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Abstract

The appearance of a scene is a function of the scene con-
tents, the lighting, and the camera pose. A set of n-pixel
images of a non-degenerate scene captured from different
perspectives lie on a 6D nonlinear manifold in <n. In gen-
eral, this nonlinear manifold is complicated and numerous
samples are required to learn it globally.

In this paper, we present a novel method and some
preliminary results for incrementally tracking camera mo-
tion through sampling and linearizing the local appearance
manifold. At each frame time, we use a cluster of calibrated
and synchronized small baseline cameras to capture scene
appearance samples at different camera poses. We com-
pute a �rst-order approximation of the appearance mani-
fold around the current camera pose. Then, as new cluster
samples are captured at the next frame time, we estimate
the incremental camera motion using a linear solver. By
using intensity measurements and directly sampling the ap-
pearance manifold, our method avoids the commonly-used
feature extraction and matching processes, and does not re-
quire 3D correspondences across frames. Thus it can be
used for scenes with complicated surface materials, geome-
tries, and view-dependent appearance properties, situations
where many other camera tracking methods would fail.

1. Introduction
In this paper we address the challenging problem of

tracking in scenes with highly view-dependent appearances.
For example, scenes with curved re�ective surfaces, semi-
transparent surfaces, and specular re�ections all change in
appearance as the viewpoint changes. This confounding be-
havior typically makes motion estimation very dif�cult.

Traditionally, tracking is formulated as a search problem
in the parameter space of the transformation. There are two
main classes of tracking approaches. The �rst approach es-

timates motion using salient features of the scene. As a clas-
sic example, Lounget-Higgins [15] extracted features from
a stereo image pair, and used the epipolar geometry to es-
timate the relative camera motion. This method was later
extended to multiple views for simultaneously estimating
the camera internal parameters, the structure and the motion
[1, 18]. The second approach extracts the tracking informa-
tion from the whole appearance observations. For instance,
feature matching is replaced by optical �ow in differential
settings [5, 13, 11].

The second approach typically relies on an invariant
scene appearance or a parametric model that accommo-
dates the varying scene appearance. For example, Murase
and Nayar [17] proposed an eigenspace-based recogni-
tion method that projects object appearance samples onto
a hyperspace parameterized by object pose and illumina-
tion. In [3, 10, 6], an object under different lighting con-
ditions was represented as an illumination linear subspace.
Since projecting the global appearance of an object into a
PCA space requires precise segmentation and normaliza-
tion, these methods can encounter dif�culties in a general
case. To alleviate these dif�culties, [7] proposed to repre-
sent the target object as surface patches and perform recog-
nition in the local appearance space. A similar model is
used for object tracking [16], in which the object is de-
scribed as a collection of local templates whose displace-
ments can be computed ef�ciently using a linear solver.
Bascle and Deriche modeled the appearance of an object
using texture appearance templates [2]. A parametric rep-
resentation of the scene can also be formulated as a global
statistics of the objects’ appearance [4, 8]. Recently, El-
gammal proposed to learn a generative appearance model
of the target object of�ine, and employ the model to com-
pute the geometric transformation given the change of the
object appearance [9].

In this paper, we present a method that tracks the camera
motion through linearization of the local appearance mani-



fold. A camera cluster with small baselines is used to ac-
quire local appearance samples. Then these samples are
used to compute a linear approximation of the local appear-
ance manifold and to estimate the camera motion parame-
ters in this linear space. Our proposed method does not re-
quire any 3D or 2D correspondences, thus it accommodates
scenes with view-dependent appearance variances. In con-
trast to the methods based on learning an invariant appear-
ance representation, our method avoids the learning process
that requires training data.

2. Problem statement
Our novel tracking approach targets scenes with highly

view-dependent appearances. As far as we know, this class
of scenes is not handled by any existing technique. It is
very dif�cult to model appearance behavior in general, and
for this speci�c class of scenes it is particularly hard to �nd
a global model due to the highly nonlinear appearance func-
tion. Instead we use multiple local samples that represent
the manifold about the current viewpoint. These local sam-
ples are concurrently extracted from the scene while per-
forming 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 pose P an n-pixel
intensity image I of the scene. Each appearance sample I
represents a point in a high-dimensional space <n. As the
camera changes its pose P , I also changes, moving along
a manifold in <n. One can see that there exists a mapping
from P to I , denoted as I = f(P ). Since the transformation
space of the camera pose has six degrees of freedom, the
dimensionality of the appearance manifold is at most six.
The dimension will be smaller for degenerate cases � for
example, when a camera looks at a very distant scene. For
these cases, f is not invertible and the motion can not be
fully recovered. In this paper, we consider only cases where
the appearance manifold is not degenerate, and accordingly
f is invertible.

In general the appearance manifold of a scene is highly
nonlinear. Therefore, numerous samples need to be ac-
quired to learn a representation of it. Although learning
f globally would be an ideal solution, this task is mostly
infeasible in practice due to changes of lighting conditions
and movements of scene objects during capture, which vi-
olate the static scene assumption. However, as discussed
above, we know that the dimensionality of the appearance
manifold is at most six. Hence, with six samples one can
generate a linear approximation of the appearance manifold
as dI = FdP , where dI is the difference image, dP is the
camera motion, and F is the Jacobian matrix. This holds as
long as the camera motion is within the range of an accept-
able linear approximation. To achieve our goal we need to
solve three fundamental problems:

1. How to capture local appearance samples?

2. How to derive a local linear approximation given ap-
pearance samples?

3. Is a linear approximation suf�cient?

We will address these problems in the following sections.

3. Tracking
This section introduces our novel tracking framework.

We will introduce a technique to capture the appearance
samples during tracking and discuss an algorithm to lin-
earize the local appearance manifold and track the camera
motion within the linear space.

3.1. Linearize the appearance manifold

Consider a camera that undergoes complete 6D motion.
Assume at time t, we simultaneously acquire a reference
image I0 from the current camera pose P0, and m perturbed
images Ik at nearby perspectives Pk (k = 1; : : : ; m). Thus
we can compute m difference images dIk and camera mo-
tion dPk by subtracting I0 and P0 from Ik and Pk. We
want to use these samples to linearize the appearance func-
tion I(P ) around P0:

I = I0 + F (P � P0) (1)

dI = F dP : (2)

Here I and dI are n-pixel images represented as n � 1 vec-
tors, P and dP are 6�1 pose vectors, and F is the Jacobian
(partial derivative) matrix @I=@P of size n � 6. Given m
samples of dIk and known dPk , we can combine these sam-
ple vectors into matrices and write the linear equation as:

[dI1; dI2; : : : ; dIm] = F [dP1; dP2; : : : ; dPm] (3)

If m is greater than 6 and the images and poses are not de-
generate, the equation is of rank 6 and can compute the least
square solution of F using the Moore-Penrose pseudo in-
verse as

F = [dI1; dI2; : : : ; dIm] [dP1; dP2; : : : ; dPm]
+ (4)

The above discussion addresses the appearance manifold
linearization problem in the general case where m � 6. For
an ef�cient system, one would like to use minimum num-
ber of perturbed cameras whose poses expand a 6D motion
space. In this case, m = 6 and the Jacobian becomes

F = [dI1; dI2; : : : ; dI6] [dP1; dP2; : : : ; dP6]
�1 (5)

Once a linear approximation is computed for the local
appearance manifold, we can estimate the camera motion



usinga linear solver. Assumeat framet + 1, an updated
referenceimage ~I 0 is capturedat thenew camerapose ~P0.
We canthencomputea temporaldifferenceimaged~I 0 =
~I 0 � I 0 andestimatethecameramotiond ~P = ~P0 � P0 as
theleastsquaresolutionof Equation(6).

F d ~P = d~I 0 (6)

3.2. Samplewith a cameracluster

As shown in Fig. 1 we have constructeda prototype
differential camera clusterconsistingof four synchronized
andcalibratedsmall baselinecameras:onecentercamera
C0 andthreecamerasC1, C2 andC3 that areoffset from
the center. The coordinateframeof the clusteris de�ned
to align with C0. We call the otherthreecamerasC1, C2

andC3 translationalcamerasasthey captureimagesfrom
translatedviewpoints.1 At any point in time, the center
cameraandthetranslationalcamerascanbeusedto obtain
four simultaneousappearancesamplesof the local appear-
ancemanifold. Seethe exampleimagesindicatedby the
green(solid)arrowsin Fig. 1. In additionwegeneratethree
warpedimagesby rotatingtheimageplaneof C0 aroundits
threecoordinateaxes.Seetheexampleimagesindicatedby
the red (dashed)arrows in Fig. 1. Onecanconsiderthese
warpedimagesashaving beencapturedby threevirtual ro-
tationalcamerasC4, C5 andC6, eachwith thesamecamera
centerasC0 but with rotatedaxes. Thusat any framethe
clustereffectively “captures”seven local appearancesam-
plesI 0; : : : ; I 6. In a non-degeneratecasetheseimagescan
be usedto derive a �rst order approximationof the local
appearancemanifoldasdescribedin section3.1.

Thecameraclusterprovidessevenreal-timeappearance
samples. Becausethe rotational imagesare warpedver-
sionsof thecenterimage,thesefour samplesarefrom the
samemanifold.However, thetranslationalsamplesarecap-
tured using different cameras. To use thesesamplesfor
linearizingthe local manifold capturedby the centercam-
era,weneedgeometricandphotometricconsistency across
cameras.Assumingthe radial distortion is removed from
all cameras,wecanachievegeometricconsistency by using
the intrinsic parametersof thecentercamerafor thetrans-
lational cameras.Speci�cally wedecomposetheprojection
matrix [12] to obtaincameraintrinsic andextrinsic para-
meters. After that we generatethreevirtual translational
camerasusing the intrinsic parametersof the centercam-
era and the extrinsic parametersof the real translational
cameras.We thengeneratethe translationalimagesusing
homographymappings.To ensurephotometricconsistency
acrossthecameraswe usedtheapproachpresentedin [14].
The approachconsistsof a closed-loopprocessthat tunes
thecamerahardwaresettingssuchthatthecolorsvaluesof

1In a generalcase,their axesdo not needto beparallelwith thoseof
thecentercamera.
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Figure1. A prototypedifferential camera cluster (center)andil-
lustrative images.We obtainsevenimagestotal: onecenter, three
translated,andthreerotated. Note that the imagesshown above
were renderedwith exaggeratedbaselinesto make the differing
perspectivesmoreapparent.

a 24-samplecolor target are consistentin all cameraim-
ages. This is followed by a softwarepost-processingstep
thatusesthesame24 color samplesto computea mapping
thatfurtherimprovesphotometricconsistency.

4. Linearity of the local appearancemanifold

4.1. An SVD analysis

In theory, givensix non-degeneratesamplesonecanal-
ways generatea linear approximationof the appearance
manifold, but sucha linearizationis accurateonly within
a limited region. The sizeof eachlocally-linearregion is
determinedby the local smoothnessof themanifold. Typ-
ically, the sceneappearanceis a highly nonlinearfunction
and its locally-linear regionsarequite small. This means
thatany differentialcameraclustershouldhaveverynarrow
baselinesandaveryhigh framerateto acquiresamplesand
restrictmotionswithin a small locally-linearregion. This
is a greatchallenge.Evenif theserequirementscanbesat-
is�ed, due to the inherentelectronicnoiseof the camera,
the signal-to-noiseratio of thespatialandtemporaldiffer-
enceimagesmightnotbebig enoughto recovermotionac-
curately. We try to alleviate this problemby blurring the
imagesto smooththeappearancemanifold.

Let usexaminethesmoothnessof theappearanceman-
ifold for a synthetic3D sceneconsistingof two textured
planes(seetheimagesin Fig. 2). Thetwo planesareplaced
at different depthsto help distinguishingthe parallaxef-


