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Abstract

In order to reduce the occurrence of construction site accidents and improve the safety and security
of construction projects, the deep learning-based target detection method for construction workers’
helmet wearing has become an important research field. The method extracts image and video in-
formation in real time by utilizing the surveillance of the construction site and automatically identi-
fies whether the worker is wearing the helmet correctly, which has high accuracy and real-time per-
formance, and can improve the intelligent level of safety management in the construction industry.
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This review aims to comprehensively analyze the current research status of helmet wearing detec-
tion algorithms under deep learning environment in recent years, summarize and generalize the
research results of scholars at home and abroad from the aspects of dataset and evaluation indexes,
two-phase target detection, single-phase target detection, and improvement, respectively, and ana-
lyze the advantages, limitations, and current difficulties of these methods, as well as give suggestions
and outlooks, so as to provide references and suggestions for the subsequent researchers.
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BT 25 THU A TR A% . A SLR B RS [ E I VR S RE i, T AATIEA R R & 5 T
e 98 75 1R 22 4 ARG, W SR R U 2 B i i i, B2 S SEE M sl RE, Sl il
TR =45 2K

FE4 (i T3N3 2 A B 7 30, ARl i N TR B AT 2 SR K DIV AE (1 22 A 1) i, I S B A4
X5 R EAR AT LR B2 1), AH R B LR AN R, eI T KA T, WU 3% LA 7B
BATA X, HHHHMLEX, MWK RZERE.

BEE BRI N 25 (CNN, Convolutional Neural Network) 75 5 2 S ST o pidi & g, 2 a7 N s
T BT IREESE 2 H ARSI 75925, R85 SR AN H A AN 2 S DRt it 3037 1 S Hei 4% 5 8 RE T . 2020
M, BRI [L) N ESCEAN S G 1 1 BEOT B By PRRY B H ARSI AT T 453k, FETRANA 4R 1 a8 F s
f. 2023 4F, RS20 B B H AR I S AL SR AL S AT R, AR VRN IS H ARSI A
FERTREA AT MR, TR EAWGE . M EeSE 3] SGd H PR ISR N IR 72 7 AT T 4538, R MER I
il R R 4 0 2 R BERG DN A5 T T B AR S ) e s R AT S A A . L SR [A)3R T R
T 2 b A BR 2R 5 B 1 T N B AP 75923, PR T S IRER R G0, LA MLIC SR 22 AR B B L.

AT P A3k 2 BRI AT B AT AT RAT “RT 2020 4F 55 2 7 B LR A 7= 22 4 F e il i)od
]R”, 2020 EAAEILR AR 2 A S 689 2, b A ATEILR A 400 2, (HELEEW L, Ptk
FT iy 83 JL[5] 7 e BAVE A ARHT o S AL S0t T 22 A gy, MR 38 22 4= i mT LK 32 P A1
FiE. EER, AN TH 2 AR EAE R R, R AR R AT R O A8 R T K
JEITHE, ARCRIAR A A TR BE A 2T 1) 22 A R RS W B E I gk e, MDA DU HEAT I IR (1) HdEgE
PPN ARbR, /AT G TR AN S H ARSI B SR AN PPN AR AR (2) BB BLH AR BIE,
F BT ik Faster R-CNN %2 4B R SAS I3 17 500 5 R IR YE 0 Hrs (3) FRBA B H ARKS I Sv%, 43 #r edeidk
(1) YOLO FI SSD RFNFILMRAFSIRE; (4) XA LS, &I a0 AR ) ARk R

2. BIBRESITNER
2.1. YR
TEVNRIRIE S ST I, H AR S e, BRI A0 0 M0 L o 0 e
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SR FRIAE BB RS R EERL A 55T, W 70N SRR S0 i R ik 550 I Bl 4k
BTSN, —RSMEH ATFREGEARE NS, DL RO o 4 S50 PR 2

H RITVRSZHIF 70N 52 030 (1 B 4 3= 545 PASCALVOC [6]. MS-COCO [7]F1 Image Net [8], iX#e¥i
BRI LA B br RS A58 21 T PRos b A e, SRTT 24 1 7E 2 A e O A I ATk R = A 5 1) A SRR AR
REWF TN ARG LR 5oR UG HUE, FARE @R, thand@ sl T, e R ss
PEAS I 2 A B 3 5, R 2 SO I 258 BRI M I 37 s 2 IR AR 0 37 41 5 55 i A7 SR
E/TE

e 1 fow, A8 H AT E AR U T, I B R RIS R R sE ], sz SR schi
HbrRrBE 4R, I HAE 22 2Bl 7 w7k = AL HHE 5L, ALK SRR 58N R AR SERR 17 5 (1 BR
B ATARE . FEFERE /N BAREEE A G bRvE bR AR, B AR 2 BN, I KA
N BARER R A TS 2R, BRI 2R 70N 3R] DLE RS . FRidi/s B bR R EOE AR L.

Table 1. Commonly used target detection datasets

*= 1 BB RS

Vel S RATEEA i TR W&
Caltech101 [9] 2004 9145 101 NI
ImageNet [8] 2009 14,000,000 21,841 AFF

PASCAL VOC 2007 [6] 2010 9963 20 NI
MS-COCO [7] 2014 328,000 91 A
PASCAL VOC 2012 [6] 2015 11,540 20 ATT
TT100K [10] 2016 100,000 128 NI
VEDAI [11] 2016 1200 9 AT

2.2. VHfrigkR

bR T B AN, TN TRAS AR E B, H PSR AR R . S gf . HERR. A
]2 P IAPRE A 28 AN B0 0 2R Y S VPAN T A i AT 23 BT DA b BA [R] P SRV ABE 2

1) AIESE (Frames per second, FPS): FKynfRAb AT LAACER R £,  FH T VPA B A0 I Al 2

FPS B iy SN VBT
2) %3 (Intersection over Union, IOU): Tl HE 5 S BRI HE (122 S A1 42 (1) LU AH .
_ANB,
Kw&,m_&usy @)
P AR TRIGAAE, By & SEBRiAE, 10U 4bT 0~1 Z A,
3) K (Precision, P): 27 IE REACHL I 5 S A8V 1949 TERE A 22 .
TP
kT @
Ao TP 2 T IE#f B IEFE SR, FP A2 SRR AR R0 R TE R AR 20
4) HFZE(Recall, R): Fn7r REHEITH IEAEAR S K R A AE
TP
RPN )
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T PN 2 IEREA TR B AR AR B
5) P25 % (Average precision, AP): N[EH B R PR RS B, 38 5 DA i€ 200 1 77 kAT o1
filie FoRF72 PR R P B B TIAR, 1M PR il 22 DU IS ZY (¥ 13 [l e R br i, A % N AL bl
BT o
AP = ['P(t)dt 4)

APt ZAEAFE IOU PRI AR, Bi%St=0.7K, JHI10U>07 A< NEIERA.
6) “F-IJUERIZ 1 (mean Average Precision, mAP): FonZMNEHIHT-15 AP {f, AT a7 25285
B T PRSI R

N
AP
MAP = 2o AP (5)

X N RS EE .
3. PR B B AReei

P

AL 2 X 2% |
VGG-16

LN

Figure 1. Faster R-CNN algorithm network structure diagram
[# 1. Faster R-CNN B EM 454510

H bRk S 0 B R4 2 5th T BRI B AR#EAT @ An . 4r8AbRid, ZEXT B AREAT B0 i 12
i, BRI R RS 2R [12] . T BL H ARl (Two-Stage) HFR gk 73 5 1) H bRl 500,
HEGTR— A XA, B — D ATREE A AR IR B TRIEAE , P I8 I R 22 I 45 AT FE A 4 0T 5
T OERFESEE, R X 38 A4 U(RP, Region Proposal), #5570 J8LEALENH . WHI AR R-CNN #741,
111 Fast R-CNN [13]. Faster R-CNN [14]LA /2 R-FCN [15]4%.

3.1. R-CNN

R-CNN Ey— ik T X3 CNN #RINES 8 003 B4F U T LORE AR IR T 55 B A v 3k 1 X 38
PRI, AR ER SR BCR T S AR SR, IR B AR I ik i s MR I L L [16] . %77
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FAIEVUANER Gy B MR AR DX 55— AR X Ak XS FH R J3E R 8 SR BURF A 5
5 =AU AR IEIA N — 2RI SVM 702K 8%, HIWHE )R Ti%8, B S B8, DLAERS Hh Fi
JAFHE . I X IR, A FIAG AR W 2 25 DXAsRA B 4096 IMRFIEIR B, 5 RE 3] 4% X 4 I
I AN R R EE ), SR A% X URFIE RS — 2. %7 CNN B AR 3E D 227 x 227 B %,
S MR 57— WA R RS B SR L, R R o 35— B e SR R XIS RS T i [X
AL FAE P RIPA B R, TR IR B 5 Lo, R AT BT K 227 x 227 133K [17] [18].

3.2. B Faster R-CNN By = 2 IE M AN E %

Faster R-CNN B3k I W 26 54 e = /0 A FRAESRAUM 2% . RPN WL A1 73 2K A A1 2%, 4]
1 fizx. Simonyan ZE[19]4 HiAf IR FEFR UM 28 VGG-16 $EL G0 N (ORI, I F —Fh B /N3 x
) B ARUE AR I ZEA , PR FEAS W G0 () WX 28 54T 1 T VPl H A3 TP B B A I 3k oot i %
172 Faster R-CNN %3, BAKRIPAZ- AN TiTH : FHAERLG B, ROI flfb i3 (Pooling, ROI). [XHf2
Y [ 2% (Region Proposal Network, RPN) A # A AR #1011 5 £ (Non-Maximum Suppression, NMS), A4t %t

2 AW MBS I S0 A R R A HEAT 2R3 B 7T, WL 2.

Table 2. Improved Faster R-CNN algorithm
5% 2. Bu# Faster R-CNN &%

6% ik e R SR

4 1 S U5 B P I

SR R ARSI e ﬁ;ﬂﬁﬁ& HEI PASCAL VOC
Hu20]  EABEA, IR Z RS ﬁﬁﬁ’;é% i J“E_Ji_ oo 2007 MO AE /I

TR 771, BA kAR ' EWQ%%E‘ EETE

[ AE 2 (R AE SR PTREE

K ResNet101 5 FPNAHRE S o oo s g £ 5000 5Kk [ 7 L
RRERL NS ERN, ERE R iﬁﬂﬁ%*ﬁﬁg KR 5 A 0 24

A ' e

S 2 R 911 600 B ENCIT N

HORSMERG RN AR RS R R T VAR BRI
BEMR2) BB SABLLES % ORSIGENTE Db, 00 B

BE S S O E 2 R R A T e R o A ki

i %

JBIEXT RPN X 2% ) e g fidd v

(RPN 1% 92 e

Son R O R TRt U S AU 1R
Bigtepy L ODCAHEVNRIONEL ) e ke MERRE, B 4RI VOC2007 Ml

AJ Rol Align WWALTEEE oo passmimrs woRmikiE 4%

% 714 Rol Pooling ik TRLERAEE PRIR S

s R 5 B {1522

TR ERT T NAERRA

o chenppey RIT KemeanssSIETR 8.9, AAGEN [0, EREA b B e
' A CNT] e B AR ER T IR, L R

e, RN RERR 2 A

eI %

4. BB BRER

LR B H AR I (One-Stage) AR 92k T [0 A ) ARG N 523%, AT EAAREBHE, B> EVRK
LRI B AR RAR, 38 o B A I B A] BT B B £ A I 45 2R [25], S84 ) 53579 YOLO (You Only
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Look Once) % %1431 SSD (Single Shot Multi Box Detector) 5%, HAT S5 FE /e SetS b TR, AT 7024
IEALE I

4.1. YOLO BRIk

YOLO [26]/27E Faster R-CNN 5 £/ H i) BB B H A daril], 3= i i $5 A5 Sk A 4 IR 3R AT St A Ul
YOLO farill & —/NEA A R, 4 50— (1 2248 B4 NN B G B BURFAE , BRItk e m DA 32 S HE AR 255

YOLOVL 5k A2 38 i K MR RN 43 s B S B B A AN, — A I s 00 470 A4 1 300 S ATE B MR
4 H R IR A O mUEE IR AT, 12 35 mT AT P 4k ) 7 B AR A [27] . B4R YOLOVL (ke i sk i
AR, ERA B AR

Redmon %§[28]5] A YOLOv2 ik, HMZL5HZ 8 SSD Ml YOLO &ik. B VGG-16 &#ih [
DarkNet19 1 ARFAEFREUN 45, FHRH T 2 H bR 73 2SRRI I 254505, ATKS Rl ARSI A 4 R A 24 7 2
THT R 5 IR [29]4F 2 A R AG I 78 7 L YOLOV2 H AR J5 2o hFEml, o 4 45 Mk AT T 24
ik, FIH MobileNet H %2 50 W0 25 25 K0T W) 28 EAT IR 48, TSR )oK/ INGi R SRR K a0 2 —, 36
TR T M .

YOLOV3 [30] T3 B bR o Kt 22 v BN T 24 R0 bk 00 AT P B A0 o R A A I IR 4% 795 46
7 DarkNet53, ¥ %0f#H 1 Logistic BUX T Softmax, FH R T =457 3K AN 5 B (193 %2 .

T R SGE, BEAR YOLOV3 Sk Mk kS i 5 Faster R-CNN BLEFEAFE P, (HAMHE & SSD
S0 Faster R-CNN ki {52 [31].

YOLOV4 [32]5H¥E1E YOLOV3 SHykmEft Eol N T 2R, 41 Mosaic #45%. cmBN Fll SAT
HIXPLIIZR. CSPDarknet53 M5 4544 . Mish 0% i 20 F1 Dropblock 4$[33]. B4k, YOLOV4 i35 N1
SPP BLHUFI FPN + PAN €544, KA CIOU 1E il FAETRIN /7%, LAE— D3 s RS B Ad B . 25 |,
YOLOv4 5% H YOLOV3 5k, 78 SEfm b A B A 35

YOLOV5 /24T Pytorch HEAL I8 S 40 H bRkl 53, {8 FVR E 257 ST RIS AR b 22 ) 4% S B AS I 44k
WU A BRI 2 AW 8, 22 4E . Ay MIPi3 AR[34]. YOLOVS BIATE & FP-F & IR AL E
i ARE R, 2400 TR e RGERPLEE A& BT 5 A E RIS

4.2. Bt YOLO RFIrY %= S hE{m N %

2 AR RIS /s F ARSI ) ZOR By, IR ZEEAT IRk, D 1 36 SRS R AR 003k P A S A v
K1/ B AR R RE 3, RERS SE 4 MR T T 2 B A AL 55, VR 2 WE TN B30 YOLO RAISHIEREAT 1
ik, WA 3.

Table 3. Improvement of YOLO series algorithm

5% 3. Bu# YOLO RFIE X
= Hik 5k 3 JRIBR

UG oA DAL SR g g o g
MR, B R iRy T Faster R-CNN

B IR 0 5
i 2K £ 2 1105
R I A
iEdE

EFF[35] ik YOLOV3

P R4 BN i RSSE REER i
Song [36] ot YOLOV3  fERHL, FIH Reset #4646
i) CBL bk

M PR AN
A H AR A I
HORAVE
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£

; , T U5 VA 1 7 Bk
va SIER 3 AMRRE RS R L TR
LR T 128x128 FEAE L, M JEmis 91.17%, A1 EARTE S Tk

G R YOLOW AN 8 fy FRkeoy LRI AL BRI S
4 EFRRE, NIRRT T 2.96%, Kl AR, Kl
SR, ik AR

TH %/ EERRHE el

VLI T B T 2 K

AR s PR R (R,
\ ‘ SRR RGN H R R b S T A
A3 B YOLOVS oy g ey -, St IR AT AL T AR 5 0 22 2 1R 1, 3

. HOV BT A LR T )

552 M7 0 IR AT B Ak B

4.3. MUt SSD Eik

YOLO FEAERIN S I rbod BRSO, (EAERTIIRE B B AL, itk SSD [39] %42 & 14 . SSD
FIL5INT Multi-reference F1 Multi-resolution AR, AN [F] - LARG G I 5075 HUAE WX 4% (1) Bl J2 43 Sk AT
K, SSD HEWE T 23, RAIIAE R BER) HAR[40]. 8id XS AR KIS0, SSD iz 2 R
& E ARSI BCR, FEAE /N HARES 7T, tb YOLOVL FIRBLE {1 57

SSD 5% ER —Bir BOks EUS R AESR UG 2R K, FHEI N VGG16 %% 5 0 HIAESS 4. 7. 8. 9. 10,
11 ANERZE SE R RHE R, @l FRFEEATHHE, 19312 REERFIE KL 55 0 BOAE /A [|] 1 30 i
Hovt 2 ROBERHE EIEEAT T, B 4810 FAEAL B ) R SHO 2K S48 B =B, %I H bR B 5 AR
IBATHEF, SR AR AR I S IR [41] . SSD YA 5 31 B ARSI Sk 45 M i B 2 o .

Convl - —-»= Conv5

VGG-16 Extra Feature Layers
[

————— =~ Classifer: Conv: 3 x 3 x (4 x (Classes + 4))
AN . - <
\ N x Classificr: Conv: 3 x 3 x (6 x (Classcs + 4))

|

|
| T ‘ g
S Z
I | Classificr: Conv: 3 x 3 x (6 x (Classcs + 4)) < s
| | 5 g
2 I [ a 2
% Image | | © g
‘ Conv4_3 21—\ 2
I - | feo fc7 Conv: 33x(6x(Classestd) | £ v
| l Conv g =
| | R ;:
L | .

AN | “ony8
N
N |
300x300%3 38x38%512 19x19x1024  19x19x1024  10x10x512  5x5%256  3x3x256 1x1%256

Figure 2. SSD algorithm network structure diagram
[ 2. SSD BIEM L EHE

5 B&ERE

FERPES I MHES T, BRI EOR Caf 7RO SRR USRI s I BIse b TRE, JFERE
BT ISHAT TARK R HERE, v 22 S i A I TR 0 T R RORS B A — e BRI AR 4 LA
FI A7 72 1R i BB B AR SR B BT R ORI AR TT 1), BERIE RN 2%

5.1. BRIFFHER R
1) BAeEEAE AN BN B hREE BAR BRI T, AR ERK, XS 8 H R R e
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2) HUETEAFAEEZACI R, H A S5 AE A B H AR ORI BE A B2 R 0L, AR+
MERE RN AR, EHZITN, SFBUCMERAUER .

3) fERLEL R, BUREN HARIER A AT, SO IREA SRR, R T B R R R
Bz,

4) RPEEE SRR FE T B8 2 o1 BB AR IRFAE, (B0 T RSB UM RER N SR L, Hiz
RS R T H AR RS S RO B, 55 S BRI A R ARE -

AR ZAERE B AR ISR R PR, BTN 53R EAWTCHE A A 5%, DLBE e F AR Asr Il (s
. EREIEAE L.

5.2. RE

1) Dy T [ A6 AL e D00 JBE 55 K 1 B2 1) 22 A R MR A, F 7 3 T DA ol i i A o 2] SR A
B, RRRFES SIS 2 G o R 2 A e I Sk I #6023l 1 S B A vk BRI 2, R R 1 H AR
MHART UGN BRA S 21 T7 ik, AERIERENE B G N B 2 MO 5, 5 vy 22 xRl o e

2) T SEBLEAER 12 AR R IR A, ARSI H ARSI HOR T BLASE & 2 R s B BLUE, I ER
CLAMR LA, DAY i 22 WA R HE R PR A S it . Sl Bl e 2S5 2, AT DS AP RO S 0 52
T AR A 55 7] AL

3) X HATBRRITE DL S, AT i LR S RS4RI RS
AACSFE DL, SR AR R IZ A RE A E R E, (AR S B B P B AT S .

4) FESZBRRII Y, 22 AR I 5 2L B A S PEAIR D AB R i, ARSR I H AR P BAR 75 AR B
AERPE R I, BE— DO SR, DA AL SN N P AR D FE I K

=
PR B il -t AR A o Rl H (YKICX2220707) .
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