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Abstract salient features and employs them as an invariant model of
the scene. The second class extracts the tracking informa-

The appearance of a scene is a function of the scene contion from all observations.
tents, the lighting, and the camera pose. A set-fixel Lounget-Higgins'L3] employed selected salient features
images of a non-degenerate scene captured from differentand their motion in consecutive frames to compute the
perspectives lie on a 6D nonlinear manifold®¥. In gen- epipolar geometry. The epipolar geometry then delivered
eral, this nonlinear manifold is complicated and numerous the relative camera motion of a calibrated camera. This
samples are required to learn it globally. method was later extended to general camergslii).

In this paper, we present a novel method and some Methods that use all observed pixels are often applied
preliminary results for incrementally tracking camera mo- in differential settings. Optical flow based methods are
tion through sampling and linearizing the local appearance employed to simultaneously recover structure and motion
manifold. At each frame time, we use a cluster of calibrated [3, [10, [8]. These methods rely on a constant appearance
and synchronized small baseline cameras to capture scenaf the scene or a known parametric representation that can
appearance samples at different camera poses. We comaccommodate the varying scene appearance. This second
pute a first-order approximation of the appearance mani- class of techniques is more closely related to our technique,
fold around the current camera pose. Then, as new clusterwhich also uses all the image information concurrently. For
samples are captured at the next frame time, we estimateexample, the appearance of an object under different light-
the incremental camera motion using a linear solver. By ing conditions is represented as a 3D illumination linear
using intensity measurements and directly sampling the ap-subspace iri4, 4]. Bascle and R. Deriche modelled the ap-
pearance manifold, our method avoids the commonly-usedpearance of an object using texture appearance templates
feature extraction and matching processes, and does not re{1]. A parametric representation of the scene can also be
quire 3D correspondences across frames. Thus it can beformulated as a global statistics of the objects’ appearance
used for scenes with complicated surface materials, geome{2,5], or a filter response12]. Given the appearance model
tries, and view-dependent appearance properties, situationsof the object, a nonlinear estimation framework is used for
where many other camera tracking methods would fail. tracking P2]. Recently, Elgammal proposed to learn a gen-

erative appearance model of an object offline, and employ
the model to compute the geometric transformation given
1. Introduction the change of the appearandg]. [
In this paper, we present a method that tracks the camera

In this paper we address the challenging problem of motion through linearization of the local appearance mani-
tracking in scenes with highly view-dependent appearancesfold. A camera cluster with small baselines is used to ac-
For example, scenes with curved reflective surfaces, semiquire local appearance samples. Then these samples are
transparent surfaces, and specular reflections all change imsed to compute a linear approximation of the local appear-
appearance as the viewpoint changes. This confounding beance manifold and to estimate the camera motion parame-
havior typically makes motion estimation very difficult. ters in this linear space. Our proposed method does not re-

Traditionally, tracking is formulated as a search problem quire any 3D or 2D correspondences, thus it accommodates
in the parameter space of the transformation. Almost all scenes with view-dependent appearance variances. In con-
tracking approaches use an invariant or parametric modeltrast to the methods based on learning an invariant appear-
of the scene appearance. There are two main classes ance representation, our method avoids the learning process
tracking approaches. The first class selects a number othat requires training data.



2. Problem statement 3. Tracking

Our novel tracking approach targets scenes with highly  This section introduces our novel tracking frame work.
view-dependent appearances. As far as we know this clas®Ve will discuss how our techniques locally approximates
of scenes is not handled by any existing technique. It is verythe appearance manifold with linear functions and introduce
difficult to model appearance behavior in general, and for a technique to capture the appearance manifold while the
this specific class of scenes it is particularly hard to find a tracking.
global model due to the highly nonlinear appearance func-
tion. Instead we use multiplecal models that represent 3.1. Linearize the appearance manifold
the global manifold about the current viewpoint. These lo-
cal models are concurrently extracted from the scene while
performing the tracking.

Consider a camera that undergoes complete 6D motion
(3D translation and 3D rotation) in a static scene. At each
frame time, it captures from its current poBean n-pixel

In this section, we introduce the algorithm to linearize
an appearance manifold and track camera motion inside the
linear space. Assume at timmgwe simultaneously acquire
a center imagd, from current camera pos&, andm per-
turbed imageg,. at nearby perspectivdy, (k =1,...,m).

_ o Thus we can compute: difference imagedI;, and camera
intensity imagel of the scene. Each appearance saniple motion dP, by subtractingl, and P, from I;, and P,. We

represents a point in a high-dimensional spite As the 414 16 yse these samples to linearize the appearance func-
camera changes its po$g I also changes, moving along 4, I1(P) aroundPy;

a manifold inR™. One can see that there exists a mapping

from P to I, denoted ad = f(P). Since the transforma- I=I)+F (P- D) 1)
tion space of the camera pose has six degrees of freedom,
the dimensionality of the appearance manifold is at most dl = FdP. @)

six. The dimension will be smaller for cases of degenerate Here I andd ! aren-pixel images represented as< 1 vec-
camera motion—for example it will have dimension three tors, P anddP are6 x 1 pose vectors, and is the Jaco-
for pure translation. For degenerate scenes the dimensionbian (partial derivative) matri®1 /0P of sizen x 6. Asm
ality of the appearance manifold can be less than six. Forsamples ofiI; and knowndP, are acquired, we can com-

example, when a camera looks at a very distant s¢eise  bine these sample vectors into matrices and write the linear
not invertible and the motion can not be fully recovered. equation as:

In this paper, we consider only cases where the appearance

manifold is not degenerate, and accordinglis invertible. [dI,dIs, ... dl,] = F [dP1,dPs,...,dPy]  (3)
In general the appearance manifold of a scene is highly

nonlinear. Accordingly, numerous samples need to be ac-

quired to learn a representation of it. Although learnjhg

globally would be an ideal solution, this task is mostly in-

feasible in practice due to changes of lighting conditions

and movements of scene objects during capture, which vi- g — [dIy,dIs, ... ,dI,] [dP;,dPs,..., de]+ (4)

olate the static scene assumption. However, as discussed

above, we know that the dimensionality of the appearance

manifold is at most six. Hence, a small number of appear-  The above discussion addresses the appearance manifold

ance samples simultaneously captured around current camlinearization problem in the general case where- 6. For

era pose are enough to derive a local approximation of thean efficient system, one would like to use minimum num-

appearance manifold. In particular, with six samples one ber of perturbed cameras whose poses expand a 6D motion

can generate a linear approximation of the appearance manspace. In this case; = 6 and the Jacobian becomes

ifold asdl = FdP, whered! is the difference imagelP 1

is the camera motion, anfl is the Jacobian matrix. This F=ldh,dl,...,dIg] [dPy,dPy, ..., dF] ®)

holds as long as the camera motion is within the range of  Once a linear approximation is derived for the local ap-

an acceptable linear approximation. To achieve our goal Wepearance manifold, we can estimate the camera motion us-

need to solve three fundamental problems: ing a linear solver. Assume at frame- 1, an updated cen-

1. How to capture local appearance samples? ter imagel, is captured at the new camera padgg and

2. How to derive a local linear approximation given ap- & temporal difference imageél, is computed by subtract-
pearance samples? ing Iy from I,. We can then estimate the camera motion

3. Is a linear approximation is sufficient? dP = P, — P, as the least square solution of Equatiéj (

If m is greater than 6 and the images and poses are not de-
generated, the equation is of rank 6. We can compute the
least square solution df using the Moore-Penrose pseudo
inverse as

We will address these problems in the following sections. FdP = dl, (6)



3.2. Sample with a camera cluster The camera cluster provides seven real-time appearance
samples. Because thetational images are warped ver-
sions of thecenterimage, the four samples are from the
same manifold. However, th&anslational samples are
captured using different cameras. To use these samples for
three camerag’;, C; andCs that are offset from the cen-  |ingarizing the local manifold captured by the center cam-
te.r. The coordinate frame of the cluster is defined to align era, we need geometric and photometric consistency across
with the center camera. We call the other three cameras;ameras. Assuming the radial distortion is removed from
C1, €y and (3 translational c_a&meras as they capture im- 5| cameras, we can achieve geometric consistency by using
ages from translated viewpointsit any pointin time, the  he intrinsic parameters of theentercamera for therans-
centercamera and theanslationalcameras can be used 0 |4tional cameras. Specifically we decompose the projection
obtain four simultaneous appearance samples of the local, 5rix [9] to obtain camera intrinsic and extrinsic para-
appearance manifold. See the example images indicated by,aters. We then generate three virttrahslational cam-

the green arrows in Figl. In addition we generate three 54 sing thintrinsic parameters of theentercamera and

warped images by rotating the image planeCfaround ¢ extrinsic parameters of the reafanslational cameras.
its three coordmatg axes. See the example images indicate@ye then generate the translational images using homogra-
by the red arrows in Fidl. One can consider these warped  phy mappings. To ensure photometric consistency across
images as having been captured by three vintottional

; the cameras we used the approach presentedil]n The
camerag’y, C5 andCs, each with the same camera center 5,5r04ch consists of a closed-loop process that tunes the

as Cy but with “rotated axes. Thus at any frame the Clus- camera hardware settings such that the colors values of a
ter effectively “captures” seven local appearance samplesy4_sample color target are consistent in all camera images.
Io,..., Is. Inanon-degenerate case these seven images Cafs s followed by a software post-processing step that uses
be used to derive a first order approximation of the local ap- he same 24 color samples to compute a mapping that fur-

pearance manifold. ther improves photometric consistency.

As shown in Figdlwe have constructed a prototypi-
ferential camera clusteconsisting of four small synchro-
nized and calibrated cameras: orentercameraC, and

4. Linearity of the local appearance manifold
4.1. An SVD analysis

In theory, given six non-degenerate samples one can al-
ways generate a linear approximation of the appearance
manifold, but such a linearization is accurate only within
a limited region. The size of each locally-linear region is
determined by the local smoothness of the manifold. Typ-
ically, the scene appearance is a highly nonlinear function
and its locally-linear regions are quite small. This means
that any differential camera cluster should have very narrow
baselines and a very high frame rate to acquire samples and
restrict motions within a small locally-linear region. This
is a great challenge. Even if these requirements can be sat-
isfied, due to the inherent electronic noise of the camera,
the signal-to-noise ratio of the spatial and temporal differ-
ence images might not be big enough to recover motion ac-

. v curately. We try to alleviate this problem by blurring the
Tran X+Y+Z images to smooth the appearance manifold.
Let us examine the smoothness of the appearance man-

Figure 1.A prototypedlﬁere_ntlal camera CIUSte(C,emer) and il- ifold for a synthetic 3D scene consisting of two textured
lustrative images. We obtain seven images total: one center, three

translated, and three rotated. Note that the images shown abovc?lanes (see the images in F&). The two planes are placed

were rendered with an exaggerated baseline to make the differingat different depths to h_elp distir_1guish the paraII_aX effects
perspectives more apparent. from out-of-plane rotation and in-plane translation. Sev-

eral rectangular white textures are pasted on the dimmed

background (around the periphery) to provide some low fre-

1in a general case, their axes do not need to be parallel with those ofqUENCY texture the scene. The resp'“gon of the synthetic
thecentercamera. camera isv = 640 x 640. As shown in Fig2(a), we use a




uniform distribution to randomly perturb the camera pose 4.2. A quantitative analysis using sine waves
and generaten = 50 images from nearby perspectives.

The maximum magnitude of the perturbation is carefully
defined so that the imaging of a point on the frontal plane
shift at most 4 pixels away from its position in the center
position. The images are blurred using a Gaussian filter an
sub-sampled at a 4-to-1 rate (see [Zh)). This sampling

The SVD analysis shows that an non-linear appearance
manifold can be smoothed using a low-pass filter. One can
thus sample inside a locally-linear region and compute a lin-
£ approximation of the filtered manifold. In this section,

we present a quantitative analysis of sampling and estimat-

rate is higher than the Nyquist rate. We then acquire differ- mg_motlon on_the smqothed manifold. _In particular, for
a given sampling density (camera baseline), we try to de-

ence images by computing a mean image and SUl:)trac'{mglermine the threshold frequency for the low-pass filter and

it form the sub-sampled images. The pixel intensities of . . S .
X . ; derive an estimate of the estimation error. In the analysis,
these difference images are reordered into column vectors

and grouped into & x 50 matrix. We then apply SVD de- we use sine S|gn§1Is as the.scene gontents, for any image can
" X be decomposed into a series of sine waves of different fre-
composition to the matrix.

guencies.
To demonstrate the effects of smoothing the appearance
manifold, we use three different Gaussian kernels of size sin :
[20 x 20,40 x 40,80 x 80] ando = [3, 6, 12] to filter the signal B i
original perturbed images and generate three sets of blurred o

images. The SVD results on matrices constructed using

these blurred images are shown in Fafd,e,f). One can \I/\1/ i

see from Figi2(e,f) that there are six significant singular m m Y N

values, which implies that the smoothed local appearance co co R ANV

manifold can be appropriately linearized and the motion can fexy WS W w0 = W
be recovered. While in Fi@(d), the fourth, fifth and sixth @ ®)

singular values are not easily distinguished from the rest. Figure 3.1D orthographic cameras capture images of a sine signal.

While in general this could be an indication of a degener-

filti fr?etnti (;Jnider-c;]o?jtrfugle dr)]' 'nn"t:'s r(i:?serr:tbls dzndlri]glt(;\a- Without loss of generality, let us consider the problem
onthatthere s considerable non-linearity embedde €in one dimension. Suppose two parallel 1D orthographic

appearance manifold fo_r the region where the samples arecameraﬁo andC, capture imageg, andJ; of a sine signal
captured. To address this we can sample closer to the cent

. : s shown in Fig/3(a). Both images containsamples from
pose, or smooth the images more heavily. one period of the sine signal, starting from initial phasgs
anda; as shown in Fig.3(b). At the next frame('y moves
x degrees along the wave and captures a new infage
initial phasea, = ag + x. We can write the 1D images as:

O
n I; = sin(aj + 1 k) @)
o

(c)

wherej € [0,1,2] andk € [0,1,...,[359/r]]. Using
Equation [b) and ), we compute a linear estimate of the

SVD results on Gaussian blurred images SVD results on Gaussian blurred images SVD results on Gaussian blurred images motionz as:
100 600 4000,
[——sigma=3 —+—sigma=6 [——sigma=12
| oo &= ( ) ( )/( ) ®)
3000) = — — —
" g X aq an I x 1 0 I 1 1 0 8

8 € 4000
s 6000 3
3

i The estimation errors for different motionsusing dif-
ferent baselines are shown in Fi¢. One can see from
KR T B S % 0 » % Fig.4(a) that with two cameras of baselihe= a1 — a0, the

@ © ® estimation error remains relatively small for motion within
Figure 2.SVD analysis using synthetic images of a 3D scene with [0, b] and increases quickly beyond this region. Redina]
textured foreground and background planes. The foreground planeIS the linear region for motion estimation. Fig(b) shows

IS th.e marbled square in the middie of the Images. (a) The orig- that while using a bigger baseline enlarges the linear region,
inal images captured from 50 close perspectives. (b) The blurred. . . . o
it also causes greater estimation errors for motions within

images. Three Gaussian filters with= [3, 6, 12] are used. (c) he i . . basdii h
The power spectrum of the three Gaussian filter wifhrid0, 40] the linear range. For instance, using a baselire120 the

of the frequency domain. (d) (e) (f) SVD results using the three eStim‘?‘tion error forr = 30 is 5 dggrees. In practice, we
different filters. empirically choosé = 90 to achieve a balance between

the size of tracking volume and the tracking accuracy. This

5
S 4000
@

2000




means for a particular scene, we can consider adjusting thenotion. This can be achieved by doing motion estimating
camera baseline to be a quarter of highest frequency in thawice, first for the direction and then for the real estimation.
image. Or for a fixed baseline, we should use a low-passWhile this solution appears to be awkward, the additional
filter whose threshold is four times the camera baseline.computation is affordable, as it only involves solving a lin-
Then we can expect to achieve good estimation for a mo-ear system that can be done efficiently.
tion within the baseline.

5. Experimental Results

Estimation error using different baselines Estimation error using different baselines

8 0.06 . .

i —— baseline=30 0035 We first present some results based on synthetic data. We

baseline=60 5 = . ..

2, —— baseline=90 2 ool simulated a scene consisting of a textured planar patch and
g o TR | preemnent0 g»ooe» —baseline=30 a curved mirror, both contained inside an a cube. The in-
50 = B o1l | — eocdinecso ner six surfaces of the (surrounding) cube were textured
@ [} - . . .

N 018 | Deseinemz0 using the same image. The simulated camera cluster was

4 . .

a5 e e . - - - placgd in front of the curved mirror. Thus the camera cI_us—

(a)x . X ter viewed some of the scene beyond the edges of the mirror,

and some of the reflection. Traditional tracking techniques
would not perform well on this data, since the epipolar con-
straint does not hold for images of the curved mirror as the
camera moves.

Fig. 5 presents some tracking results on the synthetic
We have derived some interesting conclusions using Scene over 40 frames. ~An original imagel( x 640) .
analysis on 1D orthogonal cameras observing sine signals!S shown in (a), where the border of the cur\(ed mirror 1S
Unfortunately, the analysis can not be directly extended to marked In green. One can see that the reflection of the pla-
3D scenes and perspective cameras. Here we provide som ar patch is distorted by the curved mirror. When generating

empirical verification. Consider the synthetic data set usedzhe image sequtgnces,tzv i trﬁ St”.Cteld thf? m?xu;nurrl elxtent of
in the previous section. The shift of a point in the image € camera motion so hat the pixel motion forirontal scene

plane is in[0,4]. According to the previous analysis, the points would be less than 4 pixels. We generated a blurred

wave length of the highest frequency should be 16 pixels. image (shown in (€)) using a Gaussian kernaldif x 160

That is a 40 Hz signal for 40 x 640 image. From Fig2(c) with o = 24 and sub-sampled at 32 HZ.(20 pixels). W_e
and Tablél, we can see that 95% energy of a Gaussian fil- choose a that was larger than the analysis result shown in
ter with o : 6 is covered by its low-frequency spectrum 4.2 to accommodate the reflection of the rear scene, which

inside[—40,40]. Thus the threshold of this low-pass filter could move faster in the image plane than the front scene.
is 40Hz V\}hereas for the filter with — 3, only 59% en- We show the translation and rotation estimates in Big.

ergy is within the 40Hz low-frequency spectrum. As shown (b-d) and (f-h). The horizontal axes represent frame num-

in Fig.’2(d,e), a good linear approximation can be computed ?ers and tht?] vert|cz_il ax;as reprelsetnr;[ th? tacct;:mulzted mo-
for images blurred with the first filter but not for the second 1on across the previous frames. n the plots, the red curves

. represent the true value, and blue curves represent the esti-
one. The results support the analysis. mated value. The translation and rotation of the camera is
defined in a global coordinate system that is aligned with the
coordinate system of the center camera at the initial frame.

In a second experiment, we tracked a real camera cluster.
The cluster was built using four PointGrey Flea digital color
Table 1.Energy distribution of Gaussian filters in the frequency C@meras (see Fid). The baselines are 34 mm in theand
domain. Y direction, and 66 mm in th& direction. As described in

3, geometric and photometric consistencies were enforced

The above analysis shows that the appropriate trackingacross the four cameras. The color images were converted
volume is[0, b], which means the estimation error is asym- to grayscale and used as scene appearance samples.
metric. To solve this problem, one can consider choosing To obtain some form of a ground-truth reference mo-
the center camera according to the motion direction. For in-tion track we moved the camera cluster along some pre-
stance, in the 1D case, if the cameras move to the left (seedetermined grid points marked on a table (tkieZ plane)

Fig. 13), we can choosé€’; to be the center camera and use while imaging the scene. Prior to data collection the cam-
Iy and I; captured at the new frame to compute intensity eras were manually adjusted to obtain parallel principal
derivatives. This solution can be extended to 3D cases. Toaxes across frames. The results are shown inl@zigAn

use this technique, we need to detect the direction of theoriginal image and its blurred version is shown in (a) and

Figure 4.Analysis of motion estimation error. (a) Estimation error
(Z—=) /b using specific baselinés= a1 —a0 = [30, 60, 90, 120]
degrees, and € [—180, 180] degrees. (b) Zoom in of (a) for
x € [—10,60] degrees.

| Gaussian kernet 3 6 12 |
Percentage energy covered by the
low frequency spectrums [-40,40]159% | 96% | 99%




(e). The resolution of the original imageli824 x 768. The
image was blurred using a Gaussian kernel@f x 160

(estimating and integratindP), it is likely that in prac-
tice one would want to periodically use some of the im-

with ¢ = 24, and then sub-sampled at a ratio of 20 to 1. ages for more conventional feature-based drift correction.
The accumulated translations and rotations are shown in (b-Like MPEG and other video encoding schemes, future hard-
d) and (f-h). Again, the translations and rotations are de-ware could send a continuou&” stream with periodic
fined in the coordinate of the center camera at the initial key frames to the host computer, enabling fast incremental
frame. One can see that the algorithm achieves good estitracking with drift estimation and correction.

mation onX andY translations, and the estimated rotations

and Z translations are small. We believe the exhibited er- References

ror is due primarily to inherent error in our (incremental)
approach, and registration error introduced by our manual [

alignment process.

Our third experiment demonstrates the tracking of a
hand-held camera cluster over 200 frames. As the ground
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Figure 5.Tracking in a synthetic scene with a curved mirror over 40 frames. (a) An image of the synthetic scene. The border of the curved
mirror is marked in green. (b)-(d) Estimation of camera translations (in mm) in X, Y and Z directions. Red curves represent the true value
of the accumulated motion, blue curves represent the estimated value of the accumulated motion. (e) A blurred image. (f)-(h) Estimation
of camera rotation angles (in degree) around Z, X and Y axes. Red curves represent the true values of the accumulated motion, blue curves

represent the estimated values of the accumulated motion.
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Figure 6.Tracking a controlled camera motion over 20 frames. (a) A image of the real scene. (b)-(d) Estimation of camera translations (in
mm) in X, Y and Z directions. Red curves represent the true values of the accumulated motion, blue curves represent the estimated values
of the accumulated motion. (e) A blurred image. (f)-(h) Estimation of camera rotation angles (in degree) around Z, X and Y axes. Red
curves represent the true values of the accumulated motion, blue curves represent the estimated values of the accumulated motion.
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Figure 7.Tracking a hand-held camera motion over 200 frames. The tracking results are illustrated through projecting six 3D scene points
onto the image plane. The projection matrix is computed using the estimated motion. The positions of the 3D points are marked as white
patches. (a) The projected points in tenterimage at the initial frame. (b)-(h) The projected points intkaterimage at frame 20, 40,
60, 140, 160, 180 and 200.



