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Abstract: Increasing the number of imaging channels beyond the
conventional three has been shown to be beneficial for a wide range of
applications. However, it is mostly limited to imaging in a controlled envi-
ronment, where the capture environment (illuminant) is known a priori. We
propose here a novel system and methodology for multispectral imaging in
an uncontrolled environment. Two images of a scene, a normal RGB and a
filtered RGB are captured. The illuminant under which an image is captured
is estimated using a chromagenic based algorithm, and the multispectral
system is calibrated automatically using the estimated illuminant. A 6-band
multispectral image of a scene is obtained from the two RGB images. The
spectral reflectances of the scene are then estimated using an appropriate
spectral estimation method. The proposed concept and methodology is
generic one, as it is valid in whatever way we acquire the two images of a
scene. A system that can acquire two images of a scene can be realized,
for instance in two shots using a digital camera and a filter, or in a single
shot using a stereo camera, or a custom color filter array design. Simulation
experiments using a stereo camera based system confirms the effectiveness
of the proposed method. This could be useful in many imaging applications
and computer vision.
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1. Introduction

Multispectral imaging is advantageous to conventional three channel (usually RGB) color imag-
ing which suffers from metamerism and environment dependency. Multispectral imaging aims
to recover the spectral reflectance of a scene, and is therefore in principle environment inde-
pendent and less prone to metamerism. Unlike conventional digital color cameras, they are
not limited to the visual range, rather they can also be used in near infrared, infrared and ul-
traviolet spectrum as well, depending on optics and sensor responsivity range. These systems
can significantly improve the color accuracy [1] and make color reproduction under different
illumination environments possible with a reasonably good accuracy [2]. There are different
types of multispectral imaging systems, for example, filter-based systems [3–5], filter array
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based systems [6, 7], LED based systems [8–10] etc. Multispectral imaging has a wide set of
application domains, such as remote sensing, culture & heritage, biometrics, medical imaging,
high-accuracy color printing, and machine vision. Despite all these advantages, applicability,
and many different types of systems, the usage of multispectral imaging is so far mostly limited
to controlled laboratory environments, where the capture environment (illuminant) is known a
priori. This allows to calibrate the system under this known illuminant, before the actual cap-
ture process. However for many applications, the illuminant may not be known beforehand,
for example in the case of natural outdoor scenes. One way of retrieving information about the
illuminant is to capture images by placing a standard color target, such as the Macbeth Color
Checker in the scene, as done in the multispectral image database by Yasuma et al. [11], or a
Munsell gray chart as used by Valero et al. [12] to recover spectral data from natural scenes. But
the imaging process then becomes constrained, and may not be practicable in many situations.

In this paper, we propose a novel system, named as spectrogenic imaging system, along with
a framework and method of multispectral imaging in an uncontrolled environment. Two images
of a scene are taken simultaneously: a normal RGB, and a filtered RGB using a special optical
filter. The illuminant under which these images are captured is then estimated using a chroma-
genic based illuminant estimation method [13, 14]. The combination of the two images gives
a 6-band multispectral image. The spectral reflectances of a scene are estimated by calibrating
the system under the capture environment, using the estimated illuminant. Simulation experi-
ments confirm the effectiveness of the proposed method. The main contribution of this paper is
to provide a novel framework and method, which combines the existing illuminant estimation
method and a multispectral acquisition technique in an innovative way, in order to enable mul-
tispectral imaging in any uncontrolled environment. This has numerous potential applications
such as in machine vision and surveillance etc. which require imaging in a natural environment.

The rest of the paper is organized as follows. We present the proposed system and methodol-
ogy in Section 2. We then present the experiments and results in Section 3. Finally, we conclude
the paper in Section 4.

2. Proposed spectrogenic imaging system and methodology

Multispectral imaging systems acquire images in a number of spectral bands. Spectral re-
flectances are then estimated from the sensor responses, using a spectral estimation algorithm.
For this, the system must be calibrated under the same environment (illuminant) under which
the image is captured. We propose to estimate this illuminant from the two images of a scene,
one normal RGB image (RGB) and one filtered RGB image (RGBF ), using the chromagenic
algorithm from Finlayson et al. [13] or the bright-chromagenic algorithm from Fredembach
and Finlayson [14]. The filtered RGB image is the RGB image obtained by filtering through
a special optical filter. The two images could be captured with a normal digital camera first as
a normal RGB image, and then by placing the filter in front of the camera lens. This would
require two sequential shots, with the obvious inconveniences that entails. A one shot solution
using a stereo camera has been proposed by Shrestha and Hardeberg [15]. It uses a digital stereo
camera with one of the lenses covered with a filter, allowing to acquire two images of a scene:
a normal RGB and a filtered RGB images, in a single shot. That system assumes that the illu-
minant under which images are acquired is known (somehow measured). In this case optimal
filter(s) are selected for accurate spectral or color estimation depending on the application re-
quirement. The spectral reflectance of a scene is then recovered by calibrating the system using
the known illuminant, using an appropriate spectral estimation method.

In this work, we combine the illuminant estimation and the multispectral imaging techniques
in a simple but novel way, so as to make the resulting system capable of multispectral imaging
in an uncontrolled environment, where the illuminant under which an image is acquired is un-
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known. Thus we first need to estimate the unknown illuminant. For this, a special optical filter
which enables an accurate estimation of the illuminant as well as the spectra/color is used. We
call such a filter spectrogenic, and the system is named as spectrogenic imaging system. The
motivation behind the name is that the system is a novel spectral imaging system which uses a
special filter, making it capable of acquiring spectral images under uncontrolled environment,
and the system uses the chromagenic illuminant estimation algorithm. The term chromagenic
comes from chromagen, which refers to contact lenses (specially chosen colored filters) pre-
scribed to improve the vision of color deficient and dyslexic observers [13]. A spectrogenic
filter can either be selected from a list of optical filters or be custom designed. Figure 1 shows
a framework for the proposed spectrogenic imaging system.
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Fig. 1. Framework for the spectrogenic imaging system.

The system comprises of four parts: image acquisition, illuminant estimation, system cali-
bration, and spectral estimation, and the imaging process is carried out through these parts, in
the order as numbered in the framework diagram. The system acquires two images of a scene:
a normal RGB (RGB) and a filtered RGB (RGBF ), allowing to obtain a 6-band multispectral
image of the scene. The illuminant estimation unit estimates the illuminant (l) under which a
test image (R) is acquired, using the two RGB images. The multispectral imaging system is
then calibrated with the two simulated images of training targets (Rtrain), acquired under the es-
timated illuminant (lest). Spectral reflectances of the scene are then estimated from the 6-band
sensor responses using a spectral estimation method. The whole process can be executed either
on the fly, for example by incorporating all the steps into a built-in chip inside the camera sys-
tem, or it can be done in post processing using the raw images from the sensor. In this way,
we are able to acquire multispectral images of scenes irrespective of illuminant (environment)
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under which the image is acquired. The concept and methodology presented here is a generic
one, which is valid irrespective of how the two images are of a scene are acquired. Two good
examples are single shot 6-band multispectral imaging systems both proposed by Shrestha and
Hardeberg, one using a stereo camera [16], and the other based on color filter arrays [7].

In the following subsections, we first discuss the system model of the proposed spectrogenic
imaging system, and then present the illuminant and spectral estimation methods used.

2.1. System model

In order to model the proposed spectrogenic imaging system, the system can be considered
to be comprised of two cameras: a normal RGB camera and a filtered RGB camera. Let S =
[sR,sG,sB] be a matrix of spectral sensitivities of the three channels of the normal RGB camera,
F a diagonal matrix of the spectral transmittance of the optical filter used, L a diagonal matrix of
the spectral power distribution of the light source, and R the spectral reflectance of the surface
captured by the camera. Let nN and nF be the noise vectors corresponding to the acquisition
noise in the three channels of the normal and the filtered RGB cameras respectively. The camera
responses of the normal and the filtered cameras: CN and CF are respectively given by:

CN = ST LR+nN (1)

and CF = ST FLR+nF , (2)

where ST denotes the transpose of the matrix S. The combined response C = [CT
N ,C

T
F ]

T of
the two cameras gives six responses, leading to a 6-band multispectral image of the scene. In
Eq. (2), FL can also be thought of as a resultant spectral power distribution of the light source
when the filter is placed in front of the light source. This shows that the proposed concept works
well even when the filter is placed in front of the light, instead of the camera lens. In other
words, this is also true when the two images are acquired under two special illuminants. In this
model, the two illuminants can be determined through training. From the six camera responses,
spectral reflectances of the scene can then be reconstructed using a spectral estimation method.
We will present a spectral estimation method used in this work in Section 2.3.

2.2. Illuminant estimation

There are many different illuminant estimation methods proposed in the literature, such as gray-
world [17], max-RGB [18], gamut based algorithm [19], neural networks based [20], color-by-
correlation [21], Bayesian based [22] and chromagenic color constancy [13,14]. We use an illu-
minant estimation method adapted from chromagenic estimation methods originally proposed
by Finlayson et al. [13] and a modified method proposed by Fredembach and Finlayson [14],
for consistent and improved performance [23]. Moreover, these methods use two images of a
scene, which is in line with our proposed spectrogenic imaging system. We briefly present these
two methods here in this section. The chromagenic illuminant estimation algorithms are based
on the assumption that we know all the possible illuminants a priori. Let li(λ ), i = 1, ...,m be
the spectral power distribution functions of these illuminants. A special filter is chosen so that
for a given light the filtered RGBs are, as close as possible, a linear transform from normal
unfiltered RGBs, and at the same time the linear transform changes with different illuminants.
Such a filter is named as chromagenic. The two camera responses are then related as:

CF ≈ MIECN , (3)

where MIE is a 3× 3 linear transformation matrix. The matrix for each of the illuminant li is
computed from the normal and the filtered images of the training targets, using the equation:

MIE =CFC+
N , (4)
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The chromagenic illuminant estimation method in its original form uses this relation with
three color values, RGB of the camera responses. Since the relation involves a matrix inver-
sion, we propose in our approach to use a polynomial camera responses of degree n, Cp in
place of simple camera responses C, for more robust results against ill-posed inversion prob-
lem and better data fitting [24]. This has been shown effective by simulation experiments.
However, the higher the degree of polynomials, the more prominent will be the influence of
noise. The Cp of 2nd degree polynomials of the camera responses without the cross terms:
[CR,CG,CB,C2

R,C
2
G,C

2
B,1]

T is found to be optimal in our experiments. In this case, the transfor-
mation matrix becomes 3× 7. The matrix MIE is then computed from the polynomial camera
responses of the normal (Cp,N) and the filtered (Cp,F ) images of the representative real world
surfaces (training targets) as:

MIE =Cp,FC+
p,N . (5)

For a given test illuminant, one illuminant from among the plausible illuminants li is selected
as the estimated illuminant lest , which produces the minimum fitting error:

est = argmin
i

(ei), i = 1, ...,m, (6)

where ei is the fitting error which can be calculated as:

ei = ‖MIE,iCp,N −Cp,F‖. (7)

Fredembach and Finlayson [14] proposed the bright-chromagenic algorithm which uses a
certain percentage of the brightest pixels (typically 1-3%) in an image, rather than all the pixels
in the original chromagenic algorithm [13]. The brightest pixels are defined as the ones with the
largest C2

R +C2
G +C2

B value. They argued that the bright-chromagenic algorithm is more robust
since it does not make assumptions about which reflectances might or might not be present in
the scene, i.e. if there are no bright reflectances, it will still have an equivalent performance to
the chromagenic algorithm. Moreover, if the filter does not vary too drastically across the spec-
trum, the brightest unfiltered RGBs will be mapped to the brightest in the filtered RGBs, and
by limiting the number of brightest pixels, the algorithm was expected to estimate illuminants
even if the two images would not be registered. However, in our method, we allow to select
any kind of filters that produce optimal results, without limiting the filters with the smoother
variations only. In order to avoid mapping of completely different pixels in the two images, we
select the brightest pixels in the non-filtered image, and the corresponding pixels in the filtered
image are used.

2.3. Spectral estimation

Using 6 camera responses C and the estimated illuminant in the previous sub-sections, spectral
reflectances of a scene (Rest) are estimated using a spectral estimation method. Let R denote
the measured spectral reflectances of the scene. There are many different spectral estimation
methods proposed in the literature. For some of the most commonly used methods, we refer
to [4, 5, 24–27]. In this paper, we use the polynomial method [24], for its better performance
and at the same time consistence to the approach proposed in the illuminant estimation method.
Let Ctrain and C denote the camera responses of the training (Rtrain) and the test (R) targets
respectively. Then, the estimated reflectance with the polynomial method is given by the equa-
tion:

Rest = MSECp, (8)

where MSE is the transformation matrix used for the spectral estimation. The matrix is computed
as:

MSE = RtrainC
+
p,train, (9)
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where Cp, like in the illuminant estimation above, is the polynomials of degree n, formed from
the camera responses C. The transformation matrix MSE is computed using the simulated cam-
era responses for the training targets, under the illuminant estimated by the illuminant estima-
tion algorithm presented above in Section 2.2.

3. Experiments

We have performed simulation based experiments in order to validate and evaluate the pro-
posed spectrogenic imaging system and the methodology for the multispectral imaging in an
uncontrolled environment. We first discuss the experimental setup in the next subsection, and
then discuss the experiments and results in Section 3.2.

3.1. Experimental setup

Since the concept and the methodology of the spectrogenic imaging system proposed in this
work is rather generic, it works well with any system that allows acquiring two images of a
scene, one with and one without a filter. We use a stereo based system proposed by Shrestha
and Hardeberg in [16] in our experiments. A simulated system, built with a modern digital
stereo camera from Fujifilm: the Fujifilm FinePix REAL 3D W1 (in short, Fujifilm 3D) and
Omega XF1078 filter in front of one of its lenses, is used. The sensitivities of the left and
right sides of the stereo camera as measured in [5] have been used. The filter was selected
from among 265 filters from Omega Optical Inc. [28], based on minimization of both color and
illuminant estimation errors. Figure 2 shows the spectral transmittance of the Omega XF1078
filter used. The sensitivities of the left and right cameras of the stereo camera as measured with
a monochromator system are shown in Fig. 3(a). Figure 3(b) shows the resulting normalized
6-band multispectral imaging system.
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Fig. 2. Spectral transmittance of the Omega XF1078 filter.

The system allows to acquire a normal RGB and a filtered RGB of a scene in a single shot.
For simplification, we assume that there is no occlusion and the two images are well regis-
tered. This is valid in imaging flat surfaces, for instance paintings. 1995 surface reflectances
(Rtrain) and 87 measured training illuminants (Lallp) from Barnard et al. [29] have been used.
The surface reflectance (Rtrain) which includes 1269 Munsell chips, 24 Macbeth Color Checker
patches, and others are used for calibrating/training the multispectral system and computing the
transformation matrices (Mi) for the illuminant estimation. The illuminants (Lallp) are used as
the all possible illuminants in the estimation of the illuminants. Four standard illuminants A,
D50, D65 and F3 are used for testing and validation. All the illuminants are normalized such
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(a) Relative   spectral  sensitivities  of  the  Fujifilm 
      3D camera  (Left - solid, Right - dotted). 

(b) Normalized   spectral  sensitivities  of  the 
      6-band multispectral system.

[nm]

Fig. 3. Spectral sensitivities of the individual cameras, and the 6-channel multispectral
system.

that the spectral values at 550nm wavelength equals to one. To make the simulated multispec-
tral system more realistic, as much as 2% normally distributed Gaussian noise is introduced
as random shot noise, and 12-bit quantization noise is incorporated by directly quantizing the
simulated camera responses after the application of the shot noise.

In order to evaluate the system, four hyperspectral images from the University of Eastern
Finland’s spectral image database [30] have been used to acquire simulated images. Figure 4
shows the RGB images generated from these hyperspectral images.

(a) Young girl (b) Woman face (c) Woman reading (d) Fruits & flowers

Fig. 4. RGB images rendered using four publicly available hyperspectral images
from the Joensuu Spectral Image Database [30] (URL: http://www.uef.fi/fi/spectral/
spectral-image-database), University of Eastern Finland.

The modified bright-chromagenic algorithm is used for the illuminant estimation. The me-
dian angular error [31] is used to evaluate the performance of the illuminant estimation algo-
rithm. The multispectral imaging system is evaluated using spectral as well as a colorimetric
metrics. GFC (Goodness of Fit Coefficient) and PSNR (Peak-Signal-to-Noise-Ratio) have been
used as the spectral metrics, and ΔE∗

ab (CIELAB color difference) as the colorimetric metric.
PSNR is calculated as 20log10

1
RMSE , where RMSE is the root mean square error.
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3.2. Experiments and results

First of all, the transformation matrices Mi corresponding to each of the Lallp illuminants are
computed using the surface reflectances Rtrain, by using Eq. (5). Then, for each hyperspectral
image, simulated, normal RGB and filtered RGB images are obtained under each of the test
illuminant. Acquisition noise is introduced on them to make the simulation more realistic as
discussed above in the experimental setup subsection.

A test illuminant is estimated using the modified bright-chromagenic algorithm as discussed
in Section 2.2. Top 3% of the brightest pixels are used. The medium angular error is computed
using the chromaticity value of the measured and the estimated illuminant for each of the test
illuminant. Using the estimated illuminant, six camera responses (RGB and RGBF ) for the
training targets (Rtrain), Ctrain are obtained. Using Ctrain as the training data, spectral reflectance
of each pixel of a test image is then estimated using the polynomial estimation method [Eq. (8)],
using the normal and the filtered RGB images acquired under a test illuminant.

The three system evaluation metrics GFC, PSNR and ΔE∗
ab are then computed using the

measured and the estimated spectral reflectances of the image. Table 1 shows the mean values
of the metrics for each of the test illuminant, along with the uncertainty. Illuminant estimation
errors in terms of the median angular errors are also shown in the table.

Table 1. Evaluation metric values for each of the test illuminant

Mean Uncertainty 
(±) ×10-3

Mean Uncertainty 
(±)

Mean Uncertainty 
(±)

A 0.978 0.260 31.341 0.202 3.190 0.011 0.558

D50 0.978 0.239 31.476 0.139 2.108 0.006 0.196

D65 0.961 0.320 23.135 0.225 13.220 0.025 7.508

F3 0.972 0.202 26.022 0.139 6.539 0.010 3.030

Average 0.972 0.255 27.994 0.176 6.264 0.013 2.823

Test 
Illuminant

GFC PSNR ΔE*ab Median 
Angular 

Error

The results show reasonably good performance with the mean GFC, PSNR and ΔE∗
ab values

of 0.972, 27.99, and 6.26 respectively. The illuminant estimation error is quite good with the
median of the median angular error of 1.79. However, the GFC value is below 0.99 and the
ΔE∗

ab value is high, above 13 in the case of the D65 illuminant. The high values of the color
difference might be because the system has not been optimized for accurate color reproduction.
So far, to our knowledge, there is no single metric that leads to the optimal performance in
terms of both spectral estimation and color estimation. Depending on the application, we can
optimize the system for better spectral estimation or color difference while selecting the filter.

The RGB images acquired from the four hyperspectral images under the four test illuminants
and the corresponding estimated illuminants are shown in Fig. 5. We see the images under the
estimated illuminants close to the images under the original illuminants, except with the D65
illuminant where there is a slight difference in the two images. For a given test illuminant, the
same illuminant is selected as the estimated illuminant, with all the four test images indicating
the robustness of the method.

As an illustration, Fig. 6 and Fig. 7 show the measured and the estimated spectral reflectances
at five different pixel locations of the images acquired under illuminants A and D65 respec-
tively. The pixels are selected as representatives of the different areas in the images. The plots
shows very good estimations of the spectra in the case of the illuminant A, not that perfect but
reasonably good estimations in the case of the illuminant D65.
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A D50 D65 F3

Fig. 5. The RGB images captured under the four test illuminants (Odd column: measured,
Even column: estimated). In most of the cases, the images rendered under the estimated
illuminants are very close to the ground truth.
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Fig. 6. Reflectance spectra at five different pixels in the four test images, acquired under
illuminant A. The pixel locations [row column], are shown above the plots.
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Fig. 7. Reflectance spectra at the same five pixels (as in Fig. 6) in the four test images,
acquired under illuminant D65. The pixel locations [row column], are shown above the
plots .

We have used the 87 measured illuminants data as all possible illuminants. The system picks
a close one among them as an estimated illuminant. The system works with any test illuminant.
However the performance obviously depends on the availability of the closer illuminant in
the list of the possible illuminants. In reality there is a vast number of possible illuminants,
especially in the outdoor environment. The system could, therefore, be improved by including
more illuminants in the database. It can also be improved further by using a larger set of filters
in the filter selection process.

4. Conclusion

Multispectral imaging, so far in most cases, is limited to indoor and controlled environment. We
have proposed here a novel spectrogenic imaging system, with a framework and methodology
of multispectral imaging in an uncontrolled environment. This could be applicable in outdoor
environment as well. It can be easily realized, for instance using a stereo camera and a filter.

Since the system can be used both in indoor and outdoor uncontrolled environments, it could
be useful in many different imaging and machine vision applications. As a future work, the
system should be investigated with actual experiments using real camera(s), tested in an outdoor
scenario.
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