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Abstract

In the field of clothing design, the image generation technology to help clothing designers can
quickly adjust style according to market demand, in view of the current based on image semantic
information which is difficult to make full use of network control model, this paper puts forward a
new clothing based on the generated against network image attribute control model to realize the
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control of different attributes of clothing. Unet++ structure is adopted to realize image coding and
decoding, compared with the ordinary codec, it can effectively reduce the loss of image semantic
information and improve the quality of the generated image. At the same time, the CSAM attention
module is used to strengthen the discriminator network’s attention to the input feature channel
domain and spatial domain, and improve the discriminator network’s ability to identify a wide
range of attributes of garment images. Compared with the effect of this paper and other generative
models in the clothing attribute control, compared with the mainstream image attribute control
models such as StarGAN and AttGAN, the proposed model can better control the clothing image
attributes and generate high-quality images.

Keywords

Generative Adversarial Network, Image Processing, Image Attribute Control, Attention Mechanism

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

WG PR AT M R E N AR A RN TR 455 N T REBOAR TR B W i 24Tl Ik, 2K
HIEMC . IR 1] ARREJ PRI 1 (0455 H (K A e DR 3 57 T AR 1 et e, oD e e vt i
TARE, & B AR AR UG EEAT J5) s o2 s 1 53 A [T O B R LA A0, i A ke SO S T]

JIR ek S AR AR T IR B et R A AT 1) P s AR R KB s e AR e AELZE [ 7 i
RERE R AR, S A R BT I G S SR 7], G R, AWON D2 B i ke il
FIREAT BB % . Rltl,  ASCIE DRI T8 A O 0 R 26 R SR SE IR IR AT E B 20K

P G A e A Ty 3 R SR A 3 SR P v 7 T 4 IR 5 2 i 4 (14 ke s o I R 2 At 3
AFRORANE T B, Xl N T RT7 A s AR AR . B X RN A7 bk AR 42 1) A S B i i3
THIEDR, BT BT TR EE A PRI B0 TH 40U, MR 1A 53 (3155 A4 2 S i sk s 1 14
Bt e AR e PSR e sk R s 2 8 BT it (0, DT 5 BSOS IR P SR o (B 1 7 22
TSe g th ke AR, JFEAT N 133, Had R %28 HAGRIRT .

AR, IR TR GEBORMIPRIE R, AR ot TR0 28 £ JIR e A e U O e 8 Sk A, LB I oRs
A A AR P [ R B o N 2R s T ZE Bt A H AR R RS R R, Rl
A AT T LE R AT EOFE A 4], (HIXFPE B 7B MR, thesc 1 IEHR AR
JETEANJFAT (XM . CHOL'Y S5 A [S19 i (1 T 2 3 E& 2 BB B R I St — 2B oS S 2% (StarGAN) T 4
iz 2 R RV AR 55 b RN J5208 5 2 P (Kot Jeaelr ol <5 0 L 2 15 5 SUNIK,
22l RS E AR A A — D AR SR A R R AR R b, a2 ST R ] A G
Ay WIS BIFEAS AR R LA AE B RIS R R e AT 22 (Bl T R e g 1 I R b 22k
TOREIEUE R, SRR G B L R A D5

AT T — b I T A O TR0 288 ) B S A 1 3, T3 VE A Unet++4514[6], RIS S
G55 1 AR IRAEAE 2B A v A%, /b T AR GRS I R h il UE B IR AN, )8 3
2 B P A B R P DX P, SINTER L, s 1 0 2 A 8 xe 2h Jd 45 o A i 12 [X

DOI: 10.12677/mos.2023.126509 5609 e RSE TR


https://doi.org/10.12677/mos.2023.126509
http://creativecommons.org/licenses/by/4.0/

(RIBHNBE ST CABRTE A0 245 0 A 7l s A Fl P AR L S PR K S5 0 B 0, S A 2 4 B AR 28 10 A 88 3
T 50 P A8 P ) R R A T

2. 5k
2.1. BB B

RSO SRS I A 1 PR, A d AR RS G AA g D 4. BB IR o 5 HARE MR
BTV [y BATRE S NZVE RS G 1y BBV Luge BIERIEIE b, R FIEDK R b 5IEEIR o
AR DR VB Loyigina PO A AR BN A K o

BEAh, AR s ZR T BEAE AL 6 USRI ERHR FI ) 4 o TR 2% DA TR B (B st Rk
RECEREE, FURE IR 1 R MR . F 8 s SR ER S AR RRIE R AR v N, IF
B 0 R AR 2 1) R S5 0

target label /zger

(D AR %

) FasEE R (3) HirEGE (4) Jwk 5] &%
HArE & JR RS

Figure 1. Overall structure diagram of the network
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Figure 2. The generator structure
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Figure 3. PatchGAN discriminator structure
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Figure 4. The improved discriminator structure

4. HERF AR LY

CSAM (Channel and Spatial Attention Mechanism)B (1] FARSER 40 5 FiTs . S NFFAEE F e RO
i NS 23 ) S R S R R W AR, 3 REE R B M (F) e ROM 5T
JIRE Mg (F,)e RM™, U\ﬁ‘ﬁ%ﬂﬁﬂiiﬂm%ﬁﬁ b5 )

REAE B Hp R — 2l 1 AN R QARS8 TE VR R B AR O TR B Hh iR e 2 A
T TE R R IR B 0 A AN R A, Lk 3 2 BB ) E DG BRRAE B R O AR MR
FHIE, JRRA B SCRHEIRANR B EE R )2 h . IBIEERE a5 5 s, Hrb @ RoRHFER) riok
B, @ RoRMHMEREICRMINEEE. w5t B IEEE M AR F e RO S AN HATHIRCR
Ak JZ Maxpool () ATtk 2 Avepool(r), A HITSEIRFER F,, e R AT F, e R™™, SR 4itF—/4N 6
RN 1 x 1 BRI Conv,, (1), (EZBHUh, BARKEEBURANERE 1 r (08 E4155)
B, KB FIRE RS AR AR ROX AN A5 R AT IZ T AN, Falid A Sigmoid #UE
B S () 9 B EIETE R I E M (F)e RO, PR AN 45 R BB Bl & Fy e RO, %
AR DU A RQ)~(5)it 7R R .

DOI: 10.12677/mos.2023.126509 5612 R ()


https://doi.org/10.12677/mos.2023.126509

zZeR %

—_—_—— e ——————

" \
CSAM#EH | e
|/ h \
| .
Input feature F : | Channel Attention |
|
. |
l I : Input feature F Input feature Fy |
| Maxpool , Channel |
| | ’ [ lxélC()l?V [ Attention Map |
OC|
Channel Attention —l-bI —— I
I | Avgpool - - |
l Lo =0 |
| |
| \
|

I
|
: | Spatial Attention

Spatial Attention —p|
| Spatial

Input feature F

!

Output featur?

Figure 5. The CSAM module structure
5. CSAM 1RIREEH

\
|
|
|
Output feature F, |
|
|
|
|
|
l

I
I
|
I
|
I
|
|
|
|
|
I
ITnput feature Fo < 44 A J
I
| | e e e
| / o
|
|
|
I |
| | | Maxpool Attention Map
| | Y 7 7 ConV
| | | Concat Block
|
| | I Avgpool Slgmlod
I ||
| ||
l I

F,, = Maxpool(F) Q)
F, = Avgpool (F) 3
M.(F)= 5(Conv1x1 (F,, )+ Conv,, (F,)) 4)
F,=M.(F)®F ®)

A A R ARB A AR R R R 4 Ji 5 SR i (IR BE /T, R RIM 2 (K I A2 B, 3 5l
0 S K B Al e e P X KR BE FT o T 3t St 22 AL 2 IR 3 B0 TR AR AR A B 2k, A SR
KIS BRI G B S NFHEREAT IR AN I, H IR0 1l — DI R ol BRI
KA T %7 B Conv,,, () K NFHERE Fy € RO [RI@IE AT 4315 BIRHE R Fy e RO, SRR
W BERIZ KN T < T BRI F) e RO i@ BT RS, 245 Sigmoid HiG k%l o (-) 1332
RN IBUE, SJE R BUE M (F,) e R EIAZ 5 GG RSTORHER F e RO o Zad BT U 2 5(6)~(8)

HATRIR.
=Conv,,, (E)) (6
M (Fo) = §(C0nv7x7 (E),)) 7
F=M(F,)®F, ®)

ASCAEH] T PatchGAN FIRI A 4544, FFAEFIHI A 51N CSAM VR REER, R AT Bl 5% 5 47 (14
ORI e T R g2 ) 6y DX 3, i 1) i ) e R S 0 RE 0, A4 01 6 B BEL it i S A Pl 50T
FEORAEZE s PR 0 o B (R P 428 v 1 D 2 Al PO B 2

DOI: 10.12677/mos.2023.126509 5613 e RSE TR


https://doi.org/10.12677/mos.2023.126509

fren
=

3. ER5He
3.1. BEESSHEE

AR JEYE R E R VITON [9)R3E BUGHIR R T Se50, ZEAR SR IC T 22 A [E 1)@ 1,
314,221 5k EG, BIKERIDPERN 192 x 256, 80%IEGH R/ MR, 20%%150 AIR4E. |
TR . B o e PG b R B L R, R AN SO RO A P A K S B X
FlBPESEATIFT . o IR Ve S G D AT R, SR I8 T SRR R A KN R R IS
FRIE, (EMAGRIGH, JBIERE CGFRRA: Co=(q ¢ - ¢,). Kok REG—FEEMZE, nflE
BYEAEL o, MEN 05 1, | REZBHMEAE, 0 KRB ZBUHEAFE. RERGHKIRS ¢, 55
AR C G MNBIMES T, 15 6 7R T SLU B FH B0 AE 2 10 23 A 1 D

/K
8000 7287

7000

6000

5000 4151

4000 3323958
=
e
I

3000 2

13
2000
1000 I
0
+H=
e
R

1254
53 15 26 85 41 45 31 I 10
JE
g
i

daddadddydayd
J‘fé%%KHHEEH%%

AN

Figure 6. Datasets statistics
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Figure 7. Image reconstruction to generate detail comparison
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Figure 8. Image rendering diagram generated by different models
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Table 3. Experimental results of different models
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Figure 9. Control effect of image attributes
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Table 4. Comparison of the quantitative indicators of the sketch image generation model
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