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Abstract
culties of feature extraction and images without corresponding labels. A material visual features mapping algorithm with

The natural scene image object material visual feature mapping is still a challenging task, such as the diffi-

natural scene image object is proposed in this paper. First, the proposed algorithm extracts the reflection layer image
that can represent the essential features of the material vision, then it divides the acquired reflection layer image into the
segmentation of foreground and background to obtain the object image. Finally, the cycle-GAN (Generative adversarial
network) is used for the unsupervised learning of the material visual features, and the visual features of image object is
obtained. The high level expression of material visual feature space can achieve the mapping of visual characteristics of
object material. The experiment results show that the algorithm can obtain the visual features of the natural scene image
object and carry on the material visual feature mapping much better. Compared with the existing methods for material

visual feature mapping, the proposed algorithm achieves better subjective and objective effects.
Key words Natural scene image, material visual feature, feature mapping, cycle-GAN

Citation Li Ce, Jia Sheng-Ze, Qu Yan-Yun. A material visual features mapping algorithm with natural scene image
objects. Acta Automatica Sinica, 2019, 45(6): 1198—1206

FHFRLSE S AL — P FRLRE LRI R 2y AR AR Z 0T, D AT LA b R iy ik B A 0.

R, IR T PG s B AR DO B H AR A A L,
MHRT LARIRCH b5 b4 5 1 R st R
W, AT BB IR, WA B &R
S, XM S B RAT) 2 B D R RIS,
MR R G B A L BRIk, BENE T B BAT]

ek HiP 2018-09-18 s HHIY 2018-10-26

Manuscript received September 18, 2018; accepted October 26,
2018

E K AR 4 (61866022, 61876161), Hkt 44 FLAlHF 5T 61 BT # 44
(1506RJTA031) %th)

Supported by National Natural Science Foundation of China
(61866022, 61876161) and Gansu Province Basic Research Inno-
vation Group Project (1506RJIA031)

RUTHERE TRFP

Recommended by Associate Editor ZHANG Jun-Ping

1. 2T RFHEA TRESE R TSR 22 730050 2. ETK
FE BB S EOR B SHUREE & ) 361005

1. College of Electrical and Information Engineering, Lanzhou
University of Technology, Lanzhou 730050 2. College of In-
formation Science and Engineering, Department of Computer
Science, Xiamen University, Xiamen 361005

[, 207 VRN T LA N8k, A LA A nT LLdE
VLB 2R G sk BB ) PR (R R AE 31, 2 v
SE YR H AR e T340, a0 bt i 2 i, /0
Pl 504 o B FE B v, W) % RS A SE R ) B
3l PR, BIFFE SRR TR e ik 2 ) 5 AT T 2 ) 2
TROMELAN V2 10 N F it

T BEAE B AT RS 7 ] HOR I 26k, Wl 1
Kbk 22 BRI SN D3 O G AREAIE RS 19 £ B T, 3R
H G H b R TR AE 23 (a0 45 8., 128 1T 58 e A [+ 14
18] H b A4 TR B e AE WS A 48 ) b4 SRR R A
WSS 7715 S o 3 2R T i A A% (%) s Il i, T AN
HEAT M A R AE 1) 2 3040 H7. Khan 254 F FH &
IR R AR, G SR B S K T AL R R
IR IR 3% 645 SR AT R 5T AL B 4R i S
Boyadzhiev 20 $EH T LR R %, AE08 ML B
PR, WOGRRD R RESE . AR 7k AR R



6 1 EREE B BRI B H R BRI B A 1199

13 B AR, A5 IS i R R B AT 3 1 ) 25CR,
RLBL b AL 58 77 VL AR RE XS G RA TT Ao Je 1 kAT
HB T

WA TR 27 S BORAE B Rl it LR S AT 55 A
W E A R B, R A A A 2 TN 495t A FH R 3R UM it
MUBERFAE. Liu 206 i F 25 AU 28 00 28 55 1 TR AiE
HEAT TR 5025, Ll JE-F 5 R 20 1) 4 F 4 i
VAT T MRS 53 %], Zheng 258 FI 3
AR ) 2 R A (1) A R 28 ) 245 3R A T o iy PR L T TR
H AR RN, Tang 2500 $2 T —Fh i 5 BI4A
W28, MBSO GUR IR T 0] SRS A ) J@ 4, JF )
FH e 9752 B 1) 38 7K 22 8 WUASTHUAA J5T 34 THT TR S S 0
Jifi. Richter 21OV A FH BEATLAR bR A FHh A H $2 L
WA TR M s, DRI AT 5] [ 5 i dy ik
JEAR. Zhou 2RI F 45 RN 25 X 4 SR LB 15 h
MG ER AN B T 5T, e AT A ik, LAAR
PRI 5 1 SO 3 0] 8. Narihira 2502 $2H 7 —
T 4 AN A T BRI S 23 R ] 5 R A B 28 I 2%,
Kulkarni 25081 78 A~ B G0h il A2 53 1 8l 4 T 25
B OGO AR [ A7 R I (BRIR . SUBRAE) 4y
B k. Rematas &5 4 F] 1 AN BT (1 46 B
22 M2, A SR G IR R AIEZH &b, K PR R RRAIE H
Moy B K. Lin 25000 Y08 BRI i 72, 2
B EEARIE (WK AT DG IEEE) H EL i A
RlA 45 . Z Bl R — Rl A R,
TP Z P 2%, K A FE EHR M B B AR N IARAAE S S
I3RS T ok, BRI S8 BB B TR R AL (1) ISR

ST UL B #r, HArc A 77 vk AR A SR E R
H As A SO R AR, AT R AR R G (%) [ @ b A5
—EMRCR, BAAEAE LT 8 1) & 5k P
Al FH TR A s, 350 S MO T ST 11 T 2 e A 1)
EIE, a1 AR 251 B AR 7 5B, TR ik 4%
SREUAH N (A4 A S R Ak, R REAT R AR ) 2)
T AL R AR I B 5 8 P, O RS B AR AT A
P00 o AE W B v A AT S ok — o I .
i, AN [E A JFOR DG IR SR RCR AN R, AN TR R 06 HE A
FE oA AR A B e B2 56 3) Hbr 515 S AH
B, AEA B R AR R L R ey, [T 25 ok —
JE T4, 3 30A Be AE A b 3R HX H AR A 50 3 R Ak
BB L B, R SCHR TR TR IR A
TPt 44 (Cycle-generative adversarial network,
Cycle-GAN)IS! 1) [ 8% 3735 B 5 H AR A TR 45 E
IR AP

A R BT M 4% (Generative adversarial net-
work, GAN)IT=181 AN 2k fl 2 A — A 4 51 38 44
1, SR 2 7 AR ZR, O 2 N HAEN
J A P O G 20 S 2 AUk, T 1 R AR
JEORT BT 194 268 2 LA AR o) 0 0 28 A A, A PR S 2R

AR 470 00 255 2 FSEAIE P4 A B A A, AR AR ) 45 (1)
FU g e, KA AR5 e B AR
A INGREE, e 2% > 05 5. [/, e YAk
BURERE PO T AR PR AR BTV, A0 S TG IR
5 BT SARVE R, B2, B AR 5 FA
[l H B 8] AR A4 AL B AR AR

1 AXHREZX

YR B A R 8 R AE RN AR B B . o L &L
L SRR, RIS A R PERY . b
REAIE ] DA AT B b B AR A2 4 Rk 3 11 25w AR A i 1 11
ghity, IXLCRFIE R AR YRR I SO R, b
YL B PR A, IE R IR LR E AT HLR
Fa T M TR SR AE 3 — 1Ry B SR A RFAE

ARSCHE T — PP T 20 25 O 0 09 4% 1 H AR
Yy 5e R H AR M A SRR AE B S B S Y
AT Ay BEAG T B 1Ak 2 RIRL) 2 A 0 A8 i o A % [
(FY I SR) ) 2% BT P SRV AR RE SR an ] 1 o, AR
Frde SR a0 R X A EH AR Y T G )2 Sk
WEtEAE. G, FET Retinex BRgR2 gk -
SRR R N HIR A0 2] 1 S s B A A ' RUZ 1
BN 3 2 B R AR, BEATORIRZAE BALTE, AU
U6 G P SR IO S 2 AR, R 8 B e H R AE A4 SRR
DERFAE, B T O R IS AR SRR R I B S I A
R RE . ARG, N SRECEN ) s 5 2 B AT R 5
Bt SRECH A UL, DA 1 SAR U 16 52
Mg, DL b 840 320 e 10 R R i B A B ek B, H
() SE Y TR i e A0 1 Tl sk 22 v B 52 21 (1) T3
e, MR S T4, FIHVRE 2 26801
77 SO R AE 1R AT T B2 20 15 200 R H Aw
A AR B e A 2% 18] 1) ey B ks, ik B X 5
HARSEME Y Z 18] ¢T3 SRR G e fiE 2% 8] PR B S5 194
7.

1.1 E7F Retinex BRI 5T EE & FKEL

B TR BE A5 I RT ARSI DA S HRAE D' B T 5 4
PRI TLAE T R e PR 0 BN IRIAT e B
BSH  325 WY LN 'GP 88 55 IS ) ) AR 2 T o
Iz H. AFERIR B, B o AR, Xl
BOLAEAFRDCARE T, HAARFK SRR,
FLAHEAT B FURFAE (R SR B, O B Rt A
RS2,

AR SCAEHT A 2R3 5 AR A O S i e, LT A
Dy (ROC AR B BB = 2%, DI BAETE &
FEAL TR E AR 1l 225 18] A SR OGRS Hh 7 R BRI TR,
S B B R AEAE MU IR P 2 BRI
e, DIk, ASCEERTYII AL B R b, X B R
st EMREAT T ACEE, BLIEFIL T (ORI MR R K



1200

o — — — — — — — — — — — — — — — — — — — — — — — — — — —

I

I

E —

I .

I o] — —

|ij ».7 -

I

|

e o ——— —— —— — — — —

[ x W 4 Y
T >
|

D, fe=—-

MRS
RS

it ﬂl
WIS IR M

ABEAREAIE 2 1)

Bl 1 AR
Fig.1 The framework of the proposed algorithm
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Table 1  Comparison in terms of both the average gradient and the local information entropy

XTECTE T AR R FeAs st 275 H 8 TR B T Wi 75 LI 75 4 2% mAP
PR JRIMERER PSR RIBEER PSR RIBEEE CPISERL RIBEER PR R
Gatysl®l  0.020 3.470 0.030 3.884 0.024 3.457 0.022 3.937 0.024 3.687
Lil30] 0.017 4.425 0.030 4.134 0.023 3.906 0.042 4.956 0.028 4.356
VAT 0.025 4.279 0.043 4.391 0.031 4.368 0.101 4.639 0.050 4.419
Ours 0.042 4.796 0.056 4.554 0.029 4.652 0.117 4.462 0.061 4.616

# 2 IL-QINE 5 MEON XJLtghif
Table 2  Comparison in terms of both the IL-QINE and the MEON

XETRE 3 R ST WAt 21055 B & GRE SRR Vg s L ) 75 4 mAP
IL-QINE  MEON IL-QINE MEON IL-QINE

MEON IL-QINE MEON IL-QINE MEON

Gatys3 61.946 50.513 69.141 25.403 54.519

Lil30] 57.231 42.357 52.973 40.510 48.956
VAT32] 52.932 16.013 50.618 51.271 50.280
Ours 46.689 17.309 49.372 6.709 47.817

22.457 49.441 38.496 58.762 34.217
55.490 43.268 42.449 50.607 45.201
45.226 45.257 29.625 49.771 35.534
12.917 43.021 14.955 46.725 12.973

PR RSO BT 48 BRI IR E5 4, R R A A
X7 W 48 SRR UM ML e ik 2 T, 4R 1 56 1y ik
WIS, 15 2R B SE Ry AL AN 5 R B . L MR
PLSs R W], P B LR OR KR AT B8 H AR AR
Bt F, RENEAT O SE SR AL SRS L A, 5 R
SR, BAT S A i R R RCR
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