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Abstract

In this paper, we present a new solution to the
problem of appearance matching across multiple non-
overlapping cameras. Objects of interest, pedestrians
are represented by a set of region signatures centered
at points sampled from edges. The problem of frame-
to-frame appearance matching is formulated as finding
corresponding points in two images as minimization of
a cost function over the space of correspondence. The
correspondence problem is solved under integer opti-
mization framework where the cost function is deter-
mined by similarity of region signatures as well as geo-
metric constraints between points. Experimental results
demonstrate the effectiveness of the proposed method.

1 Introduction

Nowadays, more and more cameras have been ap-

plied in surveillance to monitor activities over an ex-

tended area. One problem associated with a multi-

camera system is to automatically analyze and fuse

information gathered from multiple cameras so that

human intervention is reduced to a maximum extent.

The prerequisite for information fusion is to estab-

lish correspondences between observations across cam-

eras. Establishing correspondences across multiple

non-overlapping cameras is more challenging than sin-

gle camera tracking since no spatial continuity can be

exploited. This paper addresses the problem of match-

ing moving objects across multiple non-overlapping

cameras. We assume that the problem of single cam-

era tracking is solved. The objective of this paper is to

establish correspondences between video sequences as

shown in Figure 1.

In this paper, we rely on appearance information,

more specifically, color cues to identify moving ob-

jects across multiple non-overlapping cameras. The ap-

pearance based object matching must deal with several

Figure 1. Example Image Sequences

challenges such as variations of illumination conditions,

poses and camera parameters. In [8], moving objects

are represented by their major color spectrum histogram

while colors that rarely appear are discarded. The ma-

jor color spectrum histogram in [8] does not contain any

color spatial information which is important in discrimi-

nating one object from another. Kang et al. [5] incorpo-

rate color spatial information into the representation by

partitioning the blob into polar representation accord-

ing to its centroid. While this method takes localization

of color components into consideration, the coordinates

of centroid may suffer inaccuracy brought by imperfect

segmentation. Recently, there is a flourish interest in

feature-based object recognition methods [1, 3, 7]. Nu-

merous methods have been put forward based on inter-

est point detectors and associated descriptors. However,

SIFT [3] like feature detectors produce a small number

of interest points which can not be extracted reliably in

low resolution images such as ours shown in Figure 1.

In this paper, instead of applying interest operators to

specify points of interest as in [2, 3], objects of interest,

pedestrians are represented by a set of region signatures

centered at points sampled from edges. Inspired from

[1], our method is based on the assumption that cor-

responding points on two edge maps of the same per-

son under disjoint views should have similar region sig-

natures. Then, the problem of frame-to-frame match-

ing across cameras is formulated as the correspondence
problem between a model image and a query image:

how to establish the correspondence of points on two

edge maps based on region signatures. The similarity

of region signatures and geometric constraints between

points are encoded in a cost function defined over the

space of correspondences under the integer optimiza-
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tion framework. Then, corresponding points are used to

compute a similarity measure between the model image

and query image.

The paper is organized as follows. Section 2 presents
our correspondence problem. In Section 3, a sequence-
to-sequence strategy is proposed to further improve the

performance of frame-to-frame matching. Experimen-

tal results and conclusions are given in Section 4 and
Section 5 respectively.

2 The Correspondence Problem

We now consider the correspondence problem be-

tween feature points {pi} uniformly sampled from

edges in model image P and {qj} in query image

Q. Besides good localization property, regions around
points on the edges indicate the presence of “Multi-

colored Neighborhood” [7] where a rich description of

color content is included. Two kinds of constraints are

exploited to solve the correspondence problem:

(1)Corresponding points on two edge maps should have

similar region signatures.

(2)Pairwise geometric relationship between corre-

sponding points on two edge maps should be preserved

[1]. Different from [1], we refer pairwise geometric

constraints between points as spatial configuration of a

reference point and candidate points on the edge.

The similarity of region signatures and geometric

constraints between points are encoded in a cost func-

tion defined over the space of correspondences under

the integer optimization framework. The cost of assign-

ing qj to pi is defined as:

cost(pi, qj) = ωmCmatch(pi, qj)+ωgCgeometric(pi, qj)
(1)

where ωm and ωg are weights for match quality and ge-

ometric constraints respectively. We use xi,j to repre-

sent an assignment from qj to pi. Then the correspon-

dence problem is formulated as:

x = argmin
x

(
∑

i

cost(pi, qj)) ,subject to : (2)

∑

j

xi,j ≤ 1,
∑

i

xi,j ≤ 1, xi,j ∈ {0, 1}.

∑
j xi,j ≤ 1(

∑
i xi,j ≤ 1) denotes that one point

pi(qj) at the edge map of the model(query) image

may not have its counterpart in the query(model) im-

age. The problem of frame-to-frame matching is for-

mulated as finding corresponding points in two images

as minimization of the cost function defined over the

space of correspondences. We solve the correspon-

dence problem under integer optimization framework

[6]. The match qualityCmatch and geometric constraint

Cgeometric are computed in section 2.1 and 2.2, respec-
tively.

Figure 2. Represent moving objects by re-
gion signatures centered at points on the
edges: (a)original image , (b) result of
Canny edge detection algorithm, (c) re-
gion signatures on the edges.

2.1 Dominant Color Representation and
Matching

As we mentioned above, we represent moving ob-

jects by a set of region signatures centered at points on

the edges in Figure 2. In this section, we mainly ad-

dress two problems. The first one is how to characterize

the appearance of each region. The second problem is

how to calculate the match quality between two regions.

Regions of size w × w are selected around edge pixels

as shown in Figure 2(c). By employing a concept of

color distance [8], we represent each region by its dom-

inant colors and frequencies of occurrence these colors

appearing in the region on the target. The computation

of the dominant color representation is summarized in

Algorithm 1.

In Algorithm 1, colors within a distance threshold

α1 is regarded as a single color. The distance be-

tween two colors C1 and C2 is defined according to

[8]. Similar to [8], colors in each region are then sorted

in descending frequency. Thus, the i-th region cen-

tered at point pi of model image P is represented by

the first k dominant colors along with their frequency:

Ri
p = {(C1, W1), ..., (Ck, Wk)}.
The similarity measure between two regions Ri

p and

Rj
q is defined as:

Sim(Ri
p, Rj

q) = min(P (Ri
p|Rj

q), P (Rj
q|Ri

p)) (3)

where P (Rj
q|Ri

p) is the probability of observing domi-
nant color representation of Rj

q in Ri
p which is defined

as:

P (Rj
q|Ri

p) =

Mi
pP

n=1

min{W i
p,n,

Mj
qP

m=1

δ(Ci
p,n, Cj

q,m)W j
q,m}

|N i
p|

(4)

|N i
p| is the number of pixels in the i-th region of model

image P . M i
p and M j

q are numbers of dominant col-

ors in each region. W i
p,n is the frequency of the n-th



color appearing in the i-th region of model image P.

δ(Ci
p,n, Ci

q,m) equals to 1 if two dominant colors are
close enough. P (Ri

p|Ri
q) can be defined similarly. Fi-

nally, the similarity measure between two regions is

transformed into a cost representation which is the first

term of the right side of Equation 1.

Algorithm 1 Computation of Dominant Color Repre-
sentation
1: M = 0; Initialize the number of dominant colors in

the region. I(x) is the RGB value at pixel x.

2: for Each pixel x in the region do
3: for Each dominant color Ci do
4: if dist(I(x), Ci) ≤ α1 then
5: Ci ← (1 − 1

Wi
)Ci +

1
Wi

I(x) ;update the
dominant color

6: Wi ← Wi + 1 ;update the frequency of this
dominant color

7: else
8: CM ← I(x) ;assign to a new dominant

color

M ← M + 1
9: WM ← 1
10: end if
11: end for
12: end for

2.2 Geometric Constraints

In this section, we refer pairwise geometric con-

straints between points as spatial configuration of a ref-

erence point and candidate points on the edge. We

choose reference point as the top of the head since it

can be easily detected and relatively stable compared

with centroid under the imperfect segmentation. As

shown in Figure 3, the vector from H1 to pi should

be consistent with the vector from H2 to qj if pi and

qj are two corresponding points on two edge maps.

Two measures are proposed between the head point

and candidate point: D(H1, pi) = ‖H1 − pi‖2 and

θ(H1, pi) = tan−1(H1−pi),D(H2, qj) and θ(H2, qj)
can be defined similarly. The distance between the head

point and candidate point is normalized by the height of

the silhouette. The geometric constraint Cgeometric is

defined as:

Cgeometric(pi, qj) = ΔDi,j + Δθi,j , where

ΔDi,j = |D(H1, pi) − D(H2, qj)|
Δθi,j = |θ(H1, pi) − θ(H2, qj)|

(5)

where both ΔDi,j and Δθi,j are transformed into a

common domain so that they can be summed up. The

optimal assignment of Equation 2 can be found effi-

ciently under integer optimization framework [6].
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Figure 3. The vector from H1 to pi should
be consistent with the vector fromH2 to qj

if pi and qj are two corresponding points
on two edge maps under two views.

3 Sequence-to-Sequence Matching

In frame-to-frame matching, for each point in the

model image, we have found the best matching point

in the query image by region signature matching and

geometric constraints. The frame-to-frame similarity

measure between model image P and query image Q
is computed as the mean of these best correspondences:

P (Q|P ) =
1

K

KX

k=1

Sim(Rk
p , Rk

q ) (6)

where K is the number of corresponding points on two

edge maps. Generally, the more points matched, the

more similar the compared images. However, match-

ing the appearance of objects by a single image may

bring uncertainties into the system because of imper-

fect segmentation and pose changes. In this section, we

employ a sequence based matching method to further

improve the performance of frame-to-frame matching.

We match each image in the model sequence to each

image in query sequence. The process is illustrated in

Figure 4. The score of the best matching pair is chosen

as the similarity score between two sequences [4].

Figure 4. A sequence-to-sequence strat-
egy.

4 Experimental Results and Analysis

The experimental setup consists of two outdoor cam-

eras with non-overlapping fields of view. The layout is

shown in Figure 5 (a). Some sample images can be seen

from Figure 6.
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Figure 5. Experimental setup: (a) The lay-
out of the camera system, (b) Views from
two widely separated cameras.

We evaluate the effectiveness of the proposed

method on a dataset of 42 people. In computing the

dominant color representation of each region, the color

distance parameter α1 is set to 0.01 in Algorithm 1. Re-
gions of size 5 × 5 are selected around edge points.

There are mainly 2-3 dominant colors in each region.

In Equation 1, weights for match quality and geometric
constraints are set to 0.4 and 0.6 respectively. Figure
7 shows the rank matching performance of frame-to-

frame matching, sequence-to-sequence matching and a

bounding box method [2]. Rank i (i = 1...10) perfor-
mance is the rate that the correct person is in the top

i of the retrieved list. Frames are selected randomly

from the sequence in frame-to-frame matching. Bound-

ing box method refers to computing a single signature

using the foreground pixels in the bounding box of each

moving object. Bounding box method serves as a base-

line algorithm for comparison in [2]. Different people

with similar appearances bring uncertainty into the sys-

tem which can explain the rank one accuracy of 65% in

frame-to-frame matching. Figure 8 shows correspond-

ing points found on two images of the same person un-

der disjoint cameras. Corresponding points are marked

with the same color in image pairs in Figure 8(a-b) and

(c-d).

Figure 6. Each column contains the same
person under two disjoint views.
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Figure 7. Rank matching performance
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Figure 8. Corresponding points are
marked with the same color in image
pairs (a-b) and (c-d).

5 Conclusions

In this paper, we have proposed a solution to the

problem of appearance matching across multiple

non-overlapping cameras by establishing the corre-

spondence of points sampled from edges. Experimental

results demonstrate the effectiveness of the proposed

method. Future work will focus on evaluation of the

proposed method on larger datasets.
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