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Abstract

The interior design industry is an indispensable part of the industry today. Many times,
customers want to see the real appearance of their houses before decorating their houses. At
this time, the interior design industry will provide realistic pictures for customers as a For
reference, the immersive map is drawn using modeling software. The modeling steps are to first
design a plane, then pull it up to become a prime model, and then draw a 3D model with
materials, colors and lights from the prime model, and finally use the rendering software to
render the 3D model into a 3D simulation. real picture. However, it takes a lot of time and visual
thinking in the process of drawing from the original model to the 3D realistic drawing. With the
development of time, the technology of artificial intelligence has also become very mature. If
the design of the simulation map can be made by artificial intelligence, it will save a lot of time
and technical requirements such as visual thinking. In this paper, we use the generative
adversarial network as the basis to learn the modeling of interior design, and directly convert
the original model into a 3D realistic image. We first use SketchUp to collect a large number of
indoor images, and use Pix2pix and CycleGAN to train the images. Adjust different training
times according to the situation, analyze the best results and compare them with the pictures
rendered by V-Ray. The experimental results show that Pix2pix has a good performance for the
conversion of pixel simulation and simulation images. In contrast, CycleGAN is not suitable
for the conversion of pixel simulation and simulation images. After comparing the best result
generated with the realistic image rendered by V-Ray, it can be found that the image generated
by the generative adversarial network model can indeed automatically design the room, the

generation speed is also very fast, and the overall architecture is also very clear , but in contrast

II



to the pictures rendered by V-Ray, the details of the pictures generated by the generative
adversarial network are not so obvious. Finally, we hope that through the experiments of this
paper, we can quickly convert the original model into a realistic image, solve the problems of
time, technology, and money, so that people who have no design ability can also obtain the
required images.

Keywords: Generative Adversarial Network(GAN) ~ Interior design ~ Pix2pix ~ CycleGAN -

3D model ~ 3D dynamic simulation drawing ~ Blank model
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AT T TR R A FOTAGRT R E R R AR R L R L

PIRA A X BEHG B CH P -t X BEH G BAEEL A ER LB

o~

Fi A Y T HETA A 0k ] S 2 B AT B Y cdp 1428 0 @ CycleGAN s b B 4
* 1§ PatchGAN eZg Jrﬁ

fed 2 CycleGAN H- @it * $F R I gpr > Frages SHYFT LR

1 \

ST S B ATE W Y2 ARG BT RS R

*m

RN Jggmuijz»ﬂ%q\:l&— BB P REEHY AABORY > T Y
ZHOBMPEERBISG M SHRA S KPR LT R A B 2-10 5
CycleGAN £k A B 28 H o

CycleGAN » &% &35 5 3 2 o i Jg -0 7 el Rk 4ol-8 cnR P S5 -

b R RER S R (R 2-11) -
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B 2-10 CycleGAN A % H ]

B 2-11 CycleGAN Ji * # i
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FRx AL

AR ERHT N NP AR AN e A L]

By

B RS

LR AL R T TR S AR R R R
4N EURE S A IOEE S RE WY ik h REE Y AR 5 Pix2pix & CycleGAN

BB A Y NSRS BFTER R

3L %

AFFTARLS S BINA - F- WA LEP AP RAHEREIRYOTHELE - 5 -
AL F R AL o MG B ik L 256x256 0 R F L BT S HehR Y £ S
256x512 ¥ ¥ 73 5 ATPR ¥ 11 i Pix2pix A& F o o % = %4 L @ * Pix2pix & 7R ¥
EREZHERIRIBY - 52 5% " CycleGAN 2 #-Z @i S mEB L - &
I 3L 5B Pix2pix ¥ CycleGAN e Sdic o % = & FHAER - AP gy in

A2 A4c @) 3-1 #17F
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[ T R%
3 d ax | A ER
[ & AT i 3 J *L (CyCIEGAN)
EREE LR e
[ S8 E J { B

B 3-1 2 3 42 R

FAE S

AETEFZARRERER Y R R R NEER OB TERE
%% Pix2pix & TR GBI A N3 AT HEDEPB G BiROHEF L5 - REH
RS2 EBT TG S REH o & CycleGAN &7 b $e ik - 2F7 3 ¥ 0
AR R REIBIITL Y - AR R DRFHOL RERIREIBSOR R A
CycleGAN £ 72" 7% ZF R AT HEHFTH > FFLEAE < EPFHF Y 2 HELFlE
FyRe AF RPN EL AP TERUPFRG FALHTHE T2 DY 5 20T
PIR s A A S B Y o FF L I SketchUp i 7R F auE i ¥ g Wilicfs

FREZF - Z2RFWLEBSEHEFT RO BRFUEAT LI AFEL - KB
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V-Ray i€ 1724 > AL+ HMIBMLP L HNE 2R LRPIRY 5 S HBERY > 1
4+ Pix2pix & ¥ > 4o 3-2 #77 o

Ra ARBERY 28 B PR P AR ST A REALEF - RAEE F
AEETET TR DS S KA TR o AT S MR Y e R
T gl W R R R § R ERE T 2 F AR

Wyt AET AR KT e SR 5 TR (B 3-3) 0 S A R

— e
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\ \- '.“ e i
. \i\

RI32 &2 ipk & R DR B2
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FAHRAEE  FoFRM Y P2 1034k 0 50 A TH B3R W
§LBERRF L eh P EFDE  BES X0 R Y 0 AP 4% Kamyar Nazeri
* GitHub # & * 7 Places365 P75 44 § » Ir R4k ¥ 256x256 ] fiF & #ij » % fij 1 - 7]
SRR R OREET Ry RS E0 Gl I 256x256 0 BRI B 2 AR R
- Pix2pix i 79T 0 Pix2pix F & S FHFR > Ft § ARG A HR Y & A S
— 38 256x512 chR) B 0 & ¥ 5 A ATH S (B 3-4) 0 0 TREE AR T R Y ik

5 UPG Bk o ke is B TR~ LRI AR -
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Bl 3-4 43 R & B 5 256x512 Rt 2

3.4 11 Pix2Pix 5 A A& 7= 8% Hcnig ik

AL F AP PiX2Pix KRB ZHEHE B Y ol o gAK KL EHEF DS
$F 256x512 Pl 5 & 747 0 07 F 256x256 0 TR L - R EAL S B IR
A FPIR o 4 B OGS B(Encoder)d 8 A hEF A L THREHE L 20X
FlomFr Btz f A5 0.2 dyprisdt Leaky-ReLU » k@ f4d S5~ 5+~ en
BT

275 Z(Decoder)— thd 8 K i f A rles > FREH LG 20 T2 EE KR
BB -l R enfRss B B R F P RE 022 s S5 Leaky-ReLU » fed (8 - &
i * tanh i Sz o @ R e L -1 Bl 2R ﬁx%éﬁ%] MR 5 256x256x3

g B o
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L1 A i i

Layer Feature Size Number of Filters

Input 256x256 3
Conv2d 1 128x128 64
Conv2d 2 64x64 128
Conv2d 3 32x32 256
Conv2d 4 16x16 512
Conv2d 5 8x8 512
Conv2d 6 4x4 512
Conv2d 7 2x2 512
Conv2d 8 Ix1 512

302 [ BE R

Layer Feature Size Number of Filters
DeConv_1 2x2 512
concatenate 1 2x2 1024
DeConv_2 4x4 512
concatenate 2 4x4 1024
DeConv_3 8x8 512
concatenate 3 8x8 1024
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DeConv_4 16x16 512
concatenate 4 16x16 1024
DeConv_5 32x32 256
concatenate 5 32x32 512
DeConv_6 64x64 128
concatenate 6 64x64 256
DeConv_7 128x128 64
concatenate 7 256x256 128
DeConv_8 256x256 3

F| B4 PatchGAN 45 S A d 4 R s At » HE L5254
E R B AR SR B R T 2 eiE 5N Leaky-ReLU > B ts - & i * PatchGAN >
H)F16X16 ik B % 5 5 2 el G o B il Bl g enT 3am (v L ] B iy ) Ao
3.

23 Fim kg

Layer Feature Size Number of Filters
Input 256x256 3
Conv2d 128x128 64
Conv2d 1 64x64 128
Conv2d 2 32x32 256
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Conv2d 3 16x16 512

Conv2d 4 16x16 1

3.5 12 CycleGAN it = @] b 15 i &

A B hE_CycleGAN & 7 % 2 B Bl 7 anfddd o 5 7 R3F LdF 02 4ok
% CycleGAN g * A B2 A B s BEUE, 2o - B4 ARG {53 o
BHEBY A V- BASEFRRIR D ERES FH 05 B2 2 BER2 S40¢
o BHBNHNE TG F AL AR R NKPR S LG RS RARER

i ts cn@l P oedp ARk > @ B X F(G(x)~Xx fv G(F(y)=y> B &S ;% 4@ 3-5-
L G.F,X,¥) = y F(G G(F
0556y (G, F. X, )_EZ[ (6G)) — ] + [6CF ) -yl

B 3-5 CycleGAN P £ 3¢
CycleGAN # * ch2 & EF 1o 2 BIA s Gl B~ E8E - RBl g »d 417
Ef Rl E FHE YRS R RS Y T BT R R 4
& F % # % (Deconvolution layer) = enfa g B4R 2 ~t2xx B R B SR d ﬁ‘?]:”%i ﬁ%]

NE BB AR 4T A To
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% 4 2 3FGCHBIHwER

Layer Feature Size Number of Filters
Input 1 256x256 3
Conv2d 1 128x128 64
Conv2d 2 64x64 128
Conv2d 3 32x32 256
Conv2d 4 16x16 512
Conv2d 5 16x16 1
% 5 2= FEF Nl B e
Layer Feature Size Number of Filters
Input 2 256x256 3
Conv2d 6 128x128 64
Conv2d 7 64x64 128
Conv2d_8 32x32 256
Conv2d 9 16x16 512
Conv2d 10 16x16 1
206 43 EGIEH/EFwER
Layer Feature Size Number of Filters
DeConv_1 16x16 512
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DeConv_2 32x32 128
DeConv_3 64x64 64
DeConv _4 128x128 32
DeConv_5 256x256 32
DeConv_6 256x256 3
2 7T AXEFRBEEHE
Layer Feature Size Number of Filters

DeConv_7 16x16 512
DeConv_8 32x32 128
DeConv_9 64x64 64
DeConv_10 128x128 32
DeConv_10 256x256 32
DeConv_10 256x256 3

L] ¢ % 0 _PatchGAN 2t > d 4 B cnd fi R » & 6 F - B HA 50 50

#ri& ;¢ Leaky-ReLU 2 2 Instance Normalization 3 Batch Normalization » # & - &

-

p) i@ * PatchGAN &% 4{# » B-ERBF A 5B 16X16 G B 0 T ST E ] BB o

BRI BT o BV~ 4l R TS 2565256 ¢
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8 F|u| B iwmiE
Layer Feature Size Number of Filters
Input 256x256 3
Conv2d 128x128 64
Conv2d 1 64x64 128
Conv2d 2 32x32 256
Conv2d 3 16x16 512
Conv2d 4 16x16 1
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3.6 38K T

AR F 6 * Pix2pix & CycleGAN = fé i it cnfic |8 70 0 o5 Afcq] @ *
9 Optimizer £_Adam 1t B o — Sk - Bt Bh& ¥ 5 (Learning rate) € #2533
Rehid > 2 FOFY FER AW NERE > SR ETHEBIPFREY - AT
e1 Learning rate % 0.0002 - Batch size % 1 > LeakyReLU 7§ & F 2% T 5 0.2 o 3" =% #ic
S % 0 % Sihepoch § i A HAI DT E 0 & 5 hepoch B § i S A i S 0 Flt
AR F € L2 300 = epoch 175 2 0 I LB E 300 =t epoch RSk o i R L AE
epoch =< #c > 1% 11 & & i hrepoch °

9 FHR T

2 S 2 Sl it
Batch size 1
Leaky-ReLU § 4! & 0.2
Optimizer Adam
Learning rate 0.0002
epoch 300
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3.7 3=k
- % Pix2pix B g A 12 2 CycleGAN b 5 3 3% en

Y B fs g R
MRBA] 0 TS AR 2 2 R B 7 o Pix2pix & CycleGAN 3] % ¢ &
AR AR G epoch X Hic e B (S LB

RIS

=

12 epoch300 & {73"% B TO-B Y
ul ﬁmﬁf_‘m] A CycleGAN EBF rTJ 2l % ﬁﬁ_‘ﬂl “)"‘ﬁ i —E A
ke BB (T R o

2 Pix2pix & {7
+oA o koeng #4252 V-Ray ja %

WA o TS
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FrRRHmREFELH

AESALFTHRES > TV RESFNLE - AF 7 T EHT SketchUp &7 3 p

it

g - XA EDT 8000 R E 0 R HELRLE S L - =0 L 4000 5%
Bl ka7 @sh o2 ¢ 5 20FF penf 3 o 045 RN 200 367 F & B cNE) 5
Ho 4 - ARl P Ed kTl R EA ke $- &€ ARATT Y PR A
4 A % Pix2pix “TA 4 Jehg % o ¥ = & E_CycleGAN 74 #

Dehi % o Hr ER] MR S % 2% SketchUp 17 e BUFE 4L ik 700 g o

j&lz'ﬂ?z wER TR Y R 0 Aok 10 977 > B+ 5 RTX3050 0 it =
16GB » fw32 % # * Intel i7-11800H CPU2.30GHz > # % * & # * Python3.9 -~
Tensorflow2.5.0 ~ pillow8.3.1 « F AL &g pr F 5 260 -] pF o

% 10 AR &K 2 FHRESR

CPU Intel 17-11800H

GPU RTX 3050

RAM 16GB

(2= Windows10
CUDA 11.1
cuDNN 8.2.1
Python 3.9
Tensorflow 2.5.0
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pillow 8.3.1

4.2 ™ Pix2pix 3 A# ez AR ES

ARPER S AVRTA L A ERBI W Y S HTR S £ AR T 8000 5 0 s
BLE Y &5 4000 3 0 ¢ g K G 4000 L HHFH o 5 AFEER S § 45 4000 2
PRI e 2o Pix2pix TR TRAF HR LS F A& 10 ¥ 2 300 & epoch ¥ F Y X5
0.0002 % - iF 53 e

%11 Pix2pix § 5 #icy

PR epoch Learning rata

51 4000 ‘e 300 0.0002
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AR P ARG ALL SRR PED T TRRRET AR 2 LT FEPRATH

ST R R T LR AR S R R S RT W R L S

A%

AR FE EMOE RS A A A e ey FED B BIRG O 2 S
ME TG A Dk ARSI R B R AR 4-1 chictsde H 3 R
DL I G B 4 4o 42 i A A b DS R VRSB R 4y 5 0 TR Lt

4r 100 =% epoch » £ 400 =% epoch » 22 epoch300 =X e B 3 % & {714 i o
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W42 F% 12 35%42 il

% 13 epoch300 =% ¥ epoch400 =% s+t #ie

epoch300 epoch400
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B E A D E N Kk e G ATIRILE & L REET U R  E b
II;‘&L"%] 4-3 ° F’a E’f‘h\%:‘i#’ E’ ’}il:iiﬁ'ég% ;\% ﬁ*;\% iﬁ“‘ ‘&f’@] 4-4 o Z\\' ’FE‘ l{"'—%: 300 :"—\- epoch E’hﬂiﬂ% })‘1

F P4 0 L B 400 % epoch 2 (5 g © HF LA 0 kA Bl 450 L AR G o A

B 4-3 epoch400 =x Pt k=t e = A

) 4-4 epoch400 =% P& F* e S i 5 4 it
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Bl 4-5 epoch400 =< P* it 53

4

= d R H

% 14 epoch400 =% ¥ epoch500 =% &t fix

epoch400

epoch500

*
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b AP EiEeV EZED > T % 500 =X epoch WS 0 F U TR F it A IR
TR LTIk 0 AR iR, R 2 B 4ol 4-6 R e “,%t“iﬂ v kB

AR efh AR B pcAp vt 400epoch { P B 0 F PeaniBde [ MK LB L@

\

g R4

e

AR BRI A W Ao B 47 2B 485 A 3 & 400 =

epoch e it £ 872 % o

B 4-6 % 500 =t epoch # & 1 % = B Ju

Rl 4-7 2 % epoch400 = &2 epoch500 =k ¥t +*
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Bl 4-8 F % epoch400 =< &2 epoch500 =% ¥+

& b ik 300 X3 500 = epoch ¥ M IRI| % 500 =X epoch ehpFiE > 4prtw A%
epoch » “,ﬁ% TR NIERE 2 B BY T ARE LG FH AT NS

500 =% epoch P 5 # i £ IR o

4.3 17 CylceGAN % A# =z A5

o

AXFRR T FRSHARREF PR AP FREHITH NFREE L
% WOR Y R RE R PR AR AR ST S 8000 3 W B 2k enF] B
FWEFRIBT LI -2 008 30 BRHR 1 EEHE - AEET R- 1R §1E17 300 %

epochs & 79" > B ¥ F - &K 25 0.0002 > TP HREEFHR2 -

% 15 CycleGAN § 5 #ic¥;

1 AL epoch Learning rata

2 8000 3& 300 0.0002
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d Fok 2 s s T BRI s CycleGAN 1T 5 % W& 4t B B] & e & »c % ¥ 7 4oif
PodFAHT BRI SNk W REFGF G S koA
A= L E R FI R A Sy il A R ek ko FRL AP AT B4 100

=% epoch v I 22 ecpoh300 =t i& {71\ f » MFER B2 T k% -
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# 17 ecpoh300 =< 22 ecpoh400 =% e1.5 % vt fi

epoch300

ecpoh400
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Y T

4y

B3R 400 = epoch 2 157 LR D > HFE S kARG AL K BT AR
FF - sz d 0¥ deepoch 0k Hecd & 2 i CycleGAN 12 & sk o Fpt W o de

% CycleGAN 7 i & % ki B {2422 Bl 2 s o 29 %% 4 167 103 3 Pix2pix

Fk f{F RS ERE B Y g R G ek o

44 RHZEFBVRTHEF R

dF %1 BF %2 R T F IR Pix2pix ¥ RS D B 2 ook R

% CycleGAN » Fpt i dd-£ ) Pix2pix ehd = ke E 8% &2 # % V-Rayag & &k
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Sk S LRV

# 18 Pix2pix # & 2% % ¥ V-Ray /a4 % %+ #

Pix2pix 2 = % %

V-Ray /2 % % %
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FEEW ST UM V-Ray a2 I kel P 5 3F e d B Pix2pix A& A
A AR BRI REL S R ERBEEE A Pix2pix 4 = I ke P e ‘f‘:m"é EEVE-S
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