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RESEARCH ON DETECTION METHOD OF WEARING
GAS MASKS FOR INDUSTRIAL SCENARIOS

ABSTRACT

In industrial production, gas masks as a commonly used protective
equipment, can effectively filter out harmful gases, dust and particulate
matter, provide a strong guarantee for the respiratory system of workers.
However, the lack of safety awareness among some workers, who do not
wear gas masks as required, has resulted in a series of safety accidents,
such as poisoning and respiratory injuries. Therefore, it is necessary to
construct a system that can detect the wearing of workers’ gas masks in real
time to prevent safety accidents. The system can monitor the face area of
workers in real time and recognize whether they are wearing gas masks
correctly. If a worker is found to be not wearing the mask as required, the
system will immediately issue an alarm to remind the worker to take the
necessary protective measures. The system can not only monitor the
protection status of workers in real time, but also significantly improve the
safety awareness of workers and effectively reduce the incidence of related
accidents.

According to the needs of practical applications, this dissertation

deeply analyzes the challenges faced by the detection of gas mask wearing
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in industrial scenes, and uses an object detection model based on deep
learning to construct a gas mask detection system. At the same time, a
series of optimizations have been made to the model for these challenges.
The main work and innovations of this dissertation are as follows:

(1) Through on-site research of the industrial site and according to the
detection requirements, a reasonable labeling strategy is formulated,
enabling the construction of a data set of gas masks for industrial scenarios.
Based on the dataset's statistical information, we analyzed the detection
challenges in industrial scenarios, including issues such as target scale and
category imbalance. Additionally, to enhance the model's training and
generalization capabilities, offline data augmentation operations were
performed on the dataset.

(2) In order to solve the problems of multi-scale detection and class
imbalance in gas mask detection in industrial scenarios, a series of
optimizations are carried out based on Faster R-CNN. Firstly, to address
the multi-scale issue in gas mask detection scenarios, we incorporated a
Feature Pyramid Network into Faster R-CNN. The FPN effectively
captures the feature information of targets of different sizes by extracting
and fusing features at different levels, enabling the model to accurately
detect small targets. Secondly, the online hard example mining algorithm
was employed to alleviate the class imbalance issue in the dataset. The

algorithm improves the model's classification ability by automatically
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selecting difficult-to-classify samples for training, making the model pay
more attention to samples that are prone to misclassification. Finally,
Mixup and Mosaic were used to augment the data during the training
process, allowing the model to better adapt to changes in different
scenarios.

(3) To address the issues of false detections caused by complex
background, lack of diversity in datasets, and class imbalance in industrial
applications, an improved method based on YOLOVS is proposed. First, in
order to enhance the extraction ability of the backbone network, the
efficient ELAN network 1s combined with the Efficient SE module, so that
the model can improve the ability to discriminate complex backgrounds
while maintaining light weight. Second, a multi-stage data enhancement
strategy 1s proposed. This strategy employs Mosaic9 and Mosaic4 to
generate a larger number of sample data in stages during the training
process, thus increasing the diversity of the data. Finally, Varifocal loss was
used to alleviate the class imbalance issue existing in the dataset. This loss
function can better balance the data of different categories, making the
model more attentive to those categories with fewer samples but greater

importance during training.

KEY WORDS: gas mask wearing detection, deep learning, faster r-cnn,

yolov5
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FbRiE T B R AT hRTE . 2 )5, o CARTE R B AT G0 70 BT LAVIAD 1 Ak
DTS5 A AEMR S 5o 5T, 050G PR B 2 1 i g V2 R 5 R AT 3G 5

(2) 3T Faster R-CNN [¥1Bj7 # [f B A 8 Il 502 7t

AW FUEE X ol 37 55T A By 2 T E RS 00 P T P 2 ARG O AR 28 1) A 355 i
SR, fE Faster R-CNN [F5Efli EEAT 17— RN, & Sedt 0 Bodha & A7 e
(22 RBERGIN I 8, {E Faster R-CNN A IIRFIE & E M4, DARE AR R
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HARPRFE, $Emisia 2 REERIMIGE 77 IR, 7E ISR FE b (6 78 2 X5 42 3
5, PR AON MEREAR I DI RR TS, AR P AETE A i . 2
JE 8 H Mosaic 5 Mixup IR &5, I—RFFERMZHAENE, W RENE, ZMEH
A IR FHBERILE ST 3750 (0 50 B8 77 o Soe o W ohuidt J5 (0 SRV EAT T SR xt
L4 7 o

(3) 2Tt YOLOVS (1157 25 i L i o i Sk ik 72

BESE TN R AR E AR 28 T30 SRR = RS i R, 4R T —
FhAET YOLOVS Bt §iik. B4, Wit | ELAN-ESE Bilk, 8 22
% 1 ELAN 4 Efficient SE #i8t, AR RKRAR & (1) [F] I 515 50 3= & B BE RS
B REmET G RREEEE 7. R, 1R 20 BRI Rk, %R
RO A BT SE R B R AR S, B s T 7E S5 B B 5 P 2 A RE R A
M. ZJ5, {8/ VariFocal Loss & fA%HE 8 -PAZAE I M AN i 1) o o5 J 0T 4
BEJS R EVEREAT T SRg X L A
1.4 IR LR ZRH

ARSCHARH B0

W1 E: 2R, EJRAG LR TR BRI T S R
G T E W AMHICEAR I K S5 78 A R AR BT 5T e A2 T
ARSC I BT A2

552 5 MOCHOR GBS SLAY . A% T0] B EE ARG I AR D E R 3
WIHERHAT T MA@ TIRFE S ST HE, A0SR SR R AT . 4225
BT BRI I FEANE S AR R IR, FEVRAUE TS, SRERE.
WAL WO R SEERE AR RS AN, SERY T R g R bl
PG R 75 . Bl S B R TR S ST H AR U7V, LA R Bk
I AN — B BRI 732, LAKCH F 0 ARk I 25 e B S R T AR RN
AN I R 8 LT

55 3 a7 E I R ASOR I ASHE A o AR X 9 L (i A W 2 £ P A
FKAG BT T R . B TR R A MEAG R, AR IR, S5 W,
KA, FAE R T B S RIRR I SRR SR e 2SN T BRI e
MRS, BJa R T BIRENGOHE R, OREEEERER S . Btk
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H B AN b 2 I R B A P I A RS A

% 4 F: HET Faster R-CNN (1555 M BARGRA I 7T . ARFHFFLLL Faster
R-CNN AR, 07 B2 T BA I 7 5 b (10 2 ROBE 5 30 AN 250485 i) R A T
T RN T B RN, IR T BRI R 2SR TR
T MO, 35 Faster R-CNN IS5 REIES 735450 . fELEMER
PEAR SRR, B, I Y MG AN b SE I R B Bt VA A R, R4y
BT T M TR BT LRI )

%05 B AT U YOLOVS B¢ i B M SAs M 78 . A8 2R T 1 4
T YOLOvS HEAITESBR Tolk R 3% Seh B Il A, 3 tAH R s 7. 1%k
AT LM BRSNS . 2 )5, M T EG YOLOVS BB s iAsif, 4
% ELAN-ESE B 454 . B8 BRI S 805 B A VariFocal Loss R . #Ja 4}
H IS0 45 AT A3 T AN 18, 38 Ik TR W S5 SRSk L 3 BT B R A 7E (1 il
.

96 T DA SRR AR EE S AW AT BAR TAREAT T RS F
I, ISP I T ARRME T ), EFESEEERN . BRI LR SER AL
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2T HXBARGHEIRELM

2.1 REFIHEIL

TR 2 3] — PN SR AN 22 I 4 S5 F R Th e ML B 2 3] T ik ‘il
TREZ Z IR AN Z AR, STl T o B K B 2h 2 20, JF e as 4R IR J2 U dh
FIER R o RPN IVER T 7L B AR AT S AT 00 4028 Tt A A=
FREFRE ST FEIRRESE I, 224 M ST S T e . RPN 4 it
AN E . Z2MERENR T E . BAREUE R EEAT B, B
—RhE LR IX 2 R SE AR B RE H Bh 2 )RS IR 1Y) 22 2 UCRRIE R
N AN LR RHE RS .

TR 5 2 YRS T TR R AR AR AT ISR, DASR s R 132 A R R
Btk o fEVIGRIEAE R, AALE A VR SR SR AT 2 kR 5], UG R %
MAFRAES 5. T BRI SH, IREES SR T B R
R EE AR 1 5% R BO TR SRR B BE R 58 2 B S8 7 1 o v AT 2 B
JE o3 F T SE R I 2 rh (SR MR B, DA 2k ek s /M o 38 I AN I B S kAR
P2, BASRREA B S S5, MR o Ho 2 AR R 55 1 1R et . of
FENBESEG ZMARE, WUNLEBEEE R, BENUBEEE N AT Adam!*14 .

FEIR P 2 ST rf, 7R ) AR 5 A R B B T ok, DU &8 A AN [R 2
RIPESS . N, BRI EMZE R T BT %, a2 458 Ak 2
Fe A%, 1 TransformerSUE T B A 5 A BT % . X LLHERILE TR
B EARE EACE . RS IR BRI RS SIS TR . BEE AR
AR KB AR 2 DL BRI H 2R RO, TR S B S AN
BRI SEE, HR 0 B AR 7E B 2 AR B R
22 ERMEM L
22.1 ERMHEM LR

BRAHZ M4 (Convolutional Neural Network, CNN) J&—Fh/ 7z B H T K
PRALER L VEE VRN SRS 5 AL B A U VR P ST . R0 AR R
PR R A TR AR SR I, JRIR I A e E AT o 2Ral il . 1 2-1 Jeom
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T MHT BRI KK CNN ZEH.

Input Image Convolution Layer Full connected Layer

Convolution

Pooling

B 2-1 AN A 25 £ B
Fig. 2-1 The architecture of convolutional neural networks

(1) BHZ

GRERBEINGE MG L 02—, 2N EREA . FAER%
HRAT LA N B AT B AR, AU N R 1 Jo) SRR AE . B AR 0l
o —ANMER NS IS H RS, XA E 8 RO E B R
%o TEBRRIER, BRUZR S5 NBEE 1 A B AT SRR ANE . 1X—
RN T B RULTER NS 0 30, FAEREANOL B AN S AT A [ 8 5
XIS SRR Tl HE A N B I SR SRR, DO AU AT B — A R SR I A
B S N B 7 LA B R A5 R B AR R I 5 AN B BRI R PR A A
BTG Ve N B A B () 284k, BARZE HO% H 45 AR A o 172 R
BARIEREE R, 2R T HARA B RE S X—F Gl 2 et A o it
PR AR A ] 2-2 R T AN GRUZHT EAE

Step1: Step2:
11213 1
0|1 25 25
71819 71819
Step3: Step4:

(1 [2]3] B 1]12]s3 N B
6 | ® — alsle| ® —
B || . 2]3 49

K 2-2 BRI R

Fig. 2-2 The diagram of convolution calculation
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(2) Wit sk AL

WoE B OB B T RS M, H IR W 28 5] N ARtk AR e, 7E
BRI M 25, BFUZ BO1E F = AN 3R UR BB AE, (HIX BeRFE AT
SRR, LI FRIA R R AR M R R Bk, 5INEEE SR AT DA 22
25 S A MBS A AR R OC R o UK A28 LRI RS L )05 R A

Sigmoid: ZIHOH RN SE —DLH, I BBR A E 0 2] 1. Sigmoid &
BT Ut BETE SR IR 1), R A e i AR 0 B 1 2208, BrUABREA i T
0, H % NAEBCR BN, 23 HIIH FE T 2R Ui BE AR VE I ) R . Sigmoid 14K
FFRMA (2-1) Fis:

f(x)sigmoid = m (2_ 1)

ReLU: ZeRERT LKA NS B 2 0 BOERCZ (8], FT DARDRR B2 25 (1) i)
AR, JF HAT SO R, E R R T e IR IR, B B R
T 0 B, ReLU ¥ HEWMBEET 0, FEEHEILF A 0, it 5 i)
WERCR o JAh, ReLU BRI H T A0 B — 26 75 247 8 H 194E 9% - ReLU B
BHeARon A= (2-2) Bk
f () gery = max(0,x) (2-2)
LeakyReLU: Zp%E— Mot ReLU SiG R %L, B EARR ReLU 7E /15
X [A] (R “BEIX ] f . Leaky ReLU KB E £ &N
f () ieakyrerv = max(0,x) + a x min(0, x) (2-3)
Horf, a&—/NEH, @ERUEN 0.01. 7RI N BT, ZR st —
NBUNPAET Y, XN ZR A A & RS L T LF-0 0 5 DL, RT DL
GrE I ZRd FE T IS X LS
SILU: ZpRHul K 4 A 5 sigmoid BRBUHEE &, (81540 1 B A JF &t dm
81, SILU (32 AE KT 0 1IER43 4 sigmoid BB, T{EHIA/NT 0 I3
N0, RFFREEA B TR TH SRR N AR . RT LA G ReLU A g B <58
DM, T AR R AR AR AT 55 . B BRI IA
f(X)siy = x X sigmoid(B X x) (2-4)
(3) itttz
HBALJZAE CNN A B NFFAE B R R, IR OR B EE RS R . %
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LA A AL e A AT it A, 38 Tl o3 N Bt 1 X, IFAERES X
SR SRR KA BT B {E . AL R RENE D B O 4R, SR =2 T SRRCR,
HRE R TRALNE. K 2-3 o 1P itite 5 Rt TR AL

Avg(1,2,5,6) = 3.5 Max(1,2,5,6) = 6

3.5

13.5

Kl 2-3 itk 5 oA R T SRR
Fig. 2-3 The calculation process of average pooling and max pooling
(4) R
AR R B S A AL B R R R, I T e ) A SR el AT
%o WK 2-4 fow, AEEEPNENME TSI — ENITEMEoiE, i
F SR R e B R HEAT 15 B AR i A 46t o IR R 7 M99 X 2% R 27 21 31
AN GRE, AT SE 44 58 R A% 1) 23 R TUINAT: 55

Hidden Layers

Output Layer
Input Layer

K 2-4 &EREE

Fig. 2-4 Fully connected layer
(5) KR
TEBTFRE 2, 58 AR BRI 2t A2 R I B B R b, FH Tl S 2y
F TN 5 L SEARAE 2 TR ) 22 57, DAFE AR B B ILAL o 8 ) 400K B B 22
SRR R YT IR FEIR R BB
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A N o B B AR BB e —, BT 2 0 2R . £ 502K 1)
AR, 38 E ] Softmax pRECRFASIE ) e e O 0 A1, 8 ik FH 52 S5 35
SR bR BSORAET B AV TR P 5 T SRR RS 22 T 0 22 Sk o S8 SRR R e ) 55 3
I

1 n
H(p,y) =— EZ yilog(p;) (2-5)
i=1

Hrb, nBoRFEARME, y KRB MR RS RE, pRon BRI S i
AR B 3 o 28 SR 51 5% PR AL A DIE s A2 W BAAR R 22 73 38 )i, I HL Rl BAAT 30t
e A I S LR

P ITARZEIRR REGE T3 — P PR R R 2, e RS T A R L 207
ZARAR R 50N

1 n
H(p,y) =£Z(pi—yi)2 (2-6)

Horb, nRRREARER, v RN BRI SHE, p RO SN REA
ITRINE o 35377 1R 2240 2% R ER A A W] DA O AL B 51U i) R, I BN 5 52 2]
S H BRI o
222 ERMERLEIIL

FENGBRIRE N EZIS, 7] Ae 2@ B A BRI G 8. 30 & Fa Al
HENGHAE B Imd T 2%, UETAENRER ERIAE. Mk, RGN
SRR BE 7000 2 2 NGBS TP RHAE, S BUENNREHE ERIAE . S T 4
IX G ], R L R S m AR AR 2 AR T . A T RIS ) R, AL
NS T2 71k,

Data Augmentation: fE{IIZRPZSIN, 8 G BE 48L& A1 R AU B AT 280 77 12
AR R AT I GR . (BESEBR R T, B TR SRR R, 1R
HMESRAT R R EAE « S TR AN o), w] DA FH 2508 3 i s AR AT Kl
CRBUHR SR B RUASE, M B A2 (132 A e o AN B e . R IR S i A L
AR A O R AR 4 4 . FE LT AR Herh, WA AT . e, 4. S,
SRMEAR TR, AL BTRIP RS AE . 7R R e, H A TR R O R AN
JE5 , BANEA — S A BEH L FREO. CutOut®!), MixUp*?), CutMix [543 58 572
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Batch Normalization: % /7% —MIEMAE M Grb Z AR, &
TRV PRI AR B AR RS I8, JF DI SR R fEAh e g i, Bl 2 A0 3
I, S NEE I o A T RE S R AR AL, S BB AYHE LIRS . % il
B—Z AN EE AT A — B, FEHMER 0, FRdEZER 1, MM
AR A AR E, SRR A SR A A R, T A

TERES RN GRId R o, S350 37 1) 5 J 40045 1 8 ) T 2 AR M R I 245 1)
IR 5 2 {5 0 BE AR AR IO AR S S0 RIS, X 2% 2 AN W7 5 24,
DAL PERE, - TFHRRA R AR AR, R 2 S /IME. 25 ) BRI E BIRSHE
HIMEEE, B T SHEH K MlZaE RN R & e BN 2 50E 41
—RSERE NSRBI AR . ARG, W4 S e iR A A B L AT
SR LN S BER E.

Batch Gradient Descent(BGD): Z5TyALE AT I A2l I TH ST AN AR 1)
BREERTERSH. W TIBEVNEIESE, CNN BAYISCR P, SA,
BT NIRRT S A E T —K, FTRERETETE. MLz,
TRRIVGEIEEE, FEGIMA R Bl s

Stochastic Gradient Descent (SGD): SGD 7E I Z5id 2 H il it TH A AN FEAR
BREER TR SH, AR BEA IR . X FIBENLRAER 7248 SGD £
IR B E A A I B I v R, [ B R S A 2 PR WS SO . SR, B A
FEASRITEBERE, BT Re R fERAGE R = A BRI 3l, SBUIGA TR E .
HK, SGD B W E )RS5, R EAY, SRR FSIUR .

Momentum: % /7¥E% SGD #EAT T ik, @i 51 N\ & ORI B R B
WS RE, S B R A T . SR, Momentum SIAANAEAE— 2 A
FesEtk. #iltn, mAEZERERER Y, TRSSBSHEERBEEE K. i,
LN batch K/ T B B BUR .

Adaptive Moment Estimation (Adam): Z&HIE(EN—Fh HIE RN 2 R 4L
Bk, WA T SR FE R S R AR, Adam BIEAMUE &R, &
e 236 1 1) AR DA A5 B AR B4R S BRI ) — B AR S e,
SEILA 28 BCE T, 33 T IR B A 42 R 48 U SR RSO B o IX A 75 Adam
TE 2 HE DT Ree A SRS B, IRFEUIZRd R b B3R 2 o1 . k4t
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Adam FFEE B A WSORGE . &R F S ERN R P KRR T, R R &R m
TSR AN N AE T 3K

Exponential Moving Average (EMA): i%J7 1% F T P #5704 2 50 i) 58 3 AR
AR EMA S 0 B S 8mioih B A7 IR 24k ek b ST K e 5l Ak
A AR e, I m A P R Az AL B
23 ETREZINEFREQNEE
2.3.1 A Ez BEreNEE

P B H bR RTINS 2 E AR RS S A B 2 —, e AN B2
J: XA R H A7y 280 FESE— BB, AR AEARZ KT B AR ILX
Yo RS BB, BRI I X, DASRASAE A R AL R AN SEE R . BRI ER
H A A A fR R e &, P DAEAN R RBE R B bs B AT Al JF HomT LA
WOFREE B H AR, — ORGP BB L — i BB R S R, (HFF B 2 it
PR

R-CNN 2 H Arar U 45Uk s B BOSRL R L2 AR, G IR AE H AR S 2 o
SINERRNZ W45, % AR AT S5 04T T A v r ot , oA BAR U = .
R-CNN 5L RN 2-5 fis, HAZ O ESE = A0 5% 1%, £/ Selective
Search SVEVE BTN T HARRUMBIE DI 455, 4 A R e ide [X kit AT %
BT, FEIENGRAM LS FIATRESEEG B, R ARFEIE N 73 S 2%
FFEAT 02K SR, BT X AAE R BRI E, BARTHERME
R 25 RN

R-CNN: Regions with CNN features

Warpeid region
L[\ e ot
— CNNi™M, :
1. Input 2. Extract region 3. Compute 4. Classify
1mage proposals (~2k) CNN features regions

[&] 2-5 R-CNN [ 25 55 449(13]
Fig. 2-5 The network architecture of R-CNNI3
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Fast R-CNN /&% R-CNN ()it . E#iH T R-CNN H1 [ Selective Search 5
7%, {25 R-CNN AN[A] [/, Fast R-CNN Joks BUGIE N BRI N 45 33047 B4 4k A
L, PR35 [X LT 1) B 4 S5 R AR I b, B S Rk MR AR (IR N A R R v
KPP VE AR T ISR, $em T INERRCR, (BRI TURIEH MR, &
e ST I i 8] i ke 0 o

Faster R-CNN s & S 31 33t H AR Rl 104488 . &l 2-6 iz, Faster R-
CNN 5 KR S 7 RPN (Region Proposal Network) 4 il 16 [X 15, . 18
IR 45 B )2 2] AR B X 38, SRR T BT 55 i R VG, 387 T
R . MEIF AT LLE i, RPN 532K 2=k B B RUZIRFE R, X—B&it
15 RPN W] DLAEFE 2 A RRAE B B AT 3 SR RN, AT SERL 1 B s AT 55 19
i Bl g . AL, Faster R-CNN KA T Rol Pooling 5%, WA [R] K/ HI
e DX I i g ] 5 K S (AR AR Te) e, (S8 A3 AR W DS e b BAS [ RST 9 H A
Rol Pooling #&—FhJ& i RFiE SR BT 325, e R N IRRAAE BRI 40 2 X3, 50t
AN XIFHAT e IR, DASREGZ XIS AR R MERRE . 11T Rol Pooling,
Faster R-CNN AJ LIKEAS 8] T (18 i 32 DX 3Bl S5 28] — A 8] 5+ B R RFAE 1) B2, AT
58T i S H AR 3 AL FHE[E] A

classifier

proposals i ;
Region Proposal Networ
feature maps

conv layers /

2-6 Faster R-CNN [ 2% & #116]
Fig. 2-6 The network architecture of Faster R-CNN[!®]
232 —MEBEFRENEE
— i B B G i BV — A B A AT B AL e R e g [ )3 ) R TV B
I RZOAE T B B — [ 4 ELRE TR0 H AR I FAE ISR 5] . 5P BUREAREE, —
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I BRI SR B LU RS Bk, S, B AR SE R H
PRLIAESS, BT R EE TR 2 AW e AR SS, sy, il
AR BB NS . R, PRSI T REBD . ROV R /2SR R 58 UE
55, PTEATHSR BT 5 SRARX AR, W AAEBAR A T SEBL s R A A4l &
T ERIEA RN 5. &a, SERPERGR. BT IHEBSTEE R, e
I 1] P9 58 BSR4 55, SEBILSEE I D AAAGE N, 3 P T 0 SRk 2SR B iR 3 5
YOLOV1 J&—FhZe #L i) — i Bt H ARl 535 o 12 50000 F B — P 42 Do 2% SR
PR B AT FAE R AL E AR N e B 2-7 Fios, PR dam A X 7
S x SAIHFESCHAEHT7 x 7)), B4 KA 5T 0N — € B (I b L St
TR X, YOLOv FBANA FHE L AT BAGRE, JERICAN S
FARAZ IR N AFAE R YR I BIRE R o G B G AR 2 I 2% 14 3 21 3 1 5
YOLOv1 BiEA % 1 il i i A iR A, AR R B 1Al % - AT R-CNN
A%, YOLOvI BA BEARAGR L, SR ERs B 7 A S A 2 .

2-7 YOLO 5.y JR 221

Fig. 2-7 YOLO algorithm principle2!]

YOLOV2 & YOLO RAIME A5, M T %4 YOLO, YOLOV2 f£
AR EAA T RERSREF . DUT & YOLOvV2 My Eudt: H e EH
Darknet-19 444X # AlexNet. Darknet-19 f&—Fh &% IBRIIEM L, EIE
PRAES m R FE R RIS, 98 7 g SO S aL, MOmiem 7RIS R . Hksl
A Anchor Boxes JKHMZIARIFEARFIAL B . Anchor Boxes »& —FEIGHE, &A1)
TE UG AN RO BRI B AR, T TR IS [ R /N R s . 2 el 22
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RPBEUIZRAIINA . YOLOv2 ZEYIZRANIN i F2 o il 2 A AN TR RBE (1 BBk 3
RS B2 . AEIZRT R, W2 AEAN [ ROBER MR EEAT IR, DAfE SE 4 b o
AN [F] R/ INFT G B A o B s B N AR HE AR AT o b S AR AR A T LAZE I
3t P Ao B — 2 R N AT AR HE AL AR 3, AT B e S A (2 Ak

YOLOV3PZ YOLO RHIMEE =4, H Joseph Redmon 1 Ali Farhadi
T 2018 AR . BEIRIEH T — RGBT, SRR S H ARSI RS A
HE .

DarkNet53 CBL*5

. — [Resl ][ Res2 ][ResS ]—>[ Res8 ]—*[Res4 ]—* (o) Nl —> '

_ ) Leaky CBL*S
. pe——
- e
m =-I:—>S D

CBL*5
W - - D | - .
- E: 03 Concat]| —> e 10 —

2-8 YOLOV3 514 /&
Fig. 2-8 The structure of YOLOV3

P 2-8 iz, YOLOV3 KM Darknet-53 F A3 3T %% . Darknet-53 P45
2% | ResNet HFFRZELEHIN, FEH R TR, DUERTE T2
FIRFIESRENRE . FLIK, YOLOV3 51N T RHE 4 FIE M 28 454, DUMELEA A RE E
Pk, JBIETE Darknet-53 [ZERE IS FE KA R IE & 73,
YOLOV3 RefAEA [F R R A, I HAEWS A R0 38 R AR BRI A
N T B E AR RS RE, YOLOV3 SRA T 2 R . iZEE M5 B = A F
FRUBE R4 HH JE RASI AN 5] RS A, AN RUBE (% th B B AT B A, DA
FRIAS R R /N D520 SR D 5N AR o 3 o 22 JURE T 7 1 RE W 2 v B A
I HERRTE, I HLAT DUA R BN R RS it . tesh, 7t — Bt B Asks
MR, YOLOV3 SR T S ARG i i FAE TN . BRT =, YOLOV3 WA
T YOLOV2 Hidid SAIRE S I HE RS 1508, R N RFERERGE 7 3 Fh
JRIOHE, TR 9 BRI SEIAE

YOLOV4LE YOLO RPN RAS, &/ T ETTHAE THe 1 —Fhsk
I kG FE IR ARAS AR A o X AR AT LA A 40 1080Ti B 2080Ti 5538 A GPU
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SRR PR RIAER () 5 ARR 3 . TERBIAYEE M TR, YOLOV4 HEAT T —2501%r .
T, B ETHFEM 4 )\ Darknet-53 B0t CSPDarknet535 L BH i 2% 2 L
FFHIE. S8)5, YOLOV4 {5 % T PANet™FIRHIE G I 1) AR, i@ @it R4
RRAE T EE 2% (PAFPND SKAGIIANE R IYMA . ), YOLOv4 it it —1k
ERRIEREL, 41 CBM. CBL %5. [k 7B L MRALS, YOLOV4 ILAEH#s
REFE L PIZEIN R, Wod R A 5% RS T TH#EAT R4k . [RIIN), YOLOvV4 it5:
iE 7 — L% H /) Bag-of-FreebiesI>°/f1 Bag-of-Specials® 17 iE IR, %t SOTA J7
AT, HBCR R, BE S 8 GPU Y14k,

YOLOV5 #& Ultralytics /A @l #2H ) YOLO RAE LA . Wik 2-9 Bt
7N, YOLOVS 78 5 A6 B I 25 SR F 1 A8 i 1k B8, %A G5 AT Tt 4K
ZEEGINK CBS A1 C3 i, ARdta 7 MRz ie ). thoh, XL
BEAE YOLOVS (W T-45 0 5 Ly R vE R a] s il v, BE0E N &% FR [F 16 52 FH 37
FHFER. BT ETSEHNMIE, YOLOVS R4 T 2 ANRA KIS, fE92brm
F b 7 8, BENS PROd I B A A PR B AR 55 75 K . [RIIN,  HA v A F
SR R R IORE R, RS SEIL SEIT B ARRr il A E AL, PR, YOLOVS £ Tk
AR EN T TIZ IR .

.ﬁ--f-T-

- ] it g

e/ Te-

K 2-9 YOLOvS 451K
Fig. 2-9 The structure of the YOLOVS
2.3.3 BRI R %
FE H B IAT 55 7, H I 8453 2% R K45 A 532 FHE 18] V3 A 45 2% ek B0RT 1
Ir IR BRI o 0 A R bR B A A SRS K R B, 30 A 2 R BB
I L1 B2k 7T RZETVRANEET ToU M2k s, 1 A (] 3 2 B e i)
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H R TB, el s AR AR T30 H AR e BUR A7 B, FFRE P AE 47
FEAATE . H AT E7 B bRl 77235 3 K A ToU (Intersection over Union)45 2k i
HAOR B TN AR P L SIEAE 2 [B] FR B 5 X, AT 51 2RISR, IR 4L
i ToU 452K R AL

(1) ToU 1K PR AL

WE 2-10 Fras, “GT HREBHIAE, “PACEKBMAE, ToU THH 2 Ttz
FHE S B FHER SR S5 IR 2 L.

IoU =

K] 2-10 ToU ¥ 5R Z&]
Fig. 2-10 IoU calculation diagram

IoU i 5B75E Xk (2-7) Fins:
|A N B|

Ly =1-10——t
IoU |AUB|

(2-7)

(2) GloU $ %k e %5

BT ToU $32 Teik b3 B br A E S B b2 RIS F %55 7730, Rezatofighi
SESIHRH T GloU #ik % A3 (2-8) /R T GloU Fi kIt &, HbA,
REE 2-10 1 “GT” 5 “P” (/NG XA, BRI A 6L 55 7 SR AR AN 35
MERIB/MERITHR, URE “GT” 5 “P” K. BiT5INA., GloU MUK
TE S X, IR HAN AR5 XA, BE SRR M S e U HE AN B SEAE 1 B

B
A, —U

LGIOU = 1 - IOU + (2— 8)

c

(3) DIoU i %% pF %5

DloU #%E 7 Hbs SHHEZ MAFE s EESRAMNEE, MifE HARAE R )55
IEEER? MHEZ T, ToU Al GloU fEIZR 2 AT g 2> R B HUSE 17 #. DIoU
SR A 3R (2-9) Fizn, Herdhb A9t 43 AR 2R T HE A ECSHE (1 ol 4,
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PRI L R TR R o A, AR AE DS [R] I 35 TIUIHE A SIEAE /Y
B/ N D, XSS R 0] R 22 PR

p?(b, b9Y)
C2

Lpjoy =1— 10U +
(4) CloU % 2K iRi 51
1T~ DIoU 7ETH5 i AR 25 R FAE [ A T K B L, BRI CloU i — 354
DIoU &Rl FREAT T SodEB, A& mian R i 2 =X

(2-9)

2 b,b‘gt
Reou = % + av (2-10)
Hrb o B BE R AL, o HRE K LA, & LR
v

T A —Tlo) +v (2-11)

4 wat w\?
v= = <arctanﬁ — arctan ﬁ) (2-12)

SEHEH CloU H R BB & LA A0 (2-13) Fiok:

2 gt

LCIOU = 1 - IOU + p (lj;zb ) + av (2— 13)

(5) EloU #i2k e £

EIoUSY% %} CloU A vk RN % &l 5 R EEEN RS ER, £
CloU PRI A 51 IURE Al _F- K A LU P 2 il DR 9 40 30 1 B H AR AT B ATE P A 55
UK KBRS AN AR, OB, ek, BT LR
CloU "7k, (H B it J B AT H ARAE S5 B HE 10 58 BE AN = B2 2 22 e/, i
FHISCRETE R EloU R MBI A (2-14) Fow, HAC, MC, RHE A
Box [ /NIMEAE IR B AN v

p?(b,b9%) +p2(w, wIh) +P2(h. h9t)
c? C2 C?

LEIOU = 1 - IOU + (2— 14)

2.3.4 VI IETR

50 RAESAE, BRI SS b a5 K HAR AL B S A EAE
B o PRk, PEPPA B AL R, 75 22595 20 1 B A2 - Ll (Intersection over Union, IoU)
LN A E IR, T AT 2800 A4 A% SR P Tl 5 5 o FOUAE 1 2L S 2 ]
(52 L FH T4t 5 Precision. RecallF1AP . ToU HR¥EF 2-10 i+57. Precisionfll

Recall7y 5 E XEAR, (2-15) Finzk (2-16) i,
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o TP
Precision = TP+ FP (2-15)
TP
Recall = TP-l-—F]V (2— 16)

TP (True Positive) &7~ IoU K45 € BIE K INAE ) # & . A%, FP (False
Positive) 7~ ToU /N T80T BB B TIOMIAE I 2= - A )5, FN (False Negative)
BRI B SLPRHERIBR . AP (Average Precision) #4558 255 (R %R 5
H el A2 T XA, MimAPR R A KA WAP P HME . 0T 2 HKAME
%, mAP (Mean Average Precision) A Ml /AZL (2-18) 1H&, HPAPRIRS
T PR B

1
AP; =f Precision(Recall)d(Recall) (2-17)
0
k Ap
mAP = % (2-18)

Fy-score HJ5E XA (2-19) Fion, ERAVEIRA KA /T ER & 1V

B o
2 X Precision X Recall

F,-score = (2-19)

(Precision + Recall)
H A I B PR Fi b LA A — AR LI VOC B4R R
fabro TR IZAEH K COCO $RIRH . AR COCO Fabmxf A AT 1T
e
% 2-1 COCO PRAf 516

Table 2-1 COCO evaluation metricl®?!

BRAEELD & X
MAP, 5.095 LoUAF 0.5~0.95 Z [A]f#) 10 MmAP I3
MAP, [oUZET 0.5 B ImAP1E
MAP, 75 [oU%5F 0.75 I ImAP{Y
MAPgman H AR~/ F322f\imAPE
MAPpeqium H s RS T322 5962 (fimAP{H
mAPigrge H xR K F962 1 imAPH

R 2-1 HEHJER T COCO Vi br . SAEGERIUE A 52— ToU R 155 mAP

BT VEARTE, COCO kR T 10 NMoUBME (JEETLE 0.50 3] 0.95 2 7], $HK
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9 0.05) K ATE mAP, SREXHX 10 NBHE FHEImAPHCEIE, 335 A& 4
Ro MAEGEMAPIARIEIoU R 0.5 SR . lth, P32 JiloURERS 56 4 TH Hh
PEAAS I R
24 LA

H AR A7 AE 2 P 2 R I AN S8, 3 AN 25 77 o 50 ) e 24 PR s D0 S B2
Oksuz FOIEA LS5 [ H bl o BS54 [0 /L, R4 3 28 ] R Y 2K -

(1) KA. FEBFEALSE ERZERGIE. K s sms
AP, EIZEUIZR R ol B AR B D T 5 B AR .

(2) RIEAN: XMAFHE 2 i B RIZEZE R 5, FlundE COCO %
AR Z (/NI B0 183 L BVRFE 47 35 I H I AP 0«

(3) ZIAIAN: P LB EHBUR TR A AR AT . ToU BIASF47 BL AL
VIMA 3 AL B R AN 1 4 )

(4) BRSSP H7 2 AT SR A4, JEIR - SRR 4 R
ZNE] A48T

TE B 25 T EAREAS MU T2 HR , Y5 HR A7 8 1) 288 S0 AS T4 e R0 (L1 DR 1 ]
. fEFM B VESF, Girshick SEOYEEH T 7E 28 #5172 4 (Online Hard Example
Mining, OHEM)K A Y 25 b i 5t B AR AR 51 s8Gs A Pg i) . 322
HERR A A (R 03 R AL A A AT HE T, 38 BB KA 265 o PO 98 43 B AR T8 N T 8% IR
Yo X FhSRIE A R S 1B SHO TN R0, 3 09 45 SCI B 7 SR A
A, IR H AR 5B 28T SCEFR. JR1, OHEM HE UK AR5 40k
PR HE RN SR R A AR ], 37 3072 T AN [R5 e SR B AE I R 72 v 1
S . BIANE RG], Bk BN EE, [t OHEM X i€ k% B2 ) %
FETREA R, Li FOHEH T S-OHEM, MR loss B ARHAENIZEA. ML
OHEM, S-OHEM & T~ AN [F] 4 2K bR 41 23 A KA FE L R R MERE A, 8 4 T A8
PR AR T S 4, (H S-OHEM 3|\ T HUMIE S . B, HEH
o & PE R SRR 7 1

FE—Wr BB, RS I3 BRI 00 A 8k eOdE 407 2k R SR 22 A SIS Tl AN 35 T
R o B FH A 7 1502 RE AR 3 A £ JEE X6 453 2K bR 8508 DA L TR 7, a1 Balanced Cross

Entropy. Lin &2 i T Focal Loss 15 2K bR ZCR AR BRI S AN 3547 17 /. Focal Loss
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SR AN [FTRE AR R0 I AT DAL, A ASE Y B I DGR M A0 R AR, AT 38 e A2 B 7E A
IASTFHIH LT 1973 U2 . SRT, Focal Loss A RE 2 AR AL it B 56 i3 AR L6y
TSN HIREA, JLrha] Be A & B HF AL, AT S A A . R, Liu 5506742
H 7 GHM(Gradient Harmonized Single-Stage Detector) 4 FH B #f &5 17 . GHM
PR TR EE R, B A IR RN R X BB RTIE B FEAS, REAS A AL
(1 B ARG VI e 2 R AL 2R 0] 3 DL 73 RRE A (R VR . Ik Ah, Zhang S8R T
Varifocal loss /£y Focal loss FEHE A . #H% T Focal loss, Varifocal loss i
AR GBI R TR T AR RE BRI TR, DASEI 3 5 ) P i i sl o Li SO
T —M 444 Generalized Focal Loss [1 7712 177123858 51 N1 FAE A € V5t
T, SRIE SRR T B S, %05 I SAE R o A AR AT 2
21, AN H s e il 45 R 1 B .
2.5 KB

AR 0 7 2 TR LRSI (R R D R 5 B B R AT T R . iR T
VR PE 2 ST IR, B HRE RURT L AT . HeAE MR 1 A5 AR 22 0 246 1) L AR A
KIEDIFE, FEVEMVHR T HAEM, BFERE. WLE. BUE R, SE%ZEM
BRI IhAh, SR T R SR R o S 1o R D5 o B S S A4
THETIRE S ST H H AR 7%, B HEP BoRs U J7 A — i Bk 7 v, P&
T B ARR IR PR A BB n IR T AN FA 1 ) R DA R L AR T
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EIFE HEEERES

3.1 BiEEAERNT

5 B 17 H A2 b AE 7 o 57 s R A o AREE AR R EERO AN R, B
HAT 73 gk i CORTRES 2 X A e A o ok i BT 7 i HL 2 A B 3o i et e A ok
JERRA A AR ARURIAY) s i b 128 3 a5 i LU E L R R GO
BLA IR I RRPIRGE . RIS S B s oR i B b, 8 G 2 3 U
1R o TP B HL 38 RS EL R BRI TR /R M PR 58 o 3K P Al 97 2 1o L
2 T E BT R TR AR Ml A 7 R A AR A B e, A v SR T
Zo DIk, Bras i A AR 55 BT XS I 3-1 Fro i) 3M I JEBT BE i Ao 1%
AR 2 MRS, AT TSR A ER. BRSNS TR K
A TR, e RO AT LB R TS e o

K 3-1 3M [y £ 1 B

Fig. 3-1 3M gas mask

3.2 BIREIRIEREG

FEAR AR, Sk I a1 5545 Sk (0 77 11 BLRe TN A 15 26 B 75 1 2l 0 b 2
MUY« SkERFAIA 70 A A T =M SRA AR 2 1 I 75 IR AT =5
M, X =R HE— DA - ERbRRS . 3R 3-1 TR | B AREE R 44K
A& S B 32 W EoR TARERIZRB. AT TR ST, T RE2 A e
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SR AL U RPN AR (1 T RN AR 2R 8] o TR 045 AR 58 25 T 2L B AT TR 1
U, PR B e R LR A 3 AR B . BRI, MR i B 1A% 5
A6, PAX 73 TN T 1A Ry B T o JE I RE Sk 3 v A 75 (il 58 B 2
T2 oK AT 7328, ARG LA 45 SR B At sk TN FRPIR S

R 3-1 B MR A TR S Hid

Table 3-1 The label names and descriptions of the dataset

FFs W24 LI N

1 front_head wear TRERBT #E MR, SkER IR & TR
2 side_head wear fREEET B, Sk & PG
3 front_head_no_wear ARARIRBIT T L, Sk B 10 A AR AL
4 side_head_no_wear AARIRBITFE ML, Sk B 3 SHZ L
5 front_head_wear wrong SR I T H,  SKARIEXS S SRR ML
6 side_head wear wrong IRIBHR T, Sk TR L
7 back_head SRETE X ERARAL

K 3-2 ARZE AL

Fig. 3-2 Visualization of labels
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3.3 BEHIEEE

BB B R — s P B A BTV o L T H R AR ZR AT B
B HEAT — R IR 78 o 03X LA AT, T DA B 42 1) 2 R At A
S, AT BT P2 AL R ) A P e o B8 A M B 22 3oL A5 BRI T 1
BORAFRETERE A ch, DLA 7EE TR AR 2RI 0 3 A AR R B A T B o IXRE A A
375 T AT LA R R FF O » 70 3 G 7 1] et R e 5 s R Ak 3 R
R, BRE T IR . I, ST S B AR s gy i, AT DU s
SR AN RV RS R ARG L, o 75 A 2R B A 4 35 5 %o S 3 5
BEAh, B LR HOE BB B A RO O SR, Y AR SR R . i %)
LA B0 HEAT AR R F8, AT LAAE R 2 BERUIGRREA, TN T VI 2R3t 1
B AL B 00 T PR BB S Bt N EE T, T DA I T AU A R i
2 I UK -

3-3 HR o B LRI SR e

Fig. 3-3 Partial oftline data augmentation presentation
i 3-3 Az, A TAEEH T Cutout. Rotates Flip F1 Shear %5 25284
YEIG 9 VE N BR SR AT 1AL IR AR R 98 A, Cutout Hd 1 5 Uy ik
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2 BEHLEESS FR— B 50, XA B T4 iy B R A8 B A L5 1) B AR a1 g
735 Rotate HsH 9875 2 BEFFRIEHE A I IR, M a6 R e 6 50 4 k) H
PRPIRTE RGO B s Flip B3G5 7 v 2 e A bR i ERE N IR, i
PR e NS 5 4 3t RO R A e A S 1) B AR 0AA s Shear B3 98 5 1 2 BT V)
PRI Bl B, Wi AR e % B S ARUpl HY A A AT e B 7 1) A2
IR

3.4 BIFEELGIHER

A TAEM L) e 7 RE AR, FEREX LR Z A 2 AT WSS ot
DLZE BJRUG BB 4R o -2 J X S BBt SR AT Bt i e, 9 ade Hh s A2 A 225K
IREAS . [ 3-4 JRoR 1 8RR I 5 REEEBORIET 10 M K75,
{@%T%%ﬂlﬂﬂfﬁiﬂﬁtﬁ Jzﬁl%ﬁTiﬁﬂ?*%ﬁj%ﬁ%ﬂﬁﬁf”%ﬁ*Bﬂ“ﬁﬁ f*i‘““

= ERS SN

@34ﬁﬁ%¢%%% YN

Fig. 3-4 Some scene demonstrations in the dataset
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DRI RTER ) M 37 PR A BN A R AR AR MR 3 A 55t A SRR AR A LAY
FEEHRLE - BAh, T HRSE T I TEARE R, A ARSI M E REAR,
MAb B EGRE JEE PR E 5 B R Rl SR REAS, A kb e Bt . 1 3-5 AT
3-6 Jiern TR e A . IX S nI I B ) 2 AR, A B TR A A hE
IS4 SRS PR N 375t AT AR TR 1) B R R A2 AL fE

EEA = i
| —_— b,
- |
2
.

Kl 3-5 MU S A AR

Fig. 3-5 The samples in similar scenes

3-6 #hFEII A A
Fig. 3-6 Supplementary negative sample data
FEXS B R HEAT RN T 2, BRAME T — DML 14 MR, 7998 7KK
BRI . XL Fo e 1 BN H WEITE I, BEMS ST B A3t 7 1 i 254l DA
&R, AT LEAS T 5 31 B[R] 37 5 BOAFAE S5 U, AT B PR TR il B RS HE
N T XS BERFE IS, AT TAEGIC T 10 M55 ) 6084 MEAAE il ShE s
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o HR 4N EEE 1934 5K R S ENABEE R, IR B R
Kbyt HITERE .

N T AR AR b &S S R R S AT REIIAT , A TTAEIR T TR b iR
Bl S BB G s . &) 3-7 IR T AEBCE B o Al S o AR Hh AN R
FRyEBE S AE N . MEH ] DL R W %L 3], “front head wear wrong” Fll
“side_head_wear_wrong™iX P /™ 2 7] 1) b5 13 £ 2 20 0 5080 8 9 )= 0 3R T2 T
3642 F1 1889, it i 4 hixd Hrg B b I FBE s AR, BENS A Roth-F i s
B AR ) IR A B o X0 T B ARk S Y I G52 R ), BN AY
AR = S BUS RN BOEE 2 R REA  2) 1 2, T B b 28 R
KA R . EMIFOLT, AAUAT e 2 i 7] 3 PRI R B 2 2RO H bR, TE2L
RSN E bR ERIA .

B noaug Waug

side_head_wear_wrong 126— 1889

front_head_wear_wrong &85— 3642

side_head_no_wear “ 3908

front_head_no_wear | 5057
side_head_wear ﬂ 3534
front_head_wear _2063 3781

Category

2179
back_head 4834
0 1000 2000 3000 4000 5000 6000
Number

81 3-7 HH 5 o R AKE N
Fig. 3-7 Comparison of the number of samples before and after data augmentation

B 3-8 J i 1 H0308 4 v s A 1) 5 AN G B A R P AR R T DA HE
RZHONFHER) BE 2/ T-300 x 300, FFAERE R BEALMN, RIHHHESE
G KN H AR o X F L AT R 23 AT SR S AN P . B T/ HARTE
UG i TARELDS, IR AP F] e S SO AL T 2 KBRS 5, T2
g —L/NH AR AL, /N BARHIRHIES BED, BT RE 2080 0 1 i X A R
Hh /N B R, TS BRI
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Scatter of bbox W & H

500
1000
400
800
300 1
< 600
T
I
200
400
100 1
200
0 -
0

0 50 100 15(\)Nidt2hOO 250 300 350
] 3-8 FREEAESE 2 4 A
Fig. 3-8 Bboxs width and height distribution
3.5 RNEING
A EE 0T 677 B 1L (L A D B 4R B A OCAE BT T R . 54l T
MEMFEAGEE, BEHIhRe. S5 WA 504 T 8RS bR SR Ig
ShRETT . AN, AR T BRI B L3R U7 1%, B4 Cutout. Rotate.
Shear fll Flip 4%. 5, JEm THIRENLIHE R, AIEEHHRENI .
B4 b %A SR B AR B R B 4R rh it S RSP A

32



730 MNP TR e VAT

% 4 F ET Faster R-CNN HI[5 2 B M E460

A FE LA Faster R-CNN BERUARF A ERE, 6t B #51f0 BAG 3% b AR E 2 R
FERISE R AN A 56 ) EEAT 1 gt . AE VISRt R b, b TR BRI 2 FE 1,
KT Mixup 1 Mosaic Y8 &1 3R 55 . Mixup 55 W38 i X e A EAT LR VE S
{8, A BUHT I & R AR, AR AL RS 2% o) 3 58 3= 5 (10 45His 3 A AR AE %R  Mosaic
TR W 3E 4 22 A AN EUR ) R i IR AE — 2, AR U I & e AS, 1 —2F
WY BAREN Z R E M. 25, N T RZ R, 7E Faster R-CNN
B 5N TR IS . 2R R VB A O I H AR i 2 RUEAE B,
MR i T HERIE 2 R 5 R ORI FE RN G . B JS, N T R ARA 4R
SRS 10 f, CE N SR R T AR B2 IR Sk o SR Rt R R B
126 R LEAE DA IR 73 S B RE AN AT HE R o S SR (S AR Y B8 B Jin 5w LA
SPAHIREA, S MEREA ()

4.1 Faster R-CNN 1= 8ifF 53 K o4

4.1.1 BiEIGIRRRG

AHEFAEIN G BN T Mixup A1 Mosaic I8 A G500 . FARTI =, A5
P PAL 2 I 2 A DL — i RO R 2 0 St SR L 3K R e e 1 i g 72 X Ry e

% REHAZ B B SR 1 5R BE,  DUIK B 5 A R i S s AR
Mixup ] J5E BE 2 4 P9 AN A [ REAS IR S N80 EAT IR & DT AR BT IR VI e
Ao I ZAFEARBATIR G, ZI0ER R TR 2R IR, TR
R BAARE AR 3 AR o XA 0k B 1) T ASE T B — AR ] P i U
WG, SR TR IX 73 B ARRHIEAN S SRR IER R ) « HAG s U & 4-1 Fios.
FERMH AR (4-1D) BIHTEE. AR (4-2) FoRWEAFEAR A B AR
x =Ax; + (1 —Nx; (4-1)
y =i Uy (4-2)
Horboe Fllog F R ZRAE R MR,y By R e AT D6 L 1 BB AR o a2 ]
B Ml KBRS,y WEATE IR R E LA FAER IR . A — IR
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beta(o, B)HIZHL. N T RFNRESFEAR IR, %7248 M BHE 5 H ks
DA B INAUA . Mixup IR A N (4-3) Fros. HrhofIBRIE X E v
1.506) Li;FDLjTE‘E/‘JIEéXi}FijE/‘JTJH\%O

L=2AL;+ (1- ML (4-3)

4-1 Mixup H 3R RUR R

Fig. 4-1 Visualization of the effectiveness of Mixup

Mosaic #&—FhE H AmA il e as |7z L i BaE I 5t 05 7%, e R A R

THIZREE R Z AR . Bl 4-2 J87R 1 Mosaic FIMESRAUR . 12771 J5 2

TR VUM A 5] 1) R DR R, TR R — A 28T IO ZR BUR Y, 3K g 5 77 U R

B H ARG BRI N, B TN B AR, JRRTE TR R S FE .
BEAh, Mosaic BEARIER LA R Z A& MR H ARPARE S SR ZRE1E,

XA BTG R SR B A1 1 ] R

4-2 Mosaic 1450 [ RO B~

Fig. 4-2 Visualization of the Effectiveness of Mosaic
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Mosaic [ISEDUIFRAN R : B2, MUIZREIE & BELIE RV ik % . 485
SRS B HEAT T AR e MG AR e, WBOR . i/ PR R LG 5 S R
o ROk, ADUTKIE b S BT H AN X, R AN DY XA K
Fro s, SEETE 0B o AR RE BEAT AR R LR AR 4, TR $ R BE e
(R ERME T 8 e — AT & R AR TR HE
4.1.2 Faster R-CNN #&#)

Faster R-CNN H =AM l: B T 4% . RPN(Region Proposal Network) /1
ROI Head (Region of Interest Head)!'®!. RPN F1 ROI Head J£ 5 M - W 4% Hh $2HL
FIRFAE R . RPN AR\ BOAFAE B A o X B8, B 5 ROI Head 230 3 26X 2k
HBEATAREE, AT AR [0 53 Fe A

k anchor boxes

l

2k scores

cls layer

!
\ s
\ P s
\ .
[
o .
Y
D -
\ |
\f
\ L
%
& 256-d

4k coordinates

reg layer

Bl 4-3 X B 4%
Fig. 4-3 Region proposal network
i 4-3 P, RPN HAZ O AR R AR oK &8 50T H AR I HEN ), RPN 1Y
BNVET ET MR SRR ] . 8ok, BB 3 E C A EX SRR, I
[Fl D P AMBEIEAE . BEANEBNE DA AR — A 256 4Ef R R &, K& &
BNBIP AR 2, AT 28 R AR AR T o 85 3 BAR SR — Mg I & T i
S R . TERET, KMEIEAER S BN S T S RS T 4
H3E A FIFEARFI RN H AR, RPN FERHEE IR B TS T ARG A F K
e LERORRARE, T TOAS [ RORE MG Mt X 3. BRIk, B i s B 2 [ 93

M ke ANeAE, BEANE S E D% S 2k ORI 4k A AAARA
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ROI Head HI Tl AT iR TN & sy 25 B . R fed, B E
Pt N TP HEATRAESEH, SR RFAE B OB N RPN RAA plidade [X 35
B, B sisk X3k R REAE 3% N ROI Pooling!'®, 45 21 [f] 52 4 & FHRAE 17 &2
B, BRI R ERM A SERE, BT H RS0 B F A AL bR [ 1 .

4.13 HHEEFE

FAIE 4 7 ¥ 4% (Feature Pyramid Network ,FPN) F= @ w7 H ARA I A 1K)
Z R R, EARINF IR o S S R FE R0 T, G ] 5 g X 2% s
BERTE T2 R bR LR . 7GR N2 T T, BURE A
S/ SUE S, EIR AL T R B AR E R Bm RS EZIENER,
EIRMER AL BB . v 7 B RIRE R E S & ERREE S, FPN A
B A ERERAS . B TR T RS S & 1R A Mg B RN E RIS X
FRAEAGL BAE S o 17 VE R R i 1A 22 RUBE H AR il A2 /0 H b s i g

predict

predict

predict

predict

K 4-4 HFAEG T EE P25

Fig. 4-4 Feature pyramid network

FPN 45f Nl 4-4 Fizs o AR ResNetSUMEAE T ML . ©H A%
FUSHE, - MERERETIERER, LA S EREETE . &5
ANB RS R % HE N {C2,C3,C4,C5), FPN (% ic A {P2,P3,P4,P5} . C5 iEit
1x PBERPENE i RS, 765 TR T s, FIA RN EE B L
JEITE XS B, I ERFER T BUN R RHE BUEOR 2 5 50— ZRHE EAR R 1K
/N o KPR 1 SRR S SR R 2B R TR RN AE B Bk HHT PS
FRFEEHI PR C4 MR, 7T DABELHRE X P ANRHE AR NS 21 P4 55, 18
T3 x 3R i A= R

36



24 W N 2T e VAT DS

4.1.4 EEMEBIIZHE

FEVIZREFR T, RPN A4 il K R BENLIBEHE . B T 35 10 5 H AR A2 UG A
i E BN, Xk S ECY S ENER R 2, IR SR AE 5 T S HE 5L
B LA R A, TR SO v i 1) T S T o A AR U TE URE AR AN ST 11 ]
W, AHEFUAE Faster R-CNN B ZRid fE v R 1 AEZE5142 4 5% (Online Hard
Example Mining, OHEM). OHEM @it 34— /N4 ROI Head SR 5 [ X #
A, SRIGFIHIXEEREAYIZR IR 4G ROI Heado OHEM AMYfEME 3 B RS T
WA, IEREIRRNGRRCR . MAh, AT e AL, KRR
&7 INGAERE . Wkl 4-5 iR, ROI head #9 ANHANLZSHHIML . Hh
—> ROl Head MIZHUZIEE 1, T VHEAIHE P BT A G X i o, dE T ik
P — L R A 1 X N R FEAR . 53— ROI Head A2 R IR0, HAAZ
A —~ ROI Head JEHEMI B AFEAS, it U2 T (14120 FHE AR AR RN 73 45 2R

< Class
—
o5 |

C5—
C4—
C3 —
C2—
C1—

Ty
88ox

& 4-5 454 FPN fll OHEM [#] Faster R-CNN 45#4)

Fig. 4-5 The structure of Faster R-CNN with FPN and OHEM

42 KWERS R
4.2.1 SCIRIFIE

AFEFTA K E Ubuntu20.04 RGN FEN L5ER . BEFHAEE: Intel(R)
Core(TM) i9-10940X CPU @3.30GHz, 64G 17, NVIDIA GeForce RTX 3090 GPU,
24G TAF. AFIAEE: Python3.8, Pytorchl.7.1, Cudall.2.
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422 KWEE

AT IR AT T 2 R A BN EME, EL3E 19201080 1330880
A 1024x512. RIS RES, AFTTORM 7 REHUELE TR g, JFiE 13h
BN 0.9 FIRCEIENMLS A 0.0005. VIG5 2B E A 0.001, FHRHZ D
LIRS AT 25 ) R R, AU 980 0.01. HEEH] GPU MEREMI PR,
W T HERE RN 40 T PHAISEAY (G R I R IR SR W BEAEAE IR IR, AR
WAL T COCO Fabrdt it AT 17— KA. XL B FERN ST BULE
AFEEANRT N ORI, FEAG A B E U B AR P AZETER . eAh, SRE6
IERHERY [R5 FEVEREHEAT T 408, BLAE T SRR H RSB B . IR,
I
423 HRESCES

AFE T 19201080 F M AR /NAT 0.1 1) B AS FE B R ELEL Faster R-
CNN AT LRI . £ 4-1 o 1SR4 R . B oG, A RMMER T
ERIEDL R, E#2I1Z5 Faster R-CNN 15 2 (1) 45 R HA AR, mAPy 5.0.05 1N 36.7%.
B R, ABFFXTIMA FPN Al OHEM [] Faster R-CNN (¥4 B R ILEEAT T A
7 Faster R-CNN H1 5] X\ FPN J&, mAPy .95 & fEm § 19.1%, 55T 55.8%.
IXZHH FPN (15 AT 508 H AR S i v R 2 6 &L 7E{8FH OHEM
WML G, mAPy 50053 % T 57.9%. fi¢)a, N Mixup Fl Mosaic ¥ & 58
WER VR AL K IMAP, 5.0.05 R T T 2% AR E , i@id i2 B FPN.OHEM,
Mixup F1 Mosaic ;A FBt, Faster R-CNN 7[5 25 [ ELAG IIAE 55 b (1 A 45 21

TR,
® 4-1 THRDSEL
Table 4-1 Ablation experiment

FPN OHEM  Mixup  Mosaic mAP, 5(%) mAPy 75(%) MAP 5.0.95(%)

55.7 40.7 36.7
v 75.2 67.3 55.8
~ ~ 81.0 70.1 57.9
N N N v 82.6 72.6 59.9
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N 4-6 FrR, BUHJE Faster R-CNN Rl R B AR LF . NI AT UG
H, Bt e AR R RN H AR BRI R BILR, BaBm i et WA il
IRRL R DL o ABSRATISRAFAE TS SR RN AT B R 0 0 ) R, 3K R R A A Y A R
0L N Al BE 2R T 5 DX DRI TR D A A, g1 S Sk I R mh (iR 3R BT
I, SRR M2 g1 R — BRI AR IR IS 0L, 45 RGERI HHE R RAR
oM. BRI, 9 7 ALBRIX LS R, AR AR RS S D KRR AR, IR
RN G IR T .

o =

1 = il &5 . = 5
nt ad_wear|0.98 ront_head wear|0.99 S
5 < = g

ea o_wear|0.97]

o i
E

~ =
e %
- ) -
—

head_wear|0.99 ont_head_no_wear|0.81

= B ) SRS S
= A HIRDE

P 4-6 i3t 5 (1) Faster R-CNN A 5
Fig. 4-6 Detection effect of improved Faster R-CNN
R 42 RoR T &N FAMFAR5, H TR 5 SR8 ) EPERE . K] 4-
7 JRoR T R JE R SRR . SR, SO AE B bR 2y 207 THT R HE
YA . 26 2. 3 F1 4 K F 800708 69.4%. 72.0% 62.6%. 1XEE3E
AETF, 2 B2 TR =42 7 100 2 AR BH TN A 3. [FIR, 56 7
FEAFAE ) L, F AT 88 AN IR I I PETIUN , AAITT FEAIS 1 43 [l SR A0 F, 43 4
Ak, B 3-7 BRI R, ARG SRR RS 6 A1 7 Bmdsb, i Hig g
JEA R KA 2N A FEARRAE, e 3 BUBT A TE 15 70902 21 1% P 28 I RRAE
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* 42 FAFIII F1 734
Table 4-2 The F1 score of each category

Index Category TP FP FN P(%) R(%) F1(%)
1 front_head wear 232 51 71 82.0 76.6 79.2
2 side_head wear 194 104 67 65.1 743 69.4
3 front_head no wear 134 63 41 68.0 76.6 72.0
4 side_head no_ wear 122 116 30 51.3 80.3 62.6
5 back_head 238 24 84 90.8 73.9 81.5
6 front_head_wear wrong 73 18 54 80.2 57.5 67.0
7 side_head wear wrong 46 8 88 85.2 343 48.9

side head wear|0.99

-

r--—‘------
1 side_head no wear|0.59L

e rmEe
alk IHIRIT R 1

(a) BiiEHT (b) Buitt)s
4-7 B RT R 7 RN B
Fig. 4-7 Comparison of classification effect before and after improvement
WXL 4-10 K 42 KB 4-6 B 4-7 PrEBUE S RERE M, WU
- SO AR F g o E A HERA I, SR T AL TS SR e AN 70 R RE T AR AE B .
XA AR OHEM  AECHE 3 55 5 VB 4R THR A2 AL RE 0, (BRI R A7 AE

40



730 MNP TR e VAT

RIS ) NP4 Il REATS AT 43 AR P O G2 o e, RSP AHRI S R RE A
B, IR SRR . AR R R AR A SRR, K 1Y 5 nl
Reox FEUEIMMIFEA Z [BAH IR RS, Sz 2R
4.2.4 fLESLEG

ARWFFEXTLL T Faster R-CNN 5 SSD. YOLOvV3. RetinaNet. YOLOvS Al
Cascade R-CNN Z££45 g7, LK YOLOXPBYAT Dynamic R-CNNUOEE 5 Ak 7l
FIPERE. A T SRR LRI AR AN R A RS R BRI RE 77, ASHIEFER A 1512 X
512. 1024 x 1024411280 x 12804 K if A K/NBEAT Tk, SEiegh Riunsk 4-
3 fe

v/

R 4-3 ANFEREL N (B RLRE REXT b

Table 4-3 Comparison of model accuracy at different scales

mAPy s mAPy 75 MAPg 5.0.95

Input Method Backbone Neck
(%) (%) (%)
SSD VGG16 - 61.2 51.4 42.8
RetinaNet ResNet50 FPN 415 349 275
YOLOv5 CSPDarknet53 PAFPN 433 385 30.5
512 x 512 YOLOX Darknet53 PAFPN 55.7 52.0 40.7
Casecade R-CNN ResNet50 FPN 385 27.1 23.8
Dynamic R-CNN ResNet50 FPN 31.0 24.1 20.1
Our ResNet50 FPN 51.1 46.3 36.6
RetinaNet ResNet50 FPN 67.4 61.9 48.2
YOLOV3 Darknet53 - 56.0 48.4 38.7
YOLOVS5 CSPDarknet53 PAFPN 56.2 52.4 42.0
1024 x 1024 YOLOX Darknet53 PAFPN 71.3 66.3 52.0
Casecade R-CNN ResNet50 FPN 72.6 65.4 52.7
Dynamic R-CNN ResNet50 FPN 71.0 62.8 50.7
Our ResNet50 FPN 75.4 64.9 52.8
RetinaNet ResNet50 FPN 75.4 65.7 534
YOLOV3 Darknet53 - 71.4 63.9 50.3
YOLOVS5 CSPDarknet53 PAFPN 74.0 66.7 54.4
1280 x 1280 YOLOX Darknet53 PAFPN 70.7 67.0 51.5
Casecade R-CNN ResNet50 FPN 77.7 66.3 544
Dynamic R-CNN ResNet50 FPN 75.7 66.4 543
Our ResNet50 FPN 82.1 69.0 56.7
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EB/MNIANR 512 x 51243 % ~, SSD B3 T i ImAPy s 7340, 153 T
61.2%. SRT, T HABREANRT MSCREA R, Tt Kb AT 2 — M
7£1024 x 10248 R NS F, A0 T sk L3RG T B s mAPy s 73 50
IEE] T 76.3%. 1M YOLOX 1EMAP, 75 77 MR B LT, 3578 66.3%. AT, 2
ANK/NIEINE]1280 x 128018 I, Btk Faster R-CNN 7EFTA fabr LI T
HAWBEAS , ORI IEMAP, S HUAS T 82.1%[K143 50, 1EmAP, ;s I3 T 69.0%[1) 5
H, 1EmMAPyg.005 BT 56.7%M10 %, HIABRIAREL, Bk AR 7RG I 5
F ST I B bR 5 TR I T R A i o IR et SRR, G A R
A PR KN R TR H A7 45T YOLOVS. YOLOX #1 Cascade R-CNN
A, sk RS AL LE )y R T RS IDRG BB S AR

B 4-4 N[ B BB IR TR

Table 4-4 Detection effect under different confidence thresholds

# GBI

S

v

Confidence mAP, 5 mAP, 75 mAP;5.0.95
thresholds Model (%) (%) (%)
YOLOv5 74.0 66.7 54.4
Cascade R-CNN 79.7 65.9 56.1
0.1 Dynamic R-CNN 73.8 64.1 535
Faster R-CNN 75.2 67.3 55.8
Our 82.6 76.5 59.9
YOLOv5 73.3 65.8 53.3
Cascade R-CNN 76.5 63.7 54.0
0.2 Dynamic R-CNN 70.8 62.5 517
Faster R-CNN 71.4 63.4 52.9
Our 77.0 68.5 56.6
YOLOv5 70.7 63.0 51.0
Cascade R-CNN 73.9 61.7 524
0.3 Dynamic R-CNN 66.8 59.6 493
Faster R-CNN 68.7 61.5 51.1
Our 75.1 67.1 55.4
YOLOv5 68.4 60.8 493
Cascade R-CNN 70.9 59.5 50.4
0.4 Dynamic R-CNN 62.6 56.9 46.8
Faster R-CNN 67.0 61.0 50.3
Our 73.8 66.2 54.5
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FESEBRERAE T, 85 2 R BB 1 B FE BME RS SRR IIAE , AR BR K& 1)
BRI . SRTAT, ELAE L BUE HY KR] R 2 3 BUR AL IR IR T, AT PG
RFasE e, B, WA S8 B R AR e e, e 2 % H AR 1 ELAE
JEA el m, IF AR @ BAS BB AN, BRI A S, O T St
TR FaE e, AR REEL1920 x 10805 A KG 1A T iZ R AR B
EEIME (0.1, 0.2, 03 F10.4) TFRKMKEEE . PFAlEE Rk 4-4 frox.

T B R B, LN B B BME IR T R BT A AL mAP
SPBUTBE. SR, EAEREMNRE, EBGERER KM S, Skl Faster R-
CNN JEILH TR E . BRokE, HEGEEBRERN 0.1 I, Skl
Faster R-CNN 7E JoU 24 0.5:0.95 B mAP B SAL T AR, M EEFE
BIEIE =R 0.2 B, S Faster R-CNN [FImAP) 50054 56.6%, {1188 E T HAth
1%&%§%EﬁMQQsﬂamimUEmJ%HﬁM%mmm%mman
HMMAP, 51X =ANFEbR BRI U1 TR, (H 5 AR AUHEE, V9985 R . 47
ERTR, SRR R AR e . A ARG 0 5 2 T L A SR

% 4-5 IR RE B ARRIRE FE LU

Table 4-5 Comparison of detection accuracy in object detection at different scales

Model mAP;(%) mAP,,(%) mAP,(%)
Cascade R-CNN 132 51.3 64.8
Dynamic R-CNN 14.3 50.9 63.4
YOLOV3 10.2 45.9 61.6
YOLOVS5 18.9 50.7 62.1
Faster R-CNN 5.8 36.1 51.1
Faster R-CNN + FPN 15.8 51.2 66.8
Faster R-CNN + (FPN, OHEM) 37.0 54.1 67.9
Faster R-CNN + (FPN, OHEM, Aug) 40.3 55.9 70.1

R 4-5 JBoR T NAERBER AL HARRIR RS BE o ARYER 4-5 8 2w, 1E
/N HFRR 7T, Faster R-CNN RSP RE FEAR 5.8%, TERERIK. 4
M5 5INRHE G - B X 2% J5 AR AL AE /N ROBE B IR~ 35K BE SR TH 2 15.8%. 12,
it 5] NFELXEGIIZ 0 E% 5, Faster R-CNN fEmAPA ] T 37.0%. e, 1E5
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NIRRT 5, ok B E /N R H ARSI 7 T FImAPIA S T 40.3%. It
gb, FEFFUR BRI R B BRI T, AR T SO AR RRS B e hT, A EL A
Tt A — S HR T . X WA Xk I R 2 R I ARAS N 77 T LA e Fr e i
LWL, RN R R,
4.3 KRB

fEA R, — AT Faster R-CNN B3 8 FH T 55 28 187 B 0 A 4 5%
ot AT 55 FPAEALE K 2 R BRI AT SR AR 2 15 0L, ASHIE SR T R AF
. JEAEGITEIE . Mixup 1 Mosaic A MBS 7T 0 . A A 21
7 Mixup F1 Mosaic $Clas 832 (0 ELA(E L, R30S0 12 i 2 A4
e BHEENGT RPN B RURFIE & TS MG M, LU R 28 {91 15408 S0
SRJEHEAT T I R S0 IAIE X VA A R, JF B R T B I B S AR
PR RIS SRS 1 o B S SR AT LAY, S P 7 1 R 0 R e A
1% R R IIRE 77, (BT R O S T A FE IR AR E i 1 L, O HLAE—
Bt L R AT B B SR . RS HEAT T X ESE, IFAEAR R T
7T IR, 455 5 o (R B B TR RE P oAb, AR 55000 L T 7640 A
SR RS RS F AR IS 1, 5t R R B B A1/ R T B
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#5553 HEFE YOLOVS BIBs = mE 2 En

REPITEEIET YOLOVS B8, E5xF By 8 i Foks il 78 58 bR Tl R 35
HHAELE R SRR . B SR B = 2 FEPE AN 3 M BB AL 55 il R AT 0. A T
PEFHEA O S 15 S Re 70, Fa R RO S R nEGE SE I 2 R, R TR
T —Fh 2 B BEECHE I 58 S0 . 1% 5E0E LA Mosaicd Fl Mosaic9 NFER, 7ERALIZ
(18N BER FH AN IR B B 3 50 7 7%, AR BRI TR e 5 1 0R
AR T BEEEE, 8N T BIREN 2R MAk, ARTILIRH T ELAN-ESE
BEHL LU 5 YOLOVS M 45 o iZ A5 ELAN 254 53l E: & bl A &
SR LE DR R B A 1 [ I SR I = & IR BE R A R, $ i TR A (R R IE S X e
Jo N T FRRIHA L T 0] B, FEIN R R Varifocal loss 1F 47> 452K R 2L
A0 R BR R B BT TR MERE AR IR I B, PRAR AURE A IR B 2R DTk, X &
Yy B RIFIIE R o X S ok, A RTE SRR Tl seh R I T4
T B R B R R SIS
5.1 YOLOv5 R8I 55 5okt
5.1.1 S ERHIRIE R SRR

N T RFHEEALZ AR S S HERA I, VR FE S S RO E T A K S
SRFF RS SR, A TAEE T3 b Sk MG+ A IR, fAERAREAR
FE P v AN S o v A e A I A ) T i 2 AR R I R I AU
L, Rt 23 M G50 AT SO, Em S 80 SR U 8 T iR s =
AR SRS G B R S R, AN ZRd R g T — g
T Mosaic4 I Mosaic9 12 [ Bt B 4fs 18 5 HEms K5 7 Hdi 42

Nkl 5-1 iz, Mosaic4 8 i 4 DU 5k BUE G — 5K 1007 SE BRI g, 1
Mosaic9 N2 LK EGH A —7K . 5 Mosaic4 AHLL, Mosaic9 ¥ 9 5K 4 fil
ANB|—ANGEEA S, e S aF Rl & AN F] AR A SIS B, AU K T Ik
SERIRURE, IR T REARM Z R, A B TR b7 2 S R [\ 50 T HARIIRE
fiE o ST A AR TR £ (7 25 i B4R, Mosaic9 fEINZR 5l T 2 14
AN, IR EE S IR AL TR ER . WA, GRERTas
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T2 I AR G, R R S [R] I AC B A B S ANR] T B (ALK 5 A AT
A H. o ARG VE RN ZRAE AL A T SR TG NI RE F7, RENS S A 1t LS R
AN 215

front_head_wear_wron

front_head_wear

o Fopside_head wear_wrong
- “side_head wear wrong®

(a) Mosaicd (b) Mosaic9
K 5-1 Mosaic4 5 Mosaic9 £ 355
Fig. 5-1 Mosaic4 and Mosaic9 data augmentation
First pipeline Second pipeline Third pipeline
Load images and loabels

Load images and loabels Load images and loabels

Mosaic4
P=1.0

Random Mosaic4 or_ Mosaic9

P=[0. 5, 0. 5] Letterbox

RandomAffine RandomAffine Random Crop

Random Affine

Albumentations Albumentations

Random HSV Random HSV Random HSV

Random Horizontal Flip Random Horizontal Flip Random Horizontal Flip

K 5-2 2B Bt 1 o SR
Fig. 5-2 Multi-stage data augmentation strategy
SR, A< {4 F Mosaic9 B Mosaic4 T] RE<x SEUAL 2 3] B Z M TURTE
SORFEAT —SE T F /N A ARME B, AT SRR A e IS . D T I AN ], A
TAF A YOLOXPOUR He s 18 o S h A5 25 A, St 1 — b 22 i Bl Fie i ot 55
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W&o Nl 5-2 pros, FERIIRIIZRIT B, 290 16 H Mosaic4. Mosaic9 1 Mixup K
TR A Z R SRR S 2] o TERXAN B, 1560 0.5 IS0 ANtk
(144 S Mosaic9 I Mosaicd #EATHE 3R SR, 38 BE AL 07 5 A0 400 18 5 s 1)
B JEORIER RS . 85, BL 0.1 RIS XZALIR IR AR, Mixup $E 1958
X PG 58 7 T A SR m AR 1 2R, (B A U REAR B B A, K (A
A RE 2 T EUR AL DA, BRI, TEJS2EBT B, {31 Mosaic4 #1 Mixup K 5] ‘G4
RIS HARAR B REIE, XTSRS 5, FRBRL IR0 XERE, R M
MSIOE B2 o a8 R IR I SR B R BEAT O, AR A S A 4h 2 3] H AR IR
RIS
5.1.2 Bt YOLOvS 28!

Y RENT 75 B TR AT L i SR A L o RN A 1), e
A BRI S, AHTHEH —Fh ki) YOLOVS #5718 5-3 VR4JE R T AHEF
PEH PR S5 R

CBS

CBS
K=1,5=1,P=0,
C=middle c

Input Tensor

ConvModule
KS,P,C

DarknetBottleNeck
Add=True/False

BottleNeck Mean([:,*++,2,3]

arknef
Add=True/False

ConvModule
K=1,8=1,P=0

DarknetBottleNeck
Add=True/False

CBS

K=6,8=2,P=2,C=64

Effective SE
C=middle_c*4

L

K=3,5=2,P=1,C=128 CBS

Elan-ESE - G
C=in_channel, o (1!5 _ Add=True/False K=3,5=1,P=1,C
Elan-ESE middle_ratio, K=1,8=1,P=0, C_out, N AddeFalse

middle_c=C*middle_ratio ksl a LIk

Loss obj Loss cls Loss bbox
BCE loss Vari Focal CloU

K= P=0,
C=(5+nc)*3

CBS
K=3,8=2,P=1,C=256

CBS

K=1,5=1,P=0,C=256 Chucat

CBS
K=1,5=1,P=0,
C=(5+no)*3

Loss bbox
CloU

Loss cls
Vari Focal

Loss obj
BCE loss

Clomet K=3,5=2,P=1,C=512

K=1,5=1,P=0,C=512 ot

c3
Add=False,C=1024,
N=3

CBS
K=1,8=1,P=0,
C=(5+n0)*3

Loss obj Loss cls

BCE loss Vari Focal

Backbone Neck Head

5-3 k¥ YOLOVS #5i
Fig. 5-3 The structure of improved YOLOVS model
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ZMOIEIASIN T — /M4 8 ELAN-ESE FIHFTBER, B0 B 31 ELANB2R 2%
5@ I8 = I (Effective SEV') M4 G . @I IXFgE &, (R IERIFR &
IR, JE—P e TR MR E M, FRIGRR . Mok, T R R A
TERIZRAASIE T 1) 85, AWF SR T Varifocal loss* R % BCE loss 1%k B %k -
AR R0 i ik 75 2 ok «

(1) ELAN-ESE ##i5:

ELAN W22 —Fi s 302 A N 45, el 145 B i 5 Kb I 42 R i 2
BRIZ IR, DT A AR BEAS Y SR S R R AR TR Wi S0 FE B2 it 3 A

R A R R R, SO AR RIS SE R T AR LTS B, E i SR TS Y o
fitERe . B 5-4 JB7R T ELAN W8 [R45H, o nb”RFAFHE IR (0 E =, “nc”
AR ARSI B b 5 BB R (AR, “middle ratio”f Q5 N BB 48 R L
“index” R RBGNFIEIR IR T 5 . WK 5-4 FoR, FINKREERSEEH NG
R Fory, B 7 IS BRI 23 (R N B8 — MRME S IR Concat £
Herp, RO RS tH 4 BN Concat 58t. 7F ELAN B, fAMF
AESR UL #2220 IR N B 5 SR RAE SR VA Concat B &5, B
A% H SIS Concat Bk, JEEN—MERPUTEE . HiL
A I, ELAN W& 0] LLE % “nc”.  “nb”F1 “middle_ratio” AJ 4%l X481 FF 5
B T RE, NI RO AT RFIESR L

C*middle_ratio C*middle_ratio*(nb+2)
ConvModule ConvModule |-**
ConvModule [ H ] [ Concat ]—v[ ConvModule ]
Index =1,nc=? C_out = C*middle_ratio
[ ConvModule ]—[ ConvModule ]
C
B —— ELAN Block l
nb=2?nc=? Index =2,nc=? C_out = C*middle_ratio H
middle_ratio l
[ ConvModule ]0[ ConvModule ]
C*middle ratio Index = nb, nc =? C_out = C*middle_ratio

—-‘ ConvModule

P 5-4 ELAN %% [ 25
Fig. 5-4 The structure of ELAN
AWFFLEFT B 7 ELAN Bk, JESIN T IlIE TS L], DA IR AE SEIL 4R
AL R R IR R SRR /). A 5-5 BT, AHEFOR ELAN Herb g5 AUk
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{EFE R B ol DarkNet BottleNeck >, LAt — 53— FHFAEHEELAE /1, FF7E Concat
BB G I T B8 B IR Effective SE, DA 58 f Mg S0 18 o O RRAE S
B EHEFURHESRII T, ARBFUEH T %> DarkNet BottleNeck, %4 DarkNet
BottleNeck #BG& PN &R, Rl“nc=2, nb=2". DarkNet BottleNeck 7E & /Z
I N TSN AR RS, i e A AR T S IR R IA e
FEIETT 1, &l 5-4 Fros, BR 78— ELAN-ESE 2 4h, AR ELAN-
ESE B FH (1“middle ratio”y 0.5, X P THE45 B A CANM N8 18 B R
BB T U2 [F) R I i 420 AT b3, IRl Concat #AEX &A1& IR —A
BAT2CBE RN RIEE o 5 mn@ i onT DAL 2 ) 38 2 (RFE(S B, T
U Y PR AR o NI TE T DA ) BN R 2 FE FAAREAE R el 3 4 mT DA
B 28 B 50 = 5 BOAREAE,  DASR A T 1 4 ) e
SR, I RS TE R ke R . S, B IR A i B AR AT

o, PRONZAHEEEEAS . HR, 2 MEEH TR SBUTRE B H
I, AT BB AL (PR R . 9 T BRI ) R, ASEFSTAE Concat #8455 I T il

T & JIHLH Effective SE 1B, Effective SE f& SEV— M eibiA, "B fEHS
[ 3 8 b 0 S AT ) B AT R R, A BRRAE, R R, HEI
B 48 (1 TR BE /T . 480 Effective SE BEBALFE 5, 4 H AO4FAE B Ks ik N CBS
L, IZASHRI) 32 B R i R I 38 T B0 R A i N R E P SR 4
BN MES, BRLRENS 70 4 P FEE S R, R B A R AR 1 TH BRI
[ 1

CBS CBS
K=1,S=1,P=0, K=1,S=1,P=0,
C=middle c C=middle c

Effective SE DarknetBottleNeck

CBS
K=1,8=1,P=0,C

DarknetBottleNeck
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K=3,5=1,P=0,C
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K,S,P,C
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C=in_channel, Effective SE
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Fig. 5-5 The structure of ELAN-ESE
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(2) Varifocal loss

f£ YOLOVS ™, #RREEE =0 738Bk. AR R R A E
B . 73 IR H AR BAS A 0 K8 I A U R AT B, R
HE RT3 2R WG ToU R AT THRL . BEARUR B AN 22 3K 5-1 Ffras

Lyorovs = Leis + Lyeg + Lop (5-1)

SR, AEZ IR, A FSE RS A Re AR R, T
BERATAT 7 AL —AE AT XI5 5% B B2 017 45 B 22 (K09 T 0 JUAE T AR A
IS B, g R R RIS O TR RIX AN L, ASHIE TS H] Varifocal
loss AU ME AT XM 51 2% BR BOR MR Bt B ISR ANTiT IRl . Varifocal loss )
DERAE T FRENS BN AN [F] H bR 0 B E AL AT AN FRACEE, A R H Arter il
RISIASTHGAIAE 5y FEAS T, AT S 35 3R THA I 45 R 5 & Varifocal loss 45}
2K PR OS5 SR

—q(q 1 +(1—q) log(1 - >0
VFL(p, q)={_6(1x;qv100gg((1p)_p)( q) log (1 —p)) Z: A (5-2)

N, pRANERBTIEREA R, g RaFEAR RIS . AR Ik
FEARET,  qF 7R T SR N B S FUAE 2 [ A AR AR LG o Mai N\ N FURE AR
i, g=0. at—MUESH, HTPEEMERNEE. v S,
FOVFIE AR B0 R iR B HE R . A SURT AN, g HMEBORIN, RS 210 F
ME N IEREAS AR5 R, AT S 20 HE loss (B3R . G, AR T LUTE in oG i3 4k LA
IrRIIES]. Zqy 0 I, fEHIFRHE Focal loss!k 545 R AH o
52 KWHERSE S
5.2.1 LIGIRE

AZFTA LK E Ubuntu20.04 RGN E5ERK. A Intel(R)
Core(TM) i9-10940X CPU @3.30GHz, 64G P77, NVIDIA GeForce RTX 3090 GPU,
24G A, #WAEHAEE: Python3.8, Pytorchl.7.1, Cudall.2.

522 XWEE

AR SLI TR ARG SEINE 5-1 Fis. Hf, MARGNEE N
1280 x 1280, #LXK/ANN 8, MZEWNy 60 #&. AT He4F B LFRINZRRCR,
AW RAEN LR 748808 35°F %) (Exponential Moving Average, EMA)
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BR. BT EAFMRS|, Faster R-CNN &5 MR B Tkl I EMA. 1 R 5
R IR I AT ReAFAE I IR R, AU 7 COCO febrIF#AT 7 — R4
FR Ut o

% 5-1 4GS HRE

Table 5-1 Training parameter settings

24 H
Input image size 1280 x 1280
Batch sizes 8
Epochs 60
Optimizer SGD
Momentum 0.937
Weight decay Se-4
EMA True
MomentumEMA 2e-4

5.2.3 iHRASEL

N T A TEN VR A AN 5] 503t SR xof 977 25 1T B RS ISR FR 52, ASBE 96 T )5 2 1
HHAREAT T — RPNERLSLE, BRI TR 52 d, L6 1 B85 4 4
SRTT T S AP RIVE BRI 2 . /ESEES 1 Y, SRA YOLOvSs 1E gk ifEfs
A, HAGIZE FmAPy s N 85.0%, mAPy 75N 68.4%, MAPys.005 N 56.8%. {E5K
5 2 v, K 2B BBl R 9 T VA S NSRRI SR, FEHERR R PR R4S B T
PIFEFt. fESEE 3 1, ¥ ELAN-ESE Bt A YOLOvSs, FHAEREmAP, sik %
87.8%, MAP, 75153 69.0%, MAPy 5005155 58.6%. BLAl, TR 4 Hitfh T 5l
A Varifocal loss X HRIVERERIFEM . MRS 28 DUAT 7] LU HEARAS T B4R
mAP, s 18Tt 3.2%, X555 3 SR . 48 EATR, ARSCAHI =FInEH
AR T YOLOVS HEBSGET 55 25 T H A B i 02

SN S FSEEG 6 ETHEAL T AN S iR A SR M RE RS2 . £ESEEG 5
B[R R H 2 B B 5 AT ELAN-ESE IR . S5 R EIR, mAPy 50055555 2
—3, YN 58.1%; mAP, s FImAP, ;s = T5256 2. H55L50 3 Lk, HIEEA
FTB&AK . S48 6 FIRTiZH T ELAN-ESE il Varifocal loss. &5 7R, mAPys.0.95
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N 59.8%, FHELSEES 4 32 1 1.1%. FET-5558 4. 5 F0 6 ISR, 7RI EH
Varifocal loss A8 8545 2B B AL (RS 1, 1X 32 B9 28 T I e i SR AR 2 50 AS
P17 7]

B, TESEES 7 Hf, AHF TR AT i AT T A . RS A
SOk, MR RRE R B T T, BT S, HHELRAUELL, ATtk
TEmAP, sT8h5: L3E R T 4.4%, mAP,,518Fs L3ESE T 4.7%, mAPys.0ostabR LR
1 4%, XSG AL RS IR TR VAL = B R T BRI R T A
Rtk

2 52 WL

Table 5-2 Ablation experiment

Index Multi-pipeline ELAN-ESE Varifocal loss mAPy5(%) mAPy75(%) mMAP,s5.0.95(%)

1 85.0 68.4 56.8
2 v 86.5 69.2 58.1
3 \ 87.8 69.0 58.6
4 \ 88.2 68.9 58.7
5 \ \ 86.9 69.3 58.1
6 V V 90.2 70.1 59.8
7 \ \ 89.4 73.1 60.8

A

5-6 DUHE G 1Y YOLOVS A6 i 5

Fig. 5-6 The detection effect of improved YOLOVS
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Kl 5-6 fern T B S YOLOVS A ker il 2k A o 3 it I e Al 225 SR g
WS H, CE G RSB TE S AT 5 TR T B e e M, R H IR A I
1B, RERE SCELUERG 10 8 LRI 7328 . (EFE— S8 a sk h T, BEAURS I B E 2
A P BEAIC.

T VRSB ) 2 W B 1 5 O VA A AR st AR, AR LA
YOLOV5s.YOLOv6s 1 YOLOv7t #RU AT | =X} bu sz, I 54X H] Mosaic4
A1 Mixup WA IGSRIEAT TR, SERREE RN 5-3 fs. S5EMGR G AL,
Z M BIMAEN YOLOvSs M REH A2 T, mAPy s FImAP 5.0.05 77 3T T
1.5% 1 1.3% . X1 YOLOves 52, {fH Z Bl smtimAP, s32 7 1.1 %, ¥
MAPys.005 12Tt 1.4 %o KT YOLOV7t #55, KL M B8 775 mAP,  Fl
MAPy 509577 MHRTE 1.5 %Il 1.4 %o SKEEEREW], 5IXUEH Mosaic4 A1 Mixup
AR, 20 BEEG R TIA R S R A B o IR T BT
[ 22 [y B S Y 5 SR BB 08 A AU A B AR A B S A Y ), AT 2 e
ENE 2 =S

£ 5-3 A FIHAR G AR 7 IR H

Table 5-3 Comparison for different data augmentation methods

Model Augmentation method mAP, 5(%) MAP 5.0.95(%)
YOLOVS5s Mixup&Mosaic 85.0 56.8
YOLOVSs Multi-pipeline 86.5(+1.5) 58.1(+1.3)
YOLOv6s Mixup&Mosaic 86.6 56.6
YOLOv6s Multi-pipeline 87.7(+1.1) 58.0(+1.4)
YOLOvVT7t Mixup&Mosaic 80.9 52.8
YOLOvV7t Multi-pipeline 82.4(+1.5) 54.2(+1.4)

R 5-4 JEIR T SO RT SRR I A SO AP 4, BT AR ALZE 43 2
Ae 1 ERITERE . AR 5-4 MRS SR AT LA E 1, 2800 5. 6 H1 7 HIAP 5.0.951H
BT 50%, X R BRLLERNIX = Fh ISR BRI R AR T o« SR, 7ERH
S S, BRI MRS B T R m . BUATN S, 5 6 BN 7 KIMAP, 5
AR T 7.2%H0 19.3%, APy s.0.0577 AR T 9.6%F1 10.9%, 25 5 ZKHIAP 5
APy 5.005 77 MFE T T 1.1%. PRIk, SLEGEE R 78 70Uk B 1 oGk ) 7 1 AE SR i 2 )
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ANV T R G v R G SR 0 T AT R o (B, AT BB O SO KRS EEATS R
BUR, BIAnSEA] 5 AP, 5.0.05 73 BUE G JE VI T 50%. XA )l e 2t — 25
oS H s R AN 5 1230 AT Bt

22 5-4 BT AR 43 SR FE X

Table 5-4 Comparison of model classification accuracy before and after improvement

APy 5 APy 5:0.95 APy 5 APy 50,95
Index Class

(YOLOV5s,%) (YOLOVSs,%) (Our-s,%) (Our-s,%)
1 back_head 90.7 62.4 90.7 62.8
2 front_head wear 943 66.1 95.1 67.8(+1.7)
3 front_head no_wear 94.1 70.5 93.5 71.7(+1.2)
4 side_head wear 88.6 61.2 92.1(+3.5) 64.0(+2.8)
5 side_head no_wear 65.3 46.9 66.4(+1.1) 48.0(+1.1)
6 front_head wear wrong 89.5 45.6 96.7(+7.2) 55.2(+9.6)
7 side_head wear wrong 72.4 44.9 91.7(+19.3) 55.8(+10.9)

S

v

il .

“side_head: wear: /5,
3 _I f

4 JSId'e head no wear: 48.6|

5-7 53 KRR B AT AT EE
Fig. 5-7 Visual comparison of classification effects
N T IRAUERT 3 7 A R, ARTFEAERE 5-7 PRI T ok A S A
G55 o NGE R a] UG RS2 3, BT H 1007 AT R R4 S8 RE T IR e M
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X BT IR RE S PR IUE S R IEAS B, B AR ISINASTA vl J, AT =
TR RS o Ak, AN g ) AR 5 38 18 SRR A s e B DI PPk, 451 T
VR A RS AR A RN [t A 5 ) SR AR ST IR VR e 8 s D R 3 B
B AT B AT BT B AR, ARSI A5 FE A SR o R i Le B okt N
AR E T 2
5.2.4 XFELSERE

AR O TR S FAR DT AT T . RIS RVE I R R 5-5. Bk,
%7725 RetinaNet. Cascade R-CNN Fl5 4 # 23 [f) Faster R-CNN %5 /515147
THeR. SEEGEE SRR, SOEMTE (57RSF) fEMAP, 500578 b5 L L Faster R-
CNN #2755 | 4.7%, bt Cascade R-CNN $igfm | 2.8%. Fi)5, SU#Eiy ik —L
BT R T IRES, 36 YOLOX. YOLOvV6 Fl YOLOvV7. HFA SCdeist i 7
PR A ST A RS SRS, PRHAN LA T s R “m” RS (AR

# 5-5 BAIMERE UL

Table 5-5 Performance Comparison of Models

Model mAPy5(%) mAPys5.095(%)  Param(M)  GFIOPs FPS Latency(ms)
Faster R-CNN 82.1 56.7 41.1 3223 42.8 234
Cascade R-CNN 88.8 58.0 69.1 350.3 42.8 234
Retinanet 83.7 54.0 36.2 207.0 423 23.6
YOLOXs 86.6 56.1 8.9 533 72.7 13.8
YOLOv6s 87.7 58.0 9.6 49.3 74.6 13.6
YOLOv7t 82.4 55.2 6.0 20.3 100.0 10.0
YOLOvVS5s 86.5 58.1 7.0 31.8 99.1 10.1
Our-s 89.4 60.8 16.4 38.8 93.6 10.7
YOLOXm 88.2 59.5 252 147.0 45.9 21.8
YOLOv6m 87.9 59.2 342 162.0 45.5 22.0
YOLOv5m 88.3 60.9 20.8 96.2 71.5 14.0
Our-m 90.5 61.3 36.9 86.0 80.7 12.4

FE7s” RS BIRE AL R, AR SC T4 A O RE AL 2R AR T 22 B A AR AR . FAAR R
Ui, 2 IoU BRMEN 0.5 B, pdbEA ks RS T 89.4%, AHET YOLOVSs /&
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H 2.9%, FHECT YOLOv6s fith 1.7%. TEMAP, 5095 8 bR by DGR REEY (RS FE 1A
F7 60.8%. M4, 5 YOLOvSs 1 YOLOv6s ML, et IR EMAP, g 0518
b ESETE T 29 2% X T m RSP, 5 YOLOve fl YOLOX AHEL, ik ii
HEMAP, 5.095 5 A 2%H82E T, {H5 YOLOVS #HtL, 1T T 0.4%. 256515
GERRW, ARCHER YOLOVS BB CLH & B m e iR, H— BT
YOLOv5 X By 2 1 A f A e

TESHE T, AHEFCEE 777k AR m T AR, (HEEM A RE N
1280x1280 HIIHHL T, T & I AR RS I 0 X UER] | EIAN-ESE Bt & 1k .
FESRJL T T, ARG ITVER s A ) FPS I83) 1 93.6, "m”fiA [ FPS ik
BT 80.7, I LA AL S A B K .

e 5-6 AN RUEE H F5 o er U HE A 22 0 L

Table 5-6 Comparison of detection accuracy of objects at different scales

Model mAP;(%) mAP, (%) mAP; (%)
Faster R-CNN 40.4 51.7 66.9
YOLOvVS5s 18.9 50.7 62.1
YOLOvV5m 23.6 56.3 71.1
YOLOXs 19.5 50.4 60.3
YOLOXm 242 56.6 66.5
YOLOv6s 11.7 55.9 64.2
YOLOv6m 22.0 58.2 66.4
YOLOv7t 10.4 50.8 59.2
Our-s 17.2 57.3 69.9
Ours-m 19.8 57.7 70.4

F 5-6 XTLb T AU AN [ R H ARG L o o, Faster R-CNN s
MAERKATH 4 HHSUEE. WNREEIRTTLLE H, 2/ H ARy
[fil, Faster R-CNN [JmAP,EF| T 40.3%, W8 & T HAWBEAY . 78 dr R RN R
RS AR AR ZE A R S5 EATR, BAAARHE AU YOLOVS #EAYAE
A P ik vy T HABASERY , (ELEE /N H AR Ry TR AR T H A AT A7 4 — € A
Ao BRIE, BN HARASIN ERIRS B4 e AT ST R R 75 B 55 1T 1A
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5.3 KRB

FEARTH, —Fi3ET YOLOVS [MSGE BRI HER H, IR R Thr 3 mm A
RS IAT %% o EEXT R P AEAE I BT R i T s Ak 2RI AN 187 55 ]
B, KT 2 BRI SRR ELAN-ESE A5 vkt ekt . ook, i
T ZW BRGNS, U T AP B AR sE . B, NMHRT
ELAN-ESE {45 #4) R Varifocal loss. A T S AE ekt ik i ki, Asiksr
TR SEEG, 6T T B 1 A SR 1 RCR DA R S SRR R S AN i 4
RHNEE . SLIGLE R, SOl 7R A B M B 2Re 7, R AL e
SEUFHOE N B e, D REI . SRS, HEAT TR LSRR, 45 L SR SO A
B B RS L, ELRT I T Bt i B R 5K e bAbh, AR b A AR R
SFEG T AN AR B bR T BRI M B, 45 5 SR SOl iR /N H AR BRI PERERAR
X A A SR T B O R 77 T
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Fo=E BEGRE

6.1 TIERLE

A=, 7R 1 R AR — P E SRR O F i, BT 2 R TR
HEAESM. BL. BRERN TIAF = . R, AT TALER
VRIRE, R RESZ MR 2 L O Sy 2 T L, DAL T 5 3880 R T 43 47 A v B S5 TR
T o U 0 R, A g — S ST A TN B B T R AR AR L RS R
2 58 G0 FH B A Sk AN Rk SN ARSI N PR TR AR e, DA TN 75 TR I 17
Bl . R T AR IEF R # 0 AN, RESAIRHER, IRETA
S HIRER, ANIBE R s R A . Ak, R R GE Rt LA 2 AR
T S AR SRR, TN B8 TE NI 28 Hh oA TR 3 1 A R R 2 i AL B
P, DT SE DN 0 1 38 5 22 A o A SR R TR B 5 20 B0 H ARl 7 VR R i
Yo Tl 375 v 87 25 T L (LSRG 00 1) R S AR P A7 1 SR AN B L 22 R
RE ST, WRRBET 1 otk . AR ESER T B AR

(1) AT INGREETIRBE S ST 1) B bRAr PR AL, e & 8 S R 2 . [
b, AR GT T Se AT 7SS R A, IR L) AR TR E AR M TR,
XX LSRRI AT T — BRIV RIAC B, AL FE RS R R IE e, LA RS 46 1
Bmse. R, MIELRRRMFER, Bt 7 —ME B RARE R . 12K %
JE T BRI MBI AVRE, L BRI I O XA B . 25,
18 FZ S o SR A B SR AT ARV, B SR UINZR A AR 1 R ll . ZEARVE 58
HJE, EREIRHAT T Gt o, WIS 7RIS AT e I Bk, a0 B
R RS oA . TR DL RS S AR SS . B, 0 7 SiE B
HESRSRIGRY RS, FF 7B

(2) St k37 5T By 2 1RSI AAAE 1) 22 ROBEAS IR 288 731 AN 143 4 48 ) L
A CLA Faster R-CNN Jydtfiti, #EAT 7 — &5, H2, 7E Faster R-CNN 5]
N T HRRAE 4 EA5E L, AR BB AT O Al S (R R IR B ARRRAE, AT 4 e
T2 REREE 1. Hok, RN R TIELMEIZIH%, ZH LR
4R THE Y Xof HE DA 3 SRR AR I SQVE BE , AT AE — € REBE G2 i 17 2R AN 2o 187 i i
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BEAN, 9 T SRTHRE A I 2 RENE, SR BIZ 1L A /7, 2E I 2R 8 ] Mixup il Mosaic
VR B B R SR o i SO R, X P RS AR B R () 2 R A
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R, ZBBUE ELAN P48 5550 8 1 2 7 B R gs Aok, (R /8 (R F5
BHAMFEN, AEWHREEEEOMERSE, AT 1B R b
HIR, NEMBIRE DR RS R B BRI, 42 T 2 By
BRAENS, JFE G AR P # ] T VariFocal Loss. %[y BEHUHE 1 38 S WG 25 T
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(1) ¥elEEsess: AT 0 S0l 58 1T RE A 76 bR 5 1R B 3545 1) R,
XS BRI RE 2R — R B . RO HE D R RO R R, R
i)y I HORIEVE . R IE 257 2OR I MR s S e 5 R 22, {78
fik 5 5 07 4t AN R0 o 2 51 3045 FR AT A R

(2) SEERA: AR SR T R AE 5 75 1 L R SRS U 2B L AR
(BT 774 — S SR R P £ 0 B SR Al Ak 45 T 1 B 20 PRIARFE 25 ST S
HR, 0 Transformer. DETR 4%, Uik sBH mbi B O MIVE B o (]I BSCHEAS
TR, 200K E AR S B AR s . AT, Ak E AR L v TR
TEISKERIX A, B SRR I B Sk 38 X 3803 N9 KBRS AT 432K

59



24 W N 2T e VAT DS

S22 3Rk

[1] £ BKEE T A AL Bk Tk 5030 F M) SenliEE sk
5 [D]. AR K ,2023.

[2] SR, FF B SE Bt TN 5322 4R M I BRI FE[D]. s /R Al K
*#,2020.

[3] E£/&. MRk B B BEAS U 5 AR BT 7T 5 SEIL[D]. 18 2 Tk K 52,2023,

[4] %W, T2, 5 5T 00l YOLOvVSs FIATRE 4 10 T AL AT AR
WA LR BAIE R 4t 2024:1-15

[5] Lowe D G. Distinctive image features from scale-invariant keypoints[J].
International journal of computer vision, 2004, 60: 91-110.

[6] Dalal N, Triggs B. Histograms of oriented gradients for human detection[C]//2005
IEEE computer society conference on computer vision and pattern recognition
(CVPR'05). Ieee, 2005, 1: 886-893.

[7] Felzenszwalb P F, Girshick R B, McAllester D, et al. Object detection with
discriminatively trained part-based models[J]. IEEE transactions on pattern
analysis and machine intelligence, 2009, 32(9): 1627-1645.

[8] Krizhevsky A, Sutskever I, Hinton G E. Imagenet classification with deep
convolutional neural networks[J]. Advances in neural information processing
systems, 2012, 25.

[9] Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image
recognition[J]. arXiv preprint arXiv:1409.1556, 2014.

[10]Szegedy C, Liu W, Jia Y, et al. Going deeper with convolutions[C]//Proceedings of
the IEEE conference on computer vision and pattern recognition. 2015: 1-9.

[I1]He K, Zhang X, Ren S, et al. Deep residual learning for image
recognition[C]//Proceedings of the IEEE conference on computer vision and
pattern recognition. 2016: 770-778.

[12]Huang G, Liu Z, Van Der Maaten L, et al. Densely connected convolutional
networks[C]//Proceedings of the IEEE conference on computer vision and pattern
recognition. 2017: 4700-4708.

[13]Girshick R, Donahue J, Darrell T, et al. Rich feature hierarchies for accurate object
detection and semantic segmentation[C]//Proceedings of the IEEE conference on
computer vision and pattern recognition. 2014: 580-587.

[14]He K, Zhang X, Ren S, et al. Spatial pyramid pooling in deep convolutional
networks for visual recognition[J]. IEEE transactions on pattern analysis and
machine intelligence, 2015, 37(9): 1904-1916.

[15]Girshick R. Fast r-cnn[C]//Proceedings of the IEEE international conference on
computer vision. 2015: 1440-1448.

[16]Ren S, He K, Girshick R, et al. Faster R-CNN: Towards Real-Time Object
Detection with Region Proposal Networks[J]. IEEE Transactions on Pattern
Analysis & Machine Intelligence, 2017, 39(06): 1137-1149.

[17]He K, Gkioxari G, Dollar P, et al. Mask r-cnn[C]//Proceedings of the IEEE

60



24 W N 2T e VAT DS

international conference on computer vision. 2017: 2961-2969.

[18]Cai Z, Vasconcelos N. Cascade R-CNN: High quality object detection and instance
segmentation[J]. IEEE transactions on pattern analysis and machine intelligence,
2019, 43(5): 1483-1498.

[19]Zhang H, Chang H, Ma B, et al. Dynamic R-CNN: Towards High Quality Object
Detection via Dynamic Training[C]//European Conference on Computer Vision.
2020: 260-275.

[20]Sun P, Zhang R, Jiang Y, et al. Sparse r-cnn: End-to-end object detection with
learnable proposals[C]//Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition. 2021: 14454-14463.

[21]Redmon J, Divvala S, Girshick R, et al. You only look once: Unified, real-time
object detection[C]//Proceedings of the IEEE conference on computer vision and
pattern recognition. 2016: 779-788.

[22]Liu W, Anguelov D, Erhan D, et al. SSD: single shot multibox
detector[C]//European Conference on Computer Vision, 2016, 9905():21-27.

[23]Redmon J, Farhadi A. YOLO9000: better, faster, stronger[C]//Proceedings of the
IEEE conference on computer vision and pattern recognition. 2017: 7263-7271.

[24]Redmon J, Farhadi A. YOLOV3: An incremental improvement[J]. arXiv preprint
arXiv:1804.02767, 2018.

[25]Bochkovskiy A, Wang C Y, Liao H'Y M. YOLOv4: Optimal speed and accuracy of
object detection[J]. arXiv preprint arXiv:2004.10934, 2020.

[26]Wang CY, Liao HY M, Wu Y H, et al. CSPNet: A new backbone that can enhance
learning capability of CNN[C]//Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition workshops. 2020: 390-391.

[271He K, Zhang X, Ren S, et al. Spatial pyramid pooling in deep convolutional
networks for visual recognition[J]. IEEE transactions on pattern analysis and
machine intelligence, 2015, 37(9): 1904-1916.

[28]Lin T Y, Dollar P, Girshick R, et al. Feature pyramid networks for object
detection[C]//Proceedings of the IEEE conference on computer vision and pattern
recognition. 2017: 2117-2125.

[29]Liu S, Qi L, Qin H, et al. Path aggregation network for instance
segmentation[C]//Proceedings of the IEEE conference on computer vision and
pattern recognition. 2018: 8759-8768.

[30]Ge Z, Liu S, Wang F, et al. YOLOX: Exceeding yolo series in 2021[J]. arXiv
preprint arXiv:2107.08430, 2021.

[31]Li C, Li L, Jiang H, et al. YOLOV6: A single-stage object detection framework for
industrial applications[J]. arXiv preprint arXiv:2209.02976, 2022.

[32]Wang C Y, Bochkovskiy A, Liao HY M. YOLOv7: Trainable bag-of-freebies sets
new state-of-the-art for real-time object detectors[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023: 7464-
T475.

[33]Tang X, Du D K, He Z, et al. Pyramidbox: A context-assisted single shot face
detector[C]//Proceedings of the European conference on computer vision (ECCV).
2018: 797-813.

61



24 W N 2T e VAT DS

[34]Qi D, Tan W, Yao Q, et al. YOLOSFace: why reinventing a face
detector[C]//European Conference on Computer Vision. Cham: Springer Nature
Switzerland, 2022: 228-244.

[35]Yu Z, Huang H, Chen W, et al. YOLO-FaceV2: A scale and occlusion aware face
detector[J]. arXiv preprint arXiv:2208.02019 (2022).

[36] £, RIR TRl & 2 RERFAE 5 5 N A I 02 3748 000 5 N L
fi£,2022,35(06):507-515.

[3714% 74, e G, o o 6 55 25 T 2503 Faster RCNN (122 4 I (7l s kar AR 72 [J]. 18
LN F A 9T,2020,37(03):901-905.

[381F 4, L oa M, 2 A5 2k TR B2 2 S I 2 AR Mk 3 5N 2 AR it 7 [9].
[ 22 A P B R ,2021,17(01):175-181.

[39]Li Z, Xie W, Zhang L, et al. Toward efficient safety helmet detection based on
YoloV5 with hierarchical positive sample selection and box density filtering[J].
IEEE Transactions on Instrumentation and Measurement, 2022, 71: 1-14.

[40]#B P BLARERES . odt YOLOvSs Sk i) 22 AR i s I i 7S (1] i L L2
% FH,2023,59(14):176-183.

[41]Mercaldo F, Santone A. Transfer learning for mobile real-time face mask detection
and localization[J]. Journal of the American Medical Informatics Association, 2021,
28(7): 1548-1554.

[42]Sethi S, Kathuria M, Kaushik T. Face mask detection using deep learning: An
approach to reduce risk of Coronavirus spread[J]. Journal of biomedical
informatics, 2021, 120: 103848.

[43] 7B PEER, 2, A SO A5 22 ROBEVE R 7157 > ) Faster R-CNN 12 A e Ao A5
AUV R 28I K #2441 ,2021,56(05):1002-1010.

[441 7%/ Nz ZE PR 03, 38 7 55 B A UL B YOLOVS T SiAar I Sy 0], 18 22
#,2023,44(01):16-25.

[45]Kingma D P, Ba J. Adam: A method for stochastic optimization[J]. arXiv preprint
arXiv:1412.6980, 2014.

[46] Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need[J]. Advances in
neural information processing systems, 2017, 30: 5998-6008.

[47]Nair V, Hinton G E. Rectified linear units improve restricted boltzmann
machines[C]//Proceedings of the 27th international conference on machine
learning (ICML-10). 2010: 807-814.

[48]Elfwing S, Uchibe E, Doya K. Sigmoid-weighted linear units for neural network
function approximation in reinforcement learning[J]. Neural networks, 2018, 107:
3-11.

[49]Simard P Y , Steinkraus D , Platt J C . Best Practices for Convolutional Neural
Networks Applied to Visual Document Analysis[C]// 7th International Conference
on Document Analysis and Recognition (ICDAR 2003), 2-Volume Set, 3-6.

[50]Zhong Z, Zheng L, Kang G, et al. Random erasing data augmentation[C]//
Proceedings of the AAAI conference on artificial intelligence. 2017, 34(07):

13001-13008.

[51]DeVries T, Taylor G W. Improved regularization of convolutional neural networks

with cutout[J]. arXiv preprint arXiv:1708.04552, 2017.
62



24 W N 2T e VAT DS

[52]Zhang H, Cisse M, Dauphin Y N, et al. mixup: Beyond empirical risk
minimization[J]. arXiv preprint arXiv:1710.09412, 2017.

[53]Yun S, Han D, Oh S J, et al. Cutmix: Regularization strategy to train strong
classifiers with localizable features[C]//Proceedings of the IEEE/CVF international
conference on computer vision. 2019: 6023-6032.

[54]1offe S, Szegedy C. Batch normalization: Accelerating deep network training by
reducing internal covariate shift[C]//International conference on machine learning.
PMLR, 2015: 448-456.

[55]Ruder S. An overview of gradient descent optimization algorithms[J]. arXiv
preprint arXiv:1609.04747, 2016.

[56]Zhang Z, He T, Zhang H, et al. Bag of freebies for training object detection neural
networks|[J]. arXiv preprint arXiv:1902.04103, 2019.

[57]Yu J, Jiang Y, Wang Z, et al. Unitbox: An advanced object detection
network[C]//Proceedings of the 24th ACM international conference on Multimedia.
2016: 516-520.

[58]Rezatofighi H, Tsoi N, Gwak J Y, et al. Generalized intersection over union: A
metric and a loss for bounding box regression[C]//Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. 2019: 658-666.

[59]Zheng Z, Wang P, Liu W, et al. Distance-IoU loss: Faster and better learning for
bounding box regression[C]//Proceedings of the AAAI conference on artificial
intelligence. 2020, 34(07): 12993-13000.

[60]Zhang Y F, Ren W, Zhang Z, et al. Focal and efficient IOU loss for accurate
bounding box regression[J]. Neurocomputing, 2022, 506: 146-157.

[61]Everingham M, Eslami S M A, Van Gool L, et al. The pascal visual object classes
challenge: A retrospective[J]. International journal of computer vision, 2015, 111:
98-136.

[62]Lin T Y, Maire M, Belongie S, et al. Microsoft COCO: Common Objects in
Context[J]. Computer Vision—ECCV 2014, 2014, 8693: 740-755.

[63]0ksuz K, Cam B C, Kalkan S, et al. Imbalance problems in object detection: a
review[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2021,
43(10): 3388-3415.

[64]Shrivastava A, Gupta A, Girshick R. Training region-based object detectors with
online hard example mining[C]//Proceedings of the IEEE conference on computer
vision and pattern recognition. 2016: 761-769.

[65]Li M, Zhang Z, Yu H, et al. S-ohem: stratified online hard example mining for
object detection[J]. arXiv:1705.02233, 2017.

[66]Lin T Y, Goyal P, Girshick R, et al. Focal loss for dense object detection
[C]//Proceedings of the IEEE international conference on computer vision.
2017: 2980-2988.

[67]Li B, Liu Y, Wang X. Gradient harmonized single-stage detector[C]//Proceedings
of the AAAI conference on artificial intelligence. 2019, 33(01): 8577-8584.

[68]Zhang H, Wang Y, Dayoub F, et al. Varifocalnet: An iou-aware dense object
detector[C]//Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition. 2021: 8514-8523.

63



24 W N 2T e VAT DS

[69]Li X, Wang W, Wu L, et al. Generalized focal loss: Learning qualified and
distributed bounding boxes for dense object detection[J]. Advances in Neural
Information Processing Systems, 2020, 33: 21002-21012.

[70]Hu J, Shen L, Sun G. Squeeze-and-excitation networks[C]//Proceedings of the
IEEE conference on computer vision and pattern recognition. 2018: 7132-7141.

[71]Lee Y, Park J. Centermask: Real-time anchor-free instance segmentation[C]/
/Proceedings of the IEEE/CVF conference on computer vision and pattern r
ecognition. 2020: 13906-13915.

64



730 MNP TR e VAT

BUEF L EAE R AR

BigFMEE L ROFARILICBF

[1] Wang Bangrong, Wang Jun, Xu Xiaofeng, et al. Gas Mask Wearing Detection
Based on Faster R-CNN[J]. Journal of Ambient Intelligence and Smart

Environments, 2024, 16(01):57 -71.

KuxFEMEAE S SR E
[1] ZBOR KRB AR F B A ETH , T b 22 4 i 0l BB A
1 AL FL 5 B H (KZ32023034).
[2] JETURBEMNZ ML M BREA H AR r RIONER T, 22808 B ARRF 5L & T H
(No. 2108085QF264, 2108085QF268).

65



730 MNP TR e VAT

B i

P, WA AR E RS . RIS by, ot d7ei
TR RS I

B, WERUFRM PIEF HI%. WIRSCHIEEL. JTFHEL seia it 28
M E RE L, 1802 T 1 BB 0 I8 AT A 175 I o 75 305 21 P X\ AT BE 2K

B AL TR O T B 1), 25 T B BRI WAL, LEFRBENE A Hh 7o
i S S

PIEE P F NBA BRI, R4 T 1 RIS E R SCR 2T
R ERAFIE. RTTRBREESRMIEIE, &AM, ERERHAE. B
MEGE, R TS, 47, ST REFIRIEN IR,

BEAh, FEIRB RN AT, AR EAE R P RER OV E . EIXJLERF
AT, BAT R TR HURKINDG, — R AR L, SR A e
JRITH - A BRI ACHRES KAF, TR RS AT, FATARERIFIC R

[l B J LA (R 2 3, SRISCER IR A BOR FIRANGE 77, B EE ) A
Pigs. IXBAPRERARGEMESE . BEMSEA. AARKRKH 78, JoREX
Gk, 5 BB T O AR TG ) & APk . A ARSESS ), ARTTE G
WERIRMERGREST, FSEBLE QAN B AR o i, FHOUREITaERK
KIS RE 45 T JA WIASZRF AT

66



&
u

EZEZs8nyzs.

EIETEREERD

RISTREETIES=
an=

-, "~

o)




	摘 要
	ABSTRACT
	第1章 绪论
	1.1 研究背景及意义
	1.2 国内外研究现状
	1.2.1 目标检测算法研究现状
	1.2.2 相关领域研究现状

	1.3 主要研究内容
	1.4 论文组织架构

	第2章 相关技术与理论基础
	2.1 深度学习理论
	2.2 卷积神经网络
	2.2.1 卷积神经网络结构
	2.2.2 卷积神经网络训练

	2.3 基于深度学习的目标检测算法
	2.3.1 两阶段目标检测算法
	2.3.2  一阶段目标检测算法
	2.3.3 目标检测损失函数
	2.3.4 评价指标

	2.4 类别不均衡
	2.5 本章小结

	第3章 防毒面具数据集
	3.1 防毒面具简介
	3.2 数据集标注策略
	3.3 离线数据增强
	3.4 数据集统计信息
	3.5 本章小结

	第4章 基于Faster R-CNN的防毒面具佩戴检测
	4.1 Faster R-CNN模型研究及改进
	4.1.1 数据增强策略
	4.1.2 Faster R-CNN模型
	4.1.3 特征金字塔
	4.1.4 在线难例挖掘

	4.2 实验结果与分析
	4.2.1 实验环境
	4.2.2 实验设置
	4.2.3 消融实验
	4.2.4 对比实验

	4.3 本章小结

	第5章 基于改进YOLOv5的防毒面具佩戴检测
	5.1 YOLOv5模型研究与改进
	5.1.1 多阶段数据增强策略
	5.1.2 改进YOLOv5模型

	5.2 实验结果与分析
	5.2.1 实验环境
	5.2.2 实验设置
	5.2.3 消融实验
	5.2.4 对比实验

	5.3 本章小结

	第6章 总结与展望
	6.1 工作总结
	6.2 未来展望

	参考文献
	攻读学位期间的成果
	致  谢

