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Abstract. This report investigates how to track an object based on
the matching of points between pairs of consecutive video frames. The
approach is especially relevant to support object tracking in close-view
video shots, as for example encountered in the context of the PTZ cam-
era autotracking problem. In contrast to many earlier related works, we
consider that the matching metric of a point should be adapted to the
signal observed in its spatial neighborhood, and introduce a cost-benefit
framework to control this adaptation with respect to the global target
displacement estimation objective. Hence, the proposed framework ex-
plicitly handles the trade-off between the point-level matching metric
complexity, and the contribution brought by this metric to solve the
target tracking problem. As a consequence, and in contrast with the
common assumption that only specific points of interest should be in-
vestigated, our framework does not make any a priori assumption about
the points that should be considered or ignored by the tracking process.
Instead, it states that any point might help in the target displacement es-
timation, provided that the matching metric is well adapted. Measuring
the contribution reliability of a point as the probability that it leads to a
crorrect matching decision, we are able to define a global successful tar-
get matching criterion. It is then possible to minimize the probability of
incorrect matching over the set of possible (point,metric) combinations
and to find the optimal aggregation strategy. Our preliminary results
demonstrate both the effectiveness and the efficiency of our approach.
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1 Introduction

Tracking represents an important task within the field of computer vision. It has
been studied intensively for a broad range of applications including surveillance,
sport, traffic monitoring, augmented reality etc. Among these applications, ac-
tive tracking [9][12][6], also named autotracking in the literature, offers challenges
in both control and computer vision: a camera is commanded (pan, tilt, zoom)
automatically to follow a target, based on its own captured video stream. It thus
forms a closed-loop system where the error signal is measured by the tracking of
the target across successive frames. Recent advances in the ad hoc technology
have made it possible to command cameras accurately at high frequency, with



small delays. In addition recent computers can now process video streams in
realtime for heavy tasks such as tracking. As a result, it now becomes possible
to support active tracking over large areas, collecting close-up sequences while
keeping camera locked on the object of interest.

In this paper, we are primarily interested in tracking close-up views of a
target across a video stream. Since only a fragment of the target might be visi-
ble (due to the close-up nature of the view, but also to potential occlusions), we
model the target based on the texture locally surrounding a set of points. Hence,
our problem consists in inferring a correct target displacement, by analysing the
correspondance probability distributions computed for a given set of points in
two successive frames. The points and their matching metric should be jointly
selected to maximize the chance of correct target displacement inferrence. This
is in contrast with many previous works that use a single matching strategy
and restrict their investigation to points of interest, which are characterized by
highly discriminant and/or highly invariant features[4][7][I]. In addition, when
performing tracking in real-time, the computational resources to handle each
pair of consecutive frames are limited. Therefore, we introduce a cost-benefit
framework to maximize the chance to infer a correct target displacement, under
some global computational complexity constraint. The deployment of this frame-
work ends-up in selecting the points to match, and in adapting their respective
matching metrics to their textured neighborhood. It implies a formal definition
of the notion of point matching benefit, defined to reflect the contribution of each
individual point to a reliable estimate of the target displacement. The presented
matching framework can then be embedded in an active tracking process (see [2])

To conclude this introduction, it is worth pointing out that the proposed
framework, unlike most popular matching methods, does not make any a priori
assumption about the characteristics of the points that should be considered to
support the tracking. Instead, it provides a methodology to estimate whether
a given point neighborhood is worth being matched with some given metric.
Any point is potentially relevant to infer the target displacement between two
frames. Specifically, its relevance is estimated in terms of matching reliability,
as a function of the spatial neighborhood and of the envisioned matching metric.

The rest of the report is organized as follows. Section [2| motivates the ap-
proach in comparison with state-of-art tracking methods. Next, Section 3| intro-
duces the notion of matching metric, and explains how points should be selected,
and how their distance maps aggregated, so as to maximize the chance of correct
target displacement inference. Section [] then defines the cost-constrained target
displacement estimation problem, and proposes a heuristic method to select the
points and their matching metrics in a so called cost-reliability (CR) optimal
way. Eventually, Section [5| presents how the CR-optimal points matching pro-
cess can be used in practice. Section@ presents preliminary experimental results,
whilst Section [7] concludes.



2 Related works

A very common way to track objects in videos captured with still cameras con-
sists in modeling the background and comparing every new image to this model,
in order to detect foreground activity [13]. When the camera moves, it is possible
to reconstruct a sort of puzzle background, by compensating the camera motion
between frames. The performance of this method is, however, severely degraded
by the inaccuracies of the compensations (inaccuracy of detected motion and
optical geometry compensation). Therefore, the authors in [10] use background
subtraction methods that are robust to small spatial drifts. However, these meth-
ods really break down in case of zoom changes.

Because the tracked objects in our applications undergo severe global defor-
mations, while remaining locally quite invariant, we focus our investigations on
techinques using local descriptors and do not study trackers using global descrip-
tors like shape, contours or histograms. Moreover, for computational efficiency
reasons, we adopt a sparse representation of the object and do not consider mo-
tion analysis over the whole frame [3] or target [5].

Discrete local features have received a significant amount of attention in the
computer vision research community over the past 15 years. Among the numer-
ous developed algorithms, the most popular and intensively used methods are
certainly the Harris corner detector[d], the SIFT keypoints detector/descriptor
[7] and the similar speeded-up version SURF [I], but there exist plenty of them.
These approaches work symetrically by detecting key features in two images and
then perform discrete associations [I1]. Although these methods have shown to
be very performant in multiple viewpoints matching, panoramic recontruction,
object recognition, and other matching tasks, their performances in object track-
ing (especially for deformable objects) are questionable. One practical reason is
that keypoints are frequently located at the boundary of the object to track and
therefore include background information in their description, with the risk that
points drift into the background. The boundaries of a target also undergo non-
affine transformation because of their 3D nature, making them uncertain source
of information. More fundamentally, the use of a saliency criterion to select the
points to match between frames supposes that one knows what point will be
good for tracking a priori. In contrast, we relax this assumption, and consider
that any point could be useful to infer information about target displacement,
provided that it is matched with an appropriated metric. In the following, we use
matching metric to denote the combination of a point neighborhood descriptor
(e.g. a squarred grid of pixels) and its associated distance metric (e.g. euclidian
distance). By allowing the use of multiple strategies to match multiple points, we
also increase the system’s capability in handling specific problems. As a prime
example, a gradient-based descriptor will be sensible to motion blur on an im-
age, but not color histogram based descriptors, while these are led to mistake in
presence of similarly coloured background.



3 Points selection and distance maps aggregation for
reliable target displacement estimation

In this section, we investigate the procedure for aggregating information arising
from multiple points, and derive an objective criterion for point and associated
matching metric selection. Section [3.1] first defines the notion of matching metric
and formalizes the point matching process, providing the material to understand
the subsequent developments. Section then considers how to best aggregate
distance maps, in order to maximize the chance of correct target displacement in-
ference, while Section [3:3]introduces the additive metric that is used to quantify
the reliability of the target displacement estimate resulting from the aggrega-
tion of the distance maps computed for a set of target points. This metric is
fundamental because it allows to order a given set of points according to their
respective contribution to a reliable target displacement estimation. It will be
the core of the cost-reliability optimal selection method presented in Section [4]

3.1 Matching metric and distance map

We consider the matching of a point p from a reference image I to a query
image J. In the case of video tracking, I and J are two successive frames in the
sequence. The matching metric includes (1) the function rep(p, I) that computes
a feature vector (descriptor) describing the point p and its neighborhood in image
I, (2) the distance used to evaluate the similarity between two feature vectors
and (3) the search region S in frame J. A patch of pixels luminance around p, a
SAD-distance and a square search window define a simple example of matching
metric.

Let P be a set of N points representing an object of interest. Considering that
a matching metric is assigned (arbitrarily) to each point in P, N distance maps
are computed by applying the matching metrics between the reference points in
I and every point belonging to the corresponding search region in J. For every
point in P, the minimum of the distance corresponds to the most probable point
displacement.

3.2 Aggregation of distance maps for reliable target registration

For a given set P of N points, this section considers aggregation of N distance
maps dm;(z), i = 1...N, x € § = search region. For the sake of simplicity
and without loss of generality, we restrict the developments to S = {X,X },
which means that there are only two possible displacements X and X of the
target between frame I and J, X being the actual target displacement. The N
points of P belong to the same object, and are thus assumed to follow the same
translation, up to some deformation noise.



The N observations, corresponding to the matching of N points, are considered
to be independent. The most probable displacement X is given below:

X = argmax P(d = z|dm;(X),dm;(X)ji=1. )
zG{X,)_(}

By using the (conditional) independance of the observations and the Bayes for-
mula, after some developments, we get (f denoting the pdf)

X

N
argmax H fldm;(z)|d = z) f(dm;(Z)|d = x)
rE{X,X} i=1

N

argmax
zE{X,X} i=1

f(dmi(z)|d = z) f(dm;(2)|d = z) f(dm;(z)|d = 2)

fldm;(z)|d = z)

equal for x=X and z=X

We assume that f(dm;(z)|d = z) and f(dm,(x)|d = Z) are normally distributed
with parameters N(u;1,041) and N (w40, 040) respectively. For the sake of sim-
plicity, we also consider that o;9 = 041 = o;. This is not a strong assumption,
as the standard deviation reflects the variability of the distance, as a result of
the deformations of the tracked object. Hence, by taking the logarithm of the
product and after simplifications, we get

N
% dmi(x) — pir)? dmi(z) — pio)?
= arguin 30 (@) =) (dmi(a) = o)
ce{x,x}ix1 g; 9;

using relation a? — b = (a + b)(a — b) and developing, we have

N
X = argmin Z 2dm;(z) (i0 _QNzl) B (a1 + peio) (pio — Hi1)
zG{X,X} i—1 g; 9
constant term
i0 — [i . D;
= argmin Mdmi(x) = argmin Mz( )dmi(x), (1)
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where D; = dm;(Z)—dm;(x) oc N(pio—pti1,05+02 ). The likeliest displacement,
given N distance metrics two observations in two candidate displacements X and
X, is thus the one that minimizes g(x), a weighted sum of the distance maps
computed in the candidate positions.

3.3 Selection of points for reliable target displacement estimation

Now that we have found how to aggregate the maps (when they are just com-
posed of two measurements for each point, see Section [3.2)), we have to figure out



how to select the points whose maps should be aggregated to best estimate the
target displacement. The points selection problem is formulated as follows: given
a set P of P points, find the subset of indices @y such that {p;,i € n} C P of
points that minimizes the risk of wrong target displacement inference, given the
aggregation rule deduced in Section Let Dg, be the difference of aggregated
observations at the wrong and the right displacement,

P 0 ) I
Day = 9(X) —9(X) =} 20y [AmiX) — dmi(X). (2)

o (

xN(u(D;),02(Dy))

Given the decision rule defined by Equation , the probability of having an
error is equal to the probability that Dg, is negative. It must be minimized.
Because Dg,, is a weighted sum of gaussian variables, it also follows a gaussian
distribution and the probability of error is the lowest when maximizing its mean
versus standard deviation ratio, or the square of it:

by = argmaxM = argmax Z M—? = = argmax Z r2
dn (J—(ZD‘JS'N)2 dN o} dn ’

iedy

Hence, the objective function to maximize when selecting the points to ag-
gregate appears to be the squarred sum of the ratio between the mean and the
standard deviation of the variables D; associated to the selected points. The
ratio r; = p? /o? denotes the it" point matching reliability.

4 Cost-reliability optimal target registration

The developments of section [3| consider a simplified registration problem, ob-
serving the distances in two displacement candidates for a set of IV points, with
predefined matching metrics. In the proposed application, we are interested in
estimating the most reliable displacement within a predefined search window .5,
for a given amount of computational resources. Therefore, in this section, we
extend the set of candidates to an arbitrary search area, and consider that the
matching metric of each point can be selected within a set of metrics, so as
to achieve an optimal trade-off between displacement estimation reliability and
computational cost. Section [I.1] formulates the cost-benefit optimization prob-
lem, while Section |4.2| proposes a heuristic to compute an approximated solution.

4.1 Cost-constrained target registration problem definition

By definition, we consider that a target is registered between two frames once
the (translational) displacement of the target between the two frames has been
estimated. We showed that for two displacement assumptions X; and X5, under
some reasonable hypotheses, this is done by minimizing the weighted sum of ob-
servations dm;(X1) and dm;(X2) associated to a set of points @ = {p;,7 = 1...N}.



In Section [3:3] we have explained that the probability of incorrect target reg-
istration can be minimized by maximizing the sum of the points matching re-
liabilities r;. In practice, of course, the matching process generates more than
2 observations for each point. Those are spread over the search area S, result-
ing in a distance map (see Section . According to the results of section
and considering observation of the whole distance maps, minimizing the error
risk is equivalent to minimizing the probability of error in any location j # X
(X denotes the correct displacement) of the search region. This is achieved by
maximizing the sum of ratios 7;(j) = p?(j)/02(j), as estimated in the most
ambiguous candidate displacement j € S. In other words, to minimize the error
likelihood, the set of N points @ should be selected so as to maximize the
smallest (over all positions j) sum of reliabilities, i.e.

& = argmax min ri(J 3
v = argmaxanin 3 ri(j) (3)

J €PN

Estimating r;(j) for every possible j € S is, however, too expensive in practice.
Moreover, even if the r;(j) and underlying w;(j) and o;(j) had been estimated
for all positions j surrounding the i** point in the query image, they could not be
used for summing the distance maps, since, in practice, the actual position of the
it" point in the target frame is not known. In order to simplify the problem and
to make it solvable, we approximate the map r;(j) by a constant r; multiplied
by a binary mask b;(j). This means that for each point p;, we consider that
the r; function is characterized by two regions in the search window: one region
where r;(j) is small, i.e. where the distance map has low values, and another
region where it has high values. The distance map dm; corresponding to the
point p; primarily helps in rejecting the displacements j corresponding to high
distance map values, i.e. to position j for which b;(j) = 1. Fig. [1|illustrates this
approximation on several typical instances of distance maps, showing that the
hypothesis is reasonably justified in practice.
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Fig. 1. Distance maps are often divided in two contrasted regions of likely and unlikely
matching, and can be approximated by a constant r; multiplied by a binary mask

Two consequences arise from the above binary approximation. The first one
is a simplification of the distance maps aggregation process. The distance maps
dm;(j) can now be aggregated through a weighted sum, with a weight r; = u; /0?2,
assigned to each point p;, that does not depend on j. The second consequence
results from the fact that the area associated to large reliability values r;(j), for
which b;(j) = 1, is the one that helps the system to discriminate between the
wrong displacement candidates and the correct one. To complement each others,
points have thus to be selected so that they have complementary binary masks,
i.e. so that they best disambiguate (reinforce the 'wrong’ status of) points that



do not correspond to the target displacement. This notion of complementarity
will be further discussed in Section

Now that we have introduced our binary approximation, we come back to
our target registration problem. For increased generality, instead of considering
the selection of a set @y of N points among P points to best estimate the
target displacement, we consider that we have to assign, to each point p; in P,
a matching metric m(i) = my, selected in the set M= {my, k=1...K} of K
admissible matching strategies. Interestingly, assuming that the point skipping
decision defines a zero-complexity/zero-benefit matching metric option in M,
finding the optimal points matching strategies also implicitly provides a natural
solution to select @y, i.e. select the (number of) points that are worth to be
matched, with respect to the global complexity constraint C'. Hence, our problem

writes as solving
P P

m* = argmaxm_iankbik(j) subject to Zcik < C, (4)
meMN I T i=1

where the matching reliability 7;r, the mask b;;(j), and the cost c¢;, are
associated to the pair (p;, my), as defined in Section 3 and 4. This problem can
be shown to be NP-hard, by reduction of the Knapsack problem [g].

4.2 Heuristic technique for approximate solution

A first simplification for solving is to consider for each point only the best
matching metric my«, regarding the benefit /cost ratio. This metric satisfies k* =
argmax,, 7, /cix. The it point reliability is r; = r;;~ and every point can be

either matched with its optimal metric or not matched.

A natural way to solve problem heuristically is to start from an empty set
of points @ = {} and add points one after one, selecting each point so as to
disambiguate the matching at the most ambiguous location j on the distance
map, assuming that the actual target displacement moves the i** point to the
center of the search range. Algorithm [I] presents the pseudo code of our solution.
At each step, the most ambiguous location j* is determined (line 3). Next the
point that best disambiguate at location j* is computed and added to &.

Algorithm 1 Heuristic point selection method
1: ={}; N=0

: while @Nci<CandN<Pdo

2 Pi€
3§ =argming 3 g 7i(5)bi(J)
4

" = argmax;gq, 1bi(j")

o

Q={P,pix}; N=N+1

6: return ¢




5 Towards practical implementation

This section aims at giving a better understanding of the theoretical results de-
rived in Sections [3|and [4|through the discussion of practical implementation rec-
ommendations. Section [5.1] explains the implications of the choices of the initial
points set, and motivates the partition of the search region for solving problem
. It also proposes a method for estimating the parameters that are required
to solve the problem. Section gives an example of system implementation.

5.1 Principles to select the points set, and to estimate their
associated distance map parameters

The only hypothesis to keep in mind when choosing the initial set P is that
the observations should be mutually independant, conditionally to the target
displacement (as requested in Section . This is achieved by selecting points
that are not too close to each other. The set must be chosen, however, with
|P|= P large enough to be certain to include enough points that are worth to
be matched and can bring the variety/diversity of information required to solve
(), by maximizing the sum of reliabilities in every part of the search region.

When solving problem , using the heuristic approach described in Section
to select a point that disambiguate the matching in the most ambiguous
location of the search region, it is quite cumbersome to consider each pixel j in
S separately, while the distance maps and the associated reliability metrics r;(5)
appear to be constant over large regions, and could be simplified by grouping
pixels into subregions of S. Figl2] shows three ways for partitioning the search
region and their effect on the approximation of the pixel-precise mask B(j) intro-
duced in Section [4.1} and illustrated on Fig.[I] Hence, using this approximation,
in the 37 line of algorithm [1/in Section the most ambiguous location j* be-
comes the most ambuous region J*. Note that these approximations only affect
the choice of points to match and not the inference of the global target motion.
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Fig. 2. The binary mask (left) approximation depends on the chosen partition

The solution presented in Section [4] to select the points and their associated
matching metrics, but also to compute the weights for the optimal summation of
the points distance maps require to know, for each possible association (p;, my),
the mean u;;, and standard deviation oy, of the random variable D;i, denoting
the difference between the point matching distances computed in incorrect and



correct positions. The optimal points subset selection also requires to estimate
bir(J). We propose to estimate those parameters based on the observation of
the point neighborhood. This can be done, for instance, by computing the au-
tocorrelation of point p; in the reference image I, generating a distance map.
This map can be thresholded to define the binary mask B, and the mean and
variance parameters can then be computed over the sets of correct and incorrect
matching distances.

5.2 Example of practical implementation

In this section, we show an example of implementation of the proposed frame-
work. The method is then evaluated in section [f] In order to fully exploit the
possibilities of the approach, we consider a set M = {mq,ms} containing only
two matching metrics, and a random set P with a large number of points. This
contrasts with many solutions that seek for a small set of very strong points to
match very precisely. The metric m, adopts a simple descriptor: a vector of pixel
luminance values on a vertical line centered at the point location in the reference
image. It performs a search in a square search region S.

Equivalently, msy considers a horinzontal line as descriptor. Both matching
metrics use the sum of absolute difference as distance for similarity evaluation.
For the estimation of parameters yu;; and o;i, k denoting the index of the match-
ing metric, we compute the autocorrelation of point p; on frame I divide the
autocorrelation map according to the first partition represented on Fig. 2] All
the pk, oi and b, (J) are computed over these sets.

6 Experimental validation

This section aims at validating the proposed framework throuhg simple experi-
ments on two successive frames of a video. The tests focus on frame registration
and not on tracking, which involves too many other parameters. The experi-
ment is set up as follows: given two successive video frames I and J, given the
position of the target in I (mask), the method should infer the translational
displacement of the target with a limited computational power C. The method
that is evaluated here is the one described in A set of 12 pairs of frames,
with different kind of manually tagged targets (people) is used as validation set.
The displacement of the target between two frames is computed as the median
displacement of several manually matched points pairs.

The performances are measured by comparison with a method that chooses a
points set randomly and then assigns the vertical matching metric to half of the
points and the horizontal one to the second half.

Fig. 3| (left) compares both methods in terms of averaged motion error (in
pixels) for several complexity constraints C' = [2,4,6,9,12], the complexity unit
being the matching of one point. The motion errors have been computed over



the whole validation set and the tests were repeated to generate this averaged
error measure. Because the search region is a square of side equal to 80 pixels,
a mean error superior to 30 pixels is not better than a random guess of the
displacement.

In order to further reduce the complexity, we have tested the framework with
the same two matching metrics m; and ms, but reducing the search window
to a vertical (horizontal for ms) line. A single distance line is thus computed
to approximate the whole distance map. Surprisingly, the framework is able to
select points and associated metrics such that few tens of points are sufficient
to predict the target displacement sufficiently well (with a matching complexity
for each point that is considerably reduced). Fig. [3| (right) shows the results
using this particular metrics set. Again, the complexity unit corresponds to the
matching of one point.
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Fig. 3. Adapting the matching metric to the point neighborhood and selecting only
reliable points allows infering a correct displacement at a lower computational cost

These results demonstrate the benefit of using the presented framework, par-
ticularly when the cost constraint is critical. Indeed, in the first approach, 4
points are sufficient for estimating the displacement with the CR-optimal method
against 9 with the random method. In the second test case, 20 points generally
suffice for a good motion estimation with the proposed method, while 30 points
are needed with the random approach to perform significantly better than a
simple guess on the displacement.

Interestingly, the results are even better for estimation the motion of a car
between two pairs of frames, which is not surprising considering the number of
visual structures of the vehicles. On the contrary, the performances are degraded
when the method is applied on sequences where the target undergoes severe
deformations compared with the target size.



7 Conclusion

We have presented a formulation of the tracking problem within a points match-
ing framework. We showed that it was possible to optimize the reliability of the
target displacement estimation, under some complexity constraint, by adapting
the point matching strategy to each point regarding its neighborhood content.
The approach differs from classical methods in that points are not selected based
on some intuitive criterion, but are chosen so as to minimize the probability of
erroneous target global displacement inference. We have showed the validity of
our approach on a practical example, in which the combination of a few points
and associated “cheap” matching metrics were sufficient to infer the targets dis-
placements correctly between pairs of consecutive video frames.
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