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Abstract

In this study, we analyzed the effect of motion blur on images used for detecting cracks
in concrete tunnel linings on the performance of CNN models. Motion-blurred images
with intensities ranging from 10 to 50 were generated on the Kaggle and KICT data-
sets. A semantic segmentation model with ResNet 18, ResNet 34, VGG 11, and Alex-
Net as backbones for feature extraction was employed, all pre-trained on the U-Net
architecture. The performance of these models in crack detection was then assessed.
It was observed that detection accuracy decreased across all models as the intensity of
motion blur increased for each dataset. Within the same model, the F1-score on the
KICT dataset showed over 20% higher performance than on the Kaggle dataset. This
study demonstrates that CNN-based crack detection performance is affected by the
quality of the image data and that the crack detection accuracy of CNN models can
vary depending on the quality of the dataset used in training.

Keywords: CNN (convolutional neural network), Motion blur, Dataset, Crack de-
tection, F1 score
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w0 2 ARt ofnld B BElS Baslel 78 B A5S BARI) Z17te] lelel ] magelt 57Kt
of wfe} RE Rl 7% Hoher} Ashe 20 Uehd) S8k ol KICT Hlo]E/A19] Fl-score7}

Kaggle HIOJEAETF20% oV 2 A= 2 A 22 7=l & 719 2=, ONN7IHF 2 A& 52 ©f
o]2] glole o] F2of miet 2o AsH, 7] 75 ol tlofeAle] Fdof mebA = CNN Belo| 7 HE s

o] gold 4= A= Ao = ket

290{: CNN (convolutional neural network), 2452, glo|EAl 4 HZE, F1 score

1.ME

Edo] E7E gol ol WAlshe 124 9 PRt 5 7EE0] SR TS WIS Fast
olBE 39 HeePl AETH AL AT SAA 2 o]zt kN et al. 2019). 72 Q1]

HES
HF AL Aupo] G2 AR, 17H] Abs 10l St AR 0 2 Q5| HFA Q] 45 R H T ok
Stal 8291 H|H(vision) AAFHo] Q%31 QIth(Balaguer et al., 2014). o|2{gt Q7tof 9H] AA 2]

2] Fopol| A= A 2 BYE PO A A= QAR §li=FFE H|Z(computer vision, CV) 7|
0| S8 EN Qiek M E A AR E =7 E Z83t ol 54 Bl AN AL & HEIN AT olr|A| 2
¥ 7| AS5(machine-learning, ML)2] §t 2ol @2 (deep-learning, DL)2] @3 417 (convolutional
neural network, CNN)= &-8-51] @1} -2 &4 AE0H] e theket A7t =85 17 Itk Alidoost et
al., 2022).

A AEZS 9Iet o]u]|R] 7|HF CV+= B3 (segmentation) 2], ©]0]Z] FEF(classification), Z3A| B Z](object

detection) = FHEHTE o|u|x] =5, MA| 5= 2] 31 HA ol A Al B S AlgRict B HHAl o]

E&(semantic) =} Q1A A(instance) 0 |E= 5 71| ok 0 2 ARSI T Guo et al., 2024). ©]H]
ﬂ—'i‘rzrmﬂgﬂ |2 5 Z|(patch)E A Skl 2} wfjz]of] FHo] °1L7\] o) R-E Xetstod o]n| 2] Gl Fd
O] A& mefoh= ] = Tl ok FAE 39 &4 AES Sloll 7HS FH 1A AR E= ofn|A] &

F2] CNN 7|8l & (architecture)+= AlexNet (Krizhevsky et al., 2012), visual geometry group (VGG) networks
(Simonyan and Zisserman, 2015), Inception networks (Szegedy et al., 2016), & ResNet (He et al., 2016) 5-°]
Ut FE AES AT ER UEHT O A5 vt Aol mhEw, &4 73 o] theld it shstlole o] #4
= o ¢ MEYZ7 AEA 0 & thE HEYIET 943t 52 EelohA] Zohe 2o oot et
(Guo et al., 2020; Ali et al., 2021; Miao and Srimahachota, 2021; Shin et al., 2021). ©|2{g}F L A= 5T
ole{o] F4 Afolof whet d AES It A HEZE AEshe Aol oAV} Sla= HofFal Qi

A 2] WA CNN7[HHER] 7|5 ARgsto] it ohE A1 S H8sk= o] 5 S3xolth. 2] 24

Ldlofl= 5 7HA] -3 o] 919, Faster Region-based Convolutional Neural Network (Faster RCNN) ¥} -2
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& 719 &2 7| (region-based detector)= G A|SKregion proposal), 53 &7 ](feature extractor) & 257
7|(classifier) 522 AFEFITE Single shot multibox detector (SSD)(Ren et al., 2017)2} you only look once
(YOLO)(Redmon et al., 2016)2} Z-2 T THA| ©2]7](one-stage detector)= 2E 7JA RS §F ¥ 55}
T A& weba 2ekd Ax]of Zeket kS Wil Itk Kumar et al. (2020)-2 Faster R-CNN, SSD,
YOLO9] 4’52 Hl s3It} ~1 23 Faster R-CNN©| SSD€F YOLOK o EX o AJ=skA] Tk 2] 2] Aj7to] o
Qe Ael= Ao g BARQIt Xue and Li (2018)= A% B]'d A7ld 4|1 moving tunnel inspection (MTI-
100)2 F53t oJu|z]ofA] HE-E FAE5H] I3 Faster RCNN= A|Qtstal AASHATE. GoogLeNet (Szegedy
etal., 2015), AlexNet 2! VGG networks¥} H]wsto] B} /A5 Aehe 2 HoiF9rh Liet al. (2021)2 =2
AL 2 B9 3H 292 250 2 ©2]ol7] §]51] Faster RCNN= 2-83F Metro Tunnel Surface Inspection
System (MTSIS)E 7NsIRITt. T1oiu &4 AE0] 7o, v, - 1] mfel 3l ol tigh A2 3
QAT FEHE RS o <ol nlE st sk A 02 42 BT ] flsliAl= tlolE Al
T4 A 1E0 2 3 o|n) x| o] 4 A= S sl dsior & Al = dgsksick

A HA = A 22 o A A ee] Refat - AeshA 119 4= Qe THo] Ak(Spencer Jr et al.,
2019). ¥HA oJn| 24 Bake 7y mAlo)| S AE o] E(label)ote] DA =520] At AR]E mpelet 4= 917
2ol F Aol BH S ERE fiote] ouEA] EdE A8l FAlolth EHBE F3E BHOA]
B gAl =20 2 AHH517] 95 fully convolutional network (FCN)(Long et al., 2015), DeepLab (Chen et
al., 2018), U-Net (Liu et a., 2019), DenseNet (Mei et al., 2020), SegNet (Badrinarayanan et al., 2017) 5 &JU]|=
2 FLUEAZZF ARSI TRl W &4 HR] O] A= 1l QIARA Feke 7l 4o dfeh ZbA|
A HE A 5-5HH Mask R-CNN (Wei et al., 2019)¥} segment objects by locations (SOLO)(Wang et al., 2020)
7kl
TR CNNZHE AT 852 B0l & Ad52 0= AES 7 UAAE o75] 5
&2 BAI7F Ack(Bae et al., 2021). AA| 2 CNN7|EHAFE 41 HE op7 ]3] 0] A58
g oln|z| o] F4of| A ZHH(Liu et al., 2020). ©|54~
S o]n| R 2 QFEASHA 1S 4= = 7S B4 Q1 W o]
1%

27 o] ofels] 4745 ofmIx|ell A BAFE|(motion blur, MB)9} s 0] AT 4-
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B, 71, 3E 2ol A B Ao AR 4= ok, thgaFe] esdloEl= thgee] )12l 2

Fso] o]Fo]2]7] wfZel| 2HA7te] - of| whet thE F 9] o|m| 27} Hlo[efAle]] 23 4= Qlrt. o
2 F49] ofn] 2|7} Hlo]ejMllef] 3|11, o]u|z] AHHI}F S 0 B FA| ] ARo|A 86k=
o Z 22 nN FE-S HESH] Eol= A9 T ol 2Rt EA Sl E Eotal o]w|A] Hlo]E
Aol tigt A A= wol B35 3olth(Lee et al., 2024).
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CNN 5] 459 S e AaHE) oA 71 A7l A HE g L bt 2
ol elelz 58 Shselolelz Qo) CN EES] 4 w7} ofoke. el o) Arlsick A

= dlo]e= 37 Hlo]El¢l Kaggle ©]n]A] Hlo|El4(Kaggle, 2024)} AA] o521 E'd A7[d A48 02 80
km/ho] £E2 29 512 Hd ] ZA2E glold EHS F3t on]A] tlo]ElAl(o]sHKICT Ho[eAl)y& &8
Steirk. ofr|R] o] Aol 71 & FakE vl A= MBe| tioto] RAE=] e[S AR8-oto] 4+ 7 (intensity)
10~507}2] ZH= o|m| A1 5-S AJA5IT) Sk d 2= Mook (transfer learning, TL)O] 62,41?4 U-Net2 A&
3191, EAAFEZES YaAE= AP S5 AlexNet, VGG, ResNet R E-2 28519t AAE MB o[R[Z & &
g5t CNN7|HE 78 AE 459 7734 (robustness )= w4 513ATt

2. BMEY 0[0]2| HOJE{M &

R S
&= olu]z] 9] %é%%_‘_"ég_% 514 ]‘ﬂ‘j’ﬂﬂr I3 B2 CNN7|5H#E AE SHollA o MBef| tigh 7+
238 Bk 0] :
o] MB 5 10~507F] AR om ] ]E*‘WOP EP 047]*1 A= FAo] He A o2 B8 IS
HPAIA]Z17] QoA AFSEl= FH TA =5 ot o|u]x]o] MB &3t& Fofsbr] 9t daralE(A (1)
A3 WS o3t At
. {0 0 0‘
k=111 M
310 0 0

L kx ko Adgo PEe ﬂﬂ(kemel)i g
7' B2 FYAeN 18 FoRITHTA % k/2, 27U 8% K/ (k+1))
=

2.

R

4. ¥ olulxlol thohA kx k /1] AR FHFOZ A5HS FAaIc,

5. ZU] Usize®] o] HEE|T AT ol FIFOR 249 BAlo] BIAS EEole] 2 Bel &
2 PRI

Kaggle HIoJEIAIS 11,2987112] o]u]2](448 x 448)°]™, KICT H|o|EJAlL-27,736712] o|0|Z|(512 x 512)2
TAI= o] Qlct. Zkzte] glo]ejAllo)] 71 Alo] = kS 10, 20, 30, 40, 50.0.2 HISIA|A 5572 MB ©|U] %S Fig.
13} ZFo] A/dstairt. DL 8k5A]of Kaggle HIo[E| Al 855 o]m]2] 9,603 712t A E o]1]|2] 1,6957] = 255t
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ARSI KICT o8 Al ZdA] ofaf]ojx] gt go] ek ofu]z| o] Hl&o] 5% ofsto]7] tize] F2191=
A HoHEFET BT o
A

g 7Hs7dol =t ZEHH mask JFUJA] ;F"‘Ol

2l g el olol} 29

k =30 k =40 k =50

(a) Kaggle dataset with generated 5 intensities of motion blur

K = O(original)

K=30

K =40 K =50
(b) KICT dataset with generated 5 intensities of motion blur

Fig. 1. Generated motion blur image dataset
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3. 210|&k& 7|4 CNN &3

_I_a

CNN2| U4t} /d 5 (generalisation capability)-> 2|0]&°] 11 oo sls5 tjofefe]] 2] ojERt= A
2 ZF A%l Aot 1B 2 8l flo]E] 71 EoleH 5 A (classification accuracy) E3F GO 2
™, o] 2 Il AN over-fitting) ZAI7HEAEL 4= Tk CNNQJ Hojd ofn|z] Q14 A5 o5 it T
oEJAl O] Sk AASkAL Sk 13y Al ] ZofellA] Ftotal A Sl HlolBE 4flohe A o 6]
ofe] 2 doltt. of2|et HoflA TL 712 o5l B 9] ol tiRt YIEYF.0] SE=E &Y = 7] wllzoll, A
= FSRtdlolEu 7|E9] HlolH & et &8 4 = 7=t kt® QA E %E]'(Yu etal,, 2022). 7I&
ML 7} 2] TL2 Hlo[gAlS A Q1 B2 erf|Qlo] 7 170 = A1t TL2 A2 TH|QloflA|
Skt 21418 W B2 e|Rlof A-85tke] B2l ZAIE S8 Rr(Pan and Yang, 2010).

S5 dle olu]22 Hok(semantic segmentation)] U-Net OF7|EIHE &-8olo] L5010tk EA &
(feature extraction)= Hd o= 2+ (backbone). 2.2 AP Sl5% ResNet 18, ResNet 34, VGG 11 2 AlexNet.2
2 Z 4N U EYTE ARSI 7|4 el S50l = U-Net2] €521 Dynamic UNet (Fig. 2)& A8
ThDynamic UNet, 2024). Dynamic UNet-= t}43t 9157 Bf(encoder) S AF&-51] EX W (feature map)-2 F&5}
1 o]eF A AR H T Tl(decoder)E T/doto] €+ o|m|x]et Ut 27] 9] E8-S Aditt. gllofo]o] &Y
U-Net 2] QIFTh= K5 AP ob5% g el = AMB=]H, ImageNet | 2=ttt I Hlo[EjAlollA Sk54 715215
283t} o5 Bl HElo] sk 7REelelal, dRtel s A 4= Stk

A}

_input output
|mat?|: > *|* ™ segmentation

13 map
li

| -+

'

-~ I
-Iri—LbB Q*D"‘] = cOnv 3x3, RelLU

¥ . copy and crop
D""'_"{J [:J*:{--:l # max pool 2x2
$ - # up-conv 2x2
I:I‘I:IIPI:

= conv 1x1

Fig. 2. Schematic diagram of Dynamic UNet by fastai
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2 Aol A= TL7|9ES] CNNE S 87t w4 A& A5 4= 1ol T8 (python) 2] DL 2te]B2{2]<l
fastais B85t Fastair= pytorchE 7]9E02 TLo] -85 CNN B2 158 4= Q=5 2¢stal it
(Fastai, 2024). TL7]5F2] CNN 22 -=A] Kaggle ¥} KICT HOJEJA- 256 x 256 Afo| X2 olu|z] 3718 F
A5t 2453k Fig. 33 Zo] 153t 12789 MB Hlo]EMlof|A] 73t es5tolE = sh5H e Dynamic
UNet 2.2 7%5}111, hsH|o|Elof| AFd 8155 ResNet 18, ResNet 34, VGG 11 12|17 AlexNet-2 EAFEE
U120 & ARgSto] 7 HE AYE TESH

Dynamic UNet

Feature extraction

Classification training «—— Feature transfer «—— Feature learning

|
|
[ Target domain : KICT with MB \\l | ResNet 18 H—-H Output =\
| | g
. | | ResNet 34 H Output |l
| = -
| Sl i s | 8|
- i‘ [ vee11 ‘L'f| Output /|2
I —— — —— J' | AlexNet H Output a i
\ i === — y L
N k=40 k=50 4 L |

-~ _ e TSy

4.CNN7|¢ 29 2& 45 B4
4.1 CNN 2%lo| M5 Ty 2| &

Z}7] tF2 CNN RE59] 4 AE AA59 7471488 EA517] ol A E(recall), A=A (selectivity), HH
I (precision), 2/ 9=k (negative predictive value, NPV), J2Hr (accuracy)2t F1-score 5= E3SH A4
A5 ARSI A2 A 34 Ao~ F o] SHEEA| A|S3 Hlgolrh o= HA| Alo] A~ %Oﬂ
A EHIEA ASH Alo] A 0] o], Al =34 0 & ASH Alo| A F Az TN Ao Ao vl
ERTE B2 TN (true negative)S AEoh= HHl0] A5-& S ok= Hl&0H, 24 AS5E= Bdo
o= &3t Alo| A F A= FA4 I Blgolth Fl-scorew Ald-av AU E0] £oPEw 0 & F 2|10 =
Vgt PrRA Holt) B A # ] glo] 1842 HrhE mulo] Aol o] Eri= AL ofulgit), o]2]gh

I-E
m_L:
411
ol
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&2 4] (2)~(7)2 2t o] 3k A HE-2 Table 17} 2] confusion matrix ]l 715FoHH, 25 EAol| A
CNN 221€] /455 Hrlsh=t] 284t

TP

Recall = TPTEN 2
Selectivity = % 3)
Precision = % “)
NPV = % ®)
Accuracy = Zp7 gﬁ ?jj\Der FN ©)
Fl= 2TP+2ﬁTU]:+FN @)

o1714], TP (true positive)> LEO| -2 © 2 -SHI2 7| oS3t 74-9-2] = FP (false positive)= ZEo| dA4H 02
A5 A =9EE90] 45, TN Hidlo] 1A o0 7 gul2 7| =3t 74-9-2] 4~ T128]11 FN (false negative)= O]
Ao = A5 o5 74920 & onlith

Table 1. Confusion matrix

TP FN Recall
FP TN Selectivity
Precision NPV Accuracy

4.2 Kaggle Cllo[eflo] 2HS2] gk 24

Kaggle BloJEAl] MB 2= 10~502 Folsto] ARt o]n| 25 &-8-510] CNN 471 o] tist #d HE
A3%5-2- confusion matrix®]| 7|H5to] EA519Ct. Table 2= H7 1 A @-&(recall), B (selectivity), HEE
(precision), 273 9|5 (negative predictive value, NPV), A€t (accuracy)@} Fl-score s H oAl QL
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Table 2. Evaluation indices of different models of backbone for crack diagnosis from Kaggle dataset with MB

Evaluation index (%)
Model - blur
Recall Selectivity Precision NPV Accuracy F1 score
ResNet 18 -0 64.96 99.38 79.28 98.73 98.17 71.41
ResNet 18 - 10 53.33 99.45 77.90 98.32 97.83 63.31
ResNet 18 - 20 35.03 99.68 79.77 97.68 97.41 48.68
ResNet 18 - 30 13.75 99.87 79.43 96.96 96.85 23.44
ResNet 18 - 40 3.40 99.98 83.55 96.61 96.59 6.53
ResNet 18 - 50 297 99.98 82.34 96.59 96.57 5.73
ResNet 34 -0 64.32 99.41 79.86 98.71 98.18 71.25
ResNet 34 - 10 50.59 99.56 80.84 98.23 97.85 62.23
ResNet 34 - 20 35.35 99.70 81.30 97.70 97.45 49.27
ResNet 34 - 30 24.38 99.79 81.20 97.32 97.15 37.51
ResNet 34 - 40 16.67 99.87 82.88 97.06 96.96 27.75
ResNet 34 - 50 7.23 99.95 84.36 96.74 96.70 1331
VGG 11-0 35.53 99.62 77.41 97.70 97.37 48.70
VGG 11-10 17.26 99.80 76.14 97.07 96.91 28.14
VGG 11-20 7.56 99.86 66.07 96.74 96.62 13.57
VGG 11-30 2.38 99.90 47.26 96.57 96.48 4.53
VGG 11 -40 6.45 99.55 34.05 96.70 96.28 10.84
VGG 11 -50 2.51 99.95 64.21 96.57 96.53 4.82
AlexNet - 0 37.93 99.54 74.85 97.78 97.38 50.34
AlexNet - 10 21.08 99.80 79.65 97.21 97.04 33.34
AlexNet - 20 12.83 99.89 80.65 96.92 96.83 22.13
AlexNet - 30 8.60 99.88 72.91 96.78 96.68 15.38
AlexNet - 40 0.70 99.99 83.97 96.51 96.51 1.38
AlexNet - 50 2.79 99.96 73.63 96.58 96.55 5.37

)

2 Ao =3 MB o] A] Ho[E Al £+t Ho|Eofl thet CNN R dlof] et /& 2415k $1%t
|k ol2lgt B+ HoleAleflA @‘?Q-EQ}ZH@%‘_ AHHA 0 2 ARGE|= W7 Ex| Bo|oh oA o2 Fa e
e Ad-go] EttE o FXAA| 2 F W7 IR BE BT 2ole A2 AP ol 18 s ol AdE
2 %5t H3t Fl-score= MB ©]u]A]of gt CNN Eﬂ‘—i A
Fig. 4+=Kaggle Hlo|E|Al]| gt 4712] CNN R lo] + 5= Fl-score= LFEPH Zio|th. ¢ ofu
Z]o]| 4] ResNet 182 71.41%, ResNet 34+ 71.25%, VGG 11+ 48.7%, AlexNet-= 50.34%= LFERATE 47 &2
9l 5 ResNet 18°] 7Fg =& w4 HE 55 28 2 0= UERTh MB 7t 10014 502 = S7FE 54
7l REof| A HE Fl-score”} ZAsH w8 & A'so] A5tEl= 2108 UERdTh o714 ResNet 342] 749

e
o
i
ox Mo

u}L ﬂl’
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MB 73571109 I 62.23%, 209 T 49.27%, 304 ] 37.51%, 40 ] 27.75% 12|11 50 ©ff 13.31%= H]|
2 AP 744 RS Holal Stk thE 37l ol A= MB 4 30~500114] F1-score”F 223 ZA¥t= Lt
AT}, ResNet 34 Hdlo] MBO] Wigto i wE A&l QoA Hw A w2 5-S HIdlol= 02 & 4 ot

80.00%

71.41% 71.25%
70.00% -

63.31% 62.23%
60.00%

9
50.00% - 48.68% 49.27% 48.70% 50.34%

40.00% - 37.51%

F1 score

33.34%

30.00% 27.75% 28.14%

23.44% 22.13%

20.00% -+

13.31% 13.57%
10.84%

10.00%

6.53%s5 739 453% [ 4.82% 5.374

0.00% -
DS S S S S S

B
%
%
D2

o
o
<0
%o
%
22

o
o
2
)
o
2

’L .
> 7 > D
X g;’ &% &\% &%
& & & &
R

CNN models - Motion blur intensities

%
®
>

<

<,
&
\))7

R R
AN &
) S S

T ¥ <F

Fig. 4. Results of crack diagnosis by 4 CNN models of backbone about 5 motion blur intensities of Kaggle dataset

4.2 KICT Go|EjAlle| mM=2] Ak 2M

KICT Hlo]EjAlo] MB 74 10~50 2% A5 o]n|2] 5 -85t CNN 47} Hdlof tiet #E8 A& ds2 =
25130}, Table 32 B7 1 A S(recall), A (selectivity), A2 = (precision), 23 o= (negative predic-
tive value, NPV), A€ (accuracy)®} F1-score S R AF1! QUL
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Table 3. Evaluation indices of different CNN models of backbone for crack diagnosis from KICT dataset with MB

Evaluation index (%)
Model - blur
Recall Selectivity Precision NPV Accuracy F1 score
ResNet 18 - 0 92.46 99.19 85.74 99.60 98.85 88.97
ResNet 18 - 10 54.14 99.43 83.32 97.62 97.16 65.63
ResNet 18 - 20 29.59 99.66 82.05 96.40 96.14 43.49
ResNet 18 - 30 11.89 99.85 80.71 95.55 95.44 20.72
ResNet 18 - 40 5.50 99.91 76.66 95.24 95.17 10.27
ResNet 18 - 50 1.12 99.99 82.25 95.04 95.03 221
ResNet 34 - 0 93.41 99.18 85.77 99.65 98.89 89.43
ResNet 34 - 10 57.67 99.35 82.33 97.80 97.26 67.83
ResNet 34 - 20 2431 99.74 82.93 96.15 95.95 37.59
ResNet 34 - 30 12.39 99.85 81.62 95.57 95.46 21.52
ResNet 34 - 40 5.39 99.92 77.93 95.24 95.18 10.08
ResNet 34 - 50 2.29 99.96 76.44 95.09 95.06 445
VGG 11-0 71.36 98.61 73.10 98.49 97.25 72.22
VGG 11-10 31.12 99.42 73.80 96.47 95.99 43.78
VGG 11-20 12.47 99.64 64.54 95.57 95.26 20.90
VGG 11 -30 6.70 99.82 66.39 95.30 95.15 12.17
VGG 11 -40 3.74 99.87 60.94 95.16 95.05 7.05
VGG 11-50 0.47 99.99 68.51 95.00 95.00 0.93
AlexNet -0 47.05 99.10 73.37 97.25 96.49 57.33
AlexNet - 10 25.27 99.37 67.86 96.18 95.65 36.82
AlexNet - 20 8.40 99.87 77.16 95.38 95.28 15.15
AlexNet - 30 2.83 99.96 77.91 95.12 95.08 5.46
AlexNet - 40 1.96 99.94 63.49 95.07 95.02 3.80
AlexNet - 50 0.88 99.98 71.24 95.02 95.01 1.74
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Fig. 5. Results of crack diagnosis by 4 CNN models of backbone about 5 motion blur intensities of KICT dataset
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Fig. 6. Comparison of crack diagnosis by 4 CNN models of backbone between Kaggle and KICT dataset
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