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ABSTRACT

Mobile mapping systems (MMS) capture geospatial data using vehicle-mounted
sensors and cameras for generating digital maps from capturing equirectangular
panoramic images with high definition. However, the collected images contain unwanted
information that needs to be remove for further use. Although object removal
approaches have been proposed, these methods may not be well-suited for MMS
imagery due to their unique characteristics and processing requirements and require
more time processing. In this study, we propose a Generative Adversarial Network (GAN)-
based technique tailored to remove unwanted vehicles from MMS scenes. To handle
the challenge of inpainting full panoramic scenes, we convert MMS images into spherical
coordinate system to extract viewports containing target vehicles and remove target
from image. Subsequently, a Pix2Pix-based inpainting network is employed to inpaint the
target object in viewport. Our approach has many advantages such as 1) our method can
inpaint target object not required information other than information in one image 2) our
method preserves the output quality while efficiently processing large raw MMS image
datasets. Considering the characteristics of MMS datasets, our approach is appropriate for

MMS image datasets that require computational efficiency.

(Total 107 Pages)
Keywords: Object Removal,Mobile Mapping System,Generative Adversarial Network
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340,-0.598,0.475,0,1,1,00;0;0;0;0;8,0.1

120,-42.753,-06.651,0.577,0,1,1,(0;0;0;0;0;0,0.1
122,-44.063,-0.533,0.639,0,1,1,(0;0;0;0;0;0,0.1
123,-45.166,-0.299,0.636,0,1,1,(0;0;0;0;0;0,0.1
128,-46.17@,-6.300,0.603,0,1,1,(0;0;0;0;0;0,0.1
134,-47.024,-08.307,0.610,0,1,1,(0;0;0;0;08;0,0.1
130,-47.825,-6.049,0.681,0,1,1,(0;0;0;0;0;0,0.1

134,-48,489,0.213,0.715,0,1,1,C0;0;0;0;0;0,0.1
138,-49.142,0.269,0.701,0,1,1,(0;0;0;0;0;0,0.1
144,-49,761,0.333,0.657,0,1,1,(0;0;0;0;0;0,0.1

AW 2-2 Yeyadiinsumi

2.2 AMWWIUs1an (Panoramic image)

Ay [11] Aeamaief dyuueiniauagainugainninnmatedni oy

f1EAIMMANY 9 A1 waNNAIMNIEEAY AU INENTaaBANITINL BN TUBATI

Ieigatia 360 a9 douthundudonlusiaiiowssianusovesiulaseudirnie Ukuy

~ o &
YOININW US4 E‘ULL‘U‘U U

AW IRUUTEUU (Planer panorama) Wunmsnlusinfdnmlndidssiunm

Unf finsdadervesnmaniies wiolifinnsdalenes masenmyiadaziremeyues

TaiiAu 180 29fn

a

e

——

ANA 2-3 AWIlUT I UUTZUIU (Planer panorama)

[12]

AMMLUsIMSINsEUen (Cylindrical panorama) Wumnlusunfdiyuuesinue 360

93A1 dnwarveInmmleusglufmsinszuen

AT 2-4 A WrlusmIMSInsguen (Cylindrical panorama)

[12]



A lusmmsanas (Spherical panorama) WumnTus i fdsuen (wuaueu) 360
93M1 WAEAUNIN (HUIFY) 180 B9 ANwazN sUBMilauaglunTINAY Wendesn 3un

Equirectangular wagiidnsid@iusugninesiuning \u 2 fe 1 Laue

AN 2-5 AmwlusIuImsInad (Spherical panorama)

AMTUSINIMSGNUIAR (Cubic panorama) Wun wnlusiunfidnwazammilieu

3

wganenulungesd@ivdey Fallnm 6 i ammlusumsgnuiAidvangiunisinam

WlusRuUNSINaNIUSuLAd L ldauysal
> w3

AN 2-6 AMNITUTINIMTINUIAA (Cubic panorama)

2.3 nsaunwing (Object removals)
msauinglunmdunszuunsildlunsuilvamadvaiiieauingiilidosnisoonain

amiduq Taevhilunsaviagluamiingussasdifiedatoyaniountesnududauin

(privacy) wasjau Tnehluisnsauinglunindmiunisundesenuduguin fhldineda

NsUsERNaNANIN (image processing) laun



M3sEUETiv (Painting) luudnaingilisisanis WWuasnsivhladdeiian Tnenisunud

finwa (pixel) vosingidmunefinesnisausmeiiniaddu Sauidndsn1sainaiiagaiunse

[

Untamnududiudala egnalsimumeiiaiindwmansznulunivesnunimvesninanas

2819370

Al 27 Ansszunesiu (Painting)
[13]
n1ssuae (Bluring 4 wduisnsiildedrwunsnane Tnedinadadivainvans wu
Gaussian Blur [14] sananaauresingiidesnsaudiensldnisnszaneamdaniumgs

Y9319 %38 Lens Blur Favhlinninggniuaslagn13dnaeniniaudnged

]

L el

~

ANl 2-8 ﬂ’]iL‘Ua (Blurring)
[15]
nsanALaziden (Pixelization) Buduatnsudlunmitiasuduvesnnwliduuden
yosfiniwatignueny wu amlanan (Mosaio) Wiieundeaseasidenvasingitlisiosnisliiiiy
wu msundealunth Wudy iedediivszansamlunsundeseazdenlasliauingoon

NN UaZaIUNTUTUTEAUTDINITUANITIHaLDER ING AR UABINTT



AW 2-9 nsanAuaiBEn (Pixelization)
[16]

2.4 nqsﬁau;’,s'l,%qﬁnl,mué’a%’w (Generative deep learning)

JuimadianaFeudidndoainadomvesnimdulm sutaguszasdvosruthnne
Wy udals Msasienindiazastunud waznisasianmaua Wudu Jagdumedianis
Seudiddnuuuiadanunsawuseanitu 3 winns laud

2.4.1 Variational Autoencoder (VAE)

VAE [17] ulanalasshedssamifiendiannsaaiistoyalmiffanuadends

Audeyaundn VAE Usenauldale laseneussanmiieudes 2 67 laun dud19ia

(Encoder) wazsiinansia (Decoder) Aatrsvaagyiminiulasteyadndrlvoglusuves

faa o

nnmesiARMuULeu (low-dimensional latent vector) L3184 distribution v83taya
YugidInensiaazi latent vector Ndulaluaistoyaluioanin Tnenisneeimaenidiou
Poyatd Tumstnaulanea VAE dwfumsiiunmagldyadeyadlsznoulumeninnieu

waznasauingidmung

X » > . >
— i} i} { —
Input Encoder Latent Decoder Output
p ) Space "

A 2-10 Variational Autoencoder (VAE)
[18]



2.4.2 Generative Adversarial Network (GAN)

Generative Adversarial Network (GAN) [19] 1 ulainalassyneuszanmidioudi
Usznauluie Tasstneuszaniiiougos 2 dau ldun Generator vt adisgunm
FuAs199 way Discriminator Mifimilunsuenueznmdunszdsunmasiosnainiu Tng
finszurunstindulasstneUssanmiisndesaasaiusiuiunuaunisi 2-1 Tnonadnsild
nnsindulina GAN fifle Generator sdinuanunsalunisasnsnmlniannamiiig

Lean = mGin i V(D,G) =By p,,..0llog D(x|y)] +

Ezp,2) [log (1 = D(G(z|y)))] (2-1)

Training
Real
Sample ‘
o
Z+——» Generator G |— IDisenmnator D
: > Real Fake?
~— Generated
| Sample _

m‘wﬁ 2-11 1A59%918 Generative Adversarial Network (GAN)

[20]

2.4.3 Stable Diffusion (SD)

sD [21] Wuluealassneuszamisunldlunisasravs sudlunimaiudaniu
(text) Ine stable diffusion azUsenaulumie 2 d@unan bown @ diffusion F9VNATNAd319
noise WA¥N1SAU noise (denoising) eaN3NTeLa uazaLlIUAG generative Favntifiasie
Payalriang lialen1sdeuteninu uage1 noise iieAtuAnluAad1TUNITAT 190N

1 I3 - y v v A o

aeg4l3Anuluea Stable Diffusion ABN13UBLANINAMAINLAAIIUNAINNAIYTIUIUNIN
Winlainiulauna 9lUnintu SD §9999n15N5NEINTABUNADI LN D LTI UNITAS 19N INLAY

Uszananaraudvgaileiig uiuisou



Latent space

“—‘B;-*H Forward diffusion |—>| Conditioning

X, Z, Semantic map
Text prompt
BN ikﬂ'ﬂ‘—l" DDQD““
x-o J pred noise U-Net lTI
: ~J
1
1
L
¥4 precl

O t
noise

Al 2-12 Tasedne Stable Diffusion (SD)
[22]
2.5 Perceptual loss
Tunszurunisnsiadeuaugniasiuu aiiusindnisld Mean Absolute Error (L1
loss) #38 Mean Square Error (L2 loss) s msSeudlsuiiomanuunnsisseninenin
fivmsusiaiy fummaae wiisnisfinanlutu seseddlussduRneavesnn (Pixel-
wise) lildnesnmsamvasiann
MUY [23] 1,3’1LauamiL‘U?{UuﬂTwalmﬁmﬂmwwﬁﬂlﬂqfﬁ'ﬂmwuﬁq laglylasevie
Uszamidisuuuuaoulagdu (CNN) fiiuntsiseuiaingadeyavuinlug Ineld Feature
maps dadunadnsainduaeulagdu (Convolution) Aifiruansalumsadanudnyme

(Feature extraction) MUNWEAIIUAINA 2-13

Image
—» CHNM
(3, 258, 256) Feature Maps

A 2-13 Tasstreuszamifioauuuasulagdu (CNN)
[24]
%4 Feature maps Jannsathufuamuuanssseninsamdidnsuiaia funm
1ae Tnonsl93smstagvilinnsiusoudiouanuuanssluninsiiaunls @wnse

AlaMNENNISN 2-2
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> o 1 2
Leontent(®@,%,1) = EZ(FLIJ - Pilj) (2-2)
ij

INAUNTT p waY X WNUATNFUATU WazAINT Ui R xj; A® Feature maps U04
Hawmasst ith Aisums j Tusu (layer) 1 vesnmduatiu P uazamilutady F awssu Tag
nsSeuifiounnuuansamesuglndvesie 2 nm vildlaeld squared-error loss fu
feature maps suaﬂﬁgﬂ 2 9N
2.6 Style loss

Tumil,wiuﬁmgﬂmwﬁ?u UDNAINT YA YATDININA DUNLDUAUAINRALUA & way
aladvssnndesmiloutunmaasieiielidusesenitsdiuvesn iy fudruvesnin
Auatuamnsalniulapg19asm

Wi oI ANLEANA 1Eled v 91W3eE [25] wuedEnsiualagld Gram
matrices 11871 Channel C $1u3u 1, 19n3us (Flatten) Toglugu [N,C,HW] deazdana
Tiandnwazanizegluruin IN x C, W x H] ndsnifufailuaaf transpose 109iias
Wielsilel Gram matrix GedemAduuSsEinsAadnYy (feature correlation) Ye4AIN

ANUAUNITNA 2-3

Gy = ) FLE, 23)
k

ANEUNT G%j A9 Gram matrix ﬁmmﬂmsﬁﬂmmmaqmmﬂu (Inner Product) 58119
NAWB3 Feature maps i wag j lutu (layer) 1
1 2
2172 § ij ij
4AN{ M £

1)
PMNAUNITN 2-4 E| Aoszezrineszninsdladvesninludu (layer) 1 1 913 feature maps

$1uau N, Insusiay Feature maps Suuna My, e M; 1199nA2740999 nyy ANAILAINGS
ny 849 feature map BINMNAUATU A; LaZVOINNEULATIZA G
Tunseunamszezsihmnsualndonsld feature map annnane q 4 (ayer) itae
Frun aunsitlilunssisuisusudladduianan nmssumn q ssesvisseninealad
EZJE)GVlﬂ%u (layer) @méf’ssé’uﬂizﬁmémmﬁﬁmmaqLLGiaz%gu (weighted factor) auaunsi

2-5

L
Lstyle (a: 55) = Z wE} (2-5)
=0
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NANATT 3 Az X ADNINAUATULATNNTHIUNITISLAN wy AoduUsednsanudifgy
YBAALTU (weighted factor) 38N15A1LIMANLANAIA U RSN TawaRaduA WALl

NYALLDYAGINING 2-14

Ny X Ny Ne Gram Matrix
) +— >

®e®e0 .0 o oje|o ‘ il

o000 .0 @ oo 3 ‘
& ! , : l I l
Mol e RS X |ee|e s ¢ 11
B GEiS oo
HEI NN

Correlation between filters

Al 2-14 SEazBeansFuINANLANAIRuEled
[26]
2.7 Total variation denoising
nsusuUgsamlngldanaiuuysianun (Total Variation) [27] dussoguuuuian
A7 mwﬁﬁé’ﬂwmzLﬁuﬁﬂmu‘%aﬁwaqasmnizﬁuﬁuﬁamwﬁﬁé’zyiyﬂmiumuagmﬂ Fadana
Wﬁmmmﬁmm5%@%@@@%14%51’3&1 Tngermufundsaueionldmadunis
V(y) = ZJl)’iﬂ,j = yi,jlz + |yijer — )’i,jlz (2-6)

i,j
lae#l V(y) Ao Aranudundsyievun

NAUNITT 2-6 FA1UITODTUIUATLUIUNITHIUVDIANNTTEAT ANANNEULUTININUA

[
&Y

U lAnnsnNasINANkANA1NYeInaneglagsey Fanaunsil wiedilldiuama

(%
LYY 1 a0

fddeiuanm Arruduwdsilaesliandugud esnludiauuansisvesadnislu
winggnvesnn dlunsainglunmiidnaduiuluun Aaudusysnmunasdaiun

aun1smeNURuLUvLel asnsadildivenisusuunnunnlanmuaunisy 2-7
nin(E (x.y) + VD) (2-7)

d' & g v LY a = o [

aun1sn 2-7 [uaunsnldmuandanaInun1smnuren1susuUTnunImYesnIn
TmefiAn E(x, y) {WusinA1nnuuana19seninansdeann luanuidedenananlainainiin
oy o ¢ o a ' o v
Tlaun anaay wazandwasiein vinisiauanunud Tnaidmuie lagld

[

dl v} 1 1 1 1 < 1 £y} o
Mean Squared Error L InA1ANUKANGINYRININ duA A WWumdiUsAIvANAINEAty
YosrmNRuLUsmuaniideaunisaua Aglddiluusuldies ielvilinnumunzauiy
ANUABINITVRIN Az AUd T U ULARZIY WeA1 A = 0 duAeliiinnszuiunis

UFuusenannvaannlidduiuaranuiuwdsiiode Wedsulvan A daA1getu Aenis
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mvualiiinissulnmlaeduiuAmanuduidsisananndy iWhvanglunisldrainudy
wUsiianae Ao MsUSuugsldnmadiaanuduwdsiavan V(y) deeiign uazA1anuwansing

senenn E(x, y) tesiigaiuiedniy

Original Noisy image Denoised image

amd 2-15 nmnpukaEMdIInnsrUINNIMsUulsanmlngldeanudusustome
(Total Variation)
[28]
2.8 nuATeiigados
2.8.1 MSRNNINEIBNITUNLT (patch-based approach)
Jumaianaidunlaglidoyannuinudurionnamdug Afiennietes
fuaminguimneiidesnisavnifurmsdasendeyadandundsluduiignauiiol
sUmMwiAamNaNysel JefvesitnsfunnsneIsnsunudidelinadnsanysaiuazdy
sssutiiesandruvesnmingiivensasgnunuiidasa mitundeess
iAde 2] IhaueBnsannanlumsdundeyafiieglunwilefnasnuiis

v o w )

daufignau Tagldanumuiuiuresnudud (isophote) tiledndifuanudidnuesdoya
e doyalunmitiarmndululdisduduimelvuisduignay

N3dy [3] lednaweisnsaniaaeuanuiniilavesteyaannfiamsvesfiniga
TnsmsAumdeyadiinrmidululiigianifuduiignavdesannsananudiunmaaui
lsignauldosnauuuiiiou uenaniimAfedsildiauemadendeyanaiswun Woanaa
msumdeyaniglunm lunsdifiduiignauiivunlug

AT [4] liaueiSmsrumdeyalunmainnisud siinnvesdoyadiviald
Tumaiunmduvanenau neiuinsazngulideuiuiy Swraziuilinisdadisuainy
Fulldnmarmuuduvedlassaisvestoys slinmsdumdeyautazads aunsavinld

Tunanefiuindeu q fu wazdunmlaegnssinsunndu
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Todrimvesisnsiiunndanaafe liungfuamiifiiseasdoniiundsd
Fudfou Beluninfumsdumamitundsiifstesfiothuldunudinwiagidmane enqll
annsavihlddein Tnslanzogdslussuudaiunuiivdandoud Sududesmauii in
MuiswesTnquimsneifiefumaniiiites

2.8.2 MIAUNNAILATNATANISISEUSLTEN (Deep learning-based approach)

Jumedenaiunmlaonisaademamadulminiuuiun (context) vaann
Tofveaismainamdendnife lidesnsdeyafiundsdeds uazannsoainanmis
swazBoadudou lnstusgifuanuaunsaveduaslasseysramifendsdnigninanld

1390 [5) Iddnaueisnislunislilasedie Unet lunmsiiunw Tagldnmi
Foenaiin nieunniiszysundswesiuiiidesninfuaim lumsinaeulunaliiiunim
drudivname uazasnmaufiauysalionld nadwsildannanuidedueennfinruausie
n¥oustsldfigauinlunadannsoldfuiuifidosnmadunmldvainnaissuin uas
nanvateFULuY

3Ty [6] laaweisnislunisauingainainanaiienlagld Conditional GAN
w¥ougunmiidaingiidesnisavauliaiiievinnisauteutes ingiusenainniw wdmsiady
vouresingnglunm ndsnduiuhamildannisnsadurevvesiagludlues
Pix2PixHD ﬁﬂﬂmmﬂaqmmawaﬁmqLﬁ’flugﬂmwmuﬁam LﬁaLLUaaLflugUmwmaLﬁsms?fa
liusing ingiiFesnsauniglugunm

aidde [7] IFaueTBmslumaiuam 2 dumeuduanninfunimuuuney
(coarse) nans q jUAidnadnslunndunmidululd soanduisufuudlinadnsi
armazideauindu Taeldlaina Hierarchical VQ-VAE (Vector Quantized Variational
Auto-Encoder) 1t affasunaiiunni fguuuunisifuta q uiirdeyalugunimiuy
HAuLANA19U (Posterior collapse) W%’amﬁgqﬁmmmmmiumiLLﬂﬂ%'ayjaImaiammﬂﬁgq
sUnmuazdeyaanzdufidesmsiiunwosnainiu

uide [8] lunausisnrsnisavinalasldlauina Denoising Diffusion
Probabilistic 7ianusavinsiduaIwleainami szyiumsuinuidesniaduninly
NaNNABUUIARALTUTNS I%Mé’ﬂmiﬂé’wmﬁqﬁumiﬁuﬁdiwazLé‘ﬂmmﬂgﬂm‘w (image
reconstruction) da3ud1anisvhateguaim wdaituynmidsmenduludunmduaty
yudluan silinsdunmlueuidedlduadwiddanunainuats uwildinatlunis

Uszanatininmsiaunnlagldinatinn1sseudidadnuuudy 9
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MUY [9] dnausnisiiunnlaensloyutoIve9ouanINaRUUAINATYE
(Head Mounted Display) Taguu a1 Equirectangular 7 5Aa1ud sunevi 2w anwesn
Junane 9 d1 Faufun1mann E-to-V projection (Viewport) Witeniaudunusainnis
WunmanuveulwansaafiulullsIu (Latitude) Saufusmanuduiussening Viewport
funmiianainnisutann Equirectaneular Wislinisidunmienudeudey uenanidh
finsnsaaeummaiLaNevesMIANAMANLLID 60 BaridureuluansIBIiLYes
uyud uay 120 esrilureulunvesIslanIHaRUUAINATYS

Ty [10] ladausisnislunisiduainnilusiuilagyiinisudasgy
910 Equirectangular tUugumnlusiumsgnuaad dieldfulassneiaiueisiinueniiaie
1384 (Generative Adversarial Network) fiusgneuludae Tassneuszamiiouges 2 &
1fun Generator Aifinthiilunisiuninlaeld wag Discriminator #ifintilun1snsivasy
anugndadlumsiiunmluusazuignuiad uazaiusoidosvesguaiwseninmeh
gnuiad maiunmdsmstaunsaildlagldnmilssysiunmaessnanmitnamely
Wiol Generator IM38udisnaidunm wideunuinmuiamemuiAeiseninami
anuiad azvhldnmsdinnmdaudaden Suandfiduismiulideiosnelunm il
danadanuANUDIFUN LAY

(% [

1831110 ITNTAING1IAR Aeen1syadeyan nduuinieldlnlumg gald

v
6 & = 1

nhtuauInvemaaNsInYusgauaNnsavediaalassesramiigungnianly

Y



uni 3
ASANIUIUIY

3.1 ATWIINVDIUINY

av &Y vo aa o = o A o au S
\‘ir]u’Jﬁ]EJ‘UI@I‘U']Lau@'ﬂﬁﬂ']iaUﬂ']W'ﬂmQLﬂqﬁﬂJ']ﬂ GZN'JG]QL{I']WQJ']EJWﬂqﬁu@ﬁLUQqujﬂﬁJUﬂ@

[

A ° & v o & | Aa
EJ']UW']ﬁUZVlﬁLSEﬂUﬂ'ﬁa']TJQ I@EJIUGUUG]E]ULLsﬂQZW@Q‘W']ﬂ']iLaaﬂﬁ?usﬂaﬂﬂqwmujmq&hﬂﬁﬂqﬂ

(Image target selection) naufagyitn1saunmingudivune (Object removals) Wa3uL4N

[

Tuwna GAN i evinnsiiun wludrun drinaidinungesnainain (Inpainitng network)

9

Weasnnmsiiunniuegludinresnmifiingideniswingu welilasumlusiuniag

wldldnusie Fsdndudevinnmsunuidesninignifvadlduuninnilusiu (Overlay

target area) neuthlUldvusoly

Time frame P —
(0% S )
L . |l

Image target

= ) . area selection
tract
MMS vehicle Img(t) Extrac umge
a collection of l
equirectangular image
Object removal
insert back
Inpainting
Overlay ( {—
<— m ‘ network
target area
Input
Img (1) Inpaint . npu
image image

ANA 3-1 AINTIUVBINTLUIUNITHRUNN
3.1.1 mshenadiuvainmitingilmunegusing (Image target area selection)
d' :j @ v 1 d{y n:l' o 1
WB331nEUY MMS Wuliutagan nareiund1siveglugUwuunimnilusiun
¥ila Equirectangular Li1aWAIAIUNUIVBITNA15I9T DY ATUA1YBINNNTUTINNE
Y] = P = P = L a g
anvazgndneanlununiug1Ivasn nnilusiin Jenmigndasentinnudadeiuay
1glun1sAunIn [10] THINALA 89N U NBUEYDINUAUY LB A E1NNSOLE BNAIUVDY
amlusaniiagudmanegysing aesiinisuuainman Equirectangular Neglusguy
WNAaIN (Cartesian coordinate system) IﬁBQIUizUUﬁﬁ’@]mﬂﬂau (Spherical coordinate

system) Taglaaunis (3-1) (3-2) wag (3-3)
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r=JxZ+ yZ+ 22 (3-1)

= -1 X 3-2
0 = tan (’Zf) (3-2)
@ = cos™? (;) (3-3)

lunmsidendiwranimiiusnginglvung desimuadiiide laud A1yuuednIs

] . . I I Ao a a v ' =
NauuuU (Field of View) LUUAMNIAUALUDIVDINTNNAIUTDININYIADINIT ATYULIE () B

) I

zegluyie 0 < @ < muazAiia (0) Megluria 0 <0 < 2m FelusuIdedlavinnis

Y

[ I

Muuaiin Ay (@) Ao -90 Fuduitnsuaisvesnmnilusun adia () fie 0 Fadu
Henvintidngudmuneiulumssinum

[

esudsziuiamingulmunsuazamvesnuuiieyseudavesingidmanedl

9

¥ 9/
av A 1

audadeadesiian lunuidedlaneridiuaiguuesnisusaiiu (FOV) og#l 167 a3
wiauufsAvuInvasnINiruaLdY 1000 x 1000 Anwa
Weemidstaanlglunisuszananaveslutnal@unin (Inpainting network) #1n
~ o d a 3 D A o -
Y1ATeY Input Avwialvg) Yrsanldlunisiunimiagldnaiuuuieliy eannise
nsUszarana wisuvwiunnvesinglmineimuanieuiunseutavesingiiang 3
Imdenamzdruiusaiuingdmuneniouiinmwedouiivansivendnvalvesauu fie

WEUOUL 1RgWIT8TEBNTAINUUIN 256 X 256 WALYA

Equirectangular image Spherical image Perspective image Extract image

Al 32 madendvesnmitingidmanedsng
3.1.2 miaumwfﬁlqlﬂ’mma (Object removals)

delfyumesiveuiuingiimunsuaznimuindenuds deundesinisaunm
T muneeenaNAmN Tunuideiludiuvessadisadu Auwndsvesingidvanedl
Auntskineu MsauinguiimingeenanamaasamuInlafaunis (3-4)

x =y Omask )+ [1 O (1 —mask)] (3-4)

Tne I, Ao Amannduneudt 3.1.1 Ai1unns Normalize A1da7ngas [0,255) T

ag/luv14 [0,1] @71 mask ﬁamwﬁLmuﬁﬂm,szjaﬁuaqi’mqﬁéfaqmiaué’aaﬁm%ﬁ@ﬁ (Wniea

AALNUAIPIYAT 0) AIUNNYADULUMNUNABAYY (RNLLARVILNUNRNPIEA 1) hazdIY X
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Aonnuasanld mask Tunisavdiufiniwadaniesnain I, awlunszuiunisiuanslunin

7 3-3 AUAPU

(b) (c)
ANl 3-3 nsaunmingidivung
3.1.3 ms@umwmuﬁﬁauﬁgﬂau (Image inpainting)
Iumi‘ﬂﬂaau‘lmLmaLammwﬁﬂ%’miL‘%&Juﬁuwﬁﬁaau (Supervised learning) lag
T nmainnsiinnmds patch-based Aldaruvesnmieuiisadised wiuiudidvane
D19DIMUNTA GPS
Msidunntusilneldlassoamesiuennewedvawvuiitouly (CGAN)
mATeildTaseadewes Pix2Pix [29] FeUsenoudiy Generator (G) ﬁ%usﬁa;gamwﬁﬁwms
autaguimsneanduneudl 3.1.2 wifterunszuaunmsiiunin ndanduarlilaseie
Discriminator (D) 51147 lun15ne181un5993UnIMTA Generator @579 910 1NLR8Y
(Ground truth) Tngldlasead19iiTed1 PatchGAN fiflauanunselunianisuenugznind
gnasrseananatmaaeiludiu o (patch) Wudwau Np x Np a1l 1 am Tneaunisi

Tuwmaildlun1sSouslasld PatchGAN Wuldmuanmsi (3-5)

Stage 1 : Generator Stage 2 : Discriminator

THIN | e
|
g
|

Input

Real/
Adaptive False
loss
weighting
module

Encoder Decoder

eature .\Lun"
. }‘ }l\

chrceplu.\l
i

l 1 loss

—

’ ng loss |
|
Overlay — GT' |
! - = > Ly ;—)
| ) L

- g v a a =i
NN 3-4 I:uL@aﬂ%mnmumwmemwgﬂau

Lean = Bxy |27, 10g DGy y) | + Bz |27, 1og (1= D(x,6(x )| 39)
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FUAILND

' ¥

N

14aNa1NY Pix2Pix §.@uan1shy L1 Loss 138 Mean Absolute Error

a 6

wndsgansamlunisadieninves Generator Mildnadnsndann1nvasnIn

=
ho))
2),
=
=
-]
2

aun13h (3-6)

Lg = minmax Lpan(G,D) + A11L14(G) (3-6)
o £ a a a a v dy Y o aa v

WowaurUsednsainlunisiiunin uddedlaviaueisnisusulge
Uszaninmlunisuensgninanmduaseniunmase 9annsusuuseaun1slunisiseusves
Discriminator tuaun15# (3-6) NsldaruaunsalunsainaudnyMzaMiNvUzianIzUed
. . ! = v ' A
A1NY09 Deep learning (Feature extraction) 119 281Un15A IAUANYUEVDININY U
AudAg TunsLenANEIATIZRAUAINITI99NINAY LAENITAUIDIAIIUAGIIAT LTS
A2IUNUNY (semantic similarity) W 842819 Generator dA11u@ U5 lUNISIANAING

ML OUISININTIVUY AUENNITN (3-7)
P—1 || flout _ flgt P-1
54— 5%, &
Lperceptual = Z N +
Igt
p=0 fp p=0

RNENNTTN (3-7) Igye ADANNAANGVOIUAAAUNIN FIU [oyer ABNN [y bU

flover . Igt
14

. (3-7)
Nf;gt

WU Iy enizludiunidunin lnvaunis Perceptual loss GlainA1AM611998930 1WA
INNTTVTVRIAU aneiunsiaanuuanaasniliauaseiy ldldwivasdunisly
Wesauuana1nuluszaunnwawindu lngldainuaiuisaves ImageNet pretrained
VGG16 model Nignilnasuliaiunsawenasdnuaziiauwenn (High-level features) lng
14 L1 distance %58 Mean Absolute Error Tun19AIUMANLLANGI9TERINN feature map
1ng fII)* Ao feature map 84 layer 91 p 989 VGG model 90 Ioye , Iover W% Lot ATUAIIU
1ne layer 111 feature map 9@ blockl conv2, block2 conv2, block3 conv3, was
blockd_conv3 A1u91uidY [23]
g a v o Y a g a 3

wonanuddedelaiiuauainisatunisil uraanludealog (Style

. ~ v a )~ v s ¢ Y] a ‘:4'
reconstruction loss) LelinsiAnnndnasusoonu lualaaiie1iunIwase auaun1sn

(3-8)

]
|

1

Lotyie = 2 C:Cp |50 (T G = 5T ™) ||, + »
b= 8
e I (g = g 6|
p=0
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NEUNITA (3-8) f;* fyun (HpWp) X Cp ABAMEs ANUATIY Wagdnuiu
channel ¥84 feature map frl)* AuEdu vilala Gram matrix Twauin C, x Cp, dm K,
fo A7 ldluns Normalization feature map Tufidde 1/C,HW, luusiag layer 7ip
ammsﬁjmi%ﬁuﬁgamwwaé’wﬁmﬂiuLma Tout LLazmwmﬂmmmuﬁﬁ}uﬁmaﬁmqLﬂmmaéf’m
NAENSANTANAR Loye, WUAEIURUANNIST (3-7)

druaunisaavinedlilunuideife Total variation (TV) loss tileau noise pon

mnmw%aeiaNaiﬁmslﬁmmwlﬁmaé’wéﬁL%&JULﬁsJumﬂsﬁu AIUFUNIST (3-9)

I35 3 Loverl lioer — tove
over over|l4 over over |4

Ly =

N; N;
(i,))€eR,(, ]+1)ER @ (i,j))ER,(i,j+1)ER (e
1INANNTST (3-9) R AovUWAUeINISVeny 1 ANWaTesveuaiud naignau
Wy Ny ADIUIUVDINNATY [,y
INAUNITANANININIAUAUY W aNAUIUSEANTNINVDIVBY Discriminator Tu
ANSWENTENIN Ground truth AU AMNFWATIEY U8 lAUNAUNITIIUAUVDIAUNITT
(3-5) NAINQUITAIAIUNITHENTENI WA INATIALNINFUATIZN dUNTTN (3-7) NRTIVEBY

'
a a

Semantic similarity @1n15% (3-8) NASI9d@UALARYRINN Lavaun1sT (3-9) ARWLN

ilidundunmtudiamuseudswddvaunanuvesnin laduaunsi (3-10)
LD = LPGAN i aperceptual W Lpercept =+ astyle & Lstyle + Ay * Ltv (3'10)
widd 1l szneuvesaun1snlyluni1siseusves Discriminator 3egnLABANN
=~ 1 ~ o s & Y 1 A a a o v a =
walinssgeunmignduasiziilululaegedivse@nsamuds msdndulalunisiden
dulszdnsnimunzauiuisazautuldiaiuiu wazdudszansnlauenalulyanazdnan
! a Y v a
Aonisiseuivadlunalanian
~ v v a o a LA aw A4 va °
wislwanusadnduladuuszandimuigay Turuideilladnisunauslunislalu
N9l o, FeReduUITANSlaudinues L 1 k ﬁﬁwﬁﬁﬁiumiﬂ%’ué’uUizﬁwﬁiﬁmmmmi@sJ
“UUﬂ‘Uﬂ’]ﬂTﬁﬁﬁULﬁEJ (error) luvnizif&sflnaeuluna Tnenisld Softadapt [30] Airuan
amﬂizam'wmmzaaﬂmanaaqmﬂmmiqmLaEJ (error) @au Luammﬁqzyl,aa (error) V@9
drudsznaulalumsaunisnmsiseusiianlndiAesiugaian (minima) IneAuINmINELNTS
1 (3-11)
i pBst
. erk
W (3-11)
Y frefs
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NAUNIIN (3-11) TavinisfauUasaunis softmax Miaglianudifgaine

U ievun Tuidde sk urannismaiauUdsundasainnisld finite different 1iie

ldl

o o d' U a d’ d' . U
ATUIUDATINTTLUA SULLUaQ‘U@Qﬂ'm']iQQJLﬁEJ‘U@Q f9 kvessoud i lagninan s HAEN

[%

wanaIAnsaadetuliuseansainug wininda s daiazuansdnainisgydeunuli

UsganBnnug uadnihnmamismednsinisilisunlasesinisgaidesiusans s, ..., sk

v @ £

MsUeUMNEANEIUSYANEI LR UG LS B ile B > 0 azueumNAEUUsTANS
un TiAusnansad sundaswesAinsaudeves fiidamin e B < 0 azueunune
ArduusEansunn Iﬁﬁué’m’m'ﬁmﬁamtﬂawmﬁ'}ﬂﬂsqzy,Lﬁasuaa fiifids e p=0
wneumNeAdsrAvsegnavifisusuliiuamagydeves £yne

0 o & o = 1% = a a |
UPNIINNITATIUINIDATINTIUA JULUAILAY dUNITN (3-11) 4NIFIWUAINTT

a A

a i 1 1 A 1 a a1 [ N
geyde fi waz dau £ Ao Adnsgayideves fiu lunsalAmmsaqdedisnsinisiuasuudas

IS

sy dengausilalndlAgaiugasign (minima) Azdanalvirduysgansdnuiudesiuainig

I~ L 1

i
k
QLAURINE

Y

waeninaeulusunsuaiaauysaiuaa dwnululdfe Generator loinmanui

LAASHANIUNINA 3-5

[

A9 3-5 HAENENITAUAMAINTLAR
314 ﬂ’l‘iLmuViEi’msummwﬁgﬂLaﬂumwwﬂuﬁ’]m (Overlay target area)

dorunindunmuds dnvuzvesandldduegludnyugnimdnfavuin
A21N319 256 LarAIINE1 256 AnLwa winnd dn1sululgeuduey ludnwue
nwAmAsufiug anunte 2048 finiwa uazALEN? 4096 finiwa nufinandluludunoud
3.1.1 finmildlunsduniniunanamindavuiaauniie 1000 inwa warauen?
1000 finiwa FafesrinisiduamanizdLludanmanin 1000 x 1000 finiwa Aeufiaz
vhnsedeenlinduleglusuuuunmmlusiainaunind 3-6 elfaunsathluldauls
soly
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= v s 1
HINN 3-6 ﬂ']WNaaWﬁq@VﬂU

3.2 doyaililuauide
3.2.1 Bridge dataset

o
(Y

mwﬁiﬂumiawu%’aﬁmﬁ]Wﬂmsﬁﬂmaauuimai%’qﬂmzﬁné’aa Ladybug 3 Aneia
i s0d599u7 st uina MmN lusIuITUIR 2048 x 4096 WnLwa N3 auRI GNSS e
szuuLAdeveaisutinisfilaasseulan (Global Navigation Satellite System) Lﬁaizu
Frunusidauui udlan I(ﬂEJL?’lJuVl'N?fﬁ’J‘\lL%'QJ(;FQLLG]‘ﬁ%W’]UNM’]Lﬁ]H{]’]UﬁNWS’]‘I{ﬂiiﬁ

dednluadaounsny Jmiauunys Useinelng s8een19d15959u9uNe 4.3 Alaluns

AMNITUTWNTILIUTIU 1969 nmnTeudeyaiiin GPS NUufinluusasiitavitnIsagnmn

[ THANANON
% VILLAGE
i

menalssuun uu. 503

wat Tanod (Bang Krang
olons

ST TW CAR TU w:no Vearchy

CHALERM

Moo 1
w1

Wat Put Prang Pri Mot

1 - o -
AN 3-7 UWNUNWUNENSI9 Bridge dataset
< aal o o av & vauyyo %

WernaewIsn1sniinisdnauslumuddel {3deldvinisasisninaay (Ground
truth) Nimsavingumunguazidunmanysainad tngldnannmsniinisuiiauely [31] &
wuemsldfiin GPS Aisyysmumisvessadisa vliaunsaitnmidumuniadeiuus
Lififagdmungedasaiiatu anmsldteyaninitlaudvilianunsaideyaninuiuny
P o
1

vsnniauTngulmineeenly vdsnldnadnsannisldnannisiinariun §3dulaviinisén
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' v
A T~ v

ANNTIRRdUUUNUAUY (artifact) 8nFIBEAIUAINT 3-8 Tendd AMWARTA GPS wWuunedl

9

[

Y Aa o = d’ Y 1 | v =& o 1 v a
WANIAYIU AMNANNA GPS 1WMinadnnugdutuniu 1 JuaAu TINIBYNYAVDHANINANDDN

TlPWaARINIUAINAUAN

AN 3-8 A mnlingduuuiuauy (artifact)
v A a dy ! A o a b4
nsAnn NAANUEANa1TeaNIzd el lunaN i T nd AT B3

aNWULYRIMUUNAANNYNADY

&
ANAAALYaIIN

NN equirectangular

o =
amildan
anringuiimineuay
vinusaudn

Aot
Liffnquimaneusnglunw
nnnszUIMsAumiie GPS

(b)

M9 39 nnYaveya Bridge Mlunuidy

. o av & vy
AT 3-9 uansuszianvesyateyailtlunwided Tuuwiduiuazuans
Ussinnvesteyaluusazyndeya Usenauaie Amiidn (input image) N1MLAAIYATAY

Toguvangesnly (mask image) Amivinsauingidmungeanudd (masked image) a
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nwaasfivhnsiunmunuitingidvaneud Ground truth) Ssnwiavsneglusunn 256

a v ddo

x 256 Winka AnAldlunwIdeiiisiuiusiy 5461 7w
3.2.2 Nakorn dataset
aitldlunisauddeiunainnisdrsanuulagldounsaindes Ladybug 5 Anns

N90@E157NBUUN NAINNILUIIUIVUIN 4096 X 8192 ANty NSBUAIY GNSS A8 STUU

o

wsoTenIsLEINIslaasIaulan (Global Navigation Satellite System) LS UALALS

9
I

Ao & a &L Ao A o @ s ° o
‘Wﬂ@‘Uu‘W‘NN'ﬂaﬂ NUNEITIVADIINIAUATAITIA ‘UsgL‘Wﬂl‘V]EJ FLYTNWNAITINTIUMNNNUA 9.7

1Y o

Alans AMMlUTINTIWIUTIN 4075 A wiendeyaiiin GPS Fduiinluusazfnafivin

ANSAIYNIN
Ja0uuaL @

op

&

\ ds lnﬂlnu

AT 3-10 uNURNUTE529 Nakorn dataset (1)



24

7

AT 3-11 weuiufid1529 Nakomn dataset (2)

} %4 U

= a0 a o = P o A
Lu@\?ﬁ]']ﬂﬂ']ws[,uél!ﬂ‘u@%ﬁu ATUIUNIN Q?Qﬂﬁ]ﬂLquﬂﬂiﬂV]ﬂqﬁiﬂjﬂqWWLa@LQW']S

WAL USIUTD UYL

AN 3-12 amgadeya Nakorn Nunuide
- v o sy
AT 3-12 wansuszinnvesyateyaildlunuided Tuwuinsluazuans
Uszinnvasdeyalunsasyndaya Usenaundg amududn (input image) AMNLAAIIATNAY
Toguvangesnld (mask image) aMmivihnisauingidmungeanudd (masked image) Wa
AmaagNvihnsELAunuIngitmsngudy (Ground truth)
wisligatayasgluveuivnveinsidelainisusvanruinainuning avue

¥

29301 TUTIUIRN 4096 x 8192 Anwwa LU 2048 x 4096 Ainwa wazldvuinvesnin

[ o

Payau g (input) Wegluauin 512 x 512 finkwa N899 INAANINATIRga uuuN uauY

(artifact) anluudd ilviyadeyatidduiunainsiy 4007 A
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TuyatauatiinNuLANAN91n

9 Y

AN197 3-1 UBLANFN95EIING dataset

Bridge dataset Faseluil
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VBWANF

Bridge dataset

Nakorn dataset

YUINVDITOANTID

198 x 100 WnLa

276 x 100 Nnwwa

YUINNIN Input

256 x 256 NNLEa

512 x 512 Wnwaa

Hardware specification

Ladybug 3

Ladybug 5

AUALTH

AN

g9

3.3 YUABUNISALTEUNTS

3.3.1 NSNAaRMISNISNUENDlUUATY

Tunaun1snaasl uIziiniswuiteyavnmualudeyal naouluna

(Training set) S1uausosaz 70 dwdosas 30 Mwdosndudiuvestoyailumalimeisous

! & v P a & 3 v Ao v '
HUINBU ﬂ’]iﬂﬂa@ﬁu%gLLUﬂmaiﬂawLﬂaauaaﬂtﬂu m@%aﬂi%ﬂ@aaumaigﬂﬂﬂﬁaﬂﬂ@iﬂlﬂﬁ]a

(Validation set) 1u3usogay 20 wazdoyaflinagaunarasaninaauluinaauysaliad

(Test set) Iurusesar 10 Tussninmsiinasulumatulaviinisinainisgadelunis

PuAUNIN (reconstruction loss) taginann Mean Absolute Error (MAE) loss L‘ﬁamafﬂaau

UseAn5AWaes Discriminator 1aun15Mnaedazisuann Bridge dataset aunae Nakorn dataset

AIUAIAU

3.3.2 MsenkuukazimukaUndinduaunming.dinung

‘ﬁl o ‘ﬂl a o £ 1 Ya o Y o o a U
Wetnszuaunsiauslunideluldnunely Qa%lmmmiwsumLLaiJwame

P 9 = = o &
dieldlunisaunwingidmine leedseazidendisil
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3.3.2.1 AMNSINNTODNUUUILUU SEUUNNRUIILOUIIed Usenaumiey 3 diu

Tawn @uves Web client @uvad APl wazd@iuwad Client node MIUAINA 3-13

4 @ » Web client

!

API

User

£

!

Client node R

Image folder

.T.

AN 3-13 LASIAS19VRISTUUINESIU

duved Web client [udifinseiuyg

BINU N

'
=

abiglduladoudoya

andusiensauingiivung lun Jayalnawesniinwainnisdrsia wasdeyatelnanes

fagdaiunaansnasainnisaunmingitinute wenainilyldaudaiuisasnidn

N15UsTUnaNaNIuaIU Web client flawiuiu

A7uv99 APl Ll 0udruN Useaiuanuseninediuves Web client way

d1u299 Client node Tnu17bawkn wuduliwsas Client node Uszulana wasdn1uy

sUszulanaluNdIu Web client

d72uv84 Client node tudruUsEIaNAAINNTZUIUNIST U aua Ty

a v dy U o o ! IS v av v ! o LV =1 v s s
ATl Teesumdeanndiuves APl dnthfilawn auninsadisia Tuiinnaansaslnawnes

Uanen1e asidsaniuen1suseaianaluiidinves APl liveuananalviyldanusely
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3.3.2.2 N1T98NALUVNITINNIUYDITEUU
I E]

flausiaya Project

i client node

L. \"an client node
wia'lu?

dolvssuulsuana
LAUATH

h 4
[ - ]
EVEL]

AN 3-14 TunpunsvieTuvedIud iy

Weasusunsvhaugldnudensendeyandnlunensauingdvang

v = [ [3 v 6

lawn Tayalwanesnin1maInn1sd1sia uazrdoyadalnalneiNnaz I uNaa nEnadaIn

Y

Y = ° v v o A a = =
ﬂ’]iﬁUﬂ']W'Wli]L{]']Wll']EJ aZUDIIINITUIUTDIVBURIINISUUINN TN UV TUALAGDUN (MMS)
Aa a dl' 4 ° [ 1% 1 < a o &
NAUIUIUNIN LWEJI‘Vm’ﬁ‘Ui%lI’JaNaa‘Uﬂ’]‘Wiﬂﬂqiﬁﬁ]ﬁ’]ﬂﬂiﬂ‘l/l’]l@@ﬂ"lﬂi’.]ﬂlﬁ'] ISUUNNAUIUY

J9@1m150L89n Client node 19u1nni1 1 Node

Yya o

Tngaqud ldannodus ldudy §37eldiivuaundinty (Web

Y

application) LBAMNEZAINADNITIHITY

AsvIauludIuUuELIaNat LS UANNLE AR LT WIS UN1SUTEUIANATNN

[y

Y
Web client Tagafdun1svinaumutusauniausluanuldsd
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Gatiaya Project

l

Annduidamas
Wavuaniiagiu
Project

Tudnnuswianue

v

WUIATUIUATHENY
F1utu client node ¥
Laanuviau

v

ol client node
Ustnanaaudunay
mside

v

dodhmunwilsaina
HALETALET

Usznarsy
ynTHREaTuED
wialu?

il

awdl 3-15 Fupounsieuresdiulszaana
1a931nlATUT0YAIN web client SEUUILYIINITAUMIAUEIA UL
Tnawmesinandlunini 3-16 T1arglulrlawmesduns (main_folder) Srimunilnames
warillnlainedlathefiinwunuanalud JPG minwuagshmsiusuaunmiauniionds

o dl 1 . bl o o 1 o 1 dl
FIUIUNINTA WAL Client node ABYINISUTELIANATUTIWIULYIN f N 1AYTENIGN
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Client node Us21nanNan Uy unountausludul 849shanas uIun 1w Ussuinalass
Walszanananislulvainasiasassusosndd agvin1snsiasulndailvamasndalule

Uszananadnvseld wazvinnisuszanaseluaudisasousos

W main_folder
w survey_date
w road_line
Camera

AN 3-16 asuvedlnawnes
ANSYIINUTINAUTLUINEIUVDY Web client @1uv89 APl Lagd UV

Client node N33V - deloyaseninsiumunuandlunini 3-17

Web client APl Folder Client node

Actar
M Hlddunsanana N Sumalsrnana Aumnduuivawmas
le avdnuivawas | L_|
AUMEIUIUATH
oo S |_|
Gumsilinnans \ i

dutiayalvaasvaslsanana

fatiayaniwianlslana

U Aatiayanwialsmiana

> UsEUakKa
Duiinsadws

dadnouawilshnanamind

> Ussnana
drdnnuamaiiilsmanaaiaua

=z
AUFANTUTRIAHS

uaRIdUIUATWIlSRNaRA
T J

- i <
wamrhuidawmasilsanana %
\ETAL ]

L --mmmmmmemmmemmm e :

AN 3-17 Sequence diagram LaAINITUTEUIANAVBITLUY
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NANT1SANUUIUIRY

nsnaaevi ldteUnanduiildoenwuuniiinisnagey lunisnaaeuazldnmn
wlus1UUIA 4096 x 2048 Finlwa 7ldanszuudaiunuiiviaed sufiuninisauing
Wmneeendedtiiunmaniivivauslunuided Tnoudsnnsnagevseniu 2 diu
Igun nsnageunaildlunsussaana LLazmsmaaU@mmwmaqmwﬁlﬁmﬂmilﬁmmw
nsnaseuRsruni laldinSesraufiamed Intel (R) Xeon(R) Silver 4214 CPU@ 2.20GHz
processor GPU Tesla V100-PCIE-16GB wnlglunisnageu
4.1 mInedaunaiidUszulana

nsvadeudasnnaeuszeiaildlunisussananalunsiiunin nadnsildainnis
nedeu wandlunsed 4-1 TnewSeuidieuiuisnmsiveiidiausly [31] wandliifiuiisa
vauelusmAdeildnarlunisuszinanawndsdesnitly Bridge dataset uarldinanlums
Uszananatnaeunnniily Nakorn dataset aitianiuanstiululdsiunandildlunssuiunis
Fausnamiifiifgduvuiuouy Grtifact) Tuidneiseivnauelu [31] luvaedinisld
Pix2Pix model Huaglsifinisasranniidngduuuiuauu (artifact)

A1519% 4-1 wansvedeuaitlun1suszaiana

Bridge dataset Nakorn dataset
Approach
100 images | 1000 images | 100 images | 1000 images
(sec) (sec) (sec) (sec)
Patch-based 362 3260 374 3742
model [31]
Pix2Pix model 304 2970 515 5163

4.2 NIIAFIUAMNINVBININTLAIINNITIRNAW
4.2.1 /M nadau
A15NAEBUT P UININANNAITRUNNIALD19IDIALAUS GPS LAZAINNATNSAN
Qdd‘ o a o d’l o a dl o =) d! = =
AU luwITed IneFAnAINRNIZUSIUAYININISHNAIN F9ivuIn 100 x 220 NN
wag 130 x 290 finiwa luyadeua Bridge dataset waz Nakorn dataset Au&1AU 11v11ANT

[

=) I v a Y a a aa dy
Wiguguannnsimatanisindsed@ndain 3 38 sl
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4.2.1.1 Reconstruction loss A9 N15RIAIULANANAT LY N IWTUTZAUN LA
1 2 Uszuam laun
Mean Absolute Error (MAE) fio n3m1An error LaaBduysaivostaya
yngaesnm mnAfidalddanies wansinindaumiiousuinn tae error winiiay
Wisuisutoyausazaalunmeghainiiontu lunuidedasliaussansnmeeninenis
Hnaouluiaa
Mean Squared Error (MSE) fie N3y error Ladeueadoyannynves
A Wdnhnenidsaes mnaitialddates waneinnndianumiiousuunn lae error
yiadlazdinugeulmise noise melunw vilvinadnslldazdnsliauddyfuqaii
muusnsstudufivey lunuddodesl¥nussansamamadnsanluwma
4.2.1.2 Peak signal-to-noised ratio (PSNR) fi® A19RTIAIUE
FUNIUGNEAUBINN wnenTidalddeunn WanIINIMEAMAINIIN
4.2.1.3 Structural similarity (SSIM) @8 n15inAwliANNARIYARAUTDIlATIASS
T¥dmivinmnuadendetuvesnnuaing mnuaudn uazlassaiis Afildainnisinazey
Tuthssening 0 fs 1 Aridalediandlng 1 wansinamilauninann
4.2.2 Wan1adey
4.2.2.1 Stable training
W ennaeuinisnsiitauslunuised awnsadmaldnszuiunis
Anaeulunadululdosnaiuns auamd 4-1 Weneaeusu Bridge dataset aziiuldin

a

AINTELALVRINTTANUNAIN (MAE Lloss) va33snsinasulinaalasldardudsednsuuy

'
a1 o o a

Taundin dA1easegnenei wWaSeueuiuisnisinasuluwalaelgaduuss@nswuuman

'
aaa o

waziitenaaeuifisninauslunuidel awnsaldlanafiuyadeyanilnnudnynizunneieiy

=

F9lafin1snaaaunu Nakorn dataset A UAIWA 4-2 Fauaasliiiudsuszadnsnanad

AnulnalAesnuAsRnaeululnany Bridge dataset
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Training performance

0.3
0.25
w 0.2
wv
o
w 0.15
<
2 0.1
0.05 L
== VWA
0
1 11 21 31 41 51 61 71 81 91
Epochs
fixed weight adaptive weight

A9 4-1 UsgavSnntstuneulnaou (Training phase) ¥4 Bridge dataset

Training performance

o ©
" o wn

MAE loss
o
=

R ,A*MA.,/\—A-/\.-’\.A—\.AIP

1 11 21 31 41 51 61 71 81 91
Epochs
= fixed weight adaptive weight

At 4-2 UszAvisamweaadunerilinaeuy (Training phase) ¥®4 Nakorn dataset
4.2.2.2 Generalization
iWlonsnaaeuitismsidnauslunuidelilalinadnsifianeduyn
Toyarfivsyaion Jaldinsianunimvesnmlagly PSNR Wletadyarusuniunielunm
9w 4-3 azuiulén f1 PSNR ves3Enisiinaeulnalasldaduuszansuuulaunin
fdgatudon « Weseumsininaauiniu ssanisnstinaeulumalngldadussans
wuuAsl fitasusnazilen PSNR anasesnsnnudniesugsiu uandfovasouiiisiidiauely

q

NIl awnsaldlanaddvyadeyad daudnvasuanaaiuddadnismaasuiu
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Nakorn dataset #1uAINA 4-4 wil31bUE96450A1 PSNR anaakataenii wewlSeuiieunu

FBnsunasulunalagltaduUsyanSwuuaan

Validate performance

72
71
70
69
68
67
66
65

64
1 11 21 31 41 51 61 71 81 91

PSNR

Epochs
= fixed weight == adaptive weight

AN 4-3 ANAMYBININ (PSNR) H1en1suseiiiunaseninnsiinaeuluinalaglddoyanls

LﬂEJL%'EJu:i: (Validate phase) U494 Bridge dataset

Validate performance

65
64
63
62
61
60
59
58
57

PSNR

1 11 21 31 41 51 61 71 81 91
Epochs

= fixed weight == adaptive weight

A9 4-4 AUAMYBININ (PSNR) Hensussiiiunaszninnsinasuluinalagldvoyanlsl

w3 (Validate phase) 489 Nakorn dataset
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wenv1nd ladn1sinnuainvesninlaeld SSIM i adanmuaIn

Walassasranelunin 310 nd 4-5 aziuladi A1 SSIM w335 nsinasuluinalagly

[ ' [
a1 = = = 1

ArdudsEansuwuUlaniin IA1geauises o Waseunsinlumaiiniy feanisnisingeu

a

Twnalagldadutssdnsuvunsdl Agrsusnagilan SSIM anasegaunudafasug iy
qugaiefian ssIM IndiAssfuisnisinaeulunalagldardudszdns uuulaundn
wazfionagouivisidiauslummadel aunsalilinafugndeyaiifinasnumsunnsei
39l#fin1smaseuiy Nakorn dataset muamil 4-6 usilugiausnen SSIM anasustiosnn
dewssuifisuiuisnmsfnaeulunalagldaduuszaniuvunsil waznadnslusounns
Andeuvesis 2 F3n1sdhfinuuansns tnefiisnstinaeulinalasldAduussaniuuule

WiinflAANYRININEINI

Validate performance

0.9995
0.999
0.9985
=
n
' 0.998
0.9975
0.997
1 11 21 31 41 51 61 71 81 91
Epochs
fixed weight adaptive weight

AN 4-5 AUATITILATIATIVDINN (SSIM) FamTUsziiunasenIemsinaeuliaalay

I‘i’fsﬁjauuamajmﬂﬁ&lui (Validate phase) ¥®4 Bridge dataset
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Validate performance
0.998
0.996
0.994

0.992

SSIM

0.99
0.988

0.986
1 11 21 31 41 51 61 71 81 91

Epochs
e fixed weight == gadaptive weight

AN 4-6 AUATNTLATIASIVBINN (SSIM) FN1sUsEUNETENINMSHnaeulunalag

I‘i’fﬁau‘jammﬂaﬁﬂui (Validate phase) ¥®4 Nakorn dataset
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4.2.2.3 Baseline comparison

dy o = ] U v ad 1 1 dy
NNSNAABIUILNINITUSHUMBUNAANTNUITNITAY 9 mollil

[

4.2.2.3.1 Adversarial loss Wuuasgrudldlunisieuiieudivisa

[y

WY

o

Tineaue (Baseline model)
Lp = Lpgan (4-1)
4.2.2.3.2 Fixed weight \Jun1sausinaunstagldaduussansuuy
asit Townudl o, @28 A.91naunsi (3-10) nuddeivaue Wauaunsd (6-2)
LD — LPGAN + Aperceptual % Lpercept i Astyle i Lstyle + /1tv * Ltv (@-2)

4.2.2.3.3 Adaptive weight tunisriusinaunisineldarduuseans

£ '
[y o a

LUUAIN 19139 UEENe 3NEUNTST (3-10) Feluunilagnanidemnuauni1sn (4-3)

Lp = Lpgan + Aperceptual * Lpercept + Astyte * Lstyte + Xy * Ly (4-3)
Wevimsinaunmvesismsndanes 1ddeillavinisdriaveuiun

voanmlegluiumaunmwiduiguiuamieasnmadaiduausty [31] Tu Bridge

[y

dataset M1UNMA 4-7 uandbiiudnsiivaunisnmsBeusndnisinaveluanideddmg
TiseaziBenvesnindiaiulnalfeaiunimaasuinnia Adversarial loss Fulu Baseline

AN v a o aa A o av & & a  w R a £
‘Vls[ftjL‘I/IEJ‘UﬂU’Jﬁﬂ’li‘i/lmLauaeLm’m%]EJu u@ﬂﬁ]qﬂUﬂqiLfﬂllLauauusﬂ@flﬂ’ﬁimﬂqauﬂigaWﬁLL‘UU

' '
% aad =

laundin (Adaptive weight) TUlHHAANWSNTANUANTANINAINIEOU LHBVNNITANATNAU
(Overlay) asuunmnlusiunluning 4-8 deuansliiuinnisidunindudndulaegng
A P el = [y h a o @ = { ] A a [ 1 a
naundulilolseuisuiu Adversarial loss NTUAUDUOUTEWIWEUAAUNNAVAIUDU ¢
YININ
11 Nakorn dataset 20 4-9 wansliiiuegdauinaunsnsiseu;
JuYe AN AN 108z 8AUIN NN LA ANINNI1 Adversarial loss kazN15AIUSINANNIT

Ingldadulssanduuulauniin (Adaptive weight) dwwalinisiduniniduiianulnalAssiu

Q‘ U dl

AMMaaguInnNINsANAnluIsnsAIuTINaunsiagltAduUsE NS LuuAIAL (Fixed

weight) WSouvinn1lANAIMiU (Overlay) asuun W lus i lun Wi 4-10
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Adversarial Fixed Adaptive

-0 loss weight weight

AN 4-7 HadWSNITIRLAIMAINATTNAANIBNISENABUlLLAAUDY Bridge dataset
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Street-view
samples

Adversarial
loss

Fixed-weight
Multi-loss

Adaptive
weight
Multi-loss

AN 4-8 NadnsanvineaINNIINAaaianI1sinaaulunaves Bridge dataset



Adversarial Fixed Adaptive
loss weight weight

Input GT

AN 4-9 WAAWSNISLANNINIINANTNAaBIIoNSEnaulNmaues Nakomn dataset

39
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Street-view
samples

Adversarial

Fixed-weightgs
Multi-loss &

Adaptive
weight
Multi-loss

M9 4-10 HATNSEATNEAINNITMARRLISNSHNAeULIAaYEY Nakorn dataset



41

nansnageunsingun eI ldus suiiisuiulumannsgu
Adversarial loss wandlup1s1sil 4-2 naitléannsiananinlagliis Mean-squared eror
(MSE) 9938013 Adaptive weight Hufifnfiasiian uansih nadwsdarumiioudunimaas
druaniiléannds Peak signal-to-noise ratio (PSNR) U3 Structural similarity (SSIM) 1
Angeunnin vislugateya Bridge dataset uay Nakorn dataset uanslifiuinisnns
ﬁﬁwLaualﬂﬁ?ummsaLaumwlﬁﬂmmwzjqﬂ’jﬁﬁmiﬁu

A1519% 4-2 wami‘mmaaumﬁmmmwmaqmwmﬂmswmaaﬁ%msﬁﬂaau‘lm 913

Bridge dataset Nakorn dataset

Method MSE PSNR SSIM MSE PSNR SSIM
Q) M M ) M M

Pix2Pix

(adversarial loss) | 19201 585 0.89 181.69 26.69 0.80
[29]

Pix2Pix

(fixed-weight 177.84 k) 0.90 22335 25.62 0.73

Multi- loss) [32]

Pix2Pix
(Adaptive-weight 159.33 26.19 0.91 165.47 26.98 0.82
Multi- loss) [33]

4.3 U EHA
43.1 nadeuNansvUvesaNnsildlunisGeuives Discriminator
Tnemsvnassiilaiinisldaunmsnsadeunmiiuanssiu iennaeunanseny
YBIANNTHDAMNINUDINAGNS nsnpaesdinldfmuaius A, WudiseAnsuuuaiasd
diomunuHanIEUBIELYsENoU & lulavaunis il
4.3.1.1 Standard loss function Usgnauluaie Adversarial loss L‘f]ummgmﬁ'
WlumsiSsuiteuiuiaimddeiiaue auaunsi @-1)
4.3.1.2 Perceptual loss function Usznaulunieg Adversarial loss LazPerceptual

loss

LD = LPGAN + Aperceptual * Lpercept (4'4)
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4.3.1.3 Style loss function Usgnauluaie Adversarial loss wag Style loss
Lp = Lpgan + Astyte * Lstyie (4-5)

4.3.1.4 Feature loss function Useneulumae Adversarial loss Wag Adversarial
feature matching loss Fausznausae Perceptual loss ag Style loss

LD = LPGAN + Aperceptual — Lpercept = Astyle * Lstyle (a-6)

4.3.1.5 Our loss function Usznaulua 28 Adversarial loss Lay Adaptive
feature matching loss Fuduisimiaseiveaue suaunsi (4-2)

TmsIuLmaﬁgawumWauﬂﬁﬂﬁL‘%&luisuaq Generator (3-6) wazAduUsz NSy
AUNIIAIUAN ol A= 100, Aperceptuar= 0.05, Asyre= 120 wag A4,=0.1 I%Lﬁamwu
MAE, perceptual loss, style loss ag total variation loss AUAINU

nnsvaaes lutasdumeuflinaou (Training phase) wandlifuinganmuos
nadwsinfiananAnsgadslunsiuiunmlilndifeatunmaasiidesiian fo Style
loss function uaﬂf\]’mﬁy Perceptual loss function, Style loss function, Feature loss
function wag Our loss function SauansiisUszansnwlunisBousafinannmyesnadng
1#@n91 Standard loss function &adusnasgiuildlunisiFeuiiou TnensminisTana

USLANTANBEAIPIUNINS 4-11

Training performance

0.04

0.035

0.03

o
o
o
wn

e standard

0.02 — DETC

MAE loss

0.015 style

0.01 feature

— O

0.005

135 7 91113151719212325272931333537394143454749
Epoch

A9 4-11 UszanSamaneduneuilngau (Training phase) U8IN1SNAADINANTENUVDS

multi-loss
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Tusgnidinaeulia WinsmageuUszavsnmuesnnadleldiutoyadiliing
l@sun1siseuiunneu (unseen dataset) wandlviiiuinaunis Perceptual loss function wax
Style loss function f8nsmsifiatuilonuseuiindeulumaiiunniu Feonududgaoi
aunstassalilunauuiliddugateyaiinaoumnniuly (overfit) Tunnzdaunisd
waedisnagydsnsiuAunmiiasiideseunsfinaoulunaifiuaniu Taensinnis

TANAUTLANTAWLARINUATNA 4-12

Validate performance

0.14

A -
0.12 . )‘-'AJV'VW_ <> -

0.1 P-_/\/J i
4 e standard

0.08 &,

0.06

— DErC

MAE loss

style
0.04 feature

— O

0.02

1 35 7 91113151719212325272931333537394143454745
Epoch
::1' a a ' a i = vy Ay = Y
N9 4-12 UsganSamdranisussiiunaseninmstinasulinalagliteyailineiSeus
(Validate phase) ¥89n15MA88INaNTENUYDY multi-loss
Woasunadnluyetunaulnaeau (Training phase) kag¥19n15UseLiung
521171901370 naauluLea (Validate phase) @un1s Feature loss function wag Our loss
function HUszanSalnaLAs iUl 2 9429

Va o

WeAumaunsndwalilunaun meenunlalinuIgian §I38laviinig

Y

[y

N15anlaenstgAT PSNR hag SSIM ANuAINT 4-13 Lag AW 4-14 ANUaIGU LanalALiy

91 Our loss function 1u dwalyidlAngeiign wanadnnwiullnuAgINgn
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Validate performance

70
69
68
e standard
o« 67
% — DEIC
& 66
w— style
65 feature
63

1 3 5 7 91113151719212325272931333537394143454749
Epoch

A9 4-13 AUNINYBININ (PSNR) F1amsuseiliunaseninnsinasulumalaglideyanly

\weieu3 (Validate phase) ¥83N1INARBINANTENUVBY multi-loss

Validate performance

0.9988
0.9986
0.9984 . A
0.9982 e
0.998 e standard
0.9978
% — DErC
o 0.9976
0.9974 —style
0.9972 feature
0.9968
0.9966

1 357 91113151719212325272931333537394143454749
Epoch
Al 4-14 gunwdalasainsesnn (SSIM) FrsmsUseiliunaserinsnsiinaeulannalag
TideyanlalineiEeud (Validate phase) ¥99n13mnaBINaNTENUTES multi-loss
dievhnsinauninesisnsiitniaue siddeilfinmshiavounvesnmli
oglufiufiunmsindudsutunimaasnmadedvnausly (31] swnwd 4-15 lag

walafithunUseudiou lewn Standard loss function 210 Pix2Pix [29], Perceptual loss,
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Style loss, Adversarial feature matching loss tag Our loss FeApIs s aueluulIvy

7 [32] muafu

Input Adversarial Perceptual Style Feature

loss loss loss loss loss

AT 4-15 NEANENTANAMIINNTVIAABINANTENUYBY multi-loss TiuMAFey
nansadeunsinnunnvesnndlaluusias Objective function fuAns1afy
i1 5 33 Tngdomaitléanisdviauelumudded wandumsed 4-3 naflldannsiananin
YBINMAINT 5 355 M3TAlaeld3E Mean-squared error (MSE) a1n38nsfitauediui
Afouiian uansi nadwsianumiloutunmiaas diur1iildainis Peak signal-to-noise
ratio (PSNR) U3 Structural similarity (SSIM) léingesnnnin wanslisiuinisnsiiuaue

Tiuanunsadunmlinunmainitisnisau
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AT 4-3 mamimaaumﬁmmmwsﬂaqmwmﬂmsmaaqmamzwwaa multi-loss

MSE PSNR SSIM
Model

() M M
Pix2Pix+ standard loss [29] 177.26 25.75 0.90
Pix2PiX + Lperceptual 194.05 25.34 0.89
Pix2Pix + Lstyle 188.28 25.49 0.90
Px2PiX + Lfeature 161.10 26.17 0.91
Pix2Pix + our loss [32] 160.84 26.26 0.91

4.3.2 VAAUANNAZIBEALUNITHUININYBY Discriminator (Patch size)

Tunsnaaesd §3d89svin1sUsuIUd suauasiBenlunisuusninees
Discriminator 1#lunisusnuszinneludiuvesnmdunmaiwdeduamiigndansgs
a1 (patch size) Inednduvesnimitnaassagyinnsiiunstuiiviomn 4 suin Téud

4.3.2.1 97U 16 x 16 patch #g 1 AN

4.3.2.2 972U 70 x 70 patch #a 1 AN

4.3.2.3 91U 286 x 286 patch fa 1 AN

vnsiSouliiunadndqayinesening 2 dataset lemunwd 4-16 Ingld
Usz%‘m%mwmiﬁuﬁmwﬁw%umuﬂﬂaau (MAE training performance) Us@nSn1nn1s
HugnngensUssdiusassrinnistinaeuluinalaslddoyaiiliineiious (MAE Validate
performance) AAAMYBINNTIMTUTERIURATE NI sRnaeuluinalaglideyaiilsiing
158U3 (PSNR Validate performance) wagAmA1MlATIAS 199090 MY 19N15UsELTUNE
iw’mmiﬂﬂaau‘[mLma‘[mﬂ%’%’a;ﬂamﬁmaL‘%ﬂui (SSIM Validate performance) @auansli
wiudnlu Bridge dataset 514 patch size vun 70 x 70 Winadwsiiagn Tuvazideaiuly
Nakorn dataset 314 patch size 1u1n 286 x 286 TVinadnsAAan

nmsneaasil annsnasuldmuaninildlumaiunimiy dwansenuse
nsiden patch size ivanzay Bwwuanmilaualng patch size Mldfmsivunlng iy

[

20K



av

Training performance Validate performance
0.018 025
0.016
0,014 0.2
0.012
£ om E 0.15
< 0.008 m brid £ brid,
s ridge S o1 m bridge
0.006 = nakorn m nakorn
0.004 0.05
0.002
0 0
16x16 70x70 286x286 16x16 70x70 286x286
Patch size Patch size
Validate performance Validate performance
72 1
70 0.999
o8 0998
0.997
66 0996
z 64 5 0995
£ 62 m bridge £ 0994 m bridge
60 mnakomn 0093 mnakorn
0992
58
0.991
56 0.99
54 0989
16x16 70x70 286x286 16x16 70x70 286x286
Patch size Patch size

AW 4-16 UszanSnmuedluinavein1svnasisusuun patch size Ingsau
WerMyinAumvesisnsfidtawe nuidelllavinsdidaveuiunvesninly
YaUaya Bridge dataset Woglununiiunmvinuiiguiuaimaaganmatandnausly

[31] TeA A 4-17 uansnInan patch size 91UIU 16x16 70x70 WAy 286x286 MNAINU
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1
RN

Small Patch size ~ Medium Patch size ~ Large Patch size
(16 X 16) (70 x 70) (zssxzss)

Input

AT 4-17 HadENSANAMIINN1IMARBIUS B patch size TiMAABUYEY Bridge
dataset
HANMIVAAUNTInAMNMYRINIWTIlAluLAAE Patch size uansneiu lngdnna

ad a

Alganisfvnauelurnudsod uanslunisied 4-4 nsTalaeld33 Mean-squared error
(MSE) :nAsnsfiiniauetuiirdosiian wansih nadwsiienumiloutunimaas dauenii
1#a1n3§ Peak signal-to-noise ratio (PSNR) U § Structural similarity (SSIM) 1o A a4
11NN LLam’LﬁLﬁu'jﬁﬁmiﬁﬁwLaualﬂﬁgummsaLﬁumwlé’qmquaﬂdﬁﬁm'ﬁ'u
wonani lun1IMAa el fui afudsiaaii st naeulunausazsouninay Lite
Wisuiflsunaifisniudeddiuandaiuedndls Faandiifuindafins uiuves patch
wnduiile nanfideddABannuindu weswndiuau patch fidesnsinasuarmgniasd

FIUIUNINVY
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MINN 4-4 HANTNAFBUNNTINAMAINYBININAINANITNARBIUTUTIUIA patch size VB3

bridee dataset

Bridge dataset
Patch size Training time
MSE PSNR SSIM per epochs
() (M (M (min)
W)
16 x 16 205.90 25.46 0.824 49.66
70 x 70 168.63 25.99 0.864 49.70
286 x 286 170.84 25.67 0.823 50.31

3
a v Al

Wensinaunmeeisnisidiaues uideilavihnisiidaveuiuavesnin
vaanmlugataya Nakorn dataset leglunuidunmvintuiieuiunmaganinailai

Ynausly [31] Tnennd 4-18 wanan maIn patch size 1 16x16 70x70 Uay 286x286

ANUAINU
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Small Patch size  Medium Patch size Large Patch size
(16 X 16) (70 x 70) (286 x 286)

Input GT

AT 4-18 NAANSNITRUNINAINAITNARBIUTUTUA patch size NNMA@BUUDS Nakorn
dataset
mamiwmaa‘umsi’mmm‘wmaqmwﬁlﬁﬂmwfm Patch size MIANA1GAY A3

M13°99 4-5 uananalaa1nsle patch size 91 286 x 286 linaansndnun1mnangn
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MINN 4-5 HANTNAFBUNNTINAMAINVBININAINANTNARRIUTUTUIA patch size VB3

Nakorn dataset

Nakorn dataset
Patch size Training time
MSE PSNR SSIM per epochs
() (M (M (min)
W)

16 x 16 165.47 26.97 0.80 91.98

70 x 70 172.14 26.64 0.78 92.70

286 x 286 143.39 27.33 0.82 93.42

4.3.3 vpdausaunTUasuLlasrvesduUszdns (Update epoch)

dy = a 1 Y o a Q‘ U Q" [ ¥
N131Aa0IdLIUT s ULTBUTENI1NTITFUUTLENT WUUAIAST A, AUNISLE

[ £
(X =

dudszansuuuloundn a, lngA1duusz@nsaediu (initialize) 7 19 luaunisnruau A9l
Ale 100, aperceptual: 1, astyle: 1 LAY awzo.l
2 o a £ a o a ] 1y a £
nslduuszansuuulauniinagyinswfsusuasrvesduuss@vamn 9 n seu
aal o = = A ad o &
wnsRuUTBUgUl 5 35113 Al
4.3.3.1 wWaguwlasarvesduusyanamn 9 2 seu (n=2)

a

4332 L‘UalEJ‘lJLLUﬁﬂﬂ"]‘UENﬁZJUi%ﬂ‘VI%V!ﬂ 9 5 59U (n=5)

Doy

4.3.3.3 \Wasuuasivesdudszansnn 9 7 seU (n=7)

9

N

l [ a

4334 L‘LJ?%wuﬂmmmaaauﬂizﬁwﬁnﬂ 9 9 39U (n=9)

'
a £ A

4335 lagadulseancnan (Fixed weight)

vnsTouiiisunadndqayinesening 2 dataset lemunind 4-19 agld
Uizﬁ%%ﬂwwmsﬁuﬂdmwmﬁgumauﬂﬂaau (MAE training performance) Usga@nSn1nns
flugnmdensUssdiunassrinantsiinaeulunalaslidoyaiiliineidous (MAE Validate
performance) AMAMYBINNTINMTUTERIURATENINNsTnaeulunalaglideyaiilsiing
158u3 (PSNR Validate performance) uagAnA1MlATIA3 199090 MY 1N1TUELTUNE

seninansinaeulunalaelddeyaiilidineious (SSIM Validate performance) Fauansli
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Windnvisly Bridge dataset uag Nakorn dataset n1silasunlasAivesduysz@ndvn 9 5

s

58U (n=5) Winadnwsnangn

dy v Y1 4 Al 5 a
NMIeaestl aunseazuledn wiinsuwuudeyaldlunsinasulunaiud

ANWULLANAINY INUIUN I UATUBUaIAdUU ST ANS UL saunsa lNaa WS NA La

MAE loss

70

68

66

64

PSNR

62
60

58

Training performance

0.15
W bridge 01
u nakorn
0.05
]
n=5 n=7 n=9

Update epoch

MAE loss

Validate performance

0.999

0.998
0.997
= 0.996
m bridge g oo
0.994
m nakorn 0.993
0.992
0.991
0.99
n=5 n=7 n=9

Update epoch

3

Validate performance

n=5 n=7 n:

Update epoch

W bridge

m nakorn

Validate performance

n=5 n=7

Update epoch

u bridge

® nakorn

AN 4-19 Uszansnnveslunavasnisnaasdusudulsyansuuulauiiinlaesiy

Weavhmsianun nvesisnisidnaue nuldelliminisiriaveulnvesninli

agluiuilidunimwiiuiisuiunimiaas Wnewmedandidssuiieu laun Standard loss

function 90 Pix2Pix [29], auni1sAivAuiuausluaidel lnaldduussdnsenam (32],

Toduds

gavswuulaundn [33] NSwanyNg 2 5 7 uag 9 50U AR



53

1Ees
L
J11

TuPdate =2 Tupdate =5 T“Pdafe =7 Tupdate =9 GT

Adversarial Fixed
loss weight

AT 4-20 HaaNWSNISIANAMIINNSNAaRsUSUSIUSEAvBuuulauniinuas Bridge dataset

Input

N adRU



Adversarial

Tupdate = 5 Tupdate =7

Input loss Tupdate =2

AN 4-21 HASNSNISHRUNINAINNITNRaIUSUFUUSEANSH ULl uTnUad Nakorn dataset

NMUMAdaU

' v
o =

HANINAFEUNTInAMA NYBIN AL tnedananlaainisndnauelunuidell
wanslum19199 4-6 N153alaeled35 Mean-squared error (MSE) 910350159 Lauatiugan
Uegflgn wanddn naansianumiloudunImiunainis Patch-based @3uA7bAan
Peak signal-to-noise ratio (PSNR) AU Structural similarity (SSIM) quwmﬂiﬁ wangli

<@ I ad Y o a £ a Ao Ay I a
Wininisnistnasulumalaglddudssansuuulaundninauslunuidetuaansadiunn

leRuaIngandtisn1stu
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AT 4-6 HANITNAABUNITIAAMAINYBININAINNINARRIUTUFUUSEAVTIUUlAWEn

Method

Bridge dataset

Nakorn dataset

MSE PSNR SSIM
W) M )

MSE PSNR SSIM
d) ) )

Pix2Pix
(adversarial loss)

[29]

19201 25.35 0.89

181.69 26.69 0.80

Pix2Pix
(fixed-weight
Multi- loss) [32]

177.84 2573 0.90

22366 25.62 0.73

n=2

181.77 25.61 0.90

225.35 25.69 0.81

n=>5 159.33 26.19 0.91 165.47 26.30 0.79
n=7 185.11 2793 0.90 213.16 A T/ 0.77
n=9 195.57 2583’1 0.89 238.67 25.58 0.78

4.4 N1INAFDUISUU

A ova ) = a Y ' 4
ASNAADUSLUUNALNISHAILT Tseazidannssaludl

4.4.1 msnsentoya SusuangldnunsendeyalnamesnfeinsussaiaraaunInsg

@197 wiaunsevedlrlawesnazlfinunadns Talwawesiiunadnstazvegnelulvaines

AUN

= Remove car

Input path:  Dy/new_car_ds/11-01
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Abstract—Mobile mapping systems (VMIMS) capture geospatial
data using vehicle-mounted sensors and cameras for generating
digital maps. However, the collected images contain sensitive
information requiring privacy protection methods. Although
object removal approaches have been proposed, these methods
may not be well-suited for MMS imagery due to their unique
characteristics and processing requirements. In this study, we
propose a Generative Adversarial Network (GAN)-based
technique tailored to remove unwanted vehicles from MMS
scenes. Our approach leverages Pix2Pix, a GAN architecture for
image-to-image translation. To handle the challenge of inpainting
full panoramic scenes, we extract viewports containing target
vehicles from the raw panoramic image. Subsequently, a Pix2Pix-
based inpainting network is employed to inpaint the target object
in viewport. We enhance the standard Pix2Pix framework by
incorporating adversarial feature matching to generate realistic
results. Experimental results demonstrated that our method
preserves the output quality while efficiently processing large raw
MMS image datasets, outperforming traditional methods.

Keywords—Image Mobile
Generative Adversarial Network

System,

I. INTRODUCTION

Mobile Mapping Systems (MMS) [1] have rapidly become
essential for gathering geospatial data, including panoramic
images, LiDAR point clouds, GPS coordinates, aiming to create
detailed digital maps from vehicle-mounted platforms. Street-
level MMS, in particular, are widely used for mapping urban
environments.  However, the  street-view  imagery
unintentionally captures individuals and vehicles, leading to
privacy concerns. Early approaches to privacy protection is to
detect the objects of interest (e.g. pedestrian and license plates)
and blurring them [2][3]. Although these approaches ensure the
privacy, these approaches tend to generate unrealistic textures in
the replaced areas.

To produce more realistic results, previous studies have
focused on image inpainting to reconstruct missing regions in
images. These works explored various methods, including
copying pixels (patches) from other image regions [4][5][6] and
propagating information from surrounding pixels to fill in
inpainted areas [7]. However, these methods face challenges in
MMS due to the potential size of missing regions and complex
scenes.
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Recent advancements in Generative Adversarial Networks
(GANs) [8] have significantly improved image inpainting
capabilities by synthesizing more realistic content for the
missing regions. One of the pioneering works in this domain is
the Context Encoder (CE) [9]., employing an encoder-decoder
architecture to fill in the inpainted content based on the
contextual information surrounding the missing area. In [10],
Globally and Locally Consistent Image Completion (GLCIC)
has been introduced. In GLCIC, a two-stage network that
leverages two discriminators: a global discriminator ensures
coherence between the inpainted region and the entire image,
while a local discriminator focuses on preserving fine-grained
details and textures within the inpainted area. In [11], the authors
introduced free-form inpainting to address arbitrary-shaped and
large missing regions. The authors proposed partial convolution
layers to capture and propagate information from context to the
missing areas. Directly applying existing GAN-based methods
to images captured by MMS often poses significant challenges.
Firstly, MMS widely uses equirectangular panoramic
projections, whose distortions can adversely affect inpainting
performance. Secondly, the large size and high resolution of
MMS panoramas often require computational complexity.
Thirdly, the ratio of equirectangular images can hinder deep
learning models trained on planar images. Thus, a tailored
approach is required to overcome the unique characteristics of
equirectangular imagery in MMS.

This study introduces a synthesized-based approach to
image inpainting for panoramic MMS images using Generative
Adversarial Network (GAN). Our method utilizes Pix2Pix [12],
a GAN architecture for image-to-image translation tasks, to
effectively remove unwanted vehicles in MMS images. To
address inpainting panoramic images, we introduce a view
selection method that renders a narrow field of view containing
the target vehicles. We also highlight that the standard loss
function used in Pix2Pix may fall short in synthesizing the high
quality of images. Instead, we propose a novel adversarial
training strategy that incorporates semantic feature matching. In
other words, high-level features are extracted from both real and
synthesized images and compared during training, enforcing the

generator network to produce more realistic results.
Experimental results, conducted on MMS image datasets
demonstrated that the proposed method achieves inpainting
vehicles from street-view panoramic images while efficiently
processing a large number of images.
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The remainder of this paper is structured as follows: Section
1I introduces background knowledge that is used in our work,
Section III introduces our proposed method, Section IV
showcases the experiments conducted, Section V presents the
experiment of our proposed method, and finally, Section VI
concludes the paper.

II. EAseOF UsE

A. Generative Adversarial Network (GAN)

Generative Adversarial Network (GAN) was first introduced
in [8] as a powerful generative model. The GAN consists of two
neural networks: a generator and a discriminator. The generator
leams to fit the distribution of training data. The discriminator is
used to spot the input data synthesized by the generator. In GAN,
both the generator and the discriminator are trained
simultaneously by optimizing the adversarial loss function
below:

Loan = minmaxV (D, 6) = Ex~pyoea(x)[log D (x[y)] +
Ezpao [l08 (1 - D(6(z1))] )

A random noise z obeying the pz(z) distribution generates x
from the generator G and then inputs the generated data and the
real data x into the discriminator D that identifies the input x is
a real sample or a generated sample by G. At present, GANs
have become the state-of-the-art in image inpainting to achieve
more realistic results.
B. Pix2Pix

Pix2Pix [12] is a conditional GAN model designed for
image-to-image translation tasks. This network learns to
generate new images based on reference and target images.
Pix2Pix network contains a U-NET architecture as the
generator, which takes a reference image and learns to generate
anew image based on target. The discriminator is a PatchGAN
that analyzes small patches of the input image as real or
generated and combines the results to improve the generator.
The loss function of Pix2Pix GAN is a combination of
adversarial loss and L1 function. The L1 loss function acts to
minimize the sum of errors between the target image and the
generated image, producing less blur in the output image.

Lpixzpix = ngnmgXLPGAN(G.D) + Al (6) ()

where Ly = Ex,[lly — G(x,2)ll;] denotes L1 loss function,
Ar, 1s a hyper-parameter that specifies the importance of L1
error and Lean can be defined as follows:

Loay = EyyllogD(x, )] + Eyz [log(l— D(x,G(x,z)))] 3)

Where x denotes the input sample and y is the target output
image and G(x) denotes the generated output image. In Pix2Pix,
the discriminator aims to classify whether each nxn patch in an
image is real or fake. The loss function of PatchGAN
discriminator can be written as follows:

This research budget was allocated by National Science, Research and
Innovation Fund (NSRF), and King Mongkut’s University of Technology
North Bangkok (Project no. KMUTNB-FF-67-B-34).

Ppan = Exy Z:v:l log D(x;, y;) ] +
E., 2?’:1 log(l - D(x,G(x,z)))] 4)

where Np is the total number of N*N patches in the image.

III. PROPOSED METHOD

The proposed method is illustrated in Fig. 1. Given a
collection of panoramic images captured by MMS vehicle, each
image containing a target vehicle is selected to a view selection
process. This process aims to generate a narrow viewport
focused on the target vehicle within the panoramic scene.
Subsequently, the area occupied by the target vehicle is marked
in the extracted viewport. This marked viewport is then fed into
the inpainting network, which produces a realistic inpainted
image with the vehicle removed. The inpainted viewport is then
re-projected back into the equirectangular format and integrated
into the original panoramic image collection, replacing the
corresponding region containing the target vehicle.

g

~s e
- |<—I‘- s
-

Fig. 1. The mpainting pipelme.

A. Target View Selection

Panoramic images typically capture omnidirectional visual
information spanning a wide field of view. Processing and
inpainting these panoramic scenes directly can lead to a
significant increase in computational complexity and processing
time requirements. Furthermore, directly applying inpainting
techniques designed for planar images may produce unrealistic
results in panoramic projections. Although some project
methods [13][14] can be used to facilitate the inpainting process,
they are not specifically design the particular task of targeted
object (e.g. vehicles) removal from panoramic scenes.

Since panoramic images offer a full 360-degree view, we can
easily extract a specific view to focus on a target object, like a
vehicle. To do this, we first convert the panoramic image into a

format in spherical coordinates.

oV~ 167
| %, 4 o=
— —’
Penpecte irge Exirct e

Equiecargale g Spherial image

Fig. 2. Target View Selection Pipeline
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Fig 3. The inpainting network

We then pinpoint the vehicle's location using cartesian
coordinates. Next, we adjust our field of view to 167 degrees,
ensuring we capture the vehicle and the surrounding road
without distortion. We take a 1000 x 1000 pixel snapshot of this
view and then crop it down to a smaller 256 x 256 pixel image,
keeping the vehicle centered. The view selection process is show
in Fig. 2. Once the target view is extracted, we use binary mark
to overlay the area of the target object for image inpainting using
Pix2Pix.

B. Inpainting

Once we have marked the object for removal in the selected
view, we use an inpainting network to eliminate it. We feed a
256%256 RGB image with the marked object into the network.
In our network, the generator built on a U-Net architecture, is
used to fill in the marked region. The U-Net has the encoder that
breaks the image down into smaller parts (256x256, 128x128,
64x64, 32x32, 16x16, 8x8, 4x4 and 1x1) and the decoder that
reconstructs the image with resolutions of 1x1,4x4, 8x8,16x16,
32x32, 64x64, 128x128 and 256x256. The discriminator
network is based on PatchGAN. The PatchGAN evaluates the
inpainting result by dividing the image into 7x7 patches and
classifying each patch as real or fake. The final output is an
average of the patch-level decisions.

C. Adversarial feature matching

In order to make a realistic image, the adversarial loss is
improved by incorporating a feature matching loss based on
discriminator. This loss leverages the discriminator network to
make the generator focuses not only fool the discriminator, but
also produces similar high-level features to the real images. In
this study, we use pre-trained VGG16 model to generate and
compare high-level features of both real and generated images.

Inspired by [15], we first take into account perceptual loss to
ensure both the real and generated i maintain a consistent
visual style.

;
Veg-16 Larie ]
Smoothing loss |
I Overlay > Lty :_>_
" r'our_ ’nt"
y’prrcepnml p-

Y f"‘III

p=0 N g,
7

(5)

where I,,,,.,- is the network prediction overlay I;,,, the perceptual
loss is measure perceptual difference in content and style
between image from using an ImageNet-pretrained VGG-16
[16] by measure different by using L1 distance between
generated data both /,,,,,- and I, and the ground truth /.. f;,' ‘is
the feature map of the pth selected layer given Iy, Iyyer, and
Io¢. respectively. We use layers blockl_conv2, block2_conv2,
block3_conv3, and block4 _conv3.

We also include style loss [17] to guarantee the inpainted
area that matches the overall style [18] and textures of the target
image. Like perceptual loss, we extract features that represent
textures and color patterns using pre-trained VGG16 network
and compute the styles from ,,, and I, on convolutional
feature map. The style loss can be defined as follow:

B = Thz éﬁ"x (G g™ - G Em)|| +
s oe [ (GG - G D), ©

‘We note that the matrix operation assumes that the high-level
features f(x), is shape (H,,IM,) X Cp resulting in a C, X Cp
Gram matrix, and K, is the normalization factor 1 / C,H,W,
for the pth selected layer.

By combining loss function in eq. (5) (6) into a set of
equations. We denote this set of equations as Adversarial feature
matching loss.

%‘eumre = Apercepmalgperceptual + Astylegstyle (7

In addition, we consider total variation loss (Lg,) [12] that
promotes smoothness and reduces noise in the inpainted area,
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Fig. 7. Inpainting results on test image samples

Fig. 7 illustrates the inpainted results after removing vehicles
in panoramic input images. As shown in Fig. 7, Pix2Pix with our
proposed loss gives better inpainting quality compared to the
baseline Pix2Pix model, successfully removing vehicles while
preserving the contextual details and structural consistency of
the surrounding scene. Fig. 8 presents a perspective view image
that zooms in on the inpainted area, demonstrating that our
method can effectively retain the structure and details of road
lanes after inpainting and removing vehicles.

inpur

PaPix PixaPix

Putch Gr
+sandardloss  + ourloss
Fig 8. Inp d results on rec ting road lanes after vehicle removal

where GT denotes ground truth images

Since a large collection of panoramic images can be obtained
from MMS surveying, we compare the processing time required
for inpainting, as shown in Table II.

TABLEIL COMPARISON RESULT ON TIME PROCESSING
Approach 100 image (sec) 1000 image (sec)
Patch-based model 362 3260
Pix2Pix model 304 2970

As seen in Table II, we compare the processing time required
for inpainting 100 and 1000 panoramic images using two
different methods: a patch-based model [20] and the Pix2Pix
model proposed in this study. For inpainting 100 images, the
patch-based model took 362 seconds, while the Pix2Pix model
was more efficient, requiring only 304 seconds. For the case of
1,000 images, The patch-based approach took 3260 seconds,
whereas the Pix2Pix model completed the task in 2970 seconds.
These results demonstrate that the proposed Pix2Pix model
offers a significant improvement in computational efficiency
compared to traditional patch-based inpainting methods,
especially when dealing with large-scale datasets commonly
encountered in mobile mapping applications.

V. CONCLUSION

This study presented a novel Generative Adversarial
Network-based approach for inpainting unwanted vehicles from
panoramic scenes in mobile mapping system (MMS). Our
method leverages Pix2Pix, a powerful image-to-image
translation GAN architecture, to effectively remove vehicles
while preserving the overall scene quality. To address the
challenges of inpainting in panoramic images, we introduced a
view selection process that focuses on specific regions
containing the target vehicles. Furthermore, we enhanced
Pix2Pix framework by incorporating feature matching losses,
leading to a significant improvement in generating more
realistic. Experimental results on real-world MMS image
datasets demonstrated that our proposed method not only
achieves superior inpainting quality compared to standard
Pix2Pix, but also efficiently handle large-scale image
processing. These results suggest new possibilities for
improving privacy protection of sensitive information in the
field of MMS.
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Abstract— Street-view images often contain personal and
sensitive information like pedestrians and vehicles, leading to
privacy concerns. It is essential to anonymize these sensitive
objects from street-view images without sacrificing image
quality. In this study, we introduce a novel synthesis-based
object removals in street-view images, named Adaptive Multi-
Loss GAN. Our proposed method first extracts area of target
objects within a raw street-view image through viewport
extraction. Subsequently, a GAN-based network with multiple
loss functions is employed to reconstruct the inpaint area.
However, a simple weighted average of multi-loss functions may
be insufficient and unstable for optimizing the inpaint network.
To overcome this issue, we introduce an adaptive weighting
strategy. This dynamic approach adjusts the weights of the loss
functions based on gradient descent information, facilitating the
optimization of the GAN-based network. Extensive
experimental evaluations on street-view images datasets
demonstrate that our approach achieves the improvement of
standard metrics, including Mean-Squared-Error (MSE), Peak
Signal-to-Noise Ratio (PSNR), and Structural Similarity Index
(SSIM) over traditional methods that employ a fixed weighted
average.

Keywords—Object inpaints, Generative Adversarial Network,
multi-loss functions, adaptive weighting

I INTRODUCTION

Mobile Mapping Systems (MMS) [1] have emerged as
indispensable tool for rapidly collecting geospatial data,
including 360 degree images, LIDAR point clouds and GPS
coordinates, aiming to generate digital maps from vehicle
platforms. Among these systems, street-level MMS are widely
used for mapping urban landscapes. Nonetheless, street-view
images from MMS often capture images of individuals and
vehicles, raising privacy issues. Early efforts to mitigate these
privacy concerns involves anonymizing these sensitive
objects within the raw images by applying blurring techniques
[2](3]. Although these methods enhance privacy protection,
they often introduce artificial textures, which can detract from
the image quality.

Previous works have addressed this challenge by
inpainting, which fills in the area of object's image by using
image backgrounds. These methods explored various
techniques like copying background image patches from other
areas [4, 5, 6] or even reconstructing the missing region with
surrounding pixels [7]. However, these techniques struggle
with MMS due to potentially large missing regions and the
complexity of the scenes.

Recently, Generative Adversarial Networks (GANs) [8]
have been applied in image inpainting, producing realistic
content to fill missing image regions. Early breakthroughs
include the Context Encoder (CE) [9] used encoder-decoder
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Suwatchai Kamonsantiroj
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architecture to leverage surrounding context for inpainting. A
two-stage network employing separate discriminators to
ensure both global image structure and local texture details
within the repaired area has been introduced [10]. Free-form
inpainting [11] that utilizes partial convolution layers,
enabling to handle missing regions of any shape and size.
Nevertheless, directly using these GAN-based methods for
inpainting street-view imagery poses significant challenges.
Firstly, distortions from equirectangular projections can
negatively impact inpainting quality. Second, the size and
resolution of street-view images often lead to significant
computational burdens. Thirdly, the unique ratio of
equirectangular images pose a challenge for deep learning
models trained on standard planar images. Thus, GAN-based
inpainting for street-view images requires a specialized
approach to handle the unique challenges.

Recently, a GAN-based approach for inpainting street-
view images was introduced [12]. This method utilizes a
modified Pix2Pix architecture [13] to fill in the masked
regions with realistic content. Furthermore, the GAN network
was optimized by combining loss functions using a weighted
average strategy. However, selecting the optimal weights for
each loss function is a careful and time-consuming process.
Moreover, training with fixed weights may lead to suboptimal
performance, as they cannot adapt to different stages of
training, leading to poor quality inpainting.

In this study, we propose a novel GAN-based method for
inpainting objects in street-view imagery, called Adaptive
Multi-loss GAN. Our method utilizes a modified Pix2Pix
architecture as the inpainting network. Instead of combining
multiple loss functions with a fixed weight average, we
employ an adaptive weighting scheme to dynamically adjust
the weights, enabling the model to balance the influence of
each loss function during the training process. This results in
enhanced inpainting performance and improved stability.
Experimental results on street-view image datasets
demonstrate that the proposed method achieves inpainting
vehicles in street-view panoramic images while efficiently
processing a large number of images.

II. PRELIMINARY

A. Generative Adversarial Network (GAN)

Generative Adversarial Network (GAN) was first
introduced in [8] as a powerful generative model. The GAN
consists of two neural networks: a generator and a
discriminator. The generator learns to fit the distribution of
training data. The discriminator is used to spot the input data
synthesized by the generator. In GAN, both the generator and
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the discriminator are trained simultaneously by optimizing the
adversarial loss function below:

Loy = mGjumgx V(D,G)= Exkpdm(x)[logD(x | y)]+
E:_p:(:)[log(l—D(G(z|y))}] (1)

random noise z obeying the p,(z) distribution generates x
from the generator G and then inputs the generated data and
the real data x into the discriminator D that identifies the input
x is a real sample or a generated sample by G. At present,
GANS s have become the state-of-the-art in image inpainting to
achieve more realistic results.

B. Pix2Pix

Pix2Pix [13] is a conditional GAN model designed for
image-to-image translation tasks. This network learns to
generate new images based on reference and target images.
Pix2Pix network contains a U-NET architecture as the
generator, which takes a reference image and learns to
generate a new image based on target. The discriminator is a
PatchGAN that analyzes small patches of the input image as
real or generated and combines the results to improve the
generator. The loss function of Pix2Pix GAN is a combination
of adversarial loss and L1 function. The L1 loss function acts
to minimize the sum of errors between the target image and
the generated image, producing less blur in the output image.

Lpopix = mé“mgXLpGAN(GsD)“f Akn(6) (@

where %y = E,y[lly — G(x,2)ll;] denotes L1 loss function,
Ay, is a hyper-parameter that specifies the importance of L1
error and LeaN can be defined as follows:

Loan = Ex_y[logD(x,y):|+Ex_z[log(l— D(x,G(x,z)))] 3)

Where x denotes the input sample and y is the target output
image and G(x) denotes the generated output image. In
Pix2Pix, the discriminator aims to classify whether each nxn
patch in an image is real or fake. The loss function of
PatchGAN discriminator can be written as follows:

N,
Lpgan =Exy |:Z, i log D("’y Vi )} 3

E,. [z;‘;q log(1 —D(.\',G(.\',Z)))} )

where N, denotes the total number of NxN patches in the
image.

III. PROPOSED METHOD

The proposed method is illustrated in Fig. 1. Given a
collection of panoramic images captured by MMS vehicle,
each image containing a target vehicle is selected to a view
selection process. This process aims to generate a narrow
viewport focused on the target vehicle within the panoramic
scene. Subsequently, the area occupied by the target vehicle is
marked in the extracted viewport. This marked viewport is
then fed into the inpainting network, which produces a
realistic inpainted image with the vehicle removed. The
inpainted viewport is then re-projected back into the
equirectangular format and integrated into the original
panoramic image collection, replacing the corresponding
region containing the target vehicle.

A. Target image selection

Panoramic images typically capture omnidirectional
visual information spanning a wide field of view. Processing
and inpainting these panoramic scenes directly can lead to a
significant increase in computational complexity and
processing time requirements. Furthermore, directly applying
inpainting techniques designed for planar images may
produce unrealistic results in panoramic projections. Although
some project methods [14][15] can be used to facilitate the
inpainting process, they are not specifically design the
particular task of targeted object (e.g. vehicles) removal from
panoramic scenes.

Since panoramic images offer a full 360-degree view, we
can easily extract a specific view to focus on a target object,
like a vehicle. To do this, we first convert the panoramic image
into a format in spherical coordinates. We then pinpoint the
vehicle's location using cartesian coordinates. Next, we adjust
our field of view to 167 degrees, ensuring we capture the
vehicle and the surrounding road without distortion. We take
a 1000 x 1000 pixel snapshot of this view and then crop it
down to a smaller 256 x 256 pixel image, keeping the vehicle
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centered. The view selection process is shown in Fig. 2. Once
the target view is extracted, we use binary mark to overlay the
area of the target object for image inpainting using Pix2Pix.

B. The inpaint network

Fig. 3 illustrates the inpaint network architecture. This
network is based on Pix2Pix architecture. It consists of two
neural networks: a generator and discriminator. The generator
takes an input image with masked (missing) regions. Once we
have marked the object for removal in the selected view, we
use an inpainting network to eliminate it. We feed a 256x256
RGB image with the marked object into the network. In our
network, the generator built on a U-Net architecture, is used
to fill in the marked region. The U-Net has the encoder that
breaks the image down into smaller parts (256x256, 128x128,
64x64,32x32,16x16, 8x8, 4x4 and 1x1) and the decoder that
reconstructs the image with resolutions of 1x1, 4x4, 8x8,
16x16, 32x32, 64x64, 128x128 and 256x256. The
discriminator network is based on PatchGAN. The PatchGAN
evaluates the inpainting result by dividing the image into
70%70 patches and classifying each patch as real or fake. The
final output is an average of the patch-level decisions.

C. Adaptive Multi-Loss weighting

To enhance the GAN network ability for object inpainting,
some methods [12] have proposed to optimize the network
using various loss functions. The intuition is to enforce the
network to balance these various objectives during training.
We follow this scheme by modifying the adversarial loss in
the discriminator network by incorporating the following
additional loss functions.

Inspired by [16], our approach leverages perceptual loss to
guarantee a consistent visual style across both the real images
Iy and the generated images Io,;. This perceptual loss is
defined as follows:

Ly I
. ZP 1||fp = “ ZH "fp" ‘fp’"
percept =
p=0 N p=0 N
i 74

L (5)

where I, denotes the network prediction overlay on the
input image I;,,. denotes the feature map extracted from
the p® layer of a VGG-16 network [17] pre-trained on
ImageNet. The perceptual loss quantifies the perceptual
difference by comparing feature representations of the
generated image, the overlaid prediction and the ground truth
image. By minimizing this loss, the network learns to generate
images that are stylistically consistent with the real images. In
this study, we use VGG-16 layers of blockl conv2,
block2 conv2, block3 conv3, and block4 conv3,
respectively.

To enhance visual coherence, we incorporate style loss
[18], ensuring that the texture generated within the inpainted
regions blend with the overall style of the texture of the ground
truth image. Similar to perceptual loss, we utilize a pre-trained
VGG-16 network to extract features that capture textures and
color patterns from both the generated images I,,, and the
ground truth images I,.. The style loss can be defined as
follow:

P11

L=, 0C,C,
ZP 1

p=0 C Cp

We note that the matrix operation assumes that the high-level

features f;"is shape (H,,Wp) X Cp, resulting in a G, XCp

Gram matrix, and K, is the normalization factor 1 / C, H,W,,
for the p™ selected layer.

BT - (), +

Kot - G| ©
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In addition, we consider total-variation loss (L;,,) [18] that
encourages smoothness and discourages noise within the
inpainted areas, leading to the enhanced visual quality . Ly,
can be defined as follows:

|7+ _pid
- !t |
L
Z(:,j)sx.(i,rlER" = Ny - "

e

(M

where R represents the inpainted region of the image. 1,7,
refers to the pixel intensity of the feature map from the input
image at location 7 and j. Ny, denotes the total number of
pixels in the inpainted region.

By combining the loss functions in eq. (5), (6) and (7) with
the adversarial loss Lgay, we formulate the discriminator loss
for the discriminator network as shown in Eq. (8).

Lp=Lgyn+ A percept *Lperrepr + e *Lsryle ®)

+ap, * L,

where a; represent a coefficient that controls the relative
importance of the i™ loss function. Although training the
network with a combination of these loss functions shows
potential, determining the optimal weights for each
component is a significant challenge. Manually tuning these
weights is a laborious and time-consuming process.
Moreover, relying on fixed weights during training can hinder
performance, as the optimal balance between the different
objectives may vary across training stages. The rigidity of the
fixed weights can limit the quality of the inpainted results.

To address the challenge of weight optimization in multi-
part loss functions, we leverage Softadapt [19]. This
weighting method allows to dynamically adjust the weights
assigned to each loss component based on their performance
statistics during training. The weighting method favors to
assign smaller weights to loss functions that are approaching
their minima, as demonstrated by the following equation:

i Psi
af L ©®

g Z fl Bs!

where a}, denotes a coefficient of the k™ loss component at
iteration 7. £ is the value of the k™ loss function at iteration 7.
s} indicates the average of the k™ loss function's values over
recent iterations. B is a hyperparameter controlling the
sensitivity of the weighting scheme to changes in loss values.

The pseudo-code for training the inpainting network is
shown in Algorithm 1. The algorithm begins by creating a
dataset to train the GAN network. This is done by extracting
relevant regions within each raw street-view image in an
image collection using the viewport selection algorithm
described in Section ITI(A). Then, the images of target object
within the extracted region are masked out using binary
masks, enabling the generator network to fill in within the
masked areas. During training, batches of masked images x
and their corresponding ground truth I, are fed to the
network. The generator attempts to reconstruct the mask

regions by producing inpainted images I,,,;. Once the iteration
t reaches at the defined interval T, 4q¢., the weights for the
perceptual l0ss @percept, Style 10ss @styie, and total variation
loss a;, are calculated based on Eq. (9) to balance the
optimization. The discriminator (D) and generator (G) are then
trained adversarially using losses from Eq. (8) and Eq. (2)
respectively, with this process repeating until convergence is
achieved.

Algorithm 1 Adaptive Multi-Loss GAN

Input: a collection of street-view images X,
a set of ground truth images I,
a set of binary mask M,
the batch size B,
an update interval T, gq¢e
Output: the trained generator G.

P « Viewport_Extraction (X)
X « Generate Masked Region (P, M)
Npateh < Nlm /!B
‘While not converged do
for i =1,....,Nyqen do:
forj=1,....,B do:
random an input sample x and its ground truth /g,
Iout & G(X)
end for
if t mod T,p4q¢e =0 and ¢ != 0 then
update @percepts Astyte and @y, by Eq.(9)
else:

St+1

percept
Sstttvlle = Sstyle + l;tyle
sty = s+ I

end if

Discreul « D([x' Igt])

Discgen, < D([X, Ioue])
ver «‘Extract Feature_Maps (Iye, Ig¢)

t t
percept + lpercept

end for
Compute Lp and Lg using Eq. (8) and Eq. (2)
D(t+1) « Optimizer(D(t) , VLp)
G(t +1) « Optimizer(G(?) , VLg)
end while

IV. EXPERIMENTS

A. Data collection

The dataset was acquired by surveying the area of Maha-
Chesadabodindranusorn Bridge to Wat Bot Don Prom in
Bangkok Thailand, as illustrated in Fig. 4. The total surveyed
distance was 4.3 kilometer, using a Ladybug camera equipped
with a Global Navigation Satellite System (GNSS) to capture
4,096 x 2,048 resolution panoramic images along with their
GPS coordinates, resulting in 1,969 panoramic images in total.
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B. Ground truth generation

Training a neural network requires ground truth data.
However, in this dataset, ground truth images are not
available. Specifically, we do not have images containing the
background of the target vehicle. To address this, we can find
the background region behind the vehicle from other images
using GPS coordinates. Let (x;,y;) be the center coordinate of
the target vehicle in the current image t and 6 be the vehicle’s
direction. We calculate a point (xq ,yq) located behind this
vehicle at least a distance q using the following equations:

x, =q, *cos(6, +180)+x,
¥, =q,*sin(6, +180)+y,

After obtaining the reference point (x,, y,). it is used to
search for the image in the dataset that contain the background
area corresponding to the location of the target vehicle and use
this image to be the ground truth for the current image t. Fig .
5 illustrates example of training data.

(a) (b) () (d)

Fig. 5. a training sample, including (a) a target view image (b) binary mask
(c) the input image and (d) the ground truth image respectively.

We split the dataset into 80% for training the network and
20% for testing.
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Fig 6. Training Loss

C. Experimental setting

To evaluate the effectiveness of our proposed method, we
compare it against a fixed-weight multi-loss Pix2Pix as
outlined in [12]. For the fixed-weight baseline, we set the
weights t0 @percepe = 0.05, Aspyre = 120 and ay, =0.1,

respectively, as they are reported in their experiments obtained
the best performance on this dataset. In contrast, our proposed
method initializes all the loss function weights equally to 1.0,
allowing the adaptive strategy to learn the optimal
performance during training. Furthermore, the learning rate
for both the generator and the discriminator is set to 0.0002.
For the discriminator, we use 70 x 70 patches for the
PatchGAN. We employed Adam's optimizer (81=0.5,
B2=0.99) to optimize the GAN loss, and used a batch size of
1. We conducted experiments with our proposed method on
an Intel (R) Xeon(R) Silver 4214 CPU@ 2.20GHz processor
with a Tesla V100-PCIE-16GB GPU.Fig. 6 plots training
losses across the first 250 epochs.

D. Experiment results

We evaluate the quality of inpainted vehicles generated by
different methods using three key metrics: Mean Squared
Error (MSE), Peak Signal-to-Noise Ratio (PSNR), and
Structural Similarity Index (SSIM) [20]. Table I illustrates
performance comparison of inpainting vehicles using different
methods over three key metrics: Mean Squared Error (MSE),
Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity
Index (SSIM) [19]. As seen in Table 1, the proposed method
(Pix2Pix with adaptive multi-loss outperforms the baseline
Pix2Pix with fixed-weight multi-loss and Pix2Pix model that
uses only adversarial loss. These quantitative results indicate
that the adaptive multi-loss optimization enhances the Pix2Pix
model to generate high-quality of the inpainted images.

TABLE I. PERFORMANCE COMPARISON ACROSS COMMON METRICS

Method MSE | PSNR | SSIM
(O} m m
Pix2Pix (adversarial loss) 192.01 | 2535 0.89
Pix2Pix(fixed-weight Multi- loss)[12] 177.84 | 25.73 0.90
Pix2Pix (adaptive-weight Multi-loss) 150.33 | 26.19 | 091

Fig. 7 illustrates the inpainted results on street-view
samples. As shown in Fig. 7, the Adaptive-weight Multi-loss
GAN produces higher-quality inpainted images compared to
the method that uses only adversarial loss, which introduces
artifacts. Moreover, compared to the fixed-weight multi-loss
method, our proposed approach can generate sharper road
lanes and mitigate blurriness over the inpainted regions.
These results underscore the effectiveness of dynamically
adjusting the weights for each loss function based on their
performance.

E. Discussion

Table II examines the impact of different weight update
intervals (T,pgqte) on model performance. We observe that
updating the multi-loss function weights every 5 epochs yields
the best results. Fig. 8 shows inpainted results on test samples
in different update intervals.

TABLE II. PERFORMANCE COMPARISON OF ADAPTIVE MULTI-LOSS GAN
ACROSS VARYING INTERVAL UPDATE INTERVALS.

Interval update MSE PSNR SSIM
(O] (0] (U]
Tupdate = 2 181.77 25.61 0.90
Tupdate =5 159.33 26.19 0.91
Tupdate =7 185.11 25.55 0.90
Tupdate =9 195.57 2531 0.89
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Fig. 8 Inpainted results of adaptive weighting multi-loss using different intervals
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Fig. 9 demonstrates the impact of the generator loss over
training epochs when using different update intervals. As
shown in Fig. 9, the lowest loss, indicating an update interval
of 7 epochs is optimal for this dataset while smaller intervals
result in more fluctuations.

L1loss

e it Weight

raining epoch

Fig 9. Generator Loss v.s. epoch using different mtervals m)

V. CONCLUSION

This study introduced Adaptive Multi-Loss GAN, a novel
approach for anonymizing street-view images by effectively
removing privacy-sensitive objects like pedestrians and
vehicles. By incorporating an adaptive weighting strategy into
the multi-loss function optimization of the GAN-based
network, our method overcomes the limitations of traditional
fixed-weight methods. This dynamic approach allows for a
more balanced and effective training process, leading to
higher-quality inpainted images. Extensive experiments
conducted on street-view datasets demonstrate the superiority
of our method, achieving significant improvements in MSE,
PSNR, and SSIM metrics compared to traditional approaches.
This research contributes a robust and efficient solution for
privacy-preserving  street-view image anonymization,
effectively balancing privacy concerns with the need for high-
quality visual data.

Future work could explore further refinements to the
adaptive weighting scheme and investigate its application in
other image editing tasks beyond object removal.
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WNIARRITEUY
1. N13FAAY Python
1.1 andlvanlWddndaniew Python aniulad https://www.python.org/downloads

/ Taeiden Python version 3.10 1uduly

.

Files
Version Operating System Description MD5 Sum FileSize GPG Sigstore
Gzipped source tarball Source release 6dbe644dd1a520d9853cf6648084C346 249MB SIG .sigstore
XZ compressed source tarball Source release Tbf85df71bbe7f95e5370b983e6ae684 18.7MB SIG .sigstore
macOS 64-bit universal2 installer mac0S for macOS 10.9 and later 892634724ab799569b512082¢8f48c83 39.1MB SIG CRT  SIG
Windows installer (64-bit) Windows Recommended 9735797853cba809b13c8396c91354a0 27.71MB SIG CRT  SIG
Windows installer (32-bit) Windows a81b81687bc2575c05a30f4b31d6eall 26.6 MB SIG CRT  SIG
Windows help file Windows 448f8401adea9aTe2156d02512f2f9bf 9.0MB SIG CRT  SIG
Windows embeddable package (64-bit) Windows f38a9e7e02a992daa62569b758d0a388 8.2MB SIG CRT SIG
Windows embeddable package (32-bit) Windows a681a7fob242fe35b4d96d79e15e57d6 73MB SIG CRT SIG

A 2-1 widuleiandlvan Python
1.2 welusunsuanuiluaniasa [Walndieviinsiesds agtuntinasliyinnisiden “Add

Python 3.10 PATH” wagnals “Customize installation”

& Python 3.10.10 (64-bit) Setup - X

Install Python 3.10.10 (64-bit)

Select Install Now to install Python with default settings, or choose
Customize to enable or disable features.

@ Install Now
C\Users\, \AppData\Local\Programs\Pythen'\Python310

Includes IDLE, pip and decumentation
Creates chortcuts and file associations

— Customize installation
Choose location and features

python

for Use admin privileges when installing py.exe

W|ﬂdOWS [4 Add python.exe to PATH Cancel

Adl w2 wlUsnsuRnGa Python (1)
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1.3 21ntiuden “install for all users” waInaly “Install”
% Python 3.10.10 (64-bit) Setup - x

Advanced Options

[ Install Python 3.10 for all users

Associate files with Python (requires the 'py’ launcher)
Create shortcuts for installed applications

Add Python to environment variables

[ Precompile standard library

] Download debugging symbals
] Download debug binaries (requires WS 2017 or later)

Customize install location
‘ Ch\Users\dandMAppData\Local\Programs\Python\Python31 E| Browse

python

for

Wlﬂdows Back & Install Cancel
A -3 HAlUSHNSUARAFY Python (2)

1.4 nuuselilusunsuyimsfnnuasa udanalu “Close”

& Python 3.10.10 (64-bit) Setup — %

Setup was successful

MNew to Python? Start with the online tutorial and
documentation. At your terminal, type "py" to launch Python,
or search for Python in your Start menu.

See what's new in this release, or find more info about using
Python on Windows.

% Disable path length limit

Changes your machine configuration to allow programs, including Pythen, to
bypass the 260 character "MAX_PATH" limitaticn.

python

for

windows Close

g v-4 shlusunsainga Python (3)
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1.5 flevin1sfings Python wa3a fvinsfins Packages 1@Suwes Python 7ide pip tne
Tnilwananiules https://bootstrap.pypa.io/get-pip.py
1.6 weanilvnanasaliila command prompt a2l path veslndfiniiilvan

PINTuRiniends “python get-pip.py”

C:\Users\PCopython get-p;pApy
Defaulting to user installation because normal site-packages is not writeable

cting pip
ng cached pip-2 one-any.whl.metadata (3.5 kB)
cached pip-23.3. e-any.whl (2.1 MB)

Installing collected packages:

AT -5 NsRnga pip
2. MsAnR Node js
2.1 andluanlnadngs Nodejs anntiulas https://nodejs.org/en/download/ 1ag

@8N “Windows” w@an “x64 architecture” waang “Windows Installer (msi)”

Download Node.js®
Get Node.js® v22.13.1 (LTS) for =% windows using =" fnm with

@l npm

winget install Schniz.fnm

fnm install 22

PowerShell [ Copy to clipboard

"fnm" is a cross-platform Node.js version manager. If you encounter any issues please visit fnm's website

Or get a prebuilt Node.js® for &8 Windows runninga x64 architecture.

@ Windows Installer (.msi) & Standalone Binary (.zip)

A9 v-6 winAuledalluan Node.js
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2.2 Welusunsuaiilnaniasa Walwaiiievinnisinge azduniinaisliiinisiden “|

accept the terms and the License Agreement” 31ntfunaYy “Next”
¥ Node,js Setup — X

End-User License Agreement d
nege
US)

Please read the following license agreement carefully

Node.js is licensed for use as follows:
Copyright Node.js contributors. All rights reserved.

Permission is hereby granted, free of charge, to any person
obtaining a copy of this software and associated documentation
files (the "Software"), to deal in the Software without restriction,
including without limitation the rights to use, copy, modify, merge,
publish, distribute, sublicense, and/or sell copies of the Software,
and to permit persons to whom the Software is furnished to do so,

) 1 accept the terms in the License Agreement

Print Back Next Cancel

2NN -7 wlUSUASUAAAY Node js (1)

(% '
a o =

2.3 MVUAFHALITIIEANAINUNABINT WaINAUY “Next”
¥ Node.js Setup = X

Destination Folder

Choose a custom location or click Next to install. n . d c
UsS)

Install Node.js to:

C:\Program Files\nodejs),

Change...

Back Mext Cancel

ATl v-8 wlusunsuRnga Node js (2)



84

2.4 nady “Install” tasUN1SARAAS
8 Node,js Setup = X

Ready to install Node.js n . d e
@

Click Install to begin the installation. Click Back to review or change any of your installation
settings. Click Cancel to exit the wizard.

Back __yInstaII Cancel

A -9 wthlusunsudnaga Node js (3)
2.5 nady “Finish” WeIUNITARAY
ﬁ Node,js Setup — X

Completed the Node.js Setup Wizard

Click the Finish button to exit the Setup Wizard.

nede

@ Node.js has been successfully installed.

aack Cancal

A 9-10 winlUsunsuRnga Node.js (4)
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3. MsAARe Package ¥84 Web Client
\Wa Command prompt %38 Windows PowerShell haaluds path vaslnaines web-

. . Y a co @ . y A a & a a 9]
inpaint LAINUNAIE “npm install” tWBRAAAS Packages NAYIVDY
2 npmiinstall

PS D:\test_server_client\web-inpaint> npm install
W LUMWARN] inflight@1.0.6: This module is not supported, and leaks memory. Do not use it
. Check out lru-cache if you want a good and tested way to coalesce async requests by a key value
, which is much more comprehensive and powerful.

L MWARN] stable@®@.1.8: Modern JS already guarantees Array#sort() is a stable sort, so
this library is deprecated. See the compatibility table on MDN: https://developer.mozilla.org/en-
US/docs/Web/JavaScript/Reference/Global_Objects/Array/sort#browser_compatibility

W LUMWARN] @babel/plugin-proposal-private-methods@7.18.6: This proposal has been merged
to the ECMAScript standard and thus this plugin is no longer maintained. Please use @babel/plugin
—transform-private-methods instead.

W UMWARN] @babel/plugin-proposal-numeric-separator@7.18.6: This proposal has been merge
d to the ECMAScript standard and thus this plugin is no longer maintained. Please use @babel/plug
in-transform-numeric-separator instead.

W LUMWARN] @babel/plugin—proposal-class—-properties@7.18.6: This proposal has been merged
to the ECMAScript standard and thus this plugin is no longer maintained. Please use @babel/plugi
n-transform-class—properties instead.

W LUMWARN] @babel/plugin—proposal-nullish-coalescing-operator@7.18.6: This proposal has
been merged to the ECMAScript standard and thus this plugin is no longer maintained. Please use @
babel/plugin-transform-nullish-coalescing—operator instead.

npm Iﬂﬁm rollup-plugin-terser@7.0.2: This package has been deprecated and is no longer
maintained. Please use @rollup/plugin-terser

npm @humanwhocodes/config—array@®.11.14: Use @eslint/config-array instead

[ ] - reify:binary—extensions:

A 9-11 M3RARs Package 483 Web Client

4. N135ANRAY Package V83 API
\Un Command prompt %38 Windows PowerShell wa3luds path veslnaines api wan
AUAAIES “npm install” LWeRAAY Packages 774

Windows PowerShell
Copyright (C) Microsoft Corporation. All rights reserved.

Install the latest PowerShell for new features and improvements! https://aka.ms/PSWindows
PS C:\Users\acer> cd D:/test_server_client
PS D:\test_server_client> cd api

PS D:\test_server_client\api> npm install

added 176 packages, and audited 177 packages in 25s

AN U-12 N15AAAY Package U9 AP
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5. nsAnds Package 494 Client Node
5.1 1Ua Command prompt %38 Windows PowerShell ha2lug path vaslnaines

source code WAIRUNAIEY “python -m venv venv” Liaad3i1d virtual environment

2 Windows PowerShell

PS D:\test_server_client\cmd-inpaint> python venv venv
PS D:\test_server_client\cmd-inpaint>

AN U-13 N15AAGY virtual environment

5.2 RUNAIEY “venv/scripts/activate” iiioidald virtual environment

& Windows PowerShell X +  ~

PS D:\test_server_client\cmd-inpaint> venv/scripts/activate
PS D:\test_server_client\cmd-inpaint>

ANA U-14 N15UalYenu virtual environment

5.3 findie Packages fisnidu laeldiénds pip install - requirements.txt

B¥ Windows PowerShell + v

PS D:\test_server_client\cmd-inpaint> pip install requirements.txt
Collecting opencv-python==U.8.0.76
Using cached opencv_python—4.8.8.76-cp37-abi3-win_and64.whl (38.1 MB)
0.4.0
low-10.4.0-cp310-cp310-win_amd64.whl (2.6 MB)

7.tar.gz (18 kB)
etup.py) ... done

y <3
Using cached numpy-1.26.U4-cp310-cp310-win_amd64.whl (15.8 MB)
Collecting colorama
y3-none-any.whl (25 kB)
glob2, pillow, nump
1

1g the jac

enable the p517" < scu

unning setup.py tall for g .. do
Successfully installed colorama-8.4.6 glob2-8.7 numpy-1.26.4 opencv-python-U.8.0.76 pillow-16.4.0 scipy-1.14.8 tqdm-U.66
.1 utm-0.7.0

L ] A new relea of pip available:

[ ] To update n
PS D:\test_ er_client\cmd-inpaint>

A7 -15 M3RARY Package 283 Client Node
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5.4 nsainfnss OpencV Ll gstlymilarulugaziiniudiu Windows Server @1unsa
wilasaen15A s 9 media feature pack a1t ulas https://www.microsoft.com/en-
us/software-download/mediafeaturepack #a1a1n@ an aa@s alwnaduluvinisanas

Packages w84 Client Node 3nassludaf 5.3
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1. MSSUMINIUVBITEUU

1.1 Walwamasiiu source code

test_server_client X -

(+> New ~

image_result
inpaint_api
inpaint_gan

inpaint_system

™ @ J > Seagate(D) >
Tl Sort ~
MName h
api

client_node
cmd-inpaint

web-inpaint

main_folder

D .gitignore

new_car_ds

pano

D .gitmodules

& client_run.bat

test_server_client

thesis_ds

[%] server_run.bat

A7 A-1 InaweasiAu source code

test_server client >

View ~

Date modified

23/9/2567 17:38
20/9/2567 1849
2/10/2567 20:55
15/8/2567 21:15
1/10/2567 14:23
1/10/2567 15:12
14/12/2567 22:01
14/12/2567 1617
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1.2 1Ualvla server run.bat iiveL3un15vi9uludIUves Web Client wazdauusg AP

8991 U WALAI9ZLAAY command prompt Fua 2 w9

™ Windows PowerShell

One of your dependencies, babel-preset-react-app,

is importing the

"@babel/plugin-proposal-private-property-in-object" package without

declaring it in i

dependencies. This is currently

vorking because

"@babel/plugin-proposal-private-property-in-object" is already in your
node_modules folder for unrelated reasons, but it may break at any time.

babel-preset-react-app is part of the create-react-app project, which

is not maintianed anymore.

ever be fixed.
your d
go away.

evDependencies to work around th

Add "@babel/plugin—-prac private—pr

NG A-2 AUBNEAINISYINIUYDS Web Client

bug will
rty-in-object" to
error. This will make this message
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] CAWINDOWS\system32\cmd. X e

[nodemon] 2.0.7

1 -\

[nodemon] to restart at any time, enter ‘rs
[nodemon] watching path(s): *.=x
[nodemon] watching extensions: js,mjs,json

server running at http://localhost:5000

AN A-3 MEIUAAINITYINTUYEY AP
1.3 1UnalWd client run.bat s o3 uN15v191uludIUY8S Client node wa3av1N1998Y
31u3u Client node 7ifiB4n13 31NTUALUEAAY command prompt AMUTTUIUATEY

CAWINDOWS\system32\cmd. X + o~

Enter the number of client node to run the Python file: 1

AN A-4 UUE19NIDNI1UIU Client Node

] C\Windows\system32\cmd.e: X + O X

2025-02-09 15:12:27.219141: I tensorflow/core/platform/cpu_featu
re_guard.cc:182] This TensorFlow binary is optimized to use avai
lable CPU instructions in performance-critical operations.

To enable the following instructions: SSE SSE2 SSE3 SSE4.1 SSE4.

2 AVX AVX2 AVX512F AVX512_VNNI FMA, in other operations, rebuild
TensorFlow with the appropriate compiler flags.

connection established

I received " {'node_name': O, 'sid': '7e3jJQNu_Qu50WvhAAAB', 'pr

ocess': 0, , 'nu

m_folder': @

'all_img': O, 'status':
'all_folder': @} "

'process_folder':

NG A-5 UUIF1LEAINITIN9IUYB9 Client Node
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2. YURBUAITVINNIUVDITEUU

2.1 Waiuwusriwesuaifiun URL 18y http://localhost:3000/

¥
v A

2.2 nsondeyalnanesiifein1suseananaaunInsndsIa nieuvisevedlnanesne

Tdfiunadns dalrlawmesiiiunadnsiazegnigluliamesiunig

= Remove car

Input path:  Dy/new_car_ds/11-01

+ Qutput path:  output

Inpainting progress

Stop all

M A-6 VBUAAINITNTBNTILALLIYA
2.3 dlensendayaiasaioviesudn dldfacnihnisdiuin Client node fisimanisldlunis

Uszanana nauUsunIsUTELIaNa

Select client node
Check all

Bo

AINN A-7 NUNBLEARINISEERN Client node
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2.4 Tusgni199 Client node Useunana @aunfnmon bia1uazkananuIulnanosnxIuy

Y

A15USEUANE WSDUAUINUIUANAKIUNSUSEUIANATBIMAaY Client node

50%

D:/new_car_ds/11-01/C2/Camera

node0 Complete file: 0 Total file: 1999

a 9]
AN A-8 NUIBLLEAINTITUTTUIANS
2.5 ‘mﬂr;flﬁz’famﬁmiaﬂL§ﬂmiﬁwmizm'wﬂswaawa LOUANIULAITYINIUDY

Waswduduaaiieuansbigldnsiudn Client node livganisviuisausoeudn

nput path:  Di/new_car_ds/11-01

Output path:  output

D:/new_car_ds/11-01/C1/Camera

node0 Complete file: 1 Total file: 2071

AN A-9 UUIFBUEAINITEAENNITUSEUIANS
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2.6 L1852 UUYN1TUSTUIANANNE NS PTIMUALE Y WOULARIFDIULAITHIIURE

i & o
Wasuduae?
Input path:  Difnew_car_ds/11-01
Output path:  output
°
D:/new_car_ds/11-01/19-1/Camera

{ N

Complete file: 357 Total file: 357 \ )

node0 \_/

2NN A-10 BNBUARINSUTEUIANAA ST



94

wva Y
Usganpiveu
%o 918913 Ao
Y Inertnus nsaunwingdmsusEuuIninununviaedounlagly

1ASIUELAUBLS NN LDALIDLYDLI U

#1017 ANYINITABUNMDS

Uszin AUAIANBIUIYYINTAVNITTINYINITADURILN DTN

LMINYRENALULAENTZABNANTEUATHLD Un15ANE 2564



	บทคัดย่อภาษาไทย
	บทคัดย่อภาษาอังกฤษ
	กิตติกรรมประกาศ
	สารบัญ
	สารบัญตาราง
	สารบัญภาพ
	บทที่ 1  บทนำ
	1.1  ความเป็นมาและความสำคัญของปัญหา
	1.2  วัตถุประสงค์ของการวิจัย
	1.3  ขอบเขตของการวิจัย
	1.4  ประโยชน์ที่คาดว่าจะได้รับ
	1.5  นิยามคำศัพท์เฉพาะ

	บทที่ 2  เอกสารและงานวิจัยที่เกี่ยวข้อง
	2.1  ระบบจัดทำแผนที่ชนิดเคลื่อนที่ (Mobile Mapping System)
	2.2  ภาพพาโนรามา (Panoramic image)
	2.3  การลบภาพวัตถุ (Object removals)
	2.4  การเรียนรู้เชิงลึกแบบรู้สร้าง (Generative deep learning)
	2.5  Perceptual loss
	2.6  Style loss
	2.7  Total variation denoising
	2.8  งานวิจัยที่เกี่ยวข้อง

	บทที่ 3  วิธีดำเนินงานวิจัย
	3.1  ภาพรวมของงานวิจัย
	3.2  ข้อมูลที่ใช้ในงานวิจัย
	3.3  ขั้นตอนการดำเนินการ

	สารบัญ (ต่อ)  หน้าบทที่ 4  ผลการดำเนินงานวิจัย
	4.1  การทดสอบเวลาที่ใช้ประมวลผล
	4.2  การทดสอบคุณภาพของภาพที่ได้จากการเติมภาพ
	4.3  อภิปรายผล
	4.4  การทดสอบระบบ

	บทที่ 5  สรุปผลการทดสอบ และข้อเสนอแนะ
	5.1  สรุปผลการทดสอบ
	5.2  ข้อเสนอแนะและงานในอนาคต

	บรรณานุกรม
	ภาคผนวก ก  ผลงานวิทยานิพนธ์ที่นำเสนอในที่ประชุมวิชาการ
	ภาคผนวก ข  วิธีการติดตั้ง
	ภาคผนวก ค  คู่มือการใช้งาน
	ประวัติผู้เขียน

