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C O L O R V I S I O N 
B Y P E T E R L E N N I E 

The most useful question to ask initially about 
color vision is "What is it good for?" The best 
answer is probably that it allows us to distinguish 
and identify objects that otherwise would be con
fused. This emphasis on the properties of objects 

prompts us to ask whether the characteristics that deter
mine their colors are stable, and how these characteristics 
might be economically represented in the brain. Most sur
faces do have stable attributes, so one might cast the 
problem of color vision as one of representing the color 
attributes reliably, despite differences in the conditions 
under which the objects are viewed. 

This computational approach to understanding color 
vision has recently enjoyed great success. It complements 
a much older experimental tradition that, through percep
tual and physiological studies, has led to sharply articu
lated ideas about the organization of visual mechanisms. In 
this article, I show how these complementary approaches 
have together yielded substantial insights on the organiza
tion of color vision. 

SURFACES AND ILLUMINANTS 
The surface reflectance function, which specifies the frac
tion of incident illumination reflected by a surface as a 
function of wavelength, is what makes an object chromati
cally distinctive. Thus, we should concern ourselves with 
its representation in the visual system. For the purpose of 
characterizing human vision, we need consider only the 
spectrum between 400 and 700 nm, since the normal visual 
system is essentially blind to longer and shorter wave
lengths. Arbitrarily complex reflectance functions are diffi
cult to describe succinctly. Fortunately, the surfaces of 
natural objects have reflectance functions that can be 
rather simply described. 

Figure l a shows examples of reflectance functions of 
human skin and of flowers. These and most other natural 
surfaces are characterized by relatively slow variation in 
reflectance across the spectrum. Maloney1 showed that the 
reflectance functions of sizeable samples of natural surfaces 
studied by Krinov 2 could be well described by the suitably 

FIGURE 1A. Surface reflectance functions of human skin and of a flower 
(redrawn from Evans22). The slow variation of reflectance with wave
length is characteristic of natural surfaces. 

FIGURE 1B. Component functions that in suitably weighted combination 
account for more than 99% of the variance in the samples of natural 
surfaces that have so far been examined. Component S1 accounts for by 
far the largest fraction of the variance. 

weighted sum of the three underlying component functions 
shown in Figure lb. Together these accounted for more 
than 99% of the variance in the population studied. By far, 
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the most weight was carr ied by the first component ; the 
th ird accounted for just 3% of the var iance in surface 
reflectance functions. To the extent that the reflectance 
functions analyzed by Maloney represent the larger popu
lation of surfaces in the wor ld (Jaaskelainen et al.3 prov ide 
evidence that they do), this result means that three var i 
ables are required to represent the chromat ic propert ies of 
natural surfaces. 

The spectral d is t r ibut ion of light that reaches the eye 
from a surface (now often cal led the "co lor signal") is the 
product of the surface reflectance funct ion and the spectra l 
power distr ibut ion of the light that i l luminates the object. 
Were i l luminants spectral ly flat, their only effects on the 
color signal wou ld be to act as scale factors. However, the 
spectral power d ist r ibut ion is not only flat (Figure 2a), but 
also varies wi th locat ion, t ime of day, etc., so natural 
i l luminat ion can substant ial ly affect the form of the co lor 
signal. The-spectral character ist ics of any natural i l luminant 
can be wel l descr ibed by the sui tably weighted sum of the 
three component functions shown in Figure 2b, as can the 
i l lumination from incandescent sources like tungsten lamps. 
A v isual system wi th three dimensions of response cou ld 
therefore, in pr inc ip le, faithfully represent any natural or 
incandescent i l luminant. 

The foregoing arguments make clear that to re l iably 
represent a natural surface lit by a natural i l luminant, a 
v isual system would need six d imensions of response. As 
we shal l see below, the human visual system has on ly three 
sensors. This means that, without some other source of 
information about surface reflectances and the l ights that 
i l luminate them, the v isual system cannot unambiguously 
represent the intr insic chromat ic propert ies of objects in 
normal viewing. 

TRICHROMACY 
Perhaps the longest-established fact of co lor v is ion is that, 
given any four l ights, none of wh i ch matches another, three 
of them suitably adjusted in intensity wi l l general ly match 
the fourth exactly. (Sometimes a match can be made only 
between one pair of l ights and the other). The three-dimen
sional i ty ( t r ichromacy) of co lor v is ion is fundamental and 
is thoroughly exploi ted in systems of co lor render ing (e.g., 
television) that synthesize a wide range of co lors w i th 
mixtures of just three sui tably chosen pr imaries. The s im
plest interpretation of such observat ions—wel l understood 
since the beginning of the 19th century—is that any light 

FIGURE 2A. The spectral power distributions of two phases of daylight, 
from Wyszecki and Stiles.23 

FIGURE 26. Component functions that in suitably weighted combination 
account for the variance in the spectral power distributions of daylight 
studied by Judd et al.24 

gives r ise to signals in three l inear, independent under ly ing 
mechanisms that each have a single d imension of response. 
Lights that give r ise to the same signals in al l three under
lying mechanisms wi l l be indist inguishable. Figure 3a shows 
schemat ical ly how physica l ly different l ights can be con
fused by such a system. 



FIGURE 3A. Diagram showing how a three-sensor system in which each 
sensor has only one dimension of response can confuse physically different 
lights. The lights p and q, which separately give rise to different signals in 
the three sensors A,B,C, when presented together give rise to the same 
signals as would be evoked by light r. 

FIGURE 3B. Color matching functions showing how much of three mono
chromatic lights (444 nm, 526 nm, 645 nm) in a mixture is required by an 
observer to make an exact match to a monochromatic light of the 
wavelength on the abscissa. Such functions are linear transformations of 
the spectral sensitivities of the three sensors. 

We would like to know the spectral 
characteristics of the sensor systems A, 
B, and C depicted in Figure 3a, but all we 
can measure directly are relationships 
between lights. That is, we can substi
tute three lights of known spectral com
position for the sensors A, B, and C and 
ask how much of each in a mixture is 
required to match any other light. This 
sort of measurement yields curves of 
the kind shown in Figure 3b. One such 
set of curves, obtained with primary 
lights whose spectral distributions 

matched the spectral sensitivities of the visual sensors, 
would characterize the sensors. However, the relationship 
obtained with any one set of primary lights is a linear 
transformation of the relationship obtained with any other 
set ( 3 x 3 matrix), so we have no ready way to recognize the 
special set of color matching functions that characterizes 
the sensors. 

Numerous attempts have been made to extract from 
standard color matching functions the spectral sensitivi
ties of the underlying sensors. The two most successful 
ones4,5 rely on the fact that there are people (dichromats) 
who appear to have only two sensor systems. Three forms 
of dichromacy are recognized, corresponding to the loss of 
a different one of the three systems possessed by trichomats. 
Lights that can be distinguished by trichromats but not 
dichromats must be lights that excite in equal proportions 
the two receptor systems common to both classes of ob
server. 

Observations on dichromatic confusions provide six of 
the nine coefficients needed to transform color matching 
functions to the spectral sensitivities of the underlying 
visual mechanisms. The other coefficients are obtained by 
making assumptions about how signals from the three 
classes of mechanism contribute to the photopic luminos
ity function, which in essence describes visual sensitivity 
(on an energy or quantum basis) as a function of wavelength 
when the eye is adapted to moderate levels of illumination. 

SPECTRAL CHARACTERISTICS OF CONES 
Estimates of spectral characteristics of the underlying 
mechanisms obtained from perceptual measurements that 
require observers only to match lights might be thought 
rather insecure, but within the last 10 years they have been 
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strikingly confirmed by direct measure
ments of two sorts. 

A wealth of evidence relating various 
aspects of visual function at moderate 
and high levels of illumination to the 
distribution of cone photoreceptors on 
the retina makes an unimpeachable case 
that the cones are the mechanisms on 
which color vision depends. Within the 
last 15 years, direct measurements of 
their spectral sensitivities have con
firmed not only that there are just three 
classes, but also that these have the 
spectral characteristics inferred from perceptual observa
tions. The first precise measurements were obtained by 
spectrophotometric measurements of the absorption of 
light by the outer segment of the cone—that part known to 
contain the photosensitive pigment.6 More recent mea
surements of the current flow through the outer segment of 
the cone in response to illumination by different lights7 

provide an exquisitely precise description of the spectral 
sensitivities of the three classes, designated L, M and S for 
their peak sensitivities to long, medium and short wave
lengths (Figure 4). 

In the context of the foregoing discussion, we need to ask 
how well the cones in the human retina are able to represent 
the range of color signals that arise from natural objects. We 
know without further discussion that they cannot repre
sent the full range of signals that arise from surfaces illumi
nated by the gamut of natural illuminants, but we can for the 
moment restrict the question to asking how well they might 
cope with the (three-dimensional) problem of representing 
surfaces illuminated by white light. 

This issue has been dealt with crisply by treating the 
three classes of cones as an array of sampling elements on 
the spectrum, and asking whether this array can represent 
the frequencies of modulation of wavelength ("chromatic 
frequencies") contained in the reflectance functions of 
natural objects. This is equivalent to asking whether the 
array can represent the chromatic frequencies contained in 
the three component functions shown in Figure lb . Such an 
analysis8 shows that the array can represent frequencies 
only up to about 5 c/µm, although individual cones can 
transmit chromatic frequencies up to about 10 c/µm.9 The 
component functions of surface reflectance contain little 
energy at frequencies higher than 5 c/µm, so we can con-

FIGURE 4. Spectral sensitivities of the three classes of cone photorecep
tors, measured directly by recording the electrical of cones (from Baylor 
et al.7). 

clude that the human cones can reliably represent the 
spectral reflectances of most natural surfaces. 

OPPONENT TRANSFORMATIONS 
The overlapping spectral sensitivities of the cones (particu
larly those of the L and M cones) make it likely that signals 
in the different types arising from stimulation at the same 
point in the visual field will be highly correlated. There is 
some biological pressure to transmit information economi
cally—the bandwidth of individual optic nerve fibers is low, 
and there may be pressure on the overall number of optic 
nerve fibers—so we are encouraged to look for efficient 
methods for transmitting chromatic information. The opti
mal decorrelation depends upon the kinds of color signals 
viewed, but different assumptions about these 1 0 , 1 1 seem not 
to alter the overall shape of the solution. 

Given the three classes of cones with particular spectral 
sensitivities, the most efficient way to represent color sig
nals is to combine signals from cones in three "second-stage" 
mechanisms with the following properties: one mechanism 
that sums signals from all three classes of cones (signals 
from S cones have little weight); one that represents the 
difference between the signals from L and M cones; a third 
that carries the difference between S cone signals and a 
combined signal from L and M cones. These three mecha
nisms—"achromatic," "red-green," and "yellow-blue"—suc
cessively carry smaller amounts of signal energy; the achro
matic mechanism alone carries more than 90% of the signal 
energy. 
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FIGURE 5A. Diagram of the distribution of sensitivity within center and 
surround of the receptive field of a retinal ganglion cell. Center and 
surround are usually considered to have two-dimensional Gaussian 
profiles of sensitivity, although in cells in and near the fovea, the center 
may receive input from a single cone photoreceptor. 

FIGURE SB. Plan view of the receptive field of a "red-green" P-cell, showing 
putative inputs from L and M cones to the center and surround (the 
arrangement of inputs is reversed in about half the cells). 

This sort of transformation is familiar to both perceptual 
psychologists and television engineers. A wealth of obser
vations, many from the 19th century, points to the percep
tual uniqueness of red, green, yellow, and blue, and the 
impossibility of attributes like reddish-green and bluish-
yellow. Opponent transformations were devised by engi
neers as an efficient way to cope with the limited bandwidth 
available for the transmission of television signals. Modern 
perceptual experiments make a strong case for the exist
ence of three post-receptoral mechanisms—an achromatic 
one and two chromatically opponent ones—with the sorts 
of properties outlined above, although it is perhaps worth 
pointing out that the idea gained widespread acceptance 
only after physiological observations demonstrated the 
existence of opponent transforms of cone signals. This 
physiological evidence comes from experiments that use 
microelectrodes to record the action potentials discharged 
by individual neurons in the visual pathway, in response to 
different visual stimuli falling on the retina. 

Opponent transformations appear early 
in the chain of the visual processing. In 
fish and amphibians, the graded electri
cal responses of horizontal cells and 
bipolar cells, which contract cones di
rectly, are chromatically opponent. 
These graded responses can be recorded 
only with an electrode that penetrates 
the cell, a task made extremely difficult 
by the small size of mammalian neurons. 
As a result, although anatomical evi
dence suggests that the transformations 
occur early in the mammalian retina, 
chromatic opponency is first directly 
observed in ganglion cells, whose axons 
form the optic nerve. Ganglion cells dis
charge action potentials that can be re
corded with extracellular electrodes. 
Although the general principles sug

gested by perceptual work are confirmed by electrophysi
ological measurements, these measurements reveal some 
surprising details of organization and point to it being 
rather more complicated than had hither to been supposed. 
Almost all this work has been undertaken in the macaque 
monkey, whose visual system appears to provide a very 
good model of the human one. 

The primate retina actually contains several distinct 
classes of ganglion cells that differ both in their anatomical 
characteristics and in the organization of their receptive 
fields, but only one of these—the so-called P-cell or midget 
ganglion cell—has properties that plausibly implicate it in 
color vision. 1 2 , 1 3The chromatic properties of P-cells divide 
them into distinct subtypes, but these types are not obvi
ously the substrates of the "achromatic," "red-green," and 
"yellow-blue" mechanism inferred from perceptual experi
ments. There are two principal types of P-cells: a red-green 
opponent type in which signals from L cones are opposed 
to signals from M cones, and a blue-yellow opponent type in 
which signals from S cones are opposed to some combined 
signal from L and M cones. There seems to be no candidate 
substrate of the achromatic mechanism that carries so 
much weight in the formal analysis and is so obviously 
implicated by perceptual observations. To understand why 
this might be so, we have to consider the structure of the P-
cell's "receptive field"—the region of retina (or its projec
tion in space) within which light must fall to affect the 
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activity of a neuron. 
The typical midget (P) ganglion cell or corresponding 

neuron at the next level—the Lateral Geniculate Nucleus— 
has a receptive field consisting of two concentrically ar
ranged components, each believed to have a Gaussian 
spatial weighting function, that generate signals of oppo
site sign when stimulated by light (Figure 5a). The "center" 
and "surround" of a P-cell receptive field have different 
spectral sensitivities, so each can provide one of the com
ponents of a chromatically-opponent mechanism (Figure 
5b). The integrated sensitivities of these mechanisms are 
nearly equal, which results in a cell responding poorly to 
any stimulus that excites the two mechanisms equally. This 
center-surround arrangement exists in two fundamental 
forms: one in which light falling on the center excites the 
cell and light falling on the surround inhibits it, the other in 
which this arrangement is reversed. The space constants of 
center and surround increase with eccentricity of the re
ceptive field from the line of sight, the surround being 
perhaps three to five times larger than the center. In the 
fovea, both are small, and for many cells the center prob
ably receives input from a single cone. 

About 90% of the approximately 1.2 million P-cells have 
red-green opponency—far more than one might imagine 
would be needed to represent the red-green component of 
surface reflectance. Moreover, the concentric arrangement 
of opponent mechanisms in the receptive field means that 
the chromatic sensitivity of the cell depends upon the 
spatial properties of the visual stimulus that excites it: 
stimuli containing high spatial frequencies will preferen
tially excite the cell through the center mechanism, and for 
such stimuli the cell will tend to lose its chromatic 
opponency. This observation suggests that perhaps these 
"red-green" P-cells are actually doing double duty: they 
carry both the achromatic signal (in a high spatial fre
quency band) and the red-green opponent signal (in a low 
spatial frequency band). (The blue-yellow cells are probably 
not relevant because they are so rare and the image at short 
wavelengths is typically out of focus.) There are two ques
tions worth asking about this: Why multiplex signals in the 
first place? And where in the visual pathway are the chro
matic and achromatic signals segregated? 

The answer to the first question is uncertain, but one 
possibility is that it represents an efficient means of trans
mitting information. There is reason to believe that the 
chromatic information in natural scenes is contained prin

cipally at low spatial frequencies, while the achromatic 
information is contained in higher spatial frequencies.14 

The multiplexed signals seen in P-cells have to be segre
gated somewhere, since perceptual experiments convinc
ingly demonstrate the independence of the red-green and 
achromatic systems. The chromatic properties of neurons 
in the region of cortex to which LGN projects (striate 
cortex, or area V1) show some of the expected characteris
tics—for example, many neurons are optimally excited by 
near achromatic stimuli—but one does not yet see the 
emergence of crisply defined red-green and yellow-blue 
mechanisms postulated on perceptual grounds.15 

SPATIAL CHARACTERISTICS 
The discussion so far has treated color as an abstract 
property of surfaces, but in real life colors are bound to 
surfaces that have shape and lie juxtaposed with others. 
This spatial complexity is important, because it affects the 
appearance of colors. Perceptual observations attest to the 
fact that the colored appearance of a localized region of 
surface depends upon the chromaticity of surrounding 
regions. Under many circumstances, the appearance of the 
local region can be explained by supposing that the visual 
system has subtracted or discounted chromatic compo
nents that are common to both this region and what sur
rounds it.16 ,17 

Why should the appearance of colored surfaces depend 
upon the larger context in which they are viewed? Most 
discussions see this as a reflection of processes that help 
the visual system obtain information about the chromatic
ity of the illumination falling on a scene. The general prob
lem of illuminants was raised at the beginning of this article: 
the three dimensions of response of the visual system are 
not enough to represent the possible variations in natural 
surfaces (three dimensions) viewed in natural or incandes
cent illuminants (three dimensions). Nevertheless, the vi
sual system seems able to achieve some sort of "color 
constancy" in the sense that the appearance of a surface 
viewed under different illuminants changes less than would 
be expected from changes in the color signal. How does the 
observer abstract the surface reflectance function (or some 
approximation to it) from the color signal? Formal analyses 
of the problem 1 8 - 2 0 make clear that if the visual system knows 
the chromaticity of the illuminant and the surface 
reflectances of selected objects (or the average surface 
reflectance of objects), it can recover the reflectance func-
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tion of any object; How does the observer obtain this 
information? 

The chromaticity of the illuminant is sometimes avail
able explicitly through the source being visible directly or 
as a specular reflection. We do not know how well this 
information is used, and in any case it is often not available. 
The chromaticity of the illuminant can also be estimated by 
several other means (e.g., Refs. 20, 21), all of which require 
information about the reflectance of a number of different 
surfaces. One simple principle is to suppose that the space-
averaged surface reflectance is spectrally flat; the average 
chromaticity in a scene would then be that of the illuminant. 
This "gray world" assumption has not been examined ex
perimentally, but it has attracted much attention as a 
simple and, for most environments, reasonable heuristic 
for capturing the chromaticity of the illuminant. It has 
interesting physiological implications. 

Any mechanism that assumes a "gray world" has to 
sample color signals from a large region of visual field. We 
know firmly that large receptive fields emerge only after 
signals have passed through several stages of analysis in 
cortex, yet we know also that potentially powerful mecha
nisms for helping discount illuminants exist early in the 
retina. These mechanisms—essentially automatic gain 
controls—regulate the sensitivities of the individual cone 
pathways at points before the formation of color-opponent 
mechanisms, so as to keep the signal level in the nervous 
system within narrow bounds despite wide variations in 
input. (Robert Shapley discusses the action of these mecha
nisms in his article, page 17.) Further gain-regulating 
mechanisms exist at or after the sites of opponent interac
tion. The low-level gain controls, if driven by the average 
chromaticity in a scene, could to a substantial degree 
discount it. The difficulty lies in exposing them to the 
average chromaticity, since they are spatially localized. 
Were these gain-regulating mechanisms to have long time-
constants, normal eye-movements that scan a scene would 
result in the gain being controlled by the weighted 
chromaticities from many points in the scene. It remains to 
be seen whether this is the case. 
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