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ABSTRACT

In order to reduce accidents and fatalities in construction sites, it is important to ensure that the workers
are wearing appropriate personal protective equipments (PPEs). Manual inspection and monitoring of PPE usage
is time consuming and requires significant human resources. The introduction of smart construction enabled
object detection techniques to be used for automatic detection of PPE usage. Among various object detection
algorithms, YOLO enables PPE detection in real-time and is widely used. If the monitoring camera is installed
afar in order to secure a wide view of the construction site, the size of PPE objects in the output image
becomes very small. YOLO has weaknesses in detecting small objects, so in this case, it will not be able to
perform effective PPE detection. In this paper, a motion mosaic image pre-processing method is proposed to
improve small PPE detection by YOLO. The method usefs motion detection in order to extract areas of
probable PPE locations. A mosaic image is created from the extracted areas and fed as input to YOLO. This
method preserves the detection area resolution as best as possible, which increases small sized PPE detection
rate by YOLO.
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Fig. 1. PPE detection with motion pre-processing
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Fig. 2. Detecting image regions with motion
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Fig. 3. Motion mosaic image generation
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Motion Mosaic Image
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Fig. 4. Object remapping from mosaic image
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Truth
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Fig. 5. Sample PPE detection results

¥ 3. PPE 7% Hl~E A3}
Table 3. PPE detection test results

Recall
Size
Class Range Hard Hat | YOLOv4 | Proposed
only method
150x250

Worker 30x100 59 0.61 0.84
40x50

Hat 40x25 6.25 0.52 0.74
70x90

Vest 45%50 6 0.58 0.85

745 023 =0, XL ] W3S 7§ ]
37% “3kslrh Hat®] 79 AA2] A4 Al &8
= A E A Woks wie} vlasle] 022 &
o) 42% 4ol =) Veste] A58 w3k A4
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Hrp 2% AE 225 8 Fork A e w
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B 4= YR ouR|ollx = o] gt Huw A B
Zlo| = o]m|A] A A7} H-4% 739-<lqt 71&% PPE
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2% % gk

E 4. "AA=] A4 Aot 7E% PPE AR
Table 4. PPE detected only by using proposed method

Recall
Class Size Range Ave. PPE (Proposed
count
method)
30x60
Worker 20x40 35 0.58
30x25
Hard Hat 20x15 6.7 0.67
v.d B

B =relAe AvkEAA ARIEA Gdabella] A
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