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Cross—scenario Online Retrieval of Fashion Images
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[ Abstract] With the popularity of smartphones, people can shop anytime, anywhere, but in the past, keyword—based searches
were difficult to accurately retrieve for specific clothing styles. When you see the clothes you want, content—based online retrieval
method can bring great convenience without knowing the exact text description. However, since the image of the shopping website is
shot in a professional lighting, scene layout, etc., and the real-time image is different in background, lighting, which makes it
difficult to match the most similar item. how to reduce the background noise interference and obtain accurate retrieval results under
different shooting angles is a challenge. Nowadays large—scale fashion image data set could be obtained and could be implemented in
our research to retrieve abundant features, machine learning method could preprocess the data to remove background interference and
improve the retrieval accuracy under different angles. This paper designs a fashion item recommendation system that can provide the
best matching products in real time and accurately according to the pictures given. Our goal is to provide innovative models and
methods as well as new technologies that contribute to research and future industrial applications.
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Fig. 1 Examples of online fashion image retrieval based on street
photography
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Fig. 3 Target detection results
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Fig. 4 Results after image segmentation
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Fig. 6 Search process of inverted index
5 ZWER5EM
5.1 HIBE5XKIRE
STV 3 S P 4% S5 B ) LT R 45 A D 4Rt A
TAER R LR i 5 A SRR A T 2 B 2
PR BOHE A R OB OR R, AR Sl A R Julian
McAuley H1BAEEFRAY Amazon product data , AR 45 H:ME
— 1) ASIN ID i A] ZRIBOS 7 A4
SIIB TR ,CPU i Intel (R) Core(TM)
i5-8400 CPU @ 2.80GHz,GPU >4 NVIDIA GeForce GTX
1050, NF7H 20G, Z450H CentOS 7.4.1708 F%E iE T
python ,fUASIZT TE Mxnet V-5
52 ZIEHR
ARG, SRR AR H B — T AR, L
DT K 300 48 FOFIORS 2048 2R 00 e I ] A 2R
W1, AR R, REWREE E 21k 5]
FE—FP PR 0] FF 7 B 25 51
F1 HEFEME
Tab. 1 Search time
FEER ROTAREE FIARRIN PR IS5 Remis
L

124 21 1.99 <200
6 ZXRIE
ASCHE T — LR RS R RS, kKGR

BEF W Eh bR A HE AL R i B R =R &R
J7 AR R RS AME R TR R, T



18 oBe

itow oM 5w

510 %

PG SR AN E TR, BT F ARG I s kA
FIARAE (L, #7523 B HAR R A, FHAEATIRR 2>
R F R B R R R 5 SRR S AR s 2 0
250 PR HEAT AR AR I 5 i A T P Bl e e 4
S HE AP RAR B P o ASSCHR A Al B R 2- T5
AT LA AR P BRI TR, 487 P AR
ﬁiBA BRI S IMASCR R B, L2
BRI IO BoR v AN A {5 B A W 2 1Y
o, B AR AR
£ Sk

[1] YAN S. Street—to—shop: Cross—scenario clothing retrieval via parts
alignment and auxiliary set [ C]// Computer Vision & Pattern
Recognition. IEEE, 2012.

[2] LIU Z, LUO P, QIU S, et al. DeepFashion: Powering Robust
Clothes Recognition and Retrieval with Rich Annotations [ C]//
Computer Vision & Pattern Recognition. IEEE, 2016: 1096-1104.

[3] AGARWAL D, BASU K, GHOSH S, et al. Online Parameter
Selection for Web—based Ranking Problems[ C]// KDD, 2018. 23—
32.

[4] LAENEN K, ZOGHBI S, MOENS M. Web Search of Fashion
Items with Multimodal Querying[ C]// WSDM, 2018. 342-350.

[5] Igbal, Murium, Adair Kovac,
Multimodal Recommender System for Large — scale Assortment

arXiv preprint arXiv. 1806. 11226

and Kamelia Aryafar. " A

Generation in E - commerce."
(2018).

[6] LIU Yujie. How to Wear Beautifully? Clothing Pair Recommendation
[J]. Journal of Computer Science and Technology, 2018,33(3):
522-530.

[7] Rui, Yong. Relevance feedback: a power tool for interactive
content—based image retrieval [ J ]. IEEE Transactions on circuits
and systems for video technology, 1998, 8(5) : 644-655.

[8] CHEN K, LUO J. When fashion meets big data; Discriminative
mining of bestselling clothing features[ C]// WWW, 2017 15-22.

[9] HIDAYATI S C, HSU C C, CHANG Y T, et al. What Dress Fits
Me Best? Fashion Recommendation on the Clothing Style for
Personal Body Shape [ C]// ACM Multimedia Conference on
Multimedia Conference. ACM, 2018 438-446.

[10]ZHOU, WEI " Fashion recommendations using text mining and
multiple content attributes." (2017).

[ 11]JARADAT, SHATHA. Deep cross—domain fashion recommendation
[ C]//Proceedings of the Eleventh ACM Conference on Recommender
Systems, ACM, 2017.

[ 12 ] BRACHER, CHRISTIAN, SEBASTIAN HEINZ, ROLAND
VOLLGRAF. " Fashion DNA: merging content and sales data for
recommendation and article mapping." arXiv preprint arXiv; 1609.
02489 (2016).

[13] ANDREEVA, ELENA, et al. Extraction of Visual Features for
Recommendation of Products via Deep Learning [ C |//
International Conference on Analysis of Images, Social Networks
and Texts. Springer, Cham, 2018.

[14] KRIZHEVSKY, ALEX, ILYA SUTSKEVER, GEOFFREY E.
Hinton. Imagenet classification with deep convolutional neural
networks [ C ]// Advances in neural information processing
systems. 2012.

[15] TUINHOF H, PIRKER C, HALTMEIER M. Image — Based
Fashion Product Recommendation with Deep Learning [ C ]//
International Conference on Machine Learning, Optimization, and
Data Science. Springer, Cham, 2018, 472-481.

[16 ] CHEN Wanyu, CHEN Jialin, CHEN Lianggee. On — the — fly
fashion photograph recommendation system with robust face shape
features[ C]// 2014 IEEE International Conference on Consumer
Electronics (ICCE). IEEE, 2014.

[17]ZHANG Y, PAN P, ZHENG Y, et al. Visual search at Alibaba
[ C ]//Proceedings of the 24th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining. ACM, 2018 .
993-1001.

[18]HAN X, WU Z, JIANG Y, et al. Learning Fashion Compatibility
with Bidirectional LSTMs [ J ]. acm multimedia, 2017; 1078 —
1086.

( 455 13 1)

(4) 4 1P MZEIE S, A 1P fLia i &
Uiy 55 R X N FH A A B Ay T A TR AU 3
PEEIEMIA A LRI LT,

(5) IR FehReGER:, LTE HubMIF I+

SRR, LR AFEL L 55 3145 3 20 m“{*/\
K" ) uzﬁ[&% TE LTE M4 PN A 2ty B
eNodeB 25255 B HENSZE NAS T B 2% e3> LIGE Al

RIG A ﬁlﬁn 2 Sy AT s ST S Rk AN 6
NAS JZAF RS IR AR Z HREE 75 BB

NG TP Hahbss esamm , N SEBk ATELR I BIRE.
3 HRIB

5G(5th—Generation , 58 FACK hid 5 H A ) K2
# LTE MZ5HY & & (0 LTE ACERE KWt £
RALE B AR L LTE LB (5% INE & 2

J7 T AR AL BT A OCR RSTEAE A D K

BARALR T ) & e, % LTE JoZkiE 15 5 W B X

FhEARAG 8 &, WIAT DA e (5 B AL & R s

ANERT DL SIS 4 i Ik D) Bl 55, 38 W LA25 1 R el

FHRFARSR ALY FoUE ) oLk

5% ik

(1] Z= MNESNRRZBESRE 4G L[], B3 (s, 2014
(11) :49-50.

[2] ZEt, % 6. ¥ LTE JOZl (5 5 R 5 I MR 1045 4 &
KIE[T]. BUEEEHF,2018 (2) 1122,

[3] #AEM. LTE £ AR KW R SR [T]. K EIL AR
23R, 2012.

[4] BB AR, 15, X . LTE RS MU 1], BUREE,
2009 (5) 6-9.

[5] 2561, PBEMEAR S LTE B4 (5 H RIFIT[T]. @150
7k,2020,37<3):191—192.

[6] 2%, LTE Jogkil fr £ A 5 P BE W+ AR 19 45
{5 AR ,2019,3(11) : 186-187.

BT[], B



