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Panoramic Image Recognition of Rock Borehole Based on Deep Learning
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Abstract: Geotechnical borehole monitoring, as one of the most common tunneling advanced detection
techniques, can truly reflect the material properties, characteristics, and groundwater conditions of
geomaterials, which is vital to ensure construction safety. Based on the characteristics of the geotechnical
borehole monitoring objectives, a smart visual system based on panoramic cameras is developed. The
system is suitable for closerange and dynamic highresolution imaging of the inner walls of long
geotechnical boreholes. Based on the improved EfficientNetV 2 network and the sliding window prediction,
the rapid intelligent recognition of eight types of rock borehole images is realized. Experimental results
show that the visual system can meet the requirements for close-range high-resolution panoramic imaging of
long boreholes and achieve intelligent state assessment of rock materials. The recognition success rate
reaches 91.49% on the test set, and the system preliminarily possesses the comprehensive intelligent
evaluation capability of geotechnical borehole status.
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(d) Panorama expansion
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Stage Operator Stride Channel Layer
0 Conv 3X 3 2 24 1
1 DM-Fused-MBConv 1,43X 3 1 24 2
2 DM-Fused-MBConv 4, 43X 3 2 48 4
3 DM-Fused-MBConv 4,£3X 3 2 64 4
4 MBConv 4,£3X3,SE0.25 2 128 6
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Fig.10  Part of panoramic expansion images
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Table 3 Distribution of datasets
2k TRE  WEE  wE WKBE ZRE KEE RAE A it HE G o S
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Table 4 Comparison of accuracy among different training methods

UERS #HvRN 7R AR/ (BRXBR)  EEHETR/ %
EV2-S 8 0.001 384384 61.80
EV2-S+data 8 0.001 384384 82.05
EV2-S+pre 8 0.001 384384 84.10
EV2-S+data+pre 8 0.001 384384 91.09
EV2-S-+data+pre+frz 8 0.001 384384 78.61

3.1.3 HeEk
P R AR ) 9 S 56 7E B A DI 25 7 v (EV 2-S+data+pre) FE Al F b A7, o T8 Ti0 58, A SCIR H Y
DM-E2Net gttt S %) 500 24005 %, 43 il w44 4 Plan 1 A1 Plan 2, Plan 1J&7E Fused-MBconv &£ 1 LI
117 2 A ODC sh 7585 U He s Plan 2 2 7€ Fused-MBconv Il A EMA #2544 . R [R] 45 0 552 56 45 S
W 5P . DM-E2Net 55 EV2-S B i 5 5 450 0 (LX) L il 4R an P 11 77
x5 LRI

Table 5 Comparison of experimental performance

T kKN IR FAEEE/100 SR /10° REETR/ %
EV2-S 8 0.001 68.07 21.46 91.09
EV2-S+Plan 1 8 0.001 61.08 21.46 92.43
EV2-S +Plan 2 8 0.001 83.17 21.51 91.86
EV2-S—+Plan 1+ Plan 2(DM-E2Net) 8 0.001 83.18 21.51 92.65
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Fig.11 Performance comparison between EV2-S and DM-E2Net
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Table 6 Training results of different models %

7 I = e R itES PEN IR F,
Regnet-3.2g{"” 89.26 89.57 89.82 89.69
Convnext-1*" 90.77 90.92 90.77 90.84
Repvggb1®” 90.52 90.87 90.23 90.54
EV2-st? 91.09 91.39 91.02 91.20
EV2-S-Tripleattention'” 91.15 91.61 90.88 91.24
EV2-S-ECAattention™ 90.22 90.59 90.25 90.41
EV2-S-EMAattention(Plan 2) 91.86 91.80 91.99 91.89

DM-EZNet 92.65 93.02 92.32 92.67
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(c) Sliding window prediction method
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Table 7 Test results based on sliding window prediction
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