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ABSTRACT

Electric vehicles (EVs) are essential for future transportation, and various eco-friendly
vehicles are being manufactured to attain the increasing demand for reducing
environmental emissions, enhanced performance, and safety. The electric motor is a critical
component of these eco-friendly vehicles for powering the wheels and propelling the
vehicle forward. However, electric vehicle motors are susceptible to faults like any other
mechanical system that can compromise their performance, safety, and longevity.
Therefore, a fault diagnosis system is essential for the timely detection of faults and
abnormalities in electric vehicle motors to ensure reliable performance, prevent safety

hazards, and minimize maintenance costs.

This research work focuses on developing an efficient fault diagnosis strategy for electric
vehicle motors. In pursuit of this, two fault simulators have been designed and developed
to experimentally simulate the motor faults in two-wheelers and four-wheelers
respectively. Various sensors, i.e., vibration, current, and acoustic and their data processing,
are thoroughly investigated to assess their suitability for fault diagnosis of electric vehicle
motors. These data processing methods include short-time Fourier transforms, continuous
wavelet transforms, constant Q transforms, and wavelet synchrosqueezing transforms.
After experimenting with the different sensors, it has been concluded that a fusion of
vibration and the current signal is the most feasible, effective, and practical solution for
electric vehicle motor fault diagnosis. The benefits of both signals are combined in the
proposed fusion-based diagnosis solution, providing comprehensive coverage of both
mechanical and electrical faults. Factors like suitability, performance, complexity, and
mounting limitations drive the fusion-based decision. The developed diagnosis strategy

involves the wavelet synchrosqueezing transform for decomposing raw signals collected



from the electric vehicle motor and then converted into time-frequency representation
frames. A Multi-Input Convolutional Neural Network (MI-CNN) is designed and
developed by combining the derived features from the vibration and current signal
representation frames. The proposed MI-CNN can accurately diagnose a wide range of
mechanical and electrical faults that may occur in the electric motor. Various performance
metrics are employed to evaluate this diagnosis performance. These metrics assess the
system's effectiveness in efficiently and accurately diagnosing different faults. Through
rigorous testing, the developed fault diagnosis system demonstrates its proficiency in

efficiently identifying and diagnosing faults in electric vehicle motors.

Furthermore, the developed fault diagnosis strategy through the fusion of vibration and
current signatures is extended and validated in real-time on electric vehicles. To ensure the
reliability of the approach, two dedicated electric vehicle setups have been utilized for
testing and validating the fault diagnosis strategy using transfer learning. The results
obtained from applying the diagnostic method initially on the laboratory motor and
subsequently transferring it to the operational electric vehicle demonstrate the effectiveness
and practicality of the proposed solution. This validation process reinforces the fault
diagnosis system's confidence, showing its ability to perform efficiently and accurately in
real-world scenarios on actual electric vehicles. In order to develop a field-worthy system
that is relevant for real-time applications, a user-friendly on-board diagnostic solution is
developed with a Graphical User Interface (GUI), enabling real-time fault prediction in
electric vehicles. This diagnostic strategy leverages the established transfer learning-based
diagnosis method, offering a reliable and efficient solution for identifying motor faults in
electric vehicles. As a result, the system contributes to reduced maintenance costs,

improved performance, enhanced safety, and prolonged longevity of electric vehicles.
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