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Fatigue Classification Model Using Speech Signals
Based On Deep Neural Networks
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Abstract This study aims to develop a classifier that objectively assesses workers' fatigue using Deep Neural
Networks(DNN) models. As the demands of modern work environments increase, workers are experiencing
significant physical and mental stress, leading to a higher risk of fatigue-related accidents. While existing
methods can assess fatigue both subjectively and objectively, they require expert intervention and are
time-consuming, making them impractical for everyday use. To overcome these limitations, this study proposes a
DNN model based on speech signals that can evaluate fatigue in real-time. The study involved collecting speech
data from participants and classifying fatigue levels into five categories. Using features extracted from the
speech signals, the DNN model is trained, and cross-validation is employed to select the optimal model and
hyperparameters. The experimental results showed that the selected DNN model could predict the 5-level fatigue
states with a high accuracy of 85.39%. This model can be used as a real-time assessment tool applicable to
various high-risk occupations. This system not only enhances workplace safety and prevents accidents but also
plays an important role in reducing social costs by ensuring individual safety.
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Figure 1. Training performance graph of model Dense_2
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Table 2. Confusion matrix for accuracy
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