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Helmet Detection under the Scene of Construction Based
on Image Analysis

Wang Shuai, Xiang Xuezhi
(Harbin Engineering University,College of Information and Communication
Engineering,Harbin,150000)

Abstract: This paper mainly focuses on the problem of whether the construction workers wear the
helmets correctly under the construction site scene, and uses the image analysis method to detect the
helmets under the construction scene. Traditional manual detection methods are time-consuming,
inefficient, and waste resources. The use of images can achieve the purpose of automated detection.
The main target of detection is the helmet and the head. The main method used is the YOLOv3 target
detection method. This method is used to fine-tune the self-made data set of the construction scene. By
adjusting the super-parameters and continuously training, a model capable of stably detecting the
helmet is obtained. In order to monitor the compliance of the workers in the construction scene, the
construction personnel are guaranteed to ensure the personal safety of the construction personnel. After
experimental verification, the final model has a detection rate of more than 95% for the helmet, which
can be applied to the actual construction scenario.
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Type Filters Size Output
Convolutional 32 3*3 256*256
Convolutional 64 3*3/2  128*128
Convolutional 32 1*1
1x Convolutional 64 3*3
Residual 128*128
Convolutional 128 3*3/2 64*64
Convolutional 64 1*1
2> (Convolutional 128 3*3
Residual 64*64
Convolutional 256 3*3/2 32*32
Convolutional 128 1*1
8x Convolutional 256 3*3
Residual 32*32
Convolutional 512 3*3/2 16*16
Convolutional 256 1*1
8x Convolutional 512 3*3
Residual 16*16
Convolutional 1024 3*3/2 8*8
Convolutional 512 1*1
4x|Convolutional 1024 3*3
Residual 8*8 .
Avgpool Global [Convs{" |[Convs/” | Co‘rrws |
Connected 1000 * * *
Softmax
YOLO DETECTION

Bl 1 YOLOv3 H bRl ik
Fig. 1 objective detection by YOLOV3
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# 1 YOLOV3 5HAhrikxfth
Tab.1 Comparative Experiment of YOLOv3 and other methods on VOC datasets

mAp time (ms)

[B]SSD321 454 61
[C]DSSD321 461 85
[DJR-FCN 51.9 85
[E]SSD513 50.4 125
[FIDSSD513 53.3 156
FPN FRCN 59.1 172
RetinaNet-101-800 57.5 198
YOLOv3-320 51.5 22
YOLOv3-416 55.3 29
YOLOvV3-608 57.9 51

100 2 LWHRRER
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Fig. 2 method of objective detection
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() TR TITA LEFILFTFTA

K3 rEAHE
Fig.3 our dataset
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Y. BURMEIRAE Ay 1655 7k, BRI m )y St ATy 3, s A EE, A
TR BT o & S BRI FBACE R TR B A, S aes 55 kP o o i /b 1
AT B T P A B4

2.3 HHAITLIA

B R T B R AT R, AR B A R bRVE, FIA kmeans HE SR
2, BRI 2 aEEdRENR 9 A anchor (1. ERMEESA MRS t, A£AEYE
& EHEBRI AN PR E D 416%416, ARy COCO £l 4R . fEdin s st
FRIEH] 9 g Ay 5 N: (10%13); (16*30); (33*23); (30*61); (62*45); (59*119); (116*90);
(156*198); (373*326) . Hi T Sfr%dis th A7 1E B AR/ HL, BRI S AN /Ny 608*608,
FR I 52 bR 5675 211 anchor {8 4(31*38); (49*52); (60*71); (69*112); (87*119); (88*115);
(115*113); (140*162); (204*296).
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(a) 4175 LA (b) /N HARAS I
B4 sSimesi R
Fig.4 Experimental result

H1 18] 4 thSeBe 25 SR AT DA, S5 b i T AP i s i) 22 4x g 4 ] DAERAR I, SVEAMY
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R B3 28 R RS A AR, 0] FE 0 i 3 7 IR o K 5 B P e 28 S 00 25 SR AT 4 Bt
MEE B T B A HIRE IR . R (3) ARG 3L A A, precission A 1 %K,
FalseAlarm> Ay 2%, MissingAlarm s 2%, HATPRIESLIG St RE68 4l R ARk I >k
MIEREA, FPAYRBE ERRI I IEAEAS, FNOAS A I (1 S REAR .
TP

TP + FP
FP

TP+ FP
FN

TP + FN
WNEE 2 IR, NZARBERZ PRSI R ISR DL AORER, XS IEILA 1326 7RE1A,
Hoh 2 a8 BFRECh 2423 4, SkIWEE A 2541 4>,

precission =

FalseAlarm = 3

MissingAlarm =

*2 GitsiR
Tab. 2 statistic results
Hith % % T
24 96.58% 0.89% 3.42%
Sk 97.12% 0.69% 2.88%

MRIEFAS T et 4 R, T BUAE HE Tl 500 B 800 N oM 1Y OLOv3 A5 AU ) i ff %<
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AR SO VR FEE 2 2] ) H ARSI 509% YOLOVS, Jlid H il it T35 5 2 A Hdla 4, FIH
ZEHREHEAT IO, BRI E AT FE R AR AR o SR SR A5 R AT, 2 AR I AT
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