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Abstract. This paper presents a local approach for match- — the level of description (primitives) at which the match-
ing contour segments in an image sequence. This study has ing is attempted,
been primarily motivated by work concerned with the re- — the technique to match these primitives.
covery of 3D structure using active vision. The method to _ _ _ )
recover the 3D structure of the scene requires to track infhe choice of appropriate features is crucial to the corre-
real-time contour segments in an image sequence. Here, w@Pondence computation. Low-level features, like pixels, in-
propose an original and robust approach that is ideally suite§©lve a simple matching process, usually some form of area
for this problem. It is also of more general interest and cancorrelation (Goshtasby et al. 1984; Shen and Castan 1987;
aries over time. This method only involves local modeling correctly between successive frames because of their poor
contour segment primitive representation. Such an approachatches, are easier to match, but hard to extract reliably from
brings robustness to contour segmentation instability angompleximages (Chen and Nakatani 1992; Schweitzer 1993;
to occlusion, and easiness for implementation. Parallelisn@bata and Aggarwal 1996). Therefore, the best compromise
has also been investigated using an SIMD-based real-timeften appears to be the choice of edge elements, and, partic-
image-processing system. This method has been validatgdlarly, Imegr contour segments, as basic primitives (Med|on|
with experiments on several real-image sequences. Our réind Nevatia 1984; Mcintosh and Mutch 1988; Deriche and
sults show quite satisfactory performance and the algorithnfaugeras 1990; Lee and Yu 1990; Liu and Huang 1991;
1992; Tsai 1993; Wilson et al. 1994; Christmas et al. 1995).

Key words: Contour matching — Directional convolution Description of such primitives consists of simple proper-

masks — Parallel processing — Real-time computer systenideS (length, orientation, ...) of the contour segments, and
— Tracking of moving edges geometrical relations between them can also be considered.

Matching is then usually achieved as follows. First, con-
tour segments are extracted from the two considered images
by detecting spatial edges, linking them, and determining
a polygonal approximation. Then, correspondence between
these two lists of segments is sought for, making use of the
global parameters describing each contour segment. Ambi-
UEuities often appear which may be partly alleviated using

1 Introduction

Matching features extracted from successive images is

;(;rgnllgn Is(,)t\(lav-kiar\\li 121?]; i?aw;Ché??a\gigghggdaf tca?nzltdtfgi _training the potential matches of other segments so that
y Step 9 y 9 eometrical relations are preserved.

ing, depth recovery, object recognition, autonomous vehicl In Medioni and Nevatia (1984), the correct match is ob-

guidance, and many other tasks. This operation remains fiined using a relaxation operation which tries to find the
difficult issue. Part of the difficulty comes from motion and most consisgtent matches rgservin the geometrical relations
depth discontinuities, and object occlusions that occur i W feat B P f th 9 b'I'tgt inf istent
real-world scenes. Furthermore, features can be matchedr?ﬁe een teatures. because ot tNeir ability 1o Inter consisten
many ways. interpretation from mcomplete.lnput, relaxat[on processes
Several algorithms for establishing correspondence hav rowdeﬁan fattraat_wg mean of_|ne>iact dmatchmg. Howe¥ﬁr,
been proposed (Brown 1992), differing mainly on two ele- ey suffer from high computational and memory costs. The
ments: same matching sch_eme is aI_so used in several o_ther works
(Li 1992; Nasrabadi 1992; Wilson et al. 1994 Christmas et
Correspondence tdS. Boukir al. 1995).

ontextual information. Thus, segments are matched con-
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Another method that is widely used for matching linear summation step is performed along the columns and along
features (and others) is based on the hypothesis predictiotwo diagonal paths corresponding to two orientation offsets.
and verification process. The algorithm described in Ayachdn practice, the estimate of edge location will be biased. Ad-
and Faugeras (1986) is a typical example of such a paradignaitional accuracy can be gained by finding the zero-crossing
In this approach, a hypothesis is first made to match two canef the second derivative at the computed orientation.
didates for pairing. Then, this hypothesis is propagated over This method is highly time efficient, but works well only
the other candidates, until it is rejected or it fits with most when the predicted orientation of the tracked segment is cor-
of them. Thus, another hypothesis is made and the procesgct. Furthermore, the presence of several contour segments
is repeated until all the possible hypotheses are tested, s the window of interest will greatly affect the tracking.
lecting the most adequate with respect to a quality measure.  Qur contour-segment-tracking method uses the following
The major drawback of such an approach is also its compufeature-level representation: a line segment (called a “vir-
tational costs. However, unlike the relaxation-based methodyal” segment here) is only represented by a list of pixels
it has an intrinsically parallel nature since each hypothesigjts corresponding edge chain) and is defined by the two po-
may be propagated independently. lar coordinate parameterg, @) of its support line. We use

Another way of facing this problem is to introduce a ga different tracking procedure. Indeed, our method performs
temporal recursive filter to track contour segments (Dericheocal matching of each pixel of the contour segment. There-
and Faugeras 1990; Palm et al. 1992; Crowley et al. 1992ore, it combats noise and occlusion more effectively. A first
Zhang and Faugeras 1992) and to introduce a prediction stegersion of this method has been presented in Boukir et al.
Matching becomes a cyclic process composed of three maif1993).
phases: predict, match, and update. Contour segments are Thjs paper is organized as follows. Section 2 briefly
represented as parametric primitives. These parameters afesents the main application that has motivated this work.
updated, usually using a Kalman filter. The correspondenceection 3 describes the first step of our tracking algorithm:
between observed and predicted segments is often achievege selection of a “virtual” segment in the first frame. Section
through the use of similarity function based on the Maha-4 focuses on the tracking stage, which relies on an algorithm
lanobis distance betyveen attributes of th segments. Theggy detecting moving edges. Section 5 is devoted to the par-
methods are attractive because they limit the search aregje| implementation of our matching algorithm. Section 6

and handle ambiguities more effectively since they produceyrovides the results of experimental evaluations, followed

Other typical methods for matching have also been re-
ported in the literature, like dynamic programming methods
(Maitre and Wu 1988; Meer and Weiss 1992) and graph-
matching methods (Horaud and Skordas 1989; Cinque et af Problem statement
1996; Gold and Rangarajan 1996).

It is often a poor image segmentation step that limitsOur matching technique was originally motivated by appli-
the effectiveness of these matching methods. The main difeations in the nuclear sector, but it is of general utility and
ficulties stem from the loss of image entities due to under-can be applied to many other domains. More exactly, the aim
segmentation and the presence of spurious entities due g to assist a human operator in a maintenance task inside
noise or over-segmentation. Thus, the end-points and lengths power plant that is generally encumbered with numerous
of the corresponding contour segments may not necessarilyipes. To this end, we have previously proposed (Chaumette
be identical. Therefore, the matching technique should best al. 1996) an active strategy for 3D structure estimation
able to handle inexact matching. The same problem occursf cylindrical primitives adequately modeling pipes, using
with the presence of occlusion. Furthermore, such methoda mobile monocular camera. This meth has been validated
may become too complex to be implemented for real-timein real experiments and turned out to be a powerful. For
performance. each cylinder of interest, the 3D spatial structure estima-

Unlike previous methods, Hager and Toyama (1996) pro+ion is accurately achieved if an optimal camera motion is
pose a real-time contour-segment-tracking algorithm whichselected. This optimal motion is then automatically com-
does not require dedicated processing boards, and avoiqsuted by image-based closed-loop control laws (Espiau et
facing segmentation instability. Indeed, it does not aim atal. 1992). Other primitives, like straight lines, spheres, etc.,
explicitly determining and using contour segment structurescan also be considered. We control displacement and attitude
A contour segment is characterized by its position and orienof the camera in order to maintain the cylinder projection
tation, as well as its filter response. Given prior information, stationary in the centre of the image (gazing and fixation
a window is acquired which, if the prior information is cor- mechanisms), while the camera is rotating around the cylin-
rect, leads to an edge which is vertical within the window. der axis (structure from motion principle). We have called
Convolving each row of the window with a scalar derivative- this estimation approach “structure from controlled motion”.
based kernel, summing down the columns of the window,This is an example of the active vision approach to scene
and then finding the maximum value of this 1D responseanalysis. This has the following implications in the way the
function, localizes the edges. This detection scheme requiresiatching problem is tackled:
orientation information to work correctly. If this information
cannot be supplied from higher level geometric constraints, — since displacement and attitude of the camera are con-
it is estimated at the image level. An expanded window cor-  trolled, we can use a prediction of the motion to ensure
responding to the predicted orientation is acquired, and the fast matching search;
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— since the 3D recovery method only requires the computime, we proceed in two steps: a first step with a coarse sam-
tation of the parameters of the edge support line, we dgling for p and 6 giving rise to a maximum d,q., Omaz)
not need to explicitly manipulate contour segments. which corresponds to the densest region within the param-
eter space. Next, the Hough space is reduced to a window
fftnite round the valueso,az, Omaz), @and a higher sampling
or p and# is used. This second step provides the parame-
ters (5, 0) related to the selected support line on which we
proceed to detect the longest edge chain.
— select a contour segment from the first frame of the image
sequence, and
— track the selected contour segment along the image se3.3 Edge chain location
guence.

Such an approach requires that the image analysis step
performed in real-time. Therefore, we propose a real tim
solution for the tracking of a contour segment. We have
examined the problem in two parts:

The chaining algorithm that we have developed is simple.

Besides, parallel processing has been taken into account {gqeed, the previous stage provides an information of key
allow real-time implementation. Parallelism has been invesj,iarest namely, the parametemg()"related to the selected
tigated using Sympati2 (Basille et al. 1988), an SIMiased  ghnort line of the points to be chained. The chaining is

real-ime image-processing system. performed according to the following steps:

1. edge chain computation: edge chain points are looked for

3 Selection of a contour segment in an area limited to a strip centered around the support
line defined by the parameters, ¢),

The problem we address in this section is to select a primi-2. small edge chains are discarded and neighboring ones
tive, i.e., more specifically, an edge chain that will be tracked  are merged,
along the image sequence. The selection of the primitive is3. selection of the longest edge chain: it represents the con-
performed in three steps: tour segment that is to be tracked along the image se-
qguence. Indeed, as explained later, we do not need to
perform a polygonal approximation. This level of repre-
sentation is sufficient for our matching technique.

1. detecting spatial edges,
2. selecting a significant support line using the Hough trans-
form (HT) technique, and

3. locating the longest edge chain lying on the selected suptet us note that only the first image of the sequence is
port line. concerned with this preliminary stage. The computational
constraint necessary to ensure real-time contour-segment-
tracking mainly concerns the matching stage (next stage).
3.1 Spatial edge detection

Several efficient edge detectors have been developed, show-Matching contour segments

ing comparable performance. We have chosen the Shen-

Castan filter (Shen and Castan 1992), which is an optimafrhe technique for matching contour segments that we have
recursive filter whose transfer function has a discontinuitydeveloped exploits a method for determining local moving
and a sign change at the origin. This filter offers good preci-edges (MEs) previously designed in Bouthemy (1989). Let
sion performance in localization, and is easily implementedys first outline the main principles of the latter, then we will
on an SIMD architecture. describe the extensions we have introduced.

3.2 Selection of a support line 4.1 Local matching of edge points

A support line is selected using the HT technique (Duda andrhe edge-point-matching procedure relies on the modeling
Hart 1972) that was chosen for its robustness and its easineg$ a moving edge as a spatio-temporal surface patch in the
to be implemented in an SIMD architecture. Having consid-image sequence considered as a volume (Bouthemy 1989).
ered the polar coordinateg, ) as the line parameters, the A likelihood ratio test allows us to determine its location, its
Hough space will be thep(6) space, with 0< p < A/2,  |ocal spatial orientation, and its displacement component or-
whereA is the image diagonal and0 6 < 2x. Then, find-  thogonal to the edg& . An image sequence is considered
ing the solution requires searching for the cell in the Houghas a 3D volume with two spatial dimensiopxsy) and a tem-
space that receives the maximum number of votes in theoral dimensior(t). In this volume, an ME locally generates
accumulator arrayd (p, 6). Let us point out that such a tech- a small surface patch. This surface may be locally approxi-
nique allows us to easily make other choices (e.g., secon¢hated by a planar patch defined by the following parameters
highest pick) or to add supplementary constraints (e.g., high¢Fig. 1):

est pick within a given orientation interval) for selecting the
contour segment of interest. Only the edge points take par
in the voting procedure. In order to reduce the processing

d. position o, yo) and angled with respect to the-axis,

2. angley with respect to thé-axis, whose tangent provides
the normal displacemerit of the ME in the image
1 Single Instruction Multiple Data plane {1 = tany).
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t=1g : T ing method does not require spatial edge detection for each

6 Y frame of the sequence. This processing, as previously ex-

(zo,40) Y plained, concerns only the first frame on which we select a

; contour segment to track. Thus, our method is not a classi-

L cal contour-based matching method with edge detection and

\ contour segment determination steps at each frame of the
v

sequence. We propose an original method arising from the
T ME computation algorithm. This pixel-based method relies
on three basic steps, explained in the following subsections.

t

Fig. 1. Local modeling of a moving edge as a spatio-temporal surface patct4.2.1 ME computation
(here, a planar patch)

Given a pixel listL; corresponding to the current “virtual”
. . ; segmentS; in imagei of the sequence, we want to deter-
The planar patch model is the most simple, and is ®38Shine their corresponding points in imagel, using a new

ily tractable. More complex surface patch models can alsq,_ . .
be used, provided they may be parametrized (ldaaad version of the ME computation algorithm adapted to our

Bouthemy 1987). Let us consider an elementary volume matching problem. The ME determination is now achieved

located at £o, yo, to) in the 3D volume(x,y,t) The method in the following steps.
described in Bouthemy (1989) supplies the detection of sucta. Optimal convolution mask: The direct computation of
surface patches and the estimation of their paramétarsl 9, the optimal estimate of the spatial orientation $f is
V+. This method is based on a log-likelihood ratio test tak-available here, as explained below in Subsect. 4.2.2. This al-
ing into accoun hypotheses of local configurations. Thes@ows the derivation of perfectly suitable convolution masks
hypotheses stemming from the spatio-temporal modeling ofmproving the robustness of the log-likelihood ratio test. In
the ME are associated with two competing situations: eithethe primary version (Bouthemy 1989), a coarse quantization
there is no ME insider, or there is one. Each hypothesis is used (for instance, every 4%or angled) and all possible
is associated with a likelihood function, which is the joint values ofd need to be evaluated in turn. On the contrary,
probability density function of the intensity variables within in the present case, a much finer accuracy ¢an be con-
the elementary volume, which are assumed to be indepen- sidered, since only oné value is relevant. This precision
dent Gaussian variables. It turns out that the computation Oéreaﬂy improves the reliability on the measure16t, the
this test leads to a simple convolution operat on with a set ohormal displacement. This represents a significant optimiza-
masks associated with pre-defined geometric configurationon on the computational load. Now, the ME determination
of the ME. In this primary version, all allowed quantized only involves the estimation of -, since the location and
values of both orientation and displacement are considereghe spatial orientatio of MEs have been previously and
in a systematic way. “externally” determined.

Our choice of such an approach has been mainly moti- | et us denote b)M‘le* andMﬁg*, the convolution masks

vated by the following factors: associated witt9*, the integer value closest t Imagesi

— the attractive property of deriving an elaborate decisionandi+1 are convolved witrM‘}g* and M‘Ze*. These masks are
criterion with a convoluuon—ll_ke efﬁmency, whlch IS @ the same and can be pre-computed when the displacement
quite valuable feature to achieve a real-time implemen-magnitudes are limited to integer values in the pixel grid.

tation.

— the successful handling of various kinds of edges (inb- Search area:Due to the aperture problem,_we can Iocallly
particular, those corresponding to occlusion boundariesfStimate only one component of the edge displacement, i.e.,
(Bouthemy 1989) he component normal to the edge, leading to a 1D search

— the absence of restrictions concerning the extent of mea@’€a in that direction as illustrated in Fig. 2, where the intro-
surable motion magnitude. duced notations have the following meaning:

However, the determination of the whole set of MEs within — Pj € L;: edge point of edge segmesi.

an image is time consuming, especially when the density of — Q7: possible new location of poinP; in the direction
spatial edges is high. On the other hand, as stated before, normal to the edge aF;, in the imagei+1, j € [—J, J]
our reconstruction strategy tackles only one contour segment where J is the maximal allowed displacement magni-
at a time so as to optimally obtain the 3D spatial structure. tude.

Therefore, the ME computation concerns only a restricted
subset of the spatial edges within the image. The processing,
time is then significantly reduced, as demonstrated later. id

According to the direction of the normal &, the con-
ered displacements do not necessarily correspond to entire
locations@;, within the image grid. On the other hand, deal-
ing with non-integer values of displacement requires either a
4.2 Matching “virtual” segments computation of new convolution masks or some interpolation
of the intensity function. Both involve significant additional
The aim here is to track the selected “virtual” segmentcomputational costs. This problem can be alleviated by con-
along the image sequence. Let us emphasize that our trackidering only four main search directions
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«—X—>
“«—X—>
“«—xX—>

Fig. 2. 1D search area for the ME determination

of the sum of the convolution values computedFat and

i using the maskg\/[‘l* and Mﬁg*, respectively forj €
[—J, J]. If the maximum value foi; is greater than some
predetermined threshold, then an ME is claimed to be
present and the corresponding po'@f: is stored in the
pixel list L;+1. Thus, a new list of pixels is obtained, whose
points are the estimated correspondents of those in the list
L;.

4.2.2 Estimation of the ME support line parameters

Given the ME listL;+; obtained from the previous step, a
least squares technique is used to estimate the parameters
(Pi+1, 0:41) related to the support line in imager 1. Then,

the least squares residuals are computed, and are considered
as a measure of the quality of the estimation:

1

Equad = E Z (ij* COS9i+l + Yj* Sin92’+1 - b\i+1)27 (1)
135 90 45 el
I wheren denotes the number of points in the Ii5},;.
0 to* If €4uqaq iS greater than a pre-determined maximum value,

T

*

4@ 0
e

we conclude that a mismatch has occurred. Indeed, a global
ambiguity may arise in an image that cannot be settled by the
ME computation algorithm: two contours having the same

intensity contrast and the same sign contrast may be present
in the search area, and no definite way exists to select the
correct one. Of course, this extreme case seldom occurs.

: Furthermore, the algorithm may locally detect some false
' MEs. These outliers are rejected using the following test:
I
1

¢ xj+ COSOi41 + Yj+ SiNOir1 — Piv1| < Eout, 2)

' wheree,,; is a pre-determined threshold. The list.; is
. then updated and the least squares is performed again to re-
fine the estimation of the current segment parameters. Let us
point out that a “maintenance” of the ligt.; is necessary in
order to ensure a reliable tracking of the “virtual” segment
§ € {0°,45°,90, 135}, inducing integer location®?, after ~ Si+1. Indeed, some points located at the extremities of the
displacement (Fig. 3). Among these directions, we select théegment might be unmatched by looking for a correspon-
directioné* closest to the normal to the directi®r. dent in the normal direction due to the sliding movement of

This choice seems to be a suitable compromise if reathe segment along itself. Furthermore, partial occlusion may
time implementation is aimed for. Furthermore, let us recalloccur and the list.;»; must be updated once the occluded
that our final objective is the global matching of two suc- Part of the segment has appeared again. The missing points
cessive positions of a contour segment. Hence, we are nd¥f the list L;., are easily recovered using a chaining pro-
interested in the 2D displacement of each ME. We need t&edure around the support line related/tg;. Finally, the
track this segment to update the values of the parametef@ew spurious point%)’ , if any, must be replaced with the
(p, 0) related to the contour segment at the next instant. ~ correct ones situated on the support line.

The correspondent of eadh, of the list L; are looked
for within a pre-determined search interval in the direction . _
5*. If the next location of the current segment can be pre-4-2-3 Discussion
dicte.d,'then the search area can be limited to be around thi§) . method has the following advantages:
prediction. In our case, we take advantage of the closed-loop
approach used in our 3D reconstruction method to optimally — only one data structure is considered: the array of pixels;
adapt the 1D-search window (values of the window middle — it is not affected by contour segmentation instability and
point and the window size). it is robust to occlusion. Indeed, we do not explicitly use

contour segment structures but edge chains which do not

c. ME determination: Let us consider a pixeP;, belonging require a polygonal approximation step. The matching of
to the listL; and a subset of positiorg;,, € [—J, J] lying in the edge chains only requires a sufficient number of local
the directioné* in the next image. The corresponding log- matching of edge points to be correctly performed, thus,
likelihood ratio values; are given by the absolute value ensuring robustness to partial occlusion;

Fig. 3. Selection of the search direction
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Fig. 4a. First frame and last frame of “pipes” sequence; image size:»22266. b Support line of the
selected segment in the first frame overdrawn in black on the edge image (in the middle of the image)

— it is easy to implement on image-processing boards dué&.1 Parallel implementation of the selection stage
to its point-wise local properties. This is an advantage
over matching approaches that use higher level primi-The time complexity of this stage obviously depends on the

tives; edge density in the first frame of the image sequence. It
— the extracted edge chain can be sub-sampled to speed @iso depends on both the number of processing elements in-
the tracking procedure. volved in the processor array structure, and the number of

considered straight line directions in the Hough space. For
instance, with a configuration of 32 PE, Sympati2 spends
5 Parallel implementation around 225 ms to achieve the HT (well known for its compu-
tational costs) on a 256256 image with 5% of edge points,
Matching algorithms is usually characterized by an algorith-and when considering all the possible straight line directions
mic complexity of high order and by the large quantity of in the discrete Hough space (Dorn and Adam 1989). For
processed data. Acceptable matching computational time fothe same configuration, Sympati2 performs the spatial edge
industrial applications would not be possible without real- detection (Shen-Castan filter) in about 35 ms and the chain-
time solution. The use of specialized circuits for image pro-ing in less than 8 ms. The whole selection stage then takes
cessing (Hussain 1991) may be a possibly efficient solutionaround 268 ms on Sympati2. Let us point out that the relative
but this solution is costly. On the other hand, there existslowness of this step does not compromise the performance
high-performance parallel boards, supporting several imagesf our active 3D reconstruction approach (Chaumette et al.
processing operations, like, for instance, the Sympati2 SIMD1996), since it is performed only once. However, the track-
system (Basille et al. 1988). This machine is well suited toing step must be compatible with the sampling rate of the
run image-processing algorithms. It has already been evalwelosed-loop control law which is at least 10 Hz (100 ms per
ated on industrial applications such as inspection and qualitymage).
control.
Our matching method provides a very simple mecha-
nism of contour segment pairing. This simplicity is essential5.2 Parallel implementation of the tracking stage
when considering parallel implementation. Furthermore, it
has an intrinsically parallel nature, and maps well to theThe performance obtained for the tracking stage is very at-
SIMD model of processing thanks to its local properties. tractive in Sympati2. Indeed, it takes around 30 ms for a
In the following, we will describe the parallel implemen- 256 x 256 image in case of a 32 PE configuration. This pro-
tation of our matching method which includes, as previouslycessing time depends on both the orientation and the length
explained, two parts: the selection stage which consists obf the tracked contour segment, and also the allowed max-
selecting a contour segment in the first image, and the trackimal normal displacement magnitude. The search interval,
ing stage of the selected contour segment over successiwehich has been primarily set ta7 pixels in all our exper-
frames of the sequence. Both modules have been implements, can be reduced tb2 after the convergence of the
mented on the real-time image-processing system Sympati@ontrol law. This has a consequence of reducing the com-
(see appendix A for a brief description of this machine).  putation time of 50%. Let us note that this implementation
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(note that the other contour segments of the scene are also
prone to bring matching ambiguities). Such a shortcoming is
not encountered by our algorithm, which licitly uses the in-
tensity contrast as local property for MEs. Moreover, since
the camera is rotating around the scene, the projection of
the background around the segment of interest is changing,
and this does not affect our matching algorithm. The pro-
posed method needs only one parameter to be\s#étdoes

not require a fine-tuning; the same value (1500) has been
successfully used for all our experiments.

.

|
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| ———
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Parallel implementation: The selection stage takes 303 ms
Fig. 5a,b. “Pipes” sequencea Set of the successive estimated segment 9“ Sympati2 W'Fh a 32 PEs conf|gu_rat|on: 40ms for the spg—
positions in the image sequence corresponding to the selected segmeital €dge detection (Shen-Castan filter), 10 ms for the chain-
b Location of the support-lineoferdrawn in blackof the correctly tracked  ing, and 253 ms for the HT. For the same configuration of
segment in the last image of the sequence Sympati2, the current computation of the matching step takes

32 ms, which is a very satisfactory performance. Note that,

can also permit the simultaneous tracking of several con{ﬁirsﬂg)s(;r)r(lp?er'?;egrt]’ g:ﬁ/;ﬁtrgcgl %r;irﬁ?té%r;nc’fl}?a?igﬁgr’eenrgc')?_
tour segments with similar orientations (at least five with mance wﬁereas the almos'?maximal len tﬁ)] of the SS ment
the present parallel version of the tracking algorithm) in Iessls a dis:advanta o 9 9
than 100 ms. We recall that this figure represents the sam- ge.

pling rate of the closed-loop control law used in our real-time“Calibration board” scene example: Figure 6a shows both

3D recovery system (Chaumette et al. 1996). the first and the last frame of an image sequence of a scene
containing a vertical cylinder and a calibration set-up. The
motion of the camera that has been executed between the first
and the last image of the sequence consists of a translation

Th d alaorithm for tracki N s h of 500 mm in the horizontal plane and a rotation of’ 35
€ proposed aigorithm Tor tracking contour SEgments Nas ., g the vertical axis of the camera (the objects are located
been applied successfully to various real images. Only th

its of tw ; ts will be d ived in thi ! t about 1 m from the camera). Figure 6b shows ontour
results ol two experiments will bé described In nis sec Ion'segment that has been selected by the HT performed on the
We use a convolution mask of sizex33, a maximal search

. : L . right part of the first frame.
interval of +7 p|xgls, and a likelihood ratio threshold = 9 Oﬁie r?’noree,} ousr algorﬁhm ensures a perfect tracking of
1500 for all experiments. the selected segment despite the complex motion of the cam-
“Pipes” scene exampleFigure 4a shows both the first and era. Figure 7, which is structured in the same way as Fig. 5,
the last frame of an image sequence acquired by a movingontains the obtained results. Let us point out that a global
camera in an area containing several pipes. This environapproach would have some difficulty to overcome the match-
ment illustrates the interior of a nuclear power plant. Fig-ing ambiguity that arises in this experiment. Indeed, there are
ure 4b contains the contour segment that has initially beertwo very close candidate segments for matching, and both
selected (note the thick vertical line). The results related tchave the same orientation and length. The results of this sec-
the tracking of this segment along the sequence are displayezhd example show again the robustness of our approach to
in Fig.5. On the left, the resulting sequence of the successuch ambiguities. In our method, the whole matching of two
sive estimated positions (for all the frames) of the trackedsegments only requires a sufficient number of local match-
contour segment, and, on the right, the location of the suping of edge points to be correctly achieved. Therefore, this
port line of the tracked segment in the last image of theis a robust technique able to deal with local ambiguities and
sequence which perfectly fits the corresponding edge linepartial occlusions.
:igeuze II’_eeStULt: 'rl(l;iatlrla;[ﬁatthgurrelt'gl':imgo;%%égagcr:)'tn?eﬁ(;i?eParallel implementation:_ The selection stage hgre takes
spatieil edge detection in each frame of the sequence Th|232 ms on_Sympat|2 W'th. a 32 PEs conflgu_rat|on: 40ms
processing step is needed only once at the beginning bf thf%r the ;p_aﬂal edge detection (Shen-Castan filter), 8 ms for
tracking procedure to select a contour segment. Thus, o ﬁp chaining, anq 184 ms for the HT. qu the same conflgu—
! ; N ' tion of Sympati2, the current computation of the matching
method is not a classical contour-based matching metho ¢
: g ; ep takes 28 ms.
with explicit edge detection at each frame of the sequence:

This shows once again the simplicity and the great real-timeéApplication of the tracking method to a visual servoing
capabilities of our matching method. To check the reliability task: The main application that has motivated our work on
of our tracking process, we have nevertheless extracted spaatching techniques is a visual servoing task. More exactly,
tial edges in the last frame of the sequence and overprintede aim at optimally recovering the 3D structure of a scene
the tracked edge chain on the resulting contour image at thasing an image-based closed-loop control law. This visual
same time instant as shown in Fig.5b, in order to demonservoing approach requires a real-time tracking of image
strate the performance of our method. Let us point out thaprimitives.

a global geometric matching approach would fail to distin-  In the experimental set-up of IRISA, image-processing
guish between the left and the right limbs of the cylinder part is performed on a conventional image-processing board

|
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Fig. 6a. First frame and last frame of “calibration board” sequence; image sizex 256.b Support-line
b - T T of the selected segment in the first frame overdrawn on the top of the edge image

\ — the remainder of the algorithm is processed by the 68020-
based CPU board. To enable real-time implementation on

‘\% \ this mono-processor board, the points of the extracted
edge chain are sub-sampled (a maximum of 40 points).

Hﬂ The performance achieved is about 1 s for the selection
. stage, and between 30 ms and 40 ms for the tracking step. Let

\ us note that the simultaneous tracking of three contour seg-
\ | M ” ’ ments with similar orientations has also been implemented

on this processing board, and the obtained performances re-
main very attractive (between 60 ms and 80 ms). Numer-
a b ous real-time 3D structure recovery experiments have been
Fig. 7a,b.“Calibration board” sequence: Sequence of the successive esti- succe_ssfully realized on the experimental set-up of IRISA
mated segment positions corresponding to the selected sedmartation (Boukir 1993; Chaumette et al. 1996; Marchand et al. 1996).
of the support-line (overdrawn in black) of the correctly tracked segmentThe reconstructed scenes include partly occulted cylinders
in the last image of the sequence and polygonal objects which have been properly tracked over
a long time interval. This shows once again the efficiency
of our tracking algorithm and the capability of real-time im-
EDIXIA-1000. Therefore, to validate our real-time 3D struc- plementation on conventional machines, too.
ture recovery technique on this system, our contour-segment-

tracking method has also been implemented on EDIXIA-
1000. 7 Conclusion

EDIXIA-1000 consists of a standard VME board ensur- : .
ing the acquisition of images of size 532730 pixels x8 We have described a local approach for matching contour
bits and offering real-time hardware operators like filtering, S€gments in an image sequence. Our method was originally
convolution, etc. The main processor in this system is anotivated by a 3D structure recovery task exploiting an ac-
68020-based CPU board. tive vision approach based on a closed-loop scheme (vi-
The EDIXIA-1000 language is C-ANSI, with possible sual servoing). Such an approach requires a real-time image-

. . : . X rocessing step. Therefore, we propose an original and ro-
system g:alls to a library including real-time hardware mage—Eust meth%d thgt perfectly satisfirt)as Fkgoth robustgess to com-
processing operators.

! _ o plex situations and processing time constraints imposed by
Our tracking algorithm is implemented on EDIXIA-1000 the application. This method is based on a spatio-temporal

as follows: modeling of an ME. A likelihood ratio test enables us to
achieve its detection and the estimation of its related at-
— convolution operations are performed by the availabletributes. The computation of this test leads to a simple con-
real-time convolution operator; volution operation. The method described in this paper han-
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