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Performance Comparison of a Multi-class YOLO Model and
Class-wise YOLO Model with Decision-level Output Selection for
Welding Position Detection in Copper Pipe Brazing
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Abstract: This study investigates welding position detection for robotic copper pipe brazing using YOLOv11n-OBB object detection
models. Two structures were compared, including a single multi-class model (Model A) and a class-wise trained model with decision-level
selection (Model B). Both models were evaluated under identical training conditions in controlled and uncontrolled industrial environments.
Results confirmed that while both models achieve high accuracy in controlled settings, Model A provided faster inference and more
stable performance under environmental variations, whereas Model B displayed higher localization precision. These findings indicate
Model A to be a more practical choice for real-time robotic brazing applications.
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Fig. 1. Data collection environment and equipment configuration.
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Fig. 2. Pipe shapes (T-type, P-type) and filler rings (R1-R5).

I 3. TR FAHTH, PR Ze] Holl B S 74
A AL

Fig. 3. Examples of class configurations according to pipe shapes
(T-type, P-type) and filler rings.
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Table 1. Pipe - filler ring combination classes.

Y= o) = 2393
C1 P1, P3 R4
C2 P2, P3 R4
c3 P4, T2 R2
c4 P6, T2 R3
(& P5, Tl RI
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Table 2. Data augmentation methods and parameters.
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Fig. 4. Examples of image augmentation techniques.

= 35% 3™ 114

3d g *ﬂl‘" W2k} Zho] A 910l FFe
7 7182 A4, olu|=| e} 2hd tlojE]o] FU M3 A&
she A %il Are] Fe& FABIAT o 22 Ao
= A% I8 A As AL e AY A8kl on, vt
A M= oF 25% SFEZ ALHEE s1gt) o] HA A A
A Y99e AHeHA BEE Atk 19 4= dHlolE F
7 71 A& AAE HolErh

dlole A7 @ 74 ¥, T(training), 7 S(validation),
Bl 2=Eftest) HIOJEIAlS & 2,138% 0.2 FAHATE S5 Tl
olEl & Y 448 T4 1,3938S T 1,841, HF dl
olEl = YE 6187 7 189S £83 2504, HI2E to]
HE & 47808 7333t =3 2d Bo] e S5
TZ2E gfste], 28122 ol #£XE 3 39 Aestarh

X 3 ZEEdoly X
Table 3. Class-wise data distribution.
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Fig. 5. Structure of the model A.
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Table 4. Training hyperparameter settings.
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Table 5. Overall quantitative performance comparison according to
model structure.

Metric | A (S HE|ZH2) B (AR +F
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Fig. 7. Controlled joint location comparison (ModelA: Normal,
ModelB: Detection Error).
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Table 8. Overall quantitative performance comparison under

architecture. uncontrolled industrial conditions.
Model mAP50-95 FPS Metric A (2 BEIEYD) BEA 4D
- af=1f=y
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Table 7. Performance comparison across model generations.

Model mAPS50-95 FPS
YOLOv11n-OBB 0.9800 268.1
YOLOv&n-OBB 0.9819 303.5

filler 0.81 filler 0.88
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Fig. 8. Uncontrolled joint location comparison (ModelA: Normal,
ModelB: Detection Error).
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