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Key Frame Extraction Algorithm for Video-Based Person Re-identification

Based on Walking Cycle Clustering

LI Mengjing, JI Genlin, ZHAO Bin
(School of Computer and Electronic Information/School of Artificial Intelligence, Nanjing Normal University,
Nanjing 210023, China)

Abstract: Video-based person re-identification aims to retrieve specific pedestrians from videos taken by
different cameras. However, it faces the problem of huge data volume and time redundancy of video data,
that is, video data consume a lot of storage space and have strong correlation between different frames. Using
all frames for identification will reduce the query efficiency, and the interference and noise in the video will
also adversely affect the accuracy. In order to solve such problems, this paper proposes a key frame extraction
algorithm for video-based person re-identification based on walking cycle clustering. Firstly, the algorithm
extracts the candidate walking cycle by using the periodicity of the distance between feet of pedestrians.
Then, it selects the key walking cycle as the key frame from the candidate walking cycle by clustering.
Interference and noise are removed and only key frame information is used for identification to reduce the
impact of time redundancy and improve accuracy. Finally, the algorithm is applied to video-based person
re-identification, and the data will be processed before querying to reduce the storage space and to improve
the query efficiency. Experimental results on MARS and DukeMTMC-VideoRelID datasets show that the

algorithm can reduce storages space by 59%—82%, the cumulative match characteristic Rank-1 is improved
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by 1.1%—1.4% and the mean average precision is improved by 0.2%—5%.

Key words: video-based person re-identification; key frame extraction; walking cycle; clustering; video

analysis
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Fig.1 Schematic diagram of the framework
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KFE B85 20 a5 0L, RIS BT OC s 017 A 40

M FE 1A n] LLF |, Baseline+WCC-Based
KFE (1) Jr i B9 45 %t Baseline J5 ¥ 4, % F
MARS % ¥ 4 5k 36 , CMC Rank-1 4% T 0.3%,
mAP = T 5% . % T DukeMTMC-VideoRelD
Bl 4ok i, CMC Rank-1427%5 7 0.4 %, [H 4 5 4R
A8 T AT R (B2 0X — 20 A i ik
TR R A T, 45 T ER R . 1T Base-
line+WCC-based KFE(1) 4 (2) JriEit— 4 i ug
TN G T, DL R JBR TR R T 4y, BT LA
CMC Rank-1 X It Baseline+WCC-based KFE (1)
Jk LT T o MARS B85 % 09 Rank-1 48 &5 T
0.4% , DukeMTMC-VideoRelID %k 4t £ ) Rank-1
RET 1%,

TEVEH 45 b5 CMC Rl mAP #B 42 w5 79 7] i, P38
B S A AE RN W R AN o X T MARS i 4
WCC-based KFE 55 1 45 #24E 4b # )5 |, K & k2>
T 24% LR AL B S B B> T 58.6 %0, X
F DukeM TMC-VideoRelID %k ## ££ , WCC-based
KFE % 15 #AE AL 25 B0 it 2 1 31.8%, M
AR PG B B> T 81.8% 6
3.4 5HMAEILL

A SCAE MARS Hl DukeM TMC-VideoReID #j
AR AT S0 R A SCHR 1 Ty vk A AT
NERFI R T g g5 Rk 2 3w, H
i, K-reciprocal il See the Forest 77 ¥ 3¢ {4 i [i] 3t
1k, Latent Parts. SRM+ TAM .QAN Fl DSAN &
BT EBE I R T

M 2.3 AT LU AR SO 0 Oy TR AR A
RO B Y TR, CMC R m APt H 3R 1Y )7 32
AT . W ERAFEAEWAIEE (D)
WCC-based KFE B 3 %5 120 30 i 1 ™ P41
W, 051 40 9 B Y o SRR S Y A5 T A Y
SE RN 5 (2)FRSE 220 Bk T R IT A%
TR T MG B A 22 0 W, (LA ] O B 20 AT A 3 A
RO 2% AT N HE— 4R T R R
3.5 kEUESH

ATV A 1 A [R] BC(E % 0 3k 4 0 o DL R
PEH R B8 CMC Al mAP (Y5200, 52 56 25 51 WL & 4.
Hr MARS o U3 52 09 5008 B AR THE TR0, A
FAha LA R, FEE e H M 132 8, i 4 1Y
B AR ON WIS . X T MARS Bl 5ok 1, 2
k=11, M A s 1 A 0.5 GBL AfH AN 1,
IR 4 B 1 i 100~200 MB, 24 k=8 i}, il izt
% s & ¥ om ® T 14 GB. X F
DukeM TMC-VideoRelID % 4% 4 ok it , 24 k=1 K},
T AR R Y5 AU 108.7 MB, AAE 4184 hn 1, iR 4k
BOPE BB 60~90 MB, 24 £=8 I} 34 i #| T
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Table 1 Influence of two-step operation of WCC-based KFE algorithm on data volume and accuracy
MARS DukeMTMC-VideoRelID

Ak BT Rank  Rank 3 A K Rank  Rank W S 5K
Rank 1 Rank 5 10 20 mAP R /GB Rank 1 Rank 5 10 20 mAP i /GB

Baseline 77.7 89.2 92.0 93.8 64.2 2.9 87.6 96.6 97.9 98.4  83.9 2.2

Baseline+ -

WCC-based KFE(1) 78.0 91.7 94.5 96.2  69.2 2.2 88.0 96.3 97.7 98.1 83.7 1.5

Baseline+

WCC-based KFE 78.8 91.8 94.7 96.1  68.5

(H+(2)

1.2 89.0 96.7 98.3 98.7 84.1 0.4

F*2 MARSHIEEPRZAELE
Table 2 Comparison of methods in the MARS dataset

. MARS
ISk Rank 1 Rank5 Rank20 mAP
QAN 73.7 84.9 91.6 51.7
K-reciprocal*" 73.9 68.5
See the Forest'” 70.6 90.0 97.6 50.7
Zhang et al.””’ 71.2 85.7 94.3
DSAN™ 73.5 85.0 97.5
Ours 78.8 91.7 95.7 68.5

642.5 MB. {HJ& SR 5, B A 128 K, £ 8
SRR AE AN W AR /N Pl 2 A T 2k 20 AT R A
BT kR 51

bifi & B0 B AN TS i, CMC M mAP Ff % A
Bt 2 AR hn . % 4 T AL @ bR T N T 38 A

&3 DukeMTMC-VideoRelID %1 & th & 5 (b &
Table 3 Comparison of methods in the Duke MTMC-
VideoReld dataset

DukeMTMC-VideoRelD
b Tk
ik STk Rank 1 Rank5 Rank 20 mAP
EUG (supervised)"*™  83.6 94.6 97.6 78.3
Ours 89.0 96.7 98.7 84.1

L, AR IR R . T LUE BN k=5
BF, JLF e A (24N 48 bn HE 24 Y FE R A7 o 1 X
B T % 9 Rankl F1 mAP 3k 3t , MARS %k #% 42
Rankl i5 #| T 78.8, mAP i5 # T 68.5, M
DukeM TMC-VideoRelID %% #& £ Rankl ik 2| T
89.0, mAP ik F| T 84.1, X LL#[ & I A £ HUH X

R

x4 AEERNEBEEERIER

Table 4 Data volume and evaluation indexes at different k values

MARS DukeM TMC-VideoReID
K g W‘IJE%?&TE Rank 1 Rank 5 Rank 10 Rank 20 mAP fﬂﬂEﬁE:ﬁ(T}ﬁ Rank 1 Rank 5 Rank 10 Rank 20 mAP
w7 /GB w7 /GB
k=1 0.5 74.9 90.4 93.4 95.3 64.6 108.7 80.1 91.0 94.3 96.3 73.0
k=2 0.7 76.2 90.9 94.0 96.3 66.7 199.1 86.3 96.0 97.3 98.3 80.8
k=3 0.9 76.8 91.3 93.9 96.1 67.7 281.5 86.3 95.6 97.2 98.1 82.3
k=4 1.0 78.0 91.7 94.1 95.6 68.2 359.5 88.3 96.0 97.0 98.0 83.8
k=5 1.2 78.8 91.8 94.7 96.1 68.5 435.2 89.0 96.7 98.3 98.7 84.1
k=6 1.3 77.5 91.6 94.7 96.2 67.7 508.3 87.6 96.6 98.0 98.3 83.4
k=7 1.4 77.6 91.5 93.9 96.1 68.4 576.9 87.5 96.4 97.7 98.6 83.2
k=8 1.4 77.2 91.5 94.3 96.4 68.0 642.5 87.5 96.9 98.0 99.0 83.2
3.6 HIEESH
A5 4y # WCC-based KFE 2.3 %f ) 2% 42 %% 3.5 AR
P 52 o & 4 Br s, MARS %8s 42 oAb B 3.0F C M
ey 234 2.9 GB, A M5 # 4 1.2 GB, It -
1) hy J5E A 1 41.38% . DukeM TMC-VideoRelD % m\;z'o'
i 42 A FEET A AR 2R 2.2 GB, 4 S AN gl.s-
0.4 GB, .1 2k J5 ok 4 18.18% . B AR #ER W > T 1.0t
KB & {02 MARS &b B S B0 L 4T 0.5f 0.4
SR W 5 B P ECR A b B K 00— ||

"MARS DukeMTMC-VideoReID
4 Ab PG R IR A B

Fig.4 Data volume of test set before and after processing
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Fig.5 Average track length of test set before and after pro-
cessing
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