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Unsupervised domain adaptive person re-identification

guided by low-rank priori
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Abstract: Unsupervised domain adaptive person re-identification plays an important role in intelligent
monitoring, but the domain shift among different datasets brings great challenges to person re-
identification. Studies have reported that the pedestrian images captured from the same camera view have
same style in continuous time. If this style information is separated from the pedestrian image, the domain
shift problem caused by image style difference will be effectively alleviated. In this paper, a low rank prior
guided dictionary learning scheme with domain invariant information separation was proposed. Firstly,
according to the low rank priori of the style information, style information and pedestrian identity
information in the pedestrian image features were separated. Secondly, according to the domain invariance

of the pedestrian attributes of the same identity, the relationship between the visual features and the
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attributes was established to alleviate the impact of domain shift. Finally, self-training strategy was used to
adjust the learning parameters. Experimental results show that the proposed method outperforms the
traditional unsupervised domain adaptive person re-identification methods and some unsupervised domain
adaptive person re-identification methods based on deep learning in many datasets.

Keywords: person re-identification; low-rank priori; domain shift; feature separation
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Fig. 1 Pedestrian images selected from the same camera view of different datasets
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Fig. 2 The overall framework of the algorithm in this paper
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Table 1 Low rank decomposition dictionary learning algorithm for domain

adaptation person re— identification
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PRID2011.GRID ##a 4% b # ) 1 SUR 1 R Layne %8 A0 FTARTERY
®2 ZRHEENEMRLE

Table 2 Details of dataset settings for experiment

#1R (EPN WM A WL A TIEERY

R D¥ ¢ EEglin iy % iy % iy # Sl

VIPeR 2 632 316 316 0 1264
PRID2011 2 749 100 100 549 949

GRID 2 1025 125 125 775 1275
CUHKO1 2 971 486 485 0 3 884

3.2 XMEEELWER

£ VIPeR I 1 52 4. 5 PRID2011 A5 O I # 4 4 . VIPeR 150y H bR B di 4, S0 45 5% 5 UMDLY
SAAVF'" MFFAG "/, ADV"*", GL®, SDC*” , CAMEL"" , DECAMEL"" , ATESL"*', SNR"™* [{ 4% , %}
Feai gk s Bron. kT KU 78 VIPeR b BF5005 5 M Pk BRI T B %% 2] 1977 i DECAMEL™ Al
L5810 8 W B B E R AT N U 5 35 UMDLY, SAAVE!Y, MFFAG ", ADV™#", GL™, SDC,
CAMEL-", ATESL" . SNR- . GiEW] T J5 3 9 A7 3P A fle i vk

F 3 7E VIPeR IR &K IR A% 8
Table 3 Performance on the VIPeR dataset

WIRZS Rank]1 rank5 rank10 rank20
UMDL"™! 31.50 — — —
SAAVE!! 26.84 39.72 49.27 60.38
MFFAGH? 33.70 — — —

ADV 22.80 38.60 50.30 63.90
GL 33.50 — — —
SDCH 25.80 — — —
CAMELP 30.90 — — —
DECAMELPY 20.30 38.04 49.11 60.38
AIESLEF? 28.92 40.41 46.58 52.44
SNRE# 32.60 — — —
Ours 34.50 49.18 65.73 76.61

£ GRID [ HIS250 oK VIPeR fE M IEEHE 4 . GRID 50 H bR Edi 4 . L5045 5 DIMN'Y, ATESLE,
SNRY, TLSTPYY 4T T Ho 8%, xF L85 SR 3k 4 B . i T GRID s £ #5447 K THREIME B AE iz 8k
P LAY A B VS EC TR TPk . B R 4 B T LU I R R A AR PR RE R T g W B
B & AT ANE R 7 i ATESLE, SNRF, TLSTPR R B 2% 2 )7 i DIMNHY

£ CUHKOL b 1525 . Ry it — 0 b5k A 2501k VIPeR FE IR B4 48 . CUHKOL FE B b £ 4l
B Iy 4k B 5 UDMLY! , MFFAGH , CAMELY" , DECAMELPY , AIESL™), TSRM¥ , DASH, UJSDLM"
PEAT HL B, X bR &S SR 3k 5 frn . f UL al LA L 32 00 7 I 7e vk Al et 1A% G % J0 W B Bk A 38 N AT N
PR J7 ¥ UDMLY!, MFFAG'', CAMEL™, AIESL™, TSRY, DASYY, UJSDLE™ F1 ¥ B 2% 3 )5 &
DECAMELPY
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Table 4 Performance on the GRID dataset
7k rankl rank5 rankl0  rank20
DIMNH 29.28 53.28 65.84 —
AIESL? 16.80 29.60 37.20 46.80
SNRE 26.00 — — —
TLSTP" 28.40 65.60 80.40 —
Ours 38.56 57.68 67.68 78.16
x5 7E£ CUHKO1 ##E&E EryiR 546
Table 5 Performance on the CUHKO1 dataset
Tk rankl rank5 rank10 rank20
UDML™ 27.10 — — —
MFFAGH? 58.10 — — —
CAMELP 57.30
DECAMELP! 65.81 — — —
AIESLE? 63.26 81.63 87.36 91.84
TSR 22.40 35.90 47.90 64.50
DASHS 54.90 — — —
UJSDLE 27.74 48.81 57.71 66.85
Ours 67.34 86.00 91.75 95.20
3.3 HiEoMm
3.3.1 UM
H 5 BREC (O XS AZ B (D Do W U — A ™ eRER, SR 81 5 e A8 o iy 57 JHE v B A 8 S pf, A A

BA 2R R . 75 VIPeR iR b X2 i SOt 47 1 S0k, H A5 SR IEl 3 frs . mitml & 8L, %) F

A (DD, W H BRSO, i H S B B 2 10 py B e, Bk ek B R e il . I kAR
WECBEE N 10,
300 201
! 4_‘
25 l
15H ‘
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oy z | T ||
Q150 & 10f B
3! & =
~1o0f = | =
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3 HRTE VIPeR BiRE LSS T
Fig. 3 Convergence analysis of the algorithm on VIPeR dataset
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3.3.2 Mk A ENMN

Ak R A S K AR 3 AW B, FEIZR b SEA 0 5 2% B 32 R R T A Bk L & Sylvester
TR ORAE . EEA k WG LT oK% Sylvester TRERYZAREE R kO . TERIBEAXTOBF, SVT HILM
BIBER OGnn’) SRIGAR QD MBEIRE R OGnn}) SRIFARCHMBEILEIHE HOnd?) . TEH L
TEART b R R I BB 2R E N RO (d3) + RO Gnn?) + kO Gmni ) +ROGnd?) . 16K By BE 54
VR 2R G BRI AR SR SRR SR A B AR O Gnnd ) o A8 AINGErp B A M ORI 2 B 5 5
AR K WK, HLARSE I 2088 42 2 I 25 B B A ik [ B, Jr LB 0k R & 2% B M O (MK R (d§ + mn’ +mn} +
md*®) +Mmni),
3.3.3 HRRE S

AXOPEEAEHARGSR) [ C,—WAL [ :+ [[WH e —A | 5 ARBRAHR AR || X, —D, C, || . +
X, =D, Ci | A D . Lo 8Bl o+ | C Il B —BE 4 H ACO) | C"WAL—Y: [ 5.
UL BIX 4 AR AR 3B N A (O B BR L ARG B S A (O R HEAT X L . B 4 (a) R Bkt
R4 LTI B AE B AR B R B A AE VIPeR B4 LS g R, IRl LA L 5B
B4R rank] N 33.26 %, Bk H HM L RIS, rank] 4 33.83%, 8k L., WA H 5, rankl {H K
33.61% , LR B —EE QA rank ] {64 31.52 % , i1 b AT RLGIE A BIF 5T 7 ¥k 19 45 — 290 249 o %o 1 1) 1 e ) 32
AR R BURAE . B 4(b) FRTEA B UIZRRIEA B U250 BT #5580 ) U0 A8, DA rb el LA B I 25 6
S 1 AR 0 48 Tk 2R K A B

90 - CMC curves 80 -
I No Self-Training Bl Self-Training
80 701
70| sol
60 .
g sof
X ~
S50 El
@ S a0k
=] 40r
: —33.830% Without SR 30r-
301 —33.26%Without LR
33.61% Without L, | 20+
20 —31.52%Without ICC
—34.65% model(4) 10
10 2 3 4 5678910 15 20 30 VIPeR  PRID2011 PRID450s ~ GRID  CUHKO1
RankfB
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Fig. 4 Ablation analysis of the algorithm

3.4 SHWIEE

R P I 8 MBS a)sas i) 54050 50,y FIFHMIR TR/, d, T BEHFREL KL,
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A S BB [R) BB I A S P RE , I T LR .25 A, =0.6,4, =0.5,0 =5,8=0.15 W}, B ¥ B A5 45 il
p=NOESE



68 T R K FFHR % 44 A

Rank-1/%
Rank-1/%

1.5x10° 15x10* 15x102 15x10° 15x10?
1.5x10° 15x103 15x10" 15x10"0 1.5x10°

B é
(a) ANE BT R H: AR (b) ARl & TR BE
35 -
34|
g £33
. -
o ) 32 -
=<} ~
31+
30 30
6x10° 6x10* 6x10% 6x10° 6x 107 5x10° 5x10* 5x10% 5x10° 5x10?
6x10° 6x1073 6x 10! 6x 10 6x10° 5x10° 5x107 5x10! 5% 10 5x10°
Al A,
(o) RF A FRARAIH:RE (d) R A, FRRAIERE

Bl 5 &A1 VIPeR HIBE&E LS H AW

Fig. 5 Parameters sensitivity analysis of the algorithm on the VIPeR dataset
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