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Apreliminary Study on Computer Vision Based Safety Helmet

Detection in Constrction

Won Bin Kim

Department of Safety Engineering, Graduate School,
Pukyong National University

Abstract

A safety helmet is a personal protective device (PPE) that is designed to
protect the workers’ head from accidents at industrial sites, particularly at the
highly risky places such as the construction sites. It is regulated to wear a
safety helmet. However, despite of the regulation, there are many cases not
wearing helmets because of their discomforts, which results in critical
disasters. It is not only necessary to prevent workers from being injured by
wearing safety helmets at construction sites, but also to activate practical
practices to prevent the accidents from being caused by the failure to wear
them during the year. On the other hand, there are many investigations with
the core elements of the 4™ Industrial Revolution, which enables automatic
recognition objects or people with computerized vision technology and video
imaging devices such as cameras. In particular, a recent safety study was
actively conducted in the construction fields to automatically recognize and
trace workers without wearing safety helmets at project sites by CCTV
cameras or cameras installed at construction sites.

In this study, we will explore the applicability of the machine-running
techniques with the development of computerized vision - based automatic
recognition safety helmets in various forms and conditions to detect the best
recognition rate of safety helmets among of the combination of multiple
feature vectors with the images on efficiency of recognition taken from a real

construction site.
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2.2 Cascade Classifier
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Feature template cascade
detection matching classifiers
Computational Medium Very High Low
Duration
Color invariance Yes No Yes
Orientation
Invariance No No ves
Practicality No No Yes
Customizability Yes No Yes
Training
database/finger No No Yes

printing

Table. 1 Performance Comparison of Classifiers
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2.3 Histogram of Oriented Gradient (HOG)
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Fig. 7 Example of HOG Feature Visualization

(https://www.learnopencv.com/histogram-of-oriented-gradients/)
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2.4 HOG Cascade Classifier
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Fig.11 Real-time safety helmet detection using HOG Cascade Classifier
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A
T
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SEozE N2lg 0 <background_color = 0>
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Y 7 €4 1.100000>
by, -maxzangle <max_z rotation_angle =
pitch SIMEH 9l | 05 . J
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M E|l= training
HO|E{Z O|0JX|= 4
20EX| O F
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M8 training
Hio[Efel o|njX| = 24
(T)

-w <sample_width = 24>

MSH
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-h <sample_height = 24>

M El training
HOIHE Mg
o

vec
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Table. 2 Codes and Setting
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Fig.13 Negative Image(Picture without Safety Helmet)
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3.2 Cascade Classifier Variable

3.2.1 False Alarm Rate(FAR), Number of Classifier
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2 4 9l7] Wil FARZ 0.3°]3kel A 1970744 9] CascadeZ

Positive Sample©] 1,0007] o]’g=ojof HE=7]E HAlgdA

FAR Cascade FAR Cascade FAR Cascade
15 15 14
16 16 15
17 17 16
0.5 04 0.3
18 18 17
19 19 18
20 20 19

Table. 3 HOG Cascade Classifier setting according to FAR values and

Cascade number
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Fig. 11 Frame detecting safety helmet
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Fig. 12 Frame that detects false with safety helmet (Additional Wrong

Detection)
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Fig. 13 Frame detecting only errors (Wrong Detection)
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Fig. 14 Detection Failure Case 3 (No detection)
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Frame Frame that Frame Frame that
Case | FAR | Cascade detecting detects false detecting | didn't detect | Total Frame
safety helmet | with safety helmet | only errors anything
1 15 149 181 0 0 330
2 16 221 107 1 1 330
3 0.5 17 258 50 16 6 330
4 18 269 18 39 4 330
5 19 274 7 47 2 330
6 20 259 3 68 0 330

Table. 4 FAR 0.5 HOG Cascade Classifier result
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Frame Frame that Frame Frame that
Case | FAR | Cascade detecting detects false detecting | didn't detect | Total Frame
safety helmet | with safety helmet | only errors anything

7 15 278 6 45 1 330

8 16 2™ 2 55 2 330

9 04 17 244 3 80 3 330

10 18 ) 0 105 2 330

11 19 213 1 114 2 330

12 20 202 0 126 2 330

Table. 5 FAR 0.4 HOG Cascade Classifier result
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Frame Frame that Frame Frame that
Case | FAR | Cascade detecting detects false detecting | didn't detect | Total Frame
safety helmet | with safety helmet | only errors anything
13 12 265 1 60 4 330
14 13 260 1 68 1 330
15 03 |14 227 1 101 1 330
16 15 219 1 109 1 330
17 16 219 1 109 1 330
18 17 189 0 141 0 330

Table. 6 FAR 0.3 HOG Cascade Classifier result
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Case FAR Cascade HEE%) @ HE (%)
1 15 4515 4515
2 16 66.96 67.17
3 17 78.18 82.16
0.5
4 18 81.51 9243
5 19 83.03 96.81
6 20 78.48 98.85

Table. 7 FAR 0.5 HOG Cascade Classifier Recall and Precision result
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Case FAR Cascade HEE%) @ HE (%)
7 15 84.24 97.54
8 16 82.12 98.54
9 17 73.93 97.6
0.4
10 18 67.57 99.11
11 19 64.54 98.61
12 20 61.21 99.01

Table. 8 FAR 0.4 HOG Cascade Classifier Recall and Precision result
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Case FAR Cascade HEE%) & HE (%)
13 12 80.30 98.14
14 13 78.78 99.23
15 14 68.78 99.12

0.3
16 15 66.36 99.09
17 16 66.36 99.09
18 27 57.27 100

Table. 9 FAR 0.3 HOG Cascade Classifier Recall and Precision result
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E(Recall) @ A &= (Precision)

Cascade Classifier?]
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Fig. 15 Recall verification results for all frames
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Fig. 16 Results of Precision for all frames
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Detection

Only one | Helmets
i helmet is | and error fig'se e Total
safety detecteddl détection detection | detected
helmets
64 153 50 5 3 275

Table. 10 Detection results for all frames
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2. Overlap with white background

Fig. 18 Type of false
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