
AD-fi52 976 OPTICAL PHENOMENA IN COMPUTER 
VISION(U) ROCHESTER UNIV i/i

NY DEPT OF COMPUTER SCIENCE S A SHAFER MAR 84 TR-i35

UNC LASSFID WIED82K-i9 F692

EI~hh~hE

EhE~hEEEEE



111a1 1.02.2
136

11111125 1.4i 11.6

MICROCOPY RESOLUTION TEST CHART
NATIONAL BUREAU OF STANOARDS-1963-A



REPRODUCER) AW!NM"fW

0 Optical Phenomena
In Computer Vision .~

Steven A. Shafer
Comnputer Science Department

University of Rochester
Rochester, NY 14627

TR 135
March 1984

OTIC
ELECTE

APFR I?8

B

LJ

Deportment of Computer Science
* University of Rochester

Rochester, New York 14627

DLSTRS1MON STATEMENT A_0 0*p mv in Dibt u bbe Um l "'0 o I
-a . ..m



Optical Phenomena
In Computer Vision

Steven A. Shafer
Computer Science Department

University of Rochester
Rochester, NY 14627

TR 135
March 1984

*The author's permanent address is: Computer Science Department
Carnegie-Mellon University
Pittsburghi, PA 15213

* ELECTE

-9

SAPR 17 1985

B

DISTIBUTION STAIIEMENT A

Appeoved im public isleo
Distzibution Unlimited

4

--........... enomena
-----------... .*. - -'InS * Co pue Vision



.,

Optical Phenomena
in Computer Vision

Steven A. Shafer*

Computer Science Department

University of Rochester

Rochester, New York 14627

27 March 1984

Invited talk on computer vision for CSCSI conference, London, Ontario, May 1984.

Abstract

Computer vision programs are based on some kind of model of the optical world, in addition to
whatever significance they may have in terms of human vision, algorithms, architectures, etc. There
is a school of research that addresses this aspect of computer vision directly, by developing
mathematical models of the optics and geometry of image formation and applying these models in
image understanding algorithms. In this paper, we examine the optical phenomena that have been
analyzed in computer vision and suggest several topics for future research.

The three topics that have received the most attention are shading (and glossiness), color, and
* shadows. Shape-from -shading research, while producing many interesting algorithms and research

results, has primarily been based on very simplified models of glossiness. Since realistic gloss
models exist within the optics community, we can expect improved computer vision algorithms in the
future. Color work in the past has similarly concentrated on developing sophisticated algorithms for
exploiting very simple color models, but a more realistic analysis technique has recently been

* proposed. Shadows have been used by a number of people for simple analysis such as locating
buildings in aerial photographs, and a more complex theory already exists that relates surface
orientations to shapes of shadows in the image. ,

A number of problems plague this kind of research, however, including the current inability to model
real complexities of illumination and reflection, and the nagging feeling that humans don't seem to
rely upon very quantitative analysis of optical properties of materials and illumination. These
questions are also addressed.

(0) The author's permanent address is: Computer Science Department, Carnegie-Mellon University,
Pittsburgh, Pennsylvania 15213.

This research was sponsored by the Defense Advanced Research Projects Agency (DOD),
*monitored by the Office of Naval Research under Contract NOO1 4-82-K-01 93.

The views and conclusions contained in this document are those of the author and should not be
"* interpreted as representing the official policies, either expressed or implied, of the Defense Advanced

Research Projects Agency or the US Government.
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1. Introduction

Any effort in computer vision can be evaluated on several grounds, such as:

e Computational .- What are the algorithms, data structures and architectures involved?

* Perceptual -- How well does this work explain or correspond to human visual
performance?

.Semantic -- What kinds of knowledge are being used, and how do various knowledge
sources interact?

* Analytic -- What are the underlying geometric and optical models of the world and the

imaging process?

Various research efforts have addressed one or more of these sets of issues; for example, the

"connectionist" workers study architectures for modeling human vision (computational and

perceptual issues [20]). Because the computational aspect of computer vision most closely follows

the lines of traditional computer science, it perhaps receives the most attention. But, any or all of the

above factors may be crucial in evaluating research ideas and practical performance; thus, the best

analytic model may be useless if embedded in a poorly designed algorithm, and at the same time, a

sophisticated algorithm based on naive imaging models may never achieve its potential.

In this paper, we examine the analytic aspect of computer vision. This is comprised of a set of

geometric and optical models of illumination, reflection, and imaging that provide constraint in

performing low-level vision tasks.

There is a definite pattern of evolution in analytic computer vision. Each optical or geometric

phenomenon is (or was) historically considered to be first a "source of noise", interfering with perfect

and simple images. Eventually, the regular behavior of the phenomenon is studied in analytic

computer vision research, and good models are developed. When the models are good enough, the

research issue then becomes how to find this phenomenon reliably in real images, and the research

becomes computational rather than analytic in nature. Several phenomena, primarily geometric

ones, are based on simple enough mathematics that they have already undergone the change to

computational problems. They include stereo matching [2], perspective and texture gradients

[3, 46, 49, 50], blocks-world line labeling [56], motion [59, 94], and optical flow [18, 37, 73].

In this paper, we are instead concentrating on those phenomena for which good optical models are

still under development. Some of these have received considerable attention, such as shading, color,
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and shadows, which will be the focus of our attention. Several other topics have received limited

attention but need more. A few topics have received little or no attention in computer vision to date,

and are still considered "noise" even by researchers in analytic computer vision.

The focus of this paper is on models that might be useful for "general vision", i.e. vision in the

domains in which humans typically operate. Thus, there will be no substantial discussion of

structured lighting techniques or range finders, for example.
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2. Shading and Gloss

Early work in image segmentation was generally based on the assumption that pixels representing a

single surface should have approximately the same intensity, and that pixels on different surfaces

should have different intensities. The first optical modeling in computer vision addressed this issue

by recognizing that highlights and shading are normal phenomena rather than aberrations in the

image.

2.1 Shape From Shading

tipped
up

/\q

p

tipped < > tipped

left right

Upped
down

Figu re 1: Gradient Space Represents Surface Orientation

For fixed directions of illumination and view and a specific surface material, the amount of light

reflected from the surface depends on the orientation of the surface. We can denote surface

orientation using the gradient space -- p represents the degree of left-right slant in the surface, and q

represents the up or down slant (figure 1) [55, 80]. Horn's reflectance map R(p,q) can then be used to

represent pixel values as a function of surface gradient (figure 2) [32].

The reflectance map provides an explicit relationship between reflected intensity and imaging

geometry. A reflectance map can also be expressed in terms of the photometric angles (figure 3)

[32]:

" angle of incidence, i-. the angle between the illumination direction I and the surface
normal N

" angle of emittance, e .. the angle between Nand the viewing direction V
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Figure 2: The Reflectance Map Relates Pixel Value to Surface Gradient
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Figure 3: Photometric Angles

. phase angle, g -- the angle between I and V

In gloss modeling (see below), it is useful also to define the direction of perfect specular reflection J

(the direction of mirror-like reflection, which is I reflected through N, and the off-specular angle s
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between V and J. A reflectance map assumes constant g; the angles i and e are then functions of p

and q.

0 0.\ 02

Figure 4: Reflectance Map of a Perfect Diffuse Reflector

Figure 4 shows the reflectance map of a perfect diffuse reflector ("Lambertian surface"), in which R

= cos i. Such a surface is perfectly matte in appearance .. it exhibits no glossiness (highlights) at all.

Most work in shading analysis has been directed towards analyzing Lambertian surfaces (or maria of
the Moon, which also have a simple reflectance function [32]).

When given the intensity of an image at a point, a contour of possible surface orientations in the

gradient space is produced, according to the image irradiance equation I(x,y) = R(p,q). This does
not give a unique surface orientation at a point, but rather a one-dimensional set of possible

orientations. One method for obtaining additional constraint is to use derivatives of I and R, but the
results indicate that some assumptions about surface shape must also be made to obtain unique

solutions 110, 12, 31, 68, 69,89, 104]. Another approach has been to use relaxation with a

smoothness constraint on the surface, and possibly some boundary conditions where the surface

normal is determined by tangency or shadow edges 14, 11, 31, 41,101J. Additional constraint can

also be provided by taking several images of the same objects with several light sources at different

.-.:-,- .-....-..'.-.'..." ....-. ~. .... . . -.. .... ,. . ... -... '...... ............... :....-... -.-.
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positions using the "photometric stereo" technique [16, 42, 84, 102]. In general, photometric analysis

seems to complement such approaches as stereo [33], and photometric arguments have been used

to justify surface interpolation between the edges used for stereo disparity measurement [24].

Many of these efforts include a constant term in the intensity relations, intended to model "ambient"

light diffusely reflected from the environment. In addition, any such work based on reflectance maps

relies on the assumptions built into the reflectance map: orthographic image projection and infinitely

distant light source, producing a constant phase angle g.

2.2 Modeling of Glossiness

In most of the work described above, surfaces were assumed to be Lambertian. Real surfaces are

not Lambertian, but rather display some amount of glossiness (i.e. highlights). Since very little work

has done in the measurement of reflectance maps from real surfaces [30, 35, 103], glossiness is

usually taken into account through the use of some reflection model that predicts reflection R as a

function of the photometric angles i, e, and g (and sometimes s).

macroscopic perfect

specular direction specular reflection incident light

diffuse reflection
AIR

• INTERFACE

/ 0 - MEDIUM

0 0 * 0 1
* 0 COLORANT

Figure 5: Reflection of Light from a Surface

When light is reflected from a surface, reflection of two types occurs (figure 5). Some of the light is

bounced off of the interface between the air and the surface material, producing glossiness

("specular" reflection); other light penetrates into the material, where it is scattered and may re-

emerge ("diffuse" reflection). While diffuse reflection is usually assumed to be Lambertian [96],
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specular reflection may be scattered about the perfect specular direction J because of the optical

roughness of the surface. Various reflection models differ in how they model the distribution of the

specular reflection.

The Lambertian reflection model R = cos i simply ignores specular reflection altogether. While

objects can be coated with special paints that resemble Lambertian reflectors, such techniques

cannot be considered suitable for general-purpose vision. Along slightly more general lines, specular

reflection can be modeled as occurring only in the perfect specular direction J itself [16, 42]. Such a

condition is true only for optically smooth surfaces such as polished optical glass, whereas more

typical surfaces are optically rough and exhibit scattered specular reflection.

The most popular model of highlights used in computer vision has been Phong's model intended for

computer graphics [71]:

n+1
R =t - cosns+(1 -t) cosi

2

In this model, the first term represents the specular reflection and the second term represents diffuse

reflection. The material is characterized by t, the total amount of light specularly reflected, and n, the

sharpness of the specular peak about the perfect specular direction J. Phong's model has been used

for modeling highlights of paint[32] and metal[103], and for finding highlights using intensity

gradients [22, 93].

While Phong's model captures some of the aspects of specular reflection, it fails on several counts.

It predicts that specular reflection is symmetric about J and that the the spread of the specular

reflection for a given material is independent of the angle of incidence i. In fact, specular reflection

usually does not have these properties [1]. Phong's model has been widely used because it is

relatively simple, although it is not motivated by the underlying physics of reflection [71]. More

sophisticated models have been developed within the optics community and adapted for computer

graphics use, including Torrance and Sparrow's model of surface facets [92] Beckmann's more

general model [5], adapted for computer graphics by Blinn [81 and by Cook and Torrance [17],

respectively. These models, unlike Phong's, are based on a consideration of physical reality.

Beckmann's model is based on a statistical description of the probability distribution of surface

heights and slopes. When combined with diffraction-theoretic equations for scattering of

electromagnetic waves, a reflection distribution function results. The equation used by Cook and

Torrance is:
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5. Other Optical Phenomena

Gloss, color, and shadows are not the only optical phenomena of interest in computer vision.

5.1 Previous Work

A number of aspects of optical modeling have received some attention in the past in computer

vision.

Image sensors induce distortions by nonlinear response to intensity [21, 30, 36], by geometric

distortions due to lens design and sensor scanning [30], and by defocussing due to limited depth-of-

field [29]. Depth-of-field has actually been used as a source of range information by some

researchers [70, 77].

Light sources are really "extended" (with finite area) rather than being points in space. This

produces blurred shadow edges and plays havoc with any attempt to determine surface shape using

intensity. In an aerial photograph, for example, the edges of shadows cast by airplane wings 7 meters

above the ground will be bounded by blurred strips 6 centimeters wide (well below the resolution of

typical aerial photographs). Indoors, with windows and light fixtures as light sources, such problems

will be far more severe.

Reflection from surfaces is also complicated by polarization and by inter-reflection from multiple

surfaces. Polarization of specular reflection can be quite pronounced [43], and this fact has been

used to measure surface orientation with a polarizing filter [47]. This work has not been extended to

TV camera images, however. Inter-reflection has been studied by Horn [32], who concluded that

closed-form analysis appears intractable.

In aerial photointerpretation, models of atmospheric scattering and attenuation of light have been

studied [28, 851. Aerial photointerpretation probably uses the most sophisticated optical models of

any branch of computer vision, as we have seen throughout this paper. This is probably due to the

relatively limited nature of the objects being viewed and the existence of very detailed camera,

illumination, atmosphere, and reflection models in the remote sensing field [23, 86].
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(a) (b)

(C)

Figure 14: Shadows of Polyhedra and Curved Surfaces

shadows using this mathematics. Such statements as "multiple light sources add constraint only

when their three-dimensional positions are known" are simply not obvious until the mathematics has

been developed. Like Beckmann's model of reflectance presented earlier, this kind of theory is useful

for increasing our understanding of how light works, quite independent of the value of the formulas

themselves.

4.3 Summary of Shadow Modeling

Shadow identification has been primarily based on simple spectral or geometric properties, with

some relatively sophisticated methods for shadow edge labelling. The shadow correspondence

problem has been approached by using prior knowledge about the position of the sun or other light

source. In aerial photographs, tall objects suggest the occurence of shadows and shadows likewise

suggest the presence of such tall objects.

Shadow analysis has mostly been limited to determination of the height of an object above a

reference plane. A more detailed theory already exists, however, that describes the relationship

between surface orientation and shadow shape.
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plane is shown as S in figure 13; it is a set of light rays, coming from the light source, that graze past P

along the shadow-making edge Ep and strike B along the cast shadow edge E.. Edge Ep, joining P

and S, is convex and edge EB, joining S and B, is concave. These edge labels give rise to the

gradient space relationships shown in figure 13 because two surfaces that are connected by a

concave or convex edge have gradients that lie on a line in gradient space perpendicular to the

connecting edge in the image [55]. Mathematically, a this provides a one-dimensional constraint on

the surface gradients involved. A similar constraint can be found by examining the shadow plane

joining the upper edges of P and B in figure 12.

The image above provides three constraints, one arising from each pair of shadow-making and

shadow edges and one from the vector joining the two vertices, which points at the light source.

However, there are six parameters to be computed: the gradient of each of the two surfaces and the

direction of illumination (two parameters for each gradient and the illumination vector). Thus, the

problem is underconstrained by three degrees of freedom. When the light source is in a different

position, the ambiguity is the same; when multiple light sources are present, additional constraint is

provided only when the three-dimensional direction of illumination is known for each. Since a line

drawing with no shadows is also underconstrained by three degrees of freedom [55], shadows do not

reduce the ambiguity; instead, they allow information about light source positions to be used to

compute surface orientations.

Figure 14 shows some more complex shadowing situations also discussed by Shafer and Kanade.

In figure 14(a), a polyhedron is casting a shadow. In such a picture, the edges marked (*) will be

difficult to find because they separate two dark regions. Using shadow geometry, two of these three

edges are shown to be redundant and thus unnecessary for the shape recovery of the object. In

figure 14(b), a shadow falls on a polyhedron. In this case, as well as the previous case, the additional

shadow information balances the missing information concerning the additional surfaces whose

orientation is unknown; thus, all such problems are underconstraine.d by three degrees of freedom

regardless of how many surfaces are present. Without shadow analysis, such problems become

increasingly complex as more surfaces are added. Finally, in figure 14(c), a curved object casts its

shadow on a flat object. Using a derivation similar to that of Witkin [99], Shafer and Kanade showed

that the surface gradient can be determined at every point of the terminator (marked by °) using the

shape of the shadow, the position of the light source, and the gradient of the shaded surface (three

degrees of freedom total).

The true significance of the shadow geometry theory lies not only in the mathematical formulas that

relate surface gradients to shadow edges, but also in the simple statements that were deduced about



18

PB

Figure 12: Basic Shadow Problem

Image

~P

Ep
B +

Eb

Gradient Space

Gradient of Eb

-LEp
Gradient of Gradient of

S P
Figure 13: Shadow Plane and Gradient Space Relationship

Shafer and Kanade began with a "Basic Shadow Problem" involving a single vertex on a shadow-
making polygon P and its associated shadow vertex on a surface B (figure 12). Information about the

orientation (gradient) of P and B can be derived from this image using shadow planes. A shadow

. - ' i . , . i
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relative intensity distribution within the shadow region is the same as that of the illuminated portion of

the same surface because the surface material is the same.

The correspondence problem between shadows and shadow-casting objects is generally solved

using a model of the postion of the light source [38, 54, 64]. Sometimes, the presence of identified

objects is used to suggest where shadows might be found [6, 19, 78]; in other cases, the shadows are

found first and used to indicate where three-dimensional objects may be found (usually in aerial

photographs) [21, 58]. Huertas and Nevatia produced a system for finding buildings in aerial

photographs in which shadows and building outlines are used to suggest each other in several ways

[30]:

" a sun position model predicts shadows from building positions

" shadow hypotheses arise from two-dimensional vertex types

" intensity histograms are used to confirm shadow hypotheses

" shadows are used to suggest where buildings may be located

" shadows are used to distinguish tall objects from flat ones

4.2 Analysis of Shadows

Once shadows have been located and the shadow-making objects have been identified, shadow

analysis can proceed. While most such analysis is geometric, shadows have been used as well for

computing the parameters of a model of atmospheric scattering in aerial photographs [85].

Most of the geometric use of shadows has been for identifying the height of objects above a

reference plane. In such situations, the size of the shadow (i.e. distance from the shadow-making

edge to the cast shadow edge) is proportional to the height of the shadow-making edge above the

reference plane. This kind of analysis has been used in manual aerial photointerpretation for many

years [881, and has now been applied to computerized aerial image interpretation [6, 38,39]. In such

analysis, the shape of the shadow similarly gives the variation of the height of the object above the

reference plane [19]. Related work has used the same method for finding defects in metal castings

[671.

The above analysis does not capture all the information available from shadows. Mackworth

proposed that a shadow-making edge creates a "shadow plane" containing that edge and the light

source; this plane separates the illuminated volume of space from the area shadowed by the object

containing the shadow-making edge [55]. This approach was adopted by Shafer and Kanade to

produce a theory describing the relationship between shadow edges and surface orientations [811.
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Another approach to finding shadows is to look for edges that separate light and dark regions in the

image. Such edges are likely candidates for labeling as shadow edges. This labeling may be

combined with vertex or line labeling schemes [39, 951. When a shadow falls across two surfaces, the

shadow edges bend in one direction or another or break, depending on whether the two surfaces are

connected by a convex edge, connected by a concave edge, or not connected (figure 10); these

relationships can also be used to identify shadow edges [6].

convex shadow-making edge

Q~terminator

cast shadow edges

Figure 11: Three Kinds of Shadow Edges

Finally, shadow edges may be recognized using the variation of image intensity nearby. There are

- three distinct kinds of shadow edge, each with its own intensity and geometry characteristics (figure

11: shadow-making edges on illuminated polyhedra, terminators of illuminated curved surfaces, and

cast shadow edges on shaded surfaces. The first of these, shadow-making edges of polyhedra, can

be recognized because they must be convex edges separating an illuminated face from a shaded face

of the polyhedron. The second kind of shadow edge, the terminator of a curved surface, is

recognizable because the intensity on the shaded side is constant, while the intensity on the

illuminated side falls off smoothly from a bright level to the same constant level as the shaded side [4].

Finally, cast shadow edges can be detected because the underlying surface is the same on both sides

of the edge; thus, the ratio of intensities on the two sides of the edge should be constant along the

edge [54].

Witkin uses a similar method for distinguishing cast shadow edges from other types of edges [100.

He produces strips of pixels parallel to the edge in question. If the edge is a cast shadow edge, the

correlation of these strips is expected to remain constant and high as the edge is crossed, while the
"slope" of the intensity function I(x,y) will drop sharply. On the other hand, if the edge is not a cast

shadow edge, the correlation will drop while the slope is steady or drops. This is a potentially robust

algorithm utilizing the same underlying model of cast shadow edges as described above: that the
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4. Shadows

The analysis of shadows primarily involves three processes: finding shadow regions and edges,

establishing correspondences between shadow-casting objects and shadows, and geometric

analysis of the shadows.

4.1 Finding Shadow Regions and Correspondences

Three different strategies have been identified for identifying shadow regions and edges:

e Finding shadow regions based on intensity and color.

e Finding shadow edges using geometry.

* Identifying shadow edges using intensity correlations.

We will examine each of these topics.

Shadow regions are formed where illumination from the primary light source is blocked by an

object. Simple modeling of shadow region intensity might be based on the idea of looking for dark

regions in the image. However, since objects themselves might be dark, it is desirable to look for

some additional constraint on shadow pixel values. One such constraint is provided by the fact that

the diffuse illumination that strikes shadowed regions is related to the color of the light source; thus,

shadow regions might be expected to have the same hue as adjacent illuminated portions of the same

surface, with lower intensity [651. When the diffuse light has a different color than the bright light

source, this color difference itself can be used. For example, in outdoor photographs, where the sun

is yellowish and the sky is blue, shadows tend to look bluish. This observation can be used directly

[87] or by looking for "darkness" according to an intensity measure that is weighted towards long

(yellow, red, and infrared) wavelengths [58]. Shafer's model of color reflection, presented earlier,

makes a more quantitative prediction about shadow colors on individual surfaces.

convex edge concave edge occluding edge

shadow edge shadow edge

shadow edge

FIgu re 10: Shadow Edges Bend or Break at Geometric Edges

6!. - , , ' .. , .. ,, . £ . .-. .,_
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Figure 9: Position Within Parallelogram Determines Reflection Magnitudes

sources may make the resulting intrinsic images very difficuit to analyze. The model also has

-4 shortcomings in its slight deviation from the known laws of reflection and the need for prior

segmentation, though the former may be negligible and the latter may be addressed by appropriate

extension of the model. While this approach has not yet been implemented, it is important because it

quantitatively models the relationship between color and scene geometry.

It is interesting to note that the reflection models of the previous chapter are (approximately)

instantiations of the color model presented here, with specific functions substituted for ms (i, e, g) and

md (i, e, g).

3.4 Summary of Color Modeling

Most of the work in color image understanding has been exploring clustering and labeling

algorithms that exploit very simple color models. Little work has been done in analyzing how color

information is related to three-dimensional surface relationships in the scene, although a theoretical

approach to this problem has recently been suggested.

4
_°
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= m. (i,e,g) ci (A) + md (i,e,g) Cd ( )

G
pixel colors

CsB

Figu re 8: Colors of Pixels from a Single Surface Form a Parallelogram

Using the fact that the color of a mixture of SPDs is the same as the mixture of colors of the

individual SPDs (i.e. spectral projection is a linear transform) [79], the above model gives rise to an

equation which relates the color C of any pixel on a surface to the characteristic colors C, and Cd of

the specular and diffuse reflection from that surface:

C = ms CS + md Cd

Since m. and md vary from pixel to pixel on the surface but C. and Cd do not, this suggests that the

distribution of the colors of pixels on a surface will form a parallelogram in color space (figure 8), with

C. and Cd as its sides.

The algorithm suggested for exploiting this model is to histogram the colors of a set of pixels in

color space, fit a parallelogram in color space to the values, and measure the amounts of reflection

m. and md at each point by the position of its color within the parallelogram (figure 9). The model can

be extended by adding a term Ca to represent diffuse (ambient) lighting; in that case, the

parallelogram is simply translated by Ca in color space. Shadow pixels can be recognized as having

Sm s and md both equal to zero, i.e. C = Ca; this is a much more sophisticated model of shadow colors

than simply assuming, for example, that "shadows tend to be bluish".

-* While this model is very general, making no assumptions about the size or shape of the light source,

the use of orthographic or perspective projection, etc., any such complexities as extended light
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places where all three components exhibited edges as an indication of reliability [61]. Similarly,

Kanade matched portions of occluded edges based on similarity of color values across the edge

pieces [45]. Blicher proposed that two colors are sufficient to perform unambiguous stero matching,

but didn't propose an actual algorithm fo doing so [7].

3.3 Analysis of Colored Reflection

There have been a few efforts to analyze color information based on general models of reflection

and transmission. For example, shadows have been detected by looking for regions of low intensity

adjacent to brighter regions with the same hue (65]. More sophisticated models have included the

idea that outdoor shadows tend to be more blue then adjacent illuminated regions because of the

blue diffuse skylight [58]. The idea that distant objects tend to be bluish because of scattering of long

wavelengths has also been used [87]. Even more sophisticated, but still simple, ideas about color

modelling of shadows, etc., were used by Richards Rubin and Richards [76]. They propose that

surfaces of differing materials can be recognized by looking for crosspoints in the spectral power

distributions (SPDs) X(A) from the two regions of the image.

In recent work, Shafer has proposed a method for breaking down an image into two components:

an image of just the glossiness at each point, and an image with all the glossiness removed [82]. This

can be done by computing, at each pixel, the amount of specular and diffuse reflection at that pixel.

Such analysis is impossible in a monochrome image, where only one value is measured at each pixel,

but is theoretically achievable in a color image. It is based on the idea that, while specular reflection

is about the same color as the incident illumination (figure 5), diffuse reflection results from

interactions with colorant particles and is thus of a completely different color [40, 44]. The resulting

images would be useful, for example, in stereo or optical flow situations where the highlights may

appear in different places in several images due to camera position changes; the removal of

highlights would improve image matching reliability.

Shafer's model expresses two ideas:

1. the total reflected light L (X, i, e, g) is composed of two parts representing the specular
reflection Ls and diffuse reflection Ld

2. each of these has a spectral power distribution (SPD) c. or cd that gives it a characteristic
color, and a geometric scale factor m. or md that tells how this type of reflection varies
with the photometric angles:

t L (X,i,e,g) = L (,i,e,g) + Ld (X,i,e,g)

7z
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Figure 7: R-G-B ColorSpace

[9, 15, 60, 65]. The other area that has received much attention is pixel labeling, in which prior

knowledge about typical object colors in a particular domain is used to assign object labels to pixels

[52, 75, 87, 90, 97, 105]. Such pixel labeling can be very sophisticated and effective, usually

depending on how limited the domain is. For example, in aerial photographs, Nagao et al. use typical

spectral reflectances to distinguish vegetation, and a common kind of building roof [58]. (N.B. There

are so many examples of these same basic strategies that the citations above are representative

rather than exhaustive.)

The above efforts are based upon the general idea that, while discrimination among sets of pixels is

possible using only intensity information, color provides more dimensions anid thus makes clusters of

pixels more easily distinguishable from each other. Some attention has been given to finding

transformations of the color space that make such clusters even more easily separable [48, 66], butp no such set of transformations has been found that decisively improves the quality of image
segmentation or labeling based on the above methods.

* Another kind of color modeling assumes that the various ccor components are related to each

other and tend to exhibit discontinuities at the same places in the image. This has been exploited by

Nevatia, whose color edge finder used the different color components invidually, then looked for

~ ;L-J~intensitys
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Color pictures obvioLUly contain more inforrnj,'tionl thani mornochr ome (blnck-and-white) intensity
images. I ovr, thea most o500ious' methods for takingj advattge of ti i in[ormainyedol

* incncn i-i', rcvem r:,- it; the reSnLIIS Of com1pute visio pro( rams1.

3.1 Color Iniaging and Color Space

A hnerint reformS piX(l ValUeS P by integratingj light at all wavelen~~ths X, weighting the
* ,Ilitnt of ligjht X(X) at each wavelnrgth by thre responsivity ,z(X) of the camiera at that waveleDn (jIhI

1)f X () S (X) (IX

Wheni a co'or imiage is formned with a TV came'ra, several filters are interposed in front of a

nic-mochronie came ra one, at a time. (Alternate imiage formation systems, Such as beam-splitting or

color film scafining, are, conceptually similar.) A filter can be characterized by its transmittance ?-(X),

%v.hich t;2:ls wvhat fra ction of light at eachi wavelength passes through the filter. Thus, wjith a1 standard

s : of rirlj, (jroen. and Uhia fillers (such as Wratten filters A' 25, iI58, and #470 [51]) whose

traiic.mittrtnCes are T'* and Tb the color C of a pixel is:

c = F ] F X X(N) r, N) s (A) d X1
L9 J X(N) 9 (A) S(X) (IN

SX(X) Tb(Ms\)SWdX

All of these integrals are evaluated over the set of wvavelengths for which the filter's transmittance

-and c-mers re. ,ponsivity are nonzero. Because a CCD camnera is very sensitive to infrared light [13]

and gelatin filters do not block this lighit[51], an infrared-blocking filter is used for color

measurments ith a CCD camera.

As shown by thle above equation, the color imaging process can be viewcd as spectral projection

frorn the) bet of all colored lights X(,\) to the fl-G-0 color space, which is the set of all value:; [r, g, b].

* 1 he color space is shown in figure 7. It is a cube because the camera reponse is bounded by somea

*maxitmum pixel valuo for each color component. The main diagonal r g b is called the intensity

* aisarid correspotids. roughly to the various gray levels ft rm black to white.

3.2 Color Pixel Classification aind Clustering

* Most work in color imiage understanding has been based on th!e idcea that algorithms exploiting pixel

* diffc'rurmcen, will w.ork bettor when more dimensions are avaliable for discrim-inating amiong pixel

-. values. One of the_ heaviest research areas has boen cao, pixel clustering, in which pixels are

grouped into sets of related pixels based on distances between cIlusteIS of piXel vaIlujs in color space
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AnothL~ ~ ~ ~ ~~I r pnqeto sIiwm C rcisi M20 -c~sIy inl a rQN-ct'ance nidl. I'herc are s;om fl

reults; that ii aprecise rcflfection lmodds(rmp) ik u atvl rrc )tqmattt'l

ii uic(:IJate resuilts [41]. and somie ru!se-archer5 t~'.ehmat oversimplified modl" are sufficient

*(pVCAIImlhl' for the purposes;I-i they have ill mlindi) [.1, C, 1(031. Intensity mnasurcril'nts in images are

* also imprecxisu 1321, althougjh sensors ar e improving.

An i I Itt ing0 illustration o f LI Ie I!Use of diffcrent reflo.-tamco modeL11 OCCLU-S in- aerial

~!wP Px~mpration. Syn the'ti. imnncies arc cm outed via t-imaff ill mc amnd Jclcance maps to
* ~ ~ ~ ~ ~ ~ ~ ~ ~~- do'in h eitrmo c!ia by comparison. Lnerir rfloctance maps h ave bt 'on

LkI5(--d foi! thiS r)Lip PCWith Somc nucceCss [34i, 531; Shibtal Ct a!. use1d aI I ambertian modul at firs,,t, then

ad e; Yd,'C a vors3ion of ['hong's modeol with anl addition-il tlerm for Ixc5;ct!toi(eleto in thme directI'ion-

of illumination), t2 Cos g (wheCre f2 and fit are pzlarme ters of the- material) [~33]. For their purposeos,

thte lackscatt;'cr waos even mlore impo~ tant than normal specular reflection in improving their results.

2 2.3 Su ronor y of S nrv ,I ; n 1 G lo ss PModeIi n 0

The rifcoe c mp -Jnd acoen; panyimig imlage iriadiance eqUation have been the focal point for a

;o,'ual of work mstk inl examination of the amlbiguity inhelrenlt inl analysis of irradiance and( in

*surluce,. 1rccontruoln t.; lo\,Ing photomectric anal\ysis comnbiod with smoothness and sometimes

Sum f:weshp Eauliptiull. MAost of thlis Work hla-; been based on very simple optical models of

* rchctance, and has [o"!n hiitdto orthography with distant light sources.

CGloss, modiagi is a critical issue in applying this; \ork to real images. While some boliove that the

current modols such as Phong's are sufficiently precise, there is still some impe-tus for developing

Iboltte-r models. Future work along thes..e lines may rely more on models such as Beckmann's that

*appe al to the underlying physiics of reflection. There has also been some- limited work onl direct

measo urei nvrit of refla:-ctance tmaos fromn material samllple.

0r7.
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surface surface

Phong's model, t = 1.0, n 10 Beckmann's model, t a 1.0. m a 0.2

Curves show amount of specular reflection predicted at various
angles for surface illuminated at i = 45 degrees

Figure 6: Gloss Models of Phong and Beckmann

t f k exp {- tan 2 n / m2 )
R= m _nc c + (1 - t) cosi•~ Mr cos 4 n cos i COS e

with 2 cos n cos e 2 cos n cos i
k i , cos g/2 ' cos g/2

f = Fresnel's reflection coefficient (approx 0.04)
n = angle from N to bisector of I and V("second off-specular angle" [34])
t= surface parameter: amount of specular reflection (as above)
m = surface parameter: roughness (typically 0.1 to 0.5)

The models of Beckmann and Phong are compared in figure 6. Beckmann's model has been used in

laser speckle studies. It has also been successfully applied in computer vision to detecting defects in

metal castings as the basis for segmentation by surface roughness [57, 72]. Beckmann's model

describes asymetric distributions of specular reflection and changing distribution of specular

reflection with the incidence angle i, but more important, it describes the inter-relationship of these

effects through the surface roughness parameter m. Even though the equation itself is rather

unwieldy, it may make possible the study of these properties of reflection that are missed by Phong's

model.

Optical models such as Beckmann's describe only specular reflection; there are no comprehensive

models yet for diffuse reflection. The Kubelka-Munk theory assumes that it is isotropic (i.e.

Lambertian), while scattering theories do not yet model such important effects as the passage of light

through the surface-air interface on its way into and out of the material [27].

One of the problems with applying any reflectance model is the determination of the parameters for

a given surface. Grimson solved this problem using a stereo pair of images by finding the specular

reflection parameters (for Phong's model) where they could be reliably computed, then applying theU
resulting parameterized model to the entire surface [25]. This kind of approach seems promising and

is probably necessary for the general application of sophisticated reflection models.

t
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5.2 Looking Ahead

*There are a number of optical phenomena that have not been heavily studied but have a direct

bearing on the most important of the above theories for gloss, color, and shadow analysis. These are

likely areas for future study of optical modeling.

They are:

* Extended Light Sources -- As noted above, real light sources have finite area and finite
distance to the objects being illuminated. Additional study is needed to produce a
comprehensive theory of how image intensity is affected by light source shape.

e Non-Uniform Illumination Distribution -. Real light sources do not distribute illumination
uniformly. Outdoors, the sky is not uniformly bright [14,85]; indoors, lamp fixture
construction contribute to nonuniform light distribution [63]. Intensity analysis must
eventually take this into account.

a Inter-Reflection Among Surfaces -- As noted above, inter-reflection is very difficult to
model. The computer graphics community does have some very coarse models of inter-
reflection [17], and some additional thought on this topic is needed in computer vision.

e Polarization of Specular Reflection -- Image sensors can be sensitive to polarization in the
periphery of the image plane[13]. When this is combined with the polarization of
specular reflection, it can be seen that peripheral pixels will represent less contribution of
specular reflection than central pixels, for surfaces of certain orientations. The
magnitude of this effect is not known, at least within the computer vision community.

*Extensions to Perspective Projection -- Most of the above work in optical modeling has
been explored only under orthography. In this sense, modeling photometric phenomena
lags behind models of geometric phenomena, which have largely been explored in both
orthography and perspective. While some attention has been given to reflectance maps
under perspective [32, 35], more is needed.

06
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6. The Role of Modeling Optical Phenomena

Optical modeling in computer vision attempts to provide a firm foundation on which to build image

understanding algorithms. While this may seem to be a laudable goal, this whole area of research is

subject to some controversy and criticism.

There are two related grounds for objection to optical modeling in computer vision. The first may be

stated in any of these ways [4, 91]:

* Real images are very complex.

* We do not yet know how to model inter-reflection and extended light sources, but any
such modeling appears very difficult.

* Theoretical optical models have only rarely been applied to real images, and those have
generally been contrived by special lighting and by painting objects with special paints.

All of the above are true. However, far from being arguments against the pursuit of optical models,

they may well be interepreted as arguments promoting such work. Since optical phenomena tend to

evolve from being considered "noise" to being considered "knowledge sources" (as highlights have

evolved), the existence of important phenomena that we still consider to be "noise" should be a goad

to further research. Rather than concluding that current theories are too complex to be applied to

real images, we might conclude that they are far too simple!

The other principal objection to detailed optical models in computer vision might be stated as

follows [6, 54, 91]:

* Humans seem to rely on simpler, qualitative models.

* Humans perform vision in complex domains without detailed knowledge of the optical
properties of materials and light sources.

* * Vision seems to be possible even without quantitative analysis, for example when images

are badly distorted.

Here, the objection is to the use of complex formulas in a computer vision program rather than the

use of qualitative, intuitive observations about images. Such objections overlook the fact that

analyzing detailed models frequently gives rise to insight that can then be described simply. An

analogous circumstance in cooking was described by Andy Rooney, an author and television

commentator on the "Sixty Minutes" show in the United States [74]. He noted that a good cook looks

at a recipe, then puts it away and makes the dish. The good cook doesn't need to consult the recipe

line-by-line while he is cooking, because he understands the recipe. In computer vision, we derive

benefit even if we "put away" the mathematical formulas after deriving simple qualitative observations

,. ., . - . . - . . .. .... . . . . . .. . . . .
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from them. Such statements might be impossible to make without a deep understanding of the

physical or mathematical process involved, and it would certainly be harder to know if (or when) they

were true.

Computer vision already seen the evolution towards more sophisticated optical models for metal

defect detection and aerial photointerpretation. Our increasing understanding of complex optical

phenomena may eventually make such evolution possible for more general vision systems as well.

S
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