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Crack Detection in Borehole-wall Panoramic Images using Deep Learning

Naofumi Wada*, Non-member, Toshimi Suzuki**, Non-member, Naoki Tatsuno™*, Non-member

(202349 H 22 H%A), 202442 A 15 HFE%A)

In geological surveys, a borehole camera is used to photograph the vertical cylindrical borehole-wall to investigate

underground cracks. Currently, the identification of cracks from borehole-wall images is performed visually by skilled

workers, which requires a great deal of time and effort. In this study, we use deep learning to detect sine-curve-like

cracks from borehole-wall panoramic images. We designed a two-class classification model that discriminates the pres-

ence or absence of cracks using existing network architectures. Furthermore, we introduced a new data augmentation
technique called “CyclicShift”, which takes advantage of the unique properties of borehole-wall panoramic images.
Through experiments using our own dataset, we showed that both WideResNet and ViT achieve over 98% accuracy
under the limited condition of a single crack in one image. Additionally, we confirmed the effectiveness of data aug-

mentation and fine-tuning of pre-trained models. We also demonstrated the potential of using Grad-CAM to locate the

positions of cracks.

F—J—R:IRTER—IH AT, LEERBAEG, B,

253

g

Keywords: borehole camera, borehole-wall panoramic image, crack detection, deep learning

1. FANE

WAL, WEERCH SR O L 2 5 EE
FETH D, HWEFARTIZBITLETR—VH A FHFHETIE,
A ZEE MFEROILEZIED, ZOILICKRTA— VI AT
ANTILEE R L, BEOIER M EZHRET 5. HIK,
W U 722> & BELGEPT & R 5 VESE L3R Bl 3 7
HHTIToTBY, ZREHEMETHE2EST L720, av
o= Il 2HHMEPEITN TS,

FZC, RWFgECiE, HEIROFUEEZ SEm IR L 7240
BEREBI{SR 7> & A > 71— TARO B & MRS %
WK A2 R HVE T4, BARRIICIE, RESE %
W22 7 FASFEICEY, ERFOBHROFMEHZT S,

e ipE R R
T 006-8585 AuiEEALIE T FARXATH 7 45 15 T H 4-1
Hokkaido University of Science
15-4-1, Maeda 7-jo, Teine-ku, Sapporo, Hokkaido 006-8585,
Japan

(B LT w7 A
T 065-0024 AtifEEALBE T HRIXAL 24 4630 17 T H 1-12
RaaX Co., Ltd.
1-12, Higashi 17-chome, Kita 24-jo, Higashi-ku, Sapporo,
Hokkaido 065-0024, Japan

© 2024 The Institute of Electrical Engineers of Japan.

658

Z ZTid, ResNet X ViT % EBEFO A Y N T —2 7T —F 7
sFvRERL, MEIREEL-FEHT—-5 12y FEHAW
THEETIVOHFIRGE 2 3Hii T 5. F72, fLEERFEROFRE
PR L7c#7z 77— & kT & LT [CyclicShift] %
BEL, EFRICI Y Z20F%EEZRT, 2512, Grad-CAM
AV THEET VORI EZTHILT 52 128D, &
HROFEZTTH L, HGENOBEOMNBELZIFET LI &
MHHRETH D Z L ZmRY,

DIV, 28T, AWIRTHEHTLRT A=A x 7L
FLEERBHEFICOWTRR S, 3 BT, FEFFEETV
IZOWTIHRNR, 4TI, RADPBELL-F—FELy B
ST = FPIRIZOVWTHERS, 5FETIE, BRAEDH
EWCHATAERERLRL, 6 ETIE, BEFEITOIFEI
B3 5 EEHE R T RS, Wik TETTLORRND,

w2,
2. RT7R—IAXTEIERBEGR

AWZETIE, K7 H— A A5 L LTBIP Y A7 4 (Bore-
hole Image Processing System) © # i[9 %, BIP ¥ A7
LiE, Fig.l @& H 2, 7a—70HmIzi#HEh x5 &
MR AT 5N TV D, OSSO EE 28> 72
JLEESTE (Fig. 1 @ “Scanline”) #5414 Y A¥ ¥ 35
Z L & o THEIROILEEm G 2 #R52 L, “FHICERT %



FLEERBH 12 351) 2 2 (I, i)

5]

[Probe L[

Conical
mirror

S\
+ [Jof +
<

.
\
x

Fig.1. Borehole camera.
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Fig.2. Borehole-wall panoramic image.
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Fig.3. Examples of image data extracted from a
borehole-wall panoramic image.
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Fig.4. Examples of “Single crack (center)” and “No crack” images in the dataset.
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Fig.5. Examples of CyclicShift (N = 4).

Table 1. Performance evaluation of crack detection by

image classification models.
Model Accuracy Precision Recall F1-score
VGG19 0.970 £0.005 | 0.965 +0.006 | 0.973 +0.011 | 0.969 +0.006
ResNet50 0.955 +0.005 | 0.983 +0.006 | 0.922 +0.011 | 0.952 +0.006
ResNeXt50 0.973 £0.010 | 0.981 +£0.007 | 0.963 +0.019 | 0.971 +£0.011
WideResNet50 | 0.983 +0.008 | 0.982 +0.009 | 0.983 +0.013 | 0.982 +0.008
ViT_b8 0.982 +0.006 | 0.984 +0.007 | 0.979 £0.013 | 0.982 +0.006

2,628 £ (%A 1,297 K, 54 1,331 80, MG 176
M (BZEA 76 K, %M 100 #0), Rl 194 £ (A
94 %, BZLE 1000 & L7z Wit 4 X134 T 256x256
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FHEOPIHEL L CREREZR LD TH L. T2,
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757 Tdhb, Table 1 LU Fig.6 &1, WideResNet50
& VIT_b8 DFFEEDSE <, #kAIZ 98%LL & W L T\ 5,
i b MK A5 72 ResNet50 Td 95%LL EoakRlzE & 22 -
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WZ—DDOBEPFAET DHEDOARER->TVD 2D, (4-1)
Hi CHRAR7ZEB O BRI 2 B I35 BBEI D
FLb,

(6:3) TAHRBLVBFFEOHR 7 VILk
BLUFEREEORFII OV TERICL WRRERTo 720 F
ERfi AR % Table 2~4 (R T o 7 — & ik & FRIFE LSO
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Fig.6. Comparison of accuracy in each model.
Table 2. Comparison of accuracy to show the effects of

data augmentations in each model (without pre-training).
HF: Horizontal Flip, VF: Vertical Flip, CS: CyclicShift

Model wjo Aug.| HF+VF | CS@) | CS@8) | CS(16) | CS(32)
VGG19 0943 | 0973 | 0956 | 0962 | 0968 | 0.952
ResNet50 0796 | 0904 | 0832 | 0834 | 0877 | 0.891
ResNeXt50 0794 | 0905 | 0798 | 0801 | 0.857 | 0.881
WideResNet50 | 0.849 | 0921 | 0.864 | 0861 | 0920 | 0.939
ViT.b8 0718 | 0748 | 0729 | 0738 | 0752 | 0.794
Average [ 0820 | 0890 [ 0836 [ 0839 [ 0.875 [ 0.891

7The number in parentheses of CS indicates the number of partitions, N

Table 3. Comparison of accuracy with and without pre-
training in each model (wighout augmentation).

(A) B)
Model (B)-(A)
No pre-trained | Pre-trained
VGGI19 0.943 0.975 +0.032
ResNet50 0.796 0.946 +0.150
ResNeXt50 0.794 0.969 +0.175
WideResNet50 0.849 0.977 +0.128
ViT_b8 0.718 0.900 +0.182

Table 4. Comparison of accuracy to show the effects of
data augmentations in each model (with pre-training).
HF: Horizontal Flip, VF: Vertical Flip, CS: CyclicShift

HF+VF
Model w/o Aug. HF+VF

+CS(32)
VGG19 0.975 0.972 0.970
ResNet50 0.946 0.949 0.955
ResNeXt50 0.969 0.962 0.973
WideResNet50 0.977 0.972 0.983
ViT.b8 0.900 0.950 0.982
Average | 093 | o091 | 0973

FThe number in parentheses of CS indicates the number of partitions, N

Table 21X, 7= ¥ WIROMRZRL T b, I T,
T =i L (w/o Aug.) (SR LT, AKF - FEE K
iz (HF + VF) % 721% CyclicShift (CS) 12 & %7 — % Jiiik
M L720 CS BT AIEMANOITIIHEBN 2E L,
AT — Z BAN BEIHINT 5 2 L2 ER L T b, &b,
FHRFEEHIIBIRoTWaV, Table2 1), WTFhDF—
FIIED 7T — FIIEZ L & HNT Accuracy A 1 L TB
D, 7= IROENEDFER T & 720 —J7, HF+VF &
CSM@) Mg 2L, 7T— 5 8% 4 5L TR RIEE L
TH DD, CS@4) 1 HF+VF IR T #HMEIVNE L o
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Fig.7. Results of Grad-CAM on WideResNet50 and
ViT_b8.

Table 5. Comparison of crack detection rates on CAM
of ViT_b8 to show the effects of data augmentations.
HF: Horizontal Flip, VF: Vertical Flip, CS: CyclicShift

HF+VF
w/o Aug. HF+VF
+CS(32)
279 +11.1 % 43.0+14.1% | 61.7 £15.1 %

FThe number in parentheses of CS indicates the number of partitions, N

BB 0 ES 94 BUIA LT, CAM DRt fEE B EIZ
BN T hErz HEHICEVHEL, IELSY A U h—
THRICHBLL T2 8E (DU, i) 2#fEL7. F
7z, Table 4 & [AEDOFEERSFMTT— PR ONFEE MR L
720 BHAFICBIT B RIIEE D4 & kR % Table 5 127R
Fo Table 5 £ 0, 7— ZHiR%Z #H L 2 W& ORI
#128%THY, T — FEFROKF - Wil IR E HEH L
73030 43%, X512, CyclicShift % 3801 L 72354138
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TWh, INLOMERDPE, F—FIENCAM 2L 58
FUTERFEOREN FICAERITH D Z LD MR TE /2. L
ML E, BEMIIHA Y —T%2HEETH72D1213K
WRPEFSEIIEAT, T7o, EERFEHN 10%LEE 125
DEDHREV, L72AoT, VITIZBITS CAM ORES
L O REEDUEENSHORETH S,
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Fig.8. CAMs of ViT_b8 to show the effects of data aug-
mentations.
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