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Image style transfer network based on texture feature analysis

YU Yingdong', YANG Yi, LIN Lan
(College of Electronics and Information Engineering, Tongji University, Shanghai 201804, China)

Abstract: Focusing on the low efficiency and poor effect of image style transfer, a feedforward residual image style
transfer algorithm based on pre-trained network and combined with image texture feature analysis was proposed. In the
algorithm, the pre-trained deep network was applied to extract the deep features of the style image, and the residual network
was used to perform deep training and realize image transfer. Meanwhile, by analyzing the influence of input style image and
content image texture on transfer effect, the corresponding measures were adopted for different input images to improve the
transfer effect. Experimental results show that the algorithm can achieve better output visual effect, lower normalized style
loss and less time consumption. Besides, according to the information entropy and moment invariant calculation of the input
image to guide the setting and adjustment of the network parameters, the network was optimized pertinently, and good effect
was obtained.

Key words: image style transfer; deep residual network; image texture feature; pre-trained network; Gram matrix

0 &

GRS T 4t B RS RS ST | 1 by dic il R4k 28y
T — A2 FSE 7 1] AR 8N T T2 56 . RIS RURS e
B AR UE R SR LN A ERTTER T, AR % 4 iR
[] 64 XUk, AT AR B Z AR FBIESE B

AR FUR G UG B KUK AT 3% 78 B AR — A Y
RIS . AR 5 25 1 8 XUk R AN [, AN [ I ¢, B
2 [ — I GEAE AN [) B 400 2 o g IRURS RS — K o Aol R 25
HLRE A 12 SR A R Jr =X, A Ml A% 1 G IXURS | S A
7 ] (A HE A o

TS0 0 P 15X B 4 B 8 o Dy BB T A B A R
Tl SO B AT, AR PSR G s 34 DA B D TR A5 1 5L
WA, Kt AR SRR 4 i DU T Sc G, (W] B
ANF 7 kAR B BAR EUG H 1 LA e o G mT L3 2o 568
R E IR SO AT 1 A SRS, R[4 )P AT
— AN A L L o g R SR, S f A A A TR
JE AR R A RS A R A2 . T Hertzmann 55 i F 1

W#E B HA:2019-08-22; &8 H#5:2019-10-15; 5% A B #5:2019-10-30,

2% HeoKs- i B RS Ab RS G B 31 H AR EMS IR R T H300 0 [BHE
KA 45 . Ashikhmin' 7 IA A3 A~ B P | AEUELG 460 11 JRURS 2
TEINEE Y, PR v AR s A A L [ R H bR
PG AR U 515 o Lee Z Bt T iR Bk il id ih 2
J7 i Bk A Tl SR 4t

FI 2006 47 28 > 4R LR 78 UG AL BRI F £ 5 1
LT VRS ) AL O L T G mpLas = > k.
IR B 2 >0 SR fu s RS 4 AR, 23545 ) 4 2 ol 50 A8
e IEAT G RS 7 B (R BF 58 10E N T AT AL o B Gatys
SO R PR R B D 28 SR R A S Gram i PR AE SR
K& B 368 AR RAF, HEHE T 3R 2 ™ 45 1 [R5
RS e 3 B | XA TR A% U SEAELORS 1 PRI RS e 46 A
B . Johnson 26 Ulyanov 1214% H Il 2k T —FP i
HE IS TR R XU e e, (R T B s R . T
TR I % 4 AU B SR T T 2 g T4,
Selim S5 F 25 (8] 241 RO B il PRURS Bt 400 DX 36k, DTG 418 T3 460
H 1, B G A B 1 IX 35 L S5 B 1T 2 T — AR

E&WAB:HEHRFERETIINH (61373106) .

EBBE T AR (1995—) U3 TTPG LT WL WF 50 2L , R EMESE T 10) IR 2 2] WL ) RHBAE B i (1996—) , 3, T RE I FHA
AR, SO ) RS ) N T RE s AR (1969—) 20, ARG LA BRI 1, 2T FET5 1) - RURAL B S 04 HLas=2 ) TR



%38

B RE AR AE ST 0 BAR R A 5 3 T % 639

WCT (Whiten-Color Transform ) > #E47 18 A {8 XUS 75 46, {HL 7
2Ty TR AN 5 Shen 8548 H I FH JC N 45 (Meta network )
RHEAT A R | RB A R B R R R G I R B M A
SR, AR R — P 5 1T Gu SO NP GE T AR, B AR
P GE T2 FEAE DI 1) P A ) g2 e 24 121 4508 35 38 KUK e
R X — 7 i 6T R PR 1 PN 25 23 U8 , A TR T AN B AR
Chen 250 5E J B REAR T Stylebank 847 i 3 311 25 v 0 Mg
WSOk 2k B A BT MG B Y o B I — e R B L it
TR AR R B R A IR0 22 1 U I (45 ) 2%
BRANFARAK

A ) UGS S S AE 2 i 5k SR 1R TAR
E2V PN ) I RS B U Sy A s | R DA EE st
W26 Ry ARG N 45, EAT T R B FEE A, ML Il Ziat
R FIUR ; 5— 5 T, FEUEA T 45 RS U R ol R v b A
T H XL B A R ERAE T Tt EUR SR PR A 5
A ST Johnson A5 B H A T 153 PR 1l 450 IXURS 2 4k 19 246 v A2 58]
Ja K, 454 Gatys T2 H B9 Gram i 5% T EE KU RO A R 3%
5L R A A BN VGG (Visual Geometry Group ) [ 4517 4%
ik 22 M4 (Residual Network )" [ AT {5t 15 XURS 7 46 0 45 547
2, RIS 3 T4 A BUR 1 SCHLARAE 4 MR IR R i A UG T
SR A R, DT 8 4 ) 2% S B0 T R ) e sk SR
AH LG T R 0 SO A, AR SOR FRIR B2 27 2T W D e, S HRUA 4
TR 2 U RRIE R 2235 BUR I N DL T RS R . ANl 4%
St 1R A B 22 00 245 ) B0k | AR SCHE T T A 438 32 ) [ T
T 3ot i I KA 5 | DT 3 e e ok R e e (g
TE A JRURS T 55 PN 25 TR B SR A3 B, I T RUAS B A
S0 P25 T 1 s A R X - 480 S5 R 1 S i Y 3 2o o X 4
S HORIR T L 038R 1 A B0 T B IR A
PR 24 B AR5 BT 4y 1T 25 2R

SLYGFR I AR SO L S R IR Gatys 1%
Stylebank B34 Lt , 1] H T 25 0 28 Sk 647401 2K sRAIGE 3, D9
B PRI R 5 SRR SORRHE S B B AT
B AT BT A R S N e R L AR TR 48 A SRR B i
PIROCR A W A, e i T 1 3045 I 2 4R

1 MRFE 5 TAE A

DR ] $ G LR, 7 P AGAR JHL 7 T 3 B0 DRk £ 44
2, WA 2 2% BB 28 R BTAR RN 2% A . AR
PO 267 P4 R Ak B B H R R AP RE L AHAE VIR0 48
KA AN o GRS B4 A ) T4 G 15 932 1k
HURIE I 4 BT %
11 HTiREGR RS R M 2%

Gatys #1955 b K8 B 22 I 265 55 001 i) I 245 45
&L B SN ERURS 4 AL)R il e/ ME A RRIE R R
AR T 25 0 2845 S 9 XURS R AiE 5 R AR I 465, SRk
FIXAEIERS . AR DT AR B TR I RCR (R A
KA I SO A R, DA i e rp g — A 2P R A BT
[ A1 i 1) el O 2 R 24, B0 R R PR o Tk Y
AASREE M, A1 Stylebank ) ey 3 e i 2 A BIOR s A 115
i, IR ], (EORRCR EA KT

N T RERSTEPRUERE AR, X — & R E b 40 J W 25 g )l
Gt 18], AR SCRE PRI GR— PR 9 405 5 1 XU et , A1) 0
WZREFI) VGG M SBT3 AR LI S N 20 % o e fhe
P 268 R PR BE 5k 2 M 245, 850 I 3k 22 U 28 B B Ak AN 2

AR BETH R M RRE DL AL S I Zhad BE o mi AT X 2 I hod 7
AT B 2 RTINS AR TR I AR ad —2
I R, AR AT T 45 S B0 T B 8 78 U 25 5 — F RURS 5 £
A7 S0, FE AT XA B J80 s S 5 B2 i U1 2 R 246
1.2 BEBHABEREETR

AR SCAE TIN5 9 VGG-19 W28 Sk B B4 s RIS B
B LA R KA o HIEMR L3 T VGG-19 2% A
R 7R 2 U O 24 AR A TR RS, P T 2 I 20 15 31 R
HURIZ AR B BAR R BUR N2 SR 2 [ 254, (A 2L

AR BUE S TOE A

= i §
(b) Relu2_2

(c) Relu5_3
BT AR A2 R AT B R A s 1]

Fig. 1 TImage reconstruction examples based on

data of different layers
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Fig. 2 Different layer style reconstruction examples
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Tab. 1  Information entropies of different style images and

content images

(&2 & 44 15 B0
Style-1 7.9486

Style-2 7.9845

Rt Style-3 6.5492
Style-4 6. 0840

Con-1 7.40838

Con-2 7.0040

Con-3 7.84438

NS Con-4 7.6879
Con-5 7.3804

Con-6 7.6731

Con-7 5.9001
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Tab. 2 Different order moments of different style images

KB Style-1 Style-2 Style-3 Style-4
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@, 26.0923 29.6215 30. 344 4 28. 6679
@, 26.1325 29.6782 30. 2684 28.843 1
@, 52.2453 59.3502 60. 5749 57.5986
@, 33.9553 38.0630 38.4589 36.1198
@, 49.1028 51.7632 52.7580 51.2312
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Fig. 3 Input images for image texture analysis

e 107F

§ o —O— RKUE AL E200

% .l —— KU AR IAL T 250
10°F

CJ(I\(:L ;xg\;\s \Iﬁ\x +IX°\
ERKEL
4 BUERCGE IS
Fig. 4 Training convergence comparison of changing weights
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Tab. 3 Different order moments of different content images

Ly Con-1 Con-2 Con-3 Con-4 Con-5 Con-6 Con-7
D, 6.964 8 6.3553 6.5274 6.5314 6.0135 6.6503 6.7239
D, 21.8321 13.9126 14.7267 15.2504 13.5934 17.7136 14.1120
D, 26.3313 24.3438 27.6925 29.4211 26. 668 5 22.8490 35.0111
D, 27.1765 24.3616 26.7344 29.2355 27.608 1 25.2503 34.7151
Dy 53.9372 48.7143 58.4548 58.8751 54.7477 49.9808 69.5783
D 38.0892 31.4751 36.2423 37.0115 35.2285 34.9500 41.8891
D, 48.3571 43.2630 56.9365 55.7916 44. 6480 47.3980 59.0773
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Fig. 5 Overall network structure and training process
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Fig. 6 Training dataset
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Fig. 10 More optimization results
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Fig. 11 Results of content image analysis
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Fig. 12 Results of content images with

lower high-order moments
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Fig. 13 Comparisons of the proposed network with

Gatys network and Stylebank network
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Tab. 4 Comparison of training time unit:h
LN Stylebank [% 4% Gatys M 4% IR W %
Style-1 ~0.5 8.2 5.5
Style-2 =0. 6 9.5 6.0
Style-3 ~0.6 8.5 5.8
=5 FHIGFERITE
Tab. 5 Comparison of transfer time
L SNAN Stylebank %% /h Gatys M %5/s ARSI 2K /s
256x256 ~0.5 =15 =3
512x512 ~0.7 ~45 ~9
1024x1 024 ~1.0 ~65 ~13
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Tab. 6 Comparison of style loss

U 1A Stylebank [ 4% Gatys M %% AL 4%
XFEE 1 1.0 0.8652 0.7562
XF 2 1.0 0.9563 0.8951
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