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ABSTRACT

In Korea, the construction industry has been known to have the highest risk of safety accidents compared to other industries. Therefore,
in order to improve safety in the construction industry, several researches have been carried out from the past. This study aims at
improving safety of labors in construction site by constructing an effective automatic safety helmet detection system using object
detection algorithm based on image data of construction field. Deep learning was conducted using Region-based Fully Convolutional
Network (R-FCN) which is one of the object detection algorithms based on Convolutional Neural Network (CNN) with Transfer
Learning technique. Learning was conducted with 1089 images including human and safety helmet collected from ImageNet and the
mean Average Precision (mAP) of the human and the safety helmet was measured as 0.86 and 0.83, respectively.
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1.1 &5 v

AdQQelx] d=sAEe] AFE ) =Eo] sl
Bt ARl B FRERA 2 AAAA] gL k. o=
Qle Far 2R AL A EAskaL glow T = viid
S7FIAL ATh(You et al, 2017). =] 2F3Ajs] A 3t B 3A]
o oJshd ‘HeTt 2E e 9 e B A Bk
Q1] 133 %0 2915 XA Zdal] F91E AlaL AR dks
B W48.4 %), BE5(26.9 %), T A1A 5-2)(13.4 %)
o0 2 Eotor A3 ERE 2 N(ERE) U 383l
458 %z 713 Wel ABHltk QKR 5 A1) B Al
ZR831RA] oko H9-o] obAAaL HHYEL 88.9 %=, 79 HE
FTE A wie] AL TAYER] 111 %K) uft =7
FE =K Occupational Safety and Health Research Institute,
2016). EePH, A B Gl Zkg8h= 1k
O RT 73] dp 7hsst AR wel WSkl glont i ieE
229 FAEAFO E QlE| FHAKALR o]ofR|& Aot} 1z
@A e AN AP A= AES] ¢t
AR 2 RS A&A 0 7 FABh= Sl JlE A8tk ol
WAIE ] SJte] ddel AA|Eolgl= CCTVE 22 7]
2} AAoA 253 G vlolHE Ve 8 HHd dalelss
Agate] A =TAEY SKIRE AFso 2 BRlehe WS Al
QFskarzt g,

e} =k=1

U=

1.2 il G4

QBB gk ©AE o QIO R GshE WS on| B¢
ZTE] vl ool AE2R1 37 HRlom, sl S
7Rk 2 7AISRE S o] Ashs AW A7 JIPHA:

Wen et al.(2003)& Hough ¥H3k(Illingworth and Kittler,
1988)5 7IHko 2 sijx] s} F(Circle Arc) B4 WHS AT
WL 718k o mnt SRS ARSI E AL
w7l QPR R 2 Q12 ghee] vk = o)l SRS
sdstr] $18) 71AIskE dalelss A8sle] HEES =ol=
o7 77 =Yt Silva et al.(2013)= Histogram of
Oriented Gradients (HOGs)¢} Circular Hough Transform (Yuen
et al, 1990) ARgl 5SS FE8L 549 SAS 71ASks
A12]52] Support Vector Machine (SVM)& o834 573
T} Rubaiyat et al(2016)= o]2igt g0l kdRLe] Ak QIA8k=
HAE F718l AEES =300k ST HOGSE SVME o83+
DA TR R ks S & A, ekl AR

108 ol e AARE BAolE A3k ghal(Memarzadeh

Sk of
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et al, 2013) Z=5A}E0] HOGS| 57 ¥lEsol 9] o= 55
FobH T Ao R AR o EARS BITk(Fang
et al., 2018).

2 B4 ©81] EolObject Detection)dl M= 7|&2] dalel=
¥} vlarsle] ARl A% XolE Hol= Add(Neural Network,
NN)S 7|9he 2 2415 'A] 9 75 k= o] tiryaL
T)(Vishnu et al., 2017). 1 FolX= 3|21 (Convolutional
Neural Network, CNN)<- ¢]83F Ex&#] datg&
based Convolutional Neural Network (R-CNN)& AJZto.2
(Girshick et al., 2014), o8] AT1ES Sl 2291
o]Fo]R|1L 2t} R-CNN-2 =7 Selective Search (Uijlings et
al., 2013)E AF&3k= A9 AleHRegion proposal)®} CNN-&
olg WRE AR 214 il g,

S Region-

o]

2] == n

ok
Jm

fe] = =X
SPAJE R-CNN B3 32 )it 588 978k A 7HRRg
Pt ¢4k S5 E o]F Fast R-CNN (Girshick, 2015), Faster

R-CNN (Ren et al., 2015), R-FCN (Dai et al., 2016), SSD
(Liu et al., 2016), YOLO (Redmon et al., 2016)2} 72 2AE
drg|FEo] ASkEaL, Aok A ©x] 7k daEES
QRR 2o Ag3h= A7} thdsAl X8t 9k Fang
et al.(2018)= Faster R-CNN& AF&3}lo] ¢EARE
W= Al BRI ST S5y vlolEl = 1hde 1A T
tojElol FE3t 108 o) W= T mgAfe] S AN
ufol] AAA o2 oljgh o] dlole] FrIt ofte 47t L
Shgoll o@ Agte] At #Algol Stk

e ool tlolElE AMSSle] B840 R BA ¥R daelss
S5ab7] $El mle Sl dalelss E83he Transfer Learning
71e] ofe] B §A] rolx] ZI=ck Mistry et al(2017)=
vz} g5E YOLOS] 7H&&2] YOLO2 (Redmon and Farhadi,
2017)E ol-&sl QEnte] Hate] Ml 2 o5 HAsh=
A|ZES F351903L Kim et al.(2017) 18] 815¥ R-FCNS
AMgSiA PRI ES BRjsle] PSS S8Ho s Heshe
WS AABICE AR Blss vlofel= A7t oF 4%, 33 o=
Sheroll ot e FS FrIHeR AL

SRS 22| ol

1.3 &7 =25
o] sir-ee] Held 7INke] EA) B darelgow EE

oM RS WRJsh=s o] B Sle SIS, o7t
A =il 994 41K 5L HOGSF SVM 7[Rk ¢35 Bl 7]<z0]
7R AR} Bl A B e INke] SR)o} dheE I
3 7l AR s w2 el Held 7k
A g1 darEls 5 SRl R-FONS ARgslo] 11487 ule]
RIS HAshe 7] &85 Alteaat gt 53] A2
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R-FCN-& Transfer learning 7|HS 53f ARg-3}e]
= WS Aot} R-FCNY 2]} Transfer

1. oHeE

learning7 |}l thalj = 2hzh 2,175} 2,270l 4] 2pAs] st

2.1 Region-based Fully Convolutional Network

Ao AtlAE BAl ©A garelso 2Faster R-CNN37
YOLO2E ARgsto] QFARES "RBIGAINE & 7okt theat
22 o= RFCNE& ARSIt 7141 Faster R-CNN ¢are]
29 Faster R-CNN+++¢] 7%, PASCAL VOC H|2<E Glo]E|Al
< 71 2 mAP7| 83.8 %22 82.0 %21 R-FCNH T} A8 =
1.8 %= =ARE ow|7] & 24| QA Faster R-CNN+++&
336%0]3l R-FCNE 0.17%% VERdt(Dai et al., 2016). A=
1.8 %&] &S HsiA QAR &=7} oF 208 = Faster R-
CNN++5 2= 22 58207 dtjal dhkeit). YOLO29)
7%, A2 COCOUOIEINS A18% s 24 Are Ay
YOLO2E Tt} R-FCNo| Aeo] © =7 H7F=E Uk Dai et al.,
2016; Redmon and Farhadi, 2017). S¥HA|Z YOLO2¢] A%,

L
fu

PR
R

-8 E
S5l AR 3 ol s dme] wt o] EeElAle
743kS- 1 eItiRedmon and Farhadi, 2017). wba ©f ekgzle]

g Hole ZarE]Es] R-FCNS AMgskaith
71E2] R-CNN Alge] &4 &4 datelse 27k W2

Zlego] Hrt. of2jdt 2714 WA ] 7P 2 e vk
=2 ARFFSE a7tk Aotk 11 ol IeAlolA AlRke=

T 279 dPd A el thete] WEA 0 = Alto] s wiito]
th R-FCNejxti= of2fgh A1 sl dah] SIsiA A 973 Ul
RE AXRS F-53F= Fully Convolutional Operation ¥-2}-&
289871 o]& 93] Position-Sensitive Score Mapo|gl= 73S
AAZTE o]#3 WM3lE F34] R-FCNL& 7]&2] R-CNNXE.T}
SIEETE A ) mEEA g el ohe XY 7))
2] gke ANE HJriDai et al., 2016).

2.1.1 Region Proposal Network

R-FCNell)d R-CNN=} o] il 21bAle] E4) |4 Ak
= ARERITE 5 A A A FE A SE ARk wAlld
Region Proposal Network (RPN) (Ren et al., 2015)5 A}8-31t)
oJuf RPNoJ|X] ARE-5)= Feature 52 R-FCNe] W91 o=
T2 Weight Layere] ¢4lo] 87|80 2 FolE7 vk
o]&A Aekd BAledY(Region of Interest, Rol)S& R-FCN9]
Rl oA =4 = wjde R ER7F dckFig. 1.

2.1.2 ResNets

R-FCN¢] 7] &= CNN 7-%+= ResNetso]t}. ResNets2]
7P & 5L 345 9 AAE 5] S =
18 X)7)3(Skip Connection) 3)4=<] Azl Tlgt the- &35t
4= Relu (Maas et al., 2013)2 Z&A)Zth= olt). o] & <l
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Fig. 1. Architecture of R-FCN

Vol.39 No.3 June 2019 401



R-FCNZ} Transfer Learning 7|}H-Z o83t JA7|HE A4 o™ A5 B4

(Gradient Vanishing Problem)& 3143 < SA ¥lo] w4 ASS
vl o] AR g QAL E|SIckHe et al., 2016). R-FCNelid
ResNets 7%l Average Pooling¥} £+ 23S A A3

54 W QN 5w sk

2.1.3 Position-Sensitive Score Maps

712 VIEH=E2] E3(Output) Feje}l €] R-FCNor =
Heat map &€jQ] Position-Sensitive Score Maps& &30 2
gtk 54 2] EAV} Ue AY =2 4 AES FY=
¥ Heat mapS AAI5kaL I Heat mapS-S RPNojA| A|eksk
Role]l we} zepdl ths Bobr] A3 420 T121=(Grid)E 25
Tensor2 &85 Yepit) oju] 18]=9] 4= Heat mapuj2]
sJx1s} ciglo] Q=T el Ho] 33 Tensorts §%9), 7k,
oem9] % 7h7he) Qe s} s 2ol Hek wep
Tensor, < Score map2 $JX]ol| W7&A(Position-Sensitive)
ek o)A AofRl Score Map2 B3t 53l sl Sefo]
gt 212)(Confidence) X 2 WHSke|al 7+ S 8 2] HH=
Softmax ¥=(Nasrabadi, 2007)E 53l 7= 43)(Fig. 1).

2.2 Transfer Leaming

B Aol ARESE 3 tllolElAle] ko] oF 10007 H=
ghol| =]2] ¢7] wiFel| Transfer Learning 7|'H-& 2-8-3ff oF
339Ke] T ol5 BRshE 8079 FElEl= T3 COCO

Traditional approach

Training sample Testing sample

D v

dloJEAl(Lin et al., 2014)©.2 w]2] g}5% Resnet101 (He et
al., 2016)= R-FCNejl =9J3}itt Hald UIEY =] B9, 7%
AL wie- Batslr] wiieol Sk dlolB7F S-S 45t
(Overfitting) 53} 2-& FAE Yo7 4J50] Holx)i= whddl,
Skl ARERE TlolE] ol B2 Held UIEH =] sl
SoistEths 2L o] A7-E B3kl SHE ARdolth(Liu et
al,, 2017). 3pARF AdolA] 5 Fopol] thet B o] vlolHE
TP = ofelge] W=y vzl vissgh oke] F5-5t tlofH
2 v)2] 85 ¥(Pre-trained) RY2 £7 #olo] Hlo[ElE <53}
+= Transfer Learning 7]'Ho] Thg%t Held S-8-2ofllx] Be]
ARE-E|31 QJE)(Weiss et al, 2016). Transfer learningof] thgl }A|
3l 2.2 Shao et al.(2015)°] 27)= o] Stk Fig. 2+ 71&2
Sl<5 WA Transfer leamning WPHo] xjolol] thet 71221 7

Lotk
3.A8

QRR A W) ALsle] A B el A
] Qhb] g A5 WASHE 2 Ik 7RRHo ki
APt AAEFS SR, AL 28] ol

FaolMe FF diolels Sl gt Q] 2k o
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Fig. 3. Workflow of the Experiment
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3.1 A E=xt

B oM I 3R AdS JsitkFig. 3). A
WA A= tle[elAl P50 2 QR ©X] mdle] sier 9l ks
S5t dielelg 2242 P SRICIEN F38l4T(3.3 dlelH
Al B2 2. F WA e 752 dlelElAle COCO dlolElA
© 2 n|g] <58 R-FCN &alg]Z(2.2 Transfer Learning F-5
)0 2 el Shso] ¢EdE F, ke Fasith Al M
e A ZBodst s B3 §A 2] e 40 ols
< O AAAR P67 flste] o] 7] HFES 7HEk

32 & =

B Aol AREEE sk=slo] AR Intel i7-4470 3f2<l,
Nvidia GeForce GTX 1080 18] RAM 32GBo|t) F8 ATE
o] 342 Ubuntu 16.04, Python 3.6 —L&]L Tensorflow 1.3
(Abadi et al., 2016)o|th. A& R-FCN ¢alg|&e] F==
Tensorflow Zlo]B oA =3tk

3.3 HIo[EA!

S5 vlolEl: AAEATE 389 ANTE thgo R B
Zlo] ofa} 2RI Ule] AAEAET et tpo 2 58
ek 71 ol DA Eo] SFHRE AR g 91X
%s 7ol stk A& Aasi] 918 ootk

RFCN Qhtefse] S48 S1ah e 7 /ige) oEn
22 ) Ix1e]E2] ImageNet (Deng et al., 2009)01}4] Safety
hatolefs 79I Skl S BIsHT, 2% ) e
%= URL 9 2% 93¢ Beigsln 9 Aol A2to]
Gl Qb B e Ik s B 10897 e
58 G HlolBHle R FE3isir S o] A £
Sl AR @ 15978 Fgslo] AR ofs Add
W] o] okl Bgoxie] AR ©Rje]] thk 24 Algst
fl8te 4714] g (EARS] Ed, B A, I =EAte]
F, 5ol 2H) = 1007 E-FslitiTable 1). 2H&)
dodet Y gshs Zlo] oPFHoARL 7IE] oo w
sto] AR} HlSgh oM FFeE ARIES ARSI
T HlolEAE oF 4119 HIE R FARIR Ui § o)5S

R4}

-

1 o
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Table 1. Number of Images for Each Environment

3 =
72t SeS 1% vlolEle) Sl E wele] e Slat volel 2
Rejsiolck 1 7, B o SWle] MRS astch
3.4 T}

A Hr1E 93 7]F 0 2= mean Average Precision
(mAP)E& AF83139tE mAP+= PASCAL VOCoM H7| 7lEe 2
ARLH A EEA, 2+ 7 S92 Average Precision (AP)2]
Bao R SAEA darelge] e A A= Ve
It Everingham et al., 2010). Y¥kzo g2 €x] »do] 455
vzt AME-EE A EE AU (precision) 9} HEE(recall)
otk AU== Eq. ()7} 2o] BAE ©ASH A Aol ks
28 7ol gk vle-S S8l HEES Eq. ()9 2ol S
A8 BgeollM ks 'RIE 9ol gk vlES 3t o]
T 7 A gub o AR S0 TS 7IA)7] wjiEo]
AU=HEE Tefzolk] Tz olefe] Hx o= Hoju= APE
AREERH, ofw APZ} 19l 7Pkers XA datelse] 3ol

wral & 5 ok

True positive
True positive + Fualse positive

Precision =

(M

True positive

Recall =
o True positive + False negative

@

4. 2t 24

Shgo] ghas Bl dfsle] s W7 AR A AR
AesAh} QAR i mAPEo] 0.85= Alten, 25 E
22 ¥ mAPE QEIEE 0.83, AR 0.860.2 W7 =]SITK Table 2).
B Aol ARgEE AR date)E] R-FCNe] 7ke mAP7}
0.83¢1 7S 7RFsPA(Dai et al, 2016) 3lk5o] 4320 2 Xy
WS & 7 Uk EARe] gk mAPETE ARl thgk mAP7}
Tl B4 249 o]f, Transfer learning® 2 A}8-9 To]E|S]
COCO toJeAle] 7 Fefell Ak QAN QP RE= gl7]
o 2 HoFink & el COCO dlo[Ele 2 nlg] Skes
H ResNets &a1]Eo] R-FCNeoj Zg5ou g okxre] 749,
Szl A8 tlofed7} ImageNetolM] 5 FFE=T o] Fo]

Table 2. Average mAP for Each Class

Category Number of images Class mAP
Long distance 25 Safety Hat 0.8309
Brightness 25 Person 0.8623
Overlap 25 Average 0.8466
Extraordinary pose 25 Dai et al., 2016 0.83
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R-FCNi} Transfer Learning 7|%-& o] 831 JA7|8F A4 obdm 5 €]

7 whAe| Algte] 7, ImageNetol A g€ dlo]EiETt olufz}
Transfer learningol] ARS-E CloJH % F&S RIQICL

7 dlolEAl T 7R dlolH = 25 3 WellA Abdat
AT} B = BEgs ER1E) A, tiFE Fig. 49} 2ol
AdA o2 BAEE Ag ERIF 5 JQth 28A @ A9+

The e 54 T itk A A B9 A4S
(Fig. 5(2), 7 WAz Algise] #4 Q= A9 (Fig. 5O)),
A WA Wkl UF B B A9 (Fig. 5(0), P
AEe] Bolgh AHE sk ASoltKFig. 5(d).

AR el oS HAH o= BAel] Sl ImageNet Hlo]

Ll 100 150 00 =0 o0 ¥50

Fig. 4. Successful Detections with ImageNet

Fig. 5. Cases of Detection Fail with ImageNet
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Table 3. mAP for Each Class in Different Situations

Category Helmet Person Average
Long distance 0.3319 0.6473 0.4896
Brightness 0.7038 0.8058 0.7548
Overlap 0.7571 0.7765 0.7668
Extraordinary pose 0.7340 0.7575 0.7457

Fig. 7. Cases of Detection Fail with Actual Photos

E7h ohd 27 Holdh AR BlolEIE QAR WA Ach B 47 okere] 4ae Thgskn e ol Ui RS
AIQ) B PL Fig 631 o] Ao QRS PSR sk 470 el el W ) 3} Ak Table 33

A ERIsIIT: F71=, ImageNet HloJHE L HA|RE 457} Bt ol R FolM Fig. Nayeh 2o 9 A=t A=)
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A7} mAP7} 74 Vsl 7hEIRlck 1 sl ke
o] w7 whze e wekel=r, o] Pooling TS 7
Agle] Z7je Folsr) wgd] SfERE AL fol Fasw
T8 QA2 e 9] So] A FEuA) 9] wgolch
=5 Qkire] 49, Alhirh 9] S4o] wsle] ofelg o
o] Weke: lojet FHEHALE Fig 7(b)s} o] ofe] Alge] A7
A 299 A9 A e 97 RS SR o] FolA
ol ofe] 2 wAEE W I 5k Alge) A,
P Ul A mgro] ERRs S uer ot} Ahkals)
o] Bo] BT LRt 497} ek webq o] Bl
Ay B AL A Sl el o sl ol
Abgpol AR Qlom, HAIIE B Bel BEe Avtoe
Qe ofe] Algtew Bxlals e P Ao pekn:
Fig. 7(c)s} o] 5 2] wslo] el AL Fig,
A Abgto] A Q1A kL B& ol Skl ApAle} o]
S5 S Aok 2 SRS Sote AnE wolth 549
Ao B 9 So] Wolli= ol HE3k skr HolEe]
o} 20] glekin S uh=u), S5o AHSE ImageNeto] Hlo]e]
7} o vaolo] Faialal A QUi Aol e HpHS Alge)
B0 w PAHe] glek webd Shg wol 34 Rak S5
7o) e wXgo] Wol Aoz o

]

i U‘N
)«
By

J

)

2

o

2

5.

I}

g

£ e e 284 ok dElE sl @ HiolH
£ 7[Rko 2 R-FCN &4 &%) dalgjss o835k A4 bdm
AREHA] AE TS ARSIk AT 7550l AR HlolE
+ ImageNeto|A] g5k Algt 2 QB R7} 231 % 108971<]
% dlelEoltk 100007 o] HolH 2= Held Shas
FYsl1e) dlofele] o] =8k v Sls5% ResNets Yl
=S X838l Transfer Learning 7HS 28313t
d RS ksl Ad '] Ades vl A%
mAP7} B 0.852 H7FHek o] R-FCNE] A% mAPS]
0.83%T} 2 Fholmw o] aabx 0 2 SRy QleS Holr

, A2 k] Hlo|E| 2% Transfer LeamingS 53 7|22 %o
o] Plolel= Shrat bl §) wlel] HAA ok g
H S-S SRSk web sfe] e A tlolelt
3 ] ] el e £ At QbR ©A] o]
S8 =9 TFestte 2e AMdS dSEk

A ZG3E P dlolH= QFA] Aol tigh E4tS AT
e R I s G e s A RS A I sl 2 i e 2
o I o= A darelEe] 72AQ) e TR 5E
S5 dlolele] At Jolefar ket wheha ol EAIHS
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B3| $lete] thedt 22 3t I JaE o)tk A
HAZ 3 tlelEe] 37 75 # 8g F, ohA] B HIRES
21848 ofpgolrk & oz, AAElel F53F Hiolels $4e
2 353 Zlo] Kot} a8 Ao g =R B ool
£ dolE] $5¢] 71E3 AR Qsle] FRE 1A £k
T AR EE 22 Ao g Qs EAES s dsl] 98k
o 2 darelss A8 B Aotk A= CNN (Zhu
and Newsam, 2017; Liu and Zeng, 2018) 2 &4 €7 dare}z
(Lin et al,, 2017; Li et al., 2018)0] AF%= Al WE a1 Qlck
olEgt N2 dalglEs A8 F HEEE Aty o 2
A7 YR =AE 1T oot Ak 2 AJARIAR] Kk
Ao 2 2 v sl yleo] dwmgxlel okd=Ee] 47 I8k
A & A, deEAEe] SRRE PdHo T A8 %S
7Fs/de] & d3to g skl derllA Aeo g Bis
k= 715s K Algolth

B ArollA] Aljlsk @ 719ke] QbR §A] AlZglo] A
AN =T AE] A Bl 71o] sk 2Rt

A 28 5 e Zos Vet

gl =

o] =L 20199E AREPIEAREAN] Agow &
FATAGe] AP o} 1A 71 2ATAISINo. 2018RI
A2B2009160).
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