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Abstract

The complexity of intelligent vehicles and the characteristics of their multi-source heterogeneous
data, including CAN bus data, audio, and images, present formidable challenges to conventional
fault diagnosis methods. This has led to difficulties in meeting the requirements for efficiency and
accuracy when processing vast amounts of information. To tackle this problem, this paper presents
a novel intelligent fault diagnosis approach that integrates multi-modal data fusion and deep rein-
forcement learning. Initially, an efficient deep learning-based feature extraction and fusion mecha-
nism is designed to comprehensively integrate heterogeneous multi-modal information such as
CAN bus data, audio, and images collected from intelligent vehicles, thereby constructing a unified
high-dimensional state representation. Subsequently, the intelligent fault diagnosis process is mod-
eled as a Markov Decision Process (MDP). Within this framework, a deep reinforcement learning
(DRL) agent is introduced. This agent learns and optimizes the diagnostic strategy through interac-
tions with a simulated environment. Leveraging the comprehensive multi-modal fusion state infor-
mation, the agent can make sequential diagnostic decisions to maximize cumulative rewards, thus
effectively enhancing the accuracy and efficiency of diagnosis. The proposed method was validated
in a simulated environment constructed using a publicly available Kaggle dataset. The experimental
results indicate that, compared to single-modal and traditional diagnostic methods, the method
presented in this paper not only significantly improves diagnostic accuracy but also effectively re-
duces the average number of diagnostic steps through its sequential decision-making ability based
on deep reinforcement learning. This demonstrates the superiority of the proposed method in im-
proving the accuracy and efficiency of intelligent vehicle fault diagnosis.
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Figure 1. Schematic diagram of the overall framework for the intelligent vehicle fault diagnosis system
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Figure 2. Class distribution of the Kaggle dataset
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Table 1. Performance comparison of different fault diagnosis methods
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Figure 3. Comparison of performance metrics for different methods
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Figure 4. Cumulative rewards of the DRL Agent during training
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Figure 5. DRL agent sequence decision diagnosis process
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Figure 6. Traditional fixed diagnostic process
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