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Abstract As of 2023, the number of accident victims in the domestic construction industry is 26,829,
ranking second only to other businesses (service industries). The accident types of casualties in all
industries were falls (29,229 people), followed by falls (14,357 people). Based on the above data, this
study attaches sensors to hard hats and insoles to predict fall accidents that frequently occur at
construction sites, and proposes smart safety equipment that applies a random forest algorithm based
on the data collected through this. The random forest model can determine fall accidents in real time
with high accuracy by generating multiple decision trees and combining the predictions of each tree.
This model classifies whether a worker has had a fall accident and the type of behavior through data
collected from the MPU-6050 sensor attached to the hard hat. Fall accidents that are primarily
determined from hard hats are secondarily predicted through sensors attached to the insole, thereby
increasing prediction accuracy. It is expected that this will enable rapid response in the event of an

accident, thereby reducing worker deaths and accidents.
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(Table 1) Data Type
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(Table 2) Classification Result

Precision Recall f1- support
Score score
Rest 1.00 1.00 0.99 231
Walk 0.98 1.00 0.99 228
Run 1.00 0.99 0.99 218
Tilt Head Forward 0.98 1.00 0.99 196
Tilt Head Back 1.00 0.98 0.99 244
Tilt Head Right 1.00 1.00 1.00 212
Tilt Head Left 1.00 1.00 1.00 210
Fall Forward 1.00 0.99 1.00 224
Fall Backward 0.99 1.00 1.00 204
Fall to the left 1.00 0.98 0.99 193
Fall to the right 0.99 1.00 0.99 216
Accuracy 0.99 2376
Macro avg 0.99 0.99 0.99 2376
Weighted avg 0.99 0.99 0.99 2376
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[Fig. 9] Confusion Matrix
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