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Abstract tracking useful for the casual user to special marker-based
motion capture products directed towards professional us-
We introduce a real-time robust tracking procedure for a reg- age. A good review of computer vision techniques for cap-
ular pattern marked on a flexible moving surface such as cloth. turing human motion is presented in [8]; many of these ap-
Our system is capable of maintaining the tracked grid structure proaches have different objectives, using passively acquired
for long periods of time without quality deterioration, and requires video streams for surveillance and analysis. Being less in-
minimal user interaction. It has been tested on videos of an ac- vasive these techniques do not usually provide the degree of
tor dressed in a specially marked T-shirt and behaves favorably precision needed for production of high quality facial and
with the presence of self-occlusions, self-shadowing and folding cloth animation; although methods based on using low-rank
of the cloth. The focus of this paper is on single camera video constraints for surface reconstruction show great promise
sequence processing, even though 3D shape reconstruction wit{11].

multiple cameras is the motivating goal. The capture of quality data for a wide range of flexible
motions requires reliable handling of the effects of folding,
1. Introduction self-occlusion and self-shadowing. We therefore choose to

. o ) o follow in the steps of [6] and introduce specially marked
Reliable acquisition of geometric data for non-rigidly pattern on the tracked surface. The important feature of our
moving surfaces is important for applications in character method is that we track a coherent set of area primitives

animation and ergonomic design. Examples of such non-rather than individual point primitives as is customary in

trivially m_oving surfaces ir_1c_|ude face, hand, and_clothed motion capture, or curve primitives of [2][12]. Area prim-
body motions. Often, the visible surface dynamics is the re- ities have an advantage of establishing the connectivity of

precise data for such surface motions is important for gener-reconstruction.

animation and ergonomics applications. [9]in its objective and reliance on pattern matching for non-
Our goal is to build a general purpose geometry acqui- rigid tracking. However, instead of considering one consis-

sition system able to acquire complex motion of non-rigid tent textured mesh we treat our collection of tracked area

surfaces. Such system will employ several cameras trackingyrimitives as a loose set of individuals. This may allow ro-

the motion of known regular patterns marked on the sur- pyst tracking of visible areas even in the situations where
faces of interest. In this paper we focus on processing athe majority of primitives is occluded.

single camera videofeed. The spatial coherence of the pat-
tern allows us to _rellably track the surface m_0t|0n through 3. Our approach
long periods of time even when self-occlusions happens.
This work is the extension of [7] with great improvement Our current system tracks the motion of a checkerboard
in tracking performance due mainly to incorporation of fast pattern marked on a flexible surface. The black squares
image alignment techiques of [1]. (quadg of such pattern are the individual entities tracked
with our algorithm. For every frame of a video sequence,
the parameters of each tracked quad are predicted based on
the information from the previous few frames. Each active
Motion capture data is widely used in computer graph- quad is then individually aligned with its counterpart in the
ics for animating articulated figures [4], as well as facial image and assigned a confidence value. The quads with low
animation [13][6][5][3]. The setups used vary from video confidence values are inactivated. The further processing

2. Related work



uses spatial coherence of the pattern to discard improbable Temporal prediction Be-

quad arrangements and to revive the inactive parts of the (0,7) . « « « « « « o(1,1) fore the image alignment is
tracked grid. eepe s o000 one o yn weproduce the initial es-
e e e e eeddeel timate of every active quad’s
Notation We work in the image coordinates, and all the SRS SRR et homography in the current
positions are pairs of real numbers. The image in a frAme |e ele o o o o « o obe o| fame from the previous two
is denoted ag(x) wherex = (x,y) is the position in the o epe e 00000 enee frames viah(t) = 2h(t —
image plane. The time dependence of variables is indicated ((')(;) S Es (.1(.)) 1) — h(t —2) if it was active
with the integer parameter(index of the frame). ceccseses during both frameg¢ — 1 and

The system tracks black squares as individual entities, An example of template ¢ — 2; otherwise the previous
and a homography is associated with each black square  sampling used in equa- frame homography is copied
wy, SO thatwy, matches the image of the unit square under the  tions(1) and (2). h(t) = h(t —1).
homographyr: w;, = W (0, k), whered := [0, 1] x [0, 1].

The homography is represented with eight parameters [10]: Fast template maiching

We adapt the fast image alignment algorithm of [1] for
the purpose of tracking individual quads. The iterative

x ho h1 hg x ..
vl ~ |hs ha hs| |y procedure is invoked that gradually improves local match
1 he hr 1 1 ’ between the template and the image. More precisely, the

inverse compositional image alignment algorithm of [1]

so that the transforr¥/ (-; h) is given as minimizes the error function

hox + hiy + ho hsx + hay + h5> /Q [T(W(x; Ah)) — I(W (x; h))]2 dx

w ih) =
(x,y7 ) ( h6$‘+'h7y‘+'1 ’ h6$‘+'h7y‘+'1

with respect toAh. Here the region of integration is

Pseudocode Below is our algorithm’s structure: the cross-like ared? := [_0'25’1'25]. x [.O’ 1] U [0,1] x
S [—0.25, 1.25], and the template functiof is defined o2
initialize as
for every frame { 0. if xeno
for each active quad { T (x) 3:{ 17 otherwise
predict homography in time ’ '
match with the image We discretize the integral and, using the fact tRat is
if confidence is low -- disactivate zero away from the boundary of the unit square, we obtain
} _ _ the desired offsef\h as follows:
extend active region
check grid’s spatial consistency oW
} = D HTH VT | [T() = (W (x: 1)) (1)

x€PK
There are two essential parts of the tracking cycle: first,
all the active quads are tracked individually and then their
spatial coherence is maintained via changes in active region.
The following two sections give details on these two proce-
dures.

Here the summation is over the sampled boundary of the
unit squareSk (the figure on the left showsy as a set of
small white squares). The Hessian matfiixs defined as

H= xezﬁ:}( [VT} {VT%VH

4. Individual quad tracking

| der to track individual d first get th i The Hessian matrix is constant and precomputed at the ini-
n order to track individual quads we Tirst get the esti- ;37 ation stage of the algorithm. The resultidg: is used

mate of the current homography via temporal prediction, to update current homography in the iterative procedure.
and then improve local match of the correspondingly dis-

torted template with the image via a local optimization pro- Confidence measure In [7], the Lo-correlation was intro-

cedure. Then a separate calculation is performed to obtaindyced to assign confidence level to a single tracked quad,

a confidence measure that indicates how good is the locakhat estimates the quality of the match of the template to

_mat_ch between the distorted template and the correspondthe corresponding image region. In the current implemen-

Ing Image area. tation that measure is replaced by a sampled version for the
reasons of efficiency.



We define the confidence level asBynorm correlation N, 0
between the template function and the difference between N{™**(N.) | O

the image and average image intensity within the template
region: Table 1. Spatial grid consistency threshold.

1 2 3 4
1 1 2 2

= 1 Z sign(I(W(x;h)) — 1) (2T (x) — 1). Spatial prediction for active region extension The cur-
QK| Ny rently inactive quads placement is predicted from its ac-
(2) tive neighbor by the translation that matches their common
Here Qk is the discretized version of the “cross” area corner. Only active neighbors with confidence level above

c(h) :

(shown as small black circles in the figure above), gng| cprea = 0.7 are used for such extension. After initial ex-
is the number of samples R tension, the homography parameters are optimized via tem-
plate matching described in the preceding section. If the
I, = b Z I(W(x; h)) match or spatial consistency criteria described above are not
Qx| XEQx satisfied the quad is not activated.

is the average image intensity within the template region. Note This paper works with a single camera feed. For a
The defined confidence measure will increase when the relattern covering a general surface undergoing general mo-
ative distribution of image pixel values within the cross re- tion there will always be parts of the surface not visible
gion W (2, h) is close to the template - most image pixels froma pa.\rt'lcularwewpomt. Thls problem will pe addr.essed
within the quadiV' (, h) fall below the average intensity by combining streams of partial geometry (with confidence
and the pixels in the “lapels” are above the average inten-Values for active quads) coming from several cameras.
sity. The confidence level h) is guaranteed to be between
-1 and 1 and the values close to 1 indicate a good match.6' Results
Our experiments with other correlation functions show that  \ye have tested our algorithm on two video sequences
the abovel, correlation gives the most consistent results. acquired with B/W CCD camera at 30 frames/sec. The im-
age resolution was 376 by 240 and the length of both video
5. Managing the active region sequences was 20 seconds. An 8 x 8 checkerboard grid pat-
tern with 32 black squares was painted with black markers
There are two places during a tracking cycle where a on a white t-shirt. A person wearing the marked t-shirt per-
quad can become inactive: first, if after a temporal predic- formed various motions before the camera. The acquired
tion the local template matching fails to improve the confi- video was then processed by our tracking system.
dence level above,,,, = 0.65 then the quad becomes in- User interaction consisted of roughly delineating one
active; another routine that deactivates quads is the spatiagquare in the middle of the pattern (four mouse clicks). Af-
consistency check. The spatial prediction, is on the otherter this initialization, the grid structure was automatically
hand, the only procedure that can activate quads. In order taextended to the entire connected visible region of the pat-
assure that the active region does not grow too fast we dampern. Consequently the grid pattern structure was tracked
the confidence level of the quads just introduced by spa-through the video. The tracker has successfully restored the
tial extension by a factor of 0.9. Since only the quads with grid structure after self-occlusions occurred. Figure 1 shows
high confidence can predict their neighbors that restricts theseveral tracked frames from the video sequence around oc-

growth of active region only to high confidence areas. clusion time. There was no deterioration of the tracking
. ) i . ) ) quality through time.
Checking spatial grid consistency The grid consistency The current procedure takes about 20 milliseconds per

check is needed to ensure that the tracked configuration corframe even for complicated frames with significant occlu-
responds to a valid grid structure. Every active quad iS sjons and self-shadowing. The system was tested on a PC
checked against its active neighbors whose current confi-yqrkstation with 1GHz Pentium processor.

dence level is abovey;,, = 0.75: denote the number of

such confident quad-neighbors &s. A neighboring quad .

is consistent wi?h the gi?/en quad if theirgcommgnqvertex 7. Conclusions and future work

position lies within a preset threshold. We are using a dis-
tance threshold equal )% of the maximal quad size in
the current implementation. We then count the numligr

of inconsistent pairs for a given quad: note thtis al-
ways less or equal thaN... If N; is greater or equal than an
empirically found valueV™**(N.) that is given in Table 1
then the current quad is deactivated.

We have considered direct tracking of marked grid pat-
terns on flexible moving surfaces, and shown that we can
track such grids at video frame rates using simple vision
techniques. More future work is required with multiple
cameras and full 3D surface descriptions.
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frame 480

frame 500

Figure 1. Six frames from the tracking sequence together with extracted grid of quads. Note that there are only five
active quads in the frame 480. The structure of the grid is being correctly recovered in the following frames. Darker
squares correspond to higher confidence values.
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