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Fault Prediction of Welding Guns Based on the Improved Jaya-RUSBoost Model
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Abstract: The welding gun is a key device in engineering manufacturing, and its stability and reliability are crucial for the
continuity of the production line and the quality of products. Faced with the challenge of data imbalance in welding gun
fault prediction, a welding gun fault prediction method based on the Jaya-RUSBoost improved model is proposed. By
combining undersampling, ensemble learning, and parameter setting optimization, this method achieves data balance and
improves the accuracy of fault prediction. First, a RUSBoost fault prediction model is constructed, and experiments are
designed to evaluate the impact of hyperparameter values on model performance, thereby determining the optimal range of
model parameters. Subsequently, the Jaya metaheuristic algorithm is designed to iteratively optimize the parameters of the
RUSBoost model, in order to seek the optimal fault prediction parameter model. The results of the case study show that
compared with the traditional RUSBoost algorithm, the proposed algorithm has increased the average fault prediction
accuracy and F1 value by 9.43% and 8.41% respectively on five welding guns. Moreover, compared with various machine
learning models, the accuracy and other indicators have also been significantly improved. The welding gun fault prediction
method proposed in this paper has high practical application value and broad prospects for promotion, and can provide
strong support for the intelligent maintenance of welding equipment.
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Figure 1 Schematic diagram of drawn-arc stud welding
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Figure 2 Schematic diagram of the AdaBoost algorithm
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Figure 4 Line chart of sensor data features for the welding gun
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ANFERFERS, FREREANE RS ) R W E
PLIE B AEVERE . BRI, 455 %% ) SRR EU AL
IE B E A 0 ~ 400, LL7E 55 FTA S T 1 R Y
s RAB AT e () B AL TG
442 53% 3 BR K FE IR R R 0

TR DT 55 5 2] A R KR B S TR A e ) B
W, SIS ZRIFIRUE T B RIRFELE 1~ 20 Jo A 1)
A, Jfd i B 6 B BT 2B R 1 AN IRl i R IR
FEAE XS SRR AT FL o 50msgm. B 6
(1) x iR~ BORIRBE R, y BIRRT3 F1 040

0.85

— ++ST520+IR002. CP0O1
0.80 ++ST420+IR003. CP001

075k — ++ST330+IR001. CPOOI

ﬁ 070

= 0.65 — ++ST330+IR002. CP001

= — ++ST350+IR001. CPOO1
o 0.60
0.55F ——
050F
0'45 1 1 1 1 1 1 1
0.0 25 50 75 100 125 150 175 20.0
ORIAR L

H6 BEIBRARES FIEHEE
Figure 6 Line chart of maximum depth of weak learners and F1 score
ME 6 FTLAE th, B 55 5% 21 35 5 R UR 1R 1
., FLAEZ 3 M. & ETHEE TP,
S NBEIG A TR . ARUBE B 5 BT PR
AN [ SR AR B A AL 1 DL AN R, LA e KR FE IS 3|
20 BF, FUAEAFAR . B, 5555 2] & & KR
FE BIARARTE Bl 5 0~20.
443 Jaya-RUSBoost 7 it F ikt 4L i 42
Jaya BRI GG P € N 100, DL RAL
F1 {8 itk Bor, #E4T 50 RARALIEAC . BEEAR
A AU I S B BT RN N FL 4. A

YIZRUEL
7 RHERINERES F1 EHNXER

Figure 7 Relationship between training iterations and F1 score during
the optimization process
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Table 4 Comparison of model performance before and after optimisation
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++ST520+IR002.CP001-12 to 24 0.736 0.742 0.951 0.927 29.15% 24.97%
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Table 5 Comparison of model predictions
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