L AR 55 bR 2 VT B 22, PFUM X
B, HARAEH ST AR

(a) MARALAT  (b) FARZE (o) £LBIEFE  (d) MRAU
ZEEIHLH

B 5l % 5 % 7 B AL B9 3 R

Fig.11 Comparison of the introduction of a multi-channel re-

sidual attention mechanism
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Fig.12 Schematic diagram of intermediate frame marking
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Table 4 Identification results of different input

frame numbers

mH 1 3w S 7
Dicel% 89.50 92.88 90.67 87.38
10U/% 81.80 87.51 83.51 79.08

3.5 EHEIE(R)KKEZHEIRG

R PEAl MRAU B3 7R 0 (58) KA TE 5]
SRR A R ST Rl g uE K B S sz AR RE T, SR
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o B IERE AR Ry R AR RS A ZE K A A
WE 13 Frn . B 13a H Y GG LA T 7 7K DU
M B 7K 2 3% W5 10 A S, KU A SR R s, B
KR i S TE) 38 00 o e 23RN 45 R an & 13d R,
MRAU A 24 53-#] T 58 /K X IR, Dice {H 7 86.75%,
ToU {4 80.23%.
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Fig.13 Results of MRAU water inrush segmentation
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Table 5 Performance indicators of cross-scene water

inrush recognition for different models

miH DeepLab ~ LRASPP  FCN  UNet  MRAU

Dicel% 76.86 81.39 78.28 82.50 86.75
1oUl% 68.97 73.07 70.49 75.67 80.23
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Fig.14 change curve of water inrush pixels
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Fig.15 Simulated monitor results
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Table 6 Number of water pixels in different image frames

t t t 1

32 846 40 753 76 567 94 156
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