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One-Shot Video-Based Person Re-Identification Based on Neighborhood Center Iteration
Strategy
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Abstract: In order to solve the problem of labeling difficulty in video-based person re-identification dataset, a neighborhood center
iteration strategy based on one-shot video-based person re-identification is proposed in this paper, which gradually optimizes the network
by using pseudo-labeled tracklets to obtain the best model. Aiming at the problem that the accuracy of predicting pseudo labels of
unlabeled tracklets is low, a novel label evaluation method is proposed. After each training, the center points of each class in the features
of the selected pseudo-labeled tracklets and labeled tracklets are used as the measurement center points for predicting the pseudo labels in
the next training. At the same time, a loss control strategy based on cross entropy loss and online instance matching loss is proposed in
this paper, which makes the training process more stable and the accuracy of the pseudo labels higher. Experiments are implemented on
two large datasets: MARS and DukeMTMC-VideoRelID, which demonstrate that our methods outperform the state-of-the-art methods.
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Fig.1 Common label evaluation methods
Bl L ARVl 5 =X

N TR G0D T2 P15 20 2 0 6 AR A B T F — RN R, A SCR HE T — AN 38 1) SR g 23 400
Hey 12X SR i (Neighborhood Center Iteration, NCI). & — % AR I 5 i , 75 47 0 25 18] o 3% 1 i e B A4 O b 25 40 430
F B AR A BORFAE R — 2RI O s VB R T — S0 TN JE A 25 A AT R B 1 O A 25 1) v o hL B
36 HDh B 28 AT A B ) 50 B A0 38 T, AR SR S S A TN YR A A I N B2 I TR AR A A B TR — IR .
U A A8 G (AT N B R R AE 2 > 32 BT = 45 Ok U R i, K TR A SR — 5 R A i 5
W B A I 558 2% (CrossEntropy Loss) FI7E£RSZI IR Hi 2c!'?! (Online Instance Matching Loss,OIM
Loss) ,BEAEA A7 /N2 P9 BR 25 SR (8 45 )1 Ziod 72 58 in i) B2 s K.

AXHEETAEWT: (1D BE—DH IR NCI,Z IR 32 bR 045 1 U B8 F ROb i 7+
FRZEAATF B 0 D o 285 T v A 2 0 e 2 SRV ROAG . (20 B2t — AN B I 48 2 2 1) S w6 B &Il 2k CrossEntropy
Loss F1 OIM Loss, {5 75 Il Zid 72 50 ) F2 g AR T 508 Y 24 B B AN B b 2 20 07 5, AR SCIW 7 5 7E MARS Al
DukeMTMC-VideoReID P> KBS ¥4 5 b #A IR 4T i 7 e #2071

1 HEXBIARIE

T B AT N TR L TV 2 TR A T 0 g VR DS G SR 14K A A A1 R B 0 R B
TR EGBI T R R SR WA A LR SO 2T 3RAFAT AL B B RS AL 2 7% SCHR[ 1714 H I a3
BN 5 21 TTVE, B AR I 23 b SR A AT N BB Sy, DA pR AT N AR 5T B IR AN [ A ]
(1] X35 A T A2 A 1 i) A SR 18] B2 17 0500 5 I 4 g ik, L SR 5 IR s ML Ao, L 45 5 58 2 ) AR e 2
ST B AR AR R 22 1 ) PR Rl S AL AA B 1 P AR MUK, 1R 3 R A R I 5 ot AT DA BAR G ) 3 D8
AR5 W S0 0 MBS AT N FE R, SCRR[13] 4R i 7 - BB AT ARSI OIM. Loss, &t AJ F T+ 6 i A AR



KA F A T UAR A S ik AR R 0 B ARE A AT A IR A 3

PiAT N AR5 SCHR[ 19138 T —Fh B R 1A) | 2825757 (Bottom-Up  Clustering, BUC) SREX& 146 CNN FI TG b5
ZEREAR A )R R I HAE RS PR T — A 2R 1 1E T TR S A0S SRR i B
DA 1 20 M BT N E AR 5 7K 2 B T R PO T ARG T AN A o B AT N R
B0 Zha SEPAEE T — RS 2 B R SO B R 1 S 2 5] D i B B T — S AR AT AT N E R
AT 55 B 775,40 Lin ZUH A bR R A YA R T 5 5 B SR A BT 10 k ANREASIE LM
(¥ T S8 % A%, T4 L A BE AR 0 B3I 2R 4 v B %0 72 B B VR RSO 1k Ye SR I T — B Eh A I L AT
(Dynamic Graph Matching, DGM) J7 i, 1% J7 ¥4 145 X 5 397 BRURIAR 28 4t 1, LA 2% 50 5 407 ()RR AE 25 1) W 26008 i —
ANIZ L) F AR AR BL ) 5K 1% (Exploit the Unknown Gradually, EUG) , 56 F A AR 20450 A B W] U6 4k 0 28 A
B PR AR 55 A7 A 2 2500 1) BE B0 K Oy R B M08 e 1k 5 O B GRAR R AT 5 S I I 25 SCRR[251H 7 — A B i
FEA BT I 5 0 (Progressive Learning,PL) 4 FRZEE0HE . Oy AR 28 48 A 2R 51 AR 2 508 = A3 o fEak ARt
T PR IR 2 (EL 2 SCHR[10, 11750 SR P % A4S 5% 0 SR T 52 1 WU 25 BT B B 110 PR A A8 4R I B 1 7 VR R R
& B, B N WA R AT B A, A D SO0 A A TN LE AT 46 B B T SE AN ARG 1, 40 SRk £ 5 5 VI ZRAH )
B (A, U AN T i e b2 I B 22 R 1) D AR 2 R T SCHR9,25] ol A A A MR P BRARFAE AR D 8] € i &
rhC 2 75 3 R 5 K AN HE B 1) O B B 808 . TR e AR SR Y 1 I A rp o IR AR SR DA — 5 T2 B AR e Dy B B 4 1%
ZRAIK 1) 7] R

2 EARHIE TR

>

2.1 EAKIEZR

AT AME—H AR BTN L = {(2,30), s (o y )} TERFRE VBT BLSE £ 35
N U = {(@n 1) (@)} IE @,y 2 BIFOR S o ASPUBU BORIAT AR DA |C] = 1y A U] = o, S
HFm et LR MAEL 50 € {01} 1EADPRAEREAR @i SEAF T — VU 5 0 B 4 4.
TEIEARYN SRt R e, SR 02— L 0388 % 3 7 300, 49 I R R — 5 B4 8 1 Oy 3 8 00000 B
T T RN, S FRiE IR — YRI5 Dy b5 46 5 i et 4
S={(@g)|s, = Ln+ <i <+ ny} (1)

Horp g, R 5 i DA BLHI N ARAE.

AT EARHEZ U & 2 7, R T ResNet-50 2544 ) i ) i 15 784 1 D R AR S R0 4%, B8 70 2R = i T
b T A AR R ARSI [P A = T R NI B, A B R R O W RS AL S I ]
it Al 28 B A iR & RV AL B R AR 2O

(¥ 5 * v l AR HHH -

WHT R FAESRA A SIEF U bR
] .. LN ] L]

III m F o
;%% ﬁ - §
Tl FLY bR b7 i A
. h ﬁ . +N TehREE B R AE
d °
°
.. :. ®e Db e AT
%0 0
EiES [ o

L]
< o®
0eds

TR K CNN Fi% RFAEZE 1]

Fig.2 Overall framework of NCI strategy
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Fig.3 NCI label evaluation method
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Fig.4 Results of different values of parameter p on the MARS dataset
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Table 1 Comparison of center selection method correct rate (%)

K1 kBT IERFR (%) BIXTE

DukeMTMC-VideoRelID MARS
Parameter Mean Median Mean Median
p=0.30 64.26 61.04 41.94 42.58
p=0.20 68.14 67.47 47.36 48.40
p=0.15 68.61 68.61 56.30 54.36
p=0.10 73.23 72.36 60.58 63.01
p=0.05 75.30 74.50 66.56 68.19

4.3.2 IEPHFOLERREBEHBRE

Wik 2. 3R 3 FiR, oK p B 0.05 ] 0.3 B ,NCI H#&AH L T EUG 1E rank-1 accuracy(%)~ mAP(%). Dh¥5
ZEHER R M (%) A F SRR T 4R 5 X p = 0.10 B, 7E DukeMTMC-VideoReID %44 - NCI K
rank-1 #5BEHE T 2.61%,mAP K5 EEHR T 3.84%, Dy bR 25 1 0K FE 42 7 1.61%.7E MARS #4548 E NCI [ rank-1
K OE R T 2.78%,mAP A JE IR Tt 6.12%, D Ax 2 10 T OKE E IRt 4.04%. 3 B p=0.05 B, 7E
DukeMTMC-VideoRelID ##i4E |- NCI /] rank-1 ¥ B3R T 1.61%,mAP ¥ E - T 3.17%, Dy A5 25 1 T0UAS B2 42 7
1.13%.7E MARS 44 _E NCI ¥ rank-1 ¥ B 52 71 1.93%,mAP K& 5 $2 T 3.35%, 1M D4 55 25 10 TR0 RS FEHR TT 1.97%.

ZRE LA B BT Re AR LI K2 p B 0.05 E 0.3 B, G182 rank-1. mAP K5 IE & D bR 28 I v i 28,398 T 1)
FKHLAR T e £5 Y AS SO HY A NCL M EE T B (0 SR g EUG 43 25 4 1 16 1 RE 2 T

Table 2 Comparison of NCI and EUG results (%)
F#2 NCI5EUG %R (%) Xtk
DukeMTMC-VideoReID MARS

Methods rank-1 rank-5  rank-20 mAP rank-1 rank-5  rank-20 mAP

EUGP(p=0.30) 63.82  78.64 87.04 5457 4277  56.51 67.17  21.12
EUGP!(p=0.20)  68.95 81.05 89.46  59.50  48.68  63.38 72.57 2655
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EUGP!(p=0.15)  69.08 81.19 88.88 5921 5232 6429 73.08  29.56
EUGP(p=0.10)  70.79  83.61 89.60 6176  57.62  69.64 78.08  34.68
EUGY (p=0.05) 72.79  84.18 91.45 6323  62.67  74.94 82.57 4245
NCI(p=0.30) 67.50  79.20 87.90  58.10 4430  57.90 67.70  22.40
NCI(p=0.20) 7120 83.80 91.00  62.80  47.70  60.80 70.00  26.40
NCI(p=0.15) 71.50 8430 89.90 6220 5550  69.50 77.80  34.30
NCI(p=0.10) 73.40  86.80 9320  65.60 60.40  76.00 8430  40.80
NCI(p=0.05) 74.40  88.50 93.40  66.40 64.60  78.10 84.40  45.80
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O3 I 2 i SEME e A I 2R A 45 SR 5 NCI #E4T EL 3 vl 45, 4 B B p = 0.10 B ,DukeMTMC-VideoReID $¥#E & b7
rank-1 F& 32T 6.1%,mAP A& IR TE 7.5%, AR BRI F; 5.36%.7E MARS Hi#E4E 7T rank-1 fEE T+
0.7%,mAP ¥ ER Tl 0.6%, D FRZEMHERRIRIZETF 0.51%.24 p = 0.05 If ,DukeMTMC-VideoReID ##i4: I rank-1
FaEEHRTE 5.9%,mAP K FEFR T 7.6%, D br 28 R HERA 22 52 T 4.82%.7E MARS #(#5%8 I rank-1 KA 2%, mAP
FEFEIRTE 2.9%, Dh bR (11 R 32 T 3.48%.

SR LA B0 b, AR S HH B4 2 48 o) SR B A A R T NCI 12 R, f 24 52 FH IS B ) 2 R [R] I 3% 3 7E [R) 5%
p B TSI 45 SN B, BEAR UCIE B A SC 1) NCT FA5 2 128 ) e 4 T 25 8 B

Table 3 Comparison of Loss Control Strategy Results (%)
F3 PREHIEEER (%) X

DukeMTMC-VideoRelID MARS
Methods rank-1 rank-5 rank-20 mAP M rank-1  rank-5 rank-20 mAP M
EUG[Q](pZO.IO) 70.79 83.61 89.60 61.76  71.62 57.62 69.64 78.08 34.68 58.97
NCI(p=0.10) 73.40  86.80 93.20 65.60 73.23  60.40 76.00 84.30 40.80 63.01

NCI+Loss(p=0.10) ~ 79.50 90.20 9520  73.10 79.59 61.10 76.80  83.40 41.40 63.52
EUGP)(p=0.05) 7279 84.18  91.45  63.23  74.17 62.67 7494 8257 4245 6622
NCI(p=0.05) 7440 88.50  93.40  66.40 7530 64.60 78.10  84.40 45.80 68.19
NCI+Loss(p=0.05)  80.30 91.60 9530  74.00 80.12 66.60  80.20 87.8 4870 71.67

4.3.4 SHMGEEE

F 4 JE AR ST 1 NCL AN 2% 32 1 S 4 531 7 DukeMTMC-VideoRelD A1 MARS ##i4kE 1, 53 ke
rank-1 accuracy(%)F1 mAP(%)HI L3R 4 F 5 AKX L 77756/ 0OIM. BUC. DGM. Stepwise. EUG #il PL
S5 T5 1 AR SUHR I VR L e v B bR A AT N IR A Tk BE AT IR R T 0k 4 TR AR SCHR
[1)751% NCI 7E DukeMTMC-VideoReID #0#fi ££ b, #% & ff rank-1 15 ] 74.40%,mAP 1A £ 66.40%;7E MARS %45
£ b e rank-1 35 3] 64.60%,mAP ik F| 45.80%. 11 f£ NCI hn b 2 W (0 451 2% 45 i S mg 2 Je 7
DukeMTMC-VideoReID ##i4E I & & {# rank-1 iI5F] 80.30%,mAP k%] 74.00%;7F MARS ##idE I & & ff
rank-1 & F 66.60%,mAP 15 E| 48.70%. 1 fE 1 ik DGM. Stepwise. EUG Fl PL %575 .

NCI FH5 2K 4 ] 56 0 B U G i e 44 45 R 5 R B 542 0IM Al BUC Al L 7E DukeM TMC-VideoRelD Ffl
MARS #4544 1A % 0 B 000 35 A L T bR i AAAT N B IR B 10 57 BUG F1 PL AR K$EF. 4
p = 0.05 I}, 7f DukeMTMC-VideoReID ##E4E | rank-1 23 BIHR T T 7.51%. 7.4%,mAP E43 H42TH T 10.77%-
10.7%.7E MARS #(#54E I rank-1 23 B2 TF T 3.93%. 3.8%,mAP L3 HI4ETH T 6.25% 6.1%.1 2% p = 0.10 i,
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7f DukeMTMC-VideoReID ##E4E I rank-1 43 53RF+ T 8.71%- 8.5%,mAP L4 J#EF T 11.34%. 11.2%.7F
MARS $4E4E FARRF T 3.48%. 3.2%,mAP F4RIRFF T 6.72%. 6.5%.

35 VA b 23 b, U0 A SC NCI RIS 247 1) S B065 U1 R, AR BL T 7] 28 0 5 VA5 AR R4 T AT 38niE 17 A S

B AT I A08 v o 325 A SRE R R 453 2 92 | SRS PR AT R A DB

Table 4 Comparison of accuracy (%) between NCI and other methods

®4 NCIHHETENLER (%) KX

DukeMTMC-VideoRelD MARS
Methods rank-1  rank-5 rank-20 mAP  rank-1 rank-5 rank-20 mAP
Baseline!!(one-shot)  39.60  56.84  66.95 3327 36.16 5020 61.86 1545
oMt 51.10  70.50 - 4380 3370 48.10 - 13.50
BUC!H? 74.80  86.80 - 66.70  55.10  68.30 - 29.40
DGM!!! 4236 5792 6931  33.62 3681  54.01 68.51 16.87
Stepwise!'” 56.26 7637 7920 4676 4121 5555  66.76  19.65
EUGP(p=0.10) 70.79  83.61  89.60  61.76 57.62  69.64  78.08  34.68
EUGY)(p=0.05) 7279 84.18 9145  63.23  62.67 7494 8257 4245
PL*(p=0.10) 71.00 8380  90.30 61.90 57.90 7030  79.30  34.90
PLP(p=0.05) 7290 8430 9140 6330 62.80 7520  83.80  42.60
NCI(p=0.10) 73.40  86.80 9320  65.60 6040  76.00 8430  40.80
NCI(p=0.05) 7440 8850 93.40 66.40 64.60 78.10  84.40  45.80

NCI+Loss(p=0.10) 79.50 9020 9520  73.10 61.10  76.80  83.40  41.40
NCI+Loss(p=0.05) 80.30 91.60 9530 74.00 66.60 80.20  87.80  48.70
Baseline(supervised) 83.62 9459  97.58 7834 80.75 92.07  96.11  67.39

5 ERIB
BPURRTE 5 B H AR 2 A T T R AR A TR () e M, TE AR S B AR A X T AR v MARAT A
) 8 O T SR AN i B A SO T Rl AT X SR G 2% 5 I M TRT B T S () TR S T B B R A

FFU6G, 38 A5 5 FH T 000 O s 2 94 FEE 8 v 0o i, 3 IR ] S 1) B o 25 500 ok B AR 28 A VR B8 ) T S B B 2
HOHE LB 1) TR 3G I e Ak AR SCER T — R T 4 G IR SR B AT AT I R 0 AR BE AR E SCRE AR /N BE
V9, M SR A5 T S5 00 Oy 7 25 50900 AR B8 65 A () A B AR SC U7 V2 I B RUPETE MARS A DukeM TMC-VideoRelD /N K
FULEEAE R4S 30 T 1R 47 (50 0F .
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