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Figure 2 Improved YOLOvV4 network structure diagram

2.3 DIoU-NMS

NMS( non maximum suppression ) & H Fr ¥
1155 s Ab BB B 45 9 Bk B I FE T R BR
TUA R IIAE 4 B3 f5c ok 1 0 1) A6 I AEE

{45 NMS ( traditional-NMS) H {#i Fi ToU 44 4%
AN TORAE | H & 3K Fh oy vk F Hbr & DL K
AL A B0 22 B4 1R A I 5 soft-NMS 5 /%
45 NMS #9 X B AE T X F H Ax B 45 500 5 500
AbFE IEORRERE S T H AR E & DR 5 B0
BRI & A, SR T B R ), AR STk B
DIoU-NMS( Distance-IoU-NMS ) 3£ % 18 1 55 NMS,
DIoU-NMS ¥ DIoU {7 NMS f4 i ] | HAe it 47 1)
i 0 B P R A H 2% & ToU $8 45, 1 H.3E %
AR AE 2 [8] A HR o0 SR ES . DIoU-NMS Ay {3
TE T 40 55 5 S A6 U AE 4 ToU AR AR [ J0) 23 %8 9 4> 46
T HE By s A5 B B R AT LA 2 20 S G T AE o0
S5 B A G i, DIoU-NMS U 3 5 & A1 7T fE 7 T
AR HFR F,If H DIoU-NMS Xf T ToU [ {# 4
e B IR WA

DIoU-NMS 1 ¥ 4 28 Xt = (7) KA (8)

IR .

S, =0, fouu(M,B,) = thresh; (7)

S, =S8, fo.u(M,B,) < thresh, (8)
X thresh J % 58 19 ToU BE; £, (M,B,) N
DIoU-NMS B HELEH S, = 0 FR %KM HE Jy 7T
RHE, S, =S, FRIZHMER AR 1 B ARKE

H T DIoU By % PE A 75 4% SCXE T ToU B E 1Y

e U AR 47 Z1, I FLYG TUARAE 5 15 43 (8 fe &
FA ARG U0 AT 1 s A B B 2 R RO TR B T R AR
I A 7 JUE 422 T R R A A IR R

3 XBWRERSH

ARSI BT PyTorch 1.8.1 HESR 4 B 15 &
M python3. 7, #: /E & 4t 4 Ubuntul6. 04, GPU K
NVIDIA RTX2080Ti, % i FF & ¥ 58 &y PyCharm,,
26 1 A KN g 416 x 416, 14K #8 1fi Fl Adam
AL L . BRI AE decay ¥ BN 0.000 5, 3
Y%k 120 4~ epoch, H: o 78 UK 7R Y1 2k By B 41 2k
30 1~ epoch, W] i % > B E Sl 0. 001 5 78 i 7R Il
il BE 3 2k 90 4~ epoch, ¥ f 22 2] KL & A



54 #

FEXIME %5 T ot YOLOv4 1Y [ 4R A TE 1 58 {3 A6 )y ik 19

0.000 1, R FAAY 5% IR K B2l 27 ) S 3 ez 2
3.1 HBIEENSR

H AT 6 A R 50T AHE 05 (i S8R AT 55
A B30 AR AR /D | L8 3 fife /b B8 (i A 35 X — 28
I BB o PRI A ST NS B o SR R I 4% TE
HUEE AR T BB 1 45 & A SCE SR I B R, )W RMEFD
ST TROR R B b BOAT B AR SO R 1 — B 43
F, LA 3 2o ) 26 10 A0 4 it K A5 1 38 4 R B
ZANSCA T R IR T A SO R AR B
Ptk . JRIREYE b It 7 854 TR IR A, AL I
B AR R 1 R R R R R 3 A2 W
FAITE gk F 2 A aRy R, O
L8 10 14 17 100 2 A A BT R
BB P AE TR B A X 3 R AL 11 (R
BWRE], Bl EMK IR Pascal VOC ¥ PEAThR 1,
i JH B A7 T H 4 Labellmg, H T8 77 09 BR 41
Fi Mosaic 08 88 58 5 2 00 AN Fa e Pk &6 B IR 4K
it 4 v B A X F N B T B R AR A 1R 2 )
BOHE B D W DL AR SCR F AL 7 56 e e AR
e = AR | = T U S 2 R O YA AE N I BE AL L
B gE e . B 3(b) ~3(d) B A Sl
AR B AL TUART H5 4 1 5 7 vk s ] B B R
JE BE AR B R S BCE 11 447 RS R R
(iR B L R R A R 3 AN 28 BN E 4
Wk 13 458 .8 123 .7 164,

T ———
3 EESHIEREEES L

Figure 3 Comparison between the original image

(d) ﬁﬁigé'ﬁﬂ’iﬂ 3

and the images after random data augmentation

3.2 MM ERERIRERSH

TE AR SCAY S 5 vh BT 38 Y BRL M RR VT 4
NS BE (AP) RS B8 BE BIE (mAP) . AP A
MHERG 2 P AL L2 R AN T R A 455 U (1)
PEfE ., MERI R P RN 92 B2 IE 28 IF B g moill
WE R REAS o T A7 S0 R E 2 A REAS 1Y L B A
Ml R 3R 52 b & 0F 25 9 H e # i oA 1F 24 19 A

A BT A SR IE AR B ], A= (9) |
(10) Fras

TP
e (9)
TP + FP
TP
= o (10)
TP + FN

A TP O BRI o IERE A B IEREA s FN D 8
BRI AR A Y IEREAR ; FP O W3R K O IE B AR
A REAS

AP {E i HER R -4 ] R 2 B35 AP 1Y
(BB B R AR AT o mAP J2 45250 AP (1Y
SRE T 22 HAR S B S A TR
mAP BB R /N AT A A X BT A 26 0 £
P R A e K

A[’szRdR; (11)

>,
mAP = ——— (12)

Krp € AREBANLIN AP (H 5 ¢ WATS P
BRI P 2 EH

Ui YOLOv4 B F-BPRG RE a8l 4 s, e
B mAP {E R 95.81%, R YOLOv4 b,
mAP {HIEF T 4.62%

98 - 96.61 96.85
96
93.97
94
® 902t
S g0l
i
#= 88 f
] ool
& 86
84+
82}
80
8 Ay KRR, O H= M SR IR A R

H4 TiomEE

Figure 4 Diagram of average precision
D/ e 2 O [T N = M 1 A A N O G
YOLOv4 Y52 560 45 5 5 HoAth 3230 H A5 K I 59 1Y
S A R PEAT R I, BARSERR A R AR 1R
M 1T UEH tedE YOLOv4 B M4 T Faster
R-CNN .SSD . YOLOv3 DA K Jit YOLOv4 i) AP {H 1Y
ARRAET 5 [, Bt YOLOvA 3532 1 mAP {H
WALTF LA L 4 FhEZ T . ARSI Y YOLOv4

SR TT SN SR TN AR RRAE Y 4 ICRE
— AR T TR/ FAR YR A 0 RE T, DL AR
FIRETH SCRAERE 1, 7R T IR 2 YRRk R
JERSZ BT ) B X A0 Y5 R AE 4 b B A T AR T
05 e F R R I A I B R — 2RI S T AR S



BN R A R (TSR )

2022 4

20
x1 AEEREVEEREREXLE
Table 1 Performance comparison of different
mainstream detection algorithms
AP/ %
Bk il #, KM = mAP/%
M HE R
Faster R-CNN'"'  88.32 89. 16 91. 84 89.77
ssptt 84.75 81.68 93.48  86.63
YOLOv3™ 87.12 89.28 93.56 89.99
YOLOv4"! 90.28 89.75 93.54  91.19
it YOLOv4  96.61 93.97 96. 85 95. 81

BEXE AR AR 1B (SR AG DA 55 £ A Rk i
Tr R AH BN,

XFTH ARG ST B R F R SRS A 55 T
B, EOR A B B R S PR AR SO0
LR SE PR AT I B E AR AR R Y 5 7
Al — G EXTEHE YOLOv4 B9E DL F iR A
oA I Bk B S PR AT T N, 0l Al SR
K2, W2 AT LUR AR SCER A 5 TR
A O R JRE i TG I R ) BT R T, L AG I S R Oy
24. 40 Wi/s, LB YOLOv4 B AU T [ 1. 29 fi/s,
AT RE A% il 2 BEAS A R SR 2R

R2 KBMEEILE
Table 2 Comparison of detection rates of different

mainstream detection algorithms

ok I — 5k & R it R/
JIT 5 B[] /s (Mies™)
Faster R-CNN'" 0. 054 18. 44
ssptt 0.016 62. 50
YOLOv3™ 0.024 41. 06
YOLOv4"! 0.039 25.69
it YOLOv4 0. 041 24. 40
3.3 HRLZEIE

ASCHEM T — R 50 AT Al S50 R IR
PR R A R, RS R L B T A
SR HARFRWMT PR 56 1 4, )7 YOLOv4 55

P W E IR I W A TR S R IR DU S
HEEARGE 2 4H,RFB( receptive fields block)
e + ) 4% S5 K AL R 5 26 3 4H, SE B B + [ 4% 2h 4
kS 4 41, CBAM #5 B + W 45 25 ) e itk 5 56 5
2, CA ( coordinate attention ) F £t + ¥ 2% 25 #4) oy 3t
5506 2, CA FEH + % 45 45 ¥ B0 F + soft-NMS ; 5 7
ZH , CA A Bk + R 4% &5 #) 2k 9F + DIoU-NMS , B 2 i3k
YOLOv4,

AR RS 3 5 4 S0 iy B A9 ZE T3
SEAR SO CA BEH A 20tk R E S 6 4l
LI EMNET 55 7 AR, DUl
J& A BB BE DIoU-NMS 894 %t

552 9L HOCHE X T IR 2 UCRHIE R 11
SMERAERE Sy A $E T, SCrb il ] RFB B He ok AR
Ji 5t I 28 485 4 v 11 25 ) 4 7 3 AR 2 15 DLtk —
By KEZ Y B TE T i — 20 32 T2 IRFRAE
BRI SCRAEGE J1, 31 5 55 5 20 5256 TP A e
B RR T Al S ge 25 RN 3 iR,

ARSCIE AL LK IESE T CA BEHA R T
SE # 8t L J2 CBAM B TEIZAT: 55 Hh i A R0 &
I 4% 5 ¥ 20 00 A b TR) S Al HIE 52 T DIoU-
NMS A% FAL 58 NMS LL K soft-NMS 7£ &b B H #5
TS DA R T R A R R A o TR S S A R
B I 22 A AR SCHR I S T [ 5 o 5 R )2 TR RRAE [
UL B 2 U FR AR BRI 18 SCERAE BE T MR
T T AN 38 )2 U AR A % B 1 SCERAE BE 1 /Y
BOR . RAHERA S ZHMSECR ST, A
SCHE Y B e i T B mAP {H LR YOLOv4
BRI T 4.62 HAY ML,

SAT AT A SCER B YOLOv4 B3k 1k
AEIR TH B9 J5 R AE T4 CA B T & T AR 42
BB 4 1) I AT S, SO VR 2 ORRE R
T SCHRAE BE 77 T 58 5 [A] R 0 26 45 A 1 ek ik 0k — 25
PETHR 2 AR R R B SCRAERE ), PR AR 3¢
P2 B O A 3 A P R AE R L3

3 HEMEXBRER
Table 3 Results of ablation studies
i 0 %%;Z% e " BRERRAC
YOLOv4 90. 28 89.75 93.54 91. 19 64.36
RFB+ W 45 45 ¥4 i 3 96. 22 93.51 96. 23 95.31 69. 87
SE-+ W £ 25 ¥yt ik 91. 48 92.72 92. 11 92.10 64. 85
CBAM + %) 45 45 ¥4 B4 sk 92.22 91. 87 93.44 92.51 65.33
C A+ X 45 55 44 o 0k 96. 24 93.97 96. 69 95. 63 64. 82
CA+ W 2% 45 44 it i +s0ft-NMS 96. 28 93. 88 96. 64 95. 60 64. 88
Mk YOLOv4 96. 61 93.97 96. 85 95. 81 64. 84




54 #

BEIE 25 3 T ot YOLOvV4 (19 F 2k A K 1125 {igl 330 AG: )y 2

21

L4 L5 165 A Z 05 R A 3 B 25 22 R & A EL R
YOLOv4 B =& 1918 S5 B, IF B8/ 25 7] LA
SEONORG o Hb s 57 AR AR XK
3.4 MR

S BRI AR X e an i S s, Hep L 5 (b)
R YOLOv4 A5 I sk SR EL B 5 (a) AR

(b) Bk YOLOVAK AL B

YOLOv4 KrAICR I, fER 220 AR AN 5
JE YOLOv4 A7 15 36 B¢ o ™ 5 A s K6 LA % 45 A6 31
G BT AWM LA K 32 ) A G 445 ) 47 2 Ak B
BORAEE T B0 #E YOLOv4 A I 25 58 v B A s K
DA SRR (0 B G 249 A7 FT 2 ik, TR N B4R T 170
N0z A L% 52 0y E 4175 0 1) Ak BRASCSR

s -

B 5 MERE YOLOv4 # Il 35 SR E
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A Method on Mask Wearing Detection of Natural Population Based
on Improved YOLOv4

XUE Junxiao, WU Xuecheng, WANG Shihao, TIAN Mengmeng, SHI Lei

(School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450002, China)

Abstract: The mask wearing detection in natural scenes is often affected by various factors such as the style
and color of the mask, the skin color of the wearer, and the weather. In this study, based on the original
YOLOv4, the coordinate attention mechanism was introduced to improve the utilization of the backbone net-
work for spatial information of shallow feature maps and better capture small objects-masks. At the same time,
it could enrich the semantic information of shallow feature maps and strengthen the long-distance dependencies
to more accurately locate and identify object regions. This paper improved the network structure of YOLOv4 to
enhance the capacity and depth of the overall network, so as to expand the receptive fields and improved the
robustness of the algorithm. The introduction of DIoU-NMS could alleviate the phenomenon that the object was
blocked and incorrectly suppressed. DIoU-NMS could perform NMS from the two aspects of IoU and center
point distance of bounding boxes, so that the selection of the IoU threshold was not so harsh. The experimental
results showed that the average precision of the improved YOLOv4 was 95.81% , which was 4. 62% higher
than the average precision of the original YOLOv4. The improved YOLOv4 had exciting performance and could
complete the task of comprehensive and accurate mask wearing detection in natural scenarios.
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