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Fine-grained shoe image retrieval by part detection and semantic network

Chen Qian', Liu Li"?, Fu Xiaodong'”, Liu Lijun'?, Huang Qingsong'
1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming

650500, China; 2. Computer Technology Application Key Lab of Yunnan Province, Kunming 650500, China

Abstract: Objective Fine-grained image retrieval is a major issue in current fine-grained image analysis and computer
vision. Traditional methods typically retrieve similar replicated images, which are primarily based on large-scale coarse-
grained retrieval but with low precision. Fine-grained image retrieval belongs to fine-grained image identification and
retrieval subclasses. The traditional image retrieval task extracts only the coarse-grained features of images and cannot be
effectively used for fine-grained retrieval. It also lacks key semantic attributes, and this deficiency brings difficulty in dis-
tinguishing the nuances among parts. The difficulty in fine-grained image retrieval is that the traditional coarse-grained fea-
ture extraction cannot represent images effectively. Fine-grained images of the same subclasses also cause a significant
difference due to such factors as shape, posture, and color; consequently, search results cannot be effectively applied to
actual needs. Compared with conventional image analysis problems, fine-grained image retrieval is more challenging due to
the inter-level subcategories of its smaller class differences and the class differences within the larger ones. A fine-grained

image retrieval method by part detection and semantic network for various shoe images is therefore proposed to solve the
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above-mentioned problems. Method First, part-based detection is conducted to detect undetected shoe images through an
annotated training dataset of shoe images. Second, the semantic network is trained based on the semantic attributes of the
detected shoe and training images, and feature vectors are extracted. Third, principal component analysis is used for
dimensionality reduction. Finally, the results are implemented and output by metric learning to calculate the similarity
among images, and fine-grained image retrieval is implemented. On the UT-ZapS50K dataset, fine-grained shoe attributes
are defined for the shoe images in combination with the component area of shoes. The toe area defines a shape attribute that
contains five attribute values. Two attributes of shape and height are defined for the heel area, which contains 13 attribute
values. A height attribute is defined for the upper area, which contains four attribute values. A closed-mode attribute is
defined for the upper area, which contains nine attribute values. Footwear global properties are defined to include colors
and styles, which contain 20 attribute values. Result The experiment is compared with four methods with good retrieval per-
formance on the UT-Zap50K dataset. The retrieval accuracy is improved by nearly 6% . Compared with the semantic hierar-
chy of attribute convolutional neural network ( SHOE-CNN) retrieval method of the same task, the proposed method has
higher retrieval accuracy. The proposed semantic network is compared with traditional GIST ( generalized search trees) fea-
tures, the linear support vector machine (LSVM) method, and the deep learning method to illustrate the effectiveness of
the proposed retrieval method. The performance is evaluated in terms of the accuracy of top-K retrieval. Results show that
the method based on deep learning is much better than the traditional GIST features and LSVM method. The retrieval accu-
racy of this method is better than that of the metric network and SHOE-CNN by combining a metric learning algorithm.
Conclusion A fine-grained shoe image retrieval method is proposed to address the low accuracy of shoe image retrieval
caused by the lack of fine visual description of traditional image features. The method can accurately detect different parts of
a shoe image and define the detailed semantic attributes of the shoe image. The visual attribute features of the shoe image
are obtained by training the semantic network. The problem of unsatisfied accuracy of shoe image retrieval caused by using
only coarse-grained features to represent images is solved. The experimental results show that the proposed method can
retrieve the same image as the image to be detected on the UT-Zap50K dataset. The accuracy can reach 80% and 86%
while ensuring the running efficiency. However, this method exhibits shortcomings. On the one hand, the accuracy of par-
tial image detection is low because of the many styles and complexity of shoes. On the other hand, the prediction of some
semantic attributes is inaccurate, and the fine-grained semantic attributes of shoe images are imperfect. The follow-up work
will focus on these issues to improve the search accuracy, and the application issues will be extended to different scenarios.

Key words: fine-grained image retrieval ; shoe image; part detection; semantic network ; feature vector; metric learning
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Fig.1 Framework of fine-grained shoe image retrieval
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Table 1 The semantic attributes of shoes

[X 32 J& JE YA
it
AN T - S N S = R/ S =3
2 JR) 4 . _
L e 4 G A A &
FEC
FBPRIR Aksr 0 R T odis PRE WA Y RE
d o S 20 &
Bk BR
Rl Al RR R i Al
o A = 7 2 A L A S
PR ORI SRR AR QiR HEE O MER SER R
i B
o d & # =
i S5
mEs mo b
I 1 3 B »
i% s
HEKE KE PE RE B
e e W & < B & 0

UES B R B BAN R B R SR TR

/7| FCl-1 /=7 FC2-1 ﬂ ) e ‘.

—> —> —> —> 4 1 2k

‘__...-f i

- AR || |

FC1-2 FC2-2 ﬂ ] ii

= || =] || = ||| =]z |=> o 1<}

Conv5 : : £ E’T/ i . i

S \ . . R /]

i ! FCI-i FC2-i 1/

i“}i Conv — —> — —> 7 —

N Y B2 L L 0N

(i ! FC1 FC2 FC3 :\ ;

isall)=es SR AERZE WESZ EAENTIE EEMGREE | T
AL RAAERFE L] i

K3 i SR

Fig.3  Structure of semantic network
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Table 2 Example of shoe image detection result
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H Hosang 55 A (2017) (7595 L B IR B =~ 1Y)

Redmon 2 A (2016) , Zhu Z¢ A (2019) 19 J7 = 947
FEARFIAG R S0 . 25 RANEKE 3 iR,

R3 ARG ERLE

Table 3 Comparison of four detection methods

A 5 HEWR P Al F R
Hosang 25 A (2017) 0.745 6 0.6325
Redmon 25 A (2016) 0.762 6 0.839 2
Zhu % A (2019) 0.810 2 0.763 5
30 (OPM) 0.792 5 0.800 5

Hosang 55 A (2017 ) 2R HIE A% R AE 1 4 ( Non-
maximum suppression, NMS) 5833 6 FlF A5 F 6 T AE ¢
FRorHATHEY , 2 A 3 B O R IAE , HCHERf 4 P
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FHBRE 4 0 28 SRR . 1) 5 o7, e P ¢ NMS 5 —
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object detection ) S 15 SCJE M TN 55 40 5 A
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PRAE S ERA 32 1 ] I R A AR R ik, 2RISR
S DA R AR 4 X g A 7 R0 43, i DPMLJ&—Fh Bk
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HARXERRRER . 456 P A R 58, ASCR
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Chen 55 A (2012) F| FIAZ G F#4E (40 SIFT LAB
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Table 4 Comparison of four attribute prediction
methods for average accuracy
/%

e Chen gl Ozeki M Zhang % A\ ASC

Okatani(2012) Okatani(2014) (2019) (DPM)
B 71.00 80. 37 81.12 83.14
BRI 70. 12 72.96 74.23  76.56
R 62.52 64.57 65.40  67.83
HEHE 68. 24 71.18 72.65 74.56
P 4 5 = 64.32 71.45 73.02  73.90
RER 35.08 35.67 38.02  39.09

T L AR e e 2

5.2.3  KpFRXf S

DR o T VEAG I 48 07 1 A 3ok R
St T8 SR 45 (semantic network ) 55 1548 ) e G itk
B 8 7 B 1 024 4k Y GIST ( generalized
search trees) $5fiE (Li Z£,2013) . TRE %W
Chen F1 Deng(2019) Yu 25 A (2018) it 773 LA K [
1145422 (1) Huang 25 A (2014) F1 Zhan 2 A_(2017)
(T AT HUE, LA UEAS SCOT WA 20k . AR 4
top-K 5 ZAE FEVEAL PR BE , W2R top-K 3R [ Y 45 2R 4
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WE 7 s, B A 2 il s GIST F#ALE |
DeML( decoupled metric learning) . S’GA ( semantics-
guided attention) L K& FF[F4T- 45 /& 19 LSVM (lin-
ear support vector machine) .SHOE-CNN % 6 F J7 ik
XFIE AT 36 DSEGKFE R . SRR I TIRE
I 5 A AL GE R GISTAHRE (Li%%,2013) |
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Fig.7 Comparison of retrieval accuracy

of six retrieval methods

LSVM J7 i (Huang 5%, (2014 ) ) A 1R KA S, A 3C
TR 2 G B R ) R T IR 2 T Y SHOE-
CNN ( Zhan %£,2017) . DeML J7 & ( Chen FI Deng,
2019) TERERHEE LA T — MR E, SGA ik
(Yu 45,2018 (A ZoKE B2 B & T A SO (B
RRYCFRBAR, AR S il it — P s A
A ARIRVRAE 1 A %A , A SC5 5 A kS B2 A
X FHAW LR 3k, 32 6 1 BR TR Bl R 45 R
SERIRW 1) B AR Ry i BREE, B Sk IX 00
Joj £0 TR JaR P e R DX O N A ER B 1, R R PR
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133 SR R 58 A ] R EESE IR 2) i AR
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Table 5 Running time comparison of six retrieval methods

[ivA RN BATH A s
Li 2 A (2013) 0.123 8
Huang % A (2014) 0.152 6
Zhang % A (2014) 0.362 1
Zhan % A (2017) 0.261 6
Yu % A (2018) 0.3025
3¢ (DPM) 0.221 8

)RR, Ry Tk — 2 B U AR S 1 AT
L BEX AR SCT5 3 DA BORT B O A A TIE A TR
O3AT AN T PR AR SCR R 5 R DPML ARG
DAEXT T NMS \YOLO 1 ZSD B 75 A JUX 43 B
PR IR [ PRAIE TR R CR, RS ATLLE
AR5 5B AL GERY GIST FRAE (Li 5§,2013) |
LSVM Jj i (Huang 5§ ,2014) ALY , AR 1817 3 7
1 (HJE HET R A U] BT A4 T Metric net-
work ( Zhang £%,2014 ) , SHOE-CNN ( Zhan 4%,2017)
DA S*GA J5ik (Yu 45,2018 ) 3847 3 BEAC PR, FLIE
5 —E i B, T A SO i B —E W
T A
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Table 6 The table of retrieval result
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Table 7 Comparison of four detection

methods on retrieval efficiency

o 75 v BATIA)/
Hosang % A (2017) 0.253 8
Redmon % A (2016) 0.376 3
Zhu % A (2019) 0.462 1
A3 (DPM) 0.2218

3) N TG BIA SO R PERE  AHERR 3

P 3B R WAy D HAB RIS AT 55 1 J5 % GIST
FRAE (Li 26,2013) . LSVM ( Huang %,2014) . SHOE-
CNN(Zhan %,2017) #£47 Ho# . A BIRIE 2T A
“IERER R R 5 TR Nk R B R R
I ECA, A3 13 R AR R O] Bt iy, AR R
R =r./s ,r, HIEBALIN 2] IRBAR FR L s W A5

xRl EANDYFESISRE T

FUERAE RN 8 Jis, GIST ik J5 vk \LSVM J5
LR LG AHLR R AL, 3 PR (i Ik, SHOE-CNN
BUALGER) GIST KAk J7 i (LSVM J5 ik, o P LR 47—
TEFEE MR &, A SONIEME T X 3 Mk, BA R
FIH) P IR, 18] 8 S R AR ] A il £ 5]

*=8 AMWERFTELR
Table 8 Comparison of recall rates of
four retrieval methods

oA 9 R7 P R
Li 2 A (2013) 0.352 4 0.542 7
Huang % A (2014) 0.462 9 0.652 6
Zhan % A (2017) 0.733 3 0.812'5
73 (DPM) 0.860 5 0.837 2
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