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Abstract.
Spectral sensitivity functions of cameras with a fixed set of color filters often
result in color measurements that do not match those captured by the human
eye. This can lead to inaccurate color reproduction in images, especially under
certain lighting conditions. One solution to this problem is to use a filter wheel
with a set of filters that can be combined to reconstruct specific color matching
functions. We design a framework for selecting filters from a given set to optimize
for accurate color reconstruction, and apply this framework to the Rosco Supergel
filter set. We also generalize our framework for other color matching functions
beyond the CIE 1931 XYZ CMFs.

1 Introduction

Multispectral image acquisition systems have
uses ranging from agricultural monitoring to
fine art analysis to medical scanning [1, 2, 3,
4, 5, 6, 7, 8]. State of the art systems are
prohibitively costly [9], and are generally only
suitable for their specialized purpose. A com-
paratively cheaper and more flexible solution
lies in the filter wheel, notably employed in
terrestrial and geological analysis as early as
1972 [10], and now provides a useful framework
for multispectral imaging. In this paper, we
construct an effective system using simple 3D-
printed components, microcontrollers such as
the Raspberry Pi, and a set of inexpensive gel
filters such as those used for stage lights.

However, our aim is to improve upon the
classic apriori fixed filter wheel used with a
monochromatic camera. Here, we simulate im-
age capture through a set of colored filters and
then combine these to best approximate the de-
sired XYZ colorimetric values, effectively solv-
ing for a new color wheel.

Prior work has been limited by computa-
tional resources, and generally relies on heuris-

tic measures to select filters [11, 12]. We pro-
vide a minimal error reconstruction for the set
of Rosco Supergel [13] filters.

Further, we provide a framework for filter
selection for any target spectral response func-
tion. By generalizing our target function, we
allow for applications beyond RGB reconstruc-
tion, such as hyperspectral and multispectral
imaging. Additionally, we explore the perfor-
mance of our system under different human eye
color matching functions, such as CIE 1931 [14]
and CIE 2006 XYZ (from LMS) functions [15].
In the analysis of human eye color matching
functions, we approach Luther Condition Com-
pliance, which is the condition that a camera’s
spectral sensitivity functions are a linear trans-
formation of the human eye’s color matching
functions [16].

Finally, we show that our methodology pro-
vides accurate reconstruction by evaluating the
24 Macbeth Color Checker patches and com-
puting ∆E2000 under standard illuminant for
the CIE 2006 XYZ target functions prescribed
from CVRL [15]. We compute the relation-
ship between number of filters k and minimum



∆E2000.

2 Related Work
2.1 Filter Wheel Design
The spinning filter wheel construct provides
an inexpensive solution when unconstrained by
capture duration, such as in the imaging of fine
art and in agricultural applications. Morales
et al. [17] demonstrate a bandpass filter wheel
utilized for precision agriculture applications,
and Scutelnic et al. [9] propose a similar filter
wheel construct to build a relatively low cost
sensor array. Lapray et al. [18] provide an
overview of multispectral imaging technologies
as well as their costs, providing a benchmark
for our work.

2.2 Image Response
Much of the existing literature on simulation
of color matching functions relates to the CIE
XYZ models of the human eye. We follow the
work of Gao et al. [19] in matching our simu-
lated camera’s spectral sensitivity function to
the human eye by optimizing for a color correc-
tion matrix M best matching the set of filtered
camera sensitivities to the XYZ color match-
ing functions. This method achieves optimality
only when we approach Luther Condition com-
pliant capture [20], specifically that our spec-
tral sensitivity functions be linearly related to
our chosen XY Z color matching function. We
follow the work of Finlayson and Zhu [21] in
their analysis of Luther-condition compliant fil-
ters. However, rather than designing a special-
ized filter, we investigate whether we can ap-
proach Luther compliance by adding incremen-
tally more generic filters to our filter wheel.

In our model, we have a single grey-scale
camera (only a brightness channel). Thus,
our estimated new camera sensitivities are a
function of the intrinsic sensitivities of this
single-channel camera multiplied by the filter
transmittance. Let fi(λ) respectively denote
the i’th filter’s spectral transmission function,
and let mc;i denote the transformation weights
for combining the i’th filter into color chan-
nel c (e.g. to best approximate the XYZ color
matching functions).

Figure 1: Filter measurement setup with spec-
trophotometer and Rosco Supergel filters.

Then the effective spectral camera sensitiv-
ity function θc can be written as:

θc(λ) =
X
i2I

mc;ifi(λ)σ(λ) (1)

where I denotes the set of k indices from our
set of N filters and σ(λ) denotes the sensor’s
spectral sensitivity function.

In the optimizations that follow, we will
solve for the R, G and B sensors that best ap-
proximate the actual X, Y and Z color match-
ing function sensitivities, respectively referred
to as xc 2 fX,Y, Zg.

3 Method
3.1 Data Collection
The aim of our method is to capture multiple
images through different color filters and then
combine them to match the colors of an image
of a scene captured with respect to the CIE
XYZ color matching functions (CMFs). We
will choose filters drawn from a set of Rosco
Supergel filters that we measure in our lab. We



model our camera’s and optional IR-cut filter’s
spectral response function as per the manufac-
turer’s specifications [22, 23] All filters are rep-
resented in the domain ω = [400, 750] nm.

3.2 Problem Formulation

For approximations of XYZ, we follow the work
of Hardeberg [11] in adopting MSE loss be-
tween target and simulation over the visible
spectrum as the loss function and minimizing
loss via search for an optimal M , the 3�k ma-
trix of mc;i transformation weights. For each
color channel c we have MSE loss Lc as:

Lc =

Z
!
kxc(λ)� θc(λ)k2dλ (2)

Given that we are limited by 1 nanome-
ter steps in measurement, we discretize over
ω, taking ωd = f400, 401...750g, and func-
tions having arguments in brackets represent-
ing functions, for example θc[λ], evaluated over
discrete domain. We take MSE loss over ωd to
compute our total loss per color channel:

Lc =
1

jωdj
X
�2!d

kxc[λ]� θc[λ]k2 (3)

We consider loss from all color channels
equally, and minimize

P
c Lc by choosing M

for a set of I ‘active’ filters, each having trans-
mission functions fi[λ] over ωd, thus compris-
ing a k length vector of functions. Omitting
the constant 1

j!dj , we have for each set of filters
I:

argmin
M

X
c

X
�2!d

kxc[λ]�
X
i2I

mc;ifi[λ]σ[λ]k2

(4)

We define F as the stacked and discretized
k � 351 matrix of fi[λ]σ[λ] measured at each
λ 2 ωd. And the discretized set of 3�351 XYZ
functions as X.

When using a least-squares loss Ld, we can
solve for M , in closed form, using the Moore-
Penrose pseudo-inverse [24, 25], denoted A+ for
a matrix A. The unique 351�k Moore-Penrose
pseudo-inverse solution F+ has the desirable

property that while we may not exactly sat-
isfy the Luther condition, it provides the clos-
est possible approximation for a given set of
filter indices I [26]:

M �XF+ (5)

Finally, as a point of detail we must alter
this optimization if any of our filters have 0
transmission in a part of the assumed wave-
length interval. The IR-cut filter only has
nonzero transmittance in [400,650] nanometers.
So, when this filter is used we can only opti-
mize within this wavelength interval, and thus
we redefine ωd = f400, 401, ...650g.

3.3 Filter Selection
While the number of filters N may be large,
we ideally would posit a filter wheel with fewer
filters.

3.3.1 Brute Force Search In the naive solu-
tion, we find the optimal filter combination
for every subset of k filters (where k is small)
drawn from the N filter set by selecting the
combination with the lowest loss, considering
all combinations of 119 Rosco Supergel filters
(there are nearly 200,000,000 of these for k =
5). In Figure 2 we plot the errors across all sets
of 5 filters (multiplied by the camera sensitiv-
ity) from the worst to best performing quintu-
ple. We compute the Moore-Penrose pseudo-
inverse for each set of filters. Our implementa-
tion is parallelized over 8 NVIDIA L4 GPUs,
with a combined pool of up to 192GB VRAM,
enabling us to compute brute force searches of
k = 5 in approximately 7 minutes.

Figure 2: MSE Error distribution across all fil-
ter combinations for k=5



3.3.2 PCA Analysis To find the optimal fil-
ter combination without brute force search, we
can use PCA analysis to find approximate so-
lutions.

This method initially creates one 3�M ma-
trix M and iteratively selects until reaching k
filters and thus our final 3�k matrix of weights.
Specifically, the selection is performed by pro-
jecting F onto the space spanned by the tar-
get X matrix, finding the filter with the high-
est norm as per the Matching Pursuit method
outlined in Mallat and Zhang [27]. We iter-
atively apply this methodology k times, each
time on a subset of the resultant orthonormal
basis formed by subtracting the selected filter’s
projection.

This method is comparatively fast, able to
compute the k = 5 case in 19 seconds on a sin-
gle L4 GPU. This method also scales well, with
k = 8 runtime at only 20 seconds.

We show the relative timings for Brute
Force and PCA algorithms below.

Figure 3: Execution Time Comparison between
PCA and Brute Force Selection Methods

However, we note the improved MSE result
for the brute force selection methodology.

3.3.3 Brute Force Search Augmented PCA
While brute force methods guarantee mini-
mum possible error by investigating the en-
tire search space, large k implementations ren-
der this technique impractical. Additionally,
our PCA method outlined above cannot always
identify the optimal filter set, and has a non-
negligible MSE shortfall vs. exhaustive search
for all k > 1.

Figure 4: MSE Comparison between PCA and
Brute Force Selection Methods, k2 = 0

To address this problem, we use a blended
method which finds a PCA solution for k1 fil-
ters, and then considers all further possible
combinations from a further k2 filters, for a to-
tal k = k1+k2. This provides a middle ground
to the performance-accuracy tradeoff. There is
negligible MSE difference between brute force
and PCA methods at k2 > 1 for all k1. Further,
for k2 < 4, the added time from the exhaustive
search step is between 5-20 seconds on the 8
aforementioned L4 GPUs.

Figure 5: MSE Comparison between PCA and
Brute Force Selection Methods, k2 = 2

4 Evaluation
We evaluate our method by comparing the
reconstructed XYZ color matching functions
from our selected filters to the target XYZ func-
tions, summarized by the MSE loss. We also
consider the color difference ∆E2000 for a set of
reflectances. This latter method effectively ap-
proximates the human eye’s response to color




