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Abstract 

We present an approach for persistent tracking of mov-
ing objects observed by non-overlapping and moving 
cameras. Our approach robustly recovers the geometry of 
non-overlapping views using a moving camera that pans 
across the scene. We address the tracking problem by 
modeling the appearance and motion of the moving re-
gions. The appearance of the detected blobs is described 
by multiple spatial distributions models of blobs’ colors 
and edges. This representation is invariant to 2D rigid and 
scale transformation. It provides a rich description of the 
detected regions, and produces an efficient blob similarity 
measure for tracking. The motion model is obtained using 
a Kalman Filter (KF) process, which predicts the position 
of the moving objects while taking into account the cam-
era motion. Tracking is performed by the maximization of 
a joint probability model combining objects’ appearance 
and motion. The novelty of our approach consists in defin-
ing a spatio-temporal Joint Probability Data Association 
Filter (JPDAF) for integrating multiple cues. The pro-
posed method tracks a large number of moving people 
with partial and total occlusions and provides automatic 
handoff of tracked objects. We demonstrate the perform-
ance of the system on several real video surveillance se-
quences. 

1. Introduction 
Video surveillance systems rely on an increasing num-

ber of cameras distributed over large areas. Understanding 
human activity in such scenes requires the integration of 
video cues acquired by a set of cameras as the activity 
usually unfolds across multiple cameras. Multiple station-
ary cameras are commonly used for monitoring large re-
gions of interest. However these cameras do not necessar-
ily overlap, and the integration of the information gathered 
by the large number of sensor is not straightforward. In 
this paper, we consider the scenario where a scene is 
monitored by set of stationary cameras with no spatial 
overlap, and a pan tilt zoom (PTZ) camera used by an 
operator to monitor a scene or track suspicious behaviour. 
The problems addressed in this paper are: the inference of 

the relative geometry of the stationary cameras using the 
PTZ camera and the persistent tracking of moving objects 
across these cameras. 

The crucial element for tracking across multiple cam-
eras is the registration of views and trajectories. The regis-
tration step is a challenging task, as it requires space and 
time registration of the trajectories recovered from each 
camera [7]. The registration of non-overlapping views is 
an even more challenging task as we are not able to di-
rectly extract the geometric constraint since there are no 
overlapping regions. 

In the following sections, we review related work and 
present an overview of the proposed approach. In Section 
2, we introduce the stochastic models used for tracking 
moving objects. Section 3 presents the registration of non 
overlapping cameras and the tracking of moving objects 
across this network of cameras. Obtained results are pre-
sented and discussed in Section 4. Finally, Section 5 con-
cludes our paper with a discussion on future work.  

1.1. Previous Work 
Tracking moving objects from multiple cameras is usu-

ally based on a prior registration of the cameras using 
common scene features or tracked moving objects. Image 
or video registrations have been extensively studied and 
one can find a summary in [10] and [12] respectively. The 
major limitation consists in identifying a common part of 
the scene for registering these multiple cameras. More 
recently, authors in [4], [7] and [13] have proposed a spa-
tio-temporal registration method based on temporal coher-
ences across cameras. Registration of the detected trajecto-
ries permits to infer the relative locations of the cameras. 
While an automatic detection of the common regions of 
the scene is achievable, it still requires a fair amount of 
overlap between the views to derive an accurate registra-
tion of the cameras. If the cameras’ relative position and 
orientation is known, the problem is naturally simplified. 
In [14], the authors proposed a homography-based ap-
proach for registering non-overlapping views obtained 
from a calibrated rig. Similarly, in [9], by integrating de-
tection of moving objects across views the relative posi-
tions of the cameras are approximated. These methods are 
effective, but restricted to a network of cameras of a fixed 
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configuration. 3D trajectories of moving objects have been 
also proposed for registering multiple cameras. In [2], the 
authors propose to use 3D trajectories, derived using the 
epipolar geometry estimation, for establishing temporal 
correspondences between two video streams. The pro-
posed method assumes a single moving region across 
cameras and ignores the complexity of data association. 
The performance of the proposed approach is very sensi-
tive to the quality of the recovered 3D trajectories. When 
multiple moving objects are present, the proposed geomet-
ric registration relies only on the temporal coherences 
between trajectories and the inferred 3D trajectories may 
be corrupted leading to wrong cameras registration. Simi-
lar trajectories-based approaches are described in [11] and 
[3]. In [11], authors propose to use trajectories of pedestri-
ans across multiple cameras for learning a dominant tra-
jectories’ spatio-temporal transition probability by match-
ing target features. The dominant trajectories are manually 
selected, and only a small number of trajectories are used 
for obtaining the spatiotemporal transition probability 
across cameras. In [3], an unsupervised learning method is 
proposed for calculating the spatio-temporal transition 
probability across cameras. Simple entering and exiting 
activity in pre-specified regions is detected and used for 
inferring the topology of the cameras. To ensure statistical 
stability, the method requires a large amount of data (i.e. 
24 hours of video data), and a dominant peak (a dominant 
spatio-temporal transition probability) between each link. 
These proposed methods are limited to stationary cameras 
and are sensitive to the quality of tracking results.  

1.2. Overview of the Proposed Approach 
In this paper, we propose a novel approach for tracking 

moving objects based on a spatio temporal Joint Probabil-
ity Data Association Filter (JPDAF). Persistent object 
tracking across multiple cameras is formulated as a joint 
probability model encoding objects’ appearance and mo-
tion. The spatio temporal JPDAF allows to extract optimal 
trajectories by collecting discriminating evidences in a 
given buffer while a classical JPDAF only considers a pair 
of frames. 

The appearance of detected moving blobs from station-
ary or moving cameras [8] is encoded using a radial distri-
bution invariant to 2D rigid transformation and to scale 
changes. This distribution encodes color and edge proper-
ties of the blob. An appearance probability model is de-
fined based on a similarity function measuring the likeli-
hood between two distributions.  

The motion probability model is inferred from a Kal-
man Filter (KF). This model is calculated by a Gaussian 
distribution between the predicted bounding box position 
and the bounding box position of the observed blobs. 

A spatio-temporal joint probability model combining 
the appearance and motion model of moving objects is 
proposed. It permits tracking moving objects efficiently by 

taking advantage of the relative position and orientation of 
the cameras. The proposed model is used for tracking 
persistently moving objects across non-overlapping cam-
eras.  

2. Tracking using a Joint Probability Model 
Tracking is expressed as the maximization of a joint 

probability model. Two probabilistic models are defined 
and represent objects’ appearance and velocity. The ap-
pearance model encodes both color and edge information, 
and measures the similarity of blobs accurately. The mo-
tion model is derived from a first order KF modeling the 
kinematics of the moving objects. The main contribution 
of this paper, beside the appearance model, is the use of a 
sliding buffer in which the optimal tracking decision is 
made by the JPDAF. The use of this spatio-temporal 
JPDAF allows tracking moving objects in cases where the 
tracking decision provided by classical JPDAF may not be 
optimal due to the lack of observations (i.e. occlusions) or 
incomplete measurements (partial detections). The newly 
defined JPDAF provides a better tracking by combining 
evidence collected in all the frames within a specific 
buffer. Also, the reacquisition of the optimal path provides 
smoother paths, compared to traditional JPDAF. 

2.1. Appearance Model 
Various color-based methods have been proposed in the 

literature to solve the tracking problem. Many of them use 
only one color histogram model per object. Multiple color 
models and their relative localization were also considered 
for object tracking. In [1], a multiple color model is pro-
posed for human appearance’s description, but requires a 
segmentation of the detected blob into the head, torso, and 
legs regions. 

Appearance changes are expected while tracking mov-
ing people in the scene. Indeed, limbs motion will creates 
shape variations and self-occlusions. Therefore, object 
appearance models have to be continuous in the sense that 
a small localized change of the object color and shape 
should create a small localized variation in its signature. 
The object description should also be invariant to 2D rigid 
transformation and scale change in order to accommodate 
for change of perspective.  

We propose in this paper an appearance model that is 
invariant to 2D rigid transformation and scale change. This 
model, defined by a polar distribution, provides a descrip-
tion of object’s colors and shape properties. This 2D dis-
tribution model is used for measuring the similarity of 
tracked objects and for reacquiring objects after occlusions 
of short and long durations. 

The color distribution model is obtained by mapping 
the blob into a polar representation. Several shape or color 
distribution models using a polar representation have been 
proposed [5][6][8]. In [5], the proposed approach is fo-
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cused on the object’s shape description (edge) instead of 
their appearance (color), and it is only limited to represent-
ing local shape properties. In [8], the proposed model 
measures color distribution using a similar polar represen-
tation, but focuses on characterizing a global appearance 
signature of the object. The model is not 2D rotation-
invariant and we propose here to use the shape description 
model proposed in [6] for guaranteeing invariance to 2D 
rigid transformation and scale change (see Figure 1).  

Figure 1. Mapping of the proposed 2D rigid motion invariant 
polar representation 

Given a detected moving blob, we define a reference 
circle RC  defined by the smallest circle containing the 
blob. This circle is uniformly sampled into a set of control 
points iP . For each control point iP  a set of concentric 
circles of various radii are used for defining the bins of the 
appearance model. Inside each bin, a Gaussian color 
model is computed for modeling the color properties of 
the overlapping pixels of the detected blob. Therefore, for 
a given control point iP  we have a one-dimensional 
distribution )( ii Pγ . The normalized combination of the 
distributions obtained from each control point iP  defines 
the appearance model of the detected blob: ∑=Λ )( ii Pγ .  

Figure 2. Computation of the color and shape based appear-
ance model of detected moving blobs 
We illustrate this process in Figure 2 where we sampled 
the reference circle with 8 control points. The defined 

model is translation invariant. Rotation invariance is ob-
tained by taking a larger number of control points along 
the reference circle. Finally, normalizing the reference 
circle to unit circle guarantees scale invariance. 

We derive two types of appearance descriptors using 
this radial tessellation of the detected blob: A color and 
edge descriptor. The color descriptor is modeled by a 
Gaussian in each bin and each channel. The shape-based 
description of the blob is modeled by counting in each bin 
the number of edge pixels belonging to the moving blob. 
The 2D shape description is obtained by collecting and 
normalizing corresponding edge points for each bin as 
follows. 
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where, )(rE  is edge distribution for each radial bin. 
The appearance probability model is defined as a simi-

larity measure among detected blobs in successive frames. 
The appearance model describes blobs thru a distribution 
function. We use the Kullback-Leibler distance for meas-
uring the similarity of the computed appearance models. 
Due to the different distribution models considered, Gaus-
sian distribution for the color model and uniform distribu-
tion for the shape model, the similarity measures are com-
puted separately. 

The similarity function of the color model can be ex-
pressed in terms of the mean and variance of the Gaussian 
model in each bin. Given the appearance descriptors of 
each blob, we define the following likelihood ratio: 
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where, 
ti ,µ  and 

ti ,σ  are respectively the mean and 
the variance of the color component in the ith bin at time t, 
and 

rgbN is total number of bins of the color component. 
We have ∞≤Γ≤ color1 . The shape’s similarity of detected 
blobs is measured by the KL distance:  
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The color likelihood ratio and shape similarity are 
combined for defining the appearance probability model of 
detected regions. This probability is defined by: 
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where a normalization factor is added after collecting the 
observations within the sliding buffer. In the following we 
illustrate the contribution of color and edge information 
for defining a good similarity measure. Figure 3 shows the 
two frames considered for this experiment. In the follow-
ing we will focus only on the moving object outlined by 
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the red ellipse in Figure 3.a. We also present the edge of 
the moving object by yellow color. The proposed similar-
ity measures are compared and evaluated using the target 
frame presented in Figure 3.b by searching for the optimal 
location in the image maximizing the two similarity meas-
ures. Figure 3.c and d present edge map and the masked 
target frame focusing on moving blob. The target frame 
considered contains all detected moving blobs. Note that 
the detected moving regions in the target frame contain 
multiple persons merged into a single blob. 

  
(a) Reference frame (b) Target frame 

  
(c) Edge of target frame (d) Mask of target frame 

Figure 3. Frames use for the experiment (red ellipse: target object)

In Figure 4, we illustrate the contribution of the edge 
information to the appearance model. The proposed likeli-
hood ratio and similarity measure locate the reference 
moving object amongst the detected moving blobs as illus-
trated by Figure 4.a and b. One can observe a bias in the 
localization of the target object when only color informa-
tion is used, due to a dynamic occlusion. 

 
(a) No edge (b) With edge 

Figure 4. The contribution of edge information 

2.2. Motion Model 
The motion model of the moving object is obtained by 

the KF framework proposed in [8]. The proposed motion 
model simultaneously handles stationary and moving 
cameras by compensating for the camera motion using the 
estimated affine transformation. Moreover, a single KF 

model is used for tracking objects across multiple cameras. 
It permits automatic cameras hand-off and tracking of 
objects occluded for short periods of time. The detailed 
description of the proposed motion model is addressed in 
[8]. 

The KF framework is used for defining the motion 
probability model of detected moving objects. The state 
vector considered in this paper is defined by:  
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The motion probability model motionP  is derived from 

the KF estimates. A Gaussian (normal) model is used and 
is defined by: 
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where, sN  is the number of variables in the object’s state 
vector, tx)  is the mean obtained from KF, tx  is the ob-
served position, and tP  is the covariance matrix obtained 
from the KF.  

In Figure 5, the predicted position of the detected 
bounding box of a moving object is shown. As one can see 
in Figure 5.a, when the object is occluded by the pole 
(circled in red in the figure), the bounding box is correctly 
estimated and no delay or oscillations are noticed when the 
object reappears. In Figure 5.b we show an example with a 
moving camera, where two moving objects in the scene 
are occluding each other. The proposed model resolves the 
occlusions by efficiently predicting the position and 
bounding box of the moving objects.  

 
(a) Example of a stationary occlusion 

 
(b) Example of a dynamic occlusion 

Figure 5. Predicting the position of moving objects in a non 
stationary camera using the proposed Kalman Filter (red circle: 
occlusion) 
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2.3. Spatio-temporal Joint Probability Model 
In [8], JPDAF-based tracking approach was proposed; 

it formulated the tracking problem as characterizing the 
position ( *X ) of the moving object that maximizes ap-
pearance and motion models. The optimal position at each 
time step depends on the current observations, as well as 
the motion estimation obtained at the previous optimal 
positions. A joint probability of the state vector at time t is 
given by the equation: 
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where, tX  and tA  denotes respectively the position and 
appearance at time t.  

The proposed appearance model encodes both color 
and edge information, and therefore 

)|()( tttappearance XAPXP = can be rewritten as: 

)|,()|( ttttt XECPXAP = where tC denotes color observa-
tion, and tE denotes edge observation at time t. 

In order to avoid the accumulation of products of prob-
ability, we consider the log of the probabilities as the joint 
probability. Furthermore, for ensuring a stable calculation, 
we discard old measurements from the estimation process. 
This shortens the memory of the KF and allows variations 
in speed and color similarities. 

The classical JPDAF-based tracking approach produces 
local optimal solution since the decision made at time t is 
based only on current measurement and previous solution 
at time t-1. If a wrong estimation of the position is selected 
at time t, due to occlusions or to a bad detection, the track-
ing will not be able to recover the right solution later on. 

In this section we propose to extend the dependency of 
the current classical JPDAF based solution to a set of past 
observations and consider these observations for choosing 
the optimal solution at time t. Our method propagates a set 
of possible solutions within a temporal sliding window, 
and characterizes the optimal solution by extracting the 
optimal path among these past observations. This uses a 
set of previous solutions for characterizing the optimal 
solution rather than relying solely on the previous estima-
tion. In Figure 6, we illustrate this process. For each mov-
ing object at time t, all possible solutions (depicted by the 
ellipses) within the sliding buffer are considered. At a 
given time T, we collect discriminating evidences from the 
set of solutions stored in the buffer by calculating the joint 
probability from time T to T-W as illustrated in Figure 6 
(depicted in red arrow). The motion and appearance prob-
ability models are directly computed from the stored solu-
tions. The refined path is compared with the initial path, 
and the path which has the best score (i.e. joint probability 
defined by Eq.(7)) is selected. 

 
Figure 6. Illustration of optimal path refining process 
The proposed approach is based on the following ob-

servation: if the initial path obtained from the classical 
JPDAF based approach (depicted by the blue arrow in 
Figure 6) contains non optimal nodes (depicted by grey 
box), the joint probability )( ttotal XP  will not be optimal. 
This may occur when motion and/or appearance model 
probabilities at time t-1 are incorrectly estimated due to 
occlusions or wrong detections. In the proposed JPDAF 
method, the optimal solution corresponds to the path 
which has the best score within the selected buffer. The 
optimal path is computed using an exhaustive search of all 
possible paths within the buffer. This process guarantees 
the selection of a path with a higher joint probabil-
ity )( ttotal XP  than the one provided by the classical 
JPDAF. We currently use a brute force search for selecting 
the optimal path, and the complexity of the method is 
exponential. To reduce the algorithmic complexity of the 
search of the optimal path, we only consider nodes for 
which the bounding box overlaps with the initial path. The 
number of possible candidates is bounded by (2 * the size 
of the chosen buffer). 

The selection of an optimal path is guided by the fol-
lowing equation: 
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where, 10 << α  is a weight factor used for increasing 
the confidence level of the refined path, *ξ  is the refined 
optimal path, ξ is the selected possible sub-optimal path, 

)(~ ξappearanceP  and )(~ ξmotionP  correspond respectively to the 
appearance and motion probability along the path ξ . The 
value of α is manually selected based on the complexity 
of the dynamics of moving objects in the scene. The typi-
cal range of values considered forα  is 75.045.0 <<α .  

If the initial path provided by the classical JPDAF con-
tains only optimal nodes, the confidence level of the initial 
path should be distinctively higher than other possible 
solutions regardless of the weightα . Otherwise, the domi-
nant sub-optimal path is considered and the optimal solu-
tion is updated. The use of proposed formalism corrects 
wrong decisions made by the classical JPDAF, and it per-
mits to infer spatio-temporally smooth path. Figure 7 illus-

IEEE Workshop on Motion and Video Computing (WACV/MOTION'05)-Volume 2
January 05-07, 2005



trates the proposed approach by showing an example 
where a more accurate tracking was achieved. In Figure 
7.a, a classical JPDAF was used: the moving blob depicted 
by the blue bounding box cannot be tracked correctly after 
the object was occluded by the moving bike. Figure 7.b 
shows the obtained tracking using the proposed spatio-
temporal JPDAF. Moving objects are persistently tracked 
across cameras even in cases of occlusions by other mov-
ing objects. 

(a) Tracking result using classical JPDAF 

(b) Tracking result using the proposed JPDAF method 
Figure 7. Tracking improvement using the proposed approach 

3. Registration of Non-Overlapping Views 
In deployed video surveillance systems the location of 

the cameras are chosen according to areas of interests 
while trying to maximize the coverage of the scene with 
the minimal number of cameras. Overlapping parts of the 
scene across cameras are very infrequent. In this paper we 
consider two stationary cameras with no overlap and a 
panning camera used by the operator for monitoring the 
scene or tracking suspicious behaviour. The problems 
addressed here are the inference of the topology of the 
stationary cameras using the PTZ camera and the persis-
tent tracking of moving objects across these views. 

In Figure 8.a and b, we show the two non overlapping 
stationary views. These cameras are looking in opposite 
directions. As we can observe in Figure 8.c, the mosaic 
computed from the moving camera spans across the two 
stationary cameras. We can therefore register the two non-
overlapping cameras using a homography by registering 
each stationary camera to the computed mosaic. The rela-
tive position and orientation of the two cameras is inferred 
by combining the estimated affine motion to the estimated 
homographies.  

The combination of the affine transform and the per-
spective transform registers the moving and stationary 
cameras by a series of concatenated homographies [8]. 
Figure 8.e presents an example of registering the non-
overlapping views by incorporating the moving camera 
motion. Although the proposed method allows registering 
non-overlapping views, accumulated registration errors are 
common and the topology of the cameras may be incor-

rect. The registration errors can be reduced either by in-
corporating other moving cameras, which move between 
the non-overlapping views, or by refining the topology of 
the cameras using multiple passes between the non-
overlapping views as the operator is scanning the scene. 

 
(a) Stationary View 1 (b) Stationary View 2 

(c) Mosaic of the moving camera that we use for registration 

 
(d) Synthetic top-down view depicting the relative position of the 
camera 

(e) Registration of three views viewing from moving camera view 
point. FOV of other cameras are overlapped with different colors 
on top of the reference moving frame 

Figure 8. Example of non-overlapping views registered 
using a moving camera 

The knowledge of the relative location and orientation 
of the cameras guides the data association in the JPDAF 
tracking. Using the relative positions of the cameras, we 
can characterize the FOV of other cameras for at each time 
t and identify overlapping regions in the scene. In these 
regions we register the foot positions (or lower part of the 
detected bounding box) of detected moving blobs across 
all overlapping views. When a correct matching of these 
positions is obtained the JPDAF appearance model is 
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refined using information provided from overlapping cam-
eras. Moreover, the registration of multiple views guides 
the search during the data association and reduces the 
tracking ambiguities. Similarly, estimated blob’s motion is 
refined from overlapping views and provides a more ro-
bust data association mechanism in the JPDAF frame-
work. Finally, the dynamic registration of multiple views 
provides an efficient cameras hand-off mechanism.  

4. Experimental results 
We present in this section some results obtained on real 

sequences for illustrating the registration of multiple non-
overlapping views, and object tracking across these cam-
eras. In Figure 9.a and b, the field of view of each camera 
is overlaid on top of the other views using cameras’ regis-
tration. The homography transformation is obtained from a 
set of corresponding ground plane points, and the affine 
transformation stabilizing the moving camera panning 
between the non-overlapping views. The accuracy of the 
registration process can be observed from the boundary of 
each FOV. Figure 9.c presents an example of simultaneous 
tracking of an object across multiple views. Color tagging 
is used in these experiments for characterizing the same 
moving objects across cameras. The continuous tracking 
of multiple objects across non-overlapping views is illus-
trated in Figure 9.d. We have used a color coding scheme 
for displaying the FOV of the cameras. The FOV of the 
stationary cameras 1 and 2 is red, and blue respectively. 
The FOV of the moving camera is shown in green. At 
each frame we re-project these FOV onto the other cam-
eras to illustrate the overlapping areas in the scene, as well 
as the cameras hand-off process. In Figure 9.e, we show an 
example of continuous tracking of moving objects across 
views using the motion estimation and the relative posi-
tions of the cameras. As one can observe from these fig-
ures, the moving object (depicted by the green box) is only 
visible from one or two views at each time instance, and 
disappear as it moves outside the FOV of the moving 
camera. The motion estimation obtained from KF and the 
recovered camera configuration resolves such ambiguities 
and provides a persistent tracking of moving objects in the 
scene.  
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5. Conclusion 
We have presented a novel approach for persistent 

tracking of moving objects across non-overlapping views. 
The relative locations of non-overlapping stationary cam-
eras are recovered by the dynamic registration of the mov-
ing and stationary cameras.  In each view, the combina-

tion of the appearance model and the motion model, ob-
tained by the stochastic approach presented in Section 2, 
allows us to track the moving objects efficiently. The 
appearance model encodes both color and edge informa-
tion of the detected blob. It is used to measure accurately 
the similarity of objects appearance. The use of a spatio-
temporal JPDAF allowed tracking moving objects in cases 
where the tracking provided by classical JPDAF was not 
optimal due to the lack of discriminating evidences. The 
newly defined JPDAF provides an optimal tracking by 
combining evidences collected in the frames within a 
chosen buffer.  

The proposed approach does not make use of 3D in-
formation (e.g. 3D ground plane or 3D trajectory) and we 
believe that integrating this 3D information will improve 
tracking performances. The computational complexity of 
the spatio-temporal JPDAF depends on the number of 
tracked moving objects. Reducing the computational com-
plexity for real-time performances will be the focus of our 
future work.  
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Stationary view 1    Moving view   Stationary view 2 

(a) Overlapping FOV across the stationary camera 1 and the mov-
ing camera 

(b) Overlapping FOV across the stationary camera 2 and the mov-
ing camera 

(c) Simultaneous tracking of object 2 (red box) from both station-
ary view 1 and moving camera (blue box : object 1) 

 Stationary view 1    Moving view   Stationary view 2

(d) Simultaneous tracking of different objects across different views (e) Continuous tracking of object 3 (green box) across cameras 

Figure 9. Tracking of moving objects across multiple non-overlapping stationary and moving cameras. 
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