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Abstract : In large ships with complex structures, it is difficult to locate workers. In particular, it is not easy to detect when a worker falls down,

making it difficult to respond quickly. Thus, research is being conducted to detect fallen workers using a camera or by attaching a device to the
body. Existing image-based fall detection systems have been designed to detect a person's body parts; hence, it is difficult to detect them in various
ships and postures. In this study, the entire fall area was extracted and deep learning was used to detect the fallen shipworker based on the image.
The data necessary for learning were obtained by recording falling states at the shipyard. The amount of learning data was augmented by flipping,
resizing, and rotating the image. Performance evaluation was conducted with precision, reproducibility, accuracy, and a low error rate. The larger

the amount of data, the better the precision. In the future, reinforcing various data is expected to improve the effectiveness of camera-based fall
detection models, and thus improve safety.
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(CNN, Convolution Neural Networks)< & & ©°] 7|
om, olux] 2] AAE AZEsh= 2015 ILSVRC(ImageNet
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Fig. 1. Architecture of Inception module.
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Table 1. Confusion matrix of the rotated image

Augmentation Number of image
Experiment 1 None 676
Experiment 2 Flip 1352
Experiment 3 Flip, Scale 4056
Experiment 4 Flip, Rotation 4056
Experiment 5 Flip, Scale, Rotation 12168
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Table 2. Confusion matrix of the fallen detection
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Table 3. Confusion matrix of the Experiment 1

Actual fallen Actual non-fallen

Predicted fallen 172 9

Predicted non-fallen 3 105

Table 4. Confusion matrix of the Experiment 2

Actual fallen Actual non-fallen

Predicted fallen 174 11

Predicted non-fallen 1 103

Table 5. Confusion matrix of the Experiment 3

Actual fallen Actual non-fallen

Actual fallen Actual non-fallen

Predicted fallen True Positive False Positive

Predicted fallen 177 5

Predicted non-fallen False Negative True Negative

Predicted non-fallen 2 105
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Table 6. Confusion matrix of the Experiment 4
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Table 8. Detection performance of the experiment

Actual fallen Actual non-fallen Precision  Recall ~ Accuracy  Error rate
Predicted fallen 175 3 Experiment_1 0.950 0.983 0.958 0.042
Predicted non-fallen 3 108 Experiment 2 0.941 0.994 0.958 0.042
Experiment 3 0.973 0.989 0.976 0.024
Table 7. Confusion matrix of the Experiment 5 Experiment 4 0.983 0.983 0.979 0.021
Actual fallen Actual non-fallen Experiment_5 1.000 0.972 0.983 0.017
Predicted fallen 174 0
Predicted non-fallen 5 110 Fig. 2= AA 2831 o|ux]& 23] ojvA 2 3d gk
BFE mAadkaE 2oy oY, mEA dkias 2R A
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Fig. 2. Example of True Positive.

Fig. 4. Example of False Negative.
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