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Abstract

During the operation of train vehicles, train wheels play an important role in supporting the weight
of the entire train and ensuring train safety. Therefore, research on predicting wheel wear has be-
come extremely important. With the continuous development of big data analysis technology, vari-
ous intelligent algorithms are gradually being introduced into the prediction of wheel wear to im-
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prove the accuracy of prediction. In this context, this study uses genetic algorithms and support
vector machine models for regression prediction of wheel wear. The RMSE value of the predicted
result is only 0.059, indicating that the model has excellent predictive performance.
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Table 1. Upper and lower bounds on the values of parameters C and g
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Figure 1. Changes in fitness
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Figure 2. Comparison between actual data and predicted data
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Table 2. Comparison of RMSE predictions under different proportion test sets
= 2. FREIELGINAEE TN RMSE Xttt

YIRS S L 0.5 0.6 0.7 0.8
RMSE 0.0425 0.0409 0.0395 0.0376

X F— AN EVE TR R e, % TR ZE S PPN FL S e ek, HOR ZORE RS 75 B H 2 MhE i £
siega, PibHE CEhE, RME” B “EiRE, KFZE” SHAAFEIS, AT H RMSE,
MAPE, MAE, MSE WU/NEFRBEAT AN, 4558 a03% 3 Fios.

Table 3. List of numerical evaluation indicators
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[, SE PR AT R, AR AR AR RN 1.05 mm/6 RN, FRRe B0 S AR DR,
TG, RAREFE R S, BL RO R AT B A 2

5. &g

AIHEETF GA-SVM AU 2240 BRFEA AT 7 7000, — @ REFE L ORIE T A1 B0 8 2 4, IRl vdik
BB HIARAEE R 2518, AT G R ZEAC 4508 5 R K 22 A SF SO AR o o b, AERR TITIN 2240 5 46
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