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Abstract

In this paper, we propose a fault diagnosis system for induction motors using Raspberry Pi 5 and intelligent
theory. The proposed method involves learning a neural network model with vibration data obtained from an
induction motor simulator. The Raspberry Pi 5 is utilized to acquire data and operate the diagnosis system as a
single controller. Additionally, users can directly check the diagnosis results through a touchscreen and Graphical User
Interface(GUI). The performance of the system is verified through fault diagnostic experiments using data obtained
from the induction motor simulator and compared with the diagnosis results by Convolutional Neural Network(CNN),
Support Vector Machine(SVM) and Multi-layer Neural Network(MNN).
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