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Improvement of Object Detection Accuracy by Style Transformation
using Convolutional Neural Network
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Abstract: In this paper, we improve sharpness of hazy images by style transformation. Generally, the use of dark channel is the
most well-known method to alleviate hazy noise of images. However, in this method, the sharpening effect is limited as the hazy
noise becomes strong. Therefore, in this research, in order to improve the sharpness of strong hazy images, we apply a state-of-
the-art style transformation approach using Convolutional Neural Network (CNN). Specifically, we sharpen the hazy images by
applying style transform of daytime images which are clearly captured. In addition to the sharpening effect, our research also aims
to improve the detection accuracy of objects appearing in images.

Vol.2017-AVM-99 No.22

2017/12/1

Keywords: Style transformation, Hazy-noise reduction, Object detection, Deep Learning

1. [XCHIC

ITHE, ¥R <> Deep Learning DHFZEEIFE 2N A IZAT
PILTU D, Deep Learning (3 H F il CHAL T 1 7 T A7
xS SN TR Y, A O Quality of Life
(QoL)Z 1 5 L TARIELIRET D & PRSI, F 7o
ERZDBDELTHRELSEMRL TN EHIFESND.
BEO—HICERELR L VS HiR H 5. BEERIL, &
LIS ELWIROBLE 2 Z O£ £IZ, T OO MHHRE
&< BlOEGROEEICEIE TERT IEFTH S.

AT OmALHRE, ERINDIEHROELL %
L7 TR, REERmEGOMALE B E L THE
M3 2. BARMIZIE, #9087 8D HAZE BEARIZIRE S
NizWitg %, o A OBRBICHRE Lz3lo G o R
Pl CTERT L LIk Y, EROFERER EEXHD. &
BT, —EERBNICLEAT 2 2 & T, REEPE G
WCXET 2RO R SR SR D .

2. —fBM% HAZE REFiE
“HAZE” L IZHRANEL R 2R R EEITREHET

PR
Waseda University

(© 2017 Information Processing Society of Japan

HY, FICESLELETHENEL . HAZE FRETIEICIT
ay T A MERRET B FER, BEOITHOLZ HEE
THFIERIREELARLDORH LN, IK<HMbNTWEFE
HEDO—>L LT He Hbick? HAZE BifgET V& X — 20 F
¥ RNV E AW FEBIRETOND.

HAZE {47 /L CiE, AJJ HAZE B HEREEE &%
B~y TEHEET D Z L T, HAZE %% L~ #i% %
BT ENTESL., L L—20BaENns=20Fk
MBERETDNERD DD, itFifie —RIcBs2 &
NTERW., 2T He Hbi%, HAZE BB O X — 27 F v 1
JUBRIE S HAZE #% 279 2 & #FH L, HAZE @ifg D%
T AZ R T2 2 LIk > THREDEB LG~ » S &
ETDPFEEREL TS,

LAFIZ, HAZE BifgET )V, ¥ —27 F % X/, He bOF
EOHRNIZDONTIRARS .

2.1 HAZEHBETIL
HAZE BEfgE7 /W%, U TFOX(D)TERIND[4].
I(x) = J(x)t(x) + A(1 — t(x))

XEFENE  [(x):HAZE #if

(1)



TR AT R
IPSJ SIG Techmcal Report

J(o)fEWI IS (HAZE BREmi15)
t)EmR~ > 7 ABRE

BERA S (x)

HAZE®i{%1(x)

BiBikA

X 1 HAZE

E T T L[4]

F£ 72, HAZE B{EET V%K 1R T. t)IFLLTOR(Q)
THRINDIFER~ Y 7T, EREHICK DD ELEORL
WCHEL SN TN A ZICBET HEEWERT. A
IR C, 2 TCOHEFE TR —-THD. ZOET VT,
JEO)t(x) & EEHE LR, HREMABEL R I XTI
BT HEAEVERT. AN — tQO)) TR YL HAZE

W R THEBOE SN ETRT.
t(x) = e7FI®) #(2)
BBREDE D BEAR S
AR H X F FToHE
BREGICE DL, A @EBETAHEMENELS 2BI1EE
K& B0, Bifi~ v TIXERHOMER T > TN\5 &
TIIEBRKE L, BRODETITEIN/ NS /225 HAZE H
BIZBWTIE, B~ v 71X HAZE B 4% L, HAZE &
EliXEm T, ITRTERLS 5.

22 #—OF v R
H—0Fx 3, UTFTOXB)TREINDS.
Idark (x) — ft@)
MiNceqrgby(MiNyeau)! (V)
16 IDtBT v RV

Q(x): x% HLO & 35 JRPTHEIK
He 512X % &, 5000 # @ B #H o HAZE # UEi# % H
T EBRAER DD, REFEDOK T5%IEF — 7 F v FIVIRE D
0 THY, 90%DHF — 27 F ¥ RVEED 25 17z /22 &
NIy o> TWD. —J5 HAZE BB OSAITBEREE N b 5
tw,ﬁ%ﬁﬁib%%é<ﬁb,5—&%%*»%&@
LD, LindSo TH—7 F v 3 VIREE X HAZE JRE %
AL, MAECcCOBBIEOHEHLRTZLICRD.

(© 2017 Information Processing Society of Japan

Vol.2017-AVM-99 No.22
2017/12/1

23 He b12& % HAZE BEFZE DN

He 512 X 5 HAZE B EFiLIE, 2.1 © HAZE HiBET L
L 22 DHF =T F X X NVICHE I LD THS. He bt

HAZE i 0D & — 7 F v R VEMN HAZE IE 2R+ 2 &
ZFIFA L, HAZE B OZEEIREFET 22 LIk > THR

B EHEE L BT, *ﬂvyﬁ%ﬁ%i@ﬁ%ﬁﬁﬁﬁ
EATO FEEAREL WS, BEDLOHE, B~ v 7
TER L OREHBERE T IZRO L 5 I Thbhs.
231 BERDOHEE
2.1 D HAZE BBETNNL X — 7 F ¥ FVE/H/DLHE
RAD X IZERKBISND.

1997 (x) = A4

JAek ()t (x) + A°(1 — t(x))
PHLTE VAT

1997k (x): HAZEW{ {5 D X — 7 F % KL
JAark (x):feE B {5 D & — 7 F ¢ R
ACREBENDBT v RV
WEAEG DX — 7 F v XA DIF & A EDKEEIZ0 TH D
720, K@U TOXG)D LS ICEXHWA D LN TEXS.
FXG)EY, B~y TEHET 2RO)EHDH LT
5.
1997 (x) = A°(1 = t(x)) xG)
t(x) =~ 1 — 1997k (x) /A #(6)
*:f,muE@@@%ﬁmmowfmﬁ%ﬁﬁmﬁf%
D720, ZOBFIROLEFIFFE 012720, K(DIRT @Y
BREEHADEITZE @@&%ka§5:&ﬁf%6
A€ _Idark(x) fC(7)
IOXHIT, EESAERFET DI LICK VR LA HEE
ﬁ%sﬁmm ilmmmﬁuommﬁﬁfﬁ$%%mb
DHEZED 5 H HAZE TG (x) DFEEE D b &\ O E % %
Ft&bf EONIR

232 BB v THE
231 DX D ICBRENEAHEE L7oRIL, B~ v TEHE
3 %. AJJHAZE g 656 oM~ v 7 ROGEM~ v
TEAERTDHZ LKD), AEFED HAZE RE L KT HiR
~ T E/DLZENTED. DK, FEMICHTS.
W~y 7L RPEEICE S =7 Fry LD &
Th, UToX@®)THRIND.
Mcoarse(x) — K(S)

mince{r,g,b} (minyeﬂ(x)lc(y))
—J, HAZE BEfg D= v VFEHIE A R I3~ » 713K
LOTHREIND.

Mine (x) = MiNcer,g,b} I°(x) O
FHil~ v T EEH-OICE, Thb0~ v 7L~
Y TERERTDOMENRDD. G~y Z1E10)RmT L



T AL A 2T
IPSJ SIG Technical Report

B, i~y 7070y s ORKEEEL, S~y 7
DONLEXIZH DEFMEE I LTS WD) BT 2
LickoTEHEND. £, A~y 7 bEia~y S
ZRHHTAZENTE, RKADTERENS. 2B, old#Eif
D HAZE REDEGNWERT AT A—=2THY, 0 LV XK
X1 ED/AEV. ZOfEIX 09 B & STWD
Mt(x) = #(10)

min(maxyeﬂ(x)Mcoarse (}/); MTine (x))

t(x) =1—wM!(x)/A 2(11)
2.3.3 HEAERDE T
231 OEIITRENAHEEL, 232 XD
TEHEETDLZ LITED
T HILENTES.
I(x)—A

J@) = max(t(x), ty)
2 & D BRE & D 72D O E Rl
21z HAZEE{%I HAZE Bi{g 0> % — 27 F ¢ L [9ark
HAZE E{g D Zil~ v 7't, fERBEG] O —Fl% R

\ZiER~

, RARA)IHE > TR G 2 15

Ri(12)

o f B
HAZE &1 HAZE &% 0

=2 F x g v]dark

feE %)

g OFEHR~ v Tt
2 K= F v X E AW T TFE O FEERE {4 5

HAZE

Ll He BIZK D& —7F v 3% A=k
T, REOLZ 254 @w)ét{b‘mﬁ”ét&b HAZE 2N 335
AR 3 O &5 I R & B icF b s n o
END B

(a) FERLAT (b) fEB{ETZ
X 3 HAZE EWGAICEBIT 5
He O FIEIZ X 2 A EEIE{G O LR R

(© 2017 Information Processing Society of Japan

Vol.2017-AVM-99 No.22
2017/12/1

3. EEZE#R

[E RS 0T 2015 4E 9 AT Gatys HIZ L » THEINL
WHE B [S1CTH Y, X 41278 F L H1Z, Content Image (25
LMIEOENE %D F I, OB OB R E 4 < B0
% Style Image OB EUZ LI TEM T i THDH. 72
Y A 2IZ1% Deep Learning 0 —F& T d 2 Convolutional Neural
Network (CNN)Z I L TV, R0 {RIFEL H CHE%
aHLTOEEL, BREEGEERTD.

Content Image

Style Image Style-transferred
Image

4 RS R 6]

BUE R b TR BEE M FEO—ol, 2016 F 3 AT
Johnson B A3 L7233 [7] TR INTWHET L% H
W= FIETH 5. Johnson & D FETIE, X5 D X 912 VGG-
16CNN =7 VO KHE Ry T —2 &, 16 J§ CNN EF
NOBERER T NV -7 ERBEL, #RHERY FU—
7 CHRBIZBITDHEAEZHE LT, ToELER/IMET
D E D ICHBER R Y 8T — 2 OELHEFHT H[8]. —HL
@ Style Image (Z%} L CHITH D Content ITmage Z F VT

MRy N =27 2FETHTLITLY, [LEOEBOD
R e RIS AN FIRE & 72 DL 7283, StyleImage —# 2 &

WCHBAEEER Y NI =2 2 L FETLILERD D.

Image
Transformation
Network
Image
Transformation

Loss Network (VGG-16) 1.oss Calculation
| | I

Style Content Content Style
representation | | representation | | representation | | representation
....Contentloss | i
R .. .- .- S i
5 EHE T L [9]



TR AT R
IPSJ SIG Techmcal Report

ZITHKAE, HOBEROTREGESV—Z LI L
MTE, 5 #10> Content Loss (FfiJE#i2351F7 % Content
Image & Output Image DKL) 3 K U Style Loss (& IZ
1T % Style Image & Output Image D) 1FLL T DH(13)
~(15)TE I 5. Z® Content Loss & Style Loss D Fn% i
/MET 2 HANCEEES Ry NY—2 ODBRZLEEHTDH
L2 &Y, Content Image IZ b7 g %
AT 22 ENFREERD.

% Style Image (1

?,j s —
Lcontent @y =

#x(13)
e 19/ 9,00l !
G;D(x)c,d =
0w, 2 (14)
CHW, Z Z 0@ nwe (X nw.e
h 1w=
R 2

y: yi’ JEZEHA U 7o i
Ye: ATV
Ve AL A JVIHEE
c HDLHF v xRN
c: BloF v o xL
CGHW;: LA YjOF v x4ty @s, i
@;: x% Loss Network IZAJJ L2 D LA ¥j OfE

4. BEIRZE#ZEZRAV- HAZE REFE

AFETIE, B R AV 7Z HAZE R E FHEE2RET 5.
HUEODEHMﬁ&%wv BT, K 6@ICRT LR
HAZE {4 % Content Image & L, Style Image IZHF4LD H D
BEICHRE LB 2 A )95 2 £128 Y, Content Image
DL ZM 5.

HaidEfE & LT, —H#D Style Image & %85 Content
Image % HWTC, REOEGEZ AT 5 & @I iR
AT O BEEH S v N T — 7 OB ELITH. FREICHTZo
C, Content Image |Z 1% Microsoft COCO 7 — % & » K[10]iZ
BENDBLEN OB G EZEML, StyleImage IZ1%X
6(b)DE % IV 5. Microsoft COCO 7 —# & v MIEE
AAYCTEE 3R 1] e P A N

(a) Content Image (b) Style Image

6 HAZE 7% ® Content Image & Style Image {5

(© 2017 Information Processing Society of Japan

Vol.2017-AVM-99 No.22
2017/12/1

7 Microsoft COCO dataset |25 F

B [10]

5. EREBRDHERLEER

He & ® HAZE BrEFik L HELHIZ LD HAZE BrETF

EOWIRER T, EBRERFIZLUTOK 8 IZRT.
X 8 IX/ED BIEIZ AN HAZE Wi#[11][12], He 5 D TFIEIC
LR THD.

KD MEPMERE R, R AR &

B R AS 4 T 1
K DR
8 He b DTk & MBI B T4 D L F2 Bk R Bl

H—0 F ¥ )
FIEIC X DR

\J1 HAZE {4

He HMERTHHX — 7 F ¥ X E AW FETIE, K8
AT 3INE SFEHOBEMBO K ST, HILOEIMEL
RoTLEIGARDD. ZORKNELT, MoDF—7
??%WkiUéﬁvyfﬁﬁéﬂfﬁék,:h%@3
EifR (IR d 3000 5FHOEB) TRy

F ¥ RATRENE L, FiE 7/7®ﬁmméw:&ﬁ%

HAZE IEERE WEGR L S 2 5.



i A i e Vo0l.2017-AVM-99 No.22
IPSJ SIG Technical Report 2017/12/1

6. REBAEMRICLIWILBRLEDLERR

BBz, mROBEI LRI X 2, mREHRT
B K Db O R A 1T 5 . AREBRCIL, #EF LR
#21Z INFOTECH #E® Red Super Eye G2[15]&2 94 5. Z
OFEFLHEERIE, REBONZR OB G, RICKH
REONKEREWE, WA~y FT4 MEOWLHE &
W o T2 B T ICIRE S NG A LT Z L N T&
L. BgEOREEZ BB CHYE L TIRE L X 7T ADEY
(LAELRL A RALTE 24T 9 720D, MR RT A — X R EN
REREDBFFETHD.

FEEE B 2 LT O 1113577, & bIg, Rk
L OB R FEIC K HREAE&RICR LT, iR AT
STFEREZ K 12 1R, 2D ITRTEREE, RS T
HBICEHHIEDIZ S 0, MEBEREL 20 THS.

H—0 F ¥ RV Hiw~ v 7
9 H—UF ¥ xVEIG L FBE~ v T HEE

He 5O FIE T, BERITEEROGICE LWV E WV IR
EAEN T TS T2, HAZE MHVEA I3 22 fE 23 IEfE
WZRFE ST, BEXOMEEELIHETHZ LN TER
W, ZOBEEMNS, ZEHEES L R RVEGE (REEG
7208) WZIEHe bOFEIFARMETHLEZILND.

—J7H AR TFEIIK 8 D LB, HAZE M5RWEAIC
HEEAEBIEDE DN TS, ZEHA% I RE S O 6% % (f
DIENRTERNEWVWI T AT v MEH DI, AWk
ORHMEE LTl iR e neEx ond. £
IS B EL ISRV T, He 5O FEL Y b EALHRTEIC
L DHEREDIZ 523, AWRLH M D HREEE A s < 72 5 fl
ERHRLTWS. K10 IcZ20o—fzErt. B, NIk
(Z1E YOLOV2[13][14]2 VT 5.

ANJJHAZE Eit% S bERC X EIREHE TR
2 LRSS X BB LR R
11 feER b Aas & )RS Ha T 15 0D bR SEBR it SR A5

Car: 50%

Af Car: 50%

Person: 75%, 81% Person: 77%, 82%
. 0, 0, . 0, 0,
Person: 64%, 7‘6A; Person: 77%, 82‘A) (a) fEm (L e (b) AL T
(a) He 5O FE (b) RIS HLTFE

12 pikm ks R
X 10 @i iiss 5t

(© 2017 Information Processing Society of Japan 5



THHRAL A TR
IPSJ SIG Technical Report

7. FEHESHRORE

ARG TIE, EEEHREZEA L HAZE BRETEEZIREL
72. HAZE DNFRWESIZBWTIE, He HIZ X 5 —ixH7e
HAZE BrEFECHIHES & i U<, X0 bR
NELNDZ L A2MER L. &5, WELSHE V-6
BbIZ LD, Wik RS2 ) B3 2 61 SRR L7z

SO E LT, HAZE B{&IZ5 5 AR o i
FEE 2 ERIICEHET 5 2 & T, ATFEOAIMEE MRS
LI EERBTOND.

I ABFIEREIT, NICT HZitife [V —v v ey o
T — X FEH - BEEAT ORI L v E LR TN D.

SE I

[1] R.Tan, Visibility in Bad Weather from a Single Image, CVPR
2008, p.1-8, 2008.

[2] R Fattal, Single Image Dehazing, SIGGRAPH 2008, p.1-9, 2008.

[3] Kaiming He et al.. Single Image Haze Removal using Dark
Channel Prior., CVPR2009.

[4] Zhiming Tan et al.. Fast Single-image Defogging, FUJITSU Sci.
Tech. J., Vol.50, No.1, 2014.

[5] Leon A. Gatys et al.. A Neural Algorithm of Artistic Style,
CVPR2015.

[6] “Chainer-gogh”. https://github.com/mattya/chainer-gogh/tree/4aaa
123e839083cceb70c74d4815696ad9cfed4f, (£ 2017-10-20).

[7]1 Justin Johnson et al.. Perceptual Losses for Real-Time Style
Transfer and Super-Resolution, ECCV2016.

[8] “Chainer-fast-neuralstyle”. https://github.com/yusuketomoto/chai
ner-fast-neuralstyle, (Z# 2017-10-20).

[9] “Style Transfer in Real-Time”.https://shafeentejani.github.io/201
7-01-03/fast-style-transfer/, (M 2017-10-20).

[10] “COCO-Common Objects in Context”. http://cocodataset.org/#h
ome, (ZHR 2017-10-20).

[11] “4RSRE-17. http://tenkenbiyori.blog.fc2.com/blog-entry-194.ht
ml, (Z/#2017-10-21).

[12] “PREBHBRIEHR. http://www.hokkaidolikers.com/tw/articles/327
9, (B 2017-10-21).

[13] Joseph Redmon et al..YOLO9000:Better,Faster,Stronger, CVPR
2016.

[14] “YOLOV2”. https://github.com/leetenki/YOLOV2, (£ & 2017-10-
22)

[15] “INFOTECH-Red Super Eye G2”. http://www.infotech-japan.c
o.jp/rse2 3ghd s.html, (ZM 2017-10-23)

(© 2017 Information Processing Society of Japan

Vol.2017-AVM-99 No.22
2017/12/1



