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Machine Learning-based Risk Assessment Model for
Construction Workers with Actions and Surrounding Environment
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Abstract

Construction workers” risk varies with motion and environment, but prior studies relied on static data or single
factors with limited integration. We propose a CNN-LSTM based model using wearable sensor data and safety
standards, applying pseudo labels to classify risk levels from motion, physiological, and environmental factors. On the
VTT-ConloT dataset, the model achieved 99% accuracy and strong Fl-scores (macro 0.95, weighted 0.99),
demonstrating originality in extending HAR to risk prediction. However, since pseudo labels were used, further
validation with real-world labeled data is required to ensure generalization, and future work will focus on validation

across diverse construction environments.
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Fig. 1. Procedures for risk assessment
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Table 1. Criterion for risk in construction Work
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Table 2. Evaluation result for confusion matrix

Risk level  Precision Recall Fi-score Support
Low risk 1 1 1 7,527

Medium risk 0.9 1 0.98 2,026
High risk 1 0.77 0.87 320
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Category Risk factor Threshold criteria Application method
Wind speed Very high risk if > 10 m/s Classified as high risk
External Altitude Higher altitude increases wind speed Used to adjust wind risk
environment Ambient Outdoor work prohibited if > 35 C High temperature risk ba;gd on
temperature temperature and humidity
Humidity(WBGT) Work prohibited if > 30 C Risk assessment based on WBGT index
Physiological Body temperature Work must stop if > 385 C Classified as high risk
information Heart rate Rest required if bpm > 120(MHR: 180 - age) Risk assessed based on MHR exceedance
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