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Abstract 
 
An effective image reproduction pipeline, spanning 

image capture, processing and display, must be designed 
to account for the properties of the human observer.   In 
designing an image pipeline, three principles of  human 
vision are particularly important: trichromacy, color 
adaptation, and pattern-color sensitivity.  These 
properties also play an important role in metrics used to 
evaluate image quality reproduction. 

  The main portion of this review comprises a 
description of these properties of the visual system and 
how these principles are incorporated into the image 
reproduction pipeline. The last part of this review 
describes a new image capture technology, based on a 
digital pixel fabricated on a CMOS process. This sensor 
is well-designed for exploring a novel image pipeline 
architecture that we call multiple-capture, single-image.  
This architecture is being developed  to serve  features of  
human vision that are not yet incorporated in the 
conventional pipeline. 

 
1. Introduction 

 
The last several years have been a time of rapid growth 

in the design and implementation of devices used for color 
reproduction.  To reproduce color images requires that 
these devices work as part of a general imaging pipeline, 
and that the algorithms implemented within these devices 
manage the image information so that the appearance of 
the original and the final reproduction are similar to a 
human observer.   

The need to design the imaging pipeline with respect to 
properties of the visual pathways is widely appreciated in 
the engineering community.  However, the connection 
between the basic properties of human vision and the 
design of digital imaging devices can be hard to discern.  
In large part this is because when considering the many 
engineering design systems and the many properties of 
human vision, drawing the relationship between the two 
can be daunting. 

In the main portion of this review, I describe three 
fundamental properties of the human visual system that 
are directly relevant to the image system pipeline:  
trichromacy, light adaptation, and pattern-color 
sensitivity.  I describe the empirical basis of these 
properties, and how these fundamental empirical 
observations are used in the design imaging systems. 

In the final paragraphs, I introduce our explorations of 
architectural principles of human visual encoding that may 
be a useful guide the development of digital imaging 
architectures.  The principle is based on the observation 
that the cone mosaic absorptions are converted to signals 
carried by a multiplicity of neural mosaics; each mosaic 
represents the entire visual field. The neurons in these 
mosaics have receptive fields that are specialized to 
measure different aspects of the image.  Some mosaics are 
better suited to represent motion and others pattern; some 
mosaics carry control signals for accommodation and 
others to direct eye position.  We are exploring an 
engineering architecture, multiple-capture, single-image 
(MCSI), that creates multiple image representations but 
ultimately produces a single output image.  I will describe 
one implementation of a CMOS imager and preliminary 
work with the MCSI architecture. 

 
2. Color Fundamentals 

 
2.1 The Cone Mosaic 

 
Human vision begins by the absorption of photons by 

the photopigments contained in the rod and cone retinal  
receptors.  Color vision depends on signals within the 
three types of cone receptors that comprise three spatial 
mosaics.  Recently, it has become possible to image the 
cone mosaics in the living human eye using methods from 
adaptive optics [1]. It is instructive to compare the size, 
density and distribution of the cones with that of image 
sensors in current digital imaging devices. 

The cones are present at their highest spatial density in 
central vision (central fovea, less than 0.5 deg from 
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fixation). The size and sampling density of the cone 
photoreceptors varies considerably from the fovea to the 
periphery.   

In the central fovea, the cones sample the image at a rate 
of roughly 120 cones per linear degree of visual angle in 
the central fovea.  Hence, the central portion of the visual 
field is sampled by approximately 104 cones per square 
degree.  The sampling rate reduces dramatically with 
distance from the fovea, so that the full visual field, 
spanning roughly 160 x 135 deg, is sampled by only 5 x 
105 cones in each eye, producing an average sampling rate 
that is much lower:  2x102 per square degree. 

By comparison, modern digital cameras typically 
capture an image a scene spanning 35x35 deg of visual 
angle.  These cameras often have roughly 2x106 pixels 
and thus sample the image at 1.5x103 pixels per square 
degree. This sampling rate exceeds the average sampling 
density of the cone mosaic in the human eye, though the 
foveal human sampling density in the is roughly an order 
of magnitude higher.  To achieve the foveal sampling 
density throughout the camera field of view would require 
a sensor with 1.2x107 pixels.   

Twelve million pixels per image is more than can be 
supported by other devices in the imaging pipeline 
(displays and printers).  While there may be some 
applications that require this density, it is not yet of 
practical significance for current consumer imaging. 

 
2.2 The Photopigment Absorption Curves 

 
Differences in the wavelength responsivity of the three 

types of cone photopigments provide the key mechanism 
that enables discrimination of light based on wavelength 

composition. The spectral absorption functions of the 
cone photopigments  set a fundamental limit on how  
much information is available to make this discrimination.  
Consider how the human visual system might discriminate 
the wavelength composition between two uniform patches 
of light.  With such stimuli, the discrimination must be 
made by comparing the average cone photopigment 
absorption rates caused by the patches. 

  
 
To perform this computation, we begin with the relative 

wavelength responsivity of  the three cone photopigment 
functions (including media losses).  These functions, 
derived from an analysis of behavioral data, are shown in 
Figure 1 [2].  The absorption functions are denoted as 
L(λ), M(λ), and S(λ), where the letters are chosen to 
describe the relative position of the peak sensitivity: long, 
middle and short-wavelength.  For computational 
purposes, it is useful to represent these functions at 
sampled values spanning the visual range, say from 370 to 
770 nm sampled every 5 nm.  Using this format, the rate 
of photopigment absorptions caused by a test light, 
represented by the column vector E, can be computed as 
the inner product of E and the photopigment absorption 
function.  To perform this computation, it is convenient to 
group the three photopigment absorption functions into 
the columns of a matrix, P.  The absorption in the three 
cone types caused by a test light is the matrix product PtE.   
Two different test lights, E and E’, cause the same 
photopigment absorption rates when PtE = PtE’, or 
equivalently when their difference, (E – E’), is in the null 
space of Pt. 

Knowledge of the absorption properties of the 
photopigments, represented in the matrix P, has been a 
very important aspect of image system design.  The 
columns of this matrix are called the color-matching 
functions.  Notice that to predict whether two lights cause 
the same rate of photopigment absorptions in the three 
types of cone photopigments, it is only essential to know 
the color-matching functions up to a linear transformation:  
If M is a  3x3 non-singular matrix, then MPtE = MPtE’ if 
and only if PtE = PtE’.   

A set of color-matching functions was standardized in 
the 1931 meeting of the CIE [3], and this standard is still 
in use today [4, 5].  Coupling the behaviorally determined 
color-matching functions to the responses of individual 
cones [6, 7], followed by the discovery of the genetic code 
for the pigments is a spectacular achievement of visual 
neuroscience [8]. 
 
2.3 Color Metrics 

 
Perhaps the most important application of the color-

matching functions is their use in selecting the  outputs of 
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Figure 1.  The wavelength absorption functions of the 
long (L), middle (M), and short (S)  human cone 
photopigments as derived by [2].  These curves include 
the effects of the optics and ocular pigments.  Color 
matches within a single context can be determined 
using these three curves. 



display media to reproduce the color of an original.  
Display media, including CRTs, LCDs, and prints, do not 
reproduce the spectral signal of an original;  rather, given 
an original signal, E, image processing methods are used 
to select a display signal, say E’, that is visually similar to 
the original.  There are a number of factors that must be 
considered in selecting this signal.  But, in the special case 
when the viewing conditions of the original and the 
reproduction are the same, the key condition is that PtE  
should be “close” to PtE’. 

 For the engineer, the usual definition of “close” is to 
measure the mean squared error.  However, this is a very 
poor measure of color differences.  The poor quality of a 
squared error measure is illustrated by the iso-
discrimination contour shown in Figure 2.  The contour 
shows perturbations of the (L,M) cone coordinates that are 
equally detectable from the background (plotted at the 
origin of the graph).  The detection contour is very far 
from a circle.  Rather, the observer is far more sensitive to 
some color directions than others.  

 
Figure 2.  A detection contour within the L,M plane.  
The target was a low spatial and temporal frequency 
probe presented on a steady background. The cone 
coordinates describe the deviation of the probe from 
the background. The highly elliptical shape shows that 
mean-squared-error is a poor description of the 
perception of color differences.  After [4, Figure 9.15] 

 
Rather than using squared error in cone coordinates, 

the CIE recommends a metric formula (CIELAB) that is 
based on squared-error following a nonlinear 
transformation of the cone coordinates [9, 10].  The 
CIELAB metric difference between a pair of points is 
computed using three input quantities: the two vectors, 
PtE and PtE’, and another vector that represents the 
ambient illumination conditions (the white point).  The 
CIELAB color difference metric is in wide use for 
specifying color precision in contracts and in evaluating 
the reproduction capabilities of imaging systems. 

 
3. Color Adaptation 
 
3.1 Adaptation Phenomena 

 
The color-matching functions and the CIELAB metric 

have been enormously valuable tools in designing imaging 
systems.  These tools offer excellent guidance for creating 
appearance between objects seen in the same viewing 
context. When objects are compared in different viewing 
contexts, however, the color-matching functions alone are 
not enough. 

 

 
Figure 3.  The appearance of a target depends on its 
viewing context.  The four squares shown in this figure 
are physically identical.  Differences in their 
appearance occur because they are presented in 
different contexts.   (The illusion on the bottom is in 
color.)  After [4, Figure 9.1] 

 
Simple visual illusions provide good examples to 

illustrate the limits of these calculations.  Figure 3 shows 
four small squares that are physically the same; yet 
because they are seen in different contexts the appearance 
of the squares differs.  This well-known illusion 
demonstrates that color reproduction using only the point 
by point photopigment absorptions need not produce 
satisfactory appearance matches.  In general, image 
reproduction must take into account the entire spatial 
distribution of cone absorptions, not just the values at 
corresponding points. 

Efforts to understand the general principles of image 
interpretation and specifically brightness judgments have 
produced many wonderful illusions and interesting 
theoretical ideas [11-13].  But, these have not yet become 
practical engineering tool applicable to the imaging 
pipeline. 

There has been progress, however, in understanding 
the consequence of simple context changes, as in Figure 3.  



Understanding these context changes are of practical 
significance because they mirror certain natural context 
differences:  Suppose a target is measured in a blue 
skylight (right half of the lower image).   A target 
reproduced directly under an illuminant like the disk of 
the sun (left half of lower image) will not match if the 
reproduction slavishly equates their photopigment 
absorptions.  Rather, the reproduction must take into 
account the new context as well as the color-matching 
functions.  The correction procedure for simple changes in 
the mean image level, usually caused by differences in 
ambient lighting, is part of the many digital imaging 
pipelines and is called color balancing. 

 
3.2 Adaptation Experiments 

The experimental basis for choosing how to color 
balance is the asymmetric color-matching experiment is  

 
Figure 4.  In the asymmetric color-matching 
experiment an observer adjusts a target presented in a 
standard context (match) so that its appearance is the 
same as a target shown in a different context (test).  
The experiment illustrated here shows a binocular 
form of the experiment.  After a figure in [14]. 

 
illustrated in Figure 4.  Subjects adjust the appearance of a 
target presented in a standard condition in order to match 
the appearance of various targets shown in a different 
context.  By measuring a collection of such matches, one 
can find a function that converts cone absorptions in one 
context into cone absorptions with the same appearance 
presented in a standard condition. Then, by additional 
experiments, one can estimate how the function covaries 
with the viewing context. 
   
3.3  Computing the Effect of Adaptation 

 
Asymmetric color-matching experiments to date have 

tested only a modest range of conditions; there is much 
more to learn about such matches.  As a first 

approximation, however, the matching between conditions 
appears to follow the  simple rule.  First, in the simple 
experimental arrangement using a uniform field and a test 
that is a modulation of that field (Figure 4), we can 
express the test and matching probes as deviations from 
the steady background:  t = (∆L’, ∆M’, ∆S’) and m = (∆L, 
∆M, ∆S).  These quantities are expressed in cone 
coordinates. A simple coordinate scaling, ( ρ(c) ∆L, γ(c) 
∆M, β(c)  ∆S), approximates the match, where ρ(c), γ(c)  
and β(c)  are real scale factors that depend on the context, 
c.  This simple scalar relationship has been verified in a 
large set of asymmetric matching experiments that 
measure the effect of changes in the mean field (e.g. [14-
20] ). 

An important and unsolved problem concerning how 
one might generalize these experimental matches is this:  
we do not know how to compute the scale factors, ρ(c), 
γ(c)  and β(c), from knowledge of the image.  While it is 
possible to verify for any particular image that the 
functional relationship approximately holds, we do not 
know how to begin with a complex image and predict the 
scale factors.  For this reason, engineering applications 
make simple approximations (e.g., the scale factors are 
inversely proportional to the mean absorption levels).  
These rules are not correct and lead to some noticeable 
errors in reproductions.  

There are two cautionary notes to be sounded.  First, 
the range of viewing conditions that has been tested is 
very modest compared to the range of natural images.  
Even within this range, several failures have been 
demonstrated [17-19, 21].  To date, these failures are 
described as deviations from the simple scaling. It is 
possible that new stimulus configurations will be found 
that will reveal substantial failures in general with this rule 
serving only as a special case for uniform backgrounds.   

Second, it is important to recognize that the scaling 
rule applies to a unique coordinate frame:  the cone 
coordinates.  It is not equivalent to scale in a different 
coordinate frame (e.g., CIELAB coordinates, or linear 
transformations of the cone coordinates).  When direct 
comparison with experimental measurements have been 
made, scaling in other coordinate frames does not predict 
the data as well.  

 
4. Pattern and Color 

 
4.1 Pattern-Color Phenomena 

 
Temporal and spatial structure of a stimulus also 

strongly influences color appearance.  While people are 
trichromatic when viewing low spatial and temporal 
frequency targets ( below 20 cycles per degree and 20 
Hz), above this range we become monochromats. The 
phenomenon is well-known to television engineers who 



relied upon this observation when adapting transmission 
standards:  the chromatic signals are sent at very low 
spatial bandwidth.  Poor color resolution is also an 
important element of compression standards, such as that 
used in JPEG.  The color channels are compressed much 
more aggressively than the luminance channels.  The 
phenomena can be found illustrated in several places (e.g., 
[4, Color Plate 7]).  

Several labs have  measured human pattern and color 
sensitivity [22-25], but only a few measurements of 
asymmetric color matches comparing targets with 
different spatial or temporal structure [26-29].  At present, 
two summary statements appear to hold.   

First, the asymmetric pattern matches are not explained 
by a scaling of cone signals.  Instead, these matches are 
better predicted by first transforming the cone 
representation into a new coordinate frame, and then 
scaling the results.  The spectral curves defining the new 
coordinate frame derived from experimental 
measurements [23, 26, 27] are shown  in Figure 5.  These 
curves are similar to opponent-color curves derived from 
very different color appearance experiments [27, 30, 31]. 

 
 

 
Figure 5.  Pattern asymmetric color matches can be 
predicted by a pattern-color separable model.  The color 
coordinate frame, however, is a linear transformation 
away from the cone coordinates.  The curves defining  (a) 
the spatial modulation transfer functions and (b) 
corresponding color mechanisms are shown.  Both sets of 
curves were derived from the measurements.   

 
Second, the pattern-color results can be modeled using 

a pattern-color separable model.  Specifically, one can 
separate the color and pattern transformations into 
different stages of the model.  This makes it practical to 
build metrics that analyze the reproduction accuracy of 
full image data. 

 

4.3 Application:  Pattern-Color Metrics 
 
Zhang and I developed and tested a pattern-color 

metric, Spatial-CIELAB (S-CIELAB) using the empirical 
measurements of pattern-color appearance and sensitivity 
[32-35].  An overview of the metric calculation is shown 
in Figure 6.  This metric was designed to be compatible 
with the CIELAB metric when applied to uniform targets.  
It also was designed to be pattern-color separable in order 
to make the metric practical for application to complex 
images.   

A Matlab implementation of the metric can be obtained 
from the Internet http://white.stanford.edu .  An on-line 
application of this metric is used at http://vischeck.com. 
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Figure 6.  The Spatial-CIELAB metric (S-CIELAB) 
includes pattern and color sensitivity in a single metric.  
The metric is designed to be pattern-color separable  
[26] and compatible with the standard CIELAB 
calculation applied to uniform fields [36]. 

 
 

5. Designing Digital Imaging Architectures 
 
The elements of human vision I have described mainly 

illustrate visual limitations: trichromacy allows imaging 
systems to ignore most of the spectral signal; pattern and 
temporal sensitivity limits reduce the need to allocate 
bandwidth in the imaging pipeline. Yet, the visual system 
achieves some remarkable success in achieving various 
types of visual tasks.  In this final section, I will consider 
an image pipeline design principle that attempts to copy 
one of the strengths of human vision.  

The retinal cones each send their output to multiple 
types of neurons.  Collections of these neurons, in turn, 
form a set of spatial mosaics that tile the image plane.  
The neurons within the separate mosaics are interleaved 
within the retina, but they can be distinguished by a 
variety of properties, including cell morphology, receptive 
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field properties, and axonal destinations in the central 
visual pathways.  Based on these differences it appears 
that these mosaics are specialized for different 
computations (e.g., motion, pattern, color) and control 
functions (e.g., pupil, eye movement) . These mosaics 
appear to represent multiple captures of the cone mosaics; 
the neural mosaics each perform different analytical 
functions.  Their joint output results in a single, perceived 
image. 
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Figure 7.  An implementation of a digital pixel sensor 
(DPS) is shown in schematic form (a) and in layout 
form (b).  Four photodiodes share a single 
programmable ADC.  The pixel outputs can be 
spatially pooled prior to read-out and multiple 
temporal samples can be obtained while the pixels are 
charging in response to light  [37, 38]. 

 
As is often the case when comparing digital hardware 

with neural tissue, it is possible to trade processing speed 
for spatial parallelism.  The digital pixel sensor designed 
by El Gamal’s group [37, 38] is well-suited to exploring 
an architecture based on multiple representations (see 
Figure 7). In this architecture, each pixel has a separate 
analog-to-digital converter (ADC).  As a group, the sensor 
ADCs can be programmed between frames, making it 
possible to acquire a series of images with different spatial 
and temporal properties. Because the pixel data are 
digital, they can be transferred into memory very quickly;  
because the sensor is fabricated using a 0.35 micron 
CMOS process, the memory and other architectural 
elements needed to integrate data from multiple frames 
can reside on the sensor itself.  Hence, the sensor provides 
an opportunity to experiment with the multiple capture, 
single image architecture. 

One application where the MCSI architecture is helpful 
is in extending the system’s dynamic range.  In the CMOS 
sensor, the ADC samples the charging photodiode without 
destroying the charge.  Hence, it is possible to measure the 
signal at several moments in time without resetting the 

sensor.  With the fast readout, it is possible to store these 
multiple samples, creating an architecture that captures the 
image at several different exposure durations.  This 
architecture increases the system’s dynamic range beyond 
what can be obtained from a single measurement of the 
photodiode itself.   Other applications have been 
implemented, and many more should be possible [38]. 

 
6. Conclusions 

 
Image systems pipelines have benefited from an 

understanding of the basic properties of the visual 
pathways; further measurements of visual sensitivity will 
continue to lead to improvements in the quality of digital 
imaging devices. 

The creation of imaging devices with novel properties 
also offers opportunities to develop new areas of vision 
research.  The next generations of imagers, such as those 
based on digital pixels, provide an opportunity for 
developing our understanding in order to create 
increasingly precise and beautiful images.  In addition to 
new sensors, many new methods for displaying images are 
being developed now, and these too offer challenges and 
opportunities for future research that combines technology 
and visual neuroscience.  In imaging, the future is always 
bright. 
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