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Abstract

In recent years, object detection technology has been used in various fields.
One example is the detection and recognition of vehicles and people during
driving in automatic driving by object detection from image video. In order
to perform such object detection, it is necessary to prepare a dataset. In the
case of the previous example, it is necessary to prepare a data set of forward
in-vehicle images during driving. Then, by using an object detector trained
with the prepared dataset, the system can recognize the object to be detected
and predict its position. However, a large number of datasets are required for
this type of object detection training. If the necessary dataset is not available
for the target region of interest, it must be newly created at great cost.

In this paper, we set up a case where there is an annotated good weather
dataset but no bad weather one for car object detection in the forward onboard
image of a moving vehicle. In this setup, when performing object detection
in the bad weather region, it is necessary to prepare a bad weather dataset
as training data, but as mentioned earlier, this is difficult due to the cost.

Therefore, in this experiment, a fake dataset is created using CycleGAN,
which generates a fake image from the input image that retains the features
of the target region, and data expansion is performed.

We generate false images of bad weather regions from images of good weather
regions annotated by CycleGAN, train the annotations of the good weather
dataset to correspond to the false bad weather dataset, and measure the eval-
uation values on test data assuming these regions to confirm that the accuracy
is improved by data expansion. We will confirm that the accuracy improves

with data expansion.
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FRREICR B, T—REy MIERT — X & 2T 2WRONE - BEOERE &
7 T=2arvT—EnoRkb, YMERDMEEIANAY VT 4 V7R 7 212X o TR
ENTVWE, 7/ 7—=ary7—RIZEVAROME D ZHTHDOEEIGLINTED, *
VTV OBEFIA WO A D 2 S, H 2 WAL O B IR OHE - o
RXTHBEh 3,

2.1 CNN

CNN(Convolutional Neural Network) ¥ (& EIWZEBRDO DB VT IfEDILS 1 v
NI =0 THB, BAHAAA=Z2 =Ty P =27 L HIFTH, BAAABE -1V~
VREPZHICEZRLZMEEZLTVWS, BHED=a2—F 1%y b7—2 LTRIHWVWS
N2 EEEETIIAN T — R EBAICINTH SEF 2T 55, 2N TIRETOREL—
TTEHICIBEZNTLE S DR LI RALATLE S, ZHITH LT CNN Tl
T — X% AT BB =RIT R BRI REF SN2 5B I3MfTbN 3 70, T —
KX DALEFHRKRDINS Z & hun,

BAHAABETIEIANENEBRICZNVLTHOEPUDFRESI NI T 4 VX —I1THE>T
B{RDZEMZATS, 74 NV EZ—IZATNERE D H A4 X2/hE L0 206 %2 ATJHEIRIC
HLRITA RT2X5CBENT 2, ZOBRT7 4 VR —DER LG THEZEHITEDE
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& 3.1 DHITIEATT (5,5,3) IR LT (3,3) D7 4 LR =DF ¥ AL TOICHEIN
TWb, AMCHLT7 4 X —2MHNF LTV &, HBDIE 3+3+1=T7 DEIE LN
52005, TOBRBEARTZ MU T OEEZRFEL T 4 VX —lF—D Rk DIicT
N THEARTOHEEZIT > TV, ®ENITIE (3,3) DR PAMESRTVWS Z
EDTH B

NS DEEITMA TRAAARBEREZITIBITHD NI X =R 2R ET LI DD 5,

BAABRBETT7 4 NR—% AN LEBR I DA S X5 HALZVWEE, ANHE
BONEAZNDETHED 2 Z % T 4 Y7205, FIZANEBRONEE 0 THT &
SWHRT 22 e Z2Xu T4 7w, ZAR Ko TANEBREF TS A XD
%152 Z e BN TE 3,

ANEBRETT7 4 VNR—FRT7 4 RIEZGEITEE 1 v2AT DTN X5 BT
50 LDLDHODPULDAINIA FDEZ 1 KDRELIFET S Z Lo THRENIELZE
ZABIENTES, TR THNIENE2 YA X% 1/A 74 FOMHEIZT 5 Z M T
Z 5720, HAEGE/NSL T2 Z2fHEIN2,

7=V Y ETREEAAAE T SNRE~ v T ORE DD & R 72 fE %
DL TR~y 7255, fle LTIRESNZEBN2 SR 2 2EE T
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L T\ < MaxPooling S fHIHA D FII Dl % #HE L THL Y i L AveragePooling D3 f£1E
T3, TV YIRICE-oTHEERD T Z 212X - THEHGRORHBN AR E D 2 HET 5
XORT—RE/NSLTHIENTE S,

KFEM 7 CNN & LT 2012 FICHFE X N7z Alexnet [1] % 2014 F£D VGG 72 EH3%E
FoHhb,

2.2 R-CNN

R-CNN i3#iA#gH 5L D—D2TH %, CNN TIXEREAKRD SFHEEZMET 5
23, R-CNN TlEH 572 UDHFHEHERR L THH L Y 4 X L7721 CNN AOD A JJH
By LTW\W3, ORI selective search 2 ¥ TfThiL 3, T DHREBIERMICZWL
T ONN TH#E %318 L 2 W 2 ORI 2123 - TV 3 2% SVM 12 & » THH
35,

selective search {FEI{§H O X R R % 5HH L CHEIGH THEALL TV 2 8HE% pixel L
RNUVTHENILTAY T4 VTR VRAZERT 2FETDH S, X o THIEZ
2000 AR OFEEA & 7EI LT\ 5,

CNN #B897 TIIEEFEEE %17 - T AlexNet 2 VGG R E LWV 2 EHFED A Y b7 —
IEGHTZZENTE 2,

Region REFE By 7
» Prpposal CNN > FE,
Function

SVM

Ry 7

2.2: R-CNN D&

2.3 Faster R-CNN

Faster R-CNN & R-CNN ZXR— X ZERENWEMEET LV TH %5, R-CNN %
ZDHRMTH % Fast R-CNN TIIEERF O MEIBHE SR IZSE1E U 72 selective search oD
FEEZRHL TV, LELEALHAEDO 7 LT XL %2H5 8 aX B REL RS T
LEVEIBEHEEIEL L2 I EPHETH o7z, £ 2T Faster R-CNN TlZZ5W0Wo 7k
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TNAIV XL EMHEHT2MROD Iy b7 =27 RPN(EEIER A v MV —72) 2Bl
95 Z 2T End-to-End T¥EZFHEMTE2 XKD EFELZEHRZ L TW5,

RPN BHEEHFOET NV X o THI SR~ v it L TR o it e 2 a 7
ZHNT2Ay VU= TH B, Fii~y 7 LT Anchor ZEET %, 2o 2HIN
slaiding window &\ 5/NX R TR~ v 7 L2 EE LEED Anchor Boxe s #1E
S %, ZD%% Anchor Boxe S IZOWTENDYIERTH 2 0ERTH 20 MKTH
%356 Truth & ENIZTEEN TV 2 0 OFEZEFHE L TEE Z1T 5. WA R0 OHlT
WX I0U $8IZ% v, TI0U ¥ id 2 s @EmE Yy 2 o SFtHEOmThd D,
DED 1 IV EIERIGE VW EHITE 2, o 2D = 10U 0.3 Kili TH 235513
HREHBL 0.7 XD ZETNEIWIKRTH 2 L HBiT 5, ERT—22DTIUCELT
13 Box OHVLEERR L HEE O R S DFAZEH H#ll 5,

RERE

FC

Pretrained Rol FC SN
CNN Poolimg Ry 7 X

FC —»

B~y 7

2.3: Faster R-CNN D #id&

2.4 FHEISIE

BEEEE 21T O BRICIZHNICH L TZERZENDOFETETVDHEE TSI L 825,
ZHUTED WL ODDETNZIER L7t S FIROMEZ I % 72 DICFHlifE R 2 v
BREND %, FHIYARBHIZE T 2 VB £ 7L OFHll 2 17 5 B2l ToU % mAP
EWVSIEEN DN S Z EE L AL TIE mAP ZEH L CHHii e €7 LDz
ToTW5,

IoU (Intersection over Union) &, MRIEGD TR L 7RO NY > F 4 TRy 7
AWK LU TIEROD DN ENTTERZD o TV R 0% Rd 2 8 TilHiiziT > fEETD
5o THMEIEMDNY > T 4 7Ky 7 ZADGERICHEE > TV B ToU 1 1.0, &< H%
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SRMoTGEZ0.0 222, THIA LD IEFISGEWEEED 1.0 128 8$ %, ToU OFF
ARX, MHESELTFHIL-MHERE A, EEOMERE B L2 EITRD X512k %,

(2.1)

FEEoRIIER -7 AB #HEO RIADHET AB #Hi O L T 2 HiEZ | - 72 fEHD
IoU 7222 %ZRLTW5,

ANB

AUB

2.4: IoU
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mAP (mean average precision) [Z®TOMED 7 F X I1TH3 %5 AP(Average Preci-
sion) DT o 2FHEHEIETH %, AP X, FFEDZ JATHIH L2 ehot
TV N REEAATDZ Y ZNEICIRT Precision - Recall #iff FOHEFEIC & - THI
% MR T H %, WIRMRH %17 5 BRIC Precision & Recall 2 XDFHERIC X » THH

\j_ % o N
MR U 7= IS D 2L

Precision = —— qmes ol (22)
R L 72 F RO
Recall = = e OB (23)

Precision (Pl L 72BN ENZITIEMT 20 WHBEEEZRLTED, Recall
BFETOYKIIH L TENLZITERT 20 0 BEELZRLTVWS, 2Ot Z2THID
EELTWE0E 52OV T PHIMEER  IEREBOELR D 76 H 65 U OBIEE
HKEL IoU ZHWTHIBIT 2 Z b5, BHLEWERICOWTEBER a2 7 I IR
Precision & Recall 2RI 7 vy M LT MiloHEEZRKD 2 Z £ T AP OfF
PEHTZZeDTES, L o>TAP ITEHEE L HHEHEXHIZEOWTHI OBHNZ
WIEERERMEL R 55HETEETH 2 2N ERX S, £ Zho NEADZ 72D AP
PO L 57 b DD mAP 725,

1
AP = / Precision(Recall)dRecall (2.4)
0
1 N
mAP = — E AP.lass (2.5)
N
class=1

Rank Correct  |Recall Precision 12
1|True 0.2 1 )

2|True 0.4 1
08

3|Falze 0.4 0.65 g

4(True 0.6 0.75 % os
5|True 0.8 08 =« 04

6|False 0.8 0.65
7|False 0.8 0.55 02
8|False 0.8 0.5 0

olTroe 1 0.55 0.2 0.3 0.4 05 0.6 07 08 0.9 1
Recall
10|False 1 0.5

2.5: precision-recall HIHRD ]
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3.1 GAN

GAN(Generative Adversarial Nets) [?] CI3ERET A ZINHEE 272D DFIETDH
Do BRI v bV — 2 HIFEN 2014 FFICER SN, TITOERET L E
& AT — 22 FE L 2SRV T — X Z2ERT 2 720DETNTH L, 2% D GAN
DEMEI T — & DY > TV 2pgata(x) DI ED paata(z) = py(2) L7220 %24
KT BETNLZGDIETDH 5,

GAN TRARET N 2R 2 D IZFERICHEIE TV O¥EE BT T TERET LD
REZED TV,

ZZTGAN DZDDRy bV —=ZIZDWTHERET V% Generator. #illE T L%
Discriminator & "5, GAN TIHERET L G L#AIET VD Z2Hib¥E 5 L 512%H
ZIT5 ZE THWHEEEZEDES LS TETWS, ZO°D2D%y PV —2ZIFHWL
WZHWE D X DI T O 2 - DB E & B IFEN TV 5, Generator O & o TH
B E N7z %2 Discriminator 23#A 217 5 23, Z OFF Discriminator (X HI{RAHA R &
N7 —=2pHABEINLT —ZZIEMEICHIA 5 & L. Generator (& Discriminator % Hx
THHEEETI,

G & DITHLT GAN OHIBIZ RD & 512K T,

mgn mazx V(D,G) =Eyprpyora(@) [log D(@)|4E,p. () [log(1 — D(G(2)))]  (3.1)

BAET L D BASENSET — XD T — &2 Db DHERETADERL 27— &
D OHBIZELT S,



H3E ERETL 15

Discriminator H51

[ Generator /

3.1: Faster R-CNN O #i&

WA T L DBEBEEIIRD X 5 12kE B,

V%d5;§:ﬂogLKwub—%kg(l—l)“%z“”)ﬂ (3.2)

i=1
AAE 7L DA, FAT9H L (2) P TV VI RITO T & {20, 2 %
B2, RERT—&2E2B(7Hk AT —22y b2 oBHllT—% {0, . x(™} &4
9%, 2 LIVEDBKRBEB I D AR ZFITHELARZ X —RZHHFL TV D,
ARE 7N DIERBEBIEILTI D L 5 12RE 5,

m

Vo, > [log(1 - D(G(=")))] (3.3)

=1
ERCE TV G, 331E 70 L FAERCERTOE p.(2) THY 7V Y 72TV T —
& {zW, L2} BET, ROBRBEKTARHEEZ L TRIXA—XDOEHEIT>T
W3,

3.2 Conditional GAN

CGAN(Conditional Generative Adversarial Nets) i& GAN 23RER XN TT CENI
REINTERETNVTH S, CGAN TlE GAN @ Generator % Discriminator O
RRMENN—R1TI2 20TV D, GAN  DEWVIEANTHOITVWE L ZA5I12H 5,
CGAN D HRIBIBUIRD & 5 2R SN 5,

min gz V (D, G) = Bgvy,,. ) 108 D(@ly)] +Ean,. (o) [loa(1 - D(G(2]y)))] (3.4)

HIBEE D 5005 X512, CGAN X GAN @ HRBEBUZSEHERZ bvy ZITZ 729
DI > TWBZ BT h %, 24561k Discreminator £ Generator WZH{RED A F7 & [6
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RS T — X D7 _VE AN L TR I LTWE720TH 5, BHD GAN TIEA
NENTHET -2 OATIIME NS 72D, JlffT— 2w ifiz 7 v XA THAT
ORI EE D, LHL CGAN TERANT—RTH B INVOEHREANTZ2 25T
ARERDIE D WV o e EHRE AT 2 5 L HAIEANICOWTIEG DM E T 2055 5
U DERET 5N TE S,

CGAN BT 21T 2 72D ATEZNLUED B TIHER D GAN LIZt A LFET
H3,

Discriminator H71

[ Generator

3.2: CGAN it

3.3 DCGAN

DCGAN [8] 13 2015 FFIZEH D GAN XD dFFEZM LI E2H DL L THRESINE
FHETH2, FVIFLD GAN & DCGAN L DFEREWZI Ry bV —2Z 25 %
ffioTWd2 CNN Zffio TWENE I DDENVTD 5,

DCGAN O 7 =% 727 F ¥ T GAN k [[AHkIZ Generator & Discriminator 237£7E L
TEBH, 2Dty b7 =2 TlE CNN @b Tnd,

DCGAN TliZ GAN O¥EDLE LR WRTEIZH L batch normalization 257H0T
Wb, FADETT —XoMEIERtT 2 Z eIk o THEEEE R EZ2E LD EEE %
FivvTuw3, %7 Discriminator OEPE(LEIEIZIE ReLU O D 12 Leaky ReLU 23&
AZINTW3, ReLUIEATID 0 Rii0HEH T DEZ 0 £ 325720, f(x) = max(0,z)
L3, LT Leaky ReLU Tld 0 REEHHETOHREERITIZ Ik o T A F L
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I—‘—\
1002<H] :{)4 ____________ -
. [

Project and reshape

3.3: DCGAN

LTEPREEND K5I LTW5, ZHUT f(r) = max(ax,z) ERE D, THITLo
TR LBEAED 0 IR DERENERIC I 2FEPE T LTLES 2 Z2EE LT
W3,

3.4 pix2pix

pix2pix [?] 1& 2018 FFICIRBINTERETVDOFETH D, ZOR—RA L LTHK
BX7z DCGAN, CGAN 23 W BN TW S, pix2pix & W5 HARNE THZE D & HEZEA
(from pixel to pixel)] EWIEMD 3, Tk, @HED GAN TEIIHHIIC 1 O HEI{E
F— X EAE L THEE E1T5 DI LT, pix2pix T 2 DT IR - TV 5 HEi{S%E H
WTHEETD 24T 6TV E, R7ER- TV BHEEO /I35t E K
BoTED, ZHEDED CGAN THl»> TWEHERZ MLy offb b icffibhTns
EWVWS DT h b,
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\

Discriminator H51)

[ Generator

X
(GHFEIR)

3.4: pix2pix DG

pix2pix @ Generator 1213 U-Net [10] 23EH S T3, U-Net & 1% 2015 FITERE
72 Semantic Segmentation D FEDDICHWSLNE Xy VT —2TH 3, Semantic
Segmentation ¥ [ZXNRERHFOEZDERZ TTIWKRZ L7 L LNV TAH T HH
THEFHEDILTH D, U-Net ZEBHEE LR WELNID Encoder-Decoder ##
B2 TEY, IBGOICL Yy a— FTEABAAEITo BT a— F2ITID. ZORICZT
¥ a— FRICEZ MR~y 7082 BEEH L TWd, 2Ya—-X-—DFETHLX
NIR~y 72 73— X —O—EHIER S 2 2 ¥ v THHUIC X D VIR D A EBHRZ R
FIbZenTE5,

pix2pix Tl& Generator 12X 5%/ 4 X Z D AS1%2 IO RIEIZT dropout %17
IFEIC L > THICEZTW3, dropout L IZFREDEDOH TDOEE 0 I2KIKT 3 Z &
THb, ZNCEoTHNLR /AR ZDBEFHBLZS TORANC/ A X2 5252
EDMTEDZ LIRS,

R BA%Z Discrimintor 1358 O GAN R U K 51K SN 205, Generator (3@
D GAN I L1 BEREZMZ72H DI > TWb, L1 BEKU Generator DIEKEEEIIX
DEHTH %,

Li1 = Eoy.[lly — G(z, 2)]] (3.5)

Gx = arg mé;n max Legan(D,G) + A Lpya) (3.6)

% 7= Discrinminator Tl& PatchGAN 12 X h HER A E Z D £ L THE S O TlE
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64 64

128 64 64 2

input
imaF:;e > || ol e output
: segmentation
tile ol 8 & 8 ma
| I I IS e
N (= COff
[=2] [ COff ©O
™ o o ™

572 x 572
570 x 570
568 x 568

' 128 128
256 128

8“';'2
512 256 t

"I*I =» conv 3x3, RelLU

8
S o o
=1 il Ol

2842
282

s = copy and crop
e ¥ max pool 2x2
o 4 up-conv 2x2
=» conv 1x1

3.5: U-net

%< AT Z Ry FERATHE L Th o8 217> T\ b,

3.5 CycleGAN

CycleGAN X 2017 FIHRREINTERET VDFIETH %, CycleGAN D A JJHI{§
13 pix2pix [AF%IZ image-to-image translation T& H KO EI{§ % FHE L CTHE{§% 45K
T 5, pix2pix ZEBIIEMRPAREMRDP DD 5 & 5 WCHEBEBR 7R > TWEREDH S
BMHDHFETDHD, LOPLKEDRTIZR>TVWAEEDT—&ty b 2ERT 2D
IR0 D Z D 3 2 A C £ pix2pix DFETH 72 —F CycleGAN T
XERBR T > TW 2 RED L S AN SN BB Z MROBERAN L LT 2 Z e dd
TE 5%, TROBHEUHIZ L FEEITS, CycleGAN ISR D & H BRI O FHIEGH
JEZATO TR Ko THAMR LEEZEB L TW5, D% D ZDODRL 2 HBOE KD
HXNGBIRZE Z B 21To T\ 5,

CycleGAN 13 & L CHEH D GAN O Discriminator ¥ Generator % B EH A G D
BIMEICR o TW5, CycleGAN TIE R XA ¥ X OHRE x ITHT 2 FX ALY OF
By lZoWT, X206 Y OEREFET 2120 TRHRIY 26 XANOEBRDHEEEZITI,
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FhPhOEHRG: X Y EBRF Y - X RS, ThoDEHITHLTRXA ¥
Y OEiffy THEH FXA Y X THEEG x »SEMLEGR G(z) =Y Zi#FT 2
WA Dy, —H FEXA4 Y X O x THEDFRAAL VY THEHERy H S4M L 2H
% F(y) = X' Zi#J3l3 2:80188 Dx 0FES %, £ G LiAl#R Dy 1200 TRl
PERIERD X512k %,

Loan(G, Dy, X,Y) =Eypion)10g Dy ()] + Eznpya.a (@) llog 1 — Dy (G(2))]
(3.7)

ZOROHMINE G OF/MEE Dy OfA(E ming maxp, Laan (G, Dy, X,Y) TH 2,
Y5 XS IERMF LA Dy I2oWTHITRMELIZIRD X 5127k 3,
Loan(F,Dx,Y, X) =Eqvpy, @) [l0g Dx (2)] + Eyapya,allog 1 — Dx (F(y))]
(3.8)
[EFRICIC ming maxp, Loan(F, Dx,X,Y) 2Rk 515,

HHODO GAN O X5 ITAKSR LMl 2 B4 FE L TH I A MHARRHELLGZ2 52
YW TERV, 7T CycleGAN TIRERD XS H A4 7 Lr—BHEEIBEZ SN TH
5o VA ZN—HMHERTIEIEHRL LEGZELE L Ro—HEME2RO7DI¥E %
1795,

Loye(G, F) = Eppgora (@) [[F(G(2)) = 2lli + Eyopra ) IGE W) =yl (3.9)
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4.1 pEIEERG

BEAFZECTH 5 [4] Tld GAN IZ X 2 TEBGEIGE 1TV / A X5 S EREREITVENS
KEoTY—RAFAA YHBR—7 v b FXA UADEBGEIEZTS FEZIEZELTL
%o YR TR ZENETRERITOATOAEFHOT /) 7 - a VI X 2MKRER#HE R 2
DARFEFRT 272D 7N LUV TOHE L LEBIEIGZRATWS, D7
DIZY —ARAAL UmBER =5y b FXA 2 OEHEITS A G O¥EEITS 20D
ETUZ GAN Z8IR L7z, ZOBR GAN 082175 LRIRFICZ X 7 O HWTH 2 [H
RO FABRDOIEEDFEREIC_EAY 2 & 5 1CAERAE L kAR O EH %2175

INEDFHREICE->TID20EBr 206 DFii%ZToTW5d, —D2HE 125 10
ODFEHEEF—XLy b TH2S MNIST 2 5FAKOFEET XLy bTHS USPS AOD
SEEGEIG. — D HIE MNIST » o B RESKIEINTWS T =X+ v b MNIST-M A
THIEGES, RBRICHEA BRAR— XA THRIGENLENRETO/NS R A TV 27 b DT —&
+ v FTH 53 LineMod 75 CAD EF L2 BVWERIHEABZR—XTL VXYV 27F
% Z & TERK L 72 Synthetic Cropped LineMod 2 Y — R L&X—% v v 241 P F 0
@ Cropped LineMod & LU 7zfEGEIE 21T > TWb, 24151 TensorFlow?2 (2T Adam
optimizer Z W THEF XN TV, R LTINLDERITBVWTY —XDARAD
FHEX D EMFUC L 2 FEDRD BVIEE TOMIRGRIMEZZER L7z Z £ T GAN ZH W
T TEIEGE S K B2 VARRER A R 7 DIRRIIBENTH 2 Z e RS NTWVW 5,



4.1: ((a)MNIST @Y — R, (b) AEREE, (c)MNIST-M 07 —Xt v b oKk
BT L WER

4.2: Synthetic Cropped LineMod & D AV 24 /L® Cropped LineMod 231\ Ei{§
DA
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Model MNIST to | MNIST to
USPS MNIST-M
Source Only 78.9 63.6 (56.6)
CORAL [41] 81.7 57.7
MMD [45, 31] 81.1 76.9
DANN [14] 85.1 77.4
DSN [5] 91.3 83.2
CoGAN [30] 91.2 62.0
Our PixelDA 95.9 08.2
Target-only 96.5 96.4 (95.9)

4.3: BFRITBT 2 P HREE

CZTHHENTVWE 7 —F 727 F ¥ I3KD@ED £ ko THDH, T I T PixelDA &
FHENT WD, Elds Gld. ARG xs &/ 4 ART MLz 25 LU TH§RZ 4K
LTWd, anlds D&, FEEGREABEBGROEN 2175, & X250 T &, HE X
277Ny BRAELTWS, AFTA4 K1, 64F v X RNVDEAAAIZ, HHEHPT
¥ n64sl ¥ FRRE N3, Irelu & leaky ReLU nonlinearity T# D, ZBN (3 Ny FIEHH
L/, FC 132 adfiEzRk L T\5,

* '/r Generator (7 \\ ol

Residual Block

(L2
1

Residual Block

B 4

i)

o /

X 4.4: Pixel DA D7 —F% 5727 F %
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4.2 GAN IC & 2 EIEE R

CycleGAN % HW/BEFRTH 3 (3] TIE. 7/ 77— a ¥ Eh-BHEOBEGT —
Kyt HBEOERT — &2 2AER L TEBEBOEBRICE T 2 HEEHEOBE Y 27 4
D¥BFFHERRREL TS, ZOWFETIE CycleGAN % W TER D EI{S D & R DA
E{REER L, TNOIRKBEEOY /) 77— a ¥y 57— X EMIEXE TURBRHER DAY
ToTW3, EBRTIIBET—ZDATO¥HE, hORMT—ZDATOFHE, BET—
R BWORMET —ROEET =2y MK 3%HE, BT —X0ATO¥HE, ®HET—
REBET—RDOBEET -2ty MZX2FEZITVHEEOETLVZERL. 206
DETNDFHEZ LR T Wz,

B ARCHEH XN TWzE 7UE Faster-RCNN TH o 7z, F72. E 7L DORHMEIZEIC
¥ mAP ZE8RHL T,

fiam Cld. BEDOEBRT —ZDATERZToLET VLD S BHETFT— & L KM T —
ROBET =R FBEITolET VOAPENT VS ZBBRREN TV, Zhld
B7F =2 THE LZET LV BB BORBOEET — X TEELIZETAMRBEAL
O BAERME LN TV,

—_— CFAE
fy =0
Cip
Day Images I N —
Might Images
| i
J F !.:',1:. =0
Gr; "
=

4.5: #XHD CycleGAN 7 —F 77 F %



X 4.6: AR X =B H OE{ER

X 4.7: HREF—Z 0 6EBM L a0 RPT—2 7 /) T7—a v

REEoNERE S 7ICL2dDTH S, X4.8 TIIR L BOEBRIZES S
F—Xty M 3FEEMAOKETH D, ZhCKZ L BEIOTF—XEy b T
FEHLLETLVID OB EBORDERZEL T —X Ly FALDRVWHRZH LTS
O —EDOMREELEERLTVS, $M 49 EROADT—X Ly MIHT
2 ETHHEORERTH D, FRICBIETDOT -2y b TEEHLLZET VLD HBOK
DHEBEE XVB L BORDERD T —Xty FPRWHEREHL TS 2205 —EDH
RE[FLRHEERL TV,
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day .——l—{ 83.8+15
day+fake-night }—* 90.5+0.6

day +night

70

fake-night

fake-night+day

night

T0

75

a0

85
% mAP

a0

4.8: B DT A b7 — RIS % aHiifE

75

a0

—H
. |

83
% mAP

—H

90

4.9: WDADT A b7 — XIS 2 FHillifiE

* 94.5+0.1

95

495

74.2£1.9

84.7x1.2

86,607

92.0£0.8
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Cycle GAN %= AL\ =490 H oD pEiEl
1 it

BERFZETH % [3] Tl CycleGAN ZHWTRHEOF—&Zty b WHDOTF—X v
FrSFE L THOT -2ty PEERL, R LT %ty ML o> THEIHOY
KH DR E LT =Ry hZICETVEFHEL TV,

REBTRIZNLOHEL 7A 77 2B L, BEHEOYEMRIIT DOV THFRER O
T—&ty P eERBERT -2y PRABALTT - ZIRRZTV. ZHUTE > THYE
L7V S D F i HIERIC K o TE D & S REREB SN0 % 5,

WRIER O T — &2 L BRERO T —&X £y MZOWTIZ BDDI00K 0% O 2 HRH T
%, BDD100K IFHIFHE S X 72 ko TO N KREOBEHEZRO R I ZNHE T
JTr—=Yav lEmeEat T —4&ty b TH3, BDDIOOK OF =&+t v MMItkk
KRBEEIC Lo THT T4 RENTE D ERRRFAF KAERE, R A0 E [ O IR |
EHEE S —RGER R TAT R N TE S, £7 /7Y a VIERICOWTIEY
BONY T4 TRy ZARFTRELIPED I X T —2 a VIERPETZY 7
DETRAYT—=2arREDBFEATWVWS, BDDIOOK OF —Xt vy MIFLOEATA
XT3,
https://bdd-data.berkeley.edu/portal.html
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X 5.1: BDD100K OE{RIZY /57— a YHRENTWS—f)

T 5.2 DR IX CyclaGAN DE T NLVOREEZ R L TW5b, RITIXAERMS G I
KD Y — 2 Hifg%E AN L, FRICAERS FIQIZERERO Y — A@E§RT— &2 %2 AL
TW5, ThoXhmd G LENEGF Bzhehi—5 vy b OTHEBUSEIG L 72 RO ERE
EIRY & BOFRIEEGR X 2ERT 2, 2hoBEfRe Y — REGRZ#HNERCATIT 5
T L TR L MBIBR OB AT S . RIS G DM RIGEI G & KT 72 D
KigEigzER T2 Z e 2HIEL, ZRUCE > TERINZEEROTFT— Xty F 25—
KPR LCRIAY %,

Generator
G

'

D|scr|[r;1y|nator O

Discriminator

Dx —O

Generator
F

I
I

$

5.2: REFTD CycleGAN DR

CycleGAN D > 2 7 L IZHFRIGERFEI 5 2000 2 & R RS 2000 KD 7 —& £ » b
ZANUARGEDOFEE 21T o7, Al ZHWTHRFROEBKR T — &%t v 2 5B RE
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REOBEIRT — Xty M RERT 2, ZORFRERERTOFIRO BRIz
FEERBREORAZANEEIND /D, bbb DT /) T—aryr—Xz2HOH
BT =2ty PANEZDEEMESELIENTE S,

AR L 7B EIGR B K 5 R, BREROEOEGRZHWTHBo 7 —%ty b
EUER U7, MR OEE 2175, 2o 0WEMERE BT 27 A7 -4
XS %2 mAP TOFHEZITV. BOERT — X DILIRIC X o THED £ 5 Z & %
RT3,

FHMfFERET H % maP & COCO evaluater TIREX LTV 5 COCO mAP OFEZEF]
3%, COCO mAP TlX 101 i AP 2EAXINTED. ToU ORIMEFEEFH L
THERZ T,
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6.1 EERAE

CycleGAN I Ko TEEZITHICH T2 D CycleGAN FiiX DJHEZE [6] TH 2 Jun-Yan
Zhu K23 Github T CycleGAN o 7ma 77 2% "L TW5, LINEZD URL T
D5

https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix

DT v T L%k github E S0 — B OEEAY clone 35 Z & T CycleGAN
RFHT 228N TES, SROTRT T L28h L~y Y OFETREIROED T
b5,

+ Ubuntu 18.04.1

* python 3.6.9

* pytorch 1.6.0

* GPU GeForce RTX 2060

- CUDA 9.1.

FEHADT—&ty b UTCERER, FRERKO 2EHEO T -2ty bE2HEL A
H1%1T272; BDD100K TRES N TV S HERDOY A X1 1280%720 TH S, €DOEE
EHT 2 REREE IR 20020 ZNLDERT 2T ) T—a T —
X DY A X225 L CycleGAN 12303 2 ATHIR & B HEIRO Y 4 X% & 1T 256%256
L7,

Z D% CycleGAN IZ X > THEMLTzT =&ty b EHWTEBOYIRR AR D FHE
21795 PIEHIX GoogleColaboratory |T detectron2 % W TIT - 7z, ¥ARHIZR
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DETNMIZIE Faster R-CNN ZRH L7z, ZNZFNDFEERED Ny FH5 4 13 128, A
TL—2a YEIZ 8000 & L7z, BINCEE DR T LWkt E 2z COCO
evaluater Z H W T COCO mAP 12 &k 33Hfi %217 - 7=,

F=#Ey [ F=HEY [

AR Faster R-CNN - - Balil
T
Hh

6.1: EERDEEAY RN

6.2 RET—H

FEi7— & LT BDDIOOK OEI§ET—%%7 /)7 —>ary7r—XEffHT 2%,
BDDI00K ®7 /7 —>a ¥y 7 —XEMEOEA 7 + —~< v b TERINLTWS json
7 7 A VTR EINTWS, FEZ detectron2 B XX COCO evaluater 23 2 #&
LZ20FEFx07 &2 HHT2DTIIRSENSLZ COCO 7+ —~v MERITEF L T
PHLEST S, HHLAEZCOCO 74—~ MEIXK 6.2 D X5 BHEKICKE > TV,
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{
{
"categories": [
{"supercategory": "none", "id": 1, "name": "car"}
1,
“images™: [
{“file_ name™: “(7 7 4 L% 1)", "height": 256, "width": 256, "id": 1},
{“file_name™: “(7 7 4 L% 2)", "height": 256, "width": 256, "id": 2},
{“file_name™: “(7 7 4 L% 3)", "height": 256, "width": 256, "id": 3},
{“file_name™: “(7 7 4 JL%&n)", "height": 256, "width": 256, "id": n}
]
"annotations": [
{
"image_id": 1,
"bbox": [x1, y1, x2, y2],
"category_id": 1,
“id":1,
1,
{
"image_id": 2,
"bbox": [x1, y1, x2, y2],
"category_id": 1
“id":2,
1,
{
"image_id": n,
"bbox": [x1, y1, x2, y2],
"category_id": 1
“id":m,
}
}

6.2: coco 7 ¥ —~< v b DK

Z DA TIE F 127 categories”, "images”. “annotations” ® = H THERL X LT W
%, "categories” TIIMHIT 227 7 AT XIVDIEEZIT->TE D, SHEDEBRTIXEDA
DR EITS 72" car” DADIEE L 72> TW53, "images” TIXERD AT id OREHE
DINETNTWVWS, 7annotations” TIEZNENDHEHBRICH o TWEYMEDANDY ¥ F 4 &~
TRy ZRETRAVDT )T —2ayPRENT\W5,

BT — X2t b2 5 RIFFMEB O E B 2000 # & K g R a5 o #2000 K%
AT %, ZZT BDDI00K DE{RT — ZIZH 4 X5 1280%720 TH 20, ZDE
CycleGAN 12 A LCEB % T 5 L BEMIAAH D FETLES 2. FEOH A X%
256%256 N VPV A XF 5, ERHMIINLEBRY A XD 256%256 TH 5, CycleGAN



6 SR 33

THERT 2HBDOT—REBUIA 7> 2 > T 200 ICEREL TEL,
AR THEE T2 & 7KLy PERD XS ICHET %,
1. B RIERE DR 7— &+ v b (1000 ) : clearday
HOBERERFOEIR T — Xt v b (1000 ) : fake_rainday
HOFRIEREOE ST — Xt v b UBDOERREROEHT — 2+ v b (100041000

2.

3.
) : clearday U fake_rainday

4. EOERIER OEGR T — %t v b (1000 #) : rainday

5. BORIEROE SR T — &t v M UBDEREROHE T — %€ v b (1000 ) :
clearday U rainday

FLID5D2D7F =&ty MIIRLT, UFD 22007 R 7 —X5M T TaHfiZ
179,

A TR NHERGERESET — 212y U TR NHATFRERESHT — 21y b
(100041000 #R)

B. 7 2 b HERBEREGR T — X £ » b (1000 )

20DT AT — XM RNTHMtiE 3 2 8EIE, 2heh NERER L RIERFAE
T 5EEOBRE R TOMRKE ) ¥ TEREROADERE FTOWRKRT WS HEER
157D TH %, 1-5 D7 =Xty MZX2MEBHERDYE 2 Zhzih 10 [H3 2170,
BAEINZ AB TOZN 5 OFHEDEEDEE BH T 5,

6.3 SRERAGR

CycleGAN 2 &k o THTF — 2RI N7ze KOG S F L ERAH T & EGOHIT
B2, M EMOIFRIEDOHEGE B ¥ \ERIERFEMOEIRZ LR L TV 3,

L LTRTOHEBELE S £ AW TE b TldRd, TioBEEO X5 I cHM X
HEOIEROEREDPER SN2 HED Do Tz,
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6.4: CycleGAN 12Xk > TS F KT X o - HIf

EFNZROYERBRHEICIB I 287 A b7 — X N TOFMEMED 13 Lo b T
D%
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rainday test AP AP50 APT5 APs APm APl
rainday 34.5652 | 58.8103 | 35.638 | 26.5633 | 73.2255 | 74.9533
clearday 32.341 | 55.7713 | 33.2901 | 24.5773 | 70.0056 | 75.0323
fake_rainday 33.1949 | 57.6023 | 34.1313 | 25.4497 | 70.6998 | 74.3687
clearday U rainday 35.2087 | 59.6696 | 36.6032 | 27.1416 | 73.7686 | 78.2359
clearday U fake rainday | 33.6476 | 57.4971 | 34.87 25.7221 | 71.6435 | 77.2486
clearday U rainday test | AP AP50 APT5 APs APm APl
rainday 31.897 | 54.5022 | 32.7796 | 24.7064 | 73.4686 | 74.959
clearday 32.0764 | 55.1994 | 32.8462 | 25.0145 | 72.7797 | 75.4834
fake_rainday 32.1893 | 55.6538 | 33.0023 | 25.1742 | 72.9644 | 74.6664
clearday U rainday 33.4399 | 56.9645 | 34.5205 | 26.2236 | 74.9734 | 77.954
clearday U fake rainday | 32.9069 | 56.2252 | 33.8395 | 25.7229 | 74.1256 | 76.6915
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clearday U rainday_average

,s Wl III (1] —
AP APm APl

AP50 AP75 APs

2]

I
(&1

W cleaday M cleardayU fake rainday ™ cleardayU rainday

7.1: clearday U rainday_test DM

rainday_average

65
) |||
. il ml .
AP APm API

AP50 AP75 APs

H clearday m fake_rainday  clearday U fake_rainday M rainday

7.2: clearday U fake_rainday_test TDI{H

36
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BT AT =2 THRLALFEHEICOWT, ZhZhEZ L FAFoN2HEIICD
WTIREH LT 8.1 ¥R 82D XSV F 7 TR, INLINLTEREZTI,

FFEUDHICK 81 TWET A bF—2X& clearday U rainday X3 % 7Hifi D F15
HEIZOWTEREITS, ZOKDZI7 7T YBHIFTWBEFT—XE v b clearday.
clearday U fake_rainday. clearday U rainday T8 L1-VEBHEEDOD DEZNE
NS 2, BETANT =X R UMK TH 5 clearday U rainday THE LYK
BMILEPROFENEHS KD I eBEZIONS, £EBRE LT dearday 120 L THA
RZ1T o7 clearday U fake_rainday X DREENIELKRBIZEEEZONS, LIzhoT
[clearday < clearday U fake_rainday < clearday U rainday] £7%2% Z & B PHITZ
5. RBEORBT -2 D75 7% RTHLEFHED ICFHIEDORE S AT TD,
DERR C I RIER AT 2@ E ORE T ToWEmt) B THrT—Xick 3
7 — RYLRICIENRD D 5 L F R b,

RIZFREDOBIETX 8.2 TD T R b 77— & rainday (33 2 #Hfli O FEEMEIC O W THE
BEIT5, TORDTI 7T hHIFTWBEF—&ty b clearday. fake_rainday.
clearday U fake_rainday. rainday THE LV EBEEFED b O %2 Zh Z 0
T2, ZHH THEHET AT —XEFUMETH % rainday THE L VAR
HEEDPROHENELSRDZ2IEREZIONS, £LFEE L LT dearday 12X LT
JRIR 21T o 72 clearday U fake_rainday DX DFEEI®EL R eEZ NS, Lk
D35 T [clearday < clearday U fake_rainday < fake_rainday < rainday] ¥ 7z1%
[clearday < fake_rainday < clearday U fake_rainday < rainday] 7% % Z &5l
T&%, REDOFERT - 207772 A THLLBBLRATHED ICFHBEDO R E =5
Wi A 72728, TERER D ADREDERE R TOWER) W TRT—XIcL 27—
RILRICIIFNRD DB L FE R %,

INHDZ eh o BERIERICH T 2R OHEIPIC B VT CycleGAN 12817 514
T—XOEBAERE ZhE W7 — XGRS X 2RI —EDMRIELNZ Z
EDTREINTZEFR B,
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+za
P ol

AT CycleGAN 2 X o TIFRBRD 7 ) F—> a v F— 2 E2FHATE 3145
DERBERD T -2ty bDER, $thZ2AWTTo LML DEE & Z DT
iz T o7 L2 LESHEOERME. K rainday 7A T =&ty MZEBIT 55T
i O FEEIE BN R R 3R o R o7, £F APl OEXTEL L 2N T
W3 Z LI LTI COCO mAP Oftkkp 6 KREWYIHEZ THIS 2 7291235 E D
T—2ty PR EYTH oI eDBEZILND, RIZT T 7D AP, APT5. APs,
APm TlZ [fake_rainday < clearday U fake_rainday] &7 o> 7=23, AP50 IZ2WTIX
lclearday U fakerainday < fakerainday] £7 > T3, ZAUIDOWTIDES12
BRoleZl b Z@ATE 27— XMW OFE L WHEIZAHTS D M EE RO 7 —
ZORD OAREMED H 5, ZAUTE L TIX 10 Ho¥EFHEO £ v FEHEHEPLT &
TR TE 203 LAV, L LWTHICH X fakerainday Z A 727 — X+t v b
clearday BAD S D X D BRI D 572 Z & HRE D S EIO 7 — ZILERITIIIN R DI H
5ZZMLTWA e, EREMETEIRNEEZ S,
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Ef

KX DREIC, HENPSHZ L O THHEZ L TW WG 28I 00 5 D&
MENLLET, EMELT2CHLDIFE LWLV EDOERICZ S D
R A VAR - N



40

S Xk

1]

2]

3]

(6]

7]
8]

[9]

[10]

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton”’ImageNet Classification
with Deep Convolutional Neural Networks’(2012)

Karen Simonyan and Andrew Zisserman” Very Deep Convolutional Networks for
Large-Scale Image Recognition” (2015)

Vinicius F. Arruda, Thiago M. Paixao, Rodrigo F. Berriel, Alberto F. De
Souza, Claudine Badue, Nicu Sebe, Thiago Oliveira-Santos” Cross-Domain
Car Detection Using Unsupervised Image-to-Image Translation: From Day to
Night” (2019)

Konstantinos Bousmalis, Nathan Silberman, David Dohan, Dumitru Erhan,
Dilip Krishnan” Unsupervised Pixel-Level Domain Adaptation with Generative
Adversarial Networks” (2017)

Ian J. Goodfellow, Jean Pouget-Abadie , Mehdi Mirza, Bing Xu, David Warde-
Farley, Sherjil Ozair, Aaron Courville, Yoshua Bengio” Generative Adversarial
Nets” (2014)

Jun-Yan Zhu, Taesung Park, Phillip Isola, Alexei A. Efros” Unpaired Image-to-
Image Translation using Cycle-Consistent Adversarial Networks” (2017)

Mehdi Mirza, Simon Osindero “’Conditional Generative Adversarial Nets’(2014)
Alec Radford, Luke Metz, Soumith Chintala ”Unsupervised Representation
Learning with Deep Convolutional Generative Adversarial Networks” (2015)
"Phillip Isola Jun-Yan Zhu Tinghui Zhou Alexei A. Efros’Image-to-Image Trans-
lation with Conditional Adversarial Networks” (2018)

Olaf Ronneberger, Philipp Fischer, Thomas Brox” U-Net: Convolutional Net-

works for Biomedical Image Segmentation” (2015)
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DR TREBTICHERALEZFTER S 05428 T, 2hoo 7 ar o A
GoogleColab ETEHEL TW3 Z & ZHERL TW 5,

Googlecolab T detectron2 B XUV FEELBEES A 77V Dty b7 v 7

(S S N O]

© o N O

10
11
12
13
14
15
16
17
18
19
20
21

YV —ZXa—F A.1l: xlmload

Ipython -m pip install pyyaml==5.1

import sys, os, distutils.core

lgit clone ’https://github.com/facebookresearch/detectron2’

dist = distutils.core.run_setup("./detectron2/setup.py")

Ipython -m pip install {’_’.join([f"’{x}’" for x in dist.
install_requires])}

sys.path.insert(0, os.path.abspath(’./detectron2’))

import torch, detectron2

!nvcc —-version

TORCH_VERSION = ".".join(torch.__version__.split(".")[:2])

CUDA_VERSION = torch.__version__.split("+") [-1]

print ("torch:_ ", TORCH_VERSION, "; cuda: ", CUDA_VERSION)

print ("detectron2:", detectron2.__version__)

import detectron2
from detectron2.utils.logger import setup_logger

setup_logger ()

import numpy as np
import os, json, cv2, random

from google.colab.patches import cv2_imshow
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22
23
24
25
26
27

from detectron2 import model_zoo

from detectron2.engine import DefaultPredictor, DefaultTrainer
from detectron2.config import get_cfg

from detectron2.utils.visualizer import Visualizer, ColorMode
from detectron2.data import MetadataCatalog, DatasetCatalog

from detectron2.data.datasets import register_coco_instances

COCO FERDF—%&+t v b % Detectron2 O F — XFERICEHF LT —Za —X—%

19

ZOWEBAAT X =2 DLy 7 4 ¥ FRITCEREETT 50 BT 27—

ty MEIZT 7 A VBN RDEEZIT I,

10
11
12
13
14
15
16
17
18
19
20
21
22

YV —Za—F A.2: xlmload

register_coco_instances("images", {}, "./images/U
bdd100k_labels_images_cleardayrainday_coco_256.json", "./images")

cfg = get_cfg()

cfg.merge_from_file(model_zoo.get_config file("COCO-Detection/
faster_rcnn_R_50_FPN_3x.yaml"))

cfg.DATASETS.TRAIN = ("images",)

cfg.DATASETS.TEST = ()

cfg .DATALOADER . NUM_WORKERS = 2

cfg.MODEL.WEIGHTS = model_zoo.get_checkpoint_url("COCO-Detection/
faster_rcnn_R_50_FPN_3x.yaml")

cfg.SOLVER.IMS_PER_BATCH = 2

cfg.SOLVER.BASE_LR = 0.0004

cfg.SOLVER.MAX_ITER = (

8000

)

cfg.MODEL.ROI_HEADS.BATCH_SIZE_PER_IMAGE = (
128

)

cfg.MODEL.ROI_HEADS.NUM_CLASSES = 1
os.makedirs(cfg.OUTPUT_DIR, exist_ok=True)
trainer = DefaultTrainer (cfg)

trainer.resume_or_load(resume=False)

trainer.train()
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1 cfg.MODEL.WEIGHTS = os.path.join(cfg.0UTPUT_DIR, "model_final.pth")

2 cfg.MODEL.ROI_HEADS.SCORE_THRESH_TEST = 0.6

3 predictor = DefaultPredictor (cfg)

4

5 register_coco_instances("rainday_test", {}, "../test/rainday_test/
images/bdd100k_labels_images_rainday_test_coco_256.json", "../test/
rainday_test/images")

6 from detectron2.evaluation import COCOEvaluator, inference_on_dataset

7 from detectron2.data import build_detection_test_loader

8 evaluator = COCOEvaluator ("rainday_test", output_dir="./output")

9 val_loader = build_detection_test_loader(cfg, "rainday_test")

10 print(inference_on_dataset(predictor.model, val_loader, evaluator))
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