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1.

INTRODUCTION

An important goal for digital color cameras is to record enough information about a scene so that it can be reproduced accurately for a
human observer. By accurately, we mean so that the human observer
will perceive the reproduction as looking like the original.
We can divide factors that a ect the overall performance of a digital
camera into two classes. The rst class is camera design parameters.
These in uence the information recorded by the camera. Examples of
design parameters include the spatial resolution of the camera, the spectral sensitivities of its sensors, and the reliability of the sensor responses.
The second class of factors is the algorithms applied to the camera data.
Camera design evaluation must take both classes of factors into account,
particularly if they interact.
The goal of this chapter is to describe a digital camera simulator that
predicts the relation between a scene and the camera image. The input
1

2

VISION MODELS AND APPLICATIONS TO IMAGE AND VIDEO PROCESSING

to the simulator is a high resolution hyperspectral image of a scene. This
input is used together with a working model of camera performance to
predict the camera image. The simulation software uses a parametric
camera description, so that the e ects of varying the design may be explored. In addition, the software provides an environment for applying
and evaluating image processing algorithms. Because many image processing algorithms are based on physical models of image formation and
camera performance, we have emphasized data structures that make this
information readily available.
The rest of this chapter is organized as follows. First we provide a
description of our hyperspectral imaging system. Second, we describe
the general model of camera performance that we use in our simulations.
We evaluate how well we can simulate images by comparing a simulated
and directly acquired image for a Kodak DCS-200 color camera. Third,
we describe the image processing pipeline that is generally used to render
camera data on color monitors and review standard algorithms that may
be used at each step. Finally, we provide some examples that explore
the e ect of varying camera parameters on image quality.
2.

HYPERSPECTRAL IMAGE DATA

Commonly used digital cameras provide data in several (usually three)
separate image planes. If we neglect the possibility of interleaved sampling (mosaicing), each plane provides a representation of the scene as
it would be seen by a single class of color sensors. Usually three sensor
classes with broadband spectral sensitivities are chosen to provide red,
green, and blue image planes. The principle of hyperspectral imaging
is similar, except that the number of image planes is increased and the
sensors are chosen to be narrowband (1, 2, 3). The narrowband sensor
planes may be thought of as providing data that represent the scene at
a series of wavelengths. Figure 1.1 illustrates the idea of a hyperspectral
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Spatial view of a hyperspectral image. The gure shows 4 image planes
taken from a small region of a hyperspectral image. Each image plane provides the
spatial information available at a single wavelength. Each image plane has been
normalized separately for display. Our actual hyperspectral images consist of 31
image planes at 10 nm steps between 400 nm and 700 nm.
Figure 1.1
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image. The gure shows a small region of 4 individual image planes, each
corresponding to one wavelength. The region shown is a portion of the
Macbeth Color Checker (MCC). The spatial view of the hyperspectral
image shown in the gure emphasizes the fact that the image provides
information about spatial structure at each wavelength. It is easy to see
from this representation that the image contains four separate squarish
regions. In the color checker documentation, these are given color names
(speci ed clockwise from upper left) purplish-blue, moderate red, red,
and green. Note that the fact that individual image planes have a similar spatial structure is not peculiar to the small image region shown {
it is characteristic of all hyperspectral images we have examined. However, across the individual planes, the relative intensity between image
regions di ers. Larger hyperspectral image planes may be found on the
world-wide-web at URL http://color.psych.ucsb.edu/simchapter/.
The color information contained in a hyperspectral image is not explicit in the spatial view. Figure 1.2 shows a spectral view of the same
hyperspectral image that Figure 1.1 shows in spatial view. In this case,
one location is chosen within each of the four MCC regions and its 31
band spectrum is plotted as a function of wavelength. The spectral view
makes explicit the wavelength information contained in the image. From
this view, it is possible to get an idea of the color that the individual regions would appear. The purplish-blue region has more power at shorter
wavelengths, the green region has more power in the middle wavelengths,
and the two red regions have more power in the longer wavelengths.

Visible Spectrum

Spectral view of a hyperspectral image. The gure shows the spectra
extracted from four regions of the same hyperspectral image shown in Figure 1.1.
The spectral view makes explicit the wavelength information contained in the hyperspectral image. The purplish-blue region (solid line) has more power at shorter wavelengths, the green (dotted line) region has more power in the middle wavelengths, and
the two red regions (dashed line for moderate, dash-dot for red) have more power in
the longer wavelengths.
Figure 1.2
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The hyperspectral system we use is based on a scienti c grade monochrome CCD camera (Photometrics PXL, 2K by 2K spatial resolution
at 12 bits/pixel direct digital interface, electronic control of temporal
integration, liquid cooling for noise reduction, linear intensity-response
function, 50 mm Nikkon lens) interfaced to a Macintosh host. Hyperspectral images are acquired by sequentially placing interference lters
in the optical path of the camera and acquiring monochromatic images through each lter. For the work reported here, the lters were
placed between the camera lens and the CCD sensor. The lters were
narrowband (roughly 10 nm full-width at half-height) with peak wavelengths that evenly spanned the visible spectrum (31 lters, 400 nm to
700 nm in 10 nm steps). Aperture (f-stop) and exposure duration for
each monochromatic image were adjusted so that the image data were
within the response range of the camera, and focus was adjusted individually for each monochromatic image. Dark images (camera shutter not
opened) were acquired for each exposure duration used, and the appropriate (same exposure duration) dark image was subtracted from each
monochromatic image. We refer to the set of dark subtracted monochromatic images as a raw hyperspectral image. A number of processing steps
must be applied to the raw hyperspectral image to produce a calibrated
hyperspectral image.
Because the interference lters have di erent thicknesses and transmit
light of di erent wavelengths, we found it necessary to refocus the camera for each narrowband image plane. This fact together with the laws
of geometric optics (4) means that even in the absence of small camera
movement, each image plane may have a slightly di erent magni cation.
In addition, small camera movements are unavoidable and can produce
translations and rotations of the individual image planes. We registered
all of the image planes to a common geometry by applying a registration
algorithm. Our algorithm is a slightly modi ed version of one designed
to handle image sequences acquired with a moving camera, as would be
needed when building a panoramic composite or in remote sensing applications (5, 6). The original algorithm assumes that the only di erences
between individual images in the sequence are geometric. In our case,
the image data also di er because the wavelength changes from plane
to plane. Qualitatively, changing wavelength does not a ect the basic
spatial structure of the image (e.g. the location of the edges) but does
change the magnitude and sign of intensity changes across edges (see
Figure 1.1). We found that the e ect of wavelength variation interfered
with the operation of the original algorithm. We therefore applied a
binary edge- nding operator to each image plane before alignment. Using this procedure, each image plane from the raw hyperspectral image
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was aligned to the 550 nm image plane. Typical results of applying the
registration algorithm are illustrated in Figure 1.3. Each panel shows
a weighted sum of the hyperspectral image planes. The weights were
chosen after radiometric calibration (see below) so that values in the
resulting monochrome image are proportional to luminance. In the left
panel, the summed images were not aligned, whereas in the right panel
they were. The e ect of alignment is quite noticeable and greatly improves the sharpness of the summed image.

(a) Luminance image, without registration.

Figure 1.3

(b) Luminance image, with registration.

E ect of hyperspectral image plane registration. See description in text.

After registration, each pixel in the raw hyperspectral image provides
a series of values (c :::c ). Each of these values ci is related to the
radiance of the light re ected from the corresponding scene location at a
single wavelength i. The relation between the value ci and the actual
scene radiance depends on the spectral transmissivity of the interference
lter and the spectral sensitivity of the CCD camera as well as the the
lens aperture, exposure time, and camera gain at the time of acquisition.
As noted above, these latter parameters were adjusted individually to
keep the data for each image plane within the operating range of the
camera. In addition, there was some light scatter in our optical system.
To correct both for these factors we proceeded as follows.
First, we always inserted a Macbeth Color Checker Chart (MCC)
into the scene. This provided 24 surfaces with known re ectance functions. At each wavelength i, the camera values from each of the MCC
surfaces should be proportional to the surface re ectances at that wavelength. We used linear regression to nd the best tting line between
the 24 measured values and known re ectances: ci = mri + bi where ri
1

31

1

1 More precisely, the light comes from a narrow wavelength band centred on

i .
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represents known re ectance. We then subtracted the value of bi from
each location in the image plane for i . This aÆne correction is based
on the approximation that the scattered light is spatially uniform in the
image plane. Although this approximation does not hold exactly, we
found that applying the aÆne correction improved the visual quality of
the individual image planes by removing an apparent veiling luminance.
After the aÆne correction, we converted the data for individual image planes into radiometric units. A spectroradiometer (PhotoResearch
PR-650) was used to measure a reference spectrum from a small approximately uniform image region at the same time as the 31 monochromatic
image planes were acquired. For each wavelength, the reference spectrum provides the radiance (in W=sr=m ) for a single image location.
Using the reference spectrum and the aÆne corrected image values extracted from the same region of the hyperspectral image, we compute
calibration factors for each image plane that bring the data for that
plane into units of W=sr=m . Applying these factors results in the calibrated hyperspectral image. Similar radiometric calibration procedures
have been used by others (1, 7).
2
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Visible Spectrum

(c) Green

Visible Spectrum

(d) Red

Comparison of spectra obtained by direct radiometric measurement and
extracted from a hyperspectral image. Each panel plots power against wavelength.
Solid lines: radiometric measurements. Open circles: spectra obtained from hyperspectral image.

Figure 1.4

To evaluate the accuracy of the radiometric calibration, we can compare spectra measured directly from various image regions with spectra
inferred from the same regions of the calibrated hyperspectral image.
Figure 1.4 shows this comparison for the four MCC regions shown in
Figure 1.1. The agreement between measured and inferred spectra is
reasonable, although not perfect. Figure 1.5 shows summary compari2 We generally chose a white reference patch as this provides good signal-to-noise at all wavelengths and also provides an estimate of the spectrum of the illuminant. Knowing the illuminant is useful for algorithm evaluation, see below.
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Comparison of spectra obtained by direct radiometric measurement and
extracted directly from a hyperspectral image. The gure plots power as calculated
from the hyperspectral image against that obtained by direct radiometric measurement. Each point shows power for one wavelength in one of the 24 MCC regions. The
line shown is the best tting line through the origin. This line has slope 0.96.

Figure 1.5

son for all 24 regions of the MCC. In this gure, each point represents
spectral power at one wavelength for one image region. The x-axis shows
the values obtained from direct radiometric measurements while the yaxis shows the values obtained from the hyperspectral image. These
plots show that the relative spectra obtained from the hyperspectral
image are essentially correct, but that the overall power in the hyperspectral measurements is slightly too low. This discrepancy may arise
because we do not correct for geometric e ects caused by the optics of
our hyperspectral camera. Discussions of geometric e ects are available
elsewhere (8, 9).
3.

CAMERA SIMULATION

The goal of our camera simulation is to start with a hyperspectral
image and to predict the digital values that would have been obtained
if an actual camera had instead imaged the same scene. To achieve this
goal, we need to model camera performance. In our current work, we
employ a relatively simple camera model.
Figure 1.6 illustrates the basic stages of the model. An optical system produces an image of the scene on the camera's sensor array(s). By
sensor array we mean a device (often a CCD chip) which converts light
intensity to digital values at each of a large number of individual pixels. Important camera parameters include the number of sensor arrays
it contains, the spatial resolution of the sensor arrays, and the spectral
properties of the sensors. In addition, it is necessary to model the relation between light intensity and digital values, as well as to characterize
the reliability and precision of the digital representation.
A typical camera has three distinct spectral sensor classes (often labelled R, G, and B), but in general there can be any number. In many
cameras, the distinct sensor classes are created by placing a mosaic of
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Basic camera model. As described in the text, light from the scene is
imaged by the camera's optics onto one or more sensor arrays. The arrays sample the
image both spatially and spectrally. Here a mosaiced sampling design is illustrated.
The light intensity at the sampled locations is converted to digital values through the
process of transduction. Modelling of this process takes into account the eÆciency
or gain of the sensor array, variability introduced by noise, quantization, and static
non-linearities.

Figure 1.6

color lters over a single sensor array. For such mosaiced designs, the
response of only a single sensor class is available at each pixel. In other
cameras, the distinct sensor classes are produced by using optical techniques to produce multiple images of the scene, each of which is seen
by a separate sensor array. For such full color designs, responses of all
sensor classes are available at each pixel.
The actual digital values at each pixel are related to the light intensity
imaged on that pixel, but a number of factors may make the relationship noisy (10, 11) or non-linear (12, 13). Photon uctuations, sensor
read-out noise, and quantization all produce variability. The intensityresponse relation may be non-linear either because of device physics or
because such a non-linearity is designed into the camera. The nonlinearity may occur either before or after digitization (13).
Simulating a digital camera requires implementing each stage of the
camera model in software. In designing our simulation software, we felt
it was important to use a modular approach. Although we have outlined the basic elements of a camera model, certain camera designs or
simulation applications may require more elaboration. For example, in
applications that focus on lens design, it may be useful to implement
a detailed speci cation of each element in the optical system (14) and
to use numerically intensive numerical ray tracing techniques to simulate the optical performance. In applications where the interest is in
designing sensor arrays themselves, it may be useful to simulate the

Digital Camera Simulation

9

transduction process in more detail. Thus one could include stages that
model the conversion of light energy to analog electrical signals, followed
by stages that model on-chip analog processing, followed by a stage that
models analog to digital conversion (15).
Our camera simulation software speci es a camera at two levels. The
rst level of speci cation is to de ne a camera architecture. This is
done by providing a list of functions that are applied in sequence to the
image data. Each function takes as input a data structure containing
camera parameters and a data structure that describes the image as
simulated up to that point in the processing pipeline. It is the camera
parameter structure that provides the second level of description. Within
a particular architecture, many di erent cameras can be simulated. The
camera parameter structure provides details such as lens focal length,
spatial resolution, sensor spectral sensitivities and quantization precision
that di erentiate one particular camera from another within the context
of a xed camera architecture. In our work, we have found that we rarely
vary the camera architecture but regularly vary the camera parameters
(see Section 5.)
To simulate a camera image from hyperspectral data, it is necessary
to have more information than the scene radiances represented by each
hyperspectral image plane. For example, to correctly account for variation in the distance between the simulated camera and the scene, it is
necessary to know the distance at which the hyperspectral image was
taken and the angular resolution of the hyperspectral camera. Thus we
always specify images using a data structure that provides information
beyond that contained in the numerical arrays that represent intensities
or digital values. For hyperspectral images, this structure provides a
description of the hyperspectral camera used to acquire the image, the
distance to the scene, radiometric calibration data and, if available, the
spectrum of the actual illuminant in the scene. The illuminant specication is not required for the simulation per se, but is useful for the
implementation and evaluation of color image processing methods.
As the image is passed through the simulation pipeline, the information in the image structure changes. For example, the distance and radiometric information of the hyperspectral representation are no longer
necessary, but it is important for subsequent image processing to know
the simulated exposure duration, lens f-stop, and camera distance. Thus
each function in the simulation pipeline modi es both the image data
and the image structure that is required to interpret this data. This
general approach to simulation provides great exibility.

10
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Below we describe in more detail a basic camera architecture and the
individual functions that implement it. We used this architecture to
simulate a Kodak DCS-200 color camera from a hyperspectral image.
3.1

BASIC CAMERA MODEL

We describe our basic camera model in terms of the ve processing
modules that implement its simulation pipeline. These are a) computation of responses for each sensor class at full spatial resolution, b) resampling the image from the hyperspectral resolution to the resolution
of the simulated camera, c) simulation of the camera's sensor mosaic,
d) injection of noise, and e) digitization. This order of operations does
not precisely mimic the propagation of light and electrical signals in the
real camera. For example, the computation of separate sensor class responses occurs physically after (or as) the camera sensors sample the
image. The reason for the reordering is practical. It is computationally
more eÆcient to reduce the number of image planes early in the pipeline
rather than late. This reduction means that the resampling computations need not be applied to every plane of the hyperspectral image. For
our simple model, the reordering does not a ect the result of the computation. If one wanted to simulate the e ects of chromatic aberration,
on the other hand, the stages in the pipeline would have to be reordered.
Such reordering is easily accommodated within the general simulation
framework described above.
Clearly, the hyperspectral image data are themselves digital. For
purposes of simulation, we do not compensate for the e ects of this
digitization. That is, we treat the hyperspectral data as a suÆciently
accurate representation of the scene.
Computation of sensor class responses. Each sensor class is characterized by its spectral sensitivity. To compute the image plane corresponding to a sensor class at the resolution of the hyperspectral image,
we simply compute a weighted sum of the hyperspectral image planes.
For each sensor class, the weight for a given wavelength is the sensor
sensitivity at that wavelength.
This approach assumes that any non-linearities in the camera sensors
occur after the e ects of light at di erent wavelengths have been combined linearly. This assumption is reasonable for human vision (16) and
for many digital cameras (12). It does not require that the overall sensor
response be linearly related to light intensity, as it allows for the possibility of a static non-linearity applied after integration of light intensity
over wavelength.
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In our simulations, we use spectral sensitivities obtained from direct
calibration of a digital camera. Our calibration procedures (17) relate
the linear sensor response to the radiance of a scene for a particular
exposure and camera f-stop. When the camera is calibrated in this
way, the response of a sensor class is independent of the distance of the
camera to the scene. Thus to simulate a particular image, we need only
take into account the simulated exposure duration and f-stop. This may
be accomplished by multiplying the image planes computed as described
above by a single scale factor. The sensor calibration procedures we used
require measurement of camera response to monochromatic lights. When
such lights are not available, other methods may be used to estimate
sensor spectral sensitivities (18, 19).
Geometrical factors and spatial sampling. This stage of the simulation pipeline converts the images at the resolution and size of the
hyperspectral input to the resolution and size of the simulated camera
image. Our calculation assumes that the simulated camera acquires the
image along the same line of sight as the original hyperspectral camera
and that all objects in the scene lie in a plane perpendicular to the line
of sight.
The angular resolution of a camera and its optical system is de ned
as the number of pixels that subtend a unit of visual angle. Given the
distance of the camera to the scene D, and its angular resolution  (in
pixels per degree), we have the following relation between the size X of
an object in the scene and its size in pixels
N on a camera sensor array:
N 
X
(1.1)
2D = tan 2 :
In the simulation, there are two cameras involved: the original hyperspectral camera and the simulated camera. The relation between the
images acquired by these two cameras is illustrated in Figure 1.7, where
uppercase letters denote parameters for the hyperspectral camera and
lowercase for the simulated camera. Using the geometrical relation described above, we obtain the relation between the number of pixels an
image subtends for the hyperspectral image and the number it subtends
for the simulated image:
 D  N 
(1.2)
n = 2 arctan tan
d
2
This relationship de nes the resampling that should be applied to the
hyperspectral image in order to map it onto the simulated image.
This stage of the simulation could also incorporate models of optical
blur and o -axis optical e ects. At present we do not do so.
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Geometrical factors. The gure shows how the same region of a scene
would be imaged on two cameras with di erent angular resolutions placed at di erent
distances from the scene. For illustrative purposes, the two cameras are shown on
opposite sides of the scene.

Figure 1.7

Many color cameras have only one type of sensor at each
location, although other designs are possible. This means that a 1000x1000
RGB camera will typically have 1,000,000 total pixels rather than 3,000,000.
Usually, the arrangement of the di erent sensor types is described by a
small pattern that is repeated across the sensor array. For example one of
the most popular patterns is the Bayer pattern (20), whose arrangement
is shown in Figure 1.6. Our description of a simulated camera includes a
speci cation of the periodic mosaic pattern. After we compute the image
at the simulated resolution for each sensor type, we extract data according to the mosaic pattern. Our simulator also allows for simulation of
non-mosaiced designs. In this case, no extraction is necessary.
Noise. To this stage in the simulation pipeline, the simulated image
is noise free, in the sense that it has been computed deterministically
from the scene radiance. For real cameras, the image will be variable
due to noise. Photon noise, readout noise, variation in camera dark
current, and noise in the analog-to-digital conversion process all distort
the relation between camera data and the ideal values simulated thus
far. In our current simulation, all of these noise sources are simulated by
adding independent Gaussian noise to each simulated pixel value. The
mean and variance of this added noise is chosen to describe the overall
e ect of the various individual noise sources. Obviously, it would be
possible to develop more sophisticated noise models (10, 15).
Digitization. The actual output of digital cameras is digital. The
last stage of our simulation pipeline simulates the analog-to-digital conversion. This quantization precision is speci ed by the number of bits
provided by the A-D converters. For some cameras (e.g. the Kodak
DCS-420), a static non-linearity is applied to the digital values before
Mosaicing.
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they are available to the end-user. Such non-linearities can also be simulated at this stage.
3.2

SIMULATION PERFORMANCE

Figure 1.8 shows a comparison of real and simulated images for a
Kodak DCS-200 color camera. This camera was used to acquire a real
image of a scene. A hyperspectral image of the same scene was acquired using the system described in the previous section. The spectral
sensitivities of the DCS-200 were calibrated by measuring the camera's
responses to a series of monochromatic lights, as described in detail elsewhere (17). The angular resolutions of the hyperspectral and DCS-200
cameras were measured by acquiring images of objects of known size at
known distances. The DCS-200 is known to have three sensor classes arranged in a Bayer mosaic pattern. With this information, we simulated
the output of the DCS-200 using the pipeline outlined above. For the
basic simulation, the simulated and real images were taken at the same
distance from the scene. The gure shows a comparison for the G sensor
class. Since the camera is mosaiced, bilinear interpolation was used to
provide the missing values for both real and simulated images. Visual
comparison shows good agreement between the two images.

Simulator evaluation. The gure shows the G image plane of a real
image acquired with a Kodak DCS-200 color camera and simulation of the same
image obtained from hyperspectral input data. Bilinear interpolation was applied to
create the displayed images from the mosaics of G sensor samples. RGB color images
obtained by processing both the simulated and real images identically are available
on the web (http://color.psych.ucsb.edu/simchapter/).
Figure 1.8

We consider more quantitative comparisons after we discuss the basic
image processing operations necessary to display an image on a color
monitor.
4.

IMAGE PROCESSING

The raw output of a digital camera is not suited to direct display on
a color monitor. First, the image is generally mosaiced, so that color
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information is represented by interleaved samples in a single image plane.
A demosaicing operation must be applied before the color image can be
viewed. Second, because the spectral sensitivities of the camera's sensor
classes do not match those of the human visual system, applying a color
balancing algorithm to the camera's output will generally improve the
delity of the displayed image. Third, even after color balancing, it is
necessary to adjust the image values to take into account the calibration
of the target monitor. We refer to this nal step as color rendering. The
division between color balancing and color rendering is not always clear,
as some algorithms combine both functions into a single operation. The
sequence of operations typically applied to a camera's output is shown
in Figure 1.9. Other operations could also be applied. These include,
for example, denoising and deblurring.
Demosaicing

Camera
Image

R

G

R

G

G

B

G

B

R

G

R

G

Balancing

Rendering

Displayed
Image

Image processing pipeline. Demosaicing. Typical camera images are mosaiced and a demosaicing algorithm is applied to estimate the missing sensor responses
at each pixel. The gure shows the Bayer mosaic pattern. Balancing. Since the sensor
spectral sensitivities of a typical digital camera are not generally matched to those
of the human visual system, color balancing can improve the delity of the nal displayed image. The gure shows the spectral sensitivities of the Kodak DCS-200 and
those of the human cones. Both sets of sensitivities are used in color balancing. Rendering. The rendering step takes the properties of the target monitor into account.
The gure shows the spectral power distributions of typical monitor phosphors.
Figure 1.9

In the following sections we review some basic approaches to each
processing step.
4.1

DEMOSAICING

Since the displayed image must provide a color value for each pixel,
the missing values need to be computed from the known values.
3

3 For non-mosaiced camera designs, this step is not necessary.
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The most straightforward approach to demosaicing is to handle each
sensor class separately. In this case, demosaicing becomes a matter of
applying an interpolation algorithm that can handle samples that are
not on a rectangular grid. A simple choice is to apply bilinear interpolation separately to the data from each sensor class. This is the baseline
interpolation algorithm implemented in our simulator. Note that to apply linear interpolation, we must have access to the mosaic pattern of the
camera. For this reason, our image processing pipeline takes the same
data structures as the camera simulation pipeline. Indeed, there is no
formal distinction between routines that simulate camera function and
routines that apply processing operations to camera data. In each case
both the input and output are images, and in each case the processing
algorithm may modify the structure that describes the image data. For
example, the demosaicing routines modify the structure to indicate that
full color information is now available in the image.
Although straightforward, applying an interpolation algorithm separately to each sensor class can result in serious artifacts, especially in
image regions of high spatial frequency (see Figure 1.10 for an example).
More sophisticated approaches to demosaicing are possible. One reason interpolating separately on each image plane is not optimal is that
such procedures do not take advantage of the information that responses
in one sensor class provide about responses in another. For a typical color
camera, there is a fairly high correlation between the responses of the
di erent sensor classes. This is illustrated in Figure 1.11 where the red
sensor responses for a sample image are plotted against the green sensor
responses for a Kodak DCS-200 color camera.
The fact that there is a high correlation between the responses of
di erent sensor classes suggests that better demosaicing may be achieved
by using an algorithm that treats all of the sensor classes simultaneously.
A number of methods for doing this have been proposed (21, 22, 23,
24, 25). Freeman's method (21) is based on heuristics that eliminate
color artifacts near luminance edges. Brainard and colleagues (24, 25)
developed a Bayesian method that estimates missing pixel values based
on neighboring values in both space and color. The simulator provides
a tool for comparing the performance of these algorithms.
4.2

COLOR BALANCING AND COLOR
RENDERING

Given a demosaiced image, we would like to display the image on a
monitor so that its appearance is similar to that of the original scene.
To understand how this may be done, we start with the case where the
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Color artifacts due to independent interpolation. Consider an image that
consists of a thin green stripe on a white background. The thickness of the stripe
when imaged on the camera's sensor array is equal to the size of one pixel. This is
illustrated on the left of the grayscale gure by the middle gray stripe. The camera
contains three interleaved sensor classes. The locations of the sensors are indicated in
the second column of the gure, with sensor presence indicated by white and sensor
absence indicated by black. The third column shows the demosaiced sensor responses
to the scene. White image regions are seen by all the red pixels. For this reason, the
output of all the red pixels is uniformly high. Similarly, green pixels see either white
or green image regions and so their output is also uniformly high. Blue pixels, on
the other hand, are not driven by the green stripe and their output is uniformly low.
Applying interpolation to uniform samples yields a uniform output for each sensor
class, with the red and green outputs being high and the blue output being low. The
resulting reconstruction of the green stripe is thus a yellow uniform eld, which is
distorted both in terms of its spatial structure and in terms of its color. Although
this example was tailored to produce an artifact, the type of e ect illustrated is
common for real cameras. The web site (http://color.psych.ucsb.edu/simchapter/)
shows a color example from a simulated image to which bilinear demosaicing has
been applied. A color version of this gure is also available on the web.

Red

Figure 1.10

Green

Correlation of red and green sensor responses. The gure plots the
red response at each pixel against the green response at the same pixel. Data were
obtained by simulating a non-mosaiced version of the Kodak DCS-200 from hyperspectral input. It is clear the responses of the two sensor classes are highly correlated.
Figure 1.11
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camera's sensors have the same spectral sensitivities as the cone photoreceptors in the human eye. In this case, the camera data tell us how
strongly the light from the scene would have stimulated the cones had
an observer been viewing the same scene. To produce a colorimetrically
accurate rendition of the camera data, a reasonable principle is to set the
monitor inputs so that the emitted light produces the same e ect on the
camera's sensors as did the original scene. This principle is illustrated
in Figure 1.12 and is fairly straightforward to achieve. Note that for this
principle to work perfectly, the original scene and rendered image must
be viewed in the same context. This ensures that the visual system is
in the same state of adaptation when the two images are viewed.
Real
Scene

Displayed
Image

Basic rendering principle. Set the monitor image so that it has the same
e ect on the camera as did the original scene. When the camera's spectral sensitivities
are within a linear transformation of those of the human cones, this principle produces
an image that is colorimetrically correct for a human observer.
Figure 1.12

The spectrum emitted at a particular monitor pixel is obtained from
the monitor settings at that pixel and the characteristic spectrum of
each monitor phosphor. Thus, the linear response (before digitization)
produced by in each camera sensor class is given by the following matrix
equation:
rC = TC BM wM
(1.3)
In this equation, rC is a column vector containing the responses of each
sensor class, wM is a column vector containing the monitor settings, TC
is a matrix whose rows specify the camera sensor spectral sensitivities at
a set of discrete sample wavelengths, and BM is a matrix whose columns
specify the spectral power distribution of each monitor phosphor at the
same sample wavelengths. Thus the column dimension of TC and the
row dimension of BM are equal to the number of wavelength samples
N used to discretize spectral functions. The use of a vector or matrix
representation for this sort of calculation is becoming standard in computational colorimetry (26). In Equation 1.3 we assume that the spacing
between wavelength samples has been folded into the units that specify
light power.
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To produce stimuli on the monitor that will look the same to the
camera as did the original scene, we invert the matrix equation given
above. Thus, given a camera response, the corresponding pixel settings
on the monitor are given by the following:
wM = (TC BM ) rC
(1.4)
Note that the wM represent linearized monitor settings, rather than
the actual digital values stored in the display hardware. CRT monitors
produce output for each phosphor whose intensity is not linearly related
to the input voltage, thus giving a non-linear relation between output
light intensity and digital setting. Correcting for this non-linearity is
referred to as gamma correction and is easily accomplished by table
lookup (27).
The approach described above provides a baseline rendering algorithm. It can be shown that this algorithm will produce a colorimetrically correct rendering when the camera's sensor spectral sensitivities
are within a linear transformation of the spectral sensitivities of the human cones (8, 28, 26). Although the algorithm may still be applied when
this condition does not hold, it will not in general produce a colorimetrically correct rendering (8, 28, 26). It is useful, therefore, to explore
more sophisticated algorithms that take the camera sensitivities, the sensitivities of the human cones, and statistical properties of the scene into
account. One general approach is to use the camera data to estimate
how the human cones would have responded had they viewed the original scene. Once this estimate is in hand, the basic rendering algorithm
described above may be applied using the estimates rather than the raw
camera data as input.
A complete review of balancing and rendering is beyond the scope of
this chapter. It is instructive however, to review one line of thinking
that has emerged from consideration of the computational problem of
color constancy (29, 26, 30, 18, 31). In this approach, the camera data
are rst used to estimate the illuminant spectral power distribution and
surface re ectance functions of the scene. These in turn are used to
predict how the human cones would have responded to the same scene.
The key idea that makes this approach possible is that in natural scenes,
illuminant spectral power distributions and surface re ectance functions
may be represented using small-dimensional linear models.
For xed viewing geometry, the spectral power distribution of the
light reaching the camera is obtained by the wavelength-by-wavelength
product of the illuminant power e and surface re ectance spectra s.
Here again we use column vectors to represent discretized versions of
the underlying spectral functions. Thus if c is the spectral power distri1
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bution of the light reaching the camera, c = diag(e)s, where the function
diag(x) produces a diagonal matrix with the entries of x as the diagonal

elements.
Consider a collection of surface re ectances si. If we can de ne a N
by Ns matrix Bs such that each si may be written as:
si = Bs wi
(1.5)
where wi is an Ns-dimensional column vector, then we say that the
surfaces si lie within an Ns-dimensional linear model. The columns of
Bs may be regarded as functions of wavelength and are called the basis
functions of the model. Analyses of measured surface re ectance spectra
indicate that naturally occuring surfaces lie within small-dimensional
linear models and that a reasonable approximation may be obtained
when the dimension is as small as three (32, 33, 34, 35). It also appears
that naturally occuring illuminant spectra lie within small-dimensional
linear models (36, 37).
Suppose that we know the illuminant spectral power distribution e
and also that the surface re ectances lie within a three-dimensional linear
model. Then the light reaching the camera may be obtained as
c = diag(e)Bs w:
(1.6)
If we take the camera sensors TC into account, we have
rC = TC diag(e)Bs w = Mw;
(1.7)
where M is a three-by-three matrix. We can invert this equation to
obtain w from rC . Given the surface weights, we can then synthesize
how the human cones would have responded to the same scene through
Eq. 1.3 with TC replaced by TH , the spectral sensitivities of the human
cones. This synthesized cone image may then be passed to the basic
rendering method described above.
Of course, in many practical applications, the illuminant is not known.
A number of algorithms have been developed for estimating the illuminant from camera data (38, 39, 40, 41, 29, 30, 18, 31). By applying one
of these algorithms to obtain an illuminant estimate, we substitute this
estimate in the procedure described above.
Also note that when computing the human cone responses, it is not
necessary to re-render the surfaces with respect to the same illuminant
that was present in the scene. If the illuminant under which the image was acquired is biased away from daylight, a more pleasing result
may sometimes be obtained by re-rendering with an illuminant closer
to daylight. Such re-rendering may be particularly e ective if there are
di erences in the viewer's state of adaptation as the original scene and
the rendered image are viewed. These might be expected to occur, for
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example, if the monitor is viewed in a room where the illuminant di ers
markedly from that of the original scene. Methods for taking adaptation into account as part of color balancing and rendering are a topic of
active research interest. One approach to this problem is to incorporate
a color appearance model (42, 43) into the balancing algorithm (13).
4.3

EVALUATION OF IMAGE QUALITY

Camera simulation enables comparison of di erent camera designs
and processing techniques. But to make the evaluation quantitative we
need an image quality metric. One approach is to compare images in the
camera sensor representation. Such an approach has the advantage that
it may be used without the necessity for color balancing and rendering.
On the other hand, this approach will not work when comparing the
performance of cameras with di erent sensor spectral sensitivities, nor
is it likely to capture image quality as judged by a human observer. An
alternative, which we favor, is to compare images as they are rendered for
display. Rendered images have the feature that their e ect on the human
visual system may be computed, as they are speci ed in terms of the light
reaching the eye from a monitor at each image location. Working with
rendered images allows us to compare the output of di erent cameras
and processing algorithms in a common representation. It also allows us
to take advantage of image di erence metrics that have been developed
for human vision.
S-CIELAB image metric. The development of metrics suitable for
comparison of color images is an area of active research. For our work
here we use the CIELAB color metric when we consider uniform image regions and the S-CIELAB metric when we consider comparisons of
images.
The CIELAB metric was introduced by the Commission Internatio
nale de l'Eclairage
(44) in order to standardize speci cation of color
tolerances or color di erences. Although its correlation with perceptual
judgements is not perfect, it is a reasonable choice when the in uence of
image spatial structure on perceived color is small (43).
The S-CIELAB metric is an extension of CIELAB that takes image
structure into account (45, 46). The S-CIELAB calculation takes as
input two images and produces as output a di erence image whose magnitude indicates the perceptual di erence at each pixel. This di erence
image may be summarized by the mean di erence taken over pixels.
Note that the S-CIELAB metric is designed to take spatial structure
into account when evaluating the perceptual magnitude of color di e-
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rences, not to evaluate the perceptual magnitude of spatial di erences
between images.
Both CIELAB and S-CIELAB metrics are designed to work on inputs
where color information is provided in terms of 1931 CIE XYZ tristimulus coordinates. We obtain these values by converting images rendered
for a monitor to XYZ coordinates. For the basic rendering method this
means that the XYZ values depend on the choice of monitor primaries
if the original camera sensors were not within a linear transformation of
the color matching functions. This dependence is a fundamental feature
of the basic rendering algorithm, in the sense that the output of this
algorithm itself depends on the primaries of the target monitor. Here
we use primaries obtained from measurements of an Apple 20" monitor
in our lab.
In evaluations of image quality, we have not taken potential di erences
in image size into account. That is, we are implicitly assuming that any
di erences in image size between the original scene and the rendered
image may be neglected.
As an example where an image metric is useful, we can evaluate the
di erence between the real and simulated images shown in Figure 1.8.
That gure shows that the spatial structure of the real and simulated
images is quite similar. Recall that the S-CIELAB metric, however, is
not designed to evaluate the perceptual e ect of the small di erences
in spatial structure that are inevitable between the real and simulated
images. To compare the color di erences between these two images, we
computed a block average of the real and simulated images and then applied the CIELAB color metric independently to each block. Figure 1.13
shows a histogram of the CIELAB E errors obtained in this way. The
median E error is 6:0. For comparison, just noticeable di erences
under optimal comparison conditions correspond to a range of E values of between 0.4 and 5 with a mean value of about 2 (43). Thus our
simulation errors are likely to be perceptible, but not highly so. We regard the agreement between real and simulated images as quite good. A
number of factors may contribute to the error. First, the hyperspectral
data itself is not perfectly accurate, particularly in the luminance dimension (see Figures 1.4 and 1.5). Second, our simulation pipeline does
not include terms for o -axis e ects in the simulated camera. Finally,
the real camera's spectral sensitivities may diverge from the estimates
we obtained.
Note that for purposes of evaluating camera and algorithm performance, it is not crucial that the agreement between real and simulated
images be perfect. Rather what is important is that the simulation ac-
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curately model the e ect of camera design and algorithm variation on
the output image.
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Numerical comparison of real and simulated images. The histogram
shows the CIELAB E errors obtained between the real and simulated images shown
in Figure 1.8. The CIELAB di erences were obtained from block averaged versions of
the two images. The block size was 50 pixels by 50 pixels. Before block averaging, the
small spatial di erences between the two images were further minimized by applying
our image registration algorithm (see Section 2.) The median E error is 6:0.
Figure 1.13

Generation of a comparison image. For some applications, it is
useful to establish an ideal image against which rendered images may be
compared. For this purpose, we simulate a non-mosaiced camera that
has sensor spectral sensitivities matched to those of the human visual
system. This produces an image that has the same spatial resolution as
the camera image but that does not contain mosaic or color correction
artifacts. In the context of the camera simulator, producing such an
image is straightforward. We simply specify a camera with the appropriate sensors and without mosaicing. For the examples reported in this
chapter, the ideal image is computed without added noise but with the
same 8-bit quantization as used in the simulated cameras. It is possible
to consider ideal images with ner quantization or higher spatial resolution, but we do not do so here. Note that it is possible to compute
the ideal image because we start with hyperspectral rather than RGB
image data.
There are a number of standard color spaces that may be used to
represent the response of the human visual system. For example, we
can compute the CIE 1931 tristimulus coordinates at each pixel of the
image. This system of colorimetry is based on a large set of trichromatic
color matches. Alternatively, we can represent the image in terms of
the responses of the L, M, and S cone photoreceptors. This system
of colorimetry is based on our understanding of the physiological basis
for trichromacy. For our purposes, either system is acceptable, since
the L, M, and S cone spectral sensitivities are well-approximated by a

Digital Camera Simulation

23

linear transformation of the CIE 1931 color matching functions. In the
examples below we use the LMS system to produce the ideal images.
5.

EXAMPLES

In this section, we provide two simple examples to illustrate how the
simulator may be used. In the rst example, we consider the e ect of
varying the camera sensor spectral sensitivities on image quality. In
the second example, we compare the eÆcacy of two mosaicing architectures. One uses three sensor types arranged in a Bayer mosaic pattern.
The other uses four sensor types arranged in a rectangular grid. The
examples are intended to be illustrative rather than de nitive.
E ect of sensor choice. In the previous section, we discussed two
methods of rendering a camera image on a color monitor. The rst
method (baseline) produced an image on the monitor that has the same
e ect on the camera as the original scene (see Figure 1.12). Given a
particular target monitor, how the human visual system would have responded to the rendered image may be computed from the monitor's
output. The second method (illuminant-based) takes advantage of additional information about the illuminant to estimate the spectral properties of the surfaces in the scene and then uses the estimate to predict how the human visual system would have responded to the original
scene. The monitor image is then computed to produce this same response. To implement the illuminant-based method, we used a direct
measurement of the scene illuminant. For many applications such a measurement would not be available and it would be necessary to estimate
the illuminant from the image data.
Here we compare the performance of these two methods as a function
of the camera's spectral sensitivities. When the camera's sensors are
within a linear transformation of the human cone spectral sensitivities
and there is no noise, it can be shown that the two rendering methods
both yield a perfect match to the comparison image (8, 28, 26). As the
camera's sensor spectral sensitivities diverge from those of the human
cones, the two methods give di erent results from each other and, in
general, do not match the comparison image.
We use a simple one parameter method to vary the camera spectral
sensitivities. Let Rh(), Gh(), and Bh() be the spectral sensitivities
of the human cones. Let Rc(), Gc(), and Bc() be the spectral sensitivities of the Kodak DCS-200 color camera, as measured by Vora et al.
(17). We obtain a one parameter family of spectral sensitivities R(; ),
G(; ), and B (; ) by mixing: R(; ) = (1 )Rh () + Rc () and
similarly for G(; ) and B (; ), where 0   1.
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We chose a series of values for in the range [0; 1] and simulated the
output of a camera with the corresponding spectral sensitivities. The
simulated camera spatial parameters were those of a Kodak DCS-200,
so that simulated image had the spatial structure shown in Figure 1.8.
In each case, we rendered the image with each of the two algorithms
discussed above. For the illuminant-based method, we used a threedimensional linear model for surfaces computed from measurements of
the re ectance spectra of Munsell papers (47, 48, 33, 34). For rendering
purposes, we used calibration data for an Apple 20" color monitor. Both
the camera and the monitor were taken to have a precision of 8-bits per
pixel. We examined the no noise case and two levels of simulated noise.
The standard deviations of the Gaussian noise were 2 and 5 units in a
representation where the camera range was 0-255. Monitor output was
converted back to an image with respect to the human visual system.
We computed the mean S-CIELAB error between the rendered image
and a noiseless comparison image generated as described above.
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S-CIELAB error for two rendering methods. The left panel shows the
S-CIELAB error for the baseline rendering method. The right panel shows the SCIELAB error for the illuminant-based method. Each panel plots error as a function
of . For = 0 the camera's sensors match those of the human visual system. For
= 1 the camera's sensors match those of the Kodak DCS-200. Intermediate values
of correspond to mixtures of the two sets of sensors. Individual curves correspond
to di erent levels of simulated noise (standard deviations: 0, 2, and 5).

Figure 1.14

Figure 1.14 plots the mean S-CIELAB error as a function of for
the two methods and di erent noise levels. For = 0, both methods
provide perfect performance in the no noise case. This is because for
= 0 the camera sensors have the same spectral sensitivities as the
human cones and both methods are guaranteed to produce the correct
result. As increases, the deviation between the camera's sensor spectral sensitivities and the human cones increases. We see that in both
cases the reproduction error goes up. The illuminant based method is
slightly less sensitive to divergence in sensor spectral sensitivities from
those of the human visual system. The same basic relation between the
two rendering methods is observed when the images are noisy. Interest-
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ingly, the function relating image quality to is not monotonic when
noise is added. We have not explored this e ect further.
Although the illuminant-based rendering method provides performance
superior to that of the basic method, note that the illuminant-based
method requires additional information, namely the spectral power distribution of the illuminant. In the present example, that information was
available. For more general application, it is necessary to estimate the
illuminant from the image data. This estimation step will presumably
introduce additional rendering error. Exploring the eÆcacy of illuminant
estimation algorithms is one of our goals for future work.
E ect of varying the mosaic. Typical color cameras have three
classes of color sensor. This number is often justi ed on the grounds that
human vision is itself trichromatic. As the example above illustrates,
however, if the camera sensors are not within a linear transformation
of the human cones, color reproduction error is introduced. Intuitively,
this error can be reduced by using more than three sensor classes, as
this increases the spectral information available in the camera image.
For a mosaiced design, however, the increase in spectral information is
purchased at a cost of reduced spatial information for each channel, as
four sensors must be packed into the same area as are three for the RGB
design.
4

3

3

1

Visible Spectrum

Spatial and spectral patterns used for comparison. In one case (left
panels) four sensor classes, whose spectral sensitivities span the visible spectrum with
gaussians sensitivities of 27 nm standard deviation, are packed on a regular square
grid. From left to right we refer to these as sensor classes 1, 2, 3, and 4. In the other
case (right panels), three sensor classes are packed in a Bayer pattern, the second
sensor class (2), whose spectral sensitivity was centered on 520 nm, is not used.

Figure 1.15

To better understand this tradeo , we compare the performance of a
three sensor and four sensor design. In each case, we chose sensors with
Gaussian spectral sensitivities with standard deviation of 27 nm. The
three and four sensor spectral sensitivities are shown in the right and
left panels of Figure 1.15. For the three sensor design, we packed these
sensor types using the Bayer pattern. For the four sensor design we used
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a regular square grid (see Figure 1.15). We then simulated each camera
and demosaiced the output using a Bayesian algorithm developed by
Brainard and colleagues (24, 25). The Bayesian demosaicing algorithm
takes advantage of correlations between the responses of di erent sensor
classes. For images whose statistics are Gaussian and known, it produces
an optimal (in the expected squared error sense) reconstruction from an
arbitrary mosaic pattern. Although real images are not described by
Gaussian statistics (49) the algorithm still provides reasonable performance. In applying the algorithm, the image statistics are obtained by
analyzing the distribution of sensor responses in a bilinearly demosaiced
version of the image. After demosaicing, we rendered the images using
the illuminant based method described above. For the four sensor design, a four rather than three dimensional linear model for surfaces may
be used with this algorithm.
Table 1.16 shows the mean S-CIELAB error for the two designs as
a function of the simulated noise level. We see that for this image,
the four sensor design provides lower error than the three sensor design
for low noise, but that when the noise level increases the three sensor
design provides better performance. At low noise levels, the extra color
information provided by the fourth sensor presumably dominates the loss
of spatial information that results from the addition of a fourth sensor to
the mosaic pattern. At higher noise levels, mosaic artifacts become more
important and the three sensor design does relatively better. We note
that this is a preliminary evaluation. Tailoring demosaic and rendering
algorithms precisely to the image statistics and noise level is a subtle
matter and it is possible we have not yet optimized all of the demosaicing
parameters. Still, the example illustrates the types of questions we can
ask and the sorts of answers we can obtain through simulation.
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S-CIELAB error for two di erent mosaic patterns and sensor sets. As
described in the text, the table provides the S-CIELAB error for two camera designs
at several noise levels.

Figure 1.16
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DISCUSSION

In this chapter, we described our hyperspectral imaging system and
showed how hyperspectral data may be used to predict how a real digital
camera would have responded to the same scene. To do so, we developed
a basic camera model. Although the model is simple, it is suÆciently
accurate to provide satisfactory agreement between real and simulated
images. We also discussed the image processing steps required to render
camera data on a display device.
Simulation of digital cameras is useful for evaluating camera designs
and image processing algorithms. To make this point, we compared the
peformance of two color rendering algorithms as a function of camera
sensor spectral sensitivities and noise level. We also compared performance of three and four sensor camera designs. The examples serve to
illustrate the type of questions that may be addressed using the camera
simulator.
A number of interesting directions remain for future research. First is
the development of more sophisticated camera models. In our view, the
most important extension is to model the individual components (lens,
sensor chip) of the camera at a more microscopic level. This should lead
to more accurate simulation of geometric e ects and better models of
camera noise. See (15, 14) for descriptions of how such modelling might
proceed. Extensions of this sort will be necessary before we can address
questions such as how, for xed sensor array size, the improvement in
signal-to-noise ratio obtained by increasing pixel size trades o against
the loss of resolution caused by the same change.
We would also like to improve our hyperspectral imaging system. The
main limitation of the system described here is that it is very slow. This
is both because lters must be inserted manually in the optical path and
because the particular CCD camera we use requires fairly long exposure
times. With our current system, it takes about one hour to acquire a
hyperspectral image. Thus we can only take images of indoor scenes
containing inanimate objects. We are working to develop a system that
can acquire similar data in one minute or less. With the new system we
hope to be able to acquire images of natural outdoor scenes.
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