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Huang Bochun'’, Li Fan"*, Wang Shujuan"”
'Faculty of Information Engineering and Automation, Kunming University of Science and
Technology, Kunming 650500, Yunnan, China;

*Yunnan Key Laboratory of Artificial Intelligence, Kunming 650500, Yunnan, China

Abstract Sketch person re-identification aims to identify images with identities similar to those of sketched person images
located in an RGB image gallery. Although several cross-modal retrieval algorithms can be adopted for this purpose, the
background settings of such algorithms are relatively simple and fail to consider that certain identities have only one modal
sample in the training set, that is, the cross-modal identity is inconsistent. This significantly limits the application of such
algorithms in practical scenarios. In this paper, a sketch re-identification network based on cross-classification is proposed.
The network consists of two parts: cross-classification and identity information alignment based on distance. Among
these, cross-classification guides the encoder to extract modal-invariant information from one modal using constraints of
the classifier trained using other modal data. The alignment of identity information based on distance can reduce the feature
distance between different modals of the same identity, suppress the influence of cross-modal identity inconsistencies, and
strengthen the discrimination and robustness of features. To verify the performance of the re-identification network when
the cross-modal identity is inconsistent, a new sketch re-identification dataset is generated based on Market-1501. The
Rank-1 is improved by 11. 0 percentage points on this dataset. Simultaneously, the model also achieves a Rank-1 of 60%
on the public dataset Sketch Re-ID. The dataset used in this study is an open-source dataset available on “https://github.
com/huangdaichui/Sketch_dataset”.
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Fig. 1 Cross modal identity inconsistence. (a) Perfect scene;

(b) real scene
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Fig. 2 Triplet loss and modal information alignment based on distance. (a) Original data; (b) result with triplet loss;

(¢) result with our alignment loss
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Table 1 Composition of S-Market1501

Training set Identity inconsistent  Identity inconsistent

Identity consistent All identity Proportion of

number sketch image RGB image image inconsistent image inconsistent identity

1 0 0 12936 0 0

2 1618 1616 9702 3234 1/4
3 2157 2155 8624 4312 1/3
4 3235 3233 6468 6468 1/2
5 4313 4311 4312 8624 2/3
6 4852 4850 3234 9702 3/4
7 6468 6468 0 12936 1
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Table 2 Training algorithm

Input: Initialize encoder E, classifierC,, C, and C, the maximum

number of iterations T ,dataset D
for 1=1,2,3,--,Tdo:

Stepl:
Calculate /7', /> by Eq (1)
Calculate y;, v; by Eqs (2) and (3)
Update E, C,, C, and C by minimizing Eqs (4), (8)
and (9)

Step2:

Extractor features with E

Calculate yf, y; by Eqs (5) and (6)

Update E, C by minimizing Eqs (7), (8) and (9)
while freeze C,, C,

end for

Output: Encoder £
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Table 3 Performance of the model on S-Market1501

Proportion of inconsistent identity

Method
0 1/4 1/3 1/2 2/3 3/4 1

Rank-1 /% 37.4 36.4 35.9 32.6 30.8 29.2 18.0

Baseline
mAP /% 21.1 20.6 19.3 17.1 15.2 15.7 11.8
) Rank-1 /% 37.7 36.4 37.5 37.3 35.9 30.9 22.7

Baseline+CycleGan
mAP /% 21.0 21.1 20.6 20.1 20.8 17.3 13.6
o Rank-1 /% 41.8 41.6 40.7 40.5 39.7 39.9 29.1
urs

mAP /% 23.5 23.2 23.1 22.0 21.1 21.4 20.9
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Table 4 Performance comparison of Sketch Re-1D

5.3.2 Sketch Re-ID kL #9H 46
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M A5 R IEAT X L Hod s 1A F TR IR IR Method Rank-1/%  mAP /%
% Dense-HOG™ + LBP+rankSVM, P K 4 4~ Fl| F % Dense-HOG + LBP+rankSVM 5.1

JE 2% 3 () J7 ¥ Triplet SN, GN Siamese™ , AFL Triplet SN 9.0
Net'"',LMDIF"™ . Triplet SN A & GN Siamese #% % it GN Siamese 28.9

T FLE4G K%K, AFL Net Al LMDIF J& Jy % 4 AFL Net 34.0
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Table 5 Ablation experiment

Method Rank-1/% mAP/ %
Baseline 32.6 17.1
Baseline+C 36.1 19.7
Baseline+D 34.9 19.9
Baseline+C+D(Ours) 40.5 22.0

TR YA AT P A8 SR 41 2 = 5T 4L 45 2 I AL I 4%
i} (Baseline) , #&% %! Rank-1 #1 mAP /XA 32.6% #i
17.1% . #4258 X 4325 (Baseline+C) i A I 15 , 457
PEREA A W& A0S T o TR T BE B A0 B 3 15 B0 5%
(Baseline+D) il A J& , #5281 {4 14 G .75 2 2 . X iE
B AS SCAR B A 28 v s A 95 0 90 0 T 2% 1k RE AT % B
P Th Y P AR B S [R] A T T ) 4% (Baseline+
CH+D)f , ARG B] T FAEROR

R it — A B AR SCUE T ) 2% > A5 R 38 ) A%
AR S IR T RHIE 1) e R 2 TR AL S5 R, Horh 4
METEAR — DR [RE AR B EDE 7R W) — &y 1Y
FeEAC . [l 5(a) hy Baseline 4 5% 15 2] &5 A 09 7] 911k 45
R BB A B TE MR SR 5 15 5 (b)
Baseline+ C [ £& 4 i 15 2] (19 K¢ AE , 1T L & 30 7] SR [#
TEAEA 5 B AR A AR A A W W 9 30 50, AR TH 32 31
BRSO A — B4 A0 52 5 24 Baseline+C+D X}
W 2 AT YN ZRINE, 49 A1E 1] 5 0 T R0 AL 25 R 51 5 Ce) i
N o B 2R BAT IR R PSR A B
5.5 S-Market1501 3% 5 5237 = 3= # B 1 & 09 53

by J R AR SCHRE Y S-Market1501 X B 32 5 F
28 ARG R DTMR , B E A OGS . B HE, 3 )
A H Market-1501 9 Yl 25 £ F1 S-Market1501 1 15 1
5 Il %k Baseline, I 75 5 52 1Y 3 1 £ 4 % Sketch Re-
ID _EBEATI. AR 6 s .
F6 Market-1501 Al S-Market1501 1 % Il % ) Baseline 7

Sketch Re-ID i % |1 fE
Table 6 Performance of Baseline trained by Market-1501 and
S-Market1501 (1) and test on Sketch Re-ID

Datasets Rank-1 /% mAP /%
Market-1501 2.0 1.4
S-Market1501 (1) 16.0 10.2

i 25 6 7] 40, S-Market1501 Y11 215 3] 14 Baseline
HWEm RS, R G A SO T 3 Ak R e S
A —E R TTHEK
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