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Abstract

We present the warp tracker, a new system for tracking features through a sequence of images.  Employing an automated multi-resolution lattice deformation technique, the warp tracker performs fairly well on its own, and its hierarchical nature naturally lends itself to being integrated with other tracking algorithms for increased accuracy and robustness.  Developed specifically for use in next-generation video teleconferencing systems, a prototype of the warp tracker has already been tested on tracking human eyes with encouraging results.

1 Introduction

Feature tracking involves locating a set of features – e.g., points, lines, objects – through a sequence of images as those features move around and alter their pose.  This paper describes a new feature tracking algorithm, which we call warp tracking, designed to work as a part of a video conferencing system, in which the eyes of participants must be tracked and replaced with synthetically rendered eyes to correct gaze direction in real time [Zit99].

Existing feature trackers can be classified roughly into two categories: contour trackers and region trackers.  Contour trackers attempt to follow the precise outline of a feature in images.  Snakes, first proposed by Kass et al. [Kas88], are particularly popular for this purpose.  Snakes use variational techniques to solve an energy minimization formulation of the tracking problem.  The chief advantage of snakes is that they are able to track arbitrarily shaped features.  However, due to their dynamic nature, they tend to be numerically unstable, hard to manipulate, and susceptible to being  thrown off by noise.

In contrast, region trackers return the portions of the images that contain the feature but do not necessarily form a tight bound, sacrificing preciseness in exchange for increased robustness.  A good recent example of region tracking is [Hag98].

In essence, the difference between contour and region tracking is that of local versus global analysis.  Contour trackers rely on local analyses of the images in the vicinity of the feature, whereas region trackers analyze entire images for more globally optimal solutions.  This explains the preciseness-versus-robustness tradeoff described above: local analysis leads to locally optimal solutions that may not be globally optimal, which leads to instability; and global analysis must rely on some sort of a region-based scheme to make it run at a reasonable speed, which leads to reduced precision.  Of course, there are many trackers that lie somewhere between these two extremes; however, to date there have been no trackers that explicitly merge the two into a hybrid approach.

The warp tracker was developed to bridge the gap between contour tracking and region tracking by spanning the space between local and global analyses using a coarse-to-fine technique.  The particular coarse-to-fine algorithm we employ for the warp tracker is based on the results of Gao and Sederberg [Gao98], which uses a set of bilinear B-spline grids to gradually tighten the boundaries of control from the global to the local.  This leads to a system that merges the preciseness of contour tracking with the robustness of region tracking, though it does sacrifice a little with respect to both.  However, this system could then easily be placed between a region tracker and a contour tracker in a tracking pipeline.

Section 2 discusses the warp tracker  in detail and offers an analysis of its strengths and weaknesses.  Section 3 presents the test results of the prototype warp tracker that was developed.  Section 4 describes some future work, including the tracking pipeline proposed above.  Section 5 concludes the paper.

2 Warp Tracker

The warp tracker is initialized with an initial (e.g., canonical) image and contour, which we call the source.  Then, for any subsequent target image in which we wish to track the contour, we compute the correspondence map between the source and target images and apply it to the source contour to yield the target contour.  More formally, let I0 and I1 be the source and target images, respectively, and let C0 and C1 be source and target contours, respectively.  Then we compute the map 
[image: image1.wmf]1

0

:

I

I

M

®

, and finally we compute 
[image: image2.wmf](

)

0

1

C

M

C

=

.

The main difficulty lies in computing M, which is a hard computer vision problem.  We follow [Gao98], which is to define a warp function G over I0, which is essentially a deformable multi-resolution grid.  The grid can be warped subject to several geometric restrictions (described below), and its deformation causes the underlying image I0 to deform along with it.  We then define an energy function E over the grid, which has the property that its value is inversely proportional to the accuracy of the correspondence map defined by G.  We can then reformulate the task of computing M as an energy minimization problem, in which we try to find the optimal warp Gopt that minimizes E.

We can break down the warping algorithm into three major parts: the general grid operations, the energy metric defined over the grid, and the energy minimization routine.  We examine each of these below.

2.1 Grid Operations

The grid that represents the warp function G is composed of bilinear B-spline patches and can be subdivided ad infinitum to produce finer and finer grids.  The ith level grid contains 2i(2i patches, and the control points of the grid are the vertices of the grid patches.  We chose bilinear B-spline patches largely because they lead to relatively fast implementations of the operations we wish to support, which are described below.

The grid can be warped by moving its control points to different locations, subject to several restrictions (Figure 1).  To preserve the convexity of the patches, we stipulate two conditions: first, the ordering of the control points must be maintained in both x and y directions; i.e., points are not allowed to move past neighboring points.  This prevents “folding” of the patches.  Second, all points must remain within the region defined by the diagonals connecting its neighboring points.  For example, given an interior point p, it has neighbors to its immediate north, south, east, and west.  By connecting these four neighbor points, we form a diamond-shaped region, outside of which p is not allowed to move.  While there is no fundamental reason for imposing these geometric constraints, in practice these constraints greatly speed up computations, and they also seem to model affine transformations well, at least for small displacements.
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Figure 1: The image on the left is the original image with a level two grid superimposed over it.  The image on the right is an example of a warp function applied to the image.

When the grid undergoes subdivision, it simply subdivides each of its patches into four child patches.  This requires the creation of five new control points – one at the midpoint of each edge, plus one at the center of the patch.  To subdivide a warped patch, we interpolate the midpoint along each of the four edges of the patch to generate four of the new control points.  For the final control point at the center of the patch, we compute the intersection of the line connecting the midpoints of the top and bottom edges and line connecting the midpoints of the left and right edges.

Mapping any point (x,y) in I0 to its corresponding point in the warped image G(I0) involves the same computation as polygonal texture mapping, namely bilinear interpolation: first locate the patch P which contains the point and compute the local coordinates (u,v) within that patch.  Then locate the corresponding warped patch P’ in G(I0) and linearly interpolate u horizontally and v vertically in P’ to derive (u’,v’).  Finally, map (u’,v’) back into the image space to derive (x’,y’) in G(I0).

2.2 Energy Metric

The energy metric E is a scalar function defined over the grid, the value of which is minimized to result in an optimal warp.  The metric we use has two components: 1) the color difference between the warped source image and the target image, and 2) the extent of deformation as determined by the amount of deformation experienced by each grid patch edge.  We call these the color and geometric terms, respectively.  That is:
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The color term in turn depends on a color similarity metric (:
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We have experimented with various ways to define (, including the Cartesian distance in RGB space and absolute difference of the luminosity.  They all yielded similar results, which leads us to believe that any general-purpose metric will suffice.  However, it is quite possible that a more sophisticated domain-specific metric might yield better results; e.g., a face-tracking system might benefit from using a metric that more sharply distinguishes flesh tones from non-flesh tones.

The geometric term depends on two types of deformations, linear and angular:
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Here, e are the edges in G and ( are the angles between any two adjoining edges in G.  Thus, the first summation computes the sum of the squares of how much each edge stretched or contracted in the deformation, and the second summation computes the sum of the squares of how much each patch corner bent in the deformation.

In practice, we got the best results by scaling the weighting factors so that the color term clearly dominates.  In most cases, we have found that the angular term doesn’t seem to contribute much in most cases, so it is often possible to save some computation time by completely eliminating it without any significant effect on the tracking accuracy.

2.3 Energy Minimization

Let npix be the number of pixels in the image and ncp be the number of control points on the grid.  Then there are 
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 possible warps, so in general, searching for Gopt is an exponential problem, making a brute-force exhaustive search impossible.  Even if we impose a restriction to allow only those warps that preserve the convexity of all constituent patches, exhaustive search is still too costly, especially if we want this system to run at real-time rates.

[Gao98] proposes a fast, simple polynomial heuristic that empirically gives good results for their input images.  However, in practice it proves to be rather sensitive to the nature of the input images, and it also contains many implementation- and input-dependent constants that must be adjusted for proper behavior.  Furthermore, they admit in the paper that their routine often needs additional user input – in the form of anchor points – to help guide the search.  This sort of user intervention is impossible to give in real-time scenarios such as ours.

We use an alternate energy minimization routine that is more robust and less reliant on specially selected constants and user intervention.  It is a variation on the exhaustive search, but it mitigates the exponential blowup by pruning impossible candidate locations.  Figure 2 gives the pseudocode for our algorithm.

for i=1 to imax {


for each control point p ( Gi {



emin = E(Gi, I0, I1)



Lmin = location (x,y) of p


for each location L in patches containing p in Gi {




if  p is allowed to move to L then




move p to L; call this grid Gi’




ecur = E(Gi’, I0, I1)





if ecur < emin then





emin = ecur





Lmin = Lcur




else






move p back to Lmin




end if




end if



next L

next p

next i

Figure 2: The energy minimization routine used in the prototype warp tracker is shown here in pseudocode.

Note that a patch P is said to contain a control point p if p is one of the vertices of P.  Thus, all corner points have one containing patch, edge points have two, and interior points have four.  Note also that the test to see if p is allowed to move to L involves testing to make sure the resulting warp preserves convexity as noted above.  Though this algorithm is theoretically slower than the one described in [Gao98], it runs fairly quickly in practice, especially for smaller images.

3 Results

We have implemented a prototype warp tracker and tested its speed, accuracy, and robustness with respect to several different data sets.  The user interface is shown in Figure 3: the left image pane shows the canonical image with the deformable grid superimposed on it, and the right image pane shows the target image on which to track.  The user first draws the desired contour directly on the left image using a mouse, which in this case is a set of white points around Mona Lisa’s left eye.  The contour is displayed on the right image as well.  The points are automatically connected with a Catmull-Rom spline, drawn in red, which was chosen for its interpolating property.  Once the contour has been drawn, the user simply clicks the “Go!” button to activate the warp tracker, which computes the optimal warp of the first image to generate the correspondence map between the two images and then uses the map to warp the contour into place in the target image.
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Figure 3: This is a screenshot of the warp tracker.  The image on the left is the canonical image; the image on the right is the image on which the contour must be tracked.  The initial contour is drawn directly onto the left image, and then the user presses the “Go!” button, at which point the computer takes over and automatically generates the tracked contour in the second image.

On a Pentium II/333 with 256 MB of RAM running Windows 2000 Professional beta 1, we were able to achieve 1.5 frames per second for 32x32 images and fourfold subdivision (i.e., final grid patches covering 2x2 pixels prior to warp).  While this is still far from real-time performance, we have a number of ideas for speeding up our current implementation.  Also, since the system is primarily processor-bound, upgrading to a faster processor – e.g., the current top-of-the-line Pentium III/600 – should yield noticeably better performance even without any tweaking of the algorithm itself.

Figure 4 illustrates the ability of the warp tracker to handle gross translations and rotations.  The different views of Mona Lisa were generated via view morphing [Sei96].  To highlight the ability of the warp tracker to track features through significant morphological changes, we also generated a 208 image sequence of a blinking eye.  The results for those images are shown in Figure 6.

	[image: image10.jpg]3




	
	[image: image11.jpg]




	[image: image12.jpg]



	[image: image13.jpg]



	[image: image14.jpg]





Figure 4: This data set is designed to test the warp tracker’s ability to track gross motions – in this case, upper body rotation.  The upper left image is the canonical image, for which the contour was manually initialized by the user.   The contours in the rest of the images were then automatically generated by the warp tracker with no further user input.

4 Future Work

Our prototype system has yielded encouraging results, but there is still plenty of room for improvements on all fronts.  Below, we discuss ways to gain greater accuracy and performance from the warp tracker, including a major architectural change involving a pipeline of three separate tracking algorithms working in tandem.

4.1 Warp Tracker Improvements

Perhaps the most obvious improvement one can make on the warp tracker would be to modify the energy minimization routine.  As long as the energy metric is relatively smooth and differentiable, which is the case for the metric presented above, we can minimize it using a more sophisticated nonlinear optimization algorithm for a significant gain in speed.  However, it is unclear at this point whether this approach may also adversely affect the accuracy of the algorithm.  Essentially, the smoothness of the metric with respect to the deformation will determine the effectiveness of these gradient-based minimization routines.

Along those lines, the energy metric itself could also be improved upon.  For example, there is currently no explicit bias in the metric for affine transformations.  Furthermore, if a gradient-based minimization routine is used as described above, it may be possible to reformulate the energy metric so as to improve its behavior with respect to the routine.

4.2 Tracking Pipeline

One significant shortcoming of the warp tracker is that it inherits not only the strengths of the region and contour trackers, but their weaknesses as well.  For example, the robustness of the warp tracker is somewhat diluted compared to that of a region tracker, so it cannot handle large displacements very well.  Intuitively, a large displacement induces a severe warp of the grid, which in turn cause the geometric term in the energy metric to dominate and thus resist warping to the extent required to correctly track the feature.  Similarly, the preciseness of the warp tracker is also somewhat compromised: the contour returned by the warp tracker is sometimes off by a few pixels, depending on the final level of grid subdivision.  Essentially, to guarantee pixel-level accuracy of the contour, the grid must ultimately be subdivided to individual pixels.
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Figure 5: This is the schematic of the complete tracking pipeline.  I1…In are input images; R0 is the region containing the feature in the initial image; C0 is the contour of the feature in the initial image; R1…Rn are feature regions; K1…Kn are approximate contours; and C1…Cn are final contours.

Unfortunately, one cannot remedy these problems directly within the warp tracker.  Subdividing the grid down to individual pixels, for example, would cause the warp tracker to take an unacceptably long time to run.  Instead, we propose a more sweeping solution to these problems, where the warp tracker is augmented with both a region tracker and a contour tracker in a pipeline  (Figure 5).

Our modified feature tracker consists of the three tracking algorithms arranged as stages in a tracking pipeline.  As before, the system is first initialized with an initial image and contour, so that the system knows what to track.  Then the subsequent stream of images are processed sequentially by these three algorithms in the order presented above, with the output of each stage serving as the input to the next stage.  In other words, each stage refines the tracking result of the previous stage.

This arrangement allows all three algorithms to exercise their strengths while compensating for each other’s weaknesses.  Specifically, the region tracker can robustly track even large displacements to yield regions with much smaller apparent displacements, which the warp tracker can then handle to generate an approximate contour that the contour tracker refines into a tight contour.

There are many region and contour trackers from which to choose.  However, while it is imperative that the region tracker be as robust as possible, the contour tracker can be fairly simple.  This is because in our system, both the region tracker and the warp tracker precede the contour tracker, so we can assume that the input to the contour tracker always will be fairly close to the actual contour.  Thus, even a simple local gradient-driven tracker should be enough to give fairly good results.  However, the imposition of some rudimentary (i.e., not necessarily domain-specific) geometric constraints may still be helpful – e.g., enforcing the relative ordering of the feature points along the contour.

We found that our prototype implementation benefited significantly from the addition of a region tracker; however, we have not yet implemented a contour tracker.  That the output from this two-stage pipeline system are consistently within just a few pixels of the actual contour corroborates the above analysis and leads us to believe that the addition of a contour tracker will further improve the performance of the system.  We plan to implement a contour tracker in the next phase of this project.

5 Conclusions

We have presented the warp tracker, a new feature tracking algorithm that employs an automated multi-resolution lattice deformation technique to combine the robustness of a region tracker with the preciseness of a contour tracker, and demonstrated its efficacy in general-purpose feature tracking.  We have also described a tracking pipeline, in which the warp tracker serves as a bridge between region and contour trackers, an arrangement which greatly increases the robustness and decreases the overall complexity of the system.  Its ability to track features through changes in shape as well as location makes the warp tracker especially promising for applications such as video conferencing.
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Figure 6:  This data set tests the warp tracker’s ability to track changes in shape.  The upper left image is the canonical image, for which the contour was manually initialized by the user.  The contours in the rest of the images were then automatically generated with no further user input.
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