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Fatigue Classification Model Based On Machine Learning
Using Speech Signals
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Abstract Fatigue lowers an individual's ability and makes it difficult to perform work. As fatigue accumulates,
concentration decreases and thus the possibility of causing a safety accident increases. Awareness of fatigue is
subjective, but it is necessary to quantitatively measure the level of fatigue in the actual field. In previous
studies, it was proposed to measure the level of fatigue by expert judgment by adding objective indicators such
as bio-signal analysis to subjective evaluations such as multidisciplinary fatigue scales. However this method is
difficult to evaluate fatigue in real time in daily life. This paper is a study on the fatigue classification model
that determines the fatigue level of workers in real time using speech data recorded in the field. Machine
learning models such as logistic classification, support vector machine, and random forest are trained using
speech data collected in the field. The performance evaluation showed good performance with accuracy of 0.677
to 0.758, of which logistic classification showed the best performance. From the experimental results, it can be
seen that it is possible to classify the fatigue level using speech signals.
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Table 2. Confusion matrix in logistic classification
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