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[Abstract]

This study re-evaluated five classifiers for crack occurrence in the supplied laser-cladding dataset
(1,000 records; 500 crack-positive and 500 crack-negative cases). A 12-predictor model including
post-process coating properties was compared with a six-predictor model restricted to candidate
pre-process inputs. The same stratified 700/300 training/test split and five training folds were used
across all analyses. Imputation, normalization and dummy encoding were estimated within each training
fold. Model selection used cross-validated ROC AUC, and a common probability threshold of 0.5 was
applied. The cross-validation-selected pre-process SVM achieved a test AUC of 0.848 (95% CI 0.806—
0.890), accuracy of 0.740, and Fl-score of 0.738. The 12-predictor unpenalized logistic model achieved
an AUC of 0.996 and accuracy of 0.983, but exhibited complete separation in the training data and
nonconvergence in the original fitting configuration. The performance gap demonstrates the importance
of predictor availability at the intended prediction time; it does not establish causal effects or industrial
deployment validity. Dataset provenance, label acquisition, sample independence and external validation

remain necessary before operational conclusions can be drawn.

» Key words: Laser cladding, crack classification, predictor timing, data leakage, cross-validation
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I. Introduction
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Boosting), Support Vector Machine (SVM),
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Logistic Regression, XGBoost
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II. Preliminaries

1. Related works
1.1 Trend in laser cladding
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metA, 2 A= o2t Uie] A7 & HiEge
2, 822 o& gdo] A= 2 ZFAlo2 XGBoostE
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29 71 4% vl 9 AZete Salof oA 2o 3
Ao Y WA OIR(ER WA)E AR} slo] 7 o5

III. The Proposed Scheme

1. Data General Status and Preprocessing

1.1 Datasets and preprocessing

A g2 Al T100.csvol 1,00098, 13€0ltt.
2 12719F # 8 LA o E(Yes/No)= JEH 2t SefA

= 500710]ct. YRtgEO] 4A1-A8A ﬂpﬂ +< oA g
AE YR 9FE 22X odL slolg)R] ool walA

SRR A 378289 1,000 02 s et &
Aol 1 ol IRIRE 7580l &4 370l HEES
o &5 718&2 ulee] Aol meh 24 ARolA 2
5 A2shal o & W s9uez tAskiH S+
AAe 7l D= ot g iide 88 ¢+ 585
gojaz, ol xTt FF 52 A dE 45 7
eIt 2 A7 =5Ea § AEHY), 7158(%). B
AH(MPa) 52 378 $=& & HYHE 39 A 54
o=, g W A B ARl 27 7l A
of o5 Al 71Eo2 ToE #(data leakage) K]
7F QAEH9). ol A 4 SEE 2ol 2 &
\=Rs]

Table 1. Input Variables and Observed Ranges in
the Original Dataset
Variable Units Observed range Tlrn.lng.
or level classification
Laser W |1379.366-4926 366 C2ndidate
power pre-process input
Feed rate | mm/s* 5.000-15.000 Candldatg
pre-process input
Beam size | mm 2.000-8.000 Candidate
pre-process input
Layer am | 103528-412.155 | ostprocess
thickness measurement
Par.tlcle m 0.470-19.339 Candldatg
size pre-process input
Adhesion MPa 31.005-90.983 Post-process
strength measurement
Hardness | HV | 793.108-1729.358 | Fostprocess
measurement
Porosity | % -0.451-4.994 Post-process
measurement
Wear Rglatlve 0.100-1.000 Post-process
resistance index measurement
Cor.rosmn Rglatlve 0.100-1.000 Post-process
resistance index measurement
75CrsC2-25NiCr, .
mivtar | Cotesory| - gowc-aocr, | (GRS
90W.C-10Ni | PP P
Substrate Inconel, Stainless, Candidate
. Category T )
material Titanium pre-process input

B He 39 W ol 3 W A] Yes', 0
A 2] "No'2 712 E]9lom, FA| 10007] clole] % Yese}
NoZb 212k 500712 1:19] & 743l ZefA H]&{Class
Balance)S 71Xt} o= 24 glo]g] 7]§te] Tl sk A]
£ 2200 HIEA] o MgRlor RR AAIE oS
st 2 Q= g2jgh 27102 285ty o] AUC, ROC



284  Journal of The Korea Society of Computer and Information

Curve ‘g5 87t #foll caret H7|X]5 AHgsIRCH, &
Ao A Yes 22 S A 2| A(Positive Class)E A
Aolto] ol #7 o5 =Y BAS B8algit

& AFolAE HelEME 7H 28 & FaeE
(Logistic Regression, SVM, Random Forest, KNN,
XGBoost)oll A-&517] sl th-3F 22 AA2] 3 glofE

2ES A0S 2sIHC,

2% Aejot BES, WEY WLl Cujg: 2T 5
7} 8k BT QN 21T 43 oot EAE AR
A g3loirt

i}

L o &
. LoiR] 30% (3007
5 W12 He EEols HAE AER ALgslalc
U 2 WY Ujgl B Yes A3 R
l:H
1=}

R N

% Wit @ww A was Tsjeh Wept 4

oE, 55, YR 5)

otE A H 7 §iRY] V| ® #PE Yol Bt 24t
o] AA|Y2 TZ3} (Center and Scale)st= 24 AlsY
Had e 7 AR 22 83y ¥Hae RY

caret_Tj7]A| train_g4> WoflA] One Hot Encoding &
Ejo] tu] W4sPt sk Al AFs02 L3iE == 5gict
3% HlolEl 9oz Fdet o Al m&Eekd dlE
Ma (o WE ERRlo] Bn wa (V)2 AATl]
train_data®} test_datas Z|ZHOo =z 1AHSIFOT, o]
£ 57l Faelzo] 25 QU golHz ALgEolt

1.2 Experimental configuration and model learning
B ojno] slAl 2l F|&o] Alal sjAale Zhe
2 o5 B PESE oltk. o] 93] 94% U
3} A3} Feature Importance df4 =2o] AZH
718t Logistic Regression, XGBoost(Extreme Gradient
Support (SVM),
K-Nearest Neighbors (KNN), Random Forest, & &
nelE efolueielS Agstel Y WA HE 2L A
gelsick 2o Alzlgal 95 Iojelels] o) e

3 e FA oy U Wt wAlE R

27 4% L 8 Alo] g0 adle] S YK
283} 29 A% AlL) ABRO2 Bt sl "R
caretif7]X]"g &85t 5-fold WAl A% HTE Ao}

L HE

Boosting), Vector  Machine

o] H8alert. s Mo W (fitControl}e Thet 2
ESRCES Lt

» method="cv", number=5, 579] ZE(Fold)=2 U0]
ghs % 452 Vo wAF 45 WAl A83in

metric="ROC" 2&lo] Mt X|ZE ROC =Al o}zj
A& (AUC) 71& o= Frlste s Ao, 57719
kAl o 533 2|Aglsiolnt.

summaryFunction=twoClassSummary, AUC %
Sensitivity (Recall), Specificity, Recall®] H4HE
ARSLEE K|stel, o)F BE Relo] J5g izt
=2 Brleleich

classProbs=TRUE: 2.5 ©do| o0& ZAytz ZfA
SEYS VEIES PAslol, AUC AN B4 &
g F5ARC,

Table 2. Summary of Classification Algorithms and
Features

Algorithm Functlo.n/Ins Features
truction
As the most basic classifier
- glm . . . .
Logistic . assuming linearity, it provides
) (family="bino | . L
Regression mial’) linear separability of data and
standard performance.
A non-linear classifier utilizing
SVM svmRadial ke.rr.lel tricks, evaluating the
ability to model complex
decision boundaries.
A non-parametric classifier,
evaluating performance that
KNN k
nn reflects the local structure of
the data.
A Bagging-based ensemble
model, evaluating stable
RF ranger .
performance through variance
reduction capabilities.
A Boosting-based ensemble
model evaluated under the
same protocol as the other four

XGBoost xgbTree models; it showed a high test

AUC with Full12 (0.985) but the
lowest test AUC with Preé
(0.808).

H200M F7 grelE 2 sto|muj2tulg Hdos o
7o Wmet JhEA REg meiE AP, uHg,
PEE 78] 45 17 7k SO dE 27 ¥

52 AT 852 2aslol 25 BYo| H5g 7
2l AN Bl BA eI zﬂ SnEIE
22 0j2] Aabx] ggkon], 2t e o] REe @
A% AUCE =6 Qif% Boost Stolmui2fu]E] 4

GBoost9] 5 =tiet & 1 4
152 £ slo|Hutetulel S
subsample) 0.5= Zt Eaﬂ

gz,
o gy
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Saigl2 o] Hojeet ALgsH slof BEES Ao

Sl AAARI et dEE o83t XGBoost &5 Al
o= verbose = FALSEZ A7Js}o] BIA[X] &3 A
ohal 35 382 =L

1.3 Supplementary Methods: Reproducibility and
Statistical Evaluation

e AlE 12308 AIFS} 70:30 222 383
4 700711t HAE 300712 ZHF Yes/NoZt 350/3507&
150/150710]c}h. & QJ2) dat meo] 2 8 QA

=2 AF83Sit) s N EQ] st 57 A Zto= 7t

14074(YeS/N0 # 70)2 H"*"“E% HAE Alzs 29

>-
o
==t
ol
)
2

2 AgHltt XA Y] recipeS caret:traino] X5
A5 B ARt a0l ALRER R ) 2% 2
78 E

NEOI THA] et H HAE

Table 3. Hyperparameter search spaces

Model Search space / fixed settings
Logistic glm, binomial; unpenalized; maxit=25
SUM svmRadial; sigma={0.01,0.05,0.1}
C={0.25,1,4,16}; scaling=FALSE
RE ranger; mtry={2,4,6}; min.node.size={1,5,10};
gini; trees=500; threads=1
KNN k={3,5,7,9,11,13,15}
rounds=500; depth={2,3,4}; eta=0.1; gamma=0;
XGBoost colsample={0.8,1}; min_child_weight=1;
subsample=0.5; binary:logistic; threads=1
7+ 57 2E9] B4t ROC AUCE 2|tigfsto] Rt &
DS MERSHCH Table 569] CV AUC). ©Z& 2H0A
P(Ye ) 0.55 Yesz EE3ICE SVM 94| 7|82 ZiA
gRigro] ozt clsEEel o WARke M8t

Accuracy, Precision, Recall, Specificity, F12 =
E|AE S=aiag AAKNCE o] AAIZre] A%} F|&A o]
U &g Bye %}ou:m ororct.

AUCE Yes sF

AUC9 95% Mﬂ—‘,U}Oﬂ DeLong g Askn J17ho)|

L M&} o3t e A183ic} AYE K|S Eo| % -Fl
T 1" Eﬂ’\E FojM ZeHAE Fot HEAE
= 2,0008] 2 Ak

e of 3l

Table 4. Selected values for Full12 and Preé

Model Full12 Preé
Logistic parameter=none parameter=none
SVM sigma=0.01; C=16 sigma=0.01; C=0.25
RE mtry=2; gini; mtry=2; gini;
min.node.size=1 min.node.size=10
KNN k=15 k=15
rounds=500; depth=3; | rounds=500; depth=4:
eta=0.1; gamma=0; eta=0.1; gamma=0;
XGBoost colsample=0.8; colsample=1;
min_child=1; min_child=1;
subsample=0.5 subsample=0.5

ROC AUC+= paired Del.ong

T PAE 3ol By
Axo= BlLstn OF 8lLole Holm 242 A8
HlEE 7 92 T SlolA ZAAE AUCE HEid 2

dHut YmA] 47) 25 Afo]of]
8)), Holm 52 92 7482 Agstoick vl oy,
AUC R}o|, z EAZ, ¥ pitdt Holm 2% pre Table

8ol AAIsIRIT. o]= 2% FE0] ofd =Y Hlolfy Y&

"] wC},

oHo}oﬂﬂ(olaﬂ __rL}\-]H:] 4

1.4 Performance Evaluation Process and Outcome
Analysis Strategy

MR N A E AFES T} A|EL o]X] B2 galo]

B AT2 AMg3lon], AUCE 4o Aste, Ay
&, Ads, 5olx, F1& AHEsit
o et (Accuracy): JA| of|& Hloly & WA &5

LIS

o JUE (Precision): TP/(TP+FP)ojtt. AHAl 44
FP/(FP+TN)Z} 7attl, AlF 07w ¥lgs 2
Aheo] 9 uleat Afizol mat ejAcy

* #& (Recall / Sensitivity): AA] #+& LA AHE
% 20| A4 ¢kl &S vl (TP/(TP+EN)).
w2ge Azt Aol

* S0|= (Specificity): A vlw+E
D25ty (TN/(TN+FP)).

« F1: H25o} Aj31-80] 5187 (2TP/(2TP+FP+FN)).

* AUC (Area Under the ROC Curve) FPRof T3t
TPRO] 24 o, ¥avlo] Samel wasle
Ve a4 Al mo] .

of n:lm

e 5 Hled

1.5 Permutation Importance

A R v = 2
%‘F‘ —9—51_ 7C_I]O ;‘E'Ll: 0:]

% Q T (validation-fold
permutation importance)2 AMSstoch AtE A BE=
ROC AUC Zradolt}. &, 145 EE0A ot ¥4 =
A2 HAl2 F AUCE THA] Aldkela, e AUCK]
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AW RS O wS0] 2o e sioit) g nEle Eg
|8F QbAaHE01 RFQ} XGBoosto]n, zF 912l J14(Fulll2,
Pre6)of|A] Table 49] |5 sto|mjulztule|z 7} sk =
o P 2dlS ARESIRITE WA W oo ¥

N

| Agtet o TS UTT
7} ofl2t ¥4 (original variable) @92 &~Estoct
2o 25 Zoojt 108 WEsiel YRstAn, 57) 2
% 2L ¥} BEHALS Fig. 30 AAsHH. HA
E RjRE £R% AHo] ALgA] elolt. o] AIEE o
G B o3 Jlolg Uehis, Waol 9% el
Q7 AT Eahx| o=

Table 5. Full-predictor test performance (Full12; n=300)
Model

Accuracy .. e
Model | AUC [95% CI] Precision | Recall | Specificity| F1
Logistic|0.996 0583 [0.962, 0.987 | 0.980| 0.987 |0.983
0.9951]
0.967 [0.940,
SVM |0.995 0.984] 0.961 | 0.973 | 0.960 |0.967
KNN [0.934 0'8338[901'?08' 0.858 | 0.847 | 0.860 |0.852
RF 10.958 0'8309[105'?38' 0.885 | 0.873 | 0.887 |0.879
XGBoost | 0.985 0'9‘[‘)79?;]”5' 0.947 | 0947 | 0.947 |0.947

Table 6. Pre-predictor test performance (Preé; n=300)
Accuracy .. e
Model | AUC [95% CI] Precision | Recall | Specificity| F1
- 0.730 [0.676,
Logistic| 0.848 0.779] 0.738 | 0.713 | 0.747 |0.725
0.740 [0.686,
SVM | 0.848 0.789] 0.743 | 0.733| 0.747 |0.738
0.720 [0.666,
KNN | 0.820 0.770] 0.732 | 0.693| 0.747 |0.712
0.740 [0.686,
RF 0.817 0.789] 0.743 | 0.733| 0.747 |0.738
XGBoost | 0.808 0733 0679, 0.754 | 0.693| 0.773 |0.722
0.783]
127)(Full 12) oI55 ARESH RA0= 378 29
E43t AT 570l nddEo] o} 2X|AE 9]
AUCE 0.996, Aete= 0.9830]91 00, SVMe] AUCE
0.995, e+ 0.967010t}. o] 52 570] 2 H
BT 4 Qb ATEE 18T ¥h A5E Uehich
HAE A& 92 2AAE oM+ HEe]et
Hj4go] wglone, 1 A4S PyRel Al 2712
siAslM = oF Htt. Adews TP/ATP+FP)olaL AAl <
NE

i)
o,
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=
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]
=
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True positive rate

— Logistic (0996)
02 —— SVM (0.995)
— ooy

— svM (0.848)
— RF(0817)

st (0.985) —— XGBoost (0.808)
ooty —— KNN (0.820)
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False positive rate False positive rate

Fig. 1. ROC curves using (a) Full12 and (b) Pre6 predictors
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Q
-~
—_
o
-

Full12 Pre6

0947

s

0730 0.740 0.740 0733 0720

°
3

y (exact binomial 95% CI)
>

(
°
=
y (exact binomial 95% CI)

(
2

Ac
°
Ac

Logistic svM RF XGBoost  KNN Logistic svM RF XGBoost  KNN

Fig. 2. Test accuracy using (a) Full12 and (b) Pre6 predictors

a9 2= dﬂ 2(Fig. 2(a))°t AP d SE(Fig.
2(b))Q] HAE e o st o]gk 95% Al 17he LiE}
deh, 25 9do] P(Yes)=0.52 A83I9CE $R|=

Table 5:69] Accuracy [95% CI] &3} Zt}.

(a) (b)

Full12 Pre6

-

- R o - R
ot XGBoost | substrate - XGBoost

1
3
3
:
H
:
]
o

o

B GE aig 19 007 No§ W oo o5 g By Vs §2 toas B 98 4D
Permutation AUC decrease (mean + fold SD) Permutation AUC decrease (mean + fold SD)

Fig. 3. Validation—Fold Permutation Importance by
Original Variable ((a) Full12, (b) Pre6)
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o 2t EE0lME 109] 4S5 Bdsiit A R
7 1.5%80]|, 2A]= Table 70| AAISIATt

Full12(Fig. 3(a))ollAl= RF2F XGBoost 2.5 2o]x] &
Ho] AUC Aol 7PF ZJoieF 0.32-0.33). 1oha2
S5, WA, dioksd, BAr 2olles(eF 0.02-

0.06), 2% 37 & Fggtoltt. WA 371, F= 71528,

3
oft

P EQ, FUKE, W 27, 71 AL 00 S
o Prei(ig. S0 ol ¥l 715 53LDIRE
oF 0.37, XGBoost F 0.33), YA+ 37](2F 0.01-0.02)7t

HE o). 2U& =0} | 7]L 0.01 Ojgto|Ql, &
T Qe 7 A2 0 ofsIiTt). &, & 4 Y 2
oA} RF-XGBoost?] of|% 7]oj- E]Ol?ﬂ 2o A5E
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