To appear in the Proceedi ngs of CVPRO8.

Comparing Images Under Variable lllumination

Peter Belhumeur David W. Jacobs
Yale University NEC Research Institute
4 Independence Way
Princeton, NJ 08540

dwj @research.nj.nec.com

New Haven, CT
belhumeur@yale.edu

Abstract

We consider the problem of determining whether two
images come from different objects, or the same object un-
der different illumination conditions. \We show that this
problem cannot be solved using hard constraints: even un-
der a Lambertian reflectance assumption, there is always
an object and a pair of lighting conditions consistent with
any two images. However, there is probabilistic informa-
tion available to help us solve this problem. For point
sources, we show that the ratio of two images from the
same object will be simpler than the ratio of images from
different objects. We also show that the ratio of the two
images provides two of the three distinct valuesin the Hes-
sian matrix of the object’s surface. Finally, we show how
to incorporate these insights into an algorithm, presenting
experiments on face recognition under variable illumina-
tion.

1 Introduction

A central problem of visual object recognitionisto usein-
formation about an object derived from sample images in
order to recognize that object under novel viewing condi-
tions. In model-based approaches, it is typically assumed
that training imageswill be used to derive some definitein-
formation about the shape of an object that will accurately
predict some properties of its appearance in new images,
in appearance-based vision an effort is made to represent
the set of all images an object can produce, either by sam-
pling them or by extrapolating from a small set of training
images. Yet, recognition systems do not always have the
luxury of large training sets. A basic question arises from
such approaches. Given only a single training image of an
object how can one determine whether a test image is of
the same object taken under different conditions, or of a
new object altogether?

This paper addresses this question for the case where
variationin appearanceisduetoillumination. In particular,
how does one look at intensity images of two completely
different objects and determine that the difference between
theseimages could not bejust dueto lighting variation, but
must indicate a difference in object identity? We first fo-

cus on this question for the case in which the illumination
of local patches of the image can be modeled as coming
from a point source at infinity. We will show that it is
always possible to account for any pair of images with a
single object and two different lighting conditions. While
this result is demonstrated using point sources, it will of
course apply to any more general lighting model that in-
cludes point sources as a subset. We conclude that when
two images appear to come from different objects, thisis
because it is unlikely, not impossible (under a Lambertian
reflectance model) that they come from the same object.
Our challenge then is to justify and quantify this unlikeli-
Ness.

To do this, we must first characterize what we can deter-
mine about an object from two images. We do this for the
case of lighting due to two different known point sources.
We show that in this case, there is always a family of ob-
jects consistent with theimages, and that we can determine
three components of the Hessian matrix that characterizes
the surface of this object. We can extrapolate from this re-
sult to the set of objects that are consistent with the two
images and unknown lighting conditions.

At this point, we will have shown that there always exist
afamily of objects that could produce any pair of images
and derived some of the characteristics of these possible
objects. We next show that in some cases, an object can
account for two images only if we posit an unlikely set of
coincidences. We can explicitly understand these coinci-
dences by examining properties of the ratio of the two im-
ages (the usefulness of this representation was previously
pointed out in Wolff and Angelopoulou[28] and Fan and
Wolff[9]). We show that in the case where the object is
relatively simple (can be approximated locally by alow or-
der polynomial) the ratio of two images of the same object
must be even simpler than either of the individual images.
However, the ratio of images produced by two different,
but equally simple objects will be, in general, more com-
plex. We then use these insights to derive a very simple
local filter to apply to each image, before comparing them.
We will show that these methods can be used to produce



greater accuracy on areal task, face recognition under vari-
able lighting conditions, than have previously used meth-
ods.

Finaly, we will briefly consider a case of more gen-
eral lighting conditions, when multiple light sources are
present. We will show the difficulty of extrapolatingfroma
small number of training imagesto the entire set of images
an object can produce. Specifically, Belhumeur and Krieg-
man [ 3] have shown that from as few as three images of an
object, where each produced by a single point light source,
one can determine the illumination cone that describes the
set of all imagesthat object can producewith multiplelight
sources. We will show that if the training images have mul-
tiple unknown light sources instead of point sources, it is
not possible to exactly determine the illumination cone.

2 Background

In model-based approaches to object recognition, it has
been assumed that one can construct a precise 3-D model
of an object to use for recognition. This is suitable for
some applications, but it has proven difficult to build accu-
rate 3-D models using only images taken in uncontrolled
circumstances. This also raises questions about the suit-
ability of approaches based on 3-D models as explana-
tions of human vision (e.g., Marr[16], Ullman[26]). An-
other approach has been to describe 3-D objectsin terms of
their invariant, or quasi-invariant properties. Such descrip-
tions of 3-D objects capture that portion of their structure
that is apparent in all, or aimost al images of the objects.
For example, Biederman[5], based on earlier work in com-
puter vision (e.g., Lowe[15]), proposed that the human vi-
sual system describes and retrieves 3-D objects based on
non-accidental properties that can be detected in images,
regardless of viewpoint. Others in computer vision have
developed approaches to recognition based on invariants
(for an overview, see [19]). Models of objects that are
based on invariants can, by definition, be constructed from
asingle image of an object, although difficulties have al'so
arisen in applying such approaches to general classes of
objects([6, 7, 18]).

Partly for these reasons, appearance-based methods of
recognition have also been explored. In this approach, an
object is not described in terms of its 3-D properties, but
rather in terms of the 2-D images that it produces. One ap-
proach to appearance-based recognitionisto sample an ob-
ject’s possible images, and then to compare, in alower di-
mensional image subspace, anovel imageto the set of sam-
pled images, using Pattern Recognition techniques such
as nearest neighbors (e.g., [25, 14, 20]). This works well
when the training images densely samples the space of im-
ages one hopes to recognize. In general, though, an object
can produce so many different images that it is not clear
how to sample them all.

Alternately, some approaches analytically predict the
images an object can producefromasmall number of train-
ing images (e.g., [27, 24, 17, 3]). This overcomes the dif-
ficulty of having to sample a great number of an object’s
images. However, while this may not require full recov-
ery of an object’s 3-D structure, it clearly requires a lot
of knowledge of a 3-D structure to predict all its possible
images (e.g., [4]). Such information may not be available
when an object is viewed in only afew prior images under
uncontrolled conditions.

We can contrast these approacheswith our ownin terms
of what information they hope to extract from an image.
The model-based approaches hope to derive 3-D object
structure. The second set of appearance-based approaches
hope to extract a characterization of the set of images an
object can produce, which may be amost as ambitious.
The first appearance-based approaches we discussed, in
contrast extract very little information from each image.
They essentially treat each image as an isolated point of in-
formation. New images are compared to these using amea-
sure such as Euclidean distance in a simple image space.
On the other hand, our approach seeks to make compar-
isons between images that are derived from the nature of
the imaging variability. We think of an image as provid-
ing considerable information about what other images an
object can produce, without necessarily providing any def-
inite information about its 3-D structure.

3 TwoImagesAre Always Compatible

We are interested in comparing two images to determine
whether they come from the same, unknown object, un-
der different illumination conditions. So we ask first: Isit
ever the case that two images cannot come from the same
object? We show that the answer to this question is no.
In fact, even if we assume that the lighting in each scene
is constrained to be a known point source at infinity, we
can aways construct an object consistent with both im-
ages. We should point out that while our analysis in this
section correctly handles shadowing, it does not account
for interreflections.

We will also show what aspects of object structure can
be determined from two images with point sources. These
results will suggest a direction we may take to gauge the
likelihood that two images are produced by the same ob-
ject.

So first, we assume that two images, I and J comefrom
a Lambertian object lit by two known point sources at in-
finity, s = (sg, sy, s;) andl = (I,1,,1;) respectively. If
given these limitations (known, simple sources, Lamber-
tian material) we can construct an object that is consistent
with both images, we have poor prospects of ever telling
with certainty that two images, no matter how different
they may appear, could not come from the same object.



We will assume that the object is viewed from the direc-
tion (0,0, —1), and therefore, that the depth of the surface
canbewrittenasz = f(xz,y). By writing f inthisformwe
areensuringthat f describesan integrable surface, i.e., that
the surface normals of f will be consistent with atrue sur-
face. Let the albedo of the object be written as a function
a(z,y) dso. Then, for the surface normals of the object

we have 2/ and we have the two equations
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Our problem is to determine which functions f and o may
satisfy these equations.

As Wolff and Angelopoulou[28] and Fan and Wolff[9]
have pointed out, we can deal with image pairs more sim-
ply by taking their ratio, since this causes the effect of
albedo to cancel. However, they go on to use the ratio
image for stereo matching and for reconstructing a sur-
face from three images, quite different purposes than ours.
Nayar and Bollg[21] use the ratio of two regions in the
same image for a different purpose, to cancel the effects of
lighting, under the assumption that the regions come from
coplanar portions of the object.

Taking these ratios, and defining r = I/.J, we have

i_r_swfw+syfy+sz
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which implies
(rly — sg)fo + (rly —sy) fy + (1l —s,) = 0.

(Throughout this section, for simplicity we will assume
that neither image is zero at any point, so that the ratio
is well-defined). Since f is our only unknown, thisis a
first order, partial differential equation with variable coef-
ficients. We can solve it using well-known methods (see,
for example, Zauderer[29]). In brief, we may divide the
image into characteristic curves. Along each characteris-
tic curve, we change variables so that f is afunction of a
single variable. Then we may find the value of f, along a
characteristic curve, up to an unknown initial condition, by
integrating along this curve.

As a simple example of this method, consider the case
of { = (0,0,1),s = (1,0,0). Then we have f, = r. The
characteristic curvesin this case are horizontal lines across
theimage. Thevalue of f(z¢, yo) iSgiven by

f(@o,y0) = £(0,0) + /0 0 r(z,yo)dx 1)

where we have no obvious source of knowledge available
to provide the initial condition, f(0,y0). We denote this
initial condition, f(0,y), as g(y). This shows that we can
recover the value of f up to an unknown initial condition
given by g. Note that we have

o [Frdx
fa=r fy =gy + J%T
Thus, we can recover f, directly from theratio image. We
cannot recover f,, however, since g,, is unknown. More-
over, even if we did know g, any straight-forward recovery
of f, fromarea imagewould be extremely unstable, since
we would have to numerically integrate » aong adjacent
characteristic curves, and then take its derivative.

Similarly, we have

92 [T rdx
fzz =Tz, facy = fya: =Ty, fyy = £07y2
Similarly, we can recover fi,, foy, fye DY taking deriva-
tives of the ratio image, but again we cannot recover f,,.
For this example, then, we see that we can use two im-
ageswith known light sources to recover three components
of the Hessian matrix of the surface of the object. More-
over, these equations aways have a solution for f, which
is given explicitly as Equation 1. We can also note that
for these light sources, there will be no cast shadows. The
source s casts no shadows on the surface because the sur-
face, f is monotonically increasing along each character-
istic curve, since f, = r is aways positive. Since the
second light source is also the viewing direction, it cannot
cast shadows on any visible object points. Note aso that
for any given f that satisfies equation 1, we can choose a
to satisfy the equations given by the two images (such an «
may have values greater than one. To avoid this, we must
scale the intensity of each light source by an appropriate
constant).

For other lighting conditions, we get similar results. In
general, the slope of the characteristic curve is :;”—’Sy
These characteristicswill not be straight lines, but will vary
their direction as a function of . Assuming general light-
ing, so that there is no value of r that satisfies both the
equationsrl, — s, = rl, — s, = 0, thisdirection will a-
ways be unique and well-defined. In this case, the charac-
teristic curves can never intersect, and so there always ex-
istsasurfacethat satisfiestheratioimage's PDE (see[29]).
Again, there will be awhole family of these solutions, one
for any function that providesan initial condition. And, in
general, we will be able to determine the partia derivative
of the surface in the direction of the characteristic curve,
but not orthogonal to it. Then, again, we will be able to
determine three of the four components of the Hessian of



the surface; those that involve taking a partia derivativein
the direction of the characteristic.

Similar issues have been considered in work on pho-
tometric stereo. However, this work addresses settings in
which the reconstruction problem is not underconstrained.
For example, Coleman and Jain[8] discuss recovery of
structure for textured shapes with specularities, using four
images. Onn and Bruckstein[22] show how to useintegra-
bility to recover structure from two images when the scene
has a uniform albedo. And Fan and Wolff[9] consider re-
covery of structure and albedo from three images.

In contrast, we have shown that given two images of an
object with unknown structure and albedo, thereisawaysa
large family of solutions. In fact, for any pair of point light
sources there is a family of possible solutions. We have
shown that given known light sources, we can determine
two independent components of the Hessian of the surface
at any position, but not the third. The direction in which
we can determine these components will vary throughout
the image, for lights in general position. Finally, we can
see that even for unknown lighting conditions, the partial
derivativesof theratio image, r,, andr,,, provideamessure
of the smoothness of the surface. They provide uswith two
of the three independent components of the surface’s Hes-
sian, athough we do not know which components of the
Hessian they provide without knowing the lighting condi-
tionsto tell usthe characteristic curves. Therefore we may
note that the magnitude of the gradient of the ratio image
will provide uswith someinformation about the magnitude
of the curvature of the surface that produced it.

4 Determining the Simplicity of Interpreta-
tions

We cannot tell for sure that two images come from dif-
ferent objects. In this section, we turn instead to deter-
mining whether explaining the images with a common ob-
ject would require an implausible coincidence. This ap-
proach to image interpretation has been applied to other
vision problemsby, for example, Rock[23], Lowe[15], and
Freeman[10Q].

Specificaly, we will begin by showing that the ratio of
two images from the same object will generally be sim-
pler than either of the individual images, while the ratio
of images from different objects will generically be more
complex than either image.

As previously noted, the image of an object is described
by

I— OL_(SI, Sy, Sz) : (fa:: fy, 1)

and the ratio of two images from the same object is given

)

by
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However, suppose our second image, J', is of a different
object, whose surface is described by the implicit function
z = g(z,y), and whose albedo is described by the function
(. Then we have as the ratio image

Aof+fr+1

In many instances Equation 3 will describe asimpler ratio
image than Equation 4, ssimpler even than theimage (Equa-
tion 2), for many possible definitions of simplicity. For
example, suppose that f and g are functions with smooth
derivatives that do not vary rapidly. Then the ratio of two
images from the same object (Equation 3) will aso be
smooth. However, the ratio of images from two different
objectswill only be equally smooth if the variability in the
extramultiplicative term

g,/f,%+f§+1
ﬂ,/g,23+g§+1

is either small, or happens to cancel the variability in the
rest of the equation.

To be more concrete, consider the case in which local
surface patches of f and g are well approximated by sec-
ond order polynomialsin xz and y. In this case, the image
I in Equation 2 isasixth order polynomial, with termsthat
arequadraticina, I, and z and y. Theratio image, r, from
Equation 3 is only second order; it is bilinear in r, z and
y. Theratio of images from different objects, ', however
(Equation 4) is eight order, with second order termsinr’, «
and 3, and fourth order termsin z and y. The order of the
polynomial needed to fit afunctionis often used as a mea-
sure of that functions simplicity. By that measure, in this
case we see that the ratio of images from the same object is
simpler than either imageitself, and much simpler than the
ratio of images from two different objects. This simplic-
ity will generally trandate into simpler properties, such as
fewer local extrema, and in many cases into less overal
variability in the ratio image.

Similar reasoning holds in other cases as well. Of spe-
cial interest is the case in which the surfaces f and g are
locally planar. In this case, the ratio of two images from
the same object will be constant. However, theratio of im-
ages from different objects will only be constant if their
albedos are identical up to a scale factor, in which case the
differences in the albedo patterns cannot in principal be

7T lpge + lygy + L.



discerned unless the absolute magnitude of the lighting is
known.

We can now relate these results to those in the previ-
ous section in a brief, intuitive form. We showed that the
shape of an object lit by point sources could be derived by
integrating the ratio image aong its characteristic curves.
These results suggest that we can attempt to measure the
likelihood that two images come from the same object by
measuring the simplicity of the ratio image.

5 Experiments with A Simple Comparison
Method

Our results suggest anumber of ways of attempting to mea-
sure whether the difference between two imagesisdueto a
differencein lighting or in object structure. In this section,
we will experiment with only the simplest of these on the
task of recognizing faces under variable illumination con-
ditions. A very simple measure of the complexity of the
ratio imageis the integral of the magnitude of its gradient,
squared. This measures the smoothness of the ratio image.
Such measures have often been used in vision, for exam-
ple, in interpolating surfaces by minimizing the curvature
of the interpolation (some early methods are reviewed in
[16]). Although simple, this measure has the advantage
that it is very local. Therefore, the analysis we have done
assuming point sources of light and low order polynomial
surfaces must hold only very locally in the object to apply.

At the same time, since large portions of a face are
roughly spherical, as we discuss in Section 6 it may be a
good ideato filter each image’'s log with a high-passfilter.
Now notice that the magnitude squared of the derivative of
the ratio image in a particular direction, the z direction for
example, is

01  (I,J—J,I)?
oxJ J4

If we take the sum of square differences between the mag-
nitude of the partial derivatives of the logs of the images,
we get

O(logl)  d(log)\* _ (L] = 1], \*
Oz oz o IJ

Thisisjust the geometric mean of the partia derivative of
L and that of 7. Itis useful to take the geometric mean of
these quantitiesto treat the two images symmetrically, and
becauseif oneimageisgeneraly dark, then it will produce
large gradients when in the denominator of the ratio, and
comparably small gradients when in the numerator.

This discussion suggests that we compare images by
taking the sum-of-squared differences of the gradient of
the log of the Gaussian of each image. This measure re-
flects the smoothness of the ratio of the images. At the

Method Error Rate (%)
15° ] 30° [ 45° | 60°
Correlation 00 | 00 | 262 | 494
PCA (10 dimensions) 00 | 00 | 422 | 529
Mag. of Gradient 00| 00 | 7.7 | 223
Mag. of Gradient of theLog | 0.0 | 0.0 | 6.2 | 152

same time, it may be computed extremely efficiently, be-
cause each image may be filtered separately with a single
filter that combines the gradient and log operations with
Gaussian smoothing. Then, the filtered images need only
be compared for Euclidean distance.

Figure 1: Pictures from the Harvard Face Database. The
pictures are of the sameindividual lit by varying the direc-
tion of a point light source. The angle of the light source
with the optical axis (15, 30, 45, and 60 degrees) is the
samein each column.

We have experimented with this measure on the task
of face recognition under variable illumination. We used
a publicly available data base of faces constructed by
Hallinan[13)]. In these images, faces werelit from an angle
of 15°, 30°, 45° or 60°. Figure 1 shows an example of one
face lit from each of these angles. Faceslit at a15° angle
were used as a training set, and then tested using images
in which the lighting had greater eccentricity. Belhumeur,
Hespanha and Kriegman[2] report experiments comparing



a number of different recognition methods on this data
base. We have followed the same procedure that they de-
scribe, and report results for a few different methods in
Table 5.

These results show that our new method works dramat-
ically better than simple correlation, or correlation after
projecting onto the ten principal componentsof thetraining
images (as described in [25]). Our method also performs
significantly better than simply correlating with the mag-
nitude of the gradient, although it should be noted that that
method also works much better than correlation of the in-
tensities. Adini, Moses, and Ullman[1] have also reported
experiments on face recognition under variable illumina-
tion. We have not yet been able to compare our methodsto
the results achieved on their data base.

In comparing our filter to others, one should note that it
does not attempt to combine information from a number of
training images to build up some representation of a face,
as do some methods such as Eigenfaces, Fisherfaces or the
linear subspace method described in [2]. When enough
training images are available to well characterize the en-
tire set of images that a face can produce, we expect that
one should achieve better performance with methods that
attempt to build a more complete model of the face or its
important features. Rather, our method simply comparesa
new image independently to each previously seen image.
Inthisit is more comparableto simple correlation, or other
methods that compare images directly after filtering. We
feel that thistype of approach, and indeed the results of our
paper in general, are most suited to the situation in which
one does not have enough prior information about an object
to attempt to fully characterizeits possible appearances. In
this case, we fedl it is appropriate to apply methods that
determine the likelihood that two images come from the
same object.

Finally, we wish to stress that the filter we have applied
to images before comparison is very simple. We certainly
do not wish to claim that we have “invented” such asimple
method. Rather, wefeel that our contributionin this section
is to point out that this particular simple filter has a close
connection to the gradient of the ratio of the two images,
and that for this reason it can serve as a measure of the
simplicity of the ratio image; which we have seen reflects
the likelihood that the images come from the same object
under different lighting conditions.

6 TheEffect of Multiple Light Sources

Up until now, we have assumed that lighting, at least lo-
cally, can be modeled as coming from a point source. We
now briefly examine some of the effects of multiple light
sources on a single object. We do this for the specia case
of an object that is roughly spherical and convex. Thiswill
be of interest for particular problems, such as face recog-

nition. We still assume that the light sources are at infinity.
This means that we can describe an scen€’s lighting by a
function on the sphere (which we'll call the illumination
spherein this context), indicating the radiance of the light-
ing in any direction. Let 4 denote this function.

In thislighting model, al object surfaces with the same
surface normal have the same intensity, scaled by their
albedo. So we now consider how this lighting function de-
termines the appearance of a sphere with variable albedo.
Thistells us how al possible surface normals will appear;
we must then consider the actual pattern of these surface
normalsin the object separately.

Theintensity of any point on the sphereis given by inte-
grating the effects of all lightsthat are visible to that point.
The effect of the light coming from each point on the illu-
mination sphere is modulated by the cosine of its angle to
that surface point. Consequently, the intensity of any point
on a spherewill be

I(n) = /I o el

wheren isthe normal of a point on the sphere, a(n) isthe
albedo at that point, I isaunit vector indicating a direction
of illumination (S istheillumination sphere), and h(1) isa
positive function indicating the intensity of the light source
in the direction I. [ - n is the cosine of the angle between
the object’s surface normal and the lighting direction.
Note that if we ignore abedo, this amountsto convolv-
ing the function h with the positive part of a 2-D cosine
function. The completeimageis the product of albedo and
the result of this convolution. If we think of the albedo of
the sphere as the signal, and non-uniform illumination pat-
ternsas noise, we can seethat this“noise” ismultiplicative,
and of low frequency. Thisis closely related to an observa-
tion made by Haddon and Forsyth[12]. This suggests that
to attenuate the effects of illumination variation we can ap-
ply afilter that is designed to remove such noise. Thiscan
be done, for example, by convolving the log of each image
with a high pass filter. If the noise is multiplicative in the
image, it isadditivein thelog of theimage, and still of low
frequency, so that a high-passfilter can removeit.

7 Difficultieswith Representation

We have considered an approach to recognition in which
two images are compared to judge whether they appear to
come from the same object. An alternate approach is to
use a number of training images to build a representation
of the set of all imagesthat an object can produce. Thishas
been done very effectively to account for viewpoint varia-
tion (e.g., [27]), and to account for lighting variation when
the training images are each lit with a single point source
([17, 24, 3]). We now consider the question of how dif-
ficult it is to build a representation of an object’s possible



images when the training images are taken under uncon-
trolled conditions containing multiple light sources.

Belhumeur and Kriegman show how to build an exact
representation of the images that a polyhedral object can
produce when lit with multiple sources, which they call
the illumination cone. Their method requires at least three
images of the object that each contain asingle source. Itis
also evident from their results that given many images of
the object, each of which contains multiple light sources,
taking the convex combination of these images will pro-
duce a subset of the illumination cone which can provide a
good approximationto it. It is not clear, however, whether
it is possible to build the illumination cone exactly using
training images that contain multiple light sources. In this
section we show that thisis not possible. We take this as
oneindication of the potential difficulty of building acom-
plete representation of an object’s possible images using a
small number of training images taken under uncontrolled
viewing conditions. For such situations, it will be valuable
to develop methods of directly comparing images.

We show that the illumination cone cannot be con-
structed from a set of images that contain multiple, un-
known lights, by showing that a much simpler problem
is not solvable. We show that even if one knows the 3-D
structure of a convex Lambertian object exactly, one can-
not in general determine the albedo of the object points
exactly, even from alarge set of images.

Let p; be afacet on a polyhedral object, let J; be the
corresponding intensity produced in the image, J. Denote
p;’s surface normal pointing inward towards the object as
n;. Let the albedo at this object facet be ;. Assume that
there are m light sources, denoted s, ...s,,. Then, with a
Lambertian surface, we have

J; = Zmaw(o,ajnj - Sk)
k=1

Belhumeur and Kriegman[3] have shown that with this
lighting model, the set of all images that a Lambertian ob-
ject can produce forms a convex conein the space, R *, of
al images, where each coordinate of the spaceistheinten-
sity value of adifferent pixel intheimage. Let C denotethe
convex cone of images that could be produced by this ob-
jectif the albedo of all its pointswere set to 1. We can then
describe the set of images the actua object can produce as
follows. Let A be adiagona matrix, with diagonal entries
a1, ...a,, denoting the albedo. Then the object can pro-
duce al images of theform Ac such that ¢ € C isacolumn
vector describing one of the images that the albedo-free
object could produce. This tells us that if J is a column
vector whose entries are the pixel intensities of an image
of the object, we must have

J=Ac,ceC= A" JeC.

C isaconvex polytopethat is defined by a set of N bound-
ing half-planes, which all pass through the origin. We can
define each half-plane by a normal vector H;, so that a
point, p, isinside the half-planewhenp - H; > 0. So

ceC=c-H; >0,i=1..N.
Thistells us that
(A™*J) -H; >0,i=1...N.

Thisis a series of inequalitiesthat are linear in the inverse
of the object albedos, since theimage .J, and the illumina-
tion cone of the albedo-free object are both known. This
tells us that a single image of an object that has known
surface normals constrains the albedos of the object to lie
inside a convex polytopein the space of all possibleinverse
albedos.

Suppose we have many images of the same object avail-
able. Thetrue albedos of the object will lieinsidethe inter-
section of a set of convex polytopesin albedo space. The
intersection of these polytopeswill get smaller and smaller
as we have more images available, constraining the possi-
ble object albedos. However, the true albedos will not lie
on the boundary of any of these convex polytopes unless
apoint in the object has a light source lying in its tangent
plane!. Hence, the intersection of these convex polytopes
will still be an open set in abedo space, and the albedos of
the object will not be uniquely determined. On the other
hand, given images from objects with the same structure
but different albedos, these convex cones in inverse albedo
space can be non-intersecting, revealing that the objects
are different.

These results illustrate the following point: it may be
impossible to determine a complete representation of the
images that an object can produce, using multiple images
taken under unconstrained conditions. But we still may be
able to tell whether a new image is consistent with one or
more previousimageswe have seen. We have shown thisto
be true for the simple case of a convex object with known
structure but unknown albedo.

It is important to note that results in this section are
closely related to Forsyth’g[11] color constancy agorithm.
That work dealt with a very different problem, that of de-
termining the color of patches of a planar scene from a
single image in which the spectrum of the illumination is
unknown. However, our derivation is similar. In Forsyth's
case the appearance of al possible color chips under a
known light source plays the role that is played by the
illumination cone of a known model in our case. For

Lstrictly speaking, this is true only when C has volume in R*. If it
doesn’t we must restate our argument to focus on only the subset of object
points that have distinct surface normals. Our basic argument still holds,
however.



Forsyth, the appearance of each patch of uniform color in
the scene playstherol e that each image playsin our deriva-
tion. Forsyth uses these to constrain the unknown illumi-
nant function in ascenein much the sameway that we con-
strain the unknown albedo. The key difference is that for
color constancy one derives a convex constraint from ev-
ery different color in the scene, where in our case thereis
a comparable constraint produced by every image, so that
many images may be required to narrow down the solution.

8 Conclusions

We arguethat the information that an image provides about
an object may be best thought of asinformation about what
other images are likely, or unlikely to come from the same
object. We have made this concrete for the case of illu-
mination variation. We have shown that it can be difficult
to exactly recover the properties of an object, such as its
albedo, from unconstrained images. At the same time, we
have shown that there may be strong, though probabilistic,
evidencethat two images either do or do not come fromthe
same object. Therefore we may be able to use previously
seen images of an object to recognizeit in new images un-
der variable lighting conditions, even without using these
prior images to perform any sort of explicit or implicit re-
construction of any object properties.

We have also used these insights in a recognition sys-
tem. We have shown that the simplicity of the ratio of two
images provides a good indication of whether they come
from the same object; we measure this simplicity by look-
ing at the gradient of theratio image. Thisapproachisvery
simple and local, but provides good resullts.
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