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Abstract: Objective Clothing retrieval is a technology that combines clothing inspection, clothing classification and
feature learning, which plays an important role in the clothing promotion and sales. Current clothing retrieval
algorithms are mainly based on deep neural network. These algorithm firstly learns the high dimensional features of a
clothing image through the network, and then compares the high dimensional features between different images to
judge the clothing similarity. These clothing retrieval algorithms usually have the semantic gap problem. They couldn’t
connect the clothing feature with the semantic information, such as color, texture, style and so on, which makes them
lack of interpretability. Therefore, it is difficult for these algorithms to adapt another domain, and they usually fail in
retrieval some clothing with new styles. Especially for the cross domain multi label clothing image, the accuracy of
clothing retrieval algorithm still needs to be improved. In this paper, we propose a new clothes retrieval pipeline with
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deep multi-label parsing and hashing, aiming at increase the cross domain clothing retrieval accuracy and reduce the
high dimensional output features of the deep neural network. Method According to the semantic expression of street
shot photos, we introduce and improve the network structure of Fully Convolutional Network (FCN) to parse clothing
in pixel level. To overcome the fragment label and noise problem, we employ the conditional random fields (CRFs) to
the FCN as a post process. In addition, in order to solve the problems of semantic gap and dimension disaster in
clothing retrieval, a new image retrieval algorithm based on multi task learning and hash is proposed. Based on the
extracted image features, the hash algorithm is used to map the feature vectors of the high dimension to the low
dimension of Hamming space while maintaining the similarity. Hence the dimension disaster problem in the clothing
retrieval algorithm could be solved, and a real-time performance could be achieved. Moreover, we reorganized the
Consumer-to-shop database in view of cross scene clothing retrieval. The database is organized in accordance with
shops’ and consumers’ photo to ensure that the clothes under the same ID are similar. We also propose a clothing
classification model, and integrated this model on the traditional clothing similarity model to overcome the semantic
drift problem. In summary, the clothing retrieval model in this paper could be divided into two parts. The first part is a
semantic segmentation network for street shot photos, which is used to identify the specific clothing target in the image.
The second part is a hash model based on the multitask network, which could map the high dimensional network
features to the low latitude hash space. Result We modify the clothing co-parsing (CCP) dataset and set up the
consumer-to-shop dataset. On the modified dataset, we firstly conduct the clothing parsing experiment. We find that
the FCN might drop the detail features of an image. And after several up-sampling operations, the segmentation results
will appear blurred edges and color blocking effect. In order to overcome these shortcomings, CRFs is used in the
method for subsequent correction. The experimental results show that after adding CRFs as post-processing, more
areas are recognized as correct labels, and fine color blocks are replaced by smoother segmentation results, which are
more easily accepted by human intuition. Then we compare our method with three mainstream retrieval algorithms,
and the results show that our method could achieve better retrieval results under the condition of using hash features.
The top-5 accuracy is 1.31% higher than the WTBI, and 0.21% higher than the DARN. Conclusion In order to
increase the efficiency and accuracy of clothing retrieval algorithm, we propose the deep multi-label parsing and
hashing retrieval network. In the clothing parsing task, the modify FCN-CRFs model shows the best subjective visual
effects than other methods, and achieves a superior time performance. In the clothing retrieval task, an approximate
nearest neighbor search technique is employed and a hashing algorithm is used to simplify high-dimensional features.
At the same time, to solve the semantic drift phenomena during retrieval, the clothing classification model and clothing
similarity model are trained by using multi-task learning network. Compared to other clothing retrieval methods, our
method shows some advantages in multi-label clothing retrieval scenarios. Our method achieve the highest score in
top-10 accuracy, and effectively reduces the storage space and improves the retrieval efficiency.
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Fig.1. The pipeline of our model. The whole model can be divided into two parts: The first step is pixel-level semantic
recognition. And the second step is a multi-tasking learning network based on deep hash algorithm.

IR B A AR PRI RI4% o %48 43 A A T DG ol
TURBRE, 00 DR AR AT LA IR S5
3T SoftMax i <R %L,  SCBE mUE X BT [B] 45
S, TP TN LT 58 X451 2K o FOR B S 1) =0t
LA R EO BT AR 2 TR AL 22 5T 54,
NTIRRETTERZR, Z T ERRE T —ME N\
T3 5K 0 IR PG A IR PR o 2 s e
LA 50 ANIRLEE S AT 1000 ke a1,
I HIEFZH4E 7 RRA AR 1) OB sURIES 1 5 A
JRXSRFR . SHRUL, BN T FabrE R R
FRE, BRI S THRHMEMERIBRE ), HEFERE
PN TAREE, 10 HY R .

DA J5E PR B 2 0 10 J7 v 0 & B v R R R
TR RRAERS), R — gk N UG S — A
FHER E RN AT 28T 5 NRrE A B 1
PRI ZE . 17 H R BRI AR 2 48755 B0
s EURZO RE R R ok PR, A4 22
e 2 BB IR 2= 00 BTG SCRFIERY, o 215
X% %] (semantic segmentation) 291, 4]
i FH A A AR 45191,

2 ZIREMTERARRRE

ASCRE R I AR B BORs R 51 I HL ol

T FCN MZS M2 2540, $2H T —FBii) FCN 1)
WL LER, B TR R 0N RE G . JE
A FCN A #1485 AL, 7E FCN FEERT N
NSAFRENL, SEBLT FCN A2 #10n CRFs 43
1) B v (I X G S5 8 . T4, N T R s ke &
H IS SO RN YR o MESE ), B T — Pk
T 2L 5 )G AR G R Rk . FEREL
UG RHIE A b, RS RARO, g e e iy
AiE ) EEAE AR AU (R [RI B, Aol o ARG 4 B 10 v P
ENE] o IXAEAHCRE AT DAAR o PGS 2R 1] A H 30 A 4
BRSSP A R A S RO, FEH, EEXS
sk RBORES, EHHAHNT
Consumer-to-shop 0#s . 1% 54 244 8 shop Al
consumer ZH 23, {RF 1 AHE R id AR S AT -
7 R TAERERE b, SRS A S BT
HEBIG, 5 a2 AR5 I M2k 7&K
Yoy AR R AR A FE B

ARSI ARZERT A o] DLy B AN B4y, B —
0532 10 s UG 3 AT 15 28 ) (A8 SR Y
%%, FRIN R e SALIARY) B s 55 5
I3 T ZAT S 2% IS A5 VALY, 7R CRAFAH DA
PRI IR, ) e A 20 v 4 B TR AR i B 5 1)K
SRR E . N RIAIRA SRR EE 7 X 45 11
2H o



convl convl convd
. ! '
pos¥6o8
349x349

v
175%175

128

£98x698

21

convéd convs fcb fc7
! ! ! !

v :
EExB8 v

v
16x16

34x34
{crop)

v
16x16 16x16

S3)

{crop)

ERAE, BREY

Kl 2 AR5 B R4S net] S50, ZZA R0 R — =2 AT AR AR B NN B HIZ @R, — 2l DAl
BERIMIIE X5 %]
Fig.2. The network structure of the method in this article has two major advantages: first is that it can accept input images of arbitrary

size and the operation is more efficient, and the second is that pixel-level semantic segmentation can be achieved.
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Table 4. the performance of our hash network

MAAAER 2 (%) catt_net catt2_net catt3_net
M5 80.548 81.45 81.946
KK 43.104 43.17 43.362
it 44.468 44.588 45.154
M7 19.322 19.508 20.16
AT 82.07 82.07 82.602
WK 76.822 76.854 78.28
AHE 41.644 41.714 42.484
M 5 72.97 72.988 73.578
JEE Y 39.802 39.802 39.84
LR 37.362 37.348 37.132
RES 89.72 89.72 89.798
EERIS 65.274 65.274 65.428
piiipis) 57.022 56.972 57.582
i 49.724 49.928 50.536
Fi 7Y 64.468 64.416 64.008
A0 90.792 90.792 90.828
i 63.034 63.476 65.436
=8 67.33 67.02 67.39
K 4 g 1 -- - 49.118
s HREER R R R ISR .
F 5 LIEIR MR LR
Table 5 experimental results performance comparison.
topl top 5 top 10 top 20 top 50 top 100
hashnet_binary 0.0272 0.0513 0.0657 0.0647 0.1156 0.1476
simnet_binary 0.0292 0.0559 0.0769 0.0759 0.1631 0.2188
DeepFashion 0.0775 0.1210 0.1504 0.1805 0.2230 -
WTBI 0.0323 0.0426 0.0493 0.0630 0.0893 -
DARN 0.0394 0.0538 0.0763 0.1110 0.1502 -

e HAEE RO R R, AORRRI, EERRE=.
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