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Grouping People for Tracking across Non-overlapping Cameras

Yusuke Moriguchi1 Asami Okada1 Norimichi Ukita1,a) Norihiro Hagita†1,b)

Abstract: The groups of people are detected in each camera and then utilized as an additional clue for im-
proving people identification across non-overlapping cameras. It is assumed that if persons belong the same
group in a camera view, they may be in the same group also in another camera view. The grouping process
is achieved by discriminatively classifying the trajectories of grouped people and non-grouped people with
their spatio-temporal features of the trajectories. And then the spatio-temporal features are utilized with
other features of each person (e.g. color histogram, transit time between cameras) for people identification
across non-overlapping cameras. The experimental results demonstrate the improvement in people grouping
and people identification by the proposed methods with a public dataset; the rate of group detection was 83
% on average, and the successful rate of people identification across cameras was improved by 37 %.
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�identification people across the cameras

�tracking people in each camera

�grouping people in each camera

1

2.

[4] HOG[5] [6]

[7], [8]

[9], [10]

[11], [12] [13]

[14]

Social Force Model (SFM)[15]

SFM

[16], [17] Yamaguchi [18] SFM

3.

1

���
�4.1��

���
�4.2��

	
��
��
�������5��

����������
��
�����6��

���

� !
�5.1��

����
��

�5.2,5.3��

������
�6.2��

��

"#$%�
&
�6.1.1��

��
��

'(��
(6.1.2�)

��
�

���
�6.3��

	
��
)*�+�
����4��

����

����	�

�
���


���

����	

�


����

����

�������

���	

���
�

��


��	

�� 

2

Pedestrian i

Pedestrian j

pi

pj

vi

vj

F1 F4

F3

F2

vi'

vi''

3 [18] vi v
′
i

vi v
′′
i

HOG

Suport Vector Machine SVM [19]

[3]

4.

4.1

[18]

i

pi vi t

Ti = [ti,1, ti,2, · · · , ti,Ni ] i j

5 (F1 F5) ( 3

)

(F1) 2 |pi − pj |
(F2) 2 ||vi| − |vj ||
(F3) 2 |arctan (vi)− arctan (vj)|
(F4) 1 2

|arctan (pi − pi)− arctan (vi)|
(F5) |Ti ∩ Tj | / |Ti ∪ Tj |
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i j

pgpi.j 7
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True-Positive False-Positive

False-Negative

True-Positive False-Positive False-Negative

Camera a 108 14 26

Camera b 130 38 22

Rgc

Rgc = Lg =

NB∑

u=1

√
P g
uQ

g
u (4)
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5.1 5.2 4 Rc,Rt,Rgp,Rgc

R = RcRtRgpRgc (5)

R
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Person Re-ID 2011 dataset[20]
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