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Performances of Classic and Weighted Versions of Some
Selected Methods in Estimation of Spectral Data from
Camera Responses

Abolfazl Aghanouri, Niloofar Eslahi and Vahid Babaei

Abstract—The reconstruction of spectral reflectances of
different color charts from the corresponding RGB values is
investigated. The pseudo inverse (PI), principal component
analysis (PCA) and canonical correlation regression (CCR) as
well as their weighted versions are employed to estimate the
spectral reflectances of Kodak Q_60, Color checker SG and
Munsell data sets from the responses of a digital camera
which are contaminated with different levels of random and
quantization noises.The root mean square (RMS) error
between the reconstructed and actual reflectances as well as
the CIELAB color difference values under illuminant A for
CIE1964 standard observer are computed to evaluate the
performances of the employed techniques. Two different
modes of camera responses i.e. three and six channels types
are considered. In addition, the responses of a three-channel
camera are computed under two sets of illumination
conditions to prepare two collections of RGB data. To analyze
the performances of the methods, they are also evaluated in
the cross media condition, i.e. using different training and
testing packages. According to the results, the wPI method,
which is the simplest method among the other spectral
reconstruction techniques, shows the greatest robustness at
different levels of quantization and random noises.

Key words: Spectral reconstruction, pseudo inverse (PI),
principal component analysis (PCA), canonical correlation
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I. INTRODUCTION

IGITAL imaging devices such as digital cameras and

scanners have undergone significant progress in their
technology during the recent decades. Today, these modern
image capturing devices are widely used as low cost color
measuring device in various applications. Nevertheless, the
colorimetric output values of these devices are involved
with noise in different types and levels. A digital image is
subjected to several types of noise sources, that could be
fixed, temporal as well as temperature dependent. Noise
components can be classified in different ways. One of the
most significant noise components is the random noise.
Random components include photon shot, reset and
thermal noise. The other important noise is quantization
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noise caused by analogue to digital (A/D) conversion [1].

While the multispectral image capturing devices use
between 3 and 10 optical sensors, the hyper spectral
cameras contain as many as 200 (or more) contiguous
spectral bands and measure the spectrum for each pixel.
The measurement bands of such devices usually extend to
invisible spectra of the electromagnetic spectrum, i.e. near
infrared and and/or ultraviolet regions [2-6]. Since such
devices are still expensive and mostly unavailable, the
estimation of spectral data from the camera outputs with
limited numbers of channels, e.g. RGB outputs of
conventional 3 CCD cameras, has been very attractive
subject within the recent years. Through such estimation
method, a 3 to 6 device-dependent low dimensional data
(such as RGB colorimetric data in a three-channel camera)
is converted to device-independent spectral data (like 31
spectral information) by implementation of suitable
mathematical and statistical methods. Several methods e.g.
pseudo inverse (PI) [7,8], principal component analysis
(PCA) [9,10], canonical correlation regression (CCR) [11],
independent component analysis (ICA) [12,13]. Fourier
bases [14], wavelet bases [15], Gaussian primaries [14],
Wiener approach [16-18], matrix R [5], neural network
[4,19] and interpolation techniques [4,20] have been
introduced to optimize such one to many problems.
Besides, the weighted versions of these techniques [21-23]
were introduced as improvement to the classical techniques
[24,25]. Tt is a fact that the methods were mostly employed
on the XYZ colorimetric data while the RGB information
which could be treated with different types of noises has
not been considered seriously. Obviously, the awareness of
the efficiency of the recovery methods in presence of
random and quantization noises could play a significant
role in selection of the suitable technique.

In this study, the performances of three prevalent
methods in the estimation of spectral data from
colorimetric information, i.e. PI, PCA and CCR and their
weighted version are compared. The methods are
implemented for the recovery of spectral reflectances of
different color sets from their corresponding RGB values
while they are contaminated with different levels of
random and quantization noises. Besides, different training
and testing sets are applied to simulate more realistic
conditions. Root mean square (RMS) error of the
difference between the reconstructed and actual reflectance
as well as the CIELAB color difference values under
illuminant A for CIE1964 standard observer are reported
for the evaluation of the performances of the employed
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methods.

II. EXPERIMENTS

The reflectance spectra of Kodak Q_60, Color checker
SG (CCSG) and the 1269 chips in the Munsell Book of
Color Munsell Matt Finish Collection were used to
calculate the RGB responses of digital camera. The Gretag
Macbeth Eye-One Pro was employed for reflectance
measurements of the Kodak Q_60 color samples. The
spectra of Munsell color chips that were measured with a
Perkin Elmer Lambda 18 spectrophotometer borrowed
from Reference [26]. Besides, the reflectance spectra of
140 samples of Color checker SG were measured by using
a Gretag Macbeth Color Eye 7000A spectrophotometer
with d/8 geometry. Prior to any calculation, the reflectance
data were fixed between 400 to 700 nm at 10 nm intervals.

III. COMPUTATION OF CAMERA RESPONSES

The specimens of each datasets were divided into two
groups, i.e. odd and even samples. The odd samples were
chosen as training data and used for extracting the
eigenvectors, while the even samples were employed for
testing purposes. The spectral sensitivities of three and six
channels of a typical camera reported by Connah et al.
[271, were used to calculate the RGB values of the samples
from their corresponding reflectance under illuminant D65.
Figure 1 shows the employed spectral sensitivities of
desired cameras.

Eq. (1) was used to compute the camera responses for
each sample.

700
0;= XR;Si1Ey, )
A=400

where O; is the camera responses of each channel i. R, ,
S;; and E, respectively indicate the spectral reflectance

of the sample, the spectral sensitivity of the ith camera
channel, and the spectral power distribution of the light
source. To encounter the random and quantization noise
effects, the computed camera outputs were subjected to the
desired level of proposed noise. In this study, three
different levels of quantization noise were implemented in

the range of i% LSB (least square bit) i.e. 4, 6, and 8 bit

quantization levels. Moreover, random noise was added as
a small random value which distributed normally with the
zero mean and a variable standard deviation (SD) at four
levels of 0.00625, 0.0125, 0.025, and 0.05 SD. According
to Connah et al. [28], reconstruction error increases with
increasing the SD of random noise.

Cameras with two different sets of detectors, i.e. the 3
and 6 channels, were examined. In order to calculate the
camera responses for each dataset, spectral sensitivities of
3 and 6 channels were respectively implemented. Due to
the fact that calculation of spectral sensitivities of six
channels needs multispectral cameras which aren’t always
accessible, we made use of two different illuminants, i.e.
D65 and A, to provide a 6 channels outputs from a 3
channels camera. In fact, two sets of RGB values (camera
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responses) were calculated under two different illuminants
and the collected responses were combined to produce 6
channels outputs. Finally, the cross training procedure was
also tried. In other words, Munsell dataset was used as the
training package and the other datasets were considered as
testing samples which were contaminated with different
types and levels of noise.
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Fig. 1. The spectral sensitivities of three (a) and six (b) channels cameras
[27].

IV. EMPLOYED REFLECTANCE RECOVERY METHODS

A. PI and wPI

In this study, the pseudo inverse technique was chosen
to evaluate and compare its noise robustness with other
common methods i.e. PCA and CCR techniques. Eq. (1)
can be rewritten in the matrix form as Eq. (2):
0=ATR, )
where O denotes camera responses of sample, A is the
projected matrix obtained from standard illuminant and
spectral sensitivity of camera channels, the superscript T
stands for matrix transpose and Ris the reflectance
spectrum of the surface [7]. Therefore, for a given set of
camera responses O, the unknown reflectance R can be

simply computed by inversion of matrix AT . Since A is
not a square matrix, the matrix inverse would not be
possible and the pseudo inverse matrix should be
employed. In this method, a transformation matrix, M,
maps the colorimetric values (RGB in the case of three
channels camera) to corresponding spectral reflectance
which is provided by Eq. (3):
R=MO. 3)
A set of calibration collections with given colorimetric
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and spectral properties were used to optimize matrix M.
As expected, O is not a square matrix and the generalized
inverse is required:

M =Rpinv(0), )
where, pinV(O) is the Moore-Penrose pseudo inverse of

matrix O and derived by minimizing the least-square error
of the difference between the original reflectance and the
estimated one [29]:

pinv(0) =07 (00" ], ®)
While the standard pseudo inverse method considers
equal weights for all spectral data in the main dataset, the
method proposed by Babaei ez al. [23] selectively controls
the influence of the reflectance data in the estimated
spectrum in the weighted PI (abbreviated by wPI) method.
In fact, the wPI method weighs the attending samples in
the database according to their color difference values
from the proposed sample. So, the wPI method was
employed in this study and compared to the other recovery

techniques. For a given dataset R, the weights were
introduced in a diagonal matrix W as:

w, 0 -« 0
0 w, 0

W= . , 6
0 .0 &)
0 - 0 w,

where, w; refers to RGB color difference values between
the samples in the dataset and the sample whose

reconstruction was aimed.

- ! %

VAR,V +(aG,) + (aB, )
So, by adding W in Eq. (3) Mcould be achieved by
Eq. (8).
M = RWpin{OW) ®

B. PCA and wPCA
Many multi spectral imaging techniques utilize the
inherent  smoothness of reflectance spectra by
implementation of low dimensional linear models. Thus,
the reflectance spectra, R, , sampled at k equal intervals
of wavelength A may be approximated by a weighted sum
of m basic functions B, ; with i€ 1...m, where m<k, so
that in matrix notation:
R, =B, V. ®
Therefore, at 10 nm intervals between 400 and 700 nm,
R, isa 31Xn matrix of reflectance values of n samples,
V is a mxn matrix of weights, and B;, is a 31xm

matrix of basis functions were column i contains the ith
basis function B;, . Column j of matrix V contains m

scalars that provide an efficient representation of the jth

reflectance spectrum. The method proposed by Maloney
and Wandell [30] assumes a linear camera model
represented by

C=M'R, (10
where, C is a matrix of camera responses and matrix M
contains wavelength-by-wavelength product of the total
spectral sensitivity of the camera and the spectral power
distribution of employed light source. If the linear model
representation of reflectance is substituted into Eq. (10),
then

C=AV, (11)

where, matrix A represents the product of M'B. The
surface reflectance factor may be recovered by Eq. (12):

V=A"C, (12)
where A* denotes the pseudo inverse of the matrix A that
is known if the spectral sensitivities of the camera’s
channels, the spectral power distribution of the applied
illuminant, and the spectral properties of the basic
functions are all known. Once the weighted matrix V is
computed, it is then easy to compute the reflectance
spectra from Eq. (9).

According to the study by Agahian et al. [21], to extract
the principal axes that maximize the weighted variance of
the projected data in the eigenvector subspace, the data
matrix R was multiplied with the weighting diagonal
matrix W (Eq. 6) and then, the eigenvector analysis is
performed on the weighted covariance matrix.

R=WR".
C. CCR and wCCR

Canonical correlation analysis was developed by
Hotelling [31] as a method of measuring the linear
relationship between two multidimensional variables. This
technique seeks to identify and quantify two bases, one for
each variable, that are optimal with respect to correlation
[32]. In fact, it focuses on the correlation between linear
combinations of two sets of variables instead of one in
PCA.

In the spectral reflectance recovery, two sets of variables
X and Y which respectively represent RGB responses of
digital cameras and reflectance data of a set of colored
samples could be considered [11]. X and Y are
respectively nxp and nxq matrices where n refers to the
number of specimens and p and q show the number of
color coordinates and wavelengths, respectively. The
covariance matrix of both datasets could be simply
determined by:

Cov(X)=3,, »
Cov(Y)=3,, ,
Cov(X,Y)= IR
As mentioned earlier, the CCA finds two sets of basis
vectors, one for X and the other for Y, such that the
correlations between the projections of the variables onto
these basis vectors are mutually maximized. Clearly, in the
case of spectral and colorimetric data, the number of
wavelengths is greater than the number of colorimetric
data (p<q), so the matrices share the same p largest

13)

(14)

eigenvalues, P12 > p% 22 pﬁ . Canonical correlation






