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Abstract

As an indispensable vertical transportation equipment in mining construction sites, the safety of
mine elevators is directly related to the life safety of miners. Therefore, developing an efficient and
accurate safety detection system for mine elevators is particularly important. Based on the above
requirements, a hybrid detection and control system was proposed and implemented, which com-
bines Orange Pie and STM32F1 series processors, uses deep learning for real-time object detection
and tracking, and uses improved YOLOv4 for safety helmet detection of targets to improve the safety
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helmet wearing rate of miners entering elevators and ensure mine safety.
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Figure 1. Hardware system architecture

1. BHRGREN

A, T ALATLIE St B 4 i e Sy % (14 DA S OLED BRFS M o, DASEIN A THI 1 22 4 MR A AR B T e

Bk, Z&RGa0FH T EBIRFAILEE ) DNN BEAR,  SEIL T 80 A S A e B2 ) o

3. BERGWIT
3.1. EUHFE

sl 2 s EALHLRF 12 & IR Splus 1) 8G RiUA, B2 Bl i — /NP IR A RS (s 41

s -
6, i

Y Soc AbHEH R AT ARM R iE . AR Linux R4 7 PR EE B2 08, T DAEEEAE A
RIS 45 1 GPIO #211, SCRF 2R E A SRR I E 5 248, RS s 11 G 9 L [6].

3.2. THUHMTEE

Figure 2. Orange Pi 5plus platform
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Figure 3. Schematic diagram of the overall R&D platform
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Figure 4. YOLOV4 algorithm structure diagram
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Figure 5. MCBAMD attention structure

& 5. MCBAMD ;& hzE#
Convlx1l
Padding=0

Conv3x3
Padding=1 \
Conv5x5
X . E—— Concat —
X Padding=2 Frerged
Conv7x7
E—

Padding=3

Conv9x9
e
Padding=4

Figure 6. Multi-feature fusion module network structure
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Figure 7. Dimensional attention module structure
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Figure 9. Loss reduction curve of improved YOLOv4
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Table 1. Horizontal comparison test results
= 1 HEEX LR R

} ¥ T 2 (Precision) A 7% (Recall) AP
L8 mAP  FPS
hat person hat person hat person
yolov3 92.66% 81.58% 83.24% 69.02% 91.48% 77.55% 84.51% 107.06
yolov4 94.18% 88.43% 88.87% 84.46% 94.16% 88.84% 91.50% 32.74
et yolov4 95.3% 89.33% 86.40% 83.31% 94.33% 88.85% 91.59%  58.46

Y BGAIE O yolova S AR RS 4 B, AR SCHOR — BTN 1A 1 S d5 AL, 943 7 yolov3.
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(a) yolov3 (b) yolov4 (c) &idtyolovd

Figure 10. Screenshot of real-time monitoring video detection
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SRk AT S Ao I R R o

THDO 365 AN ), B 2 A4S B ARBEAT A 08 B T i KRR B2 K A N RIS B, A SCRA 2 BRI
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Figure 11. Real-time target tracking and detection effect diagram
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