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Abstract

Brush wear in PMDC motors causes commutation instability and increased sparking, which in turn lead to higher
torque ripple and vibration and, in severe cases, potential safety issues. In this study, synchronized vibration signals
were acquired from dual accelerometers mounted on the motor side (S1) and the gear reducer side (S2). The
continuous  signals were segmented into 0.1 s windows with 50% overlap, and 34 time-, frequency-, and
envelope-domain features were extracted to train XGBoost-based regression and classification models. The regression
model achieved a MAE of 0.1245 mm, an RMSE of 0.2760 mm, and an R? of 0.9846, while the classification model
attained an accuracy of 98.48% and an Fl-macro score of 98.41%. Comparative experiments with baseline models and
single/dual sensor configurations confirmed the effectiveness of the proposed method.
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Fig. 1. Conceptual diagram of the data acquisition system
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Table 1. Specification of PMDC motor

Model | Voltage | Output | RPM | Current | Torque

S9D200

ocn | % | 20 | 270 | 28 | 0715

2 ZH nEEE 2 I 2A(FMEA)
Table 2. Motor FMEA(Failure Mode and Effects Analysis)

Type Fault_mode | Oocurrence|Severity|Detection RPN
brush | €xcessie/ 5 7| 4 |10
uneven wear
oommutator| pitting/grooving 4 8 5 1160
bearing | "nerouter 4 9 | 4 |
race spalling
winding [turn-to—turn short 3 9 4 1108
magnet | Partal 3 8 | 5 |10
demagnetization
alignment| SPéficoupling | -, 71 4 |12
misalignment
@9mm ®7mm ©5mm (@ 3mm
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Fig. 3. Brush geometry by length condition
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Table 3. Performance evaluation results

Task Value
Accuracy 98.48 %
Precision 98.09 %

Recall 98.10 %

F1-score (macro) 9841 %

E 4 2o e 3 M5 Hluw 23

Table 4. Regression performance comparison results by

True (mm)

-5000
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-3000

-2000

-1000

9 7 5
Predicted (mm)

a8 10, Ol2 A 2F Zot ESUd

model type
Model MAE | RMSE R? Fit time Pred|ct|on
(mm) | (mm) (s) time (s)
XGBoost | 0.1245 | 0.2760 | 09846 | 1.29 0.013
RF 0.1078 | 0.3028 | 09815 | 1361 0.106
SVR(RBF)| 0.2158 | 0.3248 | 0.9787 | 421.92 545
E 5 ZHo w2 27 Ms dlw 2ot

Table 5. Classification performance comparison results by

model type
Model Accuracy | F1-score | Fit time Prediotion
(%) (%) (s) time (s)
XGBoost | 9848 98.41 465 0.030
RF 9748 97.35 3.09 0.107
SVM(RBF)| 98.73 9867 1.31 0.861

Fig.

10. Confusion matrix for wear-stage classification
results
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Table 6. Regression performance comparison results for
single- and dual-sensor configurations

Configuration | MAE (mm) | RMSE (mm) R?
S1 only 0.1317 0.3076 0.9829
S2 only 0.5664 0.8915 0.8566
St + S2 (dual) 0.1245 0.2760 0.9846
E7 HY % 5 MM 2 27 Ms Hln Ao}

Table 7. Classification performance comparison results for
single- and dual-sensor configurations

Configuration Accuracy (%) Fi1-score (%)
S1 only 97.28 97.19
S2 only 85.61 85.47

St + S2 (dual) 98.48 9841
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