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Study on Reflective Vest Detection for Apron Workers Based on Improved YOLOv3 Algorithm

XU Tao,CHEN Yi-ren and LYU Zong-lei

School of Computer Science and Technology,Civil Aviation University of China, Tianjin 300000, China
Abstract This paper proposes a reflective vest detection algorithm for apron staff based on prior knowledge and improved
YOLOV3 algorithm. Aiming at the problem of the existing target detection method with low speed.the reflective vest detection
candidate region is generated based on prior knowledge to replace the initial candidate region,so as to reduce the detection area.
Darknet-37 is used to replace Darknet-53 as the backbone network for feature extraction, which improves the detection speed of
the algorithm. Aiming at the problem that the reflective vest occupies a small area in the picture and is difficult to identify,a spa-
tial pyramid pooling structure (SPP) is added into the detection model to realize feature enhancement,and the detection scale is
increased to four for multi-scale feature fusion. The K-means—+ -+ algorithm is used to perform cluster analysis again on the size of
labeled bounding box,and the clustering result is used to replace the initial Anchor value of Yolov3. GloU is selected as the loss
function to improve the positioning accuracy. Experimental results show that the proposed new target detection algorithm in the
self-built reflective vest data set is better than YOLOvV3 test results, the precision rate and recall rate reach 97. 6% and 96. 1%,
detection rate reach 28. 4 frames/s,which effectively solves the problems such as inaccurate positioning.missed detection and low
detection speed existing in the original model,and meets the real-time requirements in the practical application of apron target de-
tection while ensuring a high detection accuracy.

Keywords Object detection, Spatial pyramid pooling,Feature fusion,Real-time detection, Reflective vest detection
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Fig. 1 Apron crew and aircraft
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Fig. 2 Darknet-43 network architecture
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Fig. 3 Original image and candidate area map
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Fig.4 Darknet-37 network architecture
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Fig. 8 FPN network structure and improved FPN network structure
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Type Filters ~ Size Output
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Fig. 9 Improved network structure diagram
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K-means+ +algorithm clustering analysis results

Reflective vest data set prior box size
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Fig. 13 Differences between IoU and GloU
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iz FE SR L {5 R COCO 22 TT 85 408 45 18 h 4 4 20 ) 7 R 4
B R HEAT bR, Hoop R B R ARk T B R IR TR
Labellmg, 4= g % B A9 XML 3C 4 4% X W & 14 froR, Hof
Cwidth) Fl Cheight) 43 31 7R i A & v 7Y 98 AR (name) £
FHr % 015 B . (bndbox) 1 % Bounding Box Y H 1k {7 &

fFE.

(7xml version="1.0" encoding= ‘us-ascii’?)
(annotation)
(folder) b(/folder)
(filename) 1. jpg(/filename)
(path) 1. jpg(/path)
(source)
(database) Unknown(/database)
(/source)
(size)
(width)1920¢/width)
(height)1080¢(/height)
(depth)3(/depth)
(/size)
(segmented)0(/segmented)
(object)
(name) clothes(/name)
{pose) Unspecified(/pose)
(truncated) 0(/truncated)
(difficult) 0¢/difficult)
{(bndbox)
(xmin)848¢/xmin)
(ymin)843¢(/ymin)
(xmax)883(/xmax)
{ymax)877(/ymax)
(/bndbox)
{/object)

(/annotation)

Bl 14 i SE ARG R B DL B XML S
Fig. 14 Example of dataset annotation and XML file
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J5i 2 2 A S W RO 1/10, 453 450 000 IREAR 5 . %
2 NG oA b — A 2E RS Rk 1/10,
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AR S 5 BLF JLAS 45 AR S TR A RO T 0 K I R
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(1) & #E# (Precision) 5 & 42 3 (Recall)

TP )
Preczszon—TierFPXlOOA (6)
__ TP 0
Recall—TP+FN><lOOA (D)

HHp, TP (True Positive), FP (False Positive), FN (False
Negative) 43 A% R 5 AE 43 38 1E 8 B ToU {8 K T i &€ B H
FA T HE 5kt | 43 S5 DR B 43 S U AE 8 {5 ToU fB /b T i
S 1B ) T 0 A 250 s 0 A 8 T s ke 1 T S HE A B R

(2) - e R ¥ (mean Average Precision, mAP)

S A ps ZJPi(R)dR
mAP="G = (8)
Horpr, N R IE 28500 B AR 8B S0 B, AP R V-3 3

(Average Precision, AP), R ## L (6) — =0 (8) Al 1, P, R,

mAP H 8K 7R T O A5 AL 1) S A7 55 R 0 T 1 o

(3) 4% DN 328 3

R0 3 B 2 R i B A K T ) 445 4 B B RG T 22 20 B (i
¥O R E F . FPS(Frames Per Second) S #R~ .
4.4 KWERIERHH
4.4.1 YOLOv3 5 AL H FwyEh 2Rt

me 2 Fra) A SO B AR RO O B AR IR T 8
MR PERE. E RSB O BARK I P, YOLOv3 H k43 T
85. 7% 1 mAP fH, M4 CH %M mAP {8 & ik 96. 1%, A A&
HE B FPS s T YOLOvS, A E T ALY H AR A 52 Pr iz
FHR SRR . YOLOV3 5% 308k AT 43 46 10 245 31 4 ]
15 fims.

# 2 YOLOv3 54 SCH ik b
Table 2 YOLOvV3 compared with our algorithm

Method P/% R/ % mAP/ % FPS
YOLOv3 85.7 85.7 85.7 21.3
Ours 97.6 96. 1 96. 1 28.4
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[ 15 YOLOv3 574 SC8 vk Hh#5

Fig. 15 YOLOvV3 compared with our algorithm
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YOLOv3 Sk B 1 AT AR U RIOR . PRI TGI8 S DA IR o
B RE 2 B AE B B AR SO AR L YOLOV3 #0A 1 35 i 1 g
=7,
4.4.2 A5 SE ke g

g ik — 25 X AR SCH L 09 G RO E AT B IE . /£ NVIDIA
GeForce GTX TITAN Black [ SZ 5 358 b, #1z 5 1k 5 HAh
SEVTE SOOGS0 B0 A TR AT LB, I 0 O 4 48 b AT
AR S DL SHe 36 IF AR SCAR I A RO %) L SR B A5 R gk 3
51,
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Table 3 Performance of our algorithm compared with other
algorithms

Method P/% R/ % mAP/ % FPS
Faster-RCNN 94. 8 94. 8 94. 8 6.1
YOLOv3 85.7 85.7 85.7 21.3
YOLOv3-tiny 77 77.6 77 37.0
YOLOv3-spp 86.9 87.7 87.2 21.1
YOLOv3-spp3 87.2 88.1 87.8 20.9
YOLOv4-tiny 83 83.6 83.3 40.9
Ours 97.6 96. 1 96.1 28.4

e 3 Fra ot AH ] Y 5206 15 0 Il 4R 78 DL L W 45 vh
HEAT I, 25 SR 36 I, AR SCBRE W R AXFE RS 1 % L 8 [l 3% L B
YIRE RE BT YOLOv3-spp, yolov3-spp3 4577 ¥ , i EL7E 4
W FdBAPL#E, WA YOLOv3-tiny, YOLOv4-tiny
FRm R AR SR BRI LA FEAS i 3 . B
L BT YR B A B R AR T I LA SRR (A T R b
Faster-RCNN 77 % B £ I & 2R 58 47, Faster-RCNN 77 %
SRS BE R 94. 8% L3 = T AR YOLO 554  {H B T Faster-
RCNN BB & Ge %t [/ — B #r i 47 552 4 D0 o 81 ot o A 1 A
B AR B SCH B A G I A o R
RE A% Tt A2 AL B B R 0 8 S R 32 R S e R,

4.4.3 KX FFAERFEEHIRET AN & E T

Sy ik — A ERGE AR SO LA G R HLEE B AR AS DU 2 B ig o
A S Bk R R 00 32 3 31 25 1/ ) T 7 L2 P BE o R
Ivi) 52 90 2R 85 T (8 AR SO R 0 A B A AR L AR A T 1Y O ok
B0 REAE AT TR, X A SRR 4 A, R 4T
HLHTELEAER Cuda B0 5 RFEFHELER, FHAH
IRBE T RGO SR 42 IR S AR B R 2 5. TESLEG
L P B9 GPU 4 GeForce GTX TITAN Black I}, Cuda
BBk 2880 A, BAE N 6188 MiB, Xt 52 06 75 /0 $i ¥ 42 19 6
03 R RE TR F 28, 4 /s, L T HLBE E AR AS I 7 52 B iz A
B S AP (25 Wi/ o) BEoR . AR AR 4, Cuda #% 005 FPS /9% b
FZRWME 16 Pros. WAIEE 17 LS M. GPU Mg R
GeForce GTX 980 Ti(2816 4~ Cuda #% >, B 4F 6 188 MiB) &
VL b S8 SR g vh R S RE TR B 25 MiT/s LA b G U

F 4 ARSCHEAEA R LR IRET T 0 I BCR X L
Table 4 Detection results of our algorithm compared in different

experimental environments

Exp‘erimental AP/ Y Cuda Mer/nor‘y FPS
environment core size/ MiB
GeForce 930M 96. 1 384 4096 5.3
Quadro K620 96. 1 384 2048 9.2
GeForce GTX 960M 96. 1 640 4096 17.1
GeForce GTX 950M 96. 1 640 4096 17.9
Quadro M2000 96. 1 768 4096 23.3
GeForce GTX TITAN Black  96.1 2880 6188 28.4
Tesla V100 96. 1 5120 16160 131
140 BLT
120 /
100
% 80
60
“ 23 2 B4
m| 2
L
0 1000 2000 3000 4000 5000 6000
Cuda core
P’ 16 Cuda #05 FPS #) KR A
Fig. 16 Diagram of Cuda core and FPS
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Table 5 Comparison of ablation test results
Optimize Candidate
Fourscale o X ,
Group Darknet-37 SPP fusion sighting GloU region P/% R/%  mAP/% FPS
framesize generation
Experiment 1 X X X X X X 85.7 85.7 85.7 21.3
Experiment 2 N X X X X X 5.5 85.4 85.5 28
Experiment 3 Ni N X X X X 87.1 88.8 87.3 27.8
Experiment 4 N N4 N4 X X X 90. 2 92.9 90.9 27.5
Experiment 5 J N/ NG N/ X X 93.6 93.3 92.9 27.6
Experiment 6 N N N N N X 97.6  95.2 95.0 27.8
Experiment 7 N NA N N N N 97.6 96.1 96. 1 28.4

5 ATLLE WX T4 1 A58, IR A YOLOVS 5
RIAE G DA A P AR B 435104 85. 7% 85, 7% .
HomAP {09 85.7% ,FPS J 21. 3; % T4 2 528, th T
Darknet-37 4 T Darknet-53 YE 5 45 1F $2 B 2% , HoWf 45 1
J2 P 30 D 1 IR o 6 AT LA 0 R B 3 28, TR B A 48 4%
TSR XT3 R, TR 2 A E AL

BT 25 18] 4 T AL A R L mAR AR X L — S ER ok U FPS
(B BT REAR A mAP (A HRA BT T1 5 X T 58 4 504, 2
ot 2 ROEFRIE & B PR AR T FPS . {4 mAP (65
BRI X T4 6 ALy, FAEHS 4 45200 1 S ik b AT
K-means 45535 X 11 FORE ROST BEAT T 9007 R 28 A AR &
T mAP (VLK FPS %55 6 K AE4 5 A58 m9 2ol -
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