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Abstract

Traditional RGB reflectance and light data suffers from the problem of metamerism and is not suitable for ren-
dering purposes where exact color reproduction under many different lighting conditions is needed. Nowadays
many setups for cheap and fast acquisition of RGB or similar trichromatic datasets are available. In contrast to
this, multi- or even hyper-spectral measurements require costly hardware and have severe limitations in many
cases. In this paper, we present an approach to combine efficiently captured RGB data with spectral data that
can be captured with small additional effort for example by scanning a single line of an image using a spectral
line-scanner. Our algorithm can infer spectral reflectances and illumination from such sparse spectral and dense
RGB data. Unlike other approaches, our method reaches acceptable perceptual errors with only three channels
for the dense data and thus enables further use of highly efficient RGB capture systems. This way, we are able
to provide an easier and cheaper way to capture spectral textures, BRDFs and environment maps for the use in

spectral rendering systems.

Categories and Subject Descriptors (according to ACM CCS):

Generation—Digitizing and scanning

1.3.3 [Computer Graphics]: Picture/Image

1. Introduction

Photo-realistic rendering is of great importance in many
parts of the industry for the use in virtual prototyping, vir-
tual showrooms or advertising. Here, spectral rendering sys-
tems have become more and more commonplace (e.g. [Ran],
[Nex]) especially in certain fields like architecture where
color correct rendering is of special interest. Moreover, the
quality of rendered images has been substantially improved
by measuring optical material properties and lighting condi-
tions. But until now, these datasets are usually only available
in RGB or similar trichromatic representations limiting the
use in spectral rendering systems.

Unfortunately, spectral light and reflectance capture is a
very tedious task due to several physical limitations. Of
course, capturing the spectra of simple light sources or of
homogeneous and diffuse surfaces is not difficult any more
because even handheld devices exist for that purpose. How-
ever, as soon as complex lighting conditions are required, en-
vironment maps or similar representations have to be used.
Likewise, the capture of multi-spectral textures, Bidirec-
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tional Reflectance Distribution Functions (BRDFs) or Bidi-
rectional Texture Functions (BTFs) is needed for more com-
plex materials. BRDFs can be captured using gonioreflec-
tometer setups with a spectrometer as measurement device.
Unfortunately, these setups are very slow compared to im-
age based measurement methods like [MWL*99]. All im-
age based methods may be directly transferred to the spec-
tral domain if multi-spectral imaging devices are used. These
are mainly based on monochrome cameras combined with a
mechanically or electronically tuneable bandpass filter (e.g.
[HBS00], [HHA*10], [KSKL10]). The main problem with
this approach is the very low amount of light passing the
bandpass filters leading to bad signal-to-noise ratios and
long exposure times. This severely limits the use of this tech-
nique, because only static scenes can be captured and for
example outdoor scenes or scenes of rooms with windows
cannot be measured due to the movement of the sun.

Textures may be captured using either the camera-filter
combination described above or using a line-scanning de-
vice which maps the spectrum to one of the spatial axes of
a CCD sensor (e.g. [AFORO04]). This requires linear move-
ment of the scanner unit or of the target which induces addi-
tional effort and costs. Lighting conditions can be acquired
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using a rotating line-scan camera with a fish-eye lens which
also excludes the application to dynamic scenes. Neverthe-
less, line-scan cameras provide in general a much higher ef-
ficiency than bandpass filter based systems since all spectral
bands are captured at once and no time for the tuning of the
filter is wasted.

In this paper, we present a method to infer reflectance
and illumination spectra from dense RGB data and sparse
spectral data. In contrast to previous methods that recon-
struct spectra from few channels, we do not try to construct
a low dimensional and/or smooth basis for the imaged spec-
tra. Instead, we are able to deal with a very high number
of different spectral shapes at once. This is of special in-
terest, when environment maps are captured that contain
multiple light sources with different spectra. Our technique
is inspired by colorization, where a grayscale image is as-
signed colors by propagating color information under the
assumption that similar connected gray values have similar
colors. We assume that similar RGB values behave similar
in spectral space and propagate spectra among images us-
ing an optimization algorithm. Similarity can be defined in
several ways in our case, ranging from simple similarity of
RGB values to similarity in RGB and spatial position or even
more sophisticated methods from texture synthesis. Using
our technique, it is possible to capture multi-spectral textures
using an RGB image and one spectral scanned line or to cap-
ture BRDFs requiring only a very small amount of directions
with multi-spectral sampling. This significantly reduces the
effort to capture multi-spectral data for use in spectral ren-
dering system since existing and efficient tools for RGB ac-
quisition may be used further on and only a minimal amount
of additional effort must be spent on multi-spectral acquisi-
tion.

2. Nomenclature

In this section we introduce necessary symbols and nomen-
clature to allow for a compact and understandable notation
of previous work and our own method. We denote the RGB
values of pixel i with R; and those of the unknown spectral
image with S; where the number of spectral bands in § is
called k. Both, R and S must be linear in energy. In this case,
the RGB image is generated by applying three color filters
to the respective spectra. These filters can be aligned in a
3 x k matrix C so that R = CS. Furthermore, our method re-
quires that for a set of pixels P the spectra are known. These
will be called X having the size |P| xk. Throughout the pa-
per, CT denotes the transposed matrix and the k x 3 matrix

—1
ct=cT (CC T) the Moore-Penrose pseudo inverse of C.
Y is the k x (k—3) matrix spanning the null space of C. C*
and C° are of interest here, since {C+R+COT [te Rk_3}

is the space of all metamers leading to the RGB value R us-
ing the color filters C.

3. Previous Work

Spectral reconstruction By now, several methods have
been proposed to infer spectra from RGB or similar trichro-
matic data. All of these methods are primarily intended for
reflectances and not for lighting data. Most of them rely on
the fact that reflectance spectra tend to be very smooth be-
cause of the underlying physical processes in the molecules
generating the absorption.

Imai and Berns [IB99] proposed a method based on the
pseudo-inverse Q = C" of the filter matrix C and reconstruct
using S = QR. This technique does not require any multi-
spectral data, but the results are in many cases unsatisfactory.

Another more heuristic approach from Smits [Smi99] re-
constructs the spectrum using 7 basis spectra corresponding
to white, red, green, blue, cyan, yellow and magenta. These
basis spectra are generated by finding one valid and smooth
metamer of the respective RGB values R of the seven basis
colors in the space CtR+ ' (see Section 2). The com-
bination of the basis spectra to reproduce the pixels of an
image is then done in a heuristic way. This makes the final
algorithm very fast and thus allows for direct integration into
the shading process and it does furthermore not require prior
knowledge of multi-spectral data X. Unfortunately, it does
not guarantee the spectra to have the right RGB equivalent
and it will not perform well on non-smooth spectra.

The method from Hardeberg et al. [HSB*99] extends the
pseudo-inverse method from Imai by incorporating prior
knowledge of the imaged spectra into the determination of

-1
the inverse filter matrix: Q = xx'cT (CXXTCT> . This

way the reconstruction of non-smooth spectra is possible as
long as all the imaged spectra are similar enough to each
other that the three basis spectra in Q are sufficient. A further
approach was proposed by Imai et al. [[BC98]. They com-
bined a high-resolution RGB image with a low-resolution
spectral image and upsampled the multi-spectral image hav-
ing the RGB data as a constraint. However, this method still
requires a very large number of spatially distributed spec-
tral samples X whereas our method is in many cases able to
reconstruct spectra from just a single line.

In recent work, Hullin et al. [HHA®10] presented a
method to measure bispectral reflectance data. They cap-
ture a certain set of directions with full spectral resolution
of both incoming and outgoing light and build a PCA ba-
sis from this dense data. The whole bispectral BRDF is then
reconstructed using this basis where the weighting of the ba-
sis functions per direction pair ®;,®, is determined using
a sparse set of samples and a least-squares optimization. In
principle, this method is very similar to the one from Hard-
eberg et al. [HSB*99] except for the fact that Hardeberg et
al. propose to measure in the constructed basis directly by
choosing an appropriate set of filters whereas the approach
from Hullin et al. performs the least squares reconstruction
for every sample.
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Colorization and Edit-Propagation In principle, infering
spectra from RGB values is related to the colorization of
grayscale images. In this field, much work has concentrated
on color transfer from an example image to the target image
(e.g. [ICOLO5]) which is not applicable in our setting since
no example image is present. Other methods let the user
scribble regions of an image and define a color for that region
which is then propagated (e.g. [LLWO04], [LWCO*07]). The
approach from Levin et al. [LLWO04] is quite general. They
formulate colorization as an optimization problem where the
energy function contains a data term fixing the grayscale val-
ues as well as a smoothness term propagating known RGB
values to other neighboring pixels having similar grayscale
values. Additionally, our method is related to the AppWand
editing technique from Pellacini et al. [PLO7] where image
and material edits known at a small subset of pixels are prop-
agated among the other pixels by assuming that similar pix-
els should have similar edit operations applied.

4. Method

Our method reconstructs spectra from RGB data R known
at all pixels A and a small set of pixels P with known spec-
trum X;. In contrast to other methods described in Section 3
we neither rely on a smoothness assumption nor try to find a
low dimensional basis Q for the reconstruction. This enables
us to use as many different spectra as X provides as well as
mixtures of these spectra. Our key assumption is that we can
identify similar pixels solely using the dense RGB image.
This may be done on a simple per pixel basis but also more
sophisticated distance metrics based on local pixel neighbor-
hoods can be easily integrated into the algorithm.

4.1. Energy function
We formulate spectralization as a minimization problem
with the following energy functional:
2
E(S) = a} [ISi—Xi| (D
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The first term fixes the known spectra at the positions in P,
the second term fixes the RGB projections CS of the spec-
tral image and the third term leads to the propagation of the
spectra among similar RGB values. N; denotes a set of size
g of neighboring pixels for the pixel i and o, B and v; , are
weighting terms. 7; , consists of a general weight 7y for the
third term as well as a specific weight for the neighbors i
and n based on their distance.

4.2. Neighborhoods

One crucial subproblem of our approach is the selection of
a proper way to choose the neighborhoods N; as well as
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the weights v; ,. As mentioned above, the simplest method
would be to choose a fixed number of closest pixels based
on plain RGB color distance. This, however, may not work
even in very simple cases where the pixels are only differ-
ent in brightness, which is often the case e.g. for BRDFs or
in non-texture images where certain parts of an object are
shadowed. For this reason we propose a first simple exten-
sion by computing the pixel intensities / for all pixels as the
mean of the R, G and B values. We then calculate R,’- = R;—l_"

and X/ = %”, run all further steps using R’ and X’ computing
S’ and finally multiply with I again to obtain S.

For the weights v;,, we choose a gaussian with a fixed

variance G:
2
—|R; — R
Yin = Yexp ('262|> @)

4.3. Minimization

Since the energy function (see Equation 1) is quadratic, it
can be transformed into a set of linear equations BS = b
with a sparse matrix B. In small cases the matrix B may
be built explicitly and the system can be solved for exam-
ple using a QR factorization or a similar matrix decomposi-
tion. However, in most cases this is not possible since even
a sparse representation of B is several gigabytes in size and
thus not suitable for the use in a matrix factorization algo-
rithm. Therefore, we propose to use an iterative algorithm
that does not require to build B explicitly. For that purpose,

we build the normal equations B"B) S =B" b with BT B be-

ing symmetric and positive definite. This makes it possible
to minimize the function using a conjugate gradient solver
which requires only a function that multiplies BTB with a
vector y. This function can we written without explicitly con-
structing B and therefore the memory consumption of the
method is reduced considerably. In all test cases, the error
did not improve significantly after 250 iterations which does
not depend on the size of the image in particular. Therefore,
we use this as a hard limit without respect to the image size.
Since the multiplication with BT Bis linear in image size this
leads to the total runtime of the algorithm being linear in the
image size as well. This is in stark contrast to matrix factor-
ization techniques which require quadratic runtime or even
more with respect to matrix size.

As a starting value for the iterations we can use a black
image or any of the methods described in Section 3. If a
better initialization is given, the conjugate gradient solver
will converge faster. Therefore, all results in Section 5 have
been calculated using the Hardeberg method [HSB*99] (see
Section 3) as an initialization since it performed best among
all other methods.

4.4. Parameters

The energy function can be controlled by the weights o, B
and v as well as the variance o for the weight v; , of pairwise
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(a) Red fabric

(d) Colorful fabric

(e) Wallpaper
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(g) Gold paint
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Figure 1: Test textures, BRDFs and images. The BRDFs are plotted as image where each row corresponds to a light direction
and every column to a view direction. The small arrows on the side of the images indicate the position and direction where the

spectral line was sampled.

neighboring pixels. Furthermore, the number g of neighbors
is an important parameter. Fortunately, all of the parameters
can be chosen automatically and so the amount of required
user interaction is reduced to a minimum.

‘We propose to weight the three terms of the energy func-
tion equally with regard to the real number of summands:

k|P|+3|A|+kg|A|

“ETER ®
g — KIPI+31Al kgl
a 31A|

k|P|+3]A| +kg |A|
kg|A|

Fortunately, the minimization behaves quite robust against
changes in these parameters. We multiplied the B and y with
values between 0.01 and 50 and the resulting AE™ error did
not change more than about 0.05 in all cases. For all results
in Section 5 we used the values from Equation 3.

The number of neighbors g can be kept quite small. All
our results were calculated using 10 neighbors per pixel and
a further increase led to only slightly better errors. In all our
test cases, the 10 neighbors n € N; are that similar to i that
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the choice of ¢ does not play a dominant role any more. We
propose to use the maximum distance dmax = ||R; — Rn|| for
all i and n and set the weight for dyax to 0.01:

_drznax (4)
21n(0.01)

5

4.5

4
F13.5

| r13
(b) Smlts L o5

{ g o
(d) Our 0

BT I IR

(c) Hardebera
Figure 2: Color coded AEg, error maps for the red fabric
texture. It shows that the Hardeberg method fails to recon-
struct all of the different threads whereas our method can
deal with an arbitrary number of spectral shapes at once.

4.5. Adaptive sampling

The neighborhood sets N; define a graph with pixels as nodes
and edges between pixel nodes i and j if j € N;. In cases
where the graph breaks up into multiple components, whole
components may not be connected to any known pixel P. But
even if the graph is made of one single component it might
be that single areas are only reachable over graph edges with
very low weight 7; ,,. Usually, this means that the known pix-
els X do not contain enough information to reconstruct the
spectra of the pixels in the area of low weight. Fortunately,
we can detect regions of low weight by minimizing the en-
ergy functional (Equation 1) withk=1,C=1,X;=1,Yi€ P
and R; = 0,Vi € A. In the resulting image M lighter pixels
correspond to regions that are well supported by the pixels
P and darker pixels to the regions with low support. This is
due to the fact that the first data term of Equation 1 will drag
the well connected pixels towards one while the second data
term pulls all values down towards zero. By simply finding
the darkest point in M, it is possible to decide where to place
the next sample point(s). This is especially useful for BRDF
acquisition since it allows to specify a good set of directions
to capture in beforehand based solely on the RGB data.

4.6. Practical considerations

Some practical problems arise from the registration of spec-
tral and RGB data. First of all, both datasets have to be lin-
earized and offsets have to be removed. In the case of BRDFs

(© 2010 The Author(s)
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measured using a gonioreflectometer no spatial registration
has to be done enabling for very easy integration of spec-
tralization. But as soon as a spectrally sampled line should
by used with an RGB image, one must consider some ad-
ditional problems. We will not discuss the problem of find-
ing the position of the spectral scan line in the RGB image
here and assume that the position is already known. Addi-
tional problems arise of the different pixel size, pixel orien-
tation and probably even focus and point spread function of
the two systems. Because we assume that the RGB image R
has higher resolution, we calculate the spectral image S on
the resolution of R. Therefore, the second and third term of
Equation 1 can stay unmodified. Problems of different pixel
mapping can be described by linear combinations of pixels.
That is, we calculate weights W;; for a pixel i in the low
resolution image and a set of pixels j in the high resolution
image and write:

i WijiiSii ()
%= s KW

Typically, the weights will come from some kind of kernel
function, but arbitrary weighting schemes are possible. The
first term of the energy functional will then change to:

2

Ei(S)=a)

ieP

Z ijit ]II -

(0)
Zl ij

Due to the linear combination this can still be integrated into
the set of linear equations to solve the quadratic minimiza-
tion problem.

5. Results

We analyzed our method using seven different datasets
namely 5 textures, 2 BRDFs including the cosine term and
2 non-texture images. Figure 1 shows an overview of the
test datasets. Among the images, one is an environment map
from [RSK10] of a room with complex lighting consisting
of neon lamps and halogen spotlights. The other image is
taken from David Foster’s spectral image database [FNA(04]
and we will assume that it is an excerpt from an environ-
ment map since we do not have other environment data
yet. The BRDFs are extracted from the Colorchecker dataset
from [RSK10] and are equally sampled over the hemisphere
at 81x81 directions. The other textures have been measured
using a monochrome camera, a LCTF and a 1000W QTH
lamp. For all datasets the complete multi-spectral ground
truth was available so that the reconstruction quality can be
reliably rated.

Our error analysis is twofold. On the one hand, we mea-
sure the difference on the whole spectra by computing
RMSE errors and on the other hand a perceptual compari-
son is made in tristimulus space.
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Dataset AEg, RMSE

RGB | Imai | Smits | Hardeberg Our Imai | Smits | Hardeberg Our
Red fabric 10.56 | 9.83 | 1045 0.92 0.67 0.104 | 0.088 0.010 0.007
Dark fabric 10.10 | 2.02 | 2.05 0.78 0.44 0.019 | 0.011 0.005 0.004
Light fabric 25.11 | 5.08 | 3.08 1.30 0.82 0.285 | 0.139 0.079 0.069
Colorful fabric | 14.66 | 1.90 | 7.45 0.65 0.42 0.024 | 0.042 0.007 0.005
Wallpaper 14.66 | 272 | 225 1.40 1.08 0.070 | 0.031 0.027 0.026
Environment 1694 | 9.75 | 13.13 3.80 0.77 0.322 | 0.344 0.073 0.043
Gold paint 13.30 | 3.44 | 6.18 0.84 0.75 0.095 | 0.055 0.029 0.040
Red paint 11.17 | 8.00 | 11.55 0.43 0.48 0.104 | 0.099 0.008 0.008
Houses 924 | 292 | 220 0.57 0.50 0.043 | 0.033 0.014 0.013

Table 1: Comparison of reconstruction AEg, and RMS errors for the different datasets. Except for the BRDFs our method
performed significantly better in RMS and perceptual errors than the previous ones. For simple BRDFs our method performs

like the method from Hardeberg.
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(a) Real RGB camera, taken from manufac-
turer supplied data sheet

5.1. Perceptual comparison

Tristimulus color images are the most common target in
rendering applications since most display devices are RGB
based. Therefore, the correct reproduction of colors in ren-
dered images using materials or light sources reconstructed
with our technique can be rated this way. To make a percep-
tual evaluation of the accuracy of our method we use AEg,
based on the perceptual linear L*a*b* color space.

For the materials we artificially illuminate the single pix-
els of the original and the reconstruction using a selection
of 10 CIE standard illuminants (A, D65, D50, D75, FLI1,
FL4, FL8, FL12, HP1, HP3) which cover a wide range of
commonly used light sources. We then transform the result-
ing spectra into the CIE XYZ color space, further on into
L*a*b* using the respective light source as neutral and cal-
culate the AEJ,. Finally, the arithmetic mean of the single
AE* values of all light sources is used.

For lighting data, the scheme is reversed. We artificially il-
luminate 20 materials from a Gretag MacBeth color checker
using the spectra of the single pixels / light directions which
is quite similar to the calculation of the color rendering index
(CRI). We assume that the observer is adapted to the mean of
the respective environment map and thus use this as neutral
during the conversion to L*a*b*.

Wavelength [nm]

(b) CIE 1931 standard observer

Wavelength [nm]

(c) Artificial box filter

Figure 3: The different color filter sets used in our experiments

Since the AE™ errors are very sensitive to acquisition
noise and we do not want to overweight the noise of single
pixels we downsample the two images in question by a fac-
tor of 2 with a simple box filter before calculating the AE™
on a per pixel basis.

5.2. Error analysis and comparison

‘We evaluated our method as well as the methods from Imai
[IB99], Smits [Smi99] and Hardeberg [HSB*99] on all test
datasets and calculated the perceptual errors as described
above. The RMSE is calculated as:

2
Yicaje1.x (Dij = Sij)

kAl

Ermse(D,S) = @)

having D as the groundtruth data.

For the image examples, we manually chose a line P to
cover as much different materials as possible. As soon as
whole materials are not sampled by the line, the reconstruc-
tion result will be inaccurate in those areas. This is also true
for the method from Hardeberg et al. This process could be
easily automated by clustering the scene in RGB space and
choosing a line that intersects as much clusters as possible.

The BRDFs were sampled in the adaptive manner de-
scribed in Section 4.5 starting with just one single direction

(© 2010 The Author(s)
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for X (light and view from the top) and ending up with 30
directions. We noticed, that for both examples the AE™ er-
ror drops below 1 using four directions or more. This means
that using our technique the spectral acquisition of four in-
stead of 6561 directions is sufficient to reach acceptable per-
ceptual errors as long as dense RGB data is available. By
using existing and efficient RGB BRDF measurement tech-
niques this leads to a significant speedup for the acquisition
of multi-spectral BRDFs.

The resulting AEy, and RMS errors for all datasets can
be taken from Table 1. It shows that our technique clearly
improves upon previous techniques especially for textures
and images regarding both the perceptual tristimulus error
as well as the spectral error. Our technique requires only the
single line or four directions to reconstruct the multi-spectral
images and BRDFs with acceptable perceptual errors. For
simple BRDFs the similarity of spectra is that high, that the
method from Hardeberg performs as well as our one. This
will be different for materials showing interference effects
and thus more colors in their BRDFs like pearlescent paints.

Figure 2 shows AE™ error maps for the red fabric dataset
produced by the three previous techniques and our one. It
shows that the method from Hardeberg performs similar to
our one except on one of the threads of the fabric. This is
because the fabric is made of very different kinds of threads
and the Hardeberg method constructs a low dimensional ba-
sis Q for the reconstruction. If too many different spectral
shapes are contained in the image (like in this case) this ba-
sis is no longer sufficient to cover all of them. Our method
does not build such a basis and can therefore deal with very
different spectral shapes in one image.

T
— Data
0.12 | —— standard observer 1
- Real RGB camera
=== Box filter
0.1f q
% 0.08F 1
=,
@
5
5 0.061 q
2
k)
4
0.04r A
0.02 q
0 . . . . . .
400 450 500 550 600 650 700 750

Wavelength [nm]

Figure 4: Reconstruction result for one red thread of the
"Red fabric" dataset using the different color filter sets from
Figure 3. The low support of the human eye in the long wave-
lengths leads to larger differences here.

5.3. Impact of color filter C

We wanted to analyze what the impact of the camera in use,
or more specific the spectral shape of its colors filters, is.

(© 2010 The Author(s)
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For this reason we tried the three different filter sets shown in
Figure 3 regarding the reconstruction results. Figure 4 shows
a reconstruction of the same pixel using these three filter
sets. It shows that the smoothness of the filters does not play
a dominant role for the reconstruction quality. Noticeable is
only the difference in the long wavelengths bands for the
imaginary camera with the sensitivity of the human eye. For
light sources having much energy there (like [lluminant A)
this yields much larger errors. However, the reconstruction
of spectra from an imaginary camera with human eye sen-
sitivity performs best regarding the average perceptual AE™
errors since many light sources (e.g. the fluorescent ones)
have low energy in the very long wavelength bands and the
perceptual weighting of the bands leads to a better approxi-
mation in the other bands. Unfortunately, such a camera does
not exist to our knowledge and we computed all other results
in this paper (especially Table 1) using the real RGB camera
filters to show the use case with current cameras.

5.4. Adaptive sampling

We analyzed the quality of our adaptive sampling approach
on the two BRDF datasets by comparing the adaptive sam-
pling against a random sampling of the directions. Results
can be taken from Figure 5. It shows that the adaptive tech-
nique converges faster than the random one and therefore
the amount of directions for which spectral data has to be
captured is minimized.

—=— Random
18F =--0-- Adaptive

16[ b

14

12f

AEQA
-
:

0.8

0.6

0.4r

# Directions

Figure 5: AEg, errors for increasing number of directions
used to reconstruct the gold BRDF. Directions were sampled
randomly and with our adaptive method.

5.5. Failure case

In general, there are two possibilities for failure of the pro-
posed method. On the one hand, two or more objects in
the scene might have materials that are metamers of each
other. This can be handled by an additional spatial proxim-
ity term in the neighborhood search that will isolate the two
objects. On the other hand, one of the objects in the scene
that was not sampled by the spectral scanline might have a
spectrum which is considerably different than all sampled
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spectra. In this case the algorithm will create a smooth spec-
trum from the most similar object in RGB space. Figure 6
shows AE™ error maps for the dark fabric scene where the
colorful stripes have (a) and have not been sampled (b, c).
Our method behaves like the method from Hardeberg et al.
here, since we initialize with that method and since nothing
will be changed during the minimization of the energy func-
tional since the pixels do not contribute much to the overall
energy due to their low y weights.
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Figure 6: Color coded AEg, error maps and spectra for the
"dark fabric" dataset with different lines sampled.

6. Conclusion

In this paper we presented a method to infer spectral images
from dense RGB data and very sparse spectral data. Our
technique simplifies multi-spectral measurements for com-
puter graphics and enables to reuse existing, cheap and effi-
cient RGB capture devices. Our method improves on previ-
ous work regarding both the perceptual tristimulus error as
well as the RMS error on the spectra. Only for very simple
examples like diffuse BRDFs the method from Hardeberg et
al. [HSB*99] performs comparably.

In future work we plan to extend the method to Bidirec-
tional Texture Functions, where effects like self-shadowing,
masking and parallax make the ABRDFs much more com-
plicated than BRDFs are. Here, neighborhoods must be
searched in the higher dimensional space spanned by direc-
tions and spatial positions. Moreover, we want so examine
more sophisticated neighborhood searches. In the field of
texture synthesis, many techniques are known to search for
similar pixels based on the local surroundings of the pixel
in question. Additionally, techniques from colorization may
be used, that depend on spatial proximity as well as on pixel
value. This is of special interest for non-texture images with
larger homogeneous objects.
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