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Abstract

We presert a unifying framework in which object-independent modes of variation
are learned from contin uous-time data such as video sequences. These modes of
variation canbe usedasgeneantors to produce a manifold of imagesof a new object
from a single example of that object.

We dewelop the framework in the context of a well-known example: analyzing the
modes of spatial deformations of a sceneunder camera movemert. Our method
learns a closeapproximation to the standard a ne deformationsthat are expected
from the geometry of the situation, and doessoin a completely unsupervised(i.e. ig-
norant of the geometry of the situation) fashion. We stressthat it is learning a
parameterization, not just the parameter values, of the data. We then demonstrate
how we have usedthe sameframework to derive a novel data-driven model of joint
color changein imagesdue to common lighting variations. The model is superior
to previous models of color change in describing non-linear color changesdue to
lighting.
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1 Intro duction

Human beings have the remarkable ability, given a single image of an object, to
understand® how it will appear under changesin current viewing parameters suc
as (camera) position and lighting. How is it possible for us to have such good
models of so many di erent types of objects? One could adopt the view that we
must learn a model of variation for eat type of object in the world. However, this
is cortradicted by the fact that people are able to understand how an object will
changeappearanceeven if they have seenonly a single example of that object.

Another possibility is that we have highly generic models of imagesthat apply to
all objects. For example, some general inference can be done for the imagesof a
new object by consideringthe statistics of \natural images". Howewer, such generic
class-indeendert models of image data tend to be very weak in their predictive
power sinceimagesare so highly variable.

To addressthis problem, we proposedeveloping object-independert modelsof image
change rather than models of images themselwes. Although images of dierent
objects may vary greatly, by usingthe right represenation, we canrepresen changes
in those imagesequivalertly. In addition, we can develop a probabilistic model of
these changesin the common represenation. Subsequetly, to create an image
model for a new object (from, say, a single example), we can usea single image and
the global model of changeto estimate a manifold of possibleimagesof the object.
A primary goal of this paper is to unify under one mathematical framework the
modeling of feature changesfor very di erent typesof features.

We should alsopoint out that while a single\mo de of variation" often will not sere
to describe changesover an ertire image, a combination of seweral such modesoften
will do the job. In fact, if we segmen an image accordingto the changestructure,
we have good reasonto believe that this segmemation will be meaningfully related
to the physical composition of the scene. These issueswill be discussednear the
end of the memo.

In Section 2, we de ne the feature ow eld, a vector eld which maps one image
into another by mapping the value of the feature at ead pixel in the sourceimageto
anewfeature value. The newimageis then constructed from the newfeature values.
In Section 3, we focus on one well-known type of feature ow elds: optical ow
elds. Wedescribe how imagedeformation elds commonly usedfor modeling image
variabilit y (that is, ane optical ow elds) can be recoveredby performing simple
clustering algorithms or dimensionality reduction techniques on noisy obsenations
of empirical optical ow elds. In Section4, we show the generality of feature ow
methods by developing a novel model of joint color changein imagesdueto common
lighting changes.We demonstrate how to generatea manifold of imagesof an object
given a basisof principal o ws and a single example of the object. In Section5, we
proposethat while a single ow eld may not describe changeswell for a complex
object, we can adopt more complex models such as mixtures of feature ow elds
basedon the same principles. In fact, we will describe how variations in feature
ow elds canin principle be usedto discover structure in scenes.

lWe take as evidence of this \understanding” the ability of humans to recognize an
object under lighting condition A when they have seenthe object only under lighting
condition B. 2



2 The feature ow eld

In the following, let f(p) 2 RP be the vector valued feature of a pixel p in an
image. Further assumethat ead componert of f(p) takesvaluesfrom a setS. Let
F = fs 2 SPg be the set of all possiblefeature vector values. We will consider
two typesof featuresin this paper. In the rst application, we will use coordinate
features in which f(p) will represen the coordinates of someobiject in the image.
In the secondapplication, the features will be color features in which f(p) will
represen the integer RGB color values of the pixel p.

Supposewe are given two N -pixel imagesl; and |, of the samescenetaken under
two di erent parameter settings, represerted by 1 and ,. We assumethe images
are consecutive imagesfrom a video sequenceand that the parameter valuesvary
smoothly through time. We assumethat we have a method of putting the images
in correspondencé. Each pair of corresponding image pixels p§ and p§;1 kN,
in the two imagescan be interpreted as a mapping f(p%) 7! f(p5). That is, it tells
us how a particular pixel's feature changedfrom imagel; to imagel,. This single
feature mapping is corveniertly represered simply by the vector di erence between

the two pixel features:
d(pf;ps) = f(p5)  f(pf): 1)

By computing N of thesevector di erences (one for eat pair of pixels) and placing
ead vector di erence at the point f(pk) in the feature spaceF, we have created a
vector eld that is de ned at all points in F for which there are feature valuesin
imagel ;.

That is, we are de ning a vector eld °over F via
M) =dpiips): 1 k N @)

This can be visualized as a collection of N arrows in feature space, eath arrow
going from a sourcefeature to a destination feature basedon the parameter change
1 7' ,. Wecall this vector eld °a partial ly observe feature ow . The \partially
obsened" indicates that the vector eld is only de ned at the particular feature

points that happento be obsenedin imagel ;.

To obtain a full feature ow, i.e. avector eld de ned at all points in F, from a
partially obsened feature ow © we must addresstwo issues.First, there may be
points in F at which no vector di erence is de ned. Second,there may be multiple
pixels of a particular feature value in image |, that correspond to di erent feature
values in image |,. We proposethe following radial basis function interpolation
scheme, which de nes the ow at a feature point f by computing a weighted
proximit y-basedaverageof obsened\ o w vectors":

P N k 2_5 2
()= ko€ 1KY A
PN eien e

(3)

This de nes a feature ow vector at every point in F. Note that the Euclidean
distancefunction usedis de ned in feature space, not necessarilyin the spacede ned
by the [x,y] coordinates of the image. 2 is a variance term which cortrols the
mixing of obsened ow vectors to form the interpolated ow vector. As 2! 0,
the interpolation schemedegeneratego a nearest-neigtbor sheme,andas 2! 1,
all ow vectors get set to the averageobsened ow vector. The value of may
needto be adjusted for the type of feature used. Note that feature o wsare de ned

2Since the image sequencesare assumedto be continuous in time, this will usually be
fairly easyto do. 3



sothat a feature point with only a single nearby neighbor will inherit a o w vector
that is nearly parallel to its neighbor.

We have thus outlined a procedure for using a pair of corresponding images| =
(I1;12) to generatea full feature ow eld. We will write for brevity = (1) to
designatethe o w generatedfrom the image pair | . We now apply this framework
to real learning problems by using position and color features.

3 Optical ow elds

To apply the method to variations in imagesdue to deformations, we needto de ne
a position feature. Note that we will not explicitly favor any type of deformations
over any others, exceptthat our interpolation routine introducesa small amount of
smoothing. In particular, the deformations are not parameterized except by their
coordinate values.

For a pair of consecutive imagesl ;; 12, we de ne the feature value of pixel p under
image | as follows. Let O(p) be the \ob ject" that occurs at pixel p in image .
Let f(p) be the coordinate of that object O as depicted in image |;. Under this
de nition, f(pk) f(p%) will be the imagetranslation necessaryto bring the object
O in imagel; in correspondencethe sameobject in image|,. Thus, adopting this
type of coordinate feature, a feature ow eld is just an optical ow eld that puts
the two imagesin correspondence.

3.1 Structure in optical o w elds

Seweral authors have usedstructure in optical ow both to analyze speci ¢ classes
of images[9 and to study the generic structure of motion images[4. We include a
discussionof optical ow here as an illustration of the generality of the technique
rather than as a novel application.

Optical ow can be causedby either scenemotion or cameramotion. Noting that
the motion of a human being is more common than the motion of the scenesthey
would typically look at, then we might expect certain strong patterns in the optical
ow elds. If the distribution of optical ow elds is concerrated enough,we can
adopt them as a model of image variation for certain typesof images.

3.1.1 Acquiring data for an optical o w model

To test theseideas, we recorded video footage of a static sceneas we moved about
the scene,panning, tilting, and rotating the cameraaswe moved. The scenewasa
typical o ce lounge scene,with the range of objects varying between about 3 feet
and 30 feet from the camera. The camerawas moved at a speedsothat the video
waseasily interpretable by peopleat all points in the video, but otherwisethe speed
of movemert of the camerawas not cortrolled carefully.

After the video was taken, optical ow elds were generated between every two
successie frames. A simple template matching optical ow algorithm was used.
Sincesimilar movemerts of the cameraproduce similar motion elds, by clustering
the optical ow elds, we hoped to capture the dominant modesof variation in the
image, and henceto automatically capture a useful parameterization for imagesof
objects under cameramovemen.

A simple variant of the K-means clustering algorithm was usedto cluster the op-
tical ow elds. The results are shown in Figure 1. There are clusters clearly

corresponding to horizontal translation, \Lllertical translation, rotation, scaling, and



10

=
o

© NNNA N,

K ss

o

N
N\

o

=
o

o
|
]

oyl
/|
/

Y
s

N
N
NI

\

N
NN

s VAN
77 EANNN

0 5 10 0 5

=
S}

Figure 1: Meansof ow eld clustersderived from video sequences.

to other combinations of ane ows®. Using these o ws as a basis, we can generate
a manifold of imagesby applying small amounts of eact of these transforms to a
particular image. Such techniqueshave beenusedto augmert data setsasin [6, 8].

Alternativ ely, such an analysis could be usedto develop a model of optical ows
under special conditions, suc asfor analyzing trac data from a static camera, or
in a vehicle-mourted camera, where the common optical o ws would likely be very

dierent. In the next section, we discussa more novel application of the feature
o w models.

4 Joint color change

In this section, we adopt as our feature f(p) the RGB color triple of a pixel. Our
feature ow eld isnow a color ow eld, the purposeof which is to describe a map
from an image |; to another image |, by describing how ead color changesfrom
image to image. Thus, a color ow eld is a vector eld de ned on the 3-D color
space. Sinceit is learnedfrom data, it will beindependen of the parameterization of
the color space(except for the interpolation procedure). We reported our statistical
model of joint color changein previous work[7], but we review the key points here.

4.1 Structure in the joint color change space

Certainly an image feature appearing as one color, say blue, in one image could
appear as almost any other color in another image due to a lighting change. Thus
the marginal distribution of mappingsfor a particular color, over all possiblephotic*

3Similar results, albeit with fewer distinct ane o ws, were obtained from a principal
components analysis.
4By photic, we mean any parameter that a ects the brightness or color of a pixel, such

as lighting or gain control, but not parameters that a ect the position in which an object
appears (geometric parameters). 5
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Figure 2: Image b is the result of applying a non-linear operator to the colorsin
image a. c-f are attempts to match b using a and four di erent algorithms. Our
algorithm (image f) wasthe only oneto capture the non-linearity.

a b c d e f

parameter changes,is very broadly distributed. However, when color mappings are
consideredjointly, i.e. as color ows, we hypothesize that the space of possible
mappings is much more compact. We test this hypothesisby statistically modeling
the spaceof joint color maps, i.e. the spaceof color ows.

In learning color o wsfrom real data, many commoncolor o ws can be anticipated.
To name a few examples, o ws which make most colors a little darker, lighter, or
redder would certainly be expected. Thesetypesof o ws can be well modeled with
simple global linear operators acting on eac color vector[1, 2, 5]. That is, we can
de ne a 3x3 matrix A that maps a color c; in the imagel; to a color ¢, in the
image |, via

co = Acq: (4)

Sud linear maps work well for many types of common photic parameter changes.
However, there are many e ects which these simple maps cannot model. Perhaps
the most signi cant is the combination of a large brightness change coupled with

a non-linear gain-cortrol adjustment or brightnessre-normalization by the camera.
Sud photic changeswill tend to leave the bright and dim parts of the image alone,
while spreadingthe certral colors of color spacetoward the margins. Thesetypes
of changescannot be captured well by the simple linear operator described above,
but can be captured by modeling the spaceof color o ws.

A pair of imagesexhibiting a non-linear color ow is shown in Figures 2a and b.
Figure 2a shows the original image and b shows the sameimage after a non-linear
color change(the contrast hasbeenenhanced). Notice that the brighter areasof the
original image get brighter and the darker portions get darker. This e ect cannot
be modeled using a schemesuc asthat givenin Equation 4. The non-linear color
ow allows us to recognizethat imagesa and b may be of the sameobiject, i.e. to
\matc h" the images.

4.2 Color ow PCA

Our aim was to capture the structure in color ow spaceby observing real-world
data in an unsupervisedfashion. To do this, we gathered data by observinga large
colored poster under standard o ce lighting conditions. It is important to note
that a variety of non-linear normalization mechanisms built into the camerawere
operating during this process.

Our goal was to capture as many common lighting conditions as possible. We did
not use unusual lighting conditions such as specially colored lights. Although a
few images that were captured probabl)é contained strong shadavs, most of the



captured images were shadowv-free. Smoaooth lighting gradients acrossthe poster
were not explicitly avoided or created in our acquisition process. A total of 1646
raw imagesof the poster were obtained in this manner. We then chosea set of 800
image pairs 11 = (11;15);1 j 800 by randomly® and independertly selecting
individual imagesfrom the set of raw images. Each image pair was then usedto
estimate a full color ow ( I') asdescribed in Equation 3.

Note that sincea color ow can be represerted as a collection of 3P coordinates,
it canbe thought of asa point in R3" . Here P is the number of distinct RGB colors
at which we compute a o w vector, and each o w vector requires 3 coordinates: dr,
dg, and dh, to represen the changein ead color componert. In our experiments
we used P = 16° = 4096distinct RGB colors (equally spacedin RGB space),so a
full color ow was represerted by a vector of 3 4096= 12288componerts.

Given a large number of color ows (or points in R3"), there are many possible
choices for modeling their distribution. We choseto use Principal Componerts
Analysis since 1) the o ws are well represerted (in the mean-squared-errorsense)
by a small number of principal componerts (see[7] for details), and 2) nding the
optimal description of a di erence imagein terms of color o wswascomputationally
e cien t using this represenation.

4.3 Synthesizing novel images

There are many potential applications of these color o w models described in [7],
but perhapsthe most fundamertal is in generatingsynthetic imagesof a new object.
Figure 3 shaws the result of the application of various amounts of the rst three
principal color o wsto a novelimage. Recallthat the color o w model wasbasedon
the obsenation of an entirely di erent image, and thus, we have e ectiv ely created
a simple model of the manifold of the new object from a single example.

5 Mixtures of feature o w elds

Until now we have discussedmodeling changeover an imagewith a single ow eld,

be it an optical ow eld or color ow eld. However, it is clear that in many
instancesthe changein a scenemight be some combination of seweral ow elds.

For example, if seweral objects are moving in a scenesimultaneously, then a single
statistically common optical ow eld will not tend to describe the changein the
scene.We must describe the sceneas a combination or mixture of ows. This type
of work has beendone for optical ow elds by Jepsonand Black, for example[3].

The sameneedfor mixtures of o ws occursin modeling color changesin images. If
a sceneconsistsof a single at object with distant lighting, then single color o ws
may be able to explain common lighting changesfor that scene. Howewer, for a
scenewith nearby lighting, a scenecomposed of many surfaces,or a scenewith
curved surfaces,we can only expect color ows to be locally consisten.

In [7], we show how multiple lighting changesin a single scenecan be modeled
by performing patchwisecolor o ws betweentwo images,enforcing consistert o ws
only over small regions (see gure 4). This type of approach allows explanation of
complex lighting a ects while maintaining a limited capacity for the model, since
the model is still limited in the joint color mappingsit can select.

5Non-adjacent pairs of images were used since most adjacent pairs of images exhibit
extremely small color ows. While it is possibleif we had enough data to capture many
lighting changesby using adjacert pairs of images, by using distal pairs of images, we can
study common lighting changeswith a much75mall amount of data.



Figure 3: E ects of the rst 3 principal color ows.

For curved surfaces,we can expect the color o w to changefrom point to point, but
as long as the surfaceis smooth, then we would expect the color ows to change
smoothly aswell. Also, for at surfaces,if alight sourceis nearby, then the angle of
incidenceat ead point on the surfacemay vary. Thus, if the light changesposition,
the e ect on the angleof incidencewill be di erent at ead point, and thus we could
expect the color ow to bedierent at ead point aswell. However, we still expect
smooth changesin the color ow coe cien ts. And we should still expect that two
imagesof the samescenecanbe\ o wed" to ead other using locally constart o ws,
or at least slowly varying o ws (linear or quadratic).

Sharp changesin the color ow coe cien ts would tend to be an indication of sharp
changesin object gradient, or perhaps an occlusion or discortinuity, either in the
lighting (i.e. a shadaw) or due to the overlap of various surfacesfrom the point of
view of the camera. Hencethe non-constancyof o ws, in principle, can actually tell
us a lot about scenecomposition. We are currently investigating theseideas.

6 Conclusions

We have presened a framework in which the di erence in continuously obsenable
feature values acrossan image can be usedto model the changesin those images.
This method is applicable whenewer feature values can be obsened cortin uously.
In particular, we are currently evaluating whether this technique can be applied to
understanding common mappingsin spectrogramsto model allowable variations in
speet and other auditory data.

References

[1] G. Buchsbaum. A spatial processormodel for object color perception. J. Franklin
Inst., 310, 1980.

[2] D. A. Forsyth. A novel algorithm for colgr constancy. Int. J. Comp. Vis., 5(1), 1990.



Figure 4: a. Image with strong shadon. b. The sameimage under more uniform
lighting conditions. c. Color ow from a to b using patchwise eigen ows. By
clustering ow coe cien ts, we hope to be able to de ne the shadov boundary. d.
Flow from a to b using the patchwise version of a competitiv e color mapping model
(see[7] for details). Notice the strong artifacts in the competitiv e color mapping
stheme.

[3] Allan Jepsonand Michael J. Black. Mixture models for optical ow. In IEEE Comp.
Vis. Patt. Recog. Conf., pages760{761, 1993.

[4] Jenn-Jier James Lien. Automatic Recognition of Facial Expressions Using Hidden
Markov Models and Estimation of Expression Intensity. PhD thesis, Carnegie Mellon
Univ ersity, 1998.

[5] J. J. McCann, J. A. Hall, and E. H. Land. Color mondrian experiments: The study of
average spectral distributions. J. Opt. Scc. Amer., A(67), 1977.

[6] E. Miller, N. Matsakis, and P. Viola. Learning from one example through shared
densities on transforms. In IEEE Comp. Vis. Patt. Recog. Conf., 2000.

[7] E. Miller and K. Tieu. Color eigen ows: Statistical modeling of joint color changes.
In Int. Conf. Comp. Vis., 2001.

[8] P. Simard, Y. LeCun, and J. Denker. E cien t pattern recognition using a new trans-
formation distance. 5:51{58, 1993.

[9] T. Vetter, M. Jones, and T. Poggio. A bootstrapping algorithm for learning linear
models of object classes.In IEEE Comp. Vis. Patt. Recog. Conf., pages40{46, 1997.

9



