COMPUTER VISION AND IMAGE UNDERSTANDING
Vol. 69, No. 1, January, pp. 23-37, 1998
ARTICLE NO. V960586

X Vision: A Portable Substrate for Real-Time Vision Applications

Gregory D. Hager and Kentaro Toyama

Department of Computer Science, Yale University, P.O. Box 208285, New Haven, Connecticut 06520
E-mail: hager@cs.yale.edu, toyama@cs.yale.edu

Received January 15, 1996; accepted December 3, 1996

In the past several years, the speed of standard processors has
reached the point where interesting problems requiring visual track-
ing can be carried out on standard workstations. However, relatively
little attention has been devoted to developing visual tracking tech-
nology in its own right. In this article, we describe X Vision, a mod-
ular, portable framework for visual tracking. X Vision is designed
to be a programming environment for real-time vision which pro-
vides high performance on standard workstations outfitted with
a simple digitizer. X Vision consists of a small set of image-level
tracking primitives, and a framework for combining tracking prim-
itives to form complex tracking systems. Efficiency and robustness
are achieved by propagating geometric and temporal constraints
to the feature detection level, where image warping and special-
ized image processing are combined to perform feature detection
quickly and robustly. Over the past several years, we have used X
Vision to construct several vision-based systems. We present some
of these applications as an illustration of how useful, robust tracking
systems can be constructed by simple combinations of a few basic
primitives combined with the appropriate task-specific constraints.
(© 1998 Academic Press
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1. INTRODUCTION

data-processing requirements for the solutions vary conside
ably. Full-frame algorithms such as optical flow calculation or
region segmentation tend to lead to data intensive processit
which is performed off-line or which is accelerated using spe:
cialized hardware (for a notable exception, see [36]). On th
other hand, feature-based algorithms usually concentrate on sy
tially localized areas of the image. Since image processing |
local, high data bandwidth between the host and the digitize
is not needed. The amount of data that must be processed
also relatively low and can be handled by sequential algorithm
operating on standard computing hardware. Such systems &
cost-effective and, since the tracking algorithms reside in soft
ware, extremely flexible and portable. Furthermore, as the spe
of processors continues to increase, so does the complexi
of the real-time vision applications that can be run on them
These advances anticipate the day when even full-frame app
cations requiring moderate processing can be run on standa
hardware.

Local feature tracking has already found wide applicability in
the vision and robotics literature. One of the most common ap
plications is determining structure from motion. Most often, this
research involves observation of line segments [12, 30, 43, 4
57], point features [41, 44], or both [14, 42], as they move in the
image. As with stereo vision research, a basic necessity for re
covering structure accurately is a solution to the corresponden:
problem: three-dimensional structure cannot be accurately d

Real-time vision is an ideal source of feedback for systenermined without knowing which image features correspond ft

that must interact dynamically with the world. Cameras are patse same physical pointin successive image frames. In this sen:
sive and unobtrusive, they have a wide field of view, and th@yecise local feature tracking is essential for the accurate reco
provide a means for accurately measuring the geometric prepy of three-dimensional structure.
erties of physical objects. Potential applications for visual feed- Robotic hand—eye applications also make heavy use of visu
back range from traditional problems such as robotic hand—dyacking. Robots often operate in environments rich with edges
coordination and mobile robot navigation to more recent acerners, and textures, making feature-based tracking a natul
eas of interest such as user interfaces, gesture recognition, eimoice for providing visual input. Specific applications include
surveillance. calibration of cameras and robots [9, 28], visual-servoing an
One of the key problems in real-time vision is to track objectsand—eye coordination [10, 18, 25, 27, 56], mobile robot navi
of interest through a series of images. There are two genegation and map-making [45, 55], pursuit of moving objects [10
classes of image processing algorithms used for this task: fdB], grasping [1], and telerobotics [23]. Robotic applications
field image processing followed by segmentation and matamost often require the tracking of objects more complex thal
ing and localized feature detection. Many tracking problenlise segments or point features, and they frequently require th
can be solved using either approach, but it is clear that thbility to track multiple objects. Thus, a tracking system for
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robotic applications must include a framework for composingpuld make desktop visual tracking a standard tool in next gen
simple features to track objects such as rectangles, wheels, aration computing. We have constructed such a system, calle
grippers in a variety of environments. At the same time, the faktVision, both to study the science and art of visual tracking as
that vision is in a servo loop implies that tracking must be fastjell as to conduct experiments utilizing visual feedback. Expe-
accurate, and highly reliable. rience from several teaching and research applications sugges
Athird category of tracking applications are those which tradkat this system reduces the startup time for new vision appli
modeled objects. Models may be anything from weak assungations, makes real-time vision accessible to “nonexperts,” ani
tions about the form of the object as it projects to the camedamonstrates that interesting research utilizing real-time visior
image (e.g., contour trackers which assume simple, closed coan be performed with minimal hardware.
tours [8]) to full-fledged three-dimensional models with variable This article describes the philosophy and design of X Vi-
parameters (such as a model for an automobile which allows &on, focusing particularly on how geometric warping and geo-
turning wheels, opening doors). Automatic road-following hasetric constraints are used to achieve high performance. W
been accomplished by tracking the edges of the road [34]. Valso present timing data for various tracking primitives and sev-
ious snake-like trackers are used to track objects in 2D as theal demonstrations of X Vision-based systems. The remainde
move across the camera image [2, 8, 11, 29, 46, 49, 54]. Threéthe article is organized into four parts. Section 2 describes
dimensional models, while more complex, allow for precise po3e Vision in some detail and Section 3 shows several exam:
estimation [17, 31]. The key problem in model-based trackinges of its use. The final section suggests some of the futur
is to integrate simple features into a consistent whole, bothdaections for this paradigm, and we include an appendix whick
predict the configuration of features in the future and to evaluatescusses some details of the software implementation.
the accuracy of any single feature.
While the list of tracking applications is long, the features
used in these applications are variations on a very small set of 2. TRACKING SYSTEM DESIGN AND
primitives: “edgels” or line segments [12, 17, 30, 31, 43, 45, 49, IMPLEMENTATION
57], corners based on line segments [23, 41], small patches of
texture [13], and easily detectable highlights [4, 39]. Although It has often been said that “vision is inverse graphics.”
the basic tracking principles for such simple features have be¢ivision embodies this analogy and carries it one step furthel
known for some time, experience has shown that tracking thday viewing visual tracking as inverse animatiom particular,
is most effective when strong geometric, physical, and temporabst graphics or animation systems implement a few simple
constraints from the surrounding task can be brought to beaimitives, e.g. lines and arcs, and define more complex ob
on the tracking problem. In many cases, the natural abstractjents in terms of these primitives. So, for example, a polygon
is a multilevel framework where geometric constraints are immaay be decomposed into its polyhedral faces which are furthe
posed “top-down” while geometric information about the worldecomposed into constituent lines. Given an object-viewer re
is computed “bottom-up.” lationship, these lines are projected into the screen coordinat
Although tracking is a necessary function for most of the raystem and displayed. A good graphics system makes definin
search listed above, it is generally not a focus of the work aititese types of geometric relationships simple and intuitive [15]
is often solved in arad hocfashion for the purposes of a sin- X Vision provides this functionalitandits converse. In ad-
gle demonstration. This has led to a proliferation of trackingition to stating how a complex object in a particular pose or
techniques which, although effective for particular experimentspnfiguration is decomposed into a list of primitive features,
are not practical solutions in general. Many tracking system,Vision describes how the pose or attitude is computed from
for example, are only applied to prestored video sequences @nellocations of those primitives. More specifically, the systemiis
do not operate in real time [40]. The implicit assumption ierganized around a small set of image-level primitives referrec
that speed will come, in time, with better technology (perhaps asbasic featuresEach of these features is described in terms
a reasonable assumption, but one which does not help thosa small set of parameters, referred to asade vectarwhich
seeking real-time applications today). Other tracking systems empletely specify the feature’s position and appearance. Corn
quire specialized hardware [1], making it difficult for researcheygdex features or objects carry their own state vectors which ar
without such resources to replicate results. Finally, most, ddmputed by defining functions or constraints on a collection of
not all, existing tracking methodologies lack modularity andimpler state vectors. These complex features may themselve
portability, forcing tracking modules to be reinvented for everparticipate in the construction of yet more complex features.
application. Conversely, given the state vector of a complex feature, con
Based on these observations, we believe that the availabibtyaints are imposed on the state of its constituent features ar
of fast, portable, reconfigurable tracking system would greatliye process recurses until image-level primitives are reache
accelerate research requiring real-time vision tools. Just as e image-level primitives search for features in the neighbor-
X Window system made graphical user interfaces acommon fémod of their expected locations which produces a new stat
ture of desktop workstations, an analogous “X Vision” systewector, and the cycle repeats.
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In addition to being efficient and modular, X Vision providesracked using SSD (sum-of-squared differences) methods [:
facilities to simplify the embedding of vision into applications47], and a variety of color and motion-based primitives usec
In particular, X Vision incorporates data abstraction that disstor initial detection of objects and subsequent match disam
ciates information carried in the feature state from the trackifmgguation [51]. The remainder of this section describes hov
mechanism used to acquire it. edge tracking and correlation-based tracking have been incc
porated into X Vision. In the sequel, all reported timing fig-
ures were taken on an SGI Indy workstation equipped with :

The primitive feature tracking algorithms of X Vision arel75 MHz R4400 SC processor and an SGI VINO digitizing
optimized to be both accurate and efficient on scalar processefsstem. Nearly equivalent results have been obtained for a St
These goals are met largely through two important attributes $parc 20 equipped with a 70 MHz supersparc processor and fo
X Vision. First, any tracking primitive operates on a relatively.20 MHz Pentium microprocessor, both with standard digitizer:
small “region of interest” within the image. Tracking a featurand cameras.
means that the region of interest maintains a fixed, predeﬁnedz_l.l. Warping In the remainder of this article, we define

relationship to the feature. In X Vision, a region of interest igcquiringa window to be the transfemdwarping of the win-
referred to as avindow Fundamentally, the goal of low-level dow’s pixels. The algorithms described in this article use rigic

processing is to process the pixels within a window USING B\q affine warping of rectangular image regions. The warpin

m'”'”‘"?" number of addressmg operations, bus transfer Cyc'ﬁ?gorithms are based on the observation that a positive-defini
and arithmetic operations.

. . . . linear transformatiod can be written as a product of an upper-
The second key idea is to emplogage warpingo geomet-

. . ’ ._triangular matrixJ and a rotation matriR(9) as

rically transform windows so that image features appear in a

canonical configuration. Subsequent processing of the warped s v 1[cosk) —sin@)

window can then be simplified by assuming the feature is in A =UR(9) = [ 0 sy} [sin(@) cosp) } (@)

or near this canonical configuration. As a result, the image

processing algorithms used in feature-tracking can focus onthe jmplementation of image warping mirrors this factor-
the problem of accurateonfiguration adjustmentather than jzation. First, a rotated rectangular area is acquired using
general-purpose feature detection. For example, consider dggorithm closely related to Bresenham algorithms for fast line
cating a straight edge segment with approximately known Ofsndering [15]. The resulting buffer can be subsequently scale
entation within an image region. Traditional feature detectioghg sheared using an optimized bilinear interpolation algorithrr
methods utilize one or more convolutions, thresholding, afghe former is relatively inexpensive, requiring about two ad-
feature aggregation algorithms to detect edge segments. Tdlifons per pixel to implement. The latter is more expensive
is followed by a matching phase which utilizes orlentatloq, Se@squiring three multiplies and six additions per pixel in our im-
ment length, and other cues to choose the segment which ¢Q&mentation. The initial acquisition is also parameterized by
responds to the target [5]. Because the orientation and linealdympling factor, making it possible to acquire decimated image
constraints appear late in the detection process, such methgds, additional cost. The warping algorithm supports reductiol
spend a large amount of time performing general purpose eQg&esolution by averaging neighborhoods of pixels at a cos
detection which in turn generates large amounts of data thatyne addition and &r multiplies per pixel for reduction by
must then be analyzed in the subsequent match phase. A MPkgctor ofr. Figure 1 shows the time consumed by the three
effective approach, as described in Section 2.1.2, is to explgiges of warping (rotation, scale, and resolution reduction) o

these constraints at the outset by utilizing a detector tuned {R{ious size regions and shows the effective time consumed f

straight edges. _ _ ~ affine warping followed by resolution reduction to three differ-
An additional advantage to warping-based algorithms is thgt scales.

they separate the “change of coordinates” needed to rectify &or the purposes of later discussion, we denote an image r
feature from the image processing used to detect It. ON Of®n acquired at timé asR(t). The region containing the en-
hand, the same type of coordinate transforms, e.g., rigid frafiss camera image at timeeis written Z(t). Warping operators
formations, occur repeatedly, so the same warping primitivggerate on image regions to produce new regions. We writ
can be reused. On the other hand, various types of warping 981) = warp ., (Z(t); d, 6) to denote the acquisition of an im-
be used to normalize features so that the same acceleratedjgs region centered dt= (x, y)! and rotated by. Likewise
age processing can be applied over and over again. For exam 1g the definition ofJ above,R'(t) = warp ¢ (R(t); U) de-

quadratic warping could be used to locally “straighten” a curvgghies scaling the image regi@(t) by s, ands, and shearing
edge so that an optimized straight edge detection strategy 89" . Affine warping is defined as

be applied.

The low-level features currently available in X Vision in- warp .« (Z(t); A, d) = warp ¢ (warp ,,; (Z(t);d, 6); U),
clude solid or broken contrast edges detected using several vari- (2)
ations on standard edge-detection, general grey-scale pattevhereA is as in (1).

2.1. Image-Level Feature Tracking
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Size 20 % 20 | 40 x 40 | 60 x 60 | 80 x 80 | 100 x 100 _ofthe convoIL_Jtlon and summat!on _steps_can be Commuted. Thu:
: : inann x mwindow, edge localization with a convolution mask
Rotational Warping |  0.11| 040) 094] 177 28| of width k can be performed with jush x (n + k) additions and
Scale and Shear 0.39 1.52 345 6.11 9.69 mkmultiplications. We, in fact, often use an IR filter composed
Resolution by 2 0.06 0.23 0.54 1.02 1.67 of a series of-1s, one or more 0s, and a seriestdfs which can
Resolution by 4 0.04 0.13 0.30 0.59 0.97 be_ imple_mgr_wted using ontp x (n + 4)_ additions. We note that
this is significantly cheaper than using, for example, steerabl
Affine 0.50 1.92 4.39 7.88 12.52 . .
filters for this purpose [16].
Affine by 2 05| 215] 493] 890 14.19 The detection scheme described above requires orientatic
Affine by 4 0.54 2.05 4.69 8.47 13.49 information to function correctly. If this information cannot be

supplied from “higher-level” geometric constraints, it is esti-
FIG. 1. The time in milliseconds consumed by image warping for varioughated as follows (refer to Fig. 3). As the orientation of the
size regions. The first two lines show the time for each of the warping stag %quisition window rotates relative to the edge, the respons

The time taken for scale and shear varies with the amount of scaling done; he fil d h V. Th d . . b
timings in the second row are for scaling the input image by a factor of 19 the filter drops sharply. us, edge orientation can be com

The third and fourth lines show the time taken for reducing image resolution Byited by sampling at several orientations and interpolating th
factors of 2 and 4. The final lines show the time needed for affine warping r@sponses to locate the direction of maximum response. How
various scales, based on the component times. ever, implementing this scheme directly would be wasteful be-
cause the acquisition windows would overlap, causing man

pixels to be transferred and warped three times. To avoid thi:

2.1.2. Edges X Vision provides a tracking mechanism foroverhead, an expanded window at the predicted orientation i
linear edge segments of arbitrary length (Fig. 2). The state of &fuired, and the summation step is repeated three times: on
edge segment consists of its positidnz= (x, y)!, and orienta- along the columns, and_once a!ong two diagonal pgths atasme
tion, , in framebuffer coordinates as well as its filter respanse2ngular offset from vertical. This effectively approximates rota-
Given prior state informatioh; = (., Vi, &, :)', we can write tion by image shear, a well-known technique in graphics [15].

the feature tracking cycle for the edge state computation at tifegladratic interpolation of the maximum of the three curves is
t + t schematically as used to estimate the orientation of the underlying edge. In the

ideal case, if the convolution template is symmetric and the re
sponse function after superposition is unimodal, the horizonta
Lerr = Lo+ Edge(warp o (Z(t+2)i X Y. &) L) () gisplacement of the edge should agree between all three filter
In practice, the estimate of edge location will be biased. For this
The edge tracking procedure can be divided into two stagegason, edge location is computed as the weighted average
feature detection and state updating. In the detection stage, rtit@edge location of all three peaks.
tional image warping is used to acquire a window which, if the Even though the edge detector described above is quite sele
prior estimate is correct, leads to an edge which is vertical withiive, as the edge segment moves through clutter, we can expe
the warped window. Detecting a straight, vertical contrast stemultiple local maxima to appear in the convolution output. This
edge can be implemented by convolving each row of the wiis-a well-known and unavoidable problem for which many so-
dow with a derivative-based kernel and averaging the resultihgions have been proposed [38]. By default, X Vision declares
response curves by summing down the columns of the windavmatch if and only if a unique local maximum exists within
Finding the maximum value of this response function localizes interval about the response value stored in the state. Th
the edge. Performance can be improved by noting that the ordeatch interval is chosen as a fraction of the difference betwee

FIG. 2. Close-up of tracking windows at two time points. Left, titnewhere the edge tracking algorithm has computed the correct warp parameters to make
edge appear vertical (the “setpoint”). Right, the edge acquired atitimerhe warp parameters computed fowere used to acquire the image, but the underlying
edge has changed orientation. Figure 3 shows how the new orientation is computed.
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A— Because of the aperture problem, the state vector is not full
D EeaeEeEEE e 1., determined by information returned from feature detection
= Aeemsmsmame interpolated There is nothing to keep the window from moving “along”
: eEm=m=msmams) angle the edge that it is tracking. For this reason, the edge trackin
EEmmm==ceEos======) primitive almost always patrticipates in a composite feature tha
+o 1 imposes additional constraints on its state (see Section 2.2).
We note that edge tracking robustness can be increased |
e e making edge segments as long as possible [50]. Long segmel
0 i .
CCCCCCCECrD are less likely to become completely occluded, and changes
] edge 0 the background tend to affect a smaller proportion of the seg
o sbrength ment with a commensurately lower impact on the filter response
0 t On long edge segments, speed is maintained by subsampli
the window in the direction of the edge segment. Likewise, the
e EaaEEae maxm?umledge mot_lon betwgen images can be increased by st
L [ sampling in the horizontal direction. In this case, the accurac
! 1 —a of edge localization drops and the possibility of an ambiguou:
=5 match increases.
'I'I:_,r Figure 4 shows timings for simple edge tracking that were

- obtained during test runs. Length and width refer to the lengtl
FIG. 3. Schematic for computing edge orientation. The diagrams on the I&I the traCke,d nge and the Wldth of th,e searc'h reg'?” ,norm‘
show a window of pixels at three different “orientations.” The middle figuré0 the Edge n pD(eIS’ reSpeCtNely- One interesting point is thal
displays the edge after a warped acquisition (Fig. 2, right). The top and bottéi#cause superimposing the columns of the image is performe
figures show the effect of shifting rows to simulate orientational offset. Summitgefore the convolution step, processing speed is sublinear wi
the columns for each figure and taking differences between adjacent set%abe Iength. For examme, moving from 20 pier edges to 4(

columns gives estimates for edge strength. The arrows at the bottom show Wlﬁ . O s .
each image experiences the strongest vertical edge within the window. At ggel edges results in only a 65% increase in time. Also, trackin:

right, these values are plotted with angle offset on the vertical axis and e(ﬁeA"O pixel Segmer_]t at half resolution takes the same amou
strengths on the horizontal axis. The three data points are fit to a quadrs@€,time as a 20 pixel segment at full resolution because th
whose peak offers an estimate for the best angular offset of the actual edgarping operator implements decimation efficiently. Finally, if
shearing in the top and bottom figures have been exaggerated for illustrativ " : ~

pUrposes.) (Ve see thatitis possible totrack upta33/0.44 ~ 85 segments

simultaneously at frame rate.

the matched response value and its next closest response in the
previous frame. This scheme makes it extremely unlikely that

mistracking due to incorrect matching will occur. Such an event Line Length Sampling
could happen only if some distracting edge of the correct ori- .

entation and response moved into the tracking window just as Length, Width | Full | 1/2 | 1/4
th.e desired edge changed response or mqved out of the t.rackmg 20, 20 0.39 | 0.29 | 0.20
window. The value of the threshold determines how selective the

filter is. A narrow match band implicitly assumes that the edge 40, 20 0.71 | 0.41 | 0.26
response remains constant over time, a problem in environments

with changing backgrounds. Other possibilities include match- 60, 20 1.13 | 0.59 | 0.35
ing on the brightness of the “foregroun(_j” object or matchir_lg 20, 30 0.56 | 0.34 | 0.27
based on nearness to an expected location passed from a higher

level object. Experimental results on line tracking using various 40, 30 0.93 | 0.55 | 0.35
match functions can be found in [49].

The result of the image processing stage is to compute an off- 60, 30 1.55 | 0.77 | 0.47
set normal to the edge orientatidi, and an orientation offset, 20, 40 0.65 | 0.43 | 0.32
36. Given these values, the geometric parameters of the edge
tracker are updated according to the equation 40, 40 L.17 | 0.66 | 0.45

. 60, 40 2.09 | 0.97 | 0.57
Xttt Xt =5t sin@; + 80)
)0/t+r - )Olt +] o Cosfé +40) (4) FIG. 4. Time in milliseconds required for one iteration of tracking an edge
t+t t

segment.
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2.1.3. Region-based trackingin region-based tracking, we is useful to define
consider matching a stored reference window to a region of the
image. The reference is either a region taken from the scene it- A = A1 +A)
self, or a presupplied target template. It is assumed throughout dise = O + Acd, )
that the surface patch corresponding to the region of interest is
roughly planar and that its projection is relatively small COMhereA” andd’ represent incremental changes during the inter-
pared to the image as a whole so that perspective effects e, Substituting into (6), we have
minimal. Under these circumstances, the geometric distortions
of aregion are well modeled by an affine transformation consist-
ing of a 2x 1 translation vectod = (u, v)!, and a positive definite
2 x 2 matrixA. The state vector for our region tracker includes )
these six geometric parameters and a residual valughich — (X, 1)) w(X).
indicates how well the reference region and the current image
region match in a least-squares sense. Defiling (A, d;, rt) We now introduce the “warped imagel{(x, t) = | (Atxx+d;,
to denote the state vector parameters at tintlee computation t+7), and write a new objective functiad’(-) in terms ofJ, A’,
of the state at timé + ¢ can be written schematically as andd”

O(Arr, dier) = D (HA( +A)X +Ad’ +di. t + 1)
XeW

©)

Siir = S + SSOWa oy (It + 1AL ) S).  (5) O D=2 Q+AX+d t+D -1 e, (9)

As before, previous state information of the reference regionSolving (9) proceeds by linearizingabout the pointd’, d’) =
is used to acquire and warp a prospective image region. Once thigielding
transformation is performed, computing the remaining geomet-
ric differences between refergnce and the prospective regiqn; is oA, d) = Z(J(X’ )+ VI 1) - (Ax +d)
posed as a sum-of-squared differences (least-squares) optimiza- = (10)
tion problem similar to that of stereo matching [33]. We note
that this approach to region tracking is not itself new; however, — 1 ©)*w(X), >0,
previous implementations were based on computing and inte-
grating interframe motion [48, 40], did not operate in real-tim@gherev J = (Jy, Jy)' is the warped image spatial gradient.
[6, 7], or computed a subset of the affine parameters [37]. Ourlf the solution att is nearly the correct one, thel(x, t) ~
region tracking uses the initial reference region throughout théx, t) and, henceyJ ~ VI = (ly, I,)', wherel, andl, are
image sequence to provide a fixed “setpoint” for the algorithrgpatial gradients of the original image. With this observation, we
and it computes up to full affine image deformations at or neaan simplify (10) and rewrite it in terms of the spatial derivatives
frame rate. of the reference image, yielding

Let I (x, t) denote the value of the pixel at locatior= (X, y)!
at timet in an image sequence. Consider a planar surface patch oA, d) = Z(VI 1) - (A'x+d) + (I 1)
undergoing rigid motion observed under orthographic projec- =
tion. At time to, the surface projects to an image regifto), (11)
subsequently referred to as ttagget region with a spatial ex- — 1 (X, to)))*w(x).
tent represented as a set of image locatidh's At some later
point,t > to, the region projects to an affine transformation of In this form, the problem can be solved by joint optimiza-
the original region. If illumination remains constant, the geaion over all six unknowns i\’ andd’. However, one difficulty
metric relationship between the projections can be recoveredaiyh computing affine structure lies in the fact that many target
minimizing the objective function regions do not have enough texture to fully determine all six
geometric parameters [40]. Consider, for example, a window
placed on a right-angle corner. A pure translation of the corne
can be accounted for as translation, scaling, or a linear combine
tion of both. The solution implemented in X Vision is based on
the observation that the image structure which determines tran:
whereA andd are as described above= (x, y)!, andw(:) is lation and rotation is similar to that which determines scale anc
an arbitrary positive weighting function. shear. In general, translation and rotation are much more rapidl

Suppose that a solution at time (A, d;), is known and that changing parameters than are scale and shear. In ambiguous ¢
the goal is to compute the solution at titnet for small positive uations these parameters should be the preferred interpretati
7. Since we apply affine warping to the image at time z, it for image changes.

O(A.d) =Y (I(AX+d, )= I (X, o) *w(X), t>to, (6)
xeWw
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To implement this solution, we decompadsénto a differen- is
tial rotation and an upper triangular matrix:

OsxOsx  OsxOsy OsxOy Sk h10sx
OsyOsx  OsyOsy Osy0y S | = Z h10sy
’ 0 (o4 S Y h
A= + (12) xeW | 0y0sx  GyOsy 0,0, y XeWw 10,
—a 0 0 s
(17)
and solve for two parameter groupd, &) and 6. sy, ¥), se-  As before,gsy, gsy and g, can be precomputed as can the

quentially. This establishes preferences for interpreting imagferse of the matrix on the left hand side. The residual is
changes (the result being that some image perturbations result

in short detours in the state space before arriving at a final state  hx(x) = h1(X) — gsx(X)S« — Gsy(X)Sy — O (X)y- (18)
estimate). Although less accurate than a simultaneous solution,

the small amount of distortion between temporally adjacent im- After all relevant stages of processing have been completec
ages makes this solution method sufficiently precise for most

applications. Y > _xew ha(X)? (19)
We first solve for translation and rotation. For an image loca- - (W)

tion x = (X, y)' we define _
is stored as the match value of the state vector.

One potential problem with this approach is that the bright:

Gu(X) = Ix(X, o) v/w(x) ness and contrast of the target are unlikely to remain consta
gy(X) = ly(X, to)s/w(X) 13) which may bias the results of the optimization. The solutionis tc
normalize images to have zero first moment and unit second m

= (yl to) — X Iy(X, t0))v/ . e . .
G 0 = (Y Ix(x. o) = X1y(x. o)) v (x) ment. We note that with these modifications, solving (6) for rigid
ho(x) = (J(x, t) — (X, to))vw(X), motions (translation and rotation) is equivalent to maximizing

normalized correlation [24]. Extensions to the SSD-based re
and the linear system for computing translation and rotation @ion tracking paradigm for more complex lighting models can
be found in [21].

Another problem is that the image gradients are only locally
_ Z hogy | (14) yalid. In or_derto guarantee trgcking of motions !argerthan afr«_ac
S0l hogr tion of a pixel, these calcglaﬂons must be carried out. at varyin
levels of resolution. For this reason, a software reduction of resc

lution is carried out at the time of window acquisition. All of the
Since the spatial derivatives are only computed using the orighove calculations except for image scaling are computed at tt
inal reference imageyy, gy, andg: are constant over time, soreduced resolution, and the estimated motion values are appt
those values and the inverse of the matrix on the left-hand S%te]y rescaled. The tracking a|gorithm Changes the resolutio

Oy9x OyOGy OyOr

OxOx  OxOy OxOr |:di| hoOx
xW | 00Ox 009y 00

of (14) can be computed off-line. adaptively based onimage motion. If the computed motion valu
Onced anda are known, the least squares residual value fgr either component of’ exceeds 0.25, the resolution for the
computed as subsequent step is halved. If the interframe motion is less the
0.1, the resolution is doubled. This leads to a fast algorithm fo

h1(x) = ho(X) — gx(X)u — gy(X)v — g (X)cx. (15) tracking fast motions and a slower but more accurate algorithr

for tracking slower motions.

. . . . . If we consider the complexity of tracking in terms of arith-
If the image distortion arises from pure translation and nq plexity g

. . etic operations on pixels (asymptotically, these calculation
noise is present, then we expect tha{x) = 0 after this step. d P P (asymp y

- . . o . _dominate the other operations needed to solve the linear sy
Anyremaining residual can beattrlbutedtogeometrlcdlstortlopgm) we see that there is a fixed overhead of one differenc

in the second group of parameters, Iinearizatio_n error, or noige. | multiply to computé. Each parameter computed requires
L%é?gﬂvei ?cale)tchanges and shear, we define for an IMaBCadditional multiply and addition per pixel. Computing the
o=y residual values consumes a multiply and addition per pixel pe

parameter value. In addition to parameter estimation, the initi

Osx(X) = X gk (X), brightness and contrast compensation consume three additic

Gsy(X) = Y5, (). (16) and two multiplies per pixel. Thus, to compute the algorithm a
aresolutiord requires 13d? multiplies and 4 16/d? additions

g, () = yo(x), per pixel (neglecting warping costs). It is interesting to note tha

at areduction factor af = 4, the algorithm compares favorably
andthe linear system for computing scaling and shear parameteits edge detection on comparably-sized regions.
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2.2. Networks of Feat
Size 40 x 40 | 60 x 60 80 x 80 100 x 100 ures

One goal of X Vision is to make it simple to quickly pro-

Reduction | 4 2 |4 2 | 4 2 | 4 2 totype tracking systems from existing components and then t

Rigid 15156132 05| 611177 9.4|283| @addapplication-specific constraints quickly and cleanly. This is
accomplished by extending the state-based representation us
Affine 3.7|84 (81156 | 144|285 | 225 |43.1 | inimage-level features with additional infrastructure to support

hierarchical imposition of geometric and physical constraints or
FIG.5. Thetimeinmilliseconds consumed by one cycle of tracking for variogature evolution.
instantia_tions ofthe S_SDtracker. The firstrow shows thetimingsfor rigid moti_on More specifically, we defineomposite features be features
(translation and rotation), and the second row shows the time for full aﬁmﬁ . . .
deformations. that compute their state from other basic and composite feature

We allow two types of feature composition. In the first case, in-

formation flow is purely “bottom-up.” Features are combined

To get a sense of the time consumed by these operatiosgely to compute information from their state vectors without

several test cases are shown in Fig. 5. The first row shows #litering their tracking behavior. For example, given two point
time needed to track rigid motions (translation and rotation) afeiatures it may be desirable to present them as the line featul
the second shows the time taken for tracking with full affinpassing through both. A feature (henceforfmgturerefers to
deformations. The times include both warping and parametesth basic and composite features) can participate in any nur
estimation; the times given in Fig. 1 can be subtracted to detber of such constructions. In the second case, the point of pe
mine the time needed to estimate parameter values. In particularming feature composition is to exploit higher level geometric
it is important to note that, because the time consumed by affie@nstraints in tracking as well as to compute a new state vecto
warping is nearly constant with respect to resolution, parametsrthis case, information flows both upward and downward.
estimation tends to dominate the computation for half and full We further define &eature networko be a set of nodes con-
resolution tracking, while image warping tends to dominate thrected by arcs directed either upward or downward (a feature ar
computation for lower resolution tracking. With the exceptioits subsidiary feature can be linked in both directions). Nodes
of 100 x 100 images at half resolution, all updates require lesgpresent features, and links represent the information depeil
than one frame time (33.33 ms) to compute. Comparing witlency between a composite feature and the features used
Fig. 4, we observe that the time needed to track & 40 region compute its state. To implement these functions, we associate

at one-fourth resolution is nearly equivalent to that needed state-computation procedure with the incoming links to
track a comparably-sized edge segment as expected from ah&de, and aonstraint-propagation procedure with
complexity analysis given above. the outgoing links.

To get a sense of the effectiveness of affine tracking, A complete feature tracking cycle consists of: (1) travers-
Fig. 6 shows several images of a box as a£A00 region onits ing the downward links from each top-level node by executing
surface was tracked at one-fourth resolution. The lower seribe associatedonstraint-propagation procedure un-
of images is the warped image which is the input to the SSD uji-basic features are reached; (2) performing low-level detec-
dating algorithm. We see that, except for minor variations, tti@n in every basic feature; and (3) traversing the upward links
warped images are identical, despite the radically different posd#she graph by executing thstate-computation proce-
of the box. dure of each node. State prediction can be added to this cyc

FIG.6. Several images of a planar region and the corresponding warped image used by the tracker. The image at the left is the initial reference ima
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by including it in the downward constraint propagation phas2.3. Feature Typing
Thus, a feature tracking system is completely characterized by . .

; . : In order to make feature composition simpler and more
the topology of the network, the identity of the basic featureséneric we have included polvmornhic tvbe supportin the track
and the state computation and constraint propagation functioh ’ polymorphic type supp

S d ) .
for each nonbasic feature node. ing system. Each feature, basic or composite, carries atype. Tt
A concrete example is a feature tracker for the intersecti

(t%Pe identifies the geometric or physical information containec
of two noncollinear contours. This composite feature has a st"?ethe state vector of the feature. For example, therpaird fea-
vectorC = (x,V, 8, «)" describing the position of the inter-

?ureswhich carry location information anithe featureswhich
section point, the orientation of one contour, and the orienta-

carry orientation information.
tion difference between the two contours. Tomstraint- Any composite feature can specify the type of its subsidiary
propagation  function for corners is implemented as fol-

features and can itself carry a type. In this way, the constructio
lows. From image edges with state = (xy, y1, 61, r1)" and

becomes independent of a manner with which its subsidiar
Lo = (X, Yo. 6. 15)T, the distance from the center of each tracl{gOdes compute information. So, for example, a line feature ca
ing window to the point of intersection the two edges can be

e constructed from two point features by computing the line the

computed as passes thro'ugh the.features and a ppint feature can be compu
by intersecting two line features. An instance of the intersection

. . based pointfeature can be instantiated either from edges detec
A1 = ((x2 = x1) Sin2) — (Y2 — Y1) C0S02))/SinE2 — 01). in images or line features that are themselves computed fro

20 .
Ao = ((X2 — X1) sin(P1) — (Y2 — Y1) c0sP1))/sin@- — 01). : point features.

) . 3. APPLICATIONS
Given a known corner state vector, we can choose “setpoints”
A1 andi; describing where to position the edge trackers relative We have used X Vision for several purposes including hand-
to the intersection point. With this information, the states of thg/e coordination [19, 20, 22], a pose-based object tracking sy:

individual edges can be adjusted as tem [32], a robust face-tracking system [51], a gesture-base
drawing program, a six degree-of-freedom mouse [52], and a v
Xi = Xc — AF COS@;), riety of small video games. In this section, we describe some aj
(21) plications of X Vision which illustrate how the tools it
Yi = Ye — A sin@). provides—particularly image warping, image subsampling, con
straint propagation, and typing—can be used to quickly proto
fori = 1,2. Choosingt; = A3 = 0 defines a cross pattern.type fast and effective tracking systems.

If the window extendd pixels along the edge, choosing = _ o
A3 = h/2 defines a corner. Choosing = 0 and} = h/2 3-1. Pure Tracking Applications

defines a tee junction, and so forth. Edge-based disk trackingOne important application for any
Conversely, given updated state information for the compgacking system is model-based tracking of objects for applica
nent edges, thstate-computation function computes:  tions such as hand—eye coordination or virtual reality. While ¢
generic model-based tracker for three-dimensional objects ft
Xec = X1 + A1€0S01), this system can be constructed [32], X Vision makes it possi

ble to gain additional speed and robustness by customizing tt

Ye = Y1+ A1Sin@1), 22) tracking loop using object-specific geometric information.

6c = 04, One example of this customization process is the develoy
ment of a tracker for rectangular floppy disks that we use as te
ae = 62 — 01. objects in our hand—eye experiments (described below). Give

the available tools, the most straightforward rectangle tracke
The tracking cycle for this system starts by using prids a composite tracker which tracks four corners, which in turr
predictions of the corner state to impose the constraints of (2ite composite trackers which track two lines each as describe
downward. Image-level feature detection is then performeid, Section 2.1.2. No additional constraints are imposed on th
and finally information is propagated upward by computingorners.
(22). This method, while simple to implement, has two obvious dis-
Composite features that have been implemented within tlidvantages. First, in order to track quickly, only a small regior
scheme range from simple edge intersections as described abof/¢he occluding contour of the disk near the corners is pro
to snake-like contour tracking [49], to three-dimensional modetessed. This makes them prone to mistracking through chan
based tracking using pose estimation [32], as well as a varietyoafclusion and background distractions. Second, each of the lir
more specialized object trackers, some of which are descritmmputations is independently computing orientation from im-
in Section 3. age information, making the tracking relatively slow. The first
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line length | sampling || tracking speed | o of position a_LMuItiSSD_ composite tracker performs an SSD_ computa-
tion for multiple reference images. The state of Mha@tiSSD
(pixels) rate (msec/cycle) (pixels) tracker is computed to be the state of the tracker with the bes
match value and the numeric identity of this tracker. The con-
A B A B straint function copies this state back down to the componen
SSD trackers, forcing “losing” SSD trackers to follow the “win-
2 . 9.3 T 009 001 ner.” In effect, theMultiSSD feature is a tracker with amary
12 2 55 45 |010 o000 | Switch.
From MultiSSD we derive anEye tracker which modi-
8 3 3.7 3.3 0.07  0.03 fies the display function oMultiSSD to show an open or
closed eye based on the state of the binary switch. We also d
6 4 3.0 2.7 0.05 0.04 rive Mouth which similarly displays an open or closed mouth.
9 192 1.9 1.6 0.05 0.04 Two Eye’s compose th&yes tracker. The state computation
function of Eyes computes the orientation of the line joining
1 24 1.5 1.3 0.05 0.07 the eyes, which is propagated to the lower-ldwgé trackers,

obviating the need to compute orientation from image-level in-
FIG. 7. Speed and accuracy of tracking rectangles with various spatial safarmation. Thus, the low-levélye trackers only solve for trans-
pling rates. The figures in column A are for a tracker based on four cormngktion, much as the disk tracker described above. Since the mou
e o i S cane, €& move ndependentfouth computes both vansiation and
orientation directly from the image. Finally, theace tracker
comprisegyes andMouth . Itimposes no constraints on them,
problemis handled by increasing the effective length of the edpet it does interpolate the position of the nose based oByke
trackers by operating them on subsampled windows. The seceidMouth .
problem s solved by adding additional constraints to the systemThe tracker is initialized by indicating the positions of the
The composite feature for the rectangle computes the orienéges and mouth and memorizing their appearance when they a
tion of the lines joining the corners and passes this informatiefosed and open. When run, the net effect is a graphical displa
down to the image-level edge trackers. The edge trackers thga “clown face” that mimics the antics of the underlying human
do not need to compute orientation from image information. THgece—the mouth and eyes follow those of the operator and ope
net effect of these two changes is to create a highly constraingtl close as the operator’s do as shown in Fig. 10. This systel
snake-like contour tracker [29]. requires less than 10 ms per iteration without graphics.
Figure 7 contains some timing and accuracy statistics for the
resulting algorithm. It shows that there is little or no loss of pre3-2. An Embedded Application
cision in determining the location of the corners with reasonable s an illustration of the use of X Vision embedded within
sampling rates. At the same time, we see a 10% to 20% speedUgrger system, we describe some results of using X Visior
by notcomputing line orientations atthe image level and aneagjthin a hand—eye coordination system [20, 22, 53]. The systen
linear speedup with image subsampling level. relies on image-level feedback from two cameras to control the
Region-based face trackingA frontal view of a human face 'elative pose between an object held in a robot end-effector an
is sufficiently planar to be successfully tracked as a single S$$tatic object in the environment.
region. Figure 9 shows several image pairs illustrating poses of
a face and the warped image resulting from tracking. Despite

the fact that the face is nonplanar, resulting, for example, in a FACE
stretching of the nose as the face is turned, the tracking is quite /
effective. However, tracking a face as a single region requires
) . : . S EYES
affine warping over a relatively large region which is somewhat
slow (about 40 ms per iteration). It can be confused if the face / \ MOUTH
undergoes distortions which cannot be easily captured by affine
- L o S e EYE EYE
deformation, and it is sensitive to lighting variations and shad-
owing. Also, many areas of the face contain no strong gradients, ¢ $
thus contributing little to the state computation. ) ) 16SSD
Figure 8 shows the structure of a more specialized tracking MultiSSD MultiSSD MultiSS
arrangement that uses SSD trackers at the regions of highes / \ / \ / \
contrast—the eyes and mouth. The result is a gain in perfor- SSD  SSD SSD SSD SSD SSD

mance as well as the ability to recognize isolated changes in
the underlying features. For each of the eyes and the mouth, FIG.8. The tracking network used for face tracking.
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FIG.9. Above, several images of the face and, below, the corresponding warped images used by the tracking system.

The typing capabilities of X Vision make it possible to abstradie implemented in terms of feature type and used with a variet
the function of the hand—eye coordination primitives from theaf application-specific tracking configurations without change
visual inputs. The hand-eye system implements a ggtmitive  For example, positioning or orienting the robot in a plane is
skillswhich are vision-based regulators for attaining a particularactically useful for systems which use a table or other leve
geometric constraint between the pose of a robot-held objscirface as a work-space. In order to relate task coordinates
and a target object. These skills are defined on correspondinage coordinates, a planar invariant employing cross-ratios ce
features tracked simultaneously in two cameras. For examgde,used [35]. This construction is implemented as a composi
two primitive skills are point-to-point positioning of the robotfeature composed of several corner trackers. However, itis type
end-effector based on tracking point features, and point-to-lias a point feature, so it can be coupled directly with a poin
positioning of the end-effector using point and line featurepositioning skill in order to perform planar positioning as shown
Using X Vision’s typing scheme, these feedback methods camFig. 11 (right).

FIG. 10. The “clown face” tracker.
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FIG. 11. The results of performing point-to-point positioning to observable features (left) and to a setpoint defined in the plane (right).

It can be shown that the accuracy of primitive skills dependg®gments. These point features are used as input to the visu
only on the accuracy of feature location in the image [20]. Hencggrvoing algorithm. This is a common use of such geometric
the physical accuracy of hand—eye experiments can be useddaostructions—to extract information from an object tracker
directly determine the accuracy of our feature localization algehich has its own internal structure and constraints.
rithms. We have performed several hundred point-to-point po-
sitioning experiments with a camera baseline of approximately 4. CONCLUSIONS
30 cm at distances of 80 to 100 cm. Accuracy is typically within
a millimeter of position. For example, Fig. 11 (left) shows the We have presented the X Vision system for flexible, effi-
accuracy achieved when attempting to touch the corners of taient visual tracking. The main features of this system are the
floppy disks. For reference, the width of the disks is 2.5 mmtrong use of image warping, highly optimized low-level track-
Simple calculations show that positioning accuracy of a milrg methods, and a simple notion of feature combination. Oul
limeter at one meter of depth with a baseline of 30 cm using te&perience has shown that X Vision makes the use of visua
physical parameters of our cameras yields a corner localizatioacking in application cheap, simple, and even fun. Begin-
accuracy oft0.15 pixels. ning users tend to become proficient after a short “startup’

Primitive skills are often combined to form more compleyeriod. Experts can easily develop and debug complex appli
kinematic constraints. For example, two point-to-line constraintations in a few hours’ time. The modularity of the system has
define a colinearity constraint useful for alignment. Figure 1&so made it an ideal framework for comparative studies. It is
(right) shows an example of a problem requiring alignment-straightforward to add new tracking primitives to the system anc
placing a screwdriver onto a screw. The diagram to the left sulmenchmark them against existing methods on real images or ©
marizes the tracker for the screw. Computations of state basedanned sequences.
the sides of the screw in both cameras allow the screw’s centrall his paradigm for visual tracking suggests a number of inter-
axis to be tracked. In addition, the head of the screw is trackesting questions and research directions. For example, it sugge:
by two short line trackers. that an extremely effective but flexible architecture for visual

For the purposes of hand—eye coordination, the screw track@cking may be hardware-assisted warping, already availabl
is augmented with two composite features which compute the many graphics workstations, combined with software-bases
intersection point of the central axis with each of the short lirteacking and state propagation methods. Ata more abstract leve

INTERSECTION SCREW  INTERSECTION

R

LINE LINE LINE LINE

FIG. 12. Left, the network of the screw tracker. Right, the system in operation.
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Realizations Tools
Comer Cross Tee Edge Absmedge
GlLine Ty, get  SSD-trans SSD-trans-scale Line Image Pattern
- yA | e
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/ 1
CompFeature Scalable / Galileo

| Point-Type Line-Type IndyCam

XWindow ITFG_101

FeatureGroup T \
[

BaseType CWindow Video

BasicFeature =g=

Tracking Typing Interfaces

FIG. 13. The software organization of X Vision.

X Vision is strongly based on the notion of images as dynamicallows us to hide the details of specific implementations and t
objects. Not surprisingly, the state computation and propagatimteract with the system through a set of generic interfaces. Moc
cycle it uses is closely related to that found in estimation andarization through object-oriented programming also makes |
feedback algorithms studied in systems theory. The use of sgasy to conceptualize the distinct stages of multilevel track
tems design models and concepts to develop accurate predictimn The application of high-level constraints should not require
and estimation techniques for the X Vision framework is an area overhaul of low-level procedures, nor should low-level im-
we are currently actively pursuing. Another related problem ementation affect the overall framework provided by higher
that of partial and full occlusion and target reacquisition. In réevel algorithms. Finally, such modularization also enhances th
cent work, we have begun to develop methods more robustptortability of the system.

occlusion and distraction [21, 49] and techniques for automaticWe have constructed X Vision as a set of classes in C++ &
target localization and initialization [51]. shown in Fig. 13. Briefly, all features are derived from a base

X Vision is an ongoing software development project, veclass calledBasicFeature . All features are directly derived

sions of which are freely available. Information on the curreifitom this class and are characterized by their state vector ar

version is can be found dtttp://www.cs.yale.edu/ member functions for state computation and graphical display
users/hager. There are two types of composite feature which are derive
from BasicFeature . A CompFeature is a composite fea-
APPENDIX: PROGRAMMING ENVIRONMENT ture which has both upward and downward links=éature-

Group is a composite feature with only upward links—that is,
Justas graphics systems are amenable to object-oriented taGioes not impose any constraints on its subsidiary features.
niques,we have found thatobject-oriented programming is We[’é-ature may participate in 0n|y ddompFeature but many
suited to tracking systems. The use of object-oriented methqusatureGroup ’s.
Both CompFeature andFeatureGroup manage an in-
ternal queue of their subsidiary features. Information is prop

Desired Comers agated up and down the feature network using two functions
Search Line compute _state , which computes a composite feature’s state
1 from the state of its subsidiary nodes, atate _propagate
which adjusts the state of a subsidiary node based on the ste
Q of their supersidiary node.

The default update cycle for@ompFeature calls its own
state _propagate function, then the update function of the
children, and finallycompute _state . A FeatureGroup
is similar, except there is no call to state _propagate
function. The tracking cycle is combined into a single function,
FIG. 14. Schematic of the initialization example. track( ) , callable only from a top-level feature. Calling it
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sweeps information down the network to the set of basic features, updates of the state of all basic features, and sweeps |
state information back up the network.

As an example, consider a simple program to locate and track the corners of the disk shown in Fig. 14 using the fiducial |
located near one edge:

Video v(1);
Edge e€;
Target t1(Sigl);

/I A video device
/[ The pattern to track
/I A specialized pattern finder
/I With a known signature
/I Two line trackers
/I tracking edges in v

/I Two corner trackers operating
in v

Line 11(&e, &v),
12(&e, &v);

Corner cl(&e, &v, UL),

c2(&e, &v, UR);
if ({(tl.search())) exit (1); /I Search globally for the target

/I This takes about 0.5 seconds
/I Initialize two
_PI); /I search lines

/Il Search along the lines for
/I the corners

/I A generic composite feature
/l Add the corners to it.

/l Go into a main tracking loop
/I which combines tracking with
/I other useful functions.

I1.set _state(tl.x(), tl1.y() + tl.sizey()/2,
[2.set _state(tl.x(), t1.y() + tl.sizey()/2,
If (I(I1.search(cl) && I2.search(c2)))
exit(1);
CompFeature p;
p +=cl; p += c2;
while ( ...) {
p.track();
other user code

0);
M

After picking a video device and edge pattern to track, thé. N. Ayache and O. D. Faugeras, Building, registrating, and fusing noisy
remainder of the program locates the specialized target, uses it"/sUa mapsint. J. Robotics Researci(6), 1988, 45-65. N
as a basis to find the horizontal line, searches along the line §o M- J- Black and Y. Yacoob, Tracking and recognizing rigid and non-rigid
find the specified corners, and then goes into a basic tracking facial motions using local parametric models of image motion§roc.

A Int. Conf. on Computer Vision, Cambridge, MA, 19pp. 374-381.
cycle to which other user code can be added. Naturally, Ay M. J.Blackand A. D. Jepson, Eigentracking: Robust matching and tracking

(_)th_er user COde_ affects the speed of traCki_ng and so it m_U5t Pe of articulated objects using a view-based representatidtrga. European
limited to operations that can be performed in a small fraction of Conf. on Computer Vision, Cambridge, UK, 1996

a second. In most of our applications, this is a feedback contrel A. Blake, R. Curwen, and A. Zisserman. Affine-invariant contour track-
computation, or a broadcast of information to another processor. ing with automatic control of spatiotemporal scalePiroc., Int. Conf. on
Computer Vision, Berlin, Germany, May 193®. 421-430.

Y. L. Chang and P. Liang, On recursive calibration of cameras for robot
hand-eye systems, iProc. IEEE Int. Conf. on Robotics and Automation,
1989 Vol. 2, pp. 838-843.

F. Chaumette, P. Rives, and B. Espiau, Positioning of a robot with respec
to an object, tracking it, and estimating its velocity by visual servoing, in
Proc. IEEE Int. Conf. on Robotics and Automation, Sacramento, CA, April
1991, pp. 2248-2253.

L. D. Cohen, On active contour models and ballo@GIP: Image Un-
derstandings3(2), 1991, 211-218.

J. L. Crowley, P. Stelmaszyk, T. Skordas, and P. Puget, Measurement ar
integration of 3-D structures by tracking edge lines, J. Computer Vision
8(1), 1992, 29-52.

M. W. Eklund, G. Ravichandran, M. M. Trivedi, and S. B. Marapane, Adap-
tive visual tracking algorithm and real-time implementatiorRic. IEEE
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