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Abstract. This paper presents the tracking system from Athens Information
Technology that participated to the pedestrian and vehicle surveillance task of
the CLEAR 2007 evaluations and the obtained results. The system is based on
the CLEAR 2006 one, with some important modifications that are detailed.
Since the test data in CLEAR 2006 and 2007 are the same, it is easy to quantify
the obtained performance gain from the older system to the proposed one.

1 Introduction

Target tracking in video streams has many applications, like surveillance, security,
smart spaces [1], pervasive computing, and human-machine interfaces [2] to hame a
few. In these applications the objects to be tracked are either humans, or vehicles. To
track objects we first need to detect them. The detected objects are used to initialize
the tracks and provide measurements to the tracking algorithm, usually of the
recursive Bayesian filtering [3] type. This is a very hard problem, one that remains
unsolved in the general case [3]. If a shape or a color model of the objects were
known a-priori, then detection can be done using active contours [4] or variations of
the mean-shift algorithm [5]. Unfortunately such approaches can only be applied in
limited application domains; the shape and color richness of all possible people and
vehicles prohibit their use in unconstrained applications like surveillance or smart
rooms.

The solution to the detection problem is a common property of such targets: sooner
or later they move, which produces evidence that distinguishes them from the
background and identifies them as foreground objects. The segmentation of
foreground objects can be accomplished by processing the difference of the current
frame from a background image. This background image can be static [6] or can be
computed adaptively [7]. The drawback of the static background image is that
background does change. In outdoor scenes natural light changes and the wind causes
movement of trees and other objects. In indoor scenes, artificial light flickers and
pieces of furniture may be moved around. All such effects can be learned by an
adaptive background algorithm like Stauffer’s [8] and of its modifications [9,10].
Such an algorithm detects targets as segments different from the learned background,
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but depends on the targets’ movement to keep a fix on them. If they stop, the learning
process fades them into the background.

Once a target is initialized, a tracking system should be able to keep a fix on it even
when it remains immobile for some time. In this paper, we propose a novel tracking
system that addresses this need by utilizing a feedback mechanism from the tracking
module to the adaptive background module which in turn provides the evidence for
each target to the tracking module. We control the adaptive background parameters on
a pixel level for every frame (spatiotemporal adaptation), based on a prediction of the
position of the target. Under the assumption of Gaussian target states and linear
dynamic models, this prediction can be provided by a Kalman filter [11].

The proposed tracker system comprises of the feedback configuration of three
modules, namely the adaptive background, the image processing for evidence
generation and the Kalman filtering. A fourth module operates on the tracks in a
temporal window of 1 second, by checking their consistency.

This paper is organized as follows: In section 2 the four modules of the system are
detailed. The results on the VACE person and vehicle surveillance tasks of the
CLEAR 2006 evaluations are presented and discussed in section 3. Finally, in section
4 the conclusions are drawn, followed by some indications for future enhancements.

2 Tracking System

The block diagram of the tracking system is shown in Figure 1. It comprises four
modules: adaptive background, image processing for evidence generation, Kalman
filtering and track consistency. Evidence for the targets is generated once difference
from the estimated background is detected. The estimation of the background is
dynamic; background is learnt in a different manner for different portions of the
frame, depending on whether they belong to existing targets, the target size and its
speed. The dynamic estimation in the CLEAR 2007 system is applied on a blurred
version of the original frame, to reduce the effect of flicker. The evidence is used to
initialize and update tracks. Tracks that are persistent for 10 out of the 15 past frames
are promoted to targets, and are reported by the system. Given that the frame rate of
all the VACE person and vehicle surveillance videos is 25 per second, the introduced
lag is a small penalty to pay for the added robustness to false alarms. Initialized tracks
have their new position predicted by the state update step of the Kalman filter. The
predictions are used to associate evidence with tracks and perform the measurement
update step of the Kalman filter. Tracks are also eliminated is they have no evidence
supporting them for 15 frames. The states of the Kalman filter, i.e. the position,
velocity and size of the targets, are fed back to the adaptive background module to
spatiotemporally adapt the learning rate. They are also fed forward to the track
consistency module to obtain the reported tracks of the system and the decision
whether they correspond to vehicles or pedestrians. In the rest of the section, we
present the four modules in detail.
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Fig. 1. Block diagram of the complete feedback tracker architecture. Frames are input to the
adaptive background and evidence generation modules, and targets are output from the track
consistency module.

2.1 Adaptive Background Module

The targets of the proposed system (vehicles and pedestrians) are mostly moving. The
changes in subsequent video frames due to movement are used to identify and
segment the foreground (pixels of the moving targets) from the background (pixels
without movement). If a background image were available, this segmentation is
simply the difference of the current frame from the background image. The
foreground pixels thus obtained are readily grouped into target regions. A static image
of the empty scene viewed by the (fixed) camera can be used for background [6].
Unfortunately this is not practical for outdoors applications, or even for long term
indoors applications, hence adaptive background approaches are adopted [7-10]
primarily for two reasons: First, such an empty scene image might not be available
due to system setup. Second and most important, background (outdoors and indoors)
also changes: Natural light conditions change slowly as time goes by; the wind causes
swaying movements of flexible background object (e.g. foliage); fluorescent light
flickers at the power supply frequency; objects on tabletops and small pieces of
furniture are rearranged and projection areas display different content. All these
changes need to be learnt into an adaptive background model.

Stauffer’s adaptive background algorithm [8] is capable of learning such changes
with different speeds of change by learning into the background any pixel, whose
color in the current frame resembles the colors that this pixel often had in the history
of the recording. So no changes, periodic changes or changes that occurred in the
distant past lead to pixels that are considered background. To do so, a number of
weighted Gaussians model the appearance of different colors in each pixel. The
weights indicate the amount of time the modeled color is active in that particular
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pixel. The mean is a three dimensional vector indicating the estimated color for that
model and that pixel, while the covariance matrix indicates the extend around the
mean that a color of that pixel is to be considered similar to the one modeled. Colors
in any given pixel similar to that modeled by any of the Gaussians of that pixel lead to
an update of that Gaussian, an increase of its weight and a decrease of all the weights
of the other Gaussians of that pixel. Colors not matching any of the Gaussians of that
pixel lead to the introduction of a new Gaussian with minimum weight. Hence the
possible updates of the weight of the i-th Gaussian of the pixel located at (x, y) at time
tare

a new Gaussian
W (x,y,t)=4 (1-a)w,(x,y,t-1)  non-matching Gaussians (1)
(1-a)w (x,y,t-1)+a  matching Gaussians

where a is the learning rate.

Some variations of the Stauffer algorithm found in the literature deal with the way
covariance is represented (single value, diagonal of full matrix) and the way the mean
and covariance of the Gaussians are updated [9]. Some further variations of the
algorithm address the way the foreground information is represented. The original
algorithm and most of the modifications lead to a binary decision for each pixel:
foreground or background [8,9]. In [10], the Pixel Persistence Map (PPM) is used
instead. This is a map of the same dimension as the frames with a value at each
location (x, y) equal to the weight of the Gaussian matching the current color of the
pixel at (x, y). Small PPM values indicate foreground objects, while large indicate
background. The foreground/background threshold is left unspecified though.

The drawback of all the existing variations of Stauffer’s algorithm is that stationary
foreground objects tend to fade in the background with ratea. Small background
learning rates fade foreground objects slowly, but are also slow in adapting to the
background changes. Large rates favor background adaptation but tend to fade a
target into the background when it stops. This fading progressively destroys the
region of the tracked object, deforms its perceived shape and finally leads to loosing
track of the object altogether. When the target resumes moving, foreground pixels
will be marked only at the locations not previously occupied by the stationary target.
When a target remains stationary long enough, or has fairly uniform coloration, the
new evidence will be far apart from the last evidence of the track, either in time, or in
space or in both. Then the track is lost; the track is terminated and another is initiated
when movement resumes.

We address the problem of the fading of stationary foreground objects using a
feedback tracking architecture. The edges of the frame that coincide with values of
the PPM below a threshold serve as target evidence to the Kalman filter. The states of
the Kalman filter provide ellipses that describe every target. The learning rate is
modified in regions around these targets, based on their speed and size. Thus, instead
of a constant value, a spatiotemporal adaptation of the learning rate is used:

0.04 if (x,y) nota target pixel at time t

YY=a00 : . . 2
aley) {a(V,C) if (x, y) a target pixel at time t )



The AIT Outdoor Tracker for Vehicles and Pedestrians in CLEAR2007 5

where C is the covariance matrix of the target (hence det(C) relates to its size) and

v is the mobility of the target, which is related to the change of the position of its
centroid and the change of its size. The latter indicates an approaching or receding
target and is quantified using the determinant of the covariance matrix of the target.
Thus the mobility is defined as follows:

0=T, M, +

where v is the velocity vector and T, is the inverse of the frame rate. Then, the

max (Cr Cir, )

min(C,.C., ) ©

learning rate a(V,C) of a pixel belonging to a target is:

0.04 if det(C)<8-10° and V > 2
% if det(C)>8-10° and ¥ > 2
6 C) - oo\ . 4
a(%.C) 0.0044-tan(4—gj if det(C)<8-10° and ¥ < 2 )
0'0244-t n(%j if det(C)>8-10° and V < 2

This choice for a(V,C) progressively delays fading of the targets as they become

slower. It also delays fading of large targets by setting the learning rate to 1/4 of its

value if the target is too large. This is useful for large vehicles, where their speed can
be large, but their uniform colors can lead to fading into the background.

The second major proposed modification of Stauffer’s algorithm addresses extreme
flickering situations often encountered in night vision cameras. In such scenes the
PPM needs to be binarized by a high threshold in order not to consider flickering
pixels as foreground. The high threshold on the other hand tends to discard actual
foreground pixels as well. The proposed solution is to adapt the threshold T in a
spatiotemporal fashion similar to the learning rate in (2). i.e.

if (x,y) not a target pixel at time t
0.25 ( y) getp

T(x,y.t)= or a target with det(C) <500 (5)
0.5 elsewhere

This way flickering pixels are avoided far from the targets, while the targets
themselves are not affected. To avoid a delayed detection of new very small targets,

the threshold of pixels belonging to such targets with det(C) <500 is not affected.

These proposed feedback mechanisms on the learning rate and PPM binarization
threshold lead to robust foreground regions regardless of the flickering in the images
or the lack of target mobility, while they do not affect the adaptation of the
background around the targets. When such flickering and mobility conditions occur,
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the resulting PPM is more suitable for target region forming that the original version
of [10]. The forming of target regions is the goal of the evidence generation module,
detailed next.

2.2 Evidence Generation Module

The evidence generation module finds foreground segments, assigns their pixels to
known targets or initializes new ones and checks targets for possible splitting. The
information for new targets or targets to be updated is passed to the Kalman module.

The binary mask obtained by adaptively thresholding the PPM is passed through a
shadow detector based on [12]. It is then merged with the binary mask obtained by the
edge detector using the AND operator. The resulting mask contains the foreground
edges. Edges are used to add robustness to the system: The PPM can have filled
segments if the object has entered the camera view after initialization and moves
sufficiently. On the other hand some object can manifest itself by parts of its outline if
it has been present in the scene at initialization. The use of edges provides the
contours of objects in both cases, so they no longer need to be treated by different
image processing modules. The foreground edge map is dilated to form regions. The
dilation is such that edges that lie up to 10 pixels apart are merged into a single
segment. Should these regions contain holes, they are filled, providing solid regions.
This modification of the CLEAR 2007 system compared to the CLEAR 2006 one is
important, as it results to robust estimation of the Kalman filter states.

The association of the evidence to targets is the major modification of the CLEAR
2007 system. While the CLEAR 2006 association was done on a per segment basis, it
is performed on a per pixel basis in the CLEAR 2007 system. The advantage of this
per pixel approach is robustness to:

o target splits, when the evidence of a target is split into more than one segment due
to similarity to the background color, and

e collision handling, when targets touch and their evidences produce one big
segment that can be shared between multiple targets.

The states of the targets contain their mean and the covariance matrix, hence the

Mahalanobis distance of any evidence pixel from a target can be found. The

association of the evidence to the targets utilizes this Mahalanobis distance as

follows:

o Allocate to every existing target all evidence pixels that have Mahalanobis distance
smaller than 1. By doing so pixels can be allocated to more than one target, while
others can be left unallocated.

e For every unallocated evidence pixel, find the closest target. If the distance is less
than 2, associate it to the target. Each of these pixels is hence either allocated to a
single target, or it still remains unallocated.

o |f a distinct region of evidence pixels has none of its member pixels allocated to a
target, then this region is used to initialize a new target.

After the association of evidence pixels to targets, the regions of the targets are
checked for possible split. A split is allowed if the target is big enough (in terms of
number of pixels) and its modeling with a two-dimensional Gaussian density is not
good enough. The fitness of the two-dimensional Gaussian model is enumerated by
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the total probability of the associated pixels. If this falls below 0.5, the target is split
in two using k-means.

2.3 Kalman Filtering Module

The Kalman filtering module maintains the states of the targets. It creates new targets
should it receive a request from the evidence generation module and performs
measurement update based on the foreground segments associated to the targets. The
states of the targets are fed back to the adaptive background module to adapt the
learning rate and the threshold for the PPM binarization. States are also eliminated if
they have no foreground segments associated to them for 15 frames.

Every target is approximated by an elliptical disc that is obtained by the mean m
and the covariance matrix C of the target, i.e. it is described by a single Gaussian.

m = [mx,my]T
. {cu CQ} ©
C12 C22

If the eigenvectors and the eigenvalues of C are v, and A, respectively, with i=1,2,
then the axes of the ellipse are the v, and the radii are 2,/%, .

The target states are seven-dimensional; they comprise of the mean of the Gaussian
describing the target (horizontal and vertical components), the velocity of the mean
(horizontal and vertical components) and the three independent terms of the
covariance matrix. Hence the state vector is:

.
S:[mx'my'vxlvy'cll’CZZ’Clz (7

The prediction step uses a loose linear dynamic model of constant velocity [17] for
the update of the mean position and velocity. As for the update of the three covariance
terms, their exact model is non-linear, hence cannot be used with the Kalman tracker;
instead of using linearization and an extended Kalman tracker, the covariance terms
are modeled as constant. The variations of the velocity and the covariance terms are
permitted by the state update variance term. This loose dynamic model permits
arbitrary movement of the targets. It is very different to the more elaborate models
used for tracking aircraft. Aircraft can perform a limited set of maneuvers that can be
learned and be expected by the tracking system. Further, flying aircraft can be
modeled as rigid bodies thus strict and multiple dynamic models are appropriate and
have been used extensively in Interacting Multiple Model Kalman trackers [18,19].
Unlike aircraft, street vehicles and especially humans have more degrees of freedom
for their movement which includes apart from speed and direction changes obstacles
arbitrarily, rendering the learning of a strict dynamic model impractical. A strict
dynamic model in this case can mislead a tracker to a particular track even in the
presence of contradicting evidence [3].
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2.4 Track Consistency Module

The track consistency module has two roles: Firstly, it manages the tracks for possible
elimination and merging. Secondly it classification the targets into pedestrians and
vehicles. The input to the track management is the states of the Kalman filtering
module. The processed tracks are the input to the target type classification.

Track management begins with elimination of tracks when they are:

o very short (in duration),

e not spanning any distance (immobile objects are mostly false positives), and

e mainly existing inside other targets (such targets are usually vehicle fragments
inside a larger vehicle bounding box).

Then, adjacent tracks are merged, to avoid identity switches. To do so, the starting

and ending points of tracks are considered in time-space. If the temporal proximity is

less than 0.6 seconds (15 frames) and the spatial proximity is less than 30 pixels, then

the tracks are merged.

The decision about the type of target is based on the velocity, size and the distance
covered by the target. A vehicle confidence is built using the product of these metrics.
If the product is large enough, then the target is considered a vehicle. This approach
fails when vehicle tracks are fragmented by some occlusion. Then some too short (in
space) track can lead to wrong classification.

3 CLEAR 2007 Evaluation Results

The outdoor videos that the CLEAR 2007 system is tested on are the same as those of
CLEAR 2006. Figure 2 contains typical frames from these recordings, with the
detected targets and their tracks superimposed. The recordings are 50 in total
depicting two different sites at different whether conditions. The main difference
between the two sites is the motion of the vehicles; in site 2 they park/un-park
performing slow and jerky maneuvers. In site 1 there are some videos with adverse
whether conditions: wind is moving the background a lot, and possibly the camera a
bit, while very bright sunlight casts long shadows. For this reason the results are
grouped in these three categories.

The quantitative evaluation of the system is based on the metrics described in [20].
The primary metrics for face tracking are two: The Multiple Object Tracking
Precision (MOTP) is the position error for all correctly tracked targets over all frames.
It is a measure of how well the system performs when it actually finds the target.
There are three kinds of errors for the tracker, false positives, misses and track
identity mismatches. They are reported jointly in an accuracy metric, the Multiple
Object Tracking Accuracy (MOTA). The MOTA s the residual of the sum of these
three error rates from unity. The mean MOTA of the CLEAR 2007 system is
compared to that of the CLEAR 2006 in Table 1. Table 2 summarizes the MOTP.
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Fig. 2. Typical frames from the outdoor recordings with the tracked targets superimposed.
Dashed bounding boxes and lines correspond to vehicles and their tracks.

Evidently the MOTA has improved overall and per site, conditions and target type.
The only exception is the adverse conditions in site 1, where the MOTA is a bit
decreased for pedestrians only. The most impressive performance gains can be found
in site 2 for pedestrians and site 1 (adverse conditions) and site 2 for vehicles. The
CLEAR 2007 system for wvehicle tracing performs similarly across sites and
conditions. The same system for pedestrians is still short on performance for site 2.
Excluding site 2 for pedestrians, the system tracks equally well pedestrians and
vehicles.

Table 1. Mean MOTA of the CLEAR 2007 tracking system, compared to that of 2006 for the
different sites and conditions.

. Pedestrians Vehicles
Recordings 2006 2007 2006 2007
All 0.00277 0.255 0.312 0.511
Site 1, normal 0.526 0.574 0.517 0.556
Site 2 -0.906 -0.261 0 0.456
Site 1, adverse 0.489 0.462 0.242 0.477

Regarding tracking precision, the MOTP of the CLEAR 2007 system for
pedestrians has dropped compared to the 2006 one. This is mainly due to the inclusion
of more targets, which due to their location are harder to track. Regarding vehicles,
precision has increased, indicating a better framing of vehicles by the new system.
The MOTA is consistent across sites and target types, with the only exception of the
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adverse conditions in site 1. The long shadows caused by the bright sunlight in these
recordings result to looser framing of the pedestrians.

Table 2. Mean MOTP of the CLEAR 2007 tracking system, compared to that of 2006 for the
different sites and conditions.

Recordings Pedestrians Vehicles
2006 2007 2006 2007
All 0.525 0.434 0.385 0.434
Site 1, normal 0.556 0.429 0.561 0.447
Site 2 0.461 0.456 0 0.412
Site 1, adverse 0.577 0.395 0.491 0.432

The spread of the MOTA scores is analyzed by the boxplot of the MOTA per
target type depicted in Figure 3. Evidently the spread is reduced in the CLEAR 2007
system compared to the 2006 one.

1F-——-- Fom——————-=- Fo———————== Fo——————— == ==

MOTA

S e R TR EEE P

Pedestrians06  Pedestrians07 Vehicles06 Vehicles07

Fig. 3. Boxplot comparison of the MOTA per target type in the CLEAR 2006 and 2007
evaluations. The improvement of the median value of the MOTA for pedestrians is not
statistically significant, even though the newer system has negative MOTA only for the
outliers. The improvement of the median value of the MOTA for vehicles is statistically
significant.
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4 Conclusions

The AIT system for pedestrian and vehicle tracking for CLEAR 2007 evaluations has
superior performance to that for the CLEAR 2006. The most important modifications
are the way the evidence is associated to the tracked targets, and the track consistency
module that manages the tracks and classifies targets into pedestrians and vehicles.

A number of issues remain open. Firstly, the degraded performance on pedestrians
for the site 2 recordings needs to be analyzed. To do so, the MOTA score needs to be
broken down to its components: the miss, false positive and identity switch rates.
Secondly, color information can be incorporated in the evidence generation. Finally, a
tracker based on particle filters and the CONDENSATION [21] algorithm can be
incorporated in the feedback loop of the filter.
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