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Abstract

The field investigation of the water-sealed cave warehouse found that the Q-value method was
greatly affected by the construction personnel, environment, equipment and other factors, and the
grading workflow was in form. The paper used image processing to optimize it to improve the ac-
curacy of the grading results. Firstly, the grading results of the surrounding rock of the geological
sketch at the site of the water-sealed cave reservoir were sorted out, and the surrounding rock
grade and rock mass development degree were divided into four gradients, and the joint surface
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strength and occurrence conditions were divided into three gradients. Then, the collected sur-
rounding rock images are clipped and screened in batches, and the data enhancement technology
is used to complete the construction of on-site image classification data. Finally, the training set
and validation set are input to the classification network (EfficentNet_B3) for training, and the
model is verified after training.
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Table 1. Q value method of rock mass quality index
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Figure 1. Convolutional layer
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Figure 2. Pooling layer
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Figure 3. Full connection layer and activation function
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Figure 4. Residual structure
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ResNet %45 15 565 H UG BEA T B U, AR5 I DUANBR E R Hk vk 8, e /e 3R T 2% 32 n-1 (n
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Table 2. The composition of the ResNet network
= 2. ResNet P484A K

ResNet-34 ResNet-50
4E H AR gE H AR
, 7x 7TER, 64 IE, Sk 2 ; 7x 7 5B, 64iEiE, K2
%*/E{):'f =gy % %*/El = = .
3x 3K, K2 3x 3k, K2
1x1Conv, 64-d
3x3Conv, 64-d :
Layer_1 [3 3Conv 64 d} Layer 1 3x3Conv,64-d |x3
x sLonv,54- 1x1Conv,256-d
1x1Conv,128-d
3x3Conv,128-d :
Layer_2 [3 3C0nv 128 d} Layer 2 3x3Conv,128-d | x4
x sLonv, 12g- 1x1Conv,512-d
1x1Conv,256-d
3x3Conv,256-d '
Layer_3 [3 3C0nv 256 d} Layer 3 3x3Conv,256-d |x6
> 30NV, 296 1x1Conv,1024-d
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2.2.2. SrZMLE EfficentNet

EfficentNet 4% [18] A 5K F = 77 sCHRTH IR £ 1 B 389 o3 26 5 J2 R34 A6 AR (0 A B8 T R
B8 0 X 24 % P R FH B 22 1) J2 A SR AR TH I 2 (R R s 3 N BRI 4 MR ST I Ve RE . AR SO
EfficentNet_B3, MIZ&1E4HLE M L% 3.

Table 3. The composition of the EfficentNet_B3 network
7= 3. EfficentNet_B3 M£&45#)

IR BIERAE PN NI BRI 2%
1 Conv3 x 3 40 1
2 MBConvl, k3 x 3 24 2
3 MBConv6, k3 x 3 32 3
4 MBConv6, k5 x 5 48 3
5 MBConv6, k3 x 3 300 x 300 96 5
6 MBConv6, k5 x 5 136 5
7 MBConv6, k5 x 5 232 6
8 MBConv6, k3 x 3 384 2
9 Convl x 1 & Pooling & FC 1536 1
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BN Ix 1 ERER “BR4EMER” . 55T shorteut %42, 124%1 N\ MBConv 254 AR AE 4R B 5 4 HS RS
FiEFE [ shape AHIFIIS A A7 LE
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T st [ kekstis2 o [] SE [T ixisr [ Propout .

Figure 5. The structure of MBConv
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Figure 6. Results of rock mass classification and development degree
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Figure 7. Classification result of rock mass strength and rock mass occurrence condition
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i 7 — N ANET AL R, AT e T KOG LA S5 AT R 2200 . ATTEh B A4 RN Q 7 2KA 4
FHAE, Rz T TRELIR KRR 8 3 ARG KoK RE KR T 5. BAARSR LK 7,

4. BT REFIERBE S 0KHE

FIH AR TR A 4, MR R 3 A R 4, LA 25 ST N B A SRR IR SR S
I3 rb AR SR P AR R 22 [ % ) ResNet A EfficentNet HEZ2, 31K FiE# 22 21 1975 3, GPU Jy RTX 2080
Ti (11 GB).

WZRERIET, R SGD BZnt W2 AL E AT IR AR, WE VIR 2% 0.001, BUEZRARECH
0.0001, FFUGEATHERIFEAK /N batch_size BN 16, TEHIIZRRELE Y 100 X, BEEIEREM
BN, SO AR o A R AR Ok PR B

4.1. BEIE7 KRN

Table 4. Training set and verification set data

= 4. NGESHIESRER

s MRS TK BoriiE R R ok
1 426 182
11 426 182
FE 573 4%

v 417 178

\Y4 444 189

Joint_1 487 208

. Joint_2 532 228

ERK B

Joint_3 542 232

Joint_4 511 219
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Alteration_1 437 187
L 5 Alteration_2 446 190
Alteration_3 445 190
Water_1 432 185
Tl A7 2% A Water_2 427 183
Water_3 388 166
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Figure 8. Loss rate and accuracy of training surrounding rock classification results
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ME T LU, R EfficentNet_B3 BRI 25 25 75 2 W9 465 R Bf 238 e K 88.6%, iR Ze /N Ay
0.074. FIH EfficentNet B3 LIl Zh e ik 52 B I HER K B KON 84.6%, 52K K /NN 0.074. FIH
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Figure 9. Results of multiple classification of cave surrounding rock
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