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domains contan a level of visual complexity to be
expected in a wide range of similar applications.
Our work takes a strongly knowledge-based approach to
the solution of specific vision problems. By doing so we
are able to avoid many of the problems of general vision
and yet still provide very useful vision systems. Practical
applications of traffic monitoring systems will normally
have access to a great deal of contextual information about
the perceptual task in hand, such as the lay-out of the
scene, the position of the camera(s) with respect to the
scene, the expected routes of vehcles in the scene, and the
expected types of vehicles. Such a priori knowledge may
be hlghly specific, as in the airport monitoring task, or
relatively uncertain, as in the census of road junctions. In
either case, the proper use of expectation can greatly
simplify the visual problem, and we show below that we
can acheve very useful performance with quite modest
computing facilities.
In recent years a variety of model-based methods for
object trachng have been reported in the literature [1, 2, 3,
4, 51. In all these cases the images used were of indoor
laboratory scenes, and dealt with the tracking of relatively
simple objects. In our work, model-based methods are used
to classify and track natural objects (cars and other moving
vehcles) in uncontrolled, cluttered outdoor scenes. The
complexity of the methods we have had to employ has
created a need for quantitative performance criteria to
guide the design of the system.
In th~spaper we briefly review the model-based object
recognition methods, and then report a method for
analysing the effectiveness of iterative 3D pose-recovery
algorithms. This allows the many design altematives to be
investigated and compared, and provides measures of
performance whch are essential prerequisites of any
system if it is to form part of well-engineered products.

Abstract
Model-based vision techniques, originally developed for
the recognition and pose recovery of vehicles in a single
image, are used here to track vehicles through a sequence
of images. Knowledge of the position of the camera with
respect to the ground plane is used to reduce the search
space of possible vehicle positionsfrom six dimensions to
three. The expected dynamics of vehicles are expressed in a
Kalman filter, which predicts the likely poses in successive
frames and provides a smoothed description of the
vehicles’ motion.
The notion of equivalence classes &fined by a search of
the parameter space is developed as an indicator of the
performance of the pose-refinement sub-system. The system
is illustrated and assessed by using the size of the correct
class as a performance measure.

1: Introduction
The work reported in thls paper is part of a European
vision research programme, Esprit P2132:VIEWS “Visual
Interpretation and Evaluation of Wide-area Scenes”, which
seeks to combine the recognition and situation assessment
of traffic in natural daylight scenes. In its current state the
research has successfully demonstrated methods for
model-based traclang of moving vehcles in long
sequences of monochrome video images obtained from a
single camera viewpoint. The project has also
demonstrated in principle the recovery of h g h level
behavioural descriptions of the vehicle movements and
interactions as part of a situation assessment of the
observed scene. A longer term objective of thls research is
the integration of these two aspects of scene perception
into a real-time vision system for surveillance applications.
Two application domains have been addressed: road
traffic and ground traffic at airports. In the former, the task
is to recover the pose and tracks of vehcles for the
purposes of traffic census, incident analysis and detection
of traffic violations. In airports, the main purpose is to
identify and track aircraft and ancillary service vehicles,
and to monitor their conformance with servicing schedules
and taxi-ing instructions from the ground traffic controller.
The experimental image sequences obtained in these two

2: Overview of methods
The geometrical reasoning used in our tracking
algorithms is based on extended wire-frame models, and is
essentially 3D. Th~sovercomes in a natural way many of
the classical problems in vision. such as size and shape
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found; in the latter case the absolute difference between the
positive and negative maxima of the derivative is found.
These provide measures of the match of an individual
predlcted edge or bar with the image.
The evidence from all the visible lines is pooled, by
expressing the scores of indlvidual features as
probabilities, whch take account of the differences in
length and type of the features. Probability tables are
established empirically,by placing lines and bars of several
dlfferent lengths randomly in a calibration image (ideally
the image under investigation, but in practice a previously
computed temporal m e d m image), and determining the
score. These tables are interpolated to give probability
estimates for features of any length. Any given score can
thus be associated with a probability that a score at least as
h g h would have been obtained by chance from a randomly
placed feature of equivalent type and length.
The individual model features are treated as
independent samples from the underlying probability
distributions*, and their probabilities are pooled using a X2
test. The result is a single scalar in X2 units, having
expectation 0, and typically ranging from -3 (in areas of the
image with far less than average deml) to 4 or 3 when the
projected model fits the image very well. Scores over 2 are
treated as significant indications of the presence of a
vehcle.
The evaluation score is reasonably independent of the
position and pose of the object, since it measures (to a first
approximation) how likely the score was to have been
obtained by chance, taking into account the number of
visible features, and their lengths in the image.

invariance, and partial occlusion. The system is initiated by
means of an approximate pose, derived from analysis of
regions of coherent movement in the image. All
subsequent image analysis is then performed “top-down”
under the control of the current pose hypothesis.
Each position and orientation of an object can be
instantiated into the scene and a goodness-of-fit score
evaluated. The initial pose estimate is refined by searching
locally for a maximum of the evaluator function. Once a
maximum score is found, which meets specific acceptance
criteria, it is taken as an estimate of the true position and
orientation of the object. The refined estimate of pose is
then used as an input measurement for a Kalman filter,
whch imposes dynamic constraints on the visual
interpretation. The updated filter state is used to predict a
provisional position and orientation for the same object in
the next frame of the sequence, and the process is repeated.
Thus, given an initial frame in the sequence, an object to
track and an initial estimate of its position we continue to
track the object in subsequent frames while at all times
maintaining an understanhg of its location and direction
of travel in the three dimensional scene.
In thls paper we do not dlscuss the problem of how the
model is initially selected or how the initial estimate of the
position and orientation of the object is obtained. In the
VIEWS project thls information is derived from the
analysis of coherently moving image features. Their
position and shape attributes in the image are used to “cue”
the model-based processes [6].Other methods may also be
used, such as seekmg view-independent object-specific
cues in edge-descriptions of the images[7].

2.1: Iconic evaluation

2.2: Pose refinement

The object model comprises a set of line features
specified in a three dlmensional object-centred coordinate
reference frame. On instantiation, the model is translated
and rotated to the appropriate position in the scene model
and finally each line which is visible from the given camera
position is projected onto the image. The evidence in the
image for each visible line feature is then assessed, using a
process which we have called “iconic evaluation”. The
scores from the evaluation of indwidual lines are then
aggregated to give an overall score for the model in the
given position.
The iconic evaluator has previously been described in
[8,9]. Its essential features are as follows. The visible lines
of the instantiated wire-frame vehcle model determine a
set of lines in the image plane. For each line, we derive an
average cross-section of the image, by integrating parallel
to the line for a series of points on the normal? close to the
line. Object features are associated either with edge-like or
bar-like properties. h the fOI”er Case, the absolute
maximum Of the derivative along the integrated normal is

The evaluation score defines a scalar function of six
variables - in world coordinates these are most simply
defined as the three Cartesian coordinates of the object’s
position and the three angles needed to specify its
orientation, In general, we expect that peaks in thls
function will indxate likely matches between the model
and the image. The problem is to locate the most prominent
peak, and thereby to determine the pose of the vehicle.
A considerable computational simplification can be
made by introducing a constraint limiting the object’s
position to the ground plane thus only permitting two
dimensions of translation and one of rotation about the
vertical axis. Using these simple but (normally) realistic
physical assumptions, only three independent dimensions
remain unspecified. Even so, an exhaustive search over

*

This assumption is ~ v l o u s l yfalse @ince the presence of one image feature due to
will be strongly oomLated
with the presence of others),
however it is very difficult to take conditional probabilities into account.
and we have found the method to be robust in practice.
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Figure 1(A):Foreach degree offreedom the model is
displaced, instantiated and its fit evaluated
Evaluation score
Figure 2: Roundabout scene,fiame 00200

starting from the same initial pose. When all three
hmensions have been searched the pose having the hghest
score is adopted as the initial position for the next iteration,
and the search coordnate frame is changed accordmgly. If
no higher score is found then the three ranges of the search
are reduced, to be equal to the previous sampling interval.
The process is repeated until all the sampling intervals are
below criterion values (see below)
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The initial search range, and the terminating conditions
are object- and pose-dependant. To establish these, the
object model is approximated as a sphere of diameter equal
to the greatest diameter of the model. Simple geometry
uses the “seed” pose (in the world-coordmated frame) to
compute the displacements in x, y and 0 (in the objectcoordmate frame) whch would cause a 1 pixel change in
the image for a worst-case object feature. These determine
the terminating coiidition, whch can be weighted to give
the accuracy required by the application. We typically use
initial search areas correspondmg to +/-OS times the
dmensions of the vehicle and +/-lo deg, and use a1 .O pixel
terminating condition. At extreme &stances, or in poses in
whch one of the object coordinate axes is drected towards
the camera, the initial ranges may already imply a
sampling interval below the terminating conditions - in t h i s
case only one iteration is performed for that axis.
The model instantiation process comprises two main
parts: perspective projection of the 3D wire-frame model,
and hdden line removal. The latter is far more expensive
to compute. Very considerable savings can be inade by
exploiting the fact that (except near view catastrophes) the
visibility of lines is only weakly affected by small
perturbations of pose. We therefore update the visibility
calculations on a per seed, per iteration, or per evaluation
basis accordng to circumstances, in order to trade off
accuracy against computational speed.
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B: frame 200
A: frame 200
Figure 3: (A) Before and (B) after gradient ascent.
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Figure 4 : Evaluation function for a fixed position
on different images (A-F refer to Figure 6).
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3: Assessment of pose recovery
A number of experiments have been carried out to
explore the sensitivity and selectivity of the iconic
evaluation process. Figure 2 shows a typical image from a
test site at a roundabout in Germany. These images are
512*512 pixels, each resolved to 8 bits of intensity. To
illustrate the methods, we concentrate on the car in the area
of interest shown boxed.

3.1: Evaluator performance
Figure 3(A) shows a model that was very approximately
s fairly typical
instantiated near the vehcle by hand. T h ~ is
of an initial estimate of the position obtained from simple
image-based cuing processes. The result of the separated
ascent algorithm is shown in Figure 3(B). Informally, by
eye, it seems that the fit is very good.
Figure 4 shows the evaluation scores for a two
dlmensional slice through the three dlmensional search
space. In th~scase the slice is in the plane of the two
translations, x and y in the object coordinate frame, and the
ranges of translation of the model are f3.2 metres about
the peak. It should be noted that the evaluation function is
strongly ridged in the y drection (along the front-to-back
axis of the vehicle). From the viewing position used,
bsplacements in y are approximately in the line of sight,
and cause relatively little change in the image. The exact
shape of h e e v d m i o n function is of course strongly poseand view-dependent.

Figure 6: Fixed model in different frames
(A-F refer to Figure 5 ) .

To estimate the overall signal-to-noise ratio of the
method, we have taken the
fitting position and
orientation for the model in hs image (asillustrated in
Figure 3(B)), and then evaluated th~sparticular model
in a
Of 500 images
at 25 b.The
results are shown in Figure 5. We SE one conspicuous
peak, with several subsidiary peaks. The images
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adopted by the algorithm. One such equivalence class can

correspondmg to the points on the function labelled A to F
are shown in Figure 6(A-F).
The response of the evaluator is typically about -3.5 in
the absence of vehcles. The minor peaks correspond to
accidental alignments between the model and a “wrong”
vehicle, but these scores never exceed 0, and the peaks are
fairly flat and ragged. The score for the “correct” vehcle
reaches 3.7, and is well-localised. In this simple case,
where there is little distracting background image detail,
the evaluator provides an intuitively acceptable measure,
and has good signal to noise ratio.

be identified (by eye) as correct. The size, convexity and

compactness of the correct class provides important
measures of the quality of the search algorithm.
Figure 7 shows the results of trials in whch the search
space (x, y, e) was sampled to provide seed positions
w i h n a range close to the correct result. The search
algorithm was run and the recovered pose was identified.
The resulting points in (x, y, e) are shown in 3 orthogonal
projections in Figure 7, as scatter dlagrams. We see a
strong cluster of points around the origin (the correct pose),
with significant clusters at false maxima.
These data can be used to estimate the size of the correct
equivalence class, by computing the probability of success
as a function of the initial dlsplacement of the seed. A
simple measure of performance is then given by the
distance at whch the probability falls to a criterion value
(say 50%). T h ~ sapproach depends on a distance metric ( r )
whch normalises the three axes. At present we scale the
axes so that the scatter of points in diagrams such as Figure
7 seem fairly isotropic, but a more formal statistical
approach to normalising the axes could be adopted.
The data for Figure 7 were derived from the image
shown in Figure 8(A). Figure 8(B) shows the data plotted
as probabilities of success as a function of r, for three
different search algorithms: (i) the separated ascent
(section 2.3), (ii) the simplex algorithm [lo], and (iii)
steepest ascent. Figure 8(C) shows the average
computational cost as a function of r; as usual with such
algorithms, h s is dominated by the number of
computations of the evaluation function.
The results shows that the steepest ascent algorithm
performs very badly, and only rarely recoven from seed
positions beyond 0.5m or Sdeg. The Simplex algorithm
acheves far better performance, mostly at a lower cost.
The separated ascent algorithm has somewhat better
convergence properties, but at considerably greater cost.
For this image and object model, we obtained the criterion

4: Assessment of search methods
A continuing problem in object recognition research is
the need to compare dfferent algorithms, both to compare
methods which dlffer fundamentally, and also to assess the
impact of the inany design options w i h n a given
approach. This section describes methods developed
within the VIEWS project to quantify the performance of
the overall pose-recovery sub-system.
The performance of an iterative maximisation algorithm
is mamly determined by (i) the smoothness of the function,
(ii) the prominence of the maximum amongst (false) local
maxima, (iii) the search routine used, and (iv) the initial
(seed) pose. The first three factors are, in tun, affected by
many free parameters of the algorithms, whch must be
established in the course of the implementation. To do this
efficiently and effectively we need to define a summary
measure of performance.
One such measure can be obtained by studying the
range of seed positions which converge to the correct
answer. In principal, a search algorithm defines an
equivalence relationship on the domain of seed positions,
in which all seeds giving rise to the same result form an
equivalence class. In practice, we must tolerate a small
error in the result, to take into account inaccuracy in the
resulting poses, due to fine-grain noise in the evaluation
function and (more importantly) the terminating conditions

32

-

........

Separated Ascent
Simplex
........................ Steepest Ascent

*
0

2200

8

..............

2 200

I

0

'2
3

........

2s

-

Separated Ascent
Simplex
............,.. ......... Steepest Ascent

4

Separated Ascent
Simplex
Steepest Ascent

4

Separated Ascent
Simplex
Steepest Ascent

d

r...ll.l

5

z

_I

0
Figure 8:

1.o
Normalised distance (r)

I

1 .o
Normalised distance (r)
Figure 9: Cluttered image - as Figure 8.

0 "0"

2.0

(A) Segment of uncluttered image
( B ) Probability of correct convergence
(C)Average number of evaluationr.
In both graphs 1 .Oon the abscissa
represents 2.0 metres or 20 deg.
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significantly poorer, but the same preference order of
performance occurs.
This method of comparing search algorithms has also
been used to assess other minor changes to the poserecovery method. Systematic analyses are currently being
made of altemative methods for feature evaluation and the
method used for updating the visibility calculations
(Section 2.1), as well as the significance of individual
features of the model, the feature aggregation method, and
the sensitivity of the system to small geometrical errors
between the model and the object. It also provides us with
a formal measurement of the performance of the system as
a function of object types, viewing &stance, and occlusion.

50% success rate for seed errors equivalent to 0.3m or
3deg, 0.7m or 7 deg, and l.lm or 11 deg, for the three
search algorithms respectively.
Results such as these are strongly dependent on the
object and image under consideration. The vehcle in
Figure 8(A) is well isolated from distracting image detail.
Figure 9(A) shows results obtained when the same model
is fitted to a second object in a part of the image where
there is considerably more irrelevant detail. The
convergence properties of all three algorithms is
33

These data are fundamental to any principled design of a
surveillance system for practical use

5: Model-based tracking
The method for pose-refinement starting from an
approximate seed pose has been used to track vehcles in
video sequences. For each new image, the pose recovered
from the iconic search is used as an input measurement to a
Kalman filter, whch imposes simple dynamic constraints
appropriate to vehcles.
Instantaneously, a car has only two degrees of freedom its forward (or backward) velocity, v, and its turning angle.
We have implemented a Kalman filter with freedom in v
and b (the forward velocity and its derivative with respect
to time), and a and U (the rotational angle about the
model’s z axis, and its derivative). The three parameters v,
and a are constrained to be withm plausible bounds since the filter is expressed in the object-centred coordinate
frame, these constraints may be estimated by using
common knowledge of car dynamics. Note that h s
characterisation of the vehicle’s dynamics prohbits it from
sliding sideways (but doesn’t prevent spinning).The
measurement error assumed in the Kalman filter is also
pose-dependent, and is estimated on the same basis as the
terminating conditions for the pose refinement process (cf.
Section 1.4). We typically assume that the error of a
recovered pose is gaussian dstributed with a standard error
equivalent to a 1 pixel worst-case dsplacement.
Tracking proceeds as follows. The initial “cued” pose
hypothesis is relined (as in Section 2.3). Starting with
plausible default values, the Kalman filtered estimates of v
and a, together with the newly measured position, provide
a predction for the object’s position in the next frame to be
examined. This becomes the seed pose for the next search,
and the process continues.
When the filter parameters become stable, the foxward
prediction improves in accuracy, and fewer iterations of the
maximisation algorithm are required. In these conditions
we have found that the less costly simplex algorithm is
sufficient. It also becomes possible to predict several
frames in advance and thus reduce the computational
burden of the process (though there is a trade-off with the
requisite size of the initial search space). We have found
good performance when tracking in images of traffic taken
at 5 Hz.
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Figure 10: Evaluator score

The results are illustrated for the vehcle discussed in
Section 2 in Figure 10, which shows the score of the
evaluator obtained for each of the frames in the sequence.
It demonstrates that our feature pooling method shows
good shape and size invariance: the evaluation score
compensates well for radcal changes in the appearance of
the images as the car rotates and approaches the camera.
Occlusion by stationary objects such as lamp posts, as well
as other tracked vehicles, was taken into account in
computing feature visibility. It should be noted that all
these scores are well outside the typical subsidary peaks
shown in Figure 5. [The drop in the scores obtained beyond
frame 350 are due to the fact that in th~s case our
implementation did not take proper account of the edges of
the field of view of the camera.]
Vehcles from many different traffic sequences have
been tracked in this way, and their positions have been
recovered with respect to a plan view of the scene model.
The method has been applied to traffic scenes containing
cars, lorries, aircraft and airport ancillary vehcles. Figure
11 shows a still from a sequence of airport ground traffic,
together with the recovered positions on the airport model.

6: Experimental results
The Kalman-filtered iconic search has been used to
track cars in the mid- and fore-ground of the scene shown
in Figure 2. The initial positions of the models were fitted
very approximately by eye as each vehcle first came into
view as in Figure 3(A), but usually at a considerably
further distance from the camera. Each car was then
tracked through the image sequence (at 25 Hz).

7: Conclusion
Model-based vision techques, originally developed
for the recognition and recovery of the pose of vehcles in
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All geometrical reasoning is in 3D, so that occlusions
due to known objects can easily be taken into account.
Furthermore, the poses are recovered with respect to the
scene model, i.e. in the known 3D world.
Constraints on vehicle dynamics are modelled
explicitly, allowing the introduction of hlgh-level
expectations of “car-ness”.
The current implementation is very close to worlung in
real-time. Using per-frame visibility calculations and the
separated ascent algorithm (Section 2.3) single vehcles
can currently be tracked in image sequences taken at 5 Hz
on a single SUN Sparc2, at 1-2 Hz, depending on the
complexity of the model. [The simplex algorithm gives
slightly less stable performance at 2-5Hz.I The control
code is written in popll, and most low-level code is
written in C. During the search around 80 iconic
evaluations are typically performed and this represents
approximately 8590 of the computational cost. Work is
currently planned to develop hardware support for the
evaluator, and the system is then expected comfortably to
exceed the requirements for 25 Hz operation.
A major problem in developing complex vision systems
such as that of the VIEWS project has been to establish
methods for assessing the effects of minor changes in
parameters and component algorithms. The analysis of
pose refinement performance described in Section 4 has
provided a valuable tool for comparing altemative
algorithms. It could also be applied to other work on
similar problems, to help establish quantitative criteria
with whch to assess vision systems.
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airport

ground-traflc

application: the aircraft, two baggage-handlers, a
fork-lift truck, a fuel tanker and trailer and several
ancillary vehicles were tracked through a 20 min.
video sequence taken at 5 Hz.
(A) recognised objects instantiated onto the image
(B) recovered positions on the ground-plane
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single images, have been applied to the problem of
traclung vehicles through sequences of images. Knowledge
of the camera calibration and of the position of the ground
plane is used to reduce the search space of possible vehcle
positions from six dmensions to three. The Kalman filter
mechanism provides dynamic stability in the recovered
pose over time and imposed physically plausible behaviour
to obtain the seed poses for the iconic search.
There are several particular merits of the approach we
have adopted.
We make effective use of contextual knowledge of the
scene and camera position. Such mformation can be
expected to be available in realistic applications of
machne vision for traffic analysis.
Pose refinement by means of iconic evaluation obviates
the need for “knowledge-free’’ image processing and
subsequent feature analysis. In particular, all feature
grouping is done top-down, and the combinatorial
problems of feature labelling common to other modelbased methods are avoided.
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