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[Abstract]

We can sense somebody's feeling fatigue, which means that fatigue can be detected through sensing

human biometric signals. Numerous researches for assessing fatigue are mostly focused on diagnosing

the edge of disease-level fatigue. In this study, we adapt quantitative analysis approaches for estimating

qualitative data, and propose video analysis models for measuring fatigue state. Proposed three

deep-learning based classification models selectively include stages of video analysis: object detection,

feature extraction and time-series frame analysis algorithms to evaluate each stage's effect toward

dividing the state of fatigue. Using frontal face videos collected from various fatigue situations, our

CNN model shows 0.67 accuracy, which means that we empirically show the video analysis models

can meaningfully detect fatigue state. Also we suggest the way of model adaptation when training and

validating video data for classifying fatigue.

» Key words: Fatigue measurement, Video analysis, Migration, Video classification, Deep learning,

Machine learning
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I. Introduction
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II. Related works

1. Measuring Fatigue and Fatigue Levels
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2. Video Analysis using Deep Learning Models
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III. Frontal Face Video Analysis Models
for Detecting Fatigue States
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2. Algorithms for Experiments
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Fig. 11. Training / testing accuracies and losses
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V. Conclusions and Future Works
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