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Abstract

This paper presents a robust and generic approach of object tracking in video
sequences. Here, the object to track is described by considering two well-
known image primitives: first, its content is described wRthints of interest

Such points are automatically extracted and then characterized according to
a selective spatial appearance-based model. Second, the object envelope is
described with &nake The originality of the SAP approach consists in a
complementary use of these two primitives: the snake allows to reduce the
points tracking to a limited area in each frame, and the spatial point descrip-
tion is exploited during the snake tracking, making the process robust to wide
occlusions. Since no model of trajectory is considered, the approach is robust
to wide motions of object and camera. The relevance of this approach has
been evaluated on several video streams. Results obtained with the most rep-
resentative of them are presented in this paper. The algorithms involved have
been implemented with the aim of achieving near real-time performance.

1 Introduction

In a variety of applications of image technology, such as medical image analysis, video
surveillance or scene monitoring, it is desirable to track objects in video sequences. Con-
siderable work has been done during the past few years in object tracking. There is no
theory for the segmentation of moving objects in videos, the methods depend upon the
target application. When a model of the moving object does not exist, the encountered
approaches usually focus either on image spatial structures, or on temporal tracking with
trajectory estimation, or on both. Different kinds of approaches exist, they are usually
based on region segmentation [20, 13], blobs [16], color histograms [21], optical flow [4],
point [25] or snakes [5] tracking.

The paper is organized as follows: section 2 describes the approach of object content
description we investigate, which is based on points of interest. In section 3, we remind
of snakes principles and we present a novel approach of object segmentation and tracking
combining shakes and points of interest. Experiments on video streams are presented in
section 4 to highlight the contributions of our method, before concluding in section 5.

2 Object tracking with points of interest

Points of interest are involved in many applications, like stereovision, image retrieval or
scene monitoring. For all of these applications, the extracted points usually represent sites
where the information is considered as perceptually relevant. Ideally, the point detector
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should be able to repeat the extracted points from an image to another whatever the pho-
tometric/geometric transformations involved. Many point extractors have been proposed,
see for example the comparison study [24]. The most popular one is probably the Harris
and Stephens detector [11] with its adaptations [23, 19, 17, 15].

Temporal approaches of feature point tracking existpfoint trajectory estimation
Classically, the encountered techniques involve a function cost defined for three consec-
utive frames. Different linking strategies are applied to find the correspondences and
optimize the trajectories. The first solution is the one developed by Sethi and Jain in
1987 [25] and called Greedy Exchange algorithm (GE). This algorithm is based on a cost
function which penalizes the changes of direction and the magnitude of the speed vector.
Salari and Sethi [22] solve the missing and spurious measurements problem of the GE
approach by introducing phantom points. In [26], a modified version of the GE algorithm
is proposed for point trajectory estimation in sequences of facial images. In [6], the algo-
rithm "IPAN tracker” described is based on the idea of competing trajectories. The paper
also presents a performance evaluation of feature points tracking approaches.

Most of the approaches listed above estimate a trajectory according to a local model
of trajectory. They do not exploit the visual appearance of the points to track. Since they
involve a model of trajectory, their main drawback is to be not robust to wide deformation
of non-rigid object and to wide occlusions. In this paper, we focus on spatial appearance-
based tracking approaches. Such techniques do notimpose any constraint on the trajectory
of the point to track and may allow wide occlusions, as it will be demonstrated.

Traditional approaches involvingspatial description of points of interesbme from
stereovision or more recently from image retrieval applications. From the works of Koen-
derink [14] and Florack [7] on the properties of local derivatives, a lot of work has been
done on differential descriptors [23, 1, 17, 9]. The point signature is based on a combi-
nation of differential quantities, computed on grey value or color images. They can be
adapted to obtain invariance under translation, rotation, changes of scale, affine or illu-
mination transformations according to the case. Usually employed in the context of tex-
ture classification, frequency approaches have been developed by considering the Gabor
transform that allows to take spatial relations between points into account [27]. A recent
performance evaluation of local descriptors [18] has shown that the local descriptor SIFT
proposed by Lowe [15]for object recognition performs best.

2.1 Our approach of point of interest tracking

We did not make the choice of employing the SIFT descriptor in our prototype, first
because it involves a high dimensional features set (128 items for each keypoint [15]),
making it not applicable for real-time video tracking purposes. Second, this descriptor is
invariant to several image transformations, making it efficient for object recognition but
not optimal for video streams where consecutive frames differ by small transformations
(this idea will be developed in section 2.2). Therefore, the characterization employed here
is the local jet of the signal which approximates the point neighborhood by a set of image
derivatives and which is invariant to image translation. Up to ongé@rcan be expressed

for the point(x,y) as follows:

J(xy,0) = {li,..i, (X, y,0)/k=0,..n} @)

wherel;, i, (X,y,0) represents thk!" image derivative relative to the...ix variables
(x and y) ando the size of the Gaussian smoothing applied during the derivatives compu-
tation. Under the gaussian assumption, the similarity measure traditionally combined with



this characterization is the Mahalanobis distadéévi,v2) = (vi — Vo) TA vy — ).

vi € V with V ¢ RY is the feature space associated to the chosen characterization. The
involved covariance matriX\ takes the different magnitudes, possible correlations and
variability of the feature components into account. In the rest of the paper, such a point
characterization space will be not@d, 62).

Point matching algorithm. A specific model of trajectory is not exploited here. We only
suppose that the poirpi;' characterizing the obje€; of frameF; has its corresponding
point in framekF_1 inside an area which is simply modelled by a circular windéof
sizet centered orp!. The matching algorithm consists in finding (v, 5%) the nearest
neighborpk,; of p!, with p¥, , in W(p/). A match having a distanc&® higher than a
given threshold is eliminated. Under some hypothesis, the threshold can be automatically
chosen from thg? table. Then a classical cross-matching algorithm is appliédjd?)
in order to build a set of matchegp/, pikJrl)} with points involved in each match at
best one time. Semi-local geometric constraints that consider spatial relations between
neighbor points can be added to enrich the point matching algorithm [23, 9].

Our algorithm privileges the visual similarity of points of interest. Tparameter can
be viewed as a function of the velocity of the point to track. It can be estimated from the
couple(p}fl, piJ) of matched points, as in the approaches of point trajectory estimation.
In that case, the matches involve points which are visually similar and constrained by a
particular velocity from frameB;_; to F1.

2.2 A study on models of noise

Point descriptors are subject to different kinds of noises: by definition, they are at best
only quasi-invariant [2] to any point of view and in practice, they are sensitive to image
acquisition (sensors and sampling errors may be important forimages coming from video
sequences), to numerical errors, to points of interest delocalization, etc.

These considerations show the importance of the similarity measure which must be
carefully chosen for the considered descriptor to achieve best performances. An optimal
similarity measure is directly related to the shape of their variability. When considering
the Mahalanobis distance, this noise can be integrated in the similarity measure via the
covariance matrix\. When a model of noise of the components cannot be specified, the
way to estimaté\ comes down to different empiric solutions:

e EstimatingA from all the available data. This simple solution generates weights
that are not discriminant, since representing a rough model of noise. Even so, this is
the most common solution encountered to compare features with the Mahalanobis
distance. In the rest of the article, the similarity measure obtained from such an

. . . 2 .
estimation will be notedy,,

e Estimating/\ from points of interest whose local neighborhood is submitted to syn-
thetic photometric and geometric transformations and perturbations that usually
apply to images;

e Estimating/\ from training sequences of real images. Several points on differ-
ent images with representative perturbations are tracked and a combination of the
covariance matrices obtained can be used as the model of noise of point characteri-
zation. This solution has been adopted in [23] for image retrieval. The Mahalanobis
distance obtained from such an estimation will be n@igg-



The point characterization approach used for our first experiment is the local jet up to
order 2, implying the feature spa¢é¥, 6%). We evaluated the two models of variability
5%ugh and§Z,ineq through our point tracking algorithm. Several training video sequences
involving various contents and image transformations were considered to estimate the
covariance matrices. Th&ough One was computed from the extracted points in all the
sequences. ThAiaineg ONE Was estimated from points tracked in several frames. The
training sequences were calibrated in order to automatically determine the sequences of
extracted points and to evaluate the efficiency of our tracking algorithm: the camera was
static and the models of object motion to track were known.

If we consider a video containiny framesF, vic(1.n With nj points of interest ex-
tracted on the object to track; in framek;, we compute two kinds of scores:

1 NZ1{CM(O,0i11)} S ot 1 NZ1{FM(G;,0i51)}
N-1.4 min(n,ni1) AeTN=1 4 min(ni,nisg)

S:orrect: (2)

Sorrect iNvolves the number of correct matchfg@M(0;, O;11) } obtained betwee®;
andO;1, whereasS;yse is related to the false ond$M(0O;,O0i41)}. These quantities
are normalized according to the numidy; of effective matches existing betweén
andOj;1. For simplicity,M; j is replaced by its upper boundamyin(ni,ni;1). A match
is considered as correct if the involved points respect the motion of the object (which is
known for the evaluation), and false if not.

Figure 1 presents the point matching scores and histograms of distances obtained
according to three models of variability. For the moment, we only focus om\ihgn
and/A¢rained ONES.
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Figure 1. Matching scores and histograms of distances obtained Withigh: trained @nd
Nconstrainegmodels. The third score presented is the ratio of correct matches according to the
whole set of matches found. The associgtédhreshold is represented by a vertical line on the
histograms 2 = 12.6 for d = 6).

As expected, the scores obtained clearly confirm that a model of noise is necessary
to exhibit the relevance of the point characterization employed. /Nhgn model does
not represent an efficient model of the variability for the point characterization. Many
measures)s, ., produced are smaller than the associgtédhreshold, leading to high



rates of false matches. THg,neq model provides a more selective measq?rgmed

Note that the peak of the corresponding histogram is moved behind the threshold. The
number of correct matches is better while the number of false matches is reduced, making
6% better the ratio of correct matches compared to the matches found.

On the choice of the point characterization. The scores presented in figure 2 remind

the importance of the choice of the point characterization. Here, two characterizations are
tested: the local jet of equation 1 which is invariant to translation and the Hilbert’s differ-
ential invariant$ which combine local jet items to achieve invariance to image rotation.
The model of variability employed here is tiineq ONe. The covariance matrix has

been trained on sequences involving objects moving according to an image rotation. The
sequence used for computing the scores contains the same motion but does not belong to
the training sequences.
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Figure 2:Matching scores obtained according to thgaineg model, with two point characteriza-
tions: the local jet and the Hilbert’s differential invariants (up to order 2 and up to order 3).

The best matching results are obtained with the local jet, despite the fact that this
descriptor is not invariant to rotation, as the Hilbert’'s one. This observation leads to the
following conclusion we generalize to other usual image transformations: when images
differ by small transformations (it is typical in video sequences), the way to develop the
most robust descriptor is to keep it the less invariant possible and to learn the variability
generated by the small transformations involved through the similarity measure. De-
veloping features invariant to several transformations naturally leads to a less selective
description.

Another observation concerns the sensitivity of high order derivatives. Here, adding
order 3 does not improve the scores significantly. These precise features do not resist to
the poor quality of video images, as demonstrated in [10] for image retrieval.

Constraining invariance. Estimating the features variability on training sequences also
allows to specify more precisely the range where there are allowed to vary, without to
enforce complete invariance as it is usually performed. For instance, it is possible to
constrain invariance only in a range of rotation angles. Indeed, in video sequences, it is
rare that two consecutive frames (or parts of frames) differ by large rotation angles. To
confirm this idea, thé,ineg model was re-estimated on training sequences differing from
small transformations; the model obtained\ignstrained VWe considered image rotations
with angles smaller tha®2 °. Matching results involving such a model are also presented

in figure 1. The best results are obtained with this model: the numbers of false and correct

IFor grey value images, the local jet involves 6 features up to order 2 and 10 features up to order 3, while the
Hilbert’s differential invariants involve 5 features up to order 2 and 9 features up to order 3.



matches slightly decrease, but the ratio of correct matches &6n#\s illustrated with
the corresponding histogram, the similarity measiie; .ineqiS €vEN more selective.

3 Object segmentation and tracking with snakes

The Snakes theory was born in 1987 with the work of Kass et al. [12]. A complete state of
art about snakes can be found in [3]. Snakes are widely used for segmentation, shape mod-
elling and motion tracking. A snake can be represented as a parametric&ums) =
(x(s),y(s)),Vs € [0..1]. From a given starting position, the snake deforms itself in order

to stick to the nearest salient contour. The snake behavior and its evolution are governed
by a weighted combination of internals and externals forces and is computed as an energy
function E to minimize, withE = [3(a(s)|V (5)[2+ B(s) V() [?)ds— [y |0l (v(s))|?ds
Minimizing E is not easy. A numerical solution consists in considering a discrete repre-
sentation ofs” and in developing an algorithm which proceeds iteratively.

Regularization of the curve. The discrete snake is a vector of node.i) linked by
segments. Three forces are usually applied on each node of the snake. The first one is a
stretchingforce which can be written &retching= | v/ (X — X—1)2 + (¥i — ¥i—1)2|" — Dret
whereDet represents the initial distance between two consecutive nodes. The second
force is thebendingforce which can be written &ending= (Xi—1— 2Xi +Xi+1)2+ (Yi—1—

2y, +Viy1)2. This curvature is an approximation which is faster to compute. The third
force is theexternalforce which comes from the image itseEexternai= — |01 (X,y)|2.

Some temporal forces can be added to help during the tracking [5].

Minimizing the energy. In order to reduce computation time, a determinist algorithm
which reduces the total energy of the snake by reducing the energy of each node separately
was chosen. This process is iteratively repeated as the snake energy decreases. During
the optimization, the candidate neighbors of each node stay on a segment orthogonal to
the tangent of the node. For each candidate, the energy is computed as described above.

3.1 Exploiting points of interest to enhance snake tracking

At present, we are able to characterize the viéwof an object in a framd5 with a
set of interest points noted and with a discrete snake not€&d The complete object
characterization obtained is the cougi®,S). In this section, we propose a method
consisting in exploiting th® features to make the snake tracking more robust.

Let consider two sets of poin® andP; characterizing two view®; andOj of the
same object in two framel andFj. Matching these two sets (or subsets) allows to
estimate the image transformati@y existing betweei®; andO;. Here, the objective is
not to estimate the motion of the object betwégandF;, but only the object evolution
in the frames. Consequentlf,; can be used to enhance the snake tracking between two
consecutive framek; andF1: the snakeS,, can be initialized withT; ;(S), before
optimizing it for the viewQ; ;.

Robustness against wide occlusiongiccording to the object characterization we have
adopted, we consider that an object becomes occulted in a ffamleen few pointsR
can be matched witR_1. In such a case, points are extracted in the whole frafgs

as long as the object is occulted. The corresponding sets obtained areR;gligsl.



Now, let suppose that we have at our disposal the description riBigdS,,) of
one of the view€); ., before the object occlusion, and the Bg§onal extracted from the
frameF; when it reappears,,, andP; giobai AN be compared according to the approach
detailed in section 2.1. It is reasonable to suppose that the poifggba Which are
involved in the matches obtained give a characterizeffionf the viewOj. Then esti-
matingT;_.; from some of the pointéR ,,P;) in correspondence allows to initialize in
Fj a snake withT; , j(S,.;). This technique supposes that a vi@y,, which is quite
similar to O; exists and thatR,,,S,.) is available. To do that, our approach consists in
storing during the tracking sub-samplé%, S)i—x, .. k, Of the object characterization in a
FIFO list calledHp. Under this hypothesigR,,,S,.;) can be chosen withiklp as the
description which fits better a subset®fona. The algorithm is illustrated in figure 3.

Matching of pointsP; giobal With pointsP,, R, andR,
; I

HD(F|1) HD(Flz) HD(Fla) (b)

Figure 3:Tracking of a face after a full occlusion. On the left, 3 items of the history list. On the
right, (a) shows the pointg; yohal €xtracted on a whole frantg after the occlusione points refers

to theP; which better match with points éfp (here withR,) and+ points are unmatched points.
The dotted snake drawn B, j(S,) = Sj,init- (b) shows thé>; points plus the optimized snaig
obtained fronts; jnit .

3.2 The complete algorithm of tracking with snakes and points

The SAP algorithm proceeds as described in Algorithm 1. Points are extracted using the
Precise Harris detector and characterized with the local jet associdiéddd,,.q)- TWO
points sets are matched according to the matching approach presented in section 2.1.

In this algorithm, the window\Vs_, considered for the points of interest extraction
in frameF; is based on the snake computed in frafng. The area associated $ 1
only gives inF a first approximation of the area where to extract the points that will
characterize the object. Since the points to track may have moved between the two frames,
it is necessary to consider an enlarged surface. We consider a simple dilatation of the
surface associated ®_1, noted/(S_1). The size of the dilatation can be viewed as a
function of the points velocity, as for the paramdt@f the windowW used during the
point matching process between two frames (see section 2.1).

4 Results of object tracking

In this section, we evaluate the robustness of the SAP prototype against a full occlusion.
The actual video resolution is QCIBE2x 288) and image is acquired in YUV12 format
(4:2:0). Only the Y part, containing the grey level information is exploited.



Algorithm 1: Object tracking with snakes and points of interest.

/| Structures initialization
- Manual surrounding of the object to trackFq. It givesSy jnit;
- Optimization ofSy jnit for the objectO;. A refined snaké; is obtained;
- Extraction of a set of point8; in F; inside the area defined 1%;
For each frameF; ;-1 of the sequencedo
If (Pj,l,Sj,l) # (9, 9) then

/I The object was globally visible in frame Fj_3

- Extraction of a set of pointB; in F; inside an area? (Sj_1);

- Point matching of thé®;_; set with theP; one in(Vg, 5%);
— P

Iref

else
Il The object was widely occulted in frame Fj_1

- Extraction of a set of pointB; gopal in the whole framés;;
- Search irHp of the R set associated with the best score
SCRy4 (PR, Pj giobal)- It involves a subse®; C Pj giobal;
- Plref —H;

end if

If enoughB, ., points are matched with th onesthen
Il The object is globally visible in frame F;
- Estimation ofT;,,,; from the matches betwed}),, andP;;
- Sj,init - Tirefaj(sref);
- Optimization ofS; jni for O;. A refined snaké; is obtained,
-Hp < Hp + (P}, §j);

else
/I The object is widely occulted in frame F
Pj — Sj — O,

end if

j—i+1

end for

Here, the object (a clock) completely disappears behind an obstacle. When disap-
peared, its trajectory does not follow the same one as before the occlusion, making a
model of trajectory unusable. Figure 4 presents particular frames before, during and after
the occlusion. The object characterizations associated are superimposed on the frames.

About computation time. For such an application, computation time depends on many
factors as the video input format and resolution, the frame rate, the number of feature
points extracted in each frame, the number of frameklgn the area of the targeted
object, etc. All the algorithms developed have been chosen to be real-time compatible.
At present, the optimization phase have not yet been made but we think that real-time is
achievable. The following estimations give an idea of the actual performances, based on
an Intel Centrino 1.6 Ghz CPU computer:

e Snhake used alone (as object tracker): 25 ms/frame (40 frames/sec);

e Snhake used in cooperation with feature points tracker: 80 ms/frame (12 frames/sec);
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Figure 4:Evolution of the object characterizatiq®, S) during the tracking, in the presence of a
full occlusion. In frameFg, the object is manually surrounded in order to deffgjnic. Frames
Fsoe, Fso3 and g1 have been respectively taken before, during and just after the occlusion.

e Time to retrieve the best candidatehhsg: 200 ms, depending on the number of
points inserted in each history item.

5 Conclusions and future work

In this paper, we have presented a novel approach for object tracking in video sequences,
named SAP. The object to track is described by considering two generic image primitives:
points of interest and snakes. No model of object nor trajectory is used to achieve the
tracking. We focused our work on two particular aspects: first, we tried to develop an
appearance-based point characterization the most robust possible to the variability that an
image coming from a video may contain. Second, we exploited such a characterization
to make the snake tracking more robust. The experiments realized on wide occlusions
clearly show the relevance of the spatial description of the points we propose, when a
temporal one would be lacking.

The SAP prototype represents the foundations of our object tracking approach. Im-
provements of this work are various. At present, we are studying a model of variability
for the point characterization which is learnt during the object tracking. We also plan to
enrich the SAP characterization by adding more temporal information, with the aim of
developing a complete model in agreement with studies on human vision, like [8].
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