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COMPUTER VISION SYSTEMS

RECOVERI NG | NTRI NSI C SCENE CHARACTERI STI CS FROM | MAGES

H G Barrow and J.M Tenenbaum
SRl I nternational,
Menl o Park, CA 94025.

ABSTRACT Current scene analysis systens often use
pictorial features, such as regions of wuniform
We suggest that an appropriate role of intensity, or step charges in intensity, as an
early visual processing is to describe a scene initial level of description and then junp
in terms of intrinsic (vertical) directly to descriptions at the level of
characteristics -- such as range, orientation, conpl ete objects. The limtations of this
refl ectance, and incident illunmination -- of approach are well known [4]: first, region-
the surface elenent visible at each point in growi ng and edge-findi ng prograns are
the image. Support for this idea conmes from unreliable in extracting the features that
three sources: the obvious utility of intrinsic correspond to object surfaces because they have
characteristics for hi gher -1 evel scene no basis for eval uati ng whi ch intensity
anal ysis; the apparent ability of hunans to differences correspond to scene events sig-
determ ne these characteristics, regardless of nificant at the level of objects (e.g., surface
viewing conditions or fanmliarity wth the boundaries) and which do not (e.g., shadows).
scene; and a theoretical argunent that such a Second, matching pictorial features to a |arge
description is obtainable, by a noncognitive nunmber of object nodels is difficult and
and nonpurposive process, at least, for sinple potentially conbinatorially explosive because
scene domai ns. The central probl em in the feature descriptions are inpoverished and
recovering intrinsic scene characteristics 1is lack invariance to viewing conditions. Finally,
that the information is confounded in the such systens cannot cope with objects for which
ori gi nal light-intensity i mage: a single they have no explicit nodel.
intensity value encodes all the characteristics Some basi c defici encies in current
of the ~corresponding scene point. Recovery approaches to machine vision are suggested when
depends on exploiting constraints, derived from one exami nes the known behavior and conpetence
assunpti ons about the nature of the scene and of the human visual system The literature
the physics of the inmaging process. abounds with exanples of the ability of people

to estimate characteristics intrinsic to the
scene, such as color, orientation, distance,

I 1 NTRODUCTI ON size, shape, or illumnation, throughout a w de
range of viewing conditions. Many experinments
Despite corsiderable progress in recent have been performed to determine the scope of
years, our understanding of the principles so-called “shape constancy,” “size constancy,”
under|ying visual perception remains printive. and “color constancy” [13 and 14]. What is
Attenmpts to construct conputer nmpdels for the particularly remarkable is that consi st ent
interpretation of arbitrary scenes have judgenents can be nmde despite the fact that
resulted in such poor performance, limted these characteristics interact strongly in
range of abilities, and inflexibility that, determining intensities in the inage. For
were it not for the human existence proof, we exanple, reflectance can be estimated over an
m ght have been tenpted long ago to conclude extraordinarily w de range of i nci dent
that high-performance, general-purpose vision illumnation: a black piece of paper in bright
is inpossible. On the other hand, attenpts to sunlight may reflect nore light than a white
unravel the nystery of human vision, have piece in shadow, but they are still perceived
resulted in a I|limted understanding of the as black and white respectively. Color also
el enentary neurophysiology, and a wealth of appears to remmin constant throughout wide
phenonenol ogi cal observations of the total variation in the spectral conposition  of
system but not, as yet, in a cohesive nodel of incident illumination. Variations in incident
how the system functions. The tinme is right for illum nation are i ndependent |y per cei ved:
those in both fields to take a broader view shadows are wusually easily distinguished from
those in conmputer vision might do well to |ook changes in reflectance. Surface shape, too, is
harder at the phenonenol ogy of human vision for easily discerned regardless of illunination or
cl ues t hat m ght i ndicate fundanent al surface markings: Yonas has experinmentally
i nadequaci es of current apr oaches; t hese determned that hunman accuracy in estimting
concerned with human vision mght gain insights | ocal surface orientation is about ei ght
by thinking nore about what information is degrees [37]. It is a worthwhile exercise at
sought, and how it might be obtained, from a this point to pause and see how easily you can
conputational point of view This position has infer intrinsic characteristics, like color or
been strongly advocated for sonme time by Horn surface orientation, in the world around you.

[18-20] and Marr [26-29] at MT.
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The ability of humans to estimte
intrinsic characteristics does not seem to
require famliarity with the scene, or with
obj ects contained therein. One can form

descriptions of the surfaces in scenes unlike
any previously seen, even when the presentation

is as wunnatural as a photograph. People can
| ook at photom crographs, abstract art, or
satellite i magery, and make consi st ent
j udgenent s about relative di st ance,
orientation, transparency, reflectance, and so
forth. See, for exanple, Figure 1, from a

thesis by Macleod [25].

Looki ng beyond t he phenonenol ogi cal
aspects, one might ask what is the value of
bei ng abl e to estimate such intrinsic
characteristics. Clearly, some information is
valuable in its own right: for exanple, know ng
the three-dinensional structure of the scene is
fundanental to many activities, particularly to
nmovi ng around and nmanipulating objects in the

world. Since intrinsic characteristics give a
nor e i nvari ant and nor e di stingui shing
description of surfaces t han raw I'ight

intensities, they greatly sinplify many basic

per cept ual oper ati ons. Scenes can be
partitioned into regions that correspond to
snmooth surfaces of wuniform reflectance, and

vi ewpoi nt - i ndependent descri ptions of t he
surfaces may then be formed [29]. Objects may
be described and recognized in ternms of
collections of these elementary surfaces, wth
attributes that are characteristic of their
conposition or function, and relationships that
convey structure, and not nerely appearance. A
chair, for exanpl e, can be descri bed
generically as a horizantal surface, at an
appropriate height for sitting, and a vertical
surface situated to provide back support.
Previ ously unknown objects can be described in
terns of invariant surface characteristics, and
subsequently recognized from other viewpoints.
A concrete exanple of the wuseful ness of
intrinsic scene information in conputer vision
can be obtained from experinments by Nitzan,
Brain and Duda [30] with a l|aser rangefinder
that directly neasures distance and apparent
reflectance. Figure 2a shows a test scene taken

with a normal canera. Note the variation in
intensity of the wall and chart due to
variations in i nci dent illum nation, even
though the |Ilight sources are extended and
di ffuse. The distance and reflectance for this
scene is obtained by the rangefinder are shown

in Figure 2b. The distance information is shown
in a pictorial representation in which closer

points appear brighter. Note that, except for a
slight amunt of crosstalk on the top of the
cart, the distance inmge is insensitive to

refl ectance variations. The |aser
also entirely free from shadows.
Using the distance information, it s
relatively straightforward to extract regions
corresponding to flat or snoboth surfaces, as in
Fig. 2c, or edges corresponding to occlusion
boundaries, as in Figure 2d, for exanple. Using
reflectance infornmtion, conventional region-
or edge-finding progranms show considerable im
provenent in extracting uniformy painted sur-
faces. Even sinple threshol ding extracts accep-
table surface approximations, as in Figure 2e.

i mges are

Since we have three-dimensional informa-
tion, matching is now facilitated. For exanple,
given the intensity data of a planar surface

that is not parallel to the inmage plane, we can
elimnate the projective distortion in these
data to obtain a nornal view of this surface,
Figure 2f. Recognition of the characters is
thereby sinplified. Mre generally, it is now
possible to describe objects generically, as in
the chair exanple above. Garvey [10] actually
used generic descriptions at this level to
|l ocate objects in rangefinder images of office
scenes.

The lesson to be learned from this
exanmpl e is t hat the use of intrinsic
characteristics, rather than intensity val ues,

al leviates many of the difficulties that plague
current machine vision systens, and to which
the human visual system is apparently largely

i mmune.

The  apparent ability of peopl e to
estimate intrinsic characteristics in unfaml|-
iar scenes and the substantial advantages that
such characteristics would provide strongly
suggest that a visual system whether for an
animal or a machine, should be organized around

an initial | evel of domai n-i ndependent
processi ng, the purpose of which is the
recovery of intrinsic scene characteristics

from image intensities. The next step in
pursuing this idea is to examne in detail the

conputational nature of the recovery process to
determine whether such a design is really
f easi bl e.

In this paper, we wll first establish

the true nature of the
denonstrate that

recovery problem and
recovery is indeed possible,

up to a point, in a sinple world. W will then
argue that the approach can be extended, in a
straightforward way, to nore realistic scene
domains. Finally, we will discuss this paradigm

and its inplications in the context or current
under st andi ng of machine and human vision. For

important related work see [29].
Il THE NATURE OF THE PROBLEM
The first thing we nmust do is specify
precisely the objectives of the recovery

process in terms of input and desired output.
The i nput is one or nor e i mges
representing i ght intensity val ues, for
different viewpoints and spectral bands. The
output we desire is a famly of inmages for each
viewpoint. In each famly there is one image
for each intrinsic characteristic, al | in
registration wth the corresponding i nput
i mages. W call these inmges “Intrinsic
Inages.” We want each intrinsic imge to
contain, in addition to the value of the
characteristic at each poi nt, explicit
i ndications of boundaries due to discon-
tinuities in value or gradient. The intrinsic

imges in which we are prinarily interested are
of surface reflectance, distance or surface
orientation, and incident illumnnation. O her
characteristics, such as transparency,
specularity, Jlumnosity, and so forth, night
al so be useful as intrinsic imges, either in
their own right or as internediate results.
Figure 3 gives an exanple of one possible
set of intrinsic imges corresponding to a
singl e, nonochronme image of a sinple scene. The
intrinsic images are here represented as I|ine
drawi ngs, but in fact would contain nunerical
values at every point. The solid Ilines show
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(c) FLAX (X 1000) WALLFLOWER (X 1800)

Figure 1 Phot omi crographs of pollen grains (Mcleod [20])

Characteristics from Images
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Characterigtics from images

Figure 3 A set of intrinsic images derived from
a single nmonochrone intensity imge
The images are depicted as l'ine
drawi ngs, but, in fact, would contain
values at every point. The solid |ines
in the intrinsic imges represent dis-
continuities in the scene characteris-
tic; t he dashed l'i nes represent
discontinuities in its derivative.

(c) REFLECTANCE

(e) | LLUM NATI ON



di scontinuities in the represented char -
acteristic, and the dashed i nes show
di scontinuities in its gradient. In the input
imge, intensities correspond to the reflected
flux received from the visible points in the
scene. The distance inmage gives the range al ong

the line of sight fromthe center of
to each visible point in the scene. The
orientation image gives a vector representing
the direction of the surface normal at each
point. It is essentially the gradient of the
di stance image. The short lines in this image
are intended to convey to the reader the
surface orientation at a few sanple points.
(The distance and orientation inages correspond
to Marr's notion of a 2.5D sketch [29].) It is
convenient to represent both distance and
orientation explicitly, despite the redundancy,

proj ection

since sone visual cues provi de evi dence
concer ni ng di st ance and ot her evi dence
concerning orientation. Moreover, each form of
information may be required by some higher-

|l evel process in interpretation or action. The
reflectance image gives the albedo (the ratio-
of t ot al reflected to t ot al i nci dent
illum nation) at each point. Al bedo conpletely
describes the reflectance characteristics for
| anbertian (perfectly diffusing) surfaces, in a
particular spectral band. Many surfaces are
approxi mately |anmbertian over a range of
view ng conditions. For other types of surface,
reflectance depends on relative directions of

incident rays, surface normal and reflected
rays. The illumnation image gives the total
light flux incident at each point. In general,
to conpletely describe the incident light it is
necessary to give the incident flux as a
function of direction. For point |ight sources,
one image per source is sufficient, if we
i gnore secondary illum nation by I'ight

scattered from nearby surfaces.
:O:: FLUX olsusu‘r'(
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Figure 4 An ideally diffusing surface
When an image is formed, by a canera or
by an eye, the light intensity at a point in

the inage is determined mainly by three factors

at the corresponding point in the scene: the

i nci dent illum nation, the | ocal surface
refl ectance, and the |ocal surface orientation.
In the sinple case of an ideally diffusing
surface illumnated by a point source, as in
Figure 4, for exanpl e, the image 1ight
intensity, L, is given by

L=1*R™* cos i (1)
where | is intensity of incident illum nation,
R is reflectivity of the surface, and i is the
angl e of incidence of the illumnation [20].

The central probl em in recovering
intrinsic scene characteristics is t hat
i nformation is confounded in the i ght -
intensity image: a single intensity value
encodes all the intrinsic attributes of the

corresponding scene point. Wile the encoding
is determnistic and founded upon the physics
of imaging, it 1is not wunique: the neasured
light intensity at a single point could result
from any of an infinitude of conbinations of
illum nation, reflectance, and orientation.

We know that information in the intrinsic
i mges conmpletely determines the input image.
The crucial question is whether the information
in the input image is sufficient to recover the
intrinsic imges.

Il THE NATURE OF THE SOLUTI ON
The only hope of decoding the confounded

information is, apparently, to make assunptions
about the world and to exploit the constraints

they inmply. In imges of three-dinensional
scenes, t he intensity val ues are not
i ndependent but are constrained by various
physi cal phenonmena. Surfaces are continuous in
space, and often have approximately uniform
refl ectance. Thus, distance and orientation are
conti nuous, and refl ectance is const ant
everywhere in the image, except at edges
corresponding to surface boundaries. Incident
illum nation, also, wusually varies smoothly.
Step changes in intensity wusually occur at
shadow boundari es, or surface boundari es.
Intrinsic surface characteristies are
conti nuous t hr ough shadows. I'n man- made
envi ronnment s, strai ght edges frequency
correspond to boundaries of planar surfaces,
and ellipses to circles viewed obliquely. Many
cl ues of this sort are well known to
psychol ogi sts and artists. There are also

hi gher-1evel constraints based on know edge of

specific objects, or classes of object, but we
shall not concern ourselves wth them here,
since our aimis to determne how well inmages
can be interpreted wi t hout obj ect-1evel
know edge.

We contend that the constraints provided
by such phenonena, in conjunction wth the
physics of imaging, should allow recovery of

the intrinsic imges from the
an exanple, |ook carefully at

input imge. As
a nearby painted

wal | . Qbserve that its intensity is not
uniform but varies snoothly. The variation
could be due, in principle, to variations in
reflectance, illumnation, orientation, or any

combi nati on of them Assunptions of
imediately rule out the situation of
intensity wvariation arising from
random variations in illumnation,

and orientation since surfaces are

continuity
a snooth
cancel ling
refl ectance,
assuned to
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Figure 5 Sun and sky illum nation nodel

to occl udi ng (extremal) boundari es of
surfaces, or to the edges of shadows. There
are also junctions where boundaries neet.
Fi gure 6b shows the regions and edges for the
sinple scene of Figure 3.

To be quantitative, we assune inmage
intensity is calibrated to give reflected flux
density at the corresponding scene point.
Reflected flux density is the product of
integrated incident illum nation, I, and
refl ectance (al bedo), R, at a surface elenent.
Thus,

L=1*R (2)

The reflected light is distributed uniformy
over a hem sphere for a |anbertian surface.
Hence, image intensity is independent of
viewing direction. It is also independent of
viewi ng distance, because although the flux
density received from a unit area of surface
decreases as the inverse square of distance,
the surface area corresponding to a unit area
in the image increases as the square of
di st ance.

In shadowed areas of our domain, where
surface elements are illumnated by wuniform
di f fuse illum nation of t ot al i nci dent
flux density 10, the image intensity is given
by

L=10* R (3)
When a surface element is illumnated by

a point source, such that the flux density
is 11, froma direction specified by the unit

10

vector, S, the incident flux density at the
surface is 11 * NS where N is the wunit
normal to the surface, and is the vector dot
product. Thus,

L=11* NS*R (4)

In directly illumnated areas of the scene,
image intensity, L, is given by the sum of the
di ffuse and point-source conponents:

L=(l0+11+NS) *R (5)

From the preceding sections, we are not in a
position to describe the appearance of inmage
fragments in our domain, and then to derive a
cat al og.

1. Regions
For a region corresponding to a
directly illumnated portion of a surface,
since R 10, and 11 are constant, any

variation in image intensity is due solely to
variation in surface orientation. For a region
corresponding to a shadowed area of surface,
intensity is sinply proportional to
refl ectance, and hence is constant over the
surface.

W now catalog regions by their
appear ance. Regi ons can be classified
initially accordi ng to whet her their
intensities are smoothly varying, or constant.
In the former case, the region nust correspond
to a nonshadowed, curved surface with constant

refl ectance and conti nuous depth and
orientation. In the latter case, it rmust
correspond to a shadowed surface. (An

illum nated planar surface also has constant
intensity, but such surfaces are excluded from
our dommin.) The shadowing may be due either
to a shadow cast upon it, or to its facing
away from the point source. The shape of a
shadowed regi on is i ndet er mi nabl e from
photonetric evidence. The surface may contain
bunps or dents and may even contain
di scontinuities in orientation and depth
across a self-occlusion, with no correspondi ng
intensity variations in the image.

2. Edges

In the same fashion as for regions,
we can describe and catal og region boundaries
(edges). An edge should not be considered
merely as a step change in image intensity,
but rather as an indication of one of several
distinct scene events. In our sinple world,
edges correspond to either the extremal boun-
dary of a surface (the solid lines in Figure
3b), or to the boundary of a cast shadow (the
solid lines in Figure 3e). The "term nator"
line on a surface, where there is a snpoth
transition from full illunmination to self-
shadowi ng (the dashed lines in Figure 3e),
does not produce a step change in intensity

The boundary of a shadow cast on a

surface indicates only a difference in
i nci dent illum nation: t he intrinsic
characteristics of the surface are continuous
across it. As we observed earlier, t he

shadowed region is constant in intensity, and
the illumnated region has an intensity
gradient that is a function of the surface
orientation. The shadowed regi on is
necessarily darker than the illum nated one.
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