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Classification Method based on Graph Neural Network Model
for Diagnosing IoT Device Fault
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Abstract In the loT(internet of things) where various devices can be connected, failure of essential
devices may lead to a lot of economic and life losses. For reducing the losses, fault diagnosis techniques
have been considered an essential part of IoT. In this paper, the method based on a graph neural
network is proposed for determining fault and classifying types by extracting features from vibration
data of systems. For training of the deep learning model, fault dataset are used as input data obtained
from the CWRU(case western reserve university). To validate the classification performance of the
proposed model, a conventional CNN(convolutional neural networks)—based fault classification model is
compared with the proposed model. From the simulation results, it was confirmed that the classification
performance of the proposed model outweighed the conventional model by up to 5% in the unevenly
distributed data. The classification runtime can be improved by lightweight the proposed model in future

works.
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Fig. 1. Architecture of the proposed graph neural

simulation results
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Fig. 2. Simulation results of confusion matrixes when « is 0.1; (@) CNN and (b) graph-based classification model
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