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ABSTRACT

Machine learning (ML)-based cavity detection using a large amount of survey data obtained from vehicle-mounted ground penetrating
radar (GPR) has been actively studied to identify underground cavities. However, only simple image processing techniques have been
used for preprocessing the ML input, and many conventional seismic and GPR data processing techniques, which have been used for
decades, have not been fully exploited. In this study, based on the idea that a cavity can be identified using diffraction, we applied
ML-based diffraction separation to GPR data to increase the accuracy of cavity detection using the YOLO v5 model. The original
ML-based seismic diffraction separation technique was modified, and the separated diffraction image was used as the input to train
the cavity detection model. The performance of the proposed method was verified using public GPR data released by the Seoul
Metropolitan Government. Underground cavities and objects were more accurately detected using separated diffraction images. In the
future, the proposed method can be useful in various fields in which GPR surveys are used.
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A Z =1} o]t (ground penetrating radar, GPR) EAl= |
oJtiTE o|g3to] 4= g A= WLl Astt2E ARk
T Sl FAPHO|th GPR EA: =2 ¢Hd(eg., Kang et al,
2020), E3H)(e.g., Oh et al., 2019), F¥t A&]H(e.g., Arosio,
2016), E]l'd ®HA(e.g., Choo et al, 2019), AW} <tZ(e.g.,
Chlaib ef al.,, 2014) 5] Aol TheFsHA o]- &=L Ql=d,
o] T =2ZQHd EopoA= T WIlske A|RHSE Alae
18l Zsiebde] gt B7HE 13t GPR BAZE A5l ate]
of B3t SO AYEHUA L &ds] o] gHL Yt
28] 4gA) A% £2 U w2 Fuolx o BE FA)
oloi| 3 Emo| WEFE Wyl ujRe] AT FAL e
F71430 A 9 o] ol2olxm ek,

Aoz E2o|de] GPR s 2% Tl GPR 4
M2 A4l e wAe] el Aag ST 3, o4 9
of dis A= = FE FAE g T2y e o
AR oA e Fol ATt FHEE7] deel ME7tel
ot AHAN A W 4o A7 UrhKang er dal,
2020). 2 ol=3t vk o] & AW Hol= A<
719 H&Eo| A XY=L grhe.g, Mehta et al.,
2021; Jeong et al., 2022). 7|AsHE 7|4k 7|92 XA} F
ol Bk AR A Y S AT A% A
Fob7] TR, 15hA] Ak o] Hgstee we AEs} 9l
A th(e.g., Choi et al., 2022; Lee et al., 2022; Zhu et al.,
2023).

71A8ks 719k 35 "Al 7IHES 2 EAR AT b
g9 7Iel R GASEE S5Al7]=tl, =2 GPR §AHY
T WA T=o 352 A5t mjdie] 2 24 Aot 1Y
H Fxz Qs FAF AmolA F= B34 FHY duz
el th(Yoon et al., 2016; Kim et al., 2017; Kim et al.,
2021). wehA Sdat gAjo] 28S B #E = 359
FHE gofelr] s B2 A7 AP =T, 2710 X3
H AtolA= 23 & P ol tisf Inception V1
(Chae et al., 2019), Convolutional Support Vector Machine
(Ozkaya et al., 2020), Faster R-CNN (Gao et al., 2021) &
CNN (Convolutional Neural network)7|9+e] tafst £5.9] 7]
Aty 2EdS o]gste] 35 HAE TR

Iy 48 A=) ¥} glo] ZAISs REnks /A
Beolle s ol A7 7] b, ol 359
THE F2E F ¢ HES] HojFs 33 o ARE 2
A A=} FAof o] 4~ Q=T She A7t A HE
ATt Son et al. (2021)3} Li et al. (2023)9] A= 334
GPR A=E YYo=z o|§sty 359 HAE gAHeH,
Kang et al. (2019)7} Kim et al. (2021)9] dAFoA= 321
A=E 54 FHY 244 Ar2 HEst] o]ttt oA

d 32 FAF ARE ARy B gEoR o8 A,
22 dRte 2= woEly] o 359 FHE =Y
= Sltk= Aol Sltk. a3y 8 A=9] =771 ARHA
7|As 2Ee] W E3F FTstojof slal Shg W 8o
2 AIZHL H|go] &g Hthe FAIEC] EARITE 53] shs
< fsto] A3t Feiet AT FEE 2= Fgol FA
H 2" (labeling) | A2E FH|5H] HeiMe B2 FY
AR A 9 5HE AE7tel| gt A3t st &
¢l Azt dastez oldt FHY ARE FHdl= A
- ojFt.

32 AR E E85hs WY ogge R s, 22k A=
o] AAYE T8l A A Hee FA7Ie PR &
3] AQtE a1 Qt}. Benedetto ef al. (2017)2 =2 ZA}o| A
ol 8E 4 & 7IEA HAT YHES 2/, Son
et al. 2021) P 2ES BT A= FH 7¥E o183
th Yue et al. (2022)2 g FHE Y3l colour space
transformations ©]-€&P O™, Ma et al. (2023)2 texture
featureE o]-§3t £7 5= FAFT olFx A7
O] gREY Aqts T Y APoA EEEHE HHES
GPR zt=20] Z2-8AIA 7|ASts=E Y ARED dsa F
Al7Ied T8 ot 22y o3 7P A H A ol
ofd FAJsle FREEY ARE APHer 2o &
Ue AAE 71Hel Bdu 2 7T 22 Ak o]Fo]
A A A%t

GPR 22 S5 A=e fARE S4E 27] diwol &
< Aol Bdut FAF ALR A o] 8 EHAUH A2 AY 71H
<2 GPR A &A| o) o]-&a}gHch(Baker et al., 2001). Schwarz
(2019y= GPR ®AF 2k 8|49 HB#E0| H= 437t =2
sjashz Uehdths dol Z2sto] Shint A2 s A
B QL |83 Snt e 7|Yo] GPR Ao ot
2 o) Relshe 28 MolRYr). E4 De Figueiredo
(2013)¢] Atollxe B9 ApmolA 3Eu} AlF oA 9 2
% B4 24 71 5% 3EY 34T} 710], GPR A&
oA meF sHEO o] AE FESHA Hetsks A
mojzglrk. oloh 2ol s Azel] Hgshe sdu we)
71&e GPR A2} HAo] 83 ol§ 2 glon of
9 2elE SAnE TEHA JAseRde oY e
g3t AARA] ds el 7198 5= & Aol

o] AtollAl= 22+ GPR BAF AAROIA 9] =2 31 35
HA Be= FIAZI7] fE, 23 GPR AR 27 3)1Ev)
£ 2% 3 24 AR} ¥ S5 'R 299 o4 AR
2 o|-§3th. GPR zt=zofA 9] He3t s)dute] He|E 93,
edut A= 9] 3dut 225 QoA At 7|Asks 7Rt
3@k 2a] 7|H(Kim et al., 2022)S GPR R}&29] 94| 7jA4
sto] o] &5t 7129 dtollA= BhAbte} 3 Fute] 712
A2l EAE 2= 9 2719 X (patch)z SEAIX1 7]AIE
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& BYE JHuE sty on Holgsk(transfer learning) 24z0] Agtoltt. C-scan AAsH X8 Ao 8] B-scan
< B3l A AR gt F8S FIAIFA, o] Aol < 22 EEA B 71Z ATt gk @HolH, D-scan
A= GPR Apzof 3dnt e 7S 283 4= J&=5, GPR 2] 218y vkl =21 ThHo|th(Fig. 1).

Am Ao W= g5 ARE A T HolgsS B3l 714 T2 GPR g4 317t el oAl =2 5HE 3
Sk HdlS S5AF T o] o] GPR ALREE ALAA A Foly F2 B-scanol|A] FHE Yepdrt. weki g5 B
58k= GPR ©AL A& (https://aihub.orkr/yE ©]-8-3F5itt. Shs A= e 3dute] &x] 9 B0 237 93] Jg=rt.
H F-ut 2 V|AISRK: 2dS 53 ¥ GPR AR FF SEAIRE AA] A=Y GPR 2AF oA HEH A oS-

e gelsigon, Sold SAshE olgelol ANE G A4 9 WA P HSHIL BE Ol9lol= te) st
£3) 7120 B AT AXHLR YOLO vs 7l EAjel] te] AEAE BE Aaod A4 $E) $1X8

—4 L2 5H 35 T SuEEY S AR 1A A5 B2 olEeo] 7] iz, Il S5k
Tog MY AE2 ShGH 35 AN GEEFY AEAl 71AERE 71He =Yt 7“iﬂ HAE W= JgsHA 5
Az gt 35 BA A= Bl o 5 =T U 7SS B8k Ao] Fasit. dut
Aoz 7|A%ks 719k AA gAo AMgEHE 22 F A

AtFd GPR EMAF 2 7|1A|3t4 7|dHE 25 EFX| 2 U=, 99 4 dAS £ 9AE F AR UH
A 43¥8l= R-CNN (Girshick er al, 2013), Pyramid

T2 Sh5 Ol =HXIE {2 X1F GPR EAFEH| networks (Lin ef al., 2017)2} 22 AQ, 181 F 714 2
2T =2 GPR gAlolE A5F 2219 321 GPR ©A & £ 3t dAZ A2 3= YOLO (Redmon ef al., 2016), SSD

H|7} 2 o]&Eo] § A Fof tisf wm=A 32k FAlF &} (Liu et al., 2016) A|Goltt. £3] YOLO 24l o 4 4
25 g5 5 ok 33 A AHloA I5EE AR ERE SAlo st A €A =7 wE7] o], =
413 2] Pefjof] w2} A-scan, B-scan, C-scan, D-scan® 2 -2 2 GPR &4} AH2 | i3t 35 ©A] &okollA 23] AREE
3ch(Fig. 1). A-scan T YdollA ERE ASE g 1 9the.g., Mehta ef al., 2021; Choi et al., 2022; Jeong et
W, B-scan AHH] 213 HFakol] Hajol thHo| that A-scan al., 2022; Lee et al., 2022; Zhu et al., 2023).

JHREFK| OEHIS 0|25 SH 25 Ol AXS2 EE
(a) Transmitting antenna YOLO v5 Z4xIEx| E_I' EE_OI SUEEoHTE R =%
o] AA Aldste Fdut E WS B3 ‘6‘% =l
1 > 3 4 5 6 7 A a3E A5 Hal, 718 A=A AXERE
YOLO ¢ag|& 7]“" 2 5 35 @A BEE o] &34

V.. .50 0% e e e b

o}, YOLO 2ueae 22 27he veg Easle] 2wzt

12 s afs]e o A% 9 o] that o] ol 2olA gtk o] AN

Bajg s)dnt atel 27l AR TE VA A5 PAL

Receiving antenna 53] 918l 25¢t B AtolA AME YOLO vs 29

< o] 835K YOLO v5+= 20204 Ultralyticso] &J3f 2Z4

&°¢ 22 FINE RS0 (https://github.com/ultralytics/yolov5), =&
Transverse line

9] F£%X= 34 backbone, neck, head?] 37}X| &2 &8 4= Q)
§°°’ th(Fig. 2).
g 4] backboneo| A= AFY SH5E HIEQAE o]-&3te] ¢
g Lo E 8% EAES FETUT o] 2 AR
Sh&E mHElS o]851H YOLO v59)| A= cross stage partial
network (CSPNet; Wang et al., 2020) 7]5t2] E7] & w4
S 0|83t} Neckol A= backboneo]| A AgE 42 3
_____ 4 A A AY4F5te] head2 ALSIH PAN (path aggregation
network; Liu et al.,, 2018) F+Z7} o] &It npxjgtoe =2
A-scan | head°ﬂ*1 4 e} v, o2 Holu= PAYA 9 A
C-scan ¥ A & gE 59 ¥ HEE St HF 52 Al 7
Fig. 1. (a) Schematic of transmitting and receiving antenna array of A 2ADAN G S Aol 2 AAd ] e it
3D GPR and (b) concepts of A-, B-, C- and D-scan in GPR data. AAAAS] )Xo et AR, AAI7} AAAA} otol| A

Traveltime
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Neck ! Head -i: Output

Fig. 2. Architecture of YOLO v5 model.

Az, 7F SEio) £ SER FAHETHFig 2). TEhA &
A= BAVIAS fAl0l HiEt &, dE AAY ARz
gt &, SHAE ERSP] A Fem F ] e =
oz gt

YOLO v5 242 35 upeju|g 4o w2} YOLO vsn,
YOLO v5s, YOLO v5m, YOLO v5l, YOLO v5x2] thAl 7}
2 HAoR AFEH, o] oA o]&E YOLO vsm 2
o] A9 F70 A=9] HEwe} o5 £EE Mtk YOLO =
ol BAY AN AT BANERZ mAP (mean
average precision)s ©]-&3th mAP= A& An £ Jga
YX|oh= A0 vl FUE A F(precision; 4] (1)@F HH
% Bt AEE vleS UBl= AdE A E(recall; 4]
Q)Y ==50, = XF= IoU (intersection over union)
F(Fig. 3y sl gt YA Fshe 58 dARE 7]
TOE FE o5 E Itk

(True positive)
(True positive)+(False positive)

Precision = ey
(True positive)

Recall = (True positive)+(False negative)

@

bz o2 FUmol Ade AFes Wl AE HolY)
oo, et B7HE sl FU=AdE 2z ez

Area of intersection

Area of Union .

Fig. 3. Definition of intersection over union (IoU).

loU=

FE APE AARIT o] At = A&A E& s GPR
Akl gk YOLO vsRE 9] A5 ToUZ} 0.5 o4 uf 3+
3ARLE Hosk= mAP@O.5 A EE F3l AAIE At (Jeong
et al. (2022)2 FW5}o], mAP@0.5 A ES o] &3le] YOLO
ndo] =8 i 35 9A] 452 7

2 o)A Uit 250 A% GPR ©AF AzolA

Fig. 4. Examples of road GPR data that show various diffraction patterns.



FAsk 71 oot el H82 B9 GPR YA AR B2 51 35 % RS 9 Ay 175

Z2 slguh} 3dste] $YE Pl thehiiy), 259 3
et A5t whae] Aol wet slaske] Pt chapskA ot
ehdth AA| £2 GPR ¥ Aaold Uehte jdnte o
o el (Fig. HS B9, B AReIAE Bdske] HTA
2 580 714 Ao} 8)2s} Aole] FHe| GOz 3
Z2 uthy Feolch. A H2XY 5 30720 dhaf =
Abgh 3 A HESE B JeE Hols (Hong o dl.
2022), 5] Bjdirt wAbe] That AlEE BaksH
257 el 24 g4 meo] Hets Bdsh AEHS
EH5) of it wet] B AEE Aolold BHH e
o spashue Yol Lelad 4 AR BeATHA 7]
At ude] S & 252 % Aol Atk

Ao WA} AR Bjdst Bejo] Agu WESe
72, sldntol yhilsbt SR BHo Hel Aol Wol
A BAZH 2elA QA Kim e al. 2022004 AN 7]
Askes 7 mae sldnt Bel gue) A9 FHsE
SRR AET Ve ABA Hefsha A5 RS H
A8tttk o] itk T3t 7| Aeks 74 el ] e
o Sigo] SEE F A BN Hgol WS W2
o] 9l7] whel, o] AN B} He W(Kim ef al.
2022)& 7122 se] GPR A2l 3HskE HIsHA £
She e olgstn el 8ng 2 S 3E 89X
=] 93 AR2 o] §aler.

212 22| gy

oidvt 22 WH(Kim er al., 2022)2, Tut 2A=71 5
e SRR (common offset data)oll A 2 Huke] 7 h4
7b ARt B4 FEIR vEhar Bl e g A2
A B A FEH=E dehdte Hol Aty 71Ass
a2 A=A FeH9| vk Fejsivie Wlel. 12
I ghgof T EY BESAE A ow|A7} obd dREe
2] (patch) FEHE ARESt] & 2o FEAE 4 e BF
ot Fejo| whAlute} o) du} 23hs o] g3l 71AISkE 71 md
o] g5Eol Jof, MEE A=l HEAZ vz Holgks 7]

= o183t WmEA Agtge AAT + e Aol At

Eir= BN =T

71&9 Fdat £ e Y ¥y ZSAE(common
offset data)ofA| 2-8-=]=t] GPR] B-scan A& E3t 5 A
d 23R o] fFeER viE A-go] 7Hssith 1y Sy
< {3 AEE UF FEARES BT ARofA Y=
ot 542 et SEutel whahnte] 2gko 2 AAGE G
A9 GPR At2 oA Uehte Bhabaket 3)dute] 442 &
A9t Az ke wie th2rh mebA o] dAtelA= GPR A}
7O BN W= T ARE MEA APt gl o]
&3kt

Sagnh Aol Uk Sduks Qe vkl vl
AZo| AubHo @ A YERNE GPR AolA] Uehis
S|k whaple} nlalA L 2 WE S ZHerhFig. 4). Ea
WA Aze) SAu) B, 2Ed, 3 SolA WA
WA0] Ao ubifuke} R vhule] GPR Aj2o] 3}
£ 35 EL djEoA tok A9E got ndy gew
ASe ASE ReA B A2E A4sF Tt

WA whlte] A4S gfal A4 EE =24 ge v
B UE ¥, Hate] BHFS el 71EA vt A
£ WSt of7lol wkbEe] A}, 28, 7143} el
b, A% 52 54 We) Held thaksil st ol @
Ho] vt A5 50] HhSold 4 QLES At 71EAel 5
Aok 05 Aol A 4TA A D 214 Feo] map
7} Hasly] ujge] 249 e Ale] SR ) Q)
T4 mEge olgalon, sanel i, AE, 42 9
o, 74 %S 54 We) UolA ATt

label

i

data

Fig. 5. Examples of newly generated training data for GPR data
processing and their corresponding labels.
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A7 FES] U 5 A=E S A9 s 24 Validation Separated
&t wkalmhel 234 GPR AHRo| 28 7153 22 8 data diffractions
& A& (Fig. 52 THEITh A4 GPR &= (Fig. 4049 &
AT AR, A2 Bk AhRoAlE e 3duto] A
3 Fo] vialute FHE T 240 TYH 3Pyt S
thFig. 5). M2 sk Aol thgEe A Aol WAt
o5 AlQstal s™uigte] EAskE ARE WETH

Labels

7\AIEE 2ol 3

AE kg A=) Higt g IollAE, Bdut SlEEe
£ 93l B 48,0007 5 AEZ vjE 3|Huke] R
7F EEoE 7IAIsks 2ol Hisf, 3 s A= 2]
9] 10% A=o) sl 4,800742] GPR A&o] EAFL ZH=
27} ARE Ba) 27149 e A7l Ho| shgol ole
Qe Tt 371 8k Al Sl AL GPR Aol 3
3t H AL Wel] i) Yele) wae sAZ o) AR
g sgo} 2tz o] EHL ZHe AREE 10% Eftste] AL
SchFig. 6). ol2j3t Mol S WL 7| ASHs melo] &
< 35 AR BAY He 2AE WAL A2E AR
ot ol 45 B 4 Sl Ao A UckPan and
Yang, 2010). B2 3|&0} &g slso @4 GPR A2 E thef
S AR 4 SITHA 7FY S A5 Bolk MRS B
ds 4F ¢ oy g5y AY ARE E8E Eut £ Fig. 7. Examples of diffraction separation results for validation
2l" GPR A& WE7]= 97 ofzfeo] HEER o] A dataset.

o>

Original ML process

—— Target
Data set

Generating
training dataset

Transfer
knowledge

f
1 10% training data

o Training

| Generating
Small number of
training dataset

Frozen weights
during training

Transfer learning process

Fig. 6. Schematic diagram of transfer learning process using GPR data.
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o= GPR F5A=9 EAS e wtgste ARE
0|83t S5 XPAH

HE, 71AIey 29| F2= A APollA Hold =
Ho|= Unet3HHuang et al., 2020) 125 47510 o] &30
o Aolgkgo] XPd = =it &2 7k FAEF A
BAYES ALY UA] AF o] shEEA| G it 714
Sk A8 P52 Python?] Tensorflow H7| A& o] &3] 4=
gPom mAo shgo] ARH T HF AE(validation
data)el] gt 3)-u} Ee] AaKFig. 7)0llAl, 3 -ute} vhaburt
FREE R AE 9 7R B Lk AL

shalat &= et

MEAl RHRO| T3 i YT2IE HE £ sty
35 % B4 A

MEZA| X2 A%

AR A A=A 9 3d} B 29 ¥ 35 ©HA AT
o] W3kE Elshr] {8l A=Al GPR BAF ARE o] 83
AEAME B2 sHE 35 TR 4ae|E] AustE ds
B T 4 TS 201595 E 2022971A] AZAolA B
AFE GPR AR ZF UEE 2023d¢] Al Hub Alo]Eo] 274
S th(www.aihub.orkr).

e et B dueEe] ARl s B7HE A8l
o] A-tollA= 20239 44 300l IHE WA 1.0 A=RE ©|
e AlFHe Ame F5HAF, HIHAE, 7Ieht v
FTEME, S, Pulehs Zdste] F 67 S sy
B-scani C-scan AtRoltt F/HEH S A=9 A
(Table 1)= U3 QX041 2] B-scand} C-scan &2 47}
UAsHA] ot UAE FE 9| 33t 4 ARE vE &

7] 2ol A AEolA ArEEt At ol 33 ArE ¢
Y ARE &&ste dle ool otk o] AFolxe AlF
&= A= F B-scan AFERES o-85HH o HAL 2Rkt

. Original data

|
o 1 T

Sample number

M
o
(=]

250

0

100 200 0
Sample number

Diffraction

100 200
Sample number

Table 1. Number of data for each class of Seoul open GPR data.

T Cla Number Number
ype s of B-scan of C-scan
Cavity (symmetric) 19,075 37,552
Cavity (asymmetric) 11,205 20,107
o Cavity (others) 3,856 6,640
Training
Manhole 27,384 36,727
Longitudinal pipe 3,650 2,023
Transverse pipe 1,353 1,202
Cavity (symmetric) 2,384 4,694
Cavity (asymmetric) 1,400 2,513
L Cavity (others) 482 830
Validation
Manhole 3,423 4,590
Longitudinal pipe 456 252
Transverse pipe 169 150

Uhs] glof B-scanoll A= FH2ol o Fullw S ae Al
oJstglet. T3t A sk 2 AA=T EASHA| ¢h= B-scan
Am7t 4R EAEH AARE ¥ 62830719 A=E |83}
At

8|zt 22|

o)t Bejols 1K) HAg wE olgsigon] ATH
57} 01 25540010] Bz AR AEgel]
o)} 2o meo] ol8d 4 JES —1o]A4 1xfo]o] A4k
o2 AETh Wak A 4157 gl 39 gle] 00] obd A&
52 02 AR 457 Ueid & JE8 RRYc o
o] grml sjdnt Be meoly GPR @A A= 2)dn}
Sels Awgon 22 A, F U AF Kol tiE ¢ Fie.
8y wul, Aokel W] o) e s)anFig. sbyt B3
S A AEE AploAE B dutgto] AeksA Eeje
AL 1T 4 ot

st Bejo] ofs) PojAli A& (Fig. 8 SlAm R

qo 1

Reflection

0 100 200
Sample number

Fig. 8. Examples of prediction results for public GPR data released by the Seoul Metropolitan Government. Input, separated diffraction, and
residual (reflection; originally separated diffraction) images are shown from left to right.
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Table 2. mAP@Q0.5, precision, and recall scores of the YOLO v5-based cavity detection model for the original and pre-processed input data.

Original input data

Pre-processed input data

Class mAP@0.5 Precision Recall mAP@0.5 Precision Recall

All 0.564 0.538 0.636 0.611 0.481 0.732

Cavity (symmetric) 0.688 0.866 0.375 0.682 0.801 0.459
Cavity (asymmetric) 0.239 0.249 0.128 0.316 0.332 0.336
Cavity (others) 0.208 0.143 0.869 0.265 0.106 0.938
Manhole 0.693 0.64 0.811 0.836 0.564 0.927

pipe 0.994 0.791 1.0 0.956 0.604 1.0

g ohlet 9 ARoA HelE SAnE WA 4L 4 gk
APRQAE QI o] @OIAIE YOLO v5 2] §X] md
U ARE BEIP) 913 LA A Aue} Bl o)
olzl BWTAR L AR A 7S Hste] & A
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Fig. 9. (a) Comparison of cavity detection performance in the cavity (asymmetric) class using original and processed data. (b) Original image,
separated diffraction image predicted using proposed diffraction separation method, and reflection image calculated by subtracting the separated
diffraction image from the original image.
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Fig. 10. (a) Comparison of cavity detection performance in the cavity (others) class using original and processed data. (b) Original image,
separated diffraction image predicted using proposed diffraction separation method, and reflection image calculated by subtracting the separated

diffraction image from the original image.
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Fig. 11. (a) Comparison of cavity detection performance in the cavity (symmetric) class using original and processed data. (b) Original image,
separated diffraction image predicted using proposed diffraction separation method, and reflection image calculated by subtracting the separated

diffraction image from the original image.
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Fig. 12. (a) Comparison of cavity detection performance in the cavity (symmetric) class using original and processed data. (b) Original image,
separated diffraction image predicted using proposed diffraction separation method, and reflection image calculated by subtracting the separated

diffraction image from the original image.
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Fig. 13. (a) Comparison of object detection performance in the manhole class using original and processed data. (b) Original image, separated
diffraction image predicted using proposed diffraction separation method, and reflection image calculated by subtracting the separated diffraction

image from the original image.
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Fig. 14. Examples of false detections in pipe class. (a) Comparison of object detection performance using original and processed data. (b)
Original image, separated diffraction image predicted using proposed diffraction separation method and the reflection image calculated by

subtracting the separated diffraction image from the original image.
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