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Research and implementation of a multi-target
cross camera tracking technology

Dai Chenchao, Wang Hongyuan', Cao Liang, Yin Yuchang,Zhang Ji
(School of Computer Science and Artificial Intelligence Aliyun School of Big Data,
Changzhou University , Changzhou, 213164, China)

Abstract: Combining the person detection algorithm and the person re-identification algorithm, a multi-target cross camera
tracking algorithm is proposed. The algorithm consists of three modules: person detection, person re-identification and person
data association. Firstly, the improved person detection algorithm based on YOLOvV3 is used to detect the person appearing in
the video and to save the video number, frame number and person body position information. Secondly, the improved person
re ~identification algorithm based on generative adversarial network and reranking is used to assign a label to the detected
person images. Finally, the person information obtained in the first two steps is integrated to generate a JavaScript Object
Notation (JSON) file containing all information of the person in the video. The algorithm can complete the multi-target cross
camera tracking task quickly and efficiently, and has certain practical value, which won a single award in the Global (Nanjing)
Artificial Intelligence Application competition.
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Fig.1 The overall framework of our algorithm
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Fig. 2 Person re-identification task
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Fig.5 Network training framework combined with generated images

L= — Dlogp(£) (k) = —logp(y) (2)
=1

Jir B I 2 4R v 3 2 ) BB T R AN TR 26
0l 2 )RR AR i 22 Sk K [, 5K (2) IR% 5
521X LU ] B S . AR A8 T 1 U A R A 3
R [A) BT Y — RN 2R B A P ) bR 4% 2y
A ] LIE S O

l—et— k=y

qLSR(k) - . K (3)
Hrpee [0, 1] MBS R A2 U2 5 A .
Li=—(1=)logp(y) — 1z > logp(#) @

AR DCGAN A B AT N 5 I 46 I 2548
Hh Y LS R R A R b (E TG vk A A i R
R T 2651, Lk HEM T2 R BNIT A
YNGR . R T8 A BB R i AU 2t 72 L 5
T Zheng et al' ™ iy Y 25 S W, o0 A B 1B R 4 il —
G — I FR A . A BB R A BRZE o AR T E SUK
1

(ILSR(k):E (5)
BE T, AR B R 08 38 U 458 2% O

Le= *%ébgﬁ(k) (6)
g5 (4) 506) , APk smECh

L Loss —

(1/9)[(1 e)logp(y) — ;kilogp(/e)} -

B S1ous o)
(7)
Horb, gAY BUE N 08 1.
2.3.4 BHEF HE-KENEA M- Y
NHAT AR 1917 A G = (g, i=1. 2, . N},

3o 5 A B R AT N B R = ] A RR B
A — DRI HE A . EHEE P R R )
UG HEP B 2R 0 HE P 25 R, TR — AT Ao 22
SEBMEEER. AR p MW AEMES
N (o B)TTRARE XN

N (ph) = {g1.82++ 84 (8)

N (p, &) B0 TE 2 246 90 W 7 91 26 b 15 4
W p S ALY Rk e 1 R . 76 o kil |-, 4
TR A (946 T 4844 R (p, &) T LASE SR -

{R(p.M).R(M.N)} >R (p.k) 9)
b R (p, M) 15 4 0 18 H p 5 AL A M3
AR H B B AR s R (M, N) 545 R (p, M)
T4~ J0 2 M B N R ST 4R 1 R, BR Sk (8] 2 3T
B8 1 6 R T R AR E AR ML R

; )
| B A; !«

! = E Yy
|

| ;‘

|

| [

s
|EHEIEAR g
|
|

E6 HBIEMITHE
Fig. 6 Extended nearest neighbor computing
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ResNet50 (CUHKO03) 0.3126 0.1885
Ours (CUHKO03) 0. 3358 0.2334
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Fig. 9 Schematic diagram of experimental result
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