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This paper presents a novel surrogate modeling approach for electric motor design using Extreme Gradient Boosting (XGBoost).
Traditional finite element analysis (FEA) methods for motor performance evaluation are computationally intensive, limiting design
space exploration and optimization. To address this challenge, we developed a multi-output XGBoost model that simultaneously
predicts seven critical motor performance parameters—torque, torque ripple, copper mass, magnet mass, power factor, Von Mises
stress, and winding temperature—based on eight design input parameters. The model demonstrated exceptional prediction accuracy
with coefficient of determination (R?) values consistently above 98% across all output parameters. Feature importance analysis
revealed that rotor radius, tooth dimensions, and barrier geometry parameters had the greatest impact on motor performance
metrics. By reducing computational time by approximately three orders of magnitude compared to FEA while maintaining high
prediction accuracy, the taken approach enables rapid design space exploration and optimization. The model integrates electromagnetic,
thermal, and mechanical performance predictions within a unified framework, providing a holistic solution for electric motor design

that balances computational efficiency with fidelity to physical constraints.
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I. INTRODUCTION

The electric vehicle (EV) market presents significant chal-
lenges for motor design, requiring optimization of multiple
conflicting parameters. EV motors must deliver high effi-
ciency, rapid torque response, and substantial power den-
sity [1] while minimizing noise, vibration, and harshness
[2]. Traditional design methodologies rely on Finite Element
Analysis (FEA), which is computationally intensive and time-
consuming—Ilimiting design space exploration and optimiza-
tion capabilities [3]. Surrogate modeling has emerged as a
powerful alternative by creating data-driven approximations of
high-fidelity simulations, enabling rapid performance predic-
tions without repeated intensive calculations [3], with machine
learning integration significantly enhancing these capabilities,
particularly in automotive systems [4].

Various surrogate modeling techniques have been explored,
including Response Surface Methodology (RSM), Kriging,
Artificial Neural Networks (ANNs), and Support Vector Re-
gression (SVR) [5]. Comparative studies have shown varying
performance among these techniques, with Kriging demonstrat-
ing strong results in certain electric machine applications [6].
Despite advancements, challenges remain, including accuracy
limitations for highly sensitive input-output relationships, dif-
ficulty capturing complex multiphysics interactions, and the
substantial computational cost of generating training data [3].

Machine learning methodologies have proliferated across
engineering fields [7], including chip design, civil engineering,
manufacturing, and automotive applications [8], with specific
exploration in electric motor applications [9]. Extreme Gradient
Boosting (XGBoost) has emerged as a powerful machine
learning technique offering advantages in handling missing
data, scalability, and computational efficiency [10]. Multi-
output regression predicts multiple continuous target variables
simultaneously [11], using either problem transformation or
algorithm adaptation methods [12], with potential benefits

for electric motor design where performance parameters are
interrelated [13].

The primary research objective is to develop accurate sur-
rogate models for predicting electric motor performance pa-
rameters using XGBoost, hypothesizing that it can provide
superior prediction accuracy and computational efficiency com-
pared to conventional techniques. The research proposes that
a single multi-output XGBoost model can effectively pre-
dict diverse performance parameters simultaneously, including
torque, torque ripple, material masses, power factor, mechani-
cal stress, and operating temperature, while incorporating crit-
ical physical constraints to ensure the feasibility and reliability
of predicted motor designs.

II. METHODOLOGY

XGBoost is used as a Gradient Boosting approach, leverag-
ing Gradient Boosting’s structured data efficiency and feature
importance analysis [14]. This study aims to develop a pre-
dictive model for electric motor performance based on various
design parameters. The target is to establish relationships
between eight input parameters and seven output parameters
of an electric motor. The model enables rapid performance
prediction, replacing computationally expensive finite element
simulations typically used in motor design optimization.

The dataset was compiled from finite element analysis
(FEA) simulations of electric motor designs with varying input
parameters. The dataset underwent preprocessing steps includ-
ing data cleaning, feature selection, and data normalization.
After evaluating several regression algorithms, XGBoost was
selected for its superior performance in capturing complex,
non-linear relationships between motor design parameters and
performance metrics. The XGBoost model was configured with
hyperparameters including objective function coefficient of
determination (R2), 1000 estimators, maximum tree depth of 6,
learning rate of 0.05, subsample ratio of 0.8, and regularization
parameters.



III. RESULTS

The XGBoost regression model was implemented to predict
seven critical output parameters of electric motor design based
on ten variable input parameters. Table I summarizes the R?
values for each predicted output parameter. The XGBoost
model demonstrated exceptional predictive performance across
all seven output variables, with R? values consistently above
98%. The highest accuracy was achieved for maximum wind-
ing temperature prediction (99.94%), followed closely by the
mass of winding copper (99.90%). Even the most challenging
parameter to predict, power factor, yielded a strong R? value
of 98.35%.

TABLE I
PREDICTION RESULTS

Parameter R?

Torque (7)) 99.74%
Torque ripple (%) 99.13%
Mass of winding copper (Mc,) 99.90%
Mass of rotor magnets (Mimag) 99.73%
Power factor (cos(¢)) 98.35%
Von Mises stress (V M) 99.66%
Max winding temperature (Temp) 99.94%

Feature importance analysis revealed that rotor radius and
tooth dimensions were the most influential parameters affecting
multiple output variables. For torque ripple prediction, barrier
position (d,) and barrier shift (dz;p) emerged as dominant
factors. The power factor prediction was most heavily influ-
enced by the current phase angle (7).

IV. DISCUSSION

The observed differences in R? scores among the predicted
output parameters, though minimal (ranging from 98.35% to
99.94%), can be attributed to several underlying factors related
to the diverse amplitude of input parameter ranges. The power
factor (cos(¢)) exhibits the lowest R? score (98.35%) likely
because it represents a complex nonlinear function of multiple
input parameters. Parameters like copper mass (M) and
maximum winding temperature (T'emp) demonstrate excep-
tionally high R? scores (99.90% and 99.94% respectively)
because they are governed by more deterministic physical
relationships.

The principal innovation of this work lies in several key
contributions: simultaneously predicting seven critical motor
performance parameters with exceptional accuracy, application
of gradient-boosted trees that outperforms traditional neural
network methods, integration of electromagnetic, thermal, and
mechanical performance predictions within a unified frame-
work, and reduction of computational time by approximately
three orders of magnitude compared to finite element analysis,
while maintaining accuracy levels above 98%.

V. CONCLUSION

This research has demonstrated the effectiveness of XG-
Boost as a surrogate modeling technique for electric motor
design and performance prediction. The developed model

achieved remarkable prediction accuracy across all seven out-
put parameters, with R? values consistently above 98%. By
simultaneously predicting electromagnetic, thermal, and me-
chanical performance metrics, the taken approach provides
a comprehensive design optimization framework that elim-
inates the need for separate domain-specific models. The
computational efficiency of the surrogate model enables rapid
design space exploration while maintaining high fidelity to
physical constraints. The methodology established in this work
can be extended to other electric machine topologies and
offers a promising alternative to traditional simulation-based
approaches.

REFERENCES

[1] Z. Gmyrek, “Optimal electric motor designs of light electric vehicles: A
review,” Energies, vol. 17, no. 14, p. 3462, 2024.

[2] F. Alanazi, “Electric vehicles: Benefits, challenges, and potential solutions
for widespread adaptation,” Appl. Sci., vol. 13, no. 10, p. 6016, 2023.

[3] F. Roomi, A. Vahedi, and A. Nobahari, “Electrical machines surrogate-
based design optimization based on novel waveform targeting strategy
with improvement of the computational efficiency,” IET Electric Power
Applications, vol. 16, no. 11, pp. 1286-1299, 2022.

[4] R. Mazloum, S. Hlioui, L. Laurent, M. Belhadi, G. Mermaz-Rollet,

and M. Gabsi, “Optimal drive cycle current supply of a wound field

automotive electrical machine using surrogate models,” Sci. Technol.

Energy Transition, vol. 79, p. 2, 2024.

M. Cheng, X. Zhao, M. Dhimish, W. Qiu, and S. Niu, “A review of data-

driven surrogate models for design optimization of electric motors,” IEEE

Trans. Transport. Electrific., 2024.

[6] M. Choi, G. Choi, G. Bramerdorfer, and E. Marth, “Systematic de-

velopment of a multi-objective design optimization process based on a

surrogate-assisted evolutionary algorithm for electric machine applica-

tions,” Energies, vol. 16, no. 1, p. 392, 2022.

J. Jenis, J. Ondriga, S. Hrcek, F. Brumercik, M. Cuchor, and E. Sadovsky,

“Engineering applications of artificial intelligence in mechanical design

and optimization,” Machines, vol. 11, no. 6, p. 577, 2023.

[8] F. Kumeno, “Software engineering challenges for machine learning appli-
cations: A literature review,” Intelligent Decision Technologies, vol. 13,
no. 4, pp. 463-476, 2019.

[9] Q. Wangde, X. Zhao, A. Tyrrell, S. Perinpanayagam, S. Niu, and G. Wen,
“Application of artificial intelligence-based technique in electric motors:
A review,” IEEE Transactions on Power Electronics, 2024.

[10] T. Chen and C. Guestrin, “Xgboost: A scalable tree boosting system,”
in Proceedings of the 22nd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, 2016, pp. 785-794.

[11] G. Liu, Z. Lin, and Y. Yu, “Multi-output regression on the output
manifold,” Pattern Recognition, vol. 42, no. 11, pp. 2737-2743, 2009.
[12] Yu, Z., Zhu, M., Trapp, M., Skryagin, A., and Kersting, K. (2021). Lever-
aging probabilistic circuits for nonparametric multi-output regression. In

Uncertainty in Artificial Intelligence, pages 2008-2018. PMLR.

[13] D. Xu, Y. Shi, I. W. Tsang, Y.-S. Ong, C. Gong, and X. Shen, “Survey
on multi-output learning,” IEEE Transactions on Neural Networks and
Learning Systems, vol. 31, no. 7, pp. 2409-2429, 2019.

[14] J. Lee, K. Lee, and Y. Kim, “Prediction of motor performance using
machine learning models: A comparison of gradient boosting and support
vector machines,” Journal of Electrical Engineering & Technology, vol.
12, no. 5, pp. 1983-1990, 2017.

[5

—_

[7

—



	Introduction
	Methodology
	Results
	Discussion
	Conclusion
	References

