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[3£ 1] Performance metrics of DCNN models with processing time

Pretrained model Accuracy Frror Sensitivity Specificity Precision Falsc positive rate Time

AlexNet 100 0 100 100 100 0 475

VGG-16 95 0.05 100 85 92 0.145 Imin My
VGG-19 978 0.0216 100 93.75 968 0.0625 Imin 555
GoogLeNet 9.3 0.0072 989 100 100 0 I min 38s
ResNet50 100 0 100 100 100 0 Imin 12
ResNetl01 100 0 100 100 100 0 6min 52s
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4 T B HT A & A, 2894 - 81Ed 54 37 AE,
Al vl gk AL ALk
€788 SAW(Submerged Arc Welding) X+ ERW (Electric

Resistance Welding) 7} 4 €5 =), A& - 119 S oA A g5 = 7432
SAW 7} A gt dibAQl &4 e 1+ A v

T 6~60 mm, Z°] 4,000~13,000 mm ©]t}. & <1
ojate] &4 ko] WA F AL o] m A & A3t 3kt
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ray 5 WO Wgst= HAE Yy o] 4 HAd A7]:= 0.119 mm ©] 3L
16 bit grayscale |9, & |42 149 x 149 mm* o]t}
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Al 715 283t &4 2] ekt Tl A ¢ ofe] 7k AgE =81
Ad A= olnA] dHolEle FEZAE W 3 Tl 22 dHolE FHo]
LTEY, 2 A X-—ray Gl FEZE AR wbg T JFo=
TEGAETE grolA 1l o] =7} oA olw]A] wlolE 9] FHlo] A dtE A
wopl? o)gl e o2 A BHE % Al 7] HEE Y& 9 ojuA
tloly #4-& B7tetal sk Ao] AddjE ook sty
A+ 3 ASME @ ASTM! e w2 1QT 52 o]n|X
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1: hole IQI
2: wire 1QI

3: duplex IQI
4: MTF
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Ll o) x dolg FAL AgAow xdH3= MTF (Modulation Transfer
Function) @ NPS(Noise Power Spectrum)& o6l o714,
MTF &= ol"H GAA AR FirsHES YERs A2 IAU RS

(Subject Contrast)©l] st G4 Zx% (Image Contrast) 8] H|Z AL Ft}

3.2 dol¥ Hxg

Zo] ok 80 mm 4 Felsto] AAE oluX B W= W AT A 24 9
ahibe] oful A% ojo} o] WA Aol 12 m 5 Z#e| o
olulx| 9] F7]+= <9k 250 MB(125,000 x 1,250 pixel) AZo|t}. &5 H

1
HAEZ S (29 813 2ol #AGHY SHY W AY mARE

ZFSES 400 x 400 pixel & o|w[ A& e} Ql T,
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‘ - ® e e 300 sheets

MATLAB 13 KB/sheet; 400 x 400pixel
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StE8 Holy A2 A FAE vEo] FASHES, &4 643 images B
219 582 images & £HI ST HIolE ol whE A vlaE flsko], £HlH
St dlolE AellA o= 236 images & FE 383U

AR HAE dolE AS olgste] HFHoR 74 BdW oF des
B7kekzl flell, S5 dHolE Ades HERER AA AEe HA

2

=]
1.0~1.5 %)o] ¥ HAE doly A& ¥E FHlegint. 3 &

of

M) AT NS (7 53 % HAT 47 ) 3 FA 0] EE AL BlolE] AL

o) B AE AloA] Aol® 70 images & FZ3}¢th

Accept 643 Accept 2364

Reject 582 Accept 124 Reject 33
Reject 112

(2% 91dlolE] Al 74 2o

SAW €% Z#e 84489 F7F+= PO(Porosity), SI(Slag Inclusion),
SD(Surface Defect), IP(Incomplete Penetration), LF(Lack of Fusion),
CR(Crack) 3it}. o] FellA PO, SI B SD 7} A &4 g9 90 % o1%=
A gt Ao FE dlolE ko] AL e rE®E Aol A
FHE LHskA ok oy Ale FHlslTh =3 °F 80 mm A AAE
ojmA| & A|F Holet FUSEE s}l o|n| xR o]o] Zol= A 3]
ojmA] Ao AEES AAT 5 flo] Ith=E AE-EFl .
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3.3 AlA&s B7}

ResNet50 #+ Orange Data Mining 2] Convolution Neural Network (CN2),
Neural Network(NN), Gradient Boosting(GB) % Support Vector
Machine (SVM) &g tjall, st<5 dlo]g A 236 % 1,225 images = Z}7}
Agste] g5 doly o e e Hrletal, $9F HAE HolE A&

g3l o5 HAES AWt LD o) S 4% vl P7HE APt

stf = StratifiedtFold(n splits=5)

Ir = FlEl:IutELHI]nFIateau(munitur'="ual_ll:|55". factor=0.9, patience=h, verbose=1)

BES = Earlqﬁtupping(munitur'="ual_ll:|55". patience=3c, verbose=1l. mode="min", restore best weights= )]

opt = heras.optimizers.fidam(learning rate=0.01)

model.compile(optimizer=opt, Inss='binary crossentropy’, metrics=['accuracy'l)

epochs=c00, batch size=3c
[72¥ 10] ResNet 50 Hyper—parameter

ResNet50 #}9 Ae vl H7FE Y8l (23 1212 #Z9] Orange Data
Mining WEHAE 539 535+ th Orange Data Mining ¢ 4%, <5
ZA& 448 F2 glom ResNetb0 ¥ LA &<5317] 98l Stratified—

KFold (n_splits=5) W& #2313}
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Retrain ResNet50

ResNetSO Diagram

e e e i nacnel) Image Sample
orint( ot o)) 0 1 2 3 4 5 6 7 8 9
print( 8 \ -
print X — —— e ———— —
AL AT 10 11 12 3 14 15 6 17 18 19
printt 3 S
print( t !

1225 images — e e —
accept_| : e

20 21 22 23 24 25 26 27 28 29

---.-------

30 31 32 33 4 35

@ A ... - —
| Importimages Image Embedding A Test and Score Lenbsion el ™ Confusion
e @ : . e Ul Matrix
i s s
236 Images (Accept: 124 / Reject: 112) e LROC Ansiyee S — 1
v - " b
1,225 Images (Accept: 643 / Reject: 582) :.:: 3 &/ \\ 3 B
CNZRule Viewer \ i
Neural Network LiftCurye :’ ROC
Analysis
un
GradientBoostng CNZ.DRT - ™~
i . = i Lift
i Curve
SW -
Neural DRT % L
Y s
GB_DAT - Evaluation results
- = - Compare Models
un el
SW_DAT ——

[Z2™ 12] Orange Data Mining < W EY A
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A%
)%

2 H|AE = HP Z4 G4 Workstation (Intel (R) Xeon(R) W—=2104 CPU
@ 3.20GHz, Ram 32.0 GB)= F3353lth. ©@, ResNetb0 <= Jupyter
Notebook l GPU(RTX3060) & 44331 21, Orange Data Mining < GPU
A 7150l glo] 8w A ekt

de Classification Accuracy (CA), Confusion Matrix, Receiver

Operating Characteristic (ROC) Curve 52 = H] 1 3 7}3}3I ).
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4.1 dolH F4 H7}

2

ASME o o2 1Q1 37} 2%, 27AE] B2 olnlA Holy Fd 57

718kt d B X = (Geometric Un—sharpness, Ug) 0.50 mm % A3 3}

-
oft

7)ol ek gl = qlolth

4% (Horizontal) 32 MTF A5 [2¥ 131 (@$ (b)oll vebi it
(a)+= mA S7Fe W& MTF 232 mA 7} S71E55 2x27F 2o AE
g 4= k. (b) = kV 57kl W& MTF A# 2 kV 7} 571855 Akl
MTF 7} Astd 3 Q=8 u = ~5 mm ! F2o4 st 232 vy o

<
FEAAA #2AL ol drie] qUATL FABEE BARY B T

2
1>
i

WA(Radial) & NPS A5 [19 13] (0@ (D)ol et mA 2
kV 7} S7F2e5 wol=7h 2ol Ee Als #3e & vk o= X—ray 729
<

7}= X-ray ¢ X E (Photon) T2 Z7}o]7]
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u (mm'1)

[218 13] 2o U A X—ray o142 MTF % NPS &4 (a) mA W3l &
MTF (b) kV ¥ &lo] @2 MTF (¢) mA o] & NPS (d) kV ¢l @& NPS

4.2 AIlA4% B7}

R R EAE]
i ¢

AolEl el W& g5 AR vlaE 98 g5 oy A 2 7HA
(236 images ¥ 1,226 images) & % &3sto] 2t Rdld 85 A 7HS [1¥
14]] yYeERHY. S5 dlo]g 1,226 images © 3t Orange Data
Mining ©] CN2 299] 8 Az 10,075 & GPU 7} A ¢ 3l Early
Stopping ©] &% ResNet50 €] 8H5 AI7F 910 & thu] oF 11 2] AJ7to]
2L F AT
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B 236 images trained W 1,226 images trained
10000
"g 1000
o
8]
]
A
° 100
E
=
g 10
£
o
)_ l
1
SVM Neural Gradient CN2 rule ResNet50
Network Boosting inducer

[2% 14] st ARH(E)

g5 dlolEl Al ¢Fo] oF 3,000 images 7} @A ¥e=vhd, I A
=< Orange Data Mining 2] Neural Network FE @2 AJ7FA 0o

A g7k @ Qow kA,

sk o] E] oFS 236 W 1,225 images & UFE A 4 €3}, ResNet50 2]
sts oA el Epoch o wWE A% (Accuracy)E [23H 15]¢]
etk <5 AsS thEgk 100~120 epoch oA ©f o]AF F71akA]

™, 8t55 5 epoch o] W& F & E=7F |7 54 o] gh1E ]l
H A Gt d%; Classification
Accuracy, CA)= [3E 2]° YeERASIH. dlojg el <Fo] oF 5.2 w7}
71k 04, ResNet50 2 4.6 %P 5 7Fell 1% 2™ Orange Data Mining
ol gl x 3t

RAE2 R E 2k 6~24 %p 7+

I~>
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\od Made
10 = ~ o, 10 e ©
N Y ¥ A W
08 1 mﬁwﬁ .‘ 081 A~ i &
A
06 <)4‘/ 06
|/
044 { 04
024 236 images Training = 02 1,225 images Training =
il | ] | | \';_1:u1.,:.|.,, s | | | ‘:hll“.-a? on
0 20 40 ) 80 100 12 0 20 20 60‘ 80 100 120
(1% 15] 8t<5 3 5 Epoch of] & F &=
(3% 2] &5 dloly oFol & 2 st A5
Number of ResNet50 CN2 Neural Gradient SVM
Training Data ot¢ % Network Boosting
236 images 80.0% 71.6% 85.2% 84.3% 84.7%
1,225 images 84.6% 58.4% 79.6% 76.2% 60.5%
A Accuracy 4.6%p -13.2%p -5.6%p -8.1%p -24.2%p

Note 1) Composition of training data: Accept 53% and Reject 47%

Orange Data Mining 9] 7-¢-, ol ¥ ®b&E sh5o FAAART 42
oz stgeldle W el o FA YEsEH

Orange Data Mining & A Z% W
Hyper—parameters &
Je At A2 AT
S 7ol whe}, sl 289
[P A& SFte] o]m A= ofo] Zol= FAeA A ArE D AT
RO AG QAL el WEE o] A 0w A = A A (Indication) 7}

)

w1 wlol 8 7k 571 31 7] wtol 2 et v

o

o
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wehA, 55 Hlol Bl ool Sl whek A s e 7l s = g
tolg el dA-egrt sQsitta dddng. = 2 A2 Fld A
WA AR 2o Z1EARD Y o)A dHolH e FAS WA,
Multi—scale Contrast Enhancing &3 22 ©|n|#] dHo]g #4 & A
dae]Fol] Aol dast, A 3 Fast A A] Fof thsk A2t F st
FebE v, 3 A5 s S flel dojdts B e BY A8
theFet olm| A 9] A& ARl AgrFo] Jhsst MIEYA 755 Fosida

3) 2dd = s H7t

Set) & 8h5A] 489 A7 A% +59 43 70 images

SRR

AES BA% BAY Bad AT 2,360 images T ov] ek mad

e v H7FE 93k s A%, Confusion Matrix, ROC Curve %

AUC = [E 4], [29 161, [29 17] ¥ [ 519 Z+2F YeRg e}

ERIEEE Tk
Composition of | Model | ResNet50 CN2 Neural Gradient SVM
Test Data Set Note 1) Network | Boosting
70 images 236 74.3% 62.9% 74.3% 58.6% 70.0%
Accept 53%
Reject 47% 1225 64.3% |  74.3% 70.0% 81.4% 54.3%
2,369 images 236 34.3% 38.3% 37.7% 46.6% 38.6%
Accept 99%
Reject 1% 1225 32.1% 40.9% 88.5% 89.1% 93.1%

Note 1) 236: 236 images trained Model, 1225: 1,225 images trained Model
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a) Prediction Performance for 256 images Trained Model
Test Data Set: 70 images (Accept 53%:Reject 47%)

SUppOIt

Accept

Reject

accuracy
macro ]
weighted avg
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MACro @
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precision support

weighted ava

c) Prediction Performance for 1,225 images Trained Model

Test Data Set: 70 images (Accept 53%:Reject 47%)
support
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b) Prediction Performance for 256 images Trained Model
Test Data Set: 2,397 images (Accept 99%:Reject 1%)
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d) Prediction Performance for 1,225 images Trained Model
Test Data Set: 2,397 images (Accept 99%:Reject 1%)

precision fl-score support

welighted

[NN] precision core upport
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ResNet50_Test Data 70 images

ResNet50 _Test Data 2369 images

1600
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— — 1000
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= - 800
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Convolution Neural Network Neural Network
1400 2000
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E 800 E 1250
] a
u W 1000
2 600 =
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Gradient Boosting Support Vector Machine
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[13 16] 22 o= Confusion Matrix
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236 images Trained Model 1,225 images Trained Model
a) ROC Curve for Test Data; Accept 53%: Reject 47% C) ROC Curve for Test Data; Accept 53%: Reject 47%
10 1 —— ResNet50 10
N2
08| 3 08
== S5VM
_ 0.6 _ 06
& 0.4 g 0.4
0.2 02
0.0 0.0
Dr0 0‘2 Dr4 O‘E DrB 1‘0 00 0‘2 04 OIG 08 1 b
Fall-Out Fall-Out
b) ROC Curve for Test Data; Accept 99%: Reject 1% d) ROC Curve for Test Data; Accept 99%: Reject 1%
10 | —¢~ ResNet50 10
CN2
08 : ::;' 08
= SVM
- e _o0s6
g, £ 04
—+— ResNet50
N2
02 02 —e— NN
-+ GB
00 00 = SVM
00 02 04 06 08 10 oo 02 04 06 08 1o
Fall-Out Fall-Out
[29 17] 22 o= ROC Curve
[3£ 5] 29 o= AUC
Composition of | Model | ResNet50 CN2 Neural Gradient SVM
Test Data Set Note 1) Network | Boosting
70 images 236 0.73 0.65 0.75 0.60 0.71
Accept 53%
Reject 47% 1225 0.66 0.75 0.70 0.81 0.51
2,369 images 236 044 | 067 0.61 0.67 0.66
Accept 99%
Reject 1% 1225 0.60 0.61 0.78 0.83 0.52

Note 1) 236: 236 images trained Model, 1225

: 1,225 images trained Model
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Research on data quality evaluation and Al
algorithm of Digital Radiographic Testing to
prevent defect identification missing as

human error

Gyun—Yeop Kim
Department of Industrial Management Engineering
Graduate School of Industry, Ulsan University

(Advisor: Professor Lee su—dong)
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(Abstract)

Radiography is a major inspection method that verifies the reliability of
steel product to which welding 1s applied. A qualified NDE inspector
evaluates the NDE results (film or digital image) to detect and classify
weld defects. Since evaluation errors are directly related to financial and
human accidents, sampling verification procedures are being carried out
by the other inspector to prevent these errors, but some nonconformity
welded pipes which welding defects are not identified and repaired, have
been delivered to customers or installed/used on site.

such as sampling re—evaluation by other inspector are being carried out
to prevent the risk of evaluation errors by NDE inspector.

To prevent such risks and losses, Al researching for defect identification
and classification is being actively conducted. However, research so far
has conducted Al learning and performance evaluation by a small number
of shared radiography image databases such as GDX-ray or digitizing
images taken from film.

In this study, the quality of image data and the performance of the Al
model was evaluated using various digital radiography images of actual
products manufactured, inspected, and delivered according to applicable
industry standards and customer requirements. Further R&D based on this
study, the commercial Al model to support the evaluation of digital

radiography testing results will be developed.
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