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ABSTRACT

Simulation of the imaging pipeline is an important tool for the design and evaluation of imaging systems. One of
the most important requirements for an accurate simulation tool is the availability of high quality source scenes.
The dynamic range of images depends on multiple elements in the imaging pipeline including the sensor, digital
signal processor, display device, etc. High dynamic range (HDR) scene spectral information is critical for an
accurate analysis of the effect of these elements on the dynamic range of the displayed image. Also, typical digital
imaging sensors are sensitive well beyond the visible range of wavelengths. Spectral information with support
across the sensitivity range of the imaging sensor is required for the analysis and design of imaging pipeline
elements that are affected by IR energy. Although HDR scene data information with visible and infrared content
are available from remote sensing resources, there are scarcity of such imagery representing more conventional
everyday scenes. In this paper, we address both these issues and present a method to generate a database of
HDR images that represent radiance fields in the visible and near-IR range of the spectrum. The proposed
method only uses conventional consumer-grade equipment and is very cost-effective.

1. INTRODUCTION

Software tools that allow simulation of the digital imaging pipeline are invaluable in the design and analysis
of imaging systems and the evaluation of image quality. Some tools are available that permit simulation of
all the elements of a typical imaging chain including the optics, sensor, image processing, color transforms,
and display (e.g., image systems evaluation toolkit (ISET)1). The dynamic range of an image depends on the
dynamic ranges of multiple components of the imaging pipeline including the sensor, signal processor, ADC,
display device, etc. For simulations that are consistent with real world values and that will allow for accurate
quantitative comparisons of simulation results against real world data, it is critical to have scene data that is
accurate and of a sufficiently high dynamic range. High dynamic range (HDR) scene data also enables the
simulation and design of HDR rendering and tone-mapping algorithms.2

400 500 600 700 800 900
0

0.2

0.4

0.6

0.8

1

Wavelength (nm)

N
o

rm
al

iz
ed

 r
es

p
o

n
se

Visible range

Infrared
 range

Figure 1. Normalized response of a
typical photodetector shown as a
function of wavelength.

Another important feature in scene data that is typically neglected in the
context of image quality evaluation is the presence of energy in the IR regions
of the spectrum. Typical photodetectors are Si-based semiconductor devices
and the nature of the technology leads to sensors that are sensitive in both the
visible and infrared regions of the spectrum. Figure 1 shows the spectral re-
sponse of a typical photodetector. Note that the photodetector has significant
response up to about 950 nm. This infrared energy is not visible to the human
visual system (HVS) and causes problems with accurate color reproduction.
Digital imaging systems designed for the consumer market typically use an IR
blocking filter or “hot-mirror” to protect against the deleterious effects of IR
energy on color accuracy. Scene spectral information with support across the
sensitivity range of the imaging sensor is required for the analysis and design
of imaging pipeline elements that are affected by IR energy.

In this paper, we address both these issues (HDR and IR-range data) and
present a method to generate a database of HDR images that represent radiance fields in the visible and near-IR
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range of the spectrum. Many methods to generate multispectral scenes have been proposed in the literature.3–6

These methods can be broadly classified into two main categories: The first category includes methods that use
tunable liquid crystal filters to capture narrow-band ranges of the spectrum. Tominaga and Okajima3 describe
such a system that uses a birefringent filter which is tuned to pass 21 different narrow bands in the range 400–
700 nm. These 21 images are then used to estimate both the reflectance and illuminant fields. The primary
drawback of such methods is the high cost of equipment. The second category includes methods that use a
number of optical filters in conjunction with a monochromatic camera to capture several spectral bands across
the spectrum range. These methods rely on linear models of reflectances to reconstruct spectra from a limited
number of samples acquired with a monochromatic sensor and broadband optical filters. Imai et al.6 compare
the spectral reconstruction performance of a trichromatic camera used in conjunction with several optical filters
when the reconstruction is carried out in different color spaces. This second approach is attractive since it uses
conventional imaging equipment and is very cost-effective. We propose a method to acquire multispectral images
in the visible and infrared ranges using a consumer grade digital SLR (Nikon D200) in conjunction with a few
commonly available optical filters.

2. SPECTRAL RECONSTRUCTION AND LINEAR MODELS

Spectral radiances are energy distributions expressed as a function of wavelength. A radiance x(λ) is typically
considered to have support in the range 400 ≤ λ ≤700 nm, which corresponds approximately to the visible range
of wavelengths. Radiance functions may be discretized as finite-dimensional vectors and an N may be found
such that a vector x ∈ R

N well models a radiance.7 It is typical to sample the visible range of wavelengths
at every 10 nm such that N = 31. Further, it has been shown that most natural radiances are fundamentally
lower-dimensional signals,8,9 in that they can be approximated in a k-dimensional subspace such that k � N .
A radiance vector may then be found as a linear combination of the k basis vectors of this subspace.10

In our application, we also include the near infrared region and consider reflectances with support in the
range 380 ≤ λ ≤1070 nm. We have collected a set of spectral measurements (> 1200 measurements) using a
spectraradiometer (Photo Research∗ PR-715) that measures radiance spectra in the interval [380, 1068] nm at
every 4 nm. This instrument gives us discretized measurements of scene radiances in the form of length 173 vec-
tors. Spectral reflectance measurements are found by dividing the illuminant SPD (also measured using the same
measurement on a pressed Halon target) from the radiance measurements. Let X be this set of reflectance mea-
surements; X has measurements of various types of objects including standard color test charts (GretagMacbeth
ColorChecker rendition chart and Colour Test Chart for Scanners (S:IEC 61966-9) model TE221 manufactured
by Image Engineering†), plastic objects, fabrics, paint swatches, vegetation, fruits, common illuminants, skin,
etc. We assume that X is representative of all reflectances that we are interested in measuring.

We have elected to use a three color digital camera in conjunction with a set of optical filters to measure
scene reflectances. The digital camera used for our experiments is a Nikon D200 digital SLR camera that has
been modified by removing its IR-blocking filter. The image sensor used in this camera is a 10.2 Megapixel CCD
overlaid with a color filter array (CFA) arranged in the Bayer pattern in an RGGB configuration.

The experimental camera measures three distinct wavelength ranges. The sensor-array is overlaid with color
filters that are sensitive in the red, blue, and green ranges as well as in the IR band. The signal acquired at the
three channels at a particular pixel, ci, i = R,G,B, may be modeled as

ci =
∫ λ2

λ1

si(λ)x(λ) dλ + ηi, i = R,G,B (1)

where si(λ) is the sensitivity of the ith color channel as a function of wavelength; si(λ) takes into account both
the sensitivity of the detector and the efficiency of the color filter. x(λ) is the irradiance at the pixel, and ηi is
the measurement noise. The camera is sensitive in the wavelength range (λ1, λ2). We have found experimentally
that λ1 ∼ 380 nm and λ2 ∼ 1100 nm. The intensity measured at each color channel is then the inner product

∗Photo Research Inc., 9731 Topanga Canyon Place, Chatsworth, CA-91311, USA
†Image Engineering Dietmar Wüller, Augustinusstrasse 9d, 50226 Frechen, Germany
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〈si(λ), x(λ)〉, and the signal acquired by the camera for a particular pixel with reflectance x(λ) is the projection
of x(λ) to the space spanned by si(λ), i = R,G,B.

In the discrete form, the signal acquired at each pixel is described by the matrix-vector equation

c = ST x, (2)

where {.}T denotes matrix transpose. The spectrum is sampled N times; x ∈ R
N is the sampled radiance

spectrum of the measured pixel, the columns of S ∈ R
N×3 are the vectors si ∈ R

N that contain samples of
the sensitivity functions, and c ∈ R

3 has the measured camera-RGB tristimulus values. camera-RGB space is
then the subspace of R

N spanned by the columns of S. Since we have assumed that X contains all possible
scene radiances of interest, we can state that radiances may only be recovered perfectly from camera-RGB data
if span(X) ∈ span(S).

It is of course unreasonable to assume that all radiances in X reside in the subspace span(S). We aim to
improve the capabilities of the camera by augmenting camera-RGB space by using some optical filters. Instead
of one acquisition that yields 3 color measurements we will make multiple acquisitions with k different optical
filters attached to the camera to yield a total of 3k color measurements at each pixel. Let f i ∈ R

N , i = 1, · · · k,
be the transmittance functions of the k different optical filters. The augmented camera space is then given by
span(SF ), where

SF =
[

F 1S F 2S · · · F kS
]
, (3)

where SF ∈ RN×3k and Fi, i = 1, · · · k are diag(fi). The signal acquired at each pixel due to a radiance x is
now the augmented color vector

ca = SF
T x (4)

The condition for accurate estimation of spectra from color measurements c ∈ R3k is that span(X) ∈ span(SF ).
It is helpful to observe the effective dimensionality of X. For the elements of X, the eigenvectors of its

correlation matrix Rxx corresponding to the largest eigenvalues are the principal components that may be
used to approximate any element in x. Eigenvectors associated with the trailing eigenvalues correspond to the
directions along which x exhibits least variance. This information is redundant in describing x and may be
discarded. The first four principal components of X found using the procedure detailed above are shown in
Fig. 2(a). For the elements of X, the energy associated with each direction is related to the corresponding
eigenvalue. Figure 2(b) shows a representation of the cumulative energy as a function of number of principal
components. It is clear that most of the energy of X is concentrated along a limited number of directions (>
99% in 6 components and > 99.9% in 8 components). We choose to retain only the first K columns of P ; let the
matrix thus formed be denoted by P K . An approximation of an element of X may be obtained as x̂ = P Ky.

Figure 2(c) shows three reflectances from X and the corresponding estimates of reflectances obtained by
using K = 8. A very close correspondence between original and estimated reflectance is seen from the plots. In
fact, for a normalized error measure defined as

∆X = 10 log10

(
E

{||x − x̂||2}
E {||x||2}

)
, (5)

where x is an element of our data set and x̂ is its approximation obtained with P K , the estimation errors
with K = 6 and K = 8 are -38.4934 dB and -60.7310 dB respectively. These experiments establish that the
space spanned by typical reflectances may be very well approximated by a lower dimensional subspace. The
feasibility of camera-RGB measurements for accurately estimating reflectances may be reduced to the condition
that span(P K) ∈ span(S) and we may proceed with the task of deriving the K directions that will yield the
best approximation to the elements in X.

3. SPECTRAL MEASUREMENTS WITH A TRICHROMATIC CAMERA
To be able to accurately measure reflectances from X, we need to find the set of k optical filters that yields an
SF which is in some sense at a minimum distance from X. In this section we define a measure of goodness for
such a set of optical filters and find the best set from the optical filters available to us.
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