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Welding Defect Classification Based on Threshold Optimization:
A Solution to Class Imbalance Challenges

Min Gi Han' + Dohee Kim” - Hyerim Bae’

'Department of Industrial Engineering, Pusan National University
*Department of Al Convergence Engineering, Changwon National University
*Department of Data Science, Graduate School of Data Science, Pusan National University

Welding defect classification is essential for maintaining the integrity of oil and gas infrastructure, yet it is
significantly hindered by severe class imbalance. This study introduces a framework that integrates Random
Undersampling and threshold optimization to improve the detection performance of imbalanced datasets. The
approach first applies Random Undersampling to reduce majority class samples and rebalance the training set. It
then performs post training threshold optimization using multiple evaluation metrics, both with and without a
constraint that requires the true positive rate to be greater than or equal to the true negative rate. Across original
and resampled datasets, evaluations of various threshold selection strategies, including the default threshold, the
class prior threshold, and metric based thresholds, show improved accuracy and a better balance between
sensitivity and specificity. The proposed framework increases defect detection while reducing false positives,
offering practical guidance for handling other imbalanced binary classification tasks.
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Table 1. Summary of Class-Imbalance Handling studies
Author(Year) Level Utilized Method Stage Domain Hybrid Strategy
Hou et al.(2019) Data RUS, ROS, SMOTE Pre-processing Welding X
Park et al.(2019) Data Data AUgm,entaﬁon i Pre-processing Welding X
Class-specific batch
Zhang et al.(2019) Data Data Augmentation Pre-processing Welding X
Johnson and Khoshgoftaar(2021) | Algorithm Threshold Optimization | Post-processing Finance X
Hancock et al.(2022) Data Random Undersampling | Pre-processing Medical X
Kini et al.(2022) Data Random Oversampling Pre-processing Medical X
Arafa et al.(2022) Data Reduced Noise SMOTE | Pre-processing |Biology, Ecology X
Hancock et al.(2022) Algorithm Threshold Optimization | Post-processing | Finance, Medical X
Tian et al.(2024) Algorithm Focal Loss In-processing Finance X
Hybrid RUS + Threshold Pre/Post- .
Ours (Data Optimization processing Welding 0
+Algorithm)
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Optimization ©. 2 ZA AZE 243 St B4 FS 43}
3= HT(Johnson and Khoshgoftaar, 2021; Hancock et al.,
2022)©] AT}, Hancock ef al.(2022)2 B8 do|E oA &
YA ool Ase A FHIdte e AT
Johnson and Khoshgoftaar(2021) TPR > TNR A|¢F& FaL
A A dAFS FAe) 718k 058 3 s

Table 2. Summary of Welding Defect Classification studies
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H &S dUg 2 9 T o] & 7|90 2 Decision Tree2} SVM
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EFE TR, FU2 BT s A A s
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dlo|Ele} A3} dlo]E] b 78S Y<E Vasan ef al. (2024) %A
AR AAZS ZASA g A &4 A3 BEs4
<Table 2>0 A & = Ql50|, 7]& AF S0 &4 Ag2 &

Authors(Year) Utilized Data Utilized Method Class Balancing | Threshold Optimization
Yang et al.(2021) Image data YOLOVS X X
Moinuddin et al.(2021) Sensor data Decision Tree, SVM ¢ X
Wang et al.(2023) Image data YOLOVS X X
Hahn et al.(2023) Sensor data Autoencoder, LSTM X X
Liu et al.(2024) Process data Hybrid Simulated annealing X X
Vasan et al.(2024) Image data GLCM, GLDM, MLP, etc. O X
Ours Process data CatBoost ¢ O
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Figure 1. Overall Framework of the Proposed Method
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3.3 Random Undersampling

B dAFoA e HolHY S Ed¥ S Aofstr] 98
imbalanced-learn 0] B.212]9] RandomUnderSampler =&
(Lemaitre et al, 2017)& E&3t4th x7] 22 vl&
(Original)= FA3hs 245 AlQdsta, &4 Fej29 v
Fe 2 vES 1:2RUS = 0.5), 1:3.3(RUS = 0.3), 1:10(RUS =
0. Al 744 o & At 4P Pk A Pv}
T} Stratified k-fold Cross Validation WS 2851 24 H o]
1] 80%0l thall k<55 a5k, kol 55 Sdste] 47)¢] &
E(Fold)E T3] A3 17} ZE(Fold)E H2Eol A

£-3t}. A5 3K Stratification) & &3 2 EZ(Fold)E 8|2
Hl o] Y& EXE A= T8t
T RUS 73 T4 0 2 Q3 A5 fEde

SRR, o] 5 ¢s}str] 9 oH Rz 0 7 et wh 3l
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Figure 2. Effect of RUS Repetitions on Performance Variability

Table 3. Comparison of Classification Algorithms

XGBoost CatBoost Random Forest
Author Chen and Guestrin Prokhorenkova et al. Breiman
(Year) (2016) (2018) (2001)
: - : “ . .
. ] L] I I I gan  sanm LLs
& m ] i W ] ] [ ] [ EI R EIRN RN ELR]
(EI R R TR NTR L AL LI :
: nill 2l § : T I I N ITY)
Structure = I =
* Extended GBDT * Bagging-based decision-tr
xen' e . « Order-based encoding agging-based decision-tree
* Sparsity-aware split . ensemble
. . * Ordered Boosting .
* Weighted quantile sketch . * Bootstrap sampling
L * Symmetric tree structure
* Cache optimization * Random feature subsets
Provides fast training and high . Reduces variance for overfitting
. . Delivers stable performance on datasets . . . .
Advantages | classification accuracy on large-scale, ) ) resistance; simple implementation and
with many categorical features . .
sparse data easy Interpretation
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3.5 Threshold Optimization

Algorithm 1: Threshold Optimization
y  ground truth labels

Input: y classifier output probabilities

J/ optimization function, .e.g. f-measure

¢ flag controlling whether optimization is constrained
Output: A\ Optimized threshold

1 Initialize

2 best_score <—— co

3 best_threshold «—0.5

4:  tprs, fprs, thresholds <— roc_curve(y,y)
5:  tars <1 - fprs

6:  scores < f(y,y)

7 If ¢ = True then

8 valid idx < tprs > tnrs

9 thresholds < thresholds[valid_idx]

10: scores «— scores[valid_idx]

11: EndIf

12:  Fori <1 to length(thresholds) do

13: If scores[i] > best_score then

14 best_score <— score[i]

15: best_threshold «— thresholds|i]
16: End If

17: End For

18:  Return best_threshold

S '/:H]O]EM]/H T4 B 5—1%2‘“%%,\‘%?4 I
#FRE dAs, Z]XJQ B} AxE =
75&%%—"— gastE el S Algorlthmli Fd9d. 7A4
o2 A 2 49} o= BE y S roc_curve(y,y) Tl

- QES

- w8 ¥

31, g7 2F gkl tigk TPR, FPR, thresholds Wi g-&

Z83th o] 3 TNR = 1 - FPRS Al4tsta, 7 38 Ak}
T} F-measure, G-mean, MCC, Precision 5 A1 &3+ x| 3&£Zh-&
scores | G ol A3},

G F-E AoF 27 55 A of3l+= Flag(c)E 53 TPR
> TNR A% 2L 24T 5 9).0™, Flag(c) = Trueq) 7%
Aok 21& WEshe QAR TE F ASEge] Al oA
HE HF A3t} o) 2R dA Fe 2 N E(TPR)7} Eo)
S(TNR)E o} FobA| = A QAZE A 5 AUk 99
A AF 34712 A Lol 3l Flag(c)E True/FalseZ A4 4 5k
Z 8719 HA GANE ES3H 718 YAF 059 42 )
o|E] 2] %A ALA BHE(Class Prior)S 718k F 10719 LA
Fholl sl vl gtet, oy HellA = A AA 9 37} 2 E9}
H A QAZ W A5 AAE A

4. Result and Analysis

4148 A4 L Y7 A%

B dAFoAe A AolA Bol AHg-skeE Al 744 Ex
714k E-577]-Xgboost(Chen and Guestrin, 2016), CatBoost
(Prokhorenkova et al., 2018), Random Forest(Breiman, 2001) —
] /3% python A A HlwstAth 24 3+ A5
W YA AR 9] YIS WA %2 ROC(Receiver Operating
Characteristic) 41 o}l 3, & AUC(Area Under the Curve)
2 37}st ). <Table 4>+ AA 2 2~(Actual class)2} &5
S 2 (Predicted class)®] Z3ol wel True Positive, True
Negative, False Positive, False NegativeS 4 2] 3t} o] S nlgt
© = True Positive Rate(TPR), True Negative Rate(TNR), False
Positive Rate(FPR), False Negative Rate(FNR) 4] 7}#] H]-& |
EEAFESATHA (D-(4).

Table 4. Definition of True Positive, True Negative, False

Positive, And False Negative

Predicted class

Defective Good
Actual | Defective | True positive (TP) | False negative (FN)
class Good False positive (FP) | True negative (TN)
7P
TPR = Zp N M
TN
INE = Ny Fp @)
FP
PR = s Fp )
FN
FNR = Tpr @)
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35800 AFA DA HA s 7IEo 2 AHSE A
AREL e 2o Ao, 2R AFES Yl
Precision(Sokolova and Lapalme, 2009)-2 2 (5)¢} 2.

TP
Precision = TPLFP %)

AA FE FE FolA o] FHoE FRAHIES U

E}| &= Recall(Sokolova and Lapalme, 2009)-2 4] (6)3} 2T},
7P
Recall = m (6)

Precision?} Recall®] %3} 1<l F-measure(Sokolova and
Lapalme, 2009)= 4] (7)3} o] g oj =i,

2 X Precision X Recall
Precision + Recall

F—measure =

™

B3 dolHoA 4& Y2 s 73S H7lsk] Ash
AHE-E] = G-mean(He et al., 2009) 2] (8)3} 7+©] TPR(True
Positive Rate)@} TNR(True Negative Rate)2] 73+ 2.2 H
oHl.

G—mean = \/ TPRX TNR )

Ao g, Fejs B @o® A daaA Awdd
Matthews Correlation Coefficient(Chicco and Jurman, 2020)<

AUC by Iteration for Each Classifier

(Undersampling = None)
0.800

WS A EF 521
2] (9)$} -] TP, TN, FP, FN 255 &85} Al4kgit},
MCC = TPX TN — FPXFN (9)
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Figure 3. AUC by iteration across classifiers and undersampling ratios
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<Table 6>->RUS=0.1 A JAG H A3 A s =&
gk 2 A A Zk(Threshold)3} CatBoost2] 435 (Metric)= 7 2] 3k
o} 712 YAZD)S 483 = W TPR=0.1194% W31 FNR
=0.8881 Z 2 VI T E B O RUS=0.1 & YE Ho]
B 23 tjH] TPRO| 44311 FNR©] 7HA3}9] . T3 F-meas-
ure NCE 7] 2.2 3 2|4 3} A] TPR =0.4328, TNR =0.8850-2 7|
3o, RUSE 1A & 3 A & ol| A F-measure NC 71 3 23} 8]
S ujo] AN | TPR— TNR| = 0.7483) Rt} W7 S(TPR) 2 &

Table 5. CatBoost Classification Results (RUS = None)

O] (TNR) 2+ F&(| TPR— TNR| = 0.4522)°] 7} = A}
<Table 7> RUS = 0.3 24 AAZ: HZ3 A 2@z
T23 A7 YAZK(Threshold)¥CatBooste] 4% (Metric)&
Hojznh 712 AAZKD)S 28305 vl TPR =0.2464, FNR =
0.75372 2& MZFS(TPR)E B o, RUS = 0.1 A& Alo|
]3| TPRO| 453kl FNR©] ZHAste] RUS Hl&©] Eobd
E UAEE NS At =3 F-measure NCE 7|5
o2 23} A TPR =0.7313, TNR = 0.7057-% 7] &3}, RUS

Objective Threshold Metric
TPR TNR FPR FNR
D 0.500000 0.05223 0.99849 0.00150 0.94776
C 0.027957 0.67164 0.73093 0.26906 0.32835
F-meas 0.019745 0.75373 0.63076 0.36923 0.24626
F-meas NC 0.098879 0.21641 0.96467 0.03533 0.78358
G-mean 0.019249 0.77611 0.62667 0.37333 0.22388
G-mean NC 0.021144 0.73880 0.64907 0.35092 0.26119
MCC 0.019249 0.77611 0.62667 0.37333 0.22388
MCC NC 0.387941 0.08209 0.99741 0.00258 0.91791
Precision 0.020267 0.75373 0.63830 0.36169 0.24626
Precision NC 0.732190 0.02985 0.99935 0.00064 0.97014
Table 6. CatBoost Classification Results (RUS = 0.1)
. Metric
Objective Threshold TPR TNR FPR FNR
D 0.500000 0.11194 0.99461 0.00538 0.88806
C 0.090909 0.70895 0.71133 0.28866 0.29104
F-meas 0.074580 0.76119 0.65079 0.34920 0.23880
F-meas NC 0.150570 0.43283 0.88496 0.11503 0.56716
G-mean 0.073316 0.76865 0.64713 0.35286 0.23134
G-mean NC 0.075560 0.75373 0.65424 0.34575 0.24626
MCC 0.072679 0.76865 0.64196 0.35803 0.23134
MCC NC 0.211643 0.32089 0.93989 0.06010 0.67910
Precision 0.076708 0.75373 0.65769 0.34230 0.24626
Precision NC 0.857965 0.02985 0.99760 0.00138 0.97837
Table 7. CatBoost Classification Results (RUS = 0.3)
. Metric
Objective Threshold TPR TNR PR FNR
D 0.500000 0.24626 0.94032 0.05967 0.75373
C 0.230769 0.76119 0.68268 0.31732 0.23880
F-meas 0.207675 0.79104 0.63334 0.36665 0.20895
F-meas NC 0.244722 0.73134 0.70573 0.29427 0.26865
G-mean 0.205889 0.79104 0.62968 0.37031 0.20895
G-mean NC 0.232998 0.75373 0.68569 0.31430 0.24626
MCC 0.200424 0.79850 0.61611 0.38388 0.20149
MCC NC 0.255239 0.70895 0.71887 0.28112 0.29104
Precision 0.213872 0.79104 0.64562 0.35437 0.20895
Precision NC 0.873121 0.03731 0.99827 0.00172 0.96268
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Table 8. CatBoost Classification Results (RUS = 0.5)

Z7d X9 A3 | TPR— TNR| = 0.0256) thy] #17h=9}
Eo|% 7t #8(| TPR— TNR| = 0.1630)°] A=A 2%t
.= RUS Bl &£ 03 o]0 & Hol & F7HAQ 3 4

[o}e) >~
NS LT

F7H o2 7} RUS 240 A 9] A 9 A5
Z+8lsl ok £4) A3} RUS = None©ll 4+ G-Mean, MCC, F1
| #7}0.5~0.8 T-7Fol A, RUS = 0.1 4= 0.8~0.95 -7t A
W3} Fo] A9 gl BA F7ko] YERS <Figure 4> 4 &
ATt ok A 7 H A QA Al e 2 ¥

HA|A] Fgtom, BE A HUghke AA 3F el A v

)

o]
51)\4 < /\]

Objective Threshold Metric
TPR TNR FPR FNR

D 0.500000 0.41791 0.86277 0.13722 0.58209
C 0.333333 0.70895 0.70185 0.29814 0.29104
F-meas 0.255192 0.80597 0.58035 0.41964 0.19403
F-meas NC 0.273750 0.78358 0.62063 0.37936 0.21641
G-mean 0.296733 0.76119 0.65596 0.34403 0.23880
G-mean NC 0.324218 0.71641 0.69474 0.30525 0.28358
MCC 0.254025 0.80597 0.57949 0.42050 0.19403
MCC NC 0.439754 0.53731 0.81710 0.18289 0.46268
Precision 0.297161 0.76119 0.65639 0.34360 0.23880
Precision NC 0.899996 0.05223 0.99526 0.00473 0.94776
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Figure 4. Threshold-Performance Metric Curves under Different RUS Ratios
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