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Abstract This paper presents the multi-camera tracking
component of a complete surveillance system that was de-
veloped as part of the AVITRACK project, involving 10 aca-
demic and industrial partners. The aim of the project is to
automatically recognise activities around a parked aircraft
in an airport apron area to improve the efficiency, safety and
security of the servicing operation. The multi-camera track-
ing module takes as input per-camera tracking and recog-
nition results and fuses these into object estimates using
a common spatio-temporal co-ordinate frame. The multi-
camera localisation and tracking of objects is evaluated for
a range of test data.

1 Introduction

This paper details tracking work undertaken on the EU
project AVITRACK. The aim of the AVITRACK project is
to automatically recognise activities around a parked aircraft
in an airport apron area to improve the efficiency, safety and
security of the operation. A combination of visual surveil-
lance and event recognition algorithms are applied in a de-
centralised multi-camera end-to-end system providing real-
time recognition of the activities and interactions of numer-
ous vehicles and personnel in a dynamic environment. A
main requirement behind the adopted architecture is that
the implemented system must be capable of monitoring and
recognising the apron activities over extended periods of
time, operating in real-time (12.5 FPS, colour, PAL reso-
lution). In this paper we discuss the multiple-camera object
tracking system, the output of this system is a set of esti-
mated objects on the airport apron.

The tracking system discussed in this paper comprises
per-camera (2D) video frame tracking and multi-camera
(3D) fused object tracking. Video frame tracking methods
generally require methods to detect and track the objects of
interest. Motion detection methods attempt to locate con-
nected regions of pixels that represent the moving objects
within the scene; there are many ways to achieve this in-
cluding frame to frame differencing, background subtrac-
tion and motion analysis (e.g. optical flow) techniques. Im-
age plane based object tracking methods take as input the
result from the motion detection stage and commonly ap-

ply trajectory or appearance analysis to predict, associate
and update previously observed objects in the current time
step. The tracking algorithms have to deal with motion de-
tection errors and complex object interactions in the con-
gested apron area e.g. merging, occlusion, fragmentation,
non-rigid motion, etc. Apron analysis presents further chal-
lenges due to the size of the tracked objects with prolonged
occlusions occuring frequently throughout apron operations.
To recognise the tracked objects in the observed scene both
top-down(e.g. [8]) and bottom-up methods(e.g. [6]) can be
applied. The challenges faced in apron monitoring are the
quantity (28 categories) and similarity of objects to be clas-
sified e.g. many vehicles have similar appearance and size.

Multi-camera tracking combines the data measured by
the individual cameras to maximise the useful information
content of the observed apron. The main challenge for apron
monitoring is the tracking of large objects with significant
size, existing methods generally assume point sources [3]
and therefore extra descriptors are required to improve the
association. People entering and exiting vehicles also pose
a problem in that the objects are only partially visible there-
fore they cannot be localised using the ground plane.

The paper is organised as follows: Section 2 gives an
overview of the Scene Tracking module, Section 3 gives an
overview of the per-camera tracking, Section 4 describes the
multi-camera tracking and Section 5 gives experimental re-
sults showing the performance of the localisation and track-
ing performance.

2 Scene Tracking

The AVITRACK Scene Tracking module is responsible for
the estimation of objects on the airport apron in two distinct
stages — per camera (2D) object tracking and centralised
world (3D) object tracking. The per camera object tracking
(Section 3) consists of motion detection to find the moving
objects in the observed scene, followed by tracking in the
image plane of the camera. The tracked objects are sub-
sequently classified using a hierarchical object recognition
scheme. The tracking results from the eight cameras are
then sent to a central server where the multiple observations
are fused into single estimates (Section 4).
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3 Per-Camera Tracking

The per-camera tracking sub-module is used to extract the
moving objects of interest using spatio-temporal video pro-
cessing. The first task of the per-camera tracking sub-
module is to perform motion detection to segment a video
image into connected regions of foreground pixels that rep-
resent moving objects. These results are then used to track
objects of interest across multiple frames. For AVITRACK,
a total of 16 motion detection algorithms were implemented
and quantitatively evaluated on various apron sequences un-
der different environmental conditions. After taking into ac-
count the evaluation results [2], the colour mean and vari-
ance method [9] was used for AVITRACK.

Real-time object tracking can be described as a corre-
spondence problem, and involves finding which object in a
video frame relates to which object in the next frame. Nor-
mally, the time interval between two successive frames is
small, therefore inter-frame changes are limited, thus allow-
ing the use of temporal constraints and object features to
simplify the correspondence problem. The Kanade-Lucas-
Tomasi (KLT) feature tracking algorithm [7] is used for
tracking objects – this combines a local feature selection
criterion with feature-based matching in adjacent frames.
As the KLT algorithm considers features to be independent
entities and tracks each of them individually, to be able to
move from the feature-tracking level to the object-tracking
level, the KLT algorithm is incorporated into a higher-level
tracking process that groups features into objects, maintain
associations between them, and uses the individual feature-
tracking results to track objects through complex object in-
teractions. Object interaction during this matching process
is particularly challenging for the apron environment be-
cause of the diversity in object sizes and because most of
the activity occurs near the aircraft with extended periods of
merging and occlusion.

To improve reasoning in the multi-camera tracking mod-
ule, we introduce a confidence measure that the 2-D mea-
surement represents the whole object. Localisation is gen-
erally inaccurate when clipping occurs at the left, bottom or
right-hand image borders when objects enter/exit the scene.
The confidence measure ψ ∈ [0, 1] is estimated using a lin-
ear ramp function at the image borders (with ψ = 1 repre-
senting ‘confident’ i.e. the object is unlikely to be clipped).
A single confidence estimate ψOi

for an object Oi is com-
puted as a product over the processed bounding box edges
for each object.

To efficiently recognise the people and vehicles on the
apron, a hierarchical approach is applied that comprises both
bottom-up and top-down classification. The first stage cat-
egorises the top-level types of object that are expected to
be found on the apron (people, ground vehicle, aircraft or
equipment); this is achieved using a bottom-up Gaussian
mixture model classifier trained on efficient descriptors such
as 3D width, 3D height, dispersedness and aspect ratio. This
was inspired by the work of Collins et al [6] where it was
shown to work well for distinct object classes. After the first
coarse classification, the second stage of the classification
is applied to the vehicle category to recognise the individ-

ual sub-types of vehicle. Such sub-types cannot be deter-
mined from simple descriptors and hence a proven method
is used [8] to fit textured 3D models to the detected ob-
jects in the scene. Because model-based classification is
computationally intensive, the algorithm runs on a back-
ground thread and is synchronised with the bottom-up clas-
sifier through a processing queue. Some latency occurs in
object localisation, but this is corrected later on in the multi-
camera tracking module.

4 Multi-Camera Tracking

The multi-camera object tracking component of the over-
all tracking system takes as input the tracked objects from
each of the eight cameras and outputs estimates of the object
location, velocity, orientation and size in the 3D world co-
ordinate system. Spatial registration of the cameras is per-
formed using per camera coplanar calibration and the cam-
era streams are synchronised temporally across the network
by a central video server.

4.1 Object Localisation

The localisation of an object in the context of visual surveil-
lance generally relates to finding a location in the world co-
ordinates that is most representative of that object. This is
commonly taken to be the centre of gravity of the object on
the ground plane and it is this definition that we adopt here.
With accurate classification and detection, the localisation
of vehicles in the 3D world can be reduced to a 2D geomet-
rical problem. For state of the art algorithms accurate clas-
sification and detection is not reliable enough to apply such
principled methods with confidence. For the AVITRACK
project we therefore devised a simple, but effective, vehi-
cle localisation strategy that gives good performance over a
wide range of conditions.

The first step of the strategy is to categorise the detected
objects as person or non-person using a supervised Gaus-
sian mixture model of the estimated object width and height
in world co-ordinates. The motivation behind this is that
people generally have negligible depth compared to vehi-
cles and hence a different strategy is required to locate each
type. For the person class of objects the location is taken
to be the bottom-centre of the bounding box of the detected
object, this location estimate for people is commonplace in
visual surveillance systems.

For vehicles many researchers arbitrarily choose the cen-
troid of the bounding box / detected pixels to locate the ob-
ject in the world. This method has the drawback that for ob-
jects further away from the camera the bottom of the bound-
ing box is a better approximation of the object location than
the centroid. To alleviate this problem we compute the an-
gle made between the camera and the object to estimate an
improved location. For a camera lying on the ground plane
the location of the object will be reasonably proximal to the
bottom centre of the bounding box, whereas for an object
viewed directly overhead the location of the object will be
closer to the measured centre of the bounding box.

Using this observation we formulated a smooth func-
tion to estimate the position of the centroid using the (2-
D) angle to the object. Taking α to be the angle mea-
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sured between the camera and the object, the proportion p
of the vertical bounding box height (where 0 ≤ p ≤ 1/2)
was estimated as p = 1/2(1 − exp(−λa)); the parameter
λ ≡ ln(2)/(0.15 × 1/2π) was determined experimentally
to provide good performance over a range of test data. The
vertical estimate of the object location was therfore taken to
be ylo+ p ∗ h where ylo is the bottom edge of the bounding
box and h is the height of the bounding box. The horizontal
estimate of the object location was measured as the horizon-
tal centre-line of the bounding box, since this is generally a
reasonable estimate.

4.2 Data Association Filter

Three distinct methods have been evaluated to perform data
association between existing tracks and observations. Two
of these are ground-plane based i.e. they constrain all ob-
jects to be located on the ground-plane. The association
methods used in conjunction with the ground-plane con-
straint are the nearest neighbour and joint probabilistic as-
sociation filters [3], both these are implemented to use a
Kalman filter to estimate the state of the observed objects.
The third association method uses the epipolar constraint to
detect objects that are off the ground plane (or partially vis-
ible). To improve the data association in congested apron
regions the validation mechanism has been extended to in-
corporate information about the object trajectory and cate-
gorisation information. Finally, the associated data is either
fused into a single estimated observation or used to update
the Kalman filter in a sequential manner.

Nearest Neighbour Data Association (NNDA) Filter
The data association step associates existing track predic-
tions with the per camera measurements. In the nearest
neighbour filter the nearest match within a validation gate
is determined to be the sole observation for a given camera.
For multiple tracks viewed from multiple sensors the
nearest neighbour filter is:

1. Obtain the validated set of measurements for each track.

2. Associate the nearest measurement with each track, re-
peated for all cameras.

3. Fuse associated measurements over all cameras into a
single measurement.

4. Kalman filter update of each track state with the fused
measurement.

Joint Probabilistic Data Association (JPDA) Filter The
discrete nature of the NNDA filter leads to a degradation of
performance in the prescence of noise, where the chance of
mis-association is increased. To improve the robustness in
the presence of noise the JPDA filter analyses the neighbour-
hood of the track estimate to compute the joint probability of
association between each measurement and track combina-
tion. Briefly, the JPDA filter is performed as follows (see [3]
for further details):

1. Cluster tracks into extended validation regions using the
intersection of validation gates.

2. For each extended validation region, generate all feasible
hypotheses of track to measurement associations. The
feasibility constraint requires that each track generates at
most one measurement and that each measurement cor-
responds to only one track.

3. Compute the probabilities of the feasible hypotheses

4. Find the association probability between a track and a
measurement by summating the hypothesis probabilities
for all hypotheses in which the measurement occurs.

5. Compute the combined innovation for use in the sequen-
tial Kalman filter update using the standard PDA filter
expressions.

Epipolar Data Association (EDA) Filter To track objects
that cannot be located on the ground plane we have extended
the tracker to perform epipolar data association (based on
the method presented in [4]), this can either be run in stan-
dalone mode or as an extension to the ground-plane tracking
system. The epipolar data association method is a technique
for associating per-camera observations independent of the
existing objects. This method is performed as follows:

1. Associate per-camera observations using the epipolar
plane constraint.

2. The associated measurements are formed into fused ob-
servations using a method based on the covariance inter-
section approach, the estimated intersection point of the
epipolar lines is used to locate the fused observation.

3. Associate the fused observations with the existing tracks
(since this relationship is not known), this is achieved us-
ing a variant of the NNDA filter.

Validation of Measurements The validated set of mea-
surements are extracted using a validation gate [3], this is ap-
plied to limit the potential matches between existing tracks
and observations. In previous tracking work the gate gen-
erally represents the uncertainty in the spatial location of
the object; in apron analysis this strategy often fails when
large and small objects are interacting in close proximity
on the congested apron, the uncertainty of the measurement
is greater for larger objects hence using spatial proximity
alone larger objects can often be mis-associated with the
small tracks. To circumvent this problem we have extended
the validation gate to incorporate velocity and category in-
formation, allowing greater discrimination when associating
tracks and observations.

The observed measurement is a 7-D vector:

Z = [x, y, ẋ, ẏ, P (p), P (v), P (a)]
T

where P (·) is the probability estimate that the object is one
of three main taxonomic categories (p = Person, v = Vehicle,
a = Aircraft). This extended gate allows objects to be vali-
dated based on spatial location, motion and category, which
improves the accuracy in congested apron regions. The ef-
fective volume of the gate is determined by a threshold τ
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on the normalised innovation squared distance between the
predicted track states and the observed measurements:

d2
k(i, j) =

[
HX̂

−

k (i)− Zk(j)
]T

S
−1
k

[
HX̂

−

k (i)− Zk(j)
]

(1)
where Sk = HP̂

−

k (i)HT + Rk(j) is the innovation covari-
ance between the track and the measurement; this takes the
form:

Sk =




σ2
x σxy 0 0 0 0 0
σyx σ2

y 0 0 0 0 0
0 0 σ2

ẋ σẋẏ 0 0 0
0 0 σẏẋ σ2

ẏ 0 0 0

0 0 0 0 σ2
P (p) 0 0

0 0 0 0 0 σ2
P (v) 0

0 0 0 0 0 0 σ2
P (a)




(2)
For the kinematic terms the predicted state uncertainty

P̂
−

k is taken from the Kalman filter and constant a priori
estimates are used for the probability terms. Similarly, the
measurement noise covariance R is estimated for the kine-
matic terms by propagating a nominal image plane uncer-
tainty into the world co-ordinate system using the method
presented in [4]. Measurement noise for the probability
terms is determined a priori. An appropriate gate thresh-
old can be determined from tables of the chi-square distri-
bution [3]. For epipolar data association the validation gate
also includes estimated height information.

Data Fusion, Track Maintenance and Contextual Infor-
mation In the NNDA and EDA filters the matched obser-
vations are combined to find the fused estimate of the object,
this is achieved using covariance intersection. This method
estimates the fused uncertainty Rfused for N matched ob-
servations as a weighted summation:

Rfused =
(
w1R

−1
1 + . . .+ wNR

−1
numcams

)−1
(3)

where wi = w′

i/
∑N

j=1 w
′

j and w′

i = ψc
i is the confidence

of the i’th associated observation (made by camera c) esti-
mated using the method in Section 3. Sequential Kalman
filter update was used in the JPDA filter to estimate the ob-
ject states from associated measurements.

If tracks are not associated using the extended validation
gate the requirements are relaxed such that objects with in-
accurate velocity or category measurements can still be as-
sociated. Remaining unassociated measurements are fused
into new tracks, using a validation gate between observa-
tions to constrain the association and fusion steps. Ghosts
tracks without supporting observations are terminated after a
predetermined period of time. For certain events predefined
contextual rules have to be added to the tracking module e.g.
during aircraft arrival a global association of the per-camera
aircraft tracks is made to circumvent the problem that no
single camera observes the whole object.

5 Experimental Results

The evaluation of the tracking system assesses the perfor-
mance of the multi-camera tracking on representative test

Figure 1: (Top) 2D trajectory graph for a person (S27, camera 2).
(Bottom) 2D trajectory graph for a vehicle (S27, cameras 3,4,5,6)
showing (Red) the EGNOS trajectory and (Blue) the estimated lo-
cation on the apron (the scale is in metres). Both examples show
the camera fields of view.

data. This evaluation focusses on object localisation and the
multi-camera tracking algorithms presented in Section 4. An
overview of the evaluation of the per-camera tracking and
recognition modules is given in [1]

5.1 Object Localisation

For the evaluation of the 3D localisation module individual
person and vehicle tracks have been considered. The esti-
mated path of the objects is compared to a preset path. For
each location along the path the shortest Euclidean distance
(in metres) is computed between the point and the associated
grid line. More detail on the evaluation of object localisation
is given in [5].

For the person class, it can be seen that person trajectory
in Figure 1 is broken due to occlusions. Occlusions lead to
loss of 3D data information causing errors on 3D trajectory
reconstruction. It was found that the accuracy of the per-
son localisation is approximately 1 metre average over all
cameras, this is to be expected due to detection or calibra-
tion error. Due to the general innaccuracy in the far-field of
all cameras these results show that the use of multiple over-
lapping cameras is justified for this surveillance system to
ensure the objects are accurately located on the apron.

The evaluation of the vehicle localisation was performed
on a dataset for which EGNOS positional measurements
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were recorded1 The evaluation is performed using a sin-
gle trajectory estimate made by the camera with the largest
viewable object. The reasoning for this is that the EGNOS
data was captured over a large area, and several cameras can
view this trajectory. The results, also shown in Figure 1,
demonstrate that the estimated vehicle location is reason-
ably accurate close to the camera sensors (at the top of the
figure). In the far field the estimate diverges from the mea-
sured EGNOS signal due to the perspective effect and the
uniform quantisation of the sensor pixels. Quantatively, the
mean distance between the EGNOS signal and the estimated
location was found to be 2.65 metres +/− 0.34. The min-
imum deviation was found to be 0.58 metres and the maxi-
mum was found to be 4.64 metres.

5.2 Multi-Camera Tracking with Extended Validation
Gates

The extension of the NNDA filter with an improved vali-
dation criteria and measurement confidence is qualitatively
evaluated for two representative test sequences: S21 (9100
frames) containing people and vehicles moving over the
apron area and S28 (1200 frames) containing a crowded
scene with many objects interacting within close proximity
near the aircraft.

The performance is shown in Figure 2 where estimated
objects on the ground plane are shown for the two test se-
quences. It is clear to see that by extending the validation
gate to include velocity and category, as well as the use of
measurement confidence in the fusion process, the extended
NNDA filter out-performs the standard (i.e. spatial valida-
tion and fusion) process. Many more objects estimated by
the extended filter are contiguous, with less fragmentation
and more robust matching between measurements and ex-
isting tracks. It can be seen that the extended filter is robust
against objects that are not on the ground-plane (e.g. the
containers on the loader in S28). This is achieved by us-
ing camera line-of-sight to determine that the container ob-
servations do not agree between the cameras and hence the
estimated object is given a lower confidence.

The results are encouraging, for many scenarios the ex-
tension of the validation gate provides much greater stabil-
ity, especially when objects are interacting in close prox-
imity. It is noted that the track identity can be lost when
the object motion is not well modelled by the Kalman filter
or when tracks are associated with spurious measurements.
The filter currently has no contextual information about the
3D geometry of the scene, therefore the camera line-of-sight
cannot be accurately determined. Due to this factor, objects
can have lower than expected confidence since some camera
measurements cannot be made due to occlusions. The addi-
tion of contextual information would also allow the tracking
of large objects when they are off the ground-plane (e.g. the
containers in S28). For larger objects epipolar analysis is not
practical, therefore contextual information about the loader
vehicle would be required to position the container objects
correctly.

1The EGNOS measurements were kindly provided by the ESA project
GAMMA (http://www.m3systems.net/project/gamma/); the EGNOS sys-
tem gives an estimated accuracy of 2-3m for 95% of measurements.

6 Conclusions and Future Work

This paper discusses and extends multi-camera tracking al-
gorithms with applicability to real-time surveillance sys-
tems. The tracking performance has been evaluated in the
context of airport activity monitoring, demonstrating both
the effectiveness and robustness of the algorithms. The
multi-camera tracking system will be further extended to
include a particle filter based approach, once this intergra-
tion is complete a comparative evalution will be performed
against ground-truth data. Further to this the full tracking
system will be assessed at the airport to validate its robust-
ness during live 24/7 operation.
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(a)

(b)

Spatial Filter Extended Filter

(c)

(d)

Spatial Filter Extended Filter

Figure 2: Results of the multi-camera tracking module showing extracted object locations on the ground-plane for two data sets. The track
colour is derived from the object ID, limited to eight colours for visualisation. (a) S28 - All cameras frames 0, 500, 750, 1000. (b) Objects
tracked by the NNDA filter with (Extended Filter) and without (Spatial Filter) the extended validation gate and confidence based fusion. The
aircraft is added for illustrative purposes. (c) S21 - All cameras frames 0, 6000, 7000, 9000. (d) Objects tracked by the NNDA filter with
(Extended Filter) and without (Spatial Filter) the extended validation gate and confidence based fusion.
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