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Smart Safety Belt for High Rise Worker at Industrial Field
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Abstract

Safety management agent manages the risk behavior of the worker with the naked eye, but there

is a real difficulty for one the agent to manage all the workers. In this paper, IoT device is attached

to a harness safety belt that a worker wears to solve this problem, and behavior data is upload to

the cloud in real time. We analyze the upload data through the deep learning and analyze the risk

behavior of the worker. When the analysis result is judged to be dangerous behavior, we designed

and implemented a system that informs the manager through monitoring application. In order to

confirm that the risk behavior analysis through the deep learning is normally performed, the data

values of 4 behaviors (walking, running, standing and sitting) were collected from IMU sensor for 60

minutes and learned through Tensorflow, Inception model.

In order to verify the accuracy of the

proposed system, we conducted inference experiments five times for each of the four behaviors, and

confirmed the accuracy of the inference result to be 96.0%.
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[I. Preliminaries

. Definition of risk behaviors and conditions
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2. Research on Risk Behavior and Status Analysis
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Table 1. Research on Risk Behavior and Status
) . ) related )
Risk behavior and risk status desing
research
No safety ring Safety ring
If a crash occurs and hangs pressure sensing
9 1 110 using FSR (Force
on the seatbelt or falls off the - .
Sensitive Resistor)
floor
sensor
Move at a fast pace
Moving and working on a
slanted footrest Using IMU sensor
Do not bend your knees | [7, 8,9, 11] sing T sensor,
s . operator's motion
when lifting heavy things )
- - tracking
No motion for a period of
time
Falling or lying down [15]

[Il. Behavior Analysis

1. Rule-based stride estimation

Fig. 1.

position of IMU sensor
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2. Behavior analysis using ConvNet model
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Fig. 4. Overview of the IMU-CNN architecture
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3. Behavior analysis using RNN(LSTM) model
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V. Design of Safety belt system

1. The system configuration
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2. Design of the Blackbox

2.1 Black box configuration
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Fig. 9. Blackbox Attached Placement
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Table 4. ConvNet Algorithm Analysis Accuracy

Activity Classification Recogni
tion
a b c d rate
L a. don'’t tighten ring 192 5 2 1 .960
A b.safety ring not 5 187 8 3 935
5 closed
E cC. normal. fastening 5 3 192 3 960
L of safety ring
d. Worker crash 3 197 .985
Avg. .960

2. Algorithm-Based Behavior Analysis Accuracy
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Table 5. Rule-based Algorithm Analysis Accuracy

Activity Classification Repogni
tion
a b C d e f rate
a. Standing 198 2 1990
b. Sitting 153 33| 14 .765
L | c. Walking 161 39 .805
A | d. Running 52| 148 .740
B | e. Bend knees
E | and catch things 23 1 89 &7 445
L | f. Hold things
without  bending 25 53] 122 610
knees
Avg. .730
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Fig. 15. Cross entropy according to steps

Table 6. ConvNet Algorithm Analysis Accuracy

Activity Classification Recogni
tion
al b| c| d e f rate
a. Standing 192 6 1 1 .960
b. Sitting 3] 19 1 1 .980
L c. Walking 1 2| 194 2 1 .970
g d. Running 2| 197 1 985
E e. Bend k.nees ’ 5 3| 187 8 935
L and catch things
f.  Hold things
without  bending 2 1 8| 189 .945
knees
Avg. .96
LSTME AH83l7] 93l ACC_X, ACC_Y, ACC_Z, GYR X,

GYRY, GYR_Z, TOT X, TOTY, TOT.Z 9719 k=
Tensorflow$} Scikit-Learn gho|B#g]& k53l §, 30& 7F

o 7} 2uAE StE 3 B AL stk A9ERE B
T2, & AAES 95.4%0|t}.
Table 7. LSTM(RNN) Algorithm Analysis Accuracy
Activity Classification Recogni
tion
a b c d e f rate
a. Standing 189 2 .954
b. Sitting 1 198 1 .990
L c. Walking 3| 189 6 2 .945
A | d. Running 2 5| 192 1 .960
B | e. Bend knees
E | and catch things 1) o18n 2 935
L | f. Hold things
without  bending 3 9| 188 1940
knees
Avg. 0.954

VI. Conclusions
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