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Abstract: A method for spectral reflectance factor reconstruction based on wideband multi-
illuminant imaging was proposed, using a programmable LED lighting system and modified
Bare Bones Particle Swarm Optimization algorithms. From a set of 16 LEDs with different
spectral power distributions, nine light sources with correlated color temperatures in the range of
1924 K - 15746 K, most of them daylight simulators, were generated. Samples from three color
charts (X-Rite ColorChecker Digital SG, SCOCIE ScoColor paint chart, and SCOCIE ScoColor
textile chart), were captured by a color industrial camera under the nine light sources, and used
in sequence as training and/or testing colors. The spectral reconstruction models achieved under
multi-illuminant imaging were trained and tested using the canonical Bare Bones Particle Swarm
Optimization and its proposed modifications, along with six additional and commonly used
algorithms. The impacts of different illuminants, illuminant combinations, algorithms, and
training colors on reconstruction accuracy were studied comprehensively. The results indicated
that training colors covering larger regions of color space give more accurate reconstructions
of spectral reflectance factors, and combinations of two illuminants with a large difference
of correlated color temperature achieve more than twice the accuracy of that under a single
illuminant. Specifically, the average reconstruction error by the method proposed in this paper for
patches from two color charts under A + D90 light sources was 0.94 and 1.08 CIEDE2000 color
difference units. The results of the experiment also confirmed that some reconstruction algorithms
are unsuitable for predicting spectral reflectance factors from multi-illuminant images due to the
complexity of optimization problems and insufficient accuracy. The proposed reconstruction
method has many advantages, such as being simple in operation, with no requirement of prior
knowledge, and easy to implement in non-contact color measurement and color reproduction
devices.

© 2024 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Spectral reflectance is generally considered to be the main optical attribute of an opaque object.
Traditionally, spectrophotometers have been widely used to measure the spectral reflectance
factors of opaque objects. However, these instruments cannot be used to measure non-contactable
objects such as corrosive or high-temperature materials, curved surfaces, 3D objects, etc. Digital
photography with high resolution cameras can accurately capture the color and appearance
of a target object under a stable lighting condition, and can be used to measure the colors of
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objects [1,2]. Digital cameras have the advantage of being easy-to-use non-contact instruments,
useful for distinguishing small color changes in objects on a pixel basis. Spectral reflectance
reconstruction provides an effective way for color measurement, and avoids the metamerism
phenomenon in camera characterization based on CIE X Y Z tristimulus values [3]. Consequently,
over the past two decades, many researchers have focused on studying the reconstruction of
spectral reflectance factors from digital camera responses. The usual method for reconstructing
the spectral reflectance factor of a given object is to collect camera response data using a
black-and-white camera with tunable narrowband filters, or a color camera under a single light
source, and then apply specific algorithms, such as pseudo-inverse (PI) [4—7], Wiener estimation
(WE) [4,6,8-11], finite-dimensional modeling [12-16], back propagation neural network (BPNN)
[17], regularized least-squares (RLS) [18], and so forth.

In the past decade, a variety of spectral reflectance factor reconstruction methods based on
wideband imaging have been proposed. In 2010, Kandi [17] proposed BPNN for estimateing the
spectral reflectance of printed samples from digital camera responses under two light sources.
The networks were configured with six input neurons, 20 hidden neuron layers, and 31 output
neurons providing spectral reflectance values. The mean accuracy of the spectral reflectance
reconstructions achieved was approximately 2 CIELAB color difference units. In 1999, Hardeberg
[5] divided the spectral sensitivity of a camera in the visible spectrum into 2-3 regions, and
used 3 groups of LEDs as active lighting sources to cover these regions, obtaining an average
spectral reconstruction accuracy of 2.18 CIELAB color difference units. In 2017, Zhang et
al. [7] proposed a spectral reflectance estimation method based on CIE tristimulus values X
Y Z under multiple virtual light sources, a polynomial model, local training samples, and the
pseudo-inverse method, obtaining mean accuracies of 1.05 and 2.11 CIEDE2000 color difference
units under the illuminants and light sources tested for the different color charts, respectively. In
the same year, Liang et al. [19] proposed a spectral reflectance reconstruction method based on
nonlinear extended camera response and a pseudo-inverse algorithm, which improved accuracy
by smoothing spectral reflectance curves, and achieved a mean accuracy of 1.0 CIEDE2000 color
difference units. Also in 2017, Cao et al. [20] proposed a method for reconstructing spectral
reflectance by weighting samples in selected training groups. This method, it was found, could
effectively reduce the impact of noise on the reconstruction of spectral reflectance, but required
a large number of training samples and a long training time for each color tested. In 2018,
Chu et al. [16] proposed a multi-spectral imaging color measurement system with an active
LED lighting source and a black-and-white high-speed camera, using the output response of
the camera to reconstruct the spectral reflectance factors of objects with an average accuracy
of 2.3 CIELAB color difference units for the 24 samples from the X-Rite ColorChecker. In
2021, Li et al. [10] proposed reconstructing spectral reflectance from raw RGB camera data
using a weighted polynomial and the Wiener estimation method. This method predicted CIE
X Y Z tristimulus values under multiple light sources using the weighted least squares method,
extended by a third-order polynomial model, and the best performance was achieved using six
light sources. In 2022, Wang et al. [11] proposed establishing a basic equation from raw camera
data, including the covariance function of noise and reflectance. System noise was estimated
from training data, and the reflectance factors were reconstructed through the use of multiple
light sources and a modified Wiener estimation method (named DWE). For two commercial
cameras, the best accuracies of this system for Munsell colors were 1.59 and 1.40 CIELAB color
difference units over the combination of three light sources: D65, U30, and HZ.

It is worth mentioning that for printed samples the average value of visual threshold reported
by Huang et al. [21] was 1.1 CIELAB color difference units. In the automotive industry, color
differences below 1.0 CIELAB units are important [22], and so improving the accuracy of the
reconstructed spectral reflectance factors is an urgent need.
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Multispectral imaging (MSI) is a method for capturing images of an object by considering
multiple narrowband wavelength intervals in the visible and invisible parts of the spectrum.
MSI systems usually have the disadvantage of time-consuming operation, high manufacturing
costs, and low signal-to-noise ratio due to the narrow passband of filters. On the other hand,
multi-illuminant imaging (MII) is an easy method for capturing images of an object using multiple
wideband light sources in place of filters. In the current paper, a spectral reflectance factor
estimation method based on MII and modified Particle Swarm Optimization (PSO) algorithm was
proposed. Specifically, a system with 16 programmable LEDs and a color industrial camera were
used to produce nine light sources with different correlated color temperatures, and to capture
object images under such light sources. The spectral reflectance factors of objects were then
reconstructed from camera responses using the proposed PSO and classic algorithms.

2. Spectral reconstruction based on particle swarm optimization algorithm

The relationship between camera response and object spectral reflectance factor is usually
expressed by Eq. (1):

Vi(x,y) = [E(Q) Si(1) r(x,y; A) dA + ni(x,y) i=1,...,C, (D

where V;(x, y) is camera response at the point with coordinates (x, y) for the i color channel; E(1)
is the spectral power distribution of the light source; S;(1) is the camera sensitivity function of
the i channel; r(x, y; 1) is the spectral reflectance factor at the point with coordinates (x, y) and
wavelength A; n;(x, y) represents noise; and C is the total number of camera channels. For a
wideband MII system with a color camera, if the images are captured under only one light source,
C =3. If the images are captured in sequence under two light sources, C =6, and so on. Let us
assume that M is the number of samples, and N the number of spectral bands (typically N =31 for
wavelengths in the range from 400 to 700 nm at 10 nm intervals). Equation (1) can be rewritten
in matrix form, as shown in Eq. (2):

V=0R +n, 2)

where V is the (C x M) matrix of camera responses; R is the (N X M) matrix of spectral reflectance
factors; @ is the (Cx N) matrix of camera spectral responsivities, incorporating the spectral
power distribution of the lighting source, the spectral transmittances of narrowband filters, and
the spectral sensitivities of the digital camera; and n is a vector of image noise.

To solve Eq. (2) is to find the (N x C) conversion matrix G, so that:

R =GV, 3

where R is a (N x M) matrix denoting the estimated spectral reflectance factors, and V is the
(Cx M) matrix of camera responses. The key to achieving the desired spectral reflectance factor
reconstruction relies on the correct computation of transformation matrix G. Many algorithms
have been proposed for solving Eq. (3), such as pseudo-inverse (PI), Wiener estimation (WE), back
propagation neural network (BPNN), etc. The pseudo-inverse algorithm seeks a matrix G while
disregarding the additive noise of the system and may be affected by higher requirements of data
acquisition in the early stage. The classic Wiener estimation method requires a priori knowledge
of second-order statistics with respect to the original spectral reflectance and system noise, usually
estimated by the covariance or autocorrelation matrices of reflectance and noise in the training
data. If system noise during training and testing is different, the accuracy of reconstruction by this
method may be affected. To solve the nonlinear problem of camera responses, scholars have also
proposed several methods using polynomial extensions. For example, the 20-term polynomial
model proposed by Wang et al. [23] can meet general requirements (named Nonlin), although
the number of polynomial terms required is too large and over-fitting may occur. Amiri et al.
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[24] proposed a weighted pseudo-inverse method with a 17-term polynomial (named wt-nonlin),
where each test sample must be trained separately, implying a considerable amount of time for
restraining noise and selecting from a large number of training samples. Unfortunately, these
classic reconstruction algorithms may obtain a transformation matrix G that corresponds to a
local optimal solution when the optimized problem is complicated. Therefore, in the current
paper a global optimization algorithm based on Particle Swarm Optimization (PSO) is proposed
for the reconstruction of spectral reflectance factors.

PSO [25] is a bionic algorithm which simulates bird flock preying behavior, and is one of the
most used swarm intelligence algorithms. Each particle in the swarm represents one potential
optimal solution of the problem, e.g., the transformation matrix G in Eq. (3). The global optimal
solution of the problem can be found through the individual particles’ own optimal solutions as
well as information on the interaction between particles in the population. Among the advantages
of the swarm intelligence algorithm are its notable robustness, as well as the fact that individuals
interacting in the group are distributed, with no direct control center, and so the failure of a
few of those individuals may not affect the solution of the problem. The swarm intelligence
algorithm also possesses the characteristics of strong self-organization, and a simple structure
that is easy to implement and expand. It was therefore applied to the field of multi-illuminant
spectral reconstruction for the current paper.

The PSO algorithm was first proposed by J. Kennedy and R. Eberhart in 1995 [25], and, after
years of improvement, several modified PSO algorithms have been derived and widely used in
many fields. These include the fully informed PSO (FIPSO) [26], the bare bones PSO (BBPSO)
[27], and the quantum-behaved PSO (QPSO) [28].

The original PSO algorithm contains the following important parameters [25,29]: (1) the
individual learning factor of particles, also known as individual acceleration factor c; (2) the
particle social learning factor, also known as social acceleration factor c,; (3) inertia weight
of velocity designed as w; (4) after k iterations, the velocity of the /™ particle is vf ; (5) after
k iterations, the position of the i particle is xf.‘; (6) fitness value f(x) at position x; (7) after k
iterations, pBestf.c is the best position that the i particle passes by; (8) after k iterations, gBest*
is the best position that all particles pass through; (9) population size or particle swarm. While
it is easy to fall into local optimal solutions for small population sizes, larger population sizes
may imply longer computation times while improving convergence and leading to global optimal
solutions. When the particle swarm size achieves a certain value, further increases no longer
have a significant effect. Generally, sizes in the range 20~50 are sufficient.

After k iterations, the updated velocity and position of the i particle can be defined as:

V= wvf.H + ¢ rand (pBeslf.C - xff) + ¢ rand (gBest* — x;‘), ()

=+, 8

where rand means an evenly distributed random number between 0 and 1.
In PSO, the reconstructed reflectance factor ie(,') for the /™ wavelength band can be expressed
as:

R(j) =G() V. (6)
where j € [1,31] for a spectral range from 400 nm to 700 nm at 10 nm intervals, G(j) is the
general best position gBestk after k iterations (also the jth row of matrix G in Eq. (3)), and V are
camera responses. We used the 400-700 nm wavelength range because this is the range of the
X-Rite Ci64UV spectrophotometer employed for reference measurements of spectral reflectance
samples of our samples (section 3.2).

Fitness value f(x) at position x is defined as the root mean square error (RMSE) between the
reconstructed reflectance factor ﬁ(j) and the true reflectance factor R(j) for the total number of M
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The basic PSO algorithm has many parameters. Improved PSO algorithms, such as the
previously mentioned FIPSO, BBPSO or QPSO algorithms, reduce the number of parameters,
increasing convergence speed and improving optimization ability.

Kennedy [27] proposed using a Gaussian distribution to control particle evolution, as shown
in Eq. (8), which is known as the Bare Bones Particle Swarm Optimization (BBPSO) algorithm.
BBPSO is a more concise algorithm than PSO, eliminating the velocity attribute of particles
and proposing evolution following a random Gaussian distribution. The simple collaborative
probability search method introduced in the BBPSO can improve both the search efficiency and
the accuracy of the algorithm, and avoids the complex parameter settings of PSO. It is therefore
widely used.

training samples:

N((pBestf.‘ + gBest“)/2, |pBest{,‘ — gBest*|) r<0.5

x{_(+l — (8)

pBest{.‘ r>0.5

where N((pBest" + gBest")/2, |pBest* — gBest*|) represents a Gaussian distribution with a mean
of (pBestf + gBest*)/2 and a standard deviation of |pBestf — gBest|, and r is an evenly distrib-
uted random number in the range [0,1].

In order to improve the local exploration ability of the BBPSO algorithm and make it easy to go
beyond local optimal solutions, it is proposed here that either a Gaussian or a Cauchy distribution
be used for a diversity of particles (hereafter named GCBBPSO algorithm), as shown in Eq. (9):

il p pBestf.‘ + (1 = p) gBest* + |pBestf — gBest*| N(0,1) r<0.5 ©
X = N
l (ppBestf.‘ + (1 = p) gBest") (1 + rand C(0, 1)) r>0.5

where p, r, and rand are evenly distributed random numbers in the range [0,1]; N(0,1) and C(0,1)
are the standard Gaussian and Cauchy distributions, respectively; and C(a, ) can be computed
as indicated in Eq. (10):

B
tan(pr)

where p is an evenly distributed random number in the range [0,1].

In order to further improve the global exploration ability of this GCBBPSO algorithm, a
Cauchy perturbation was added to update the optimal position of all individuals, as shown in
Eq. (11):

Cla,B)=a - =a + B tan((p — 0.5)n), (10)

gBest’ = gBest* (1 + rand C(0, 1)). (11)

Using this Cauchy perturbation, the particles are explored again around the optimal position of
the swarm. If a better solution is found, the optimal position of the swarm is updated; if no better
solution is found, the original optimal position of the particles is maintained. It is helpful for
the particles to transcend potential local optimal solutions by the introduction of this Cauchy
perturbation. The pseudo-code for the reconstruction of spectral reflectance factors using the
proposed GCBBPSO algorithm is as follows:
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1 Initialize population;

2 for j=1 to 31 (i.e. for wavelength from 400 nm to 700 nm in steps of 10 nm) do

3 Randomly generate G(j);

4 Compute fitness value f(x) from Equation (7) using x = G(j);
5 Find out pBestk and gBest* based on f(x);

6 for k=1 to maxlteration do

7 Update particles positions using Equation (9);

8 Compute new fitness values f(x) using Equation (7);

9 Update pBestk and gBest* from new positions;

10 Cauchy perturbation: Compute gBest' from gBest® using Equation (11);
11 Compute fitness value f(gBest’) of perturbation gBest';
12 it f(gBest’) < f(gBest¥) then

13 gBestk = gBest’;

14 end if

15 end for k

16  Update G(j) by gBest;

17 end for j

In this pseudo-code, maxIteration represents the maximum number of iterations, depending on
the desired reconstruction accuracy, and was 20,000 in the current study.

The proposed GCBBPSO can be further extended as GCBBPSO’ based on nonlinear extended
camera responses V in order to address the nonlinear relationship between camera responses and
reflectance factors.

3. Experimental method

Our workflow for spectral reflectance factor reconstruction based on MII is shown in Fig. 1,
where the flowcharts marked in blue dotted, and green broken boxes are the training, and testing
parts, respectively.
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Fig. 1. Workflow for spectral reflectance factors reconstruction based on multi-illuminant
imaging.
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3.1.  Fitting multiplex LED light sources

Traditional light booths, also known as color cabinets, provide six different fixed light sources at
most, with different correlated color temperatures. Users manually select from these light sources
for specific purposes without any kind of computer control. With the continuous development
and improvement of LED lighting technology, it is an inevitable trend to use LEDs as light
sources for future color measuring instruments [30,31]. In addition to the characteristics of high
luminous efficiency, environmental friendliness, long life, small size, anti-vibration, etc., LEDs
also have advantages of fast response speed and easy computer control.

In order to study the impact of light sources on the reconstruction of spectral reflectance factors,
16 LEDs with different spectral power distributions (SPDs) were controlled by a computer to
generate the nine light sources employed in the experiment. These light sources were constructed
by curve fitting techniques, in an attempt to approach the SPDs of several CIE illuminants with
correlated color temperatures (CCTs) in a relatively wide range (1924 - 15746 K) [32]. The
intensity of each LED could be programmed to control the amount of current passing through it,
and different light sources were constructed.

The relative SPDs of the 16 LEDs used in this study are shown in Fig. 2(a), while the relative
SPDs of the nine selected light sources used in the experiment are shown in Fig. 2(b). Table 1
shows information regarding these nine light sources including name, illuminance, CCT, and
general color rendering index (Ra). We selected the three standard illuminants currently adopted
by the CIE (A, D50 and D65) plus five additional CIE daylight illuminants with CCTs in the
range of 7473 -15746 K, plus one horizont light (HZ) which is close to candle light or light at
sunset or sunrise. Program-controlled multiplex LED systems can generate light sources with
specific SPDs, as well as sources with high values of color rendering indices (except for D160).
To simplify the description, the names of the light sources used in this study (Table 1, except for
HZ) were the same than those of the corresponding CIE illuminants.
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Fig. 2. Spectral power distribution of (a) 16 selected LEDs, (b) the nine light sources used
in the experiment; A and D90 are plotted with broken and dotted lines for special attention.

Table 1. Information on the nine light sources used in the experiment.

Name HZ A D50 D65 D75 D90 D100 D120 D160
Illuminance (Ix) 347 523 694 806 631 1340 1160 934 833
CCT (K) 1924 2867 4767 6459 7473 8832 10052 12242 15746

Ra 99 95 98 98 98 97 95 98 87
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3.2.  Acquisition of experimental data

Images were obtained using a DigiColor light booth produced by Zhejiang SCOCIE Instrument,
China, as shown in Fig. 3. LED clusters, including the 16 abovementioned LEDs (Fig. 2(a)),
were evenly distributed on both bottom sides of the booth, with four LED clusters on each side.
The light emitted at each side was scattered by a diffuse plate, reflected by an aspherical mirror,
and diffused through the inner walls and arch dome of the light booth to uniformly illuminate the
object placed on the floor of the booth. This particular light booth provided a closed environment
which allowed uniform controlled lighting of the object to be measured. An industrial color
camera was mounted perpendicularly at the top, in the center of the dome, with a vertical distance
of 80 cm to the floor. Specifically, a Daheng color camera model ME2P-1230-23U3C was
used, with a lens of 16 mm focal length, providing a resolution of 4096 x 3000 pixels and 12
bits depth. This camera is suitable for industrial inspection, medical and scientific research,
education, and security applications. The camera controlling software was generated from a
software development kit provided by Daheng, including camera setting, image acquisition, and
image processing, and was integrated with the LED controlling software. The camera settings
used in the experiment were fixed in aperture, shutter speed, and white balance (D65) to avoid
overexposure of patches in the three color charts employed (Fig. 4) under the nine light sources
considered. The images captured were used without further image processing after demosaicing.
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Fig. 3. Scheme of the DigiColor light booth (Zhejiang SCOCIE Instrument, China) used in
the experiment.

(a) (b) (©

Fig. 4. Sets of samples in the three color charts ((a) SG140, (b) SP240, and (c) ST240) used
in the experiment.

The three color charts shown in Fig. 4 were used in the experiment, a ColorChecker Digital
chart (SG140) from X-Rite, a ScoColor V2.0 chart (SP240), and a ScoColor V3.0 chart (ST240),
both of the latter from Zhejiang SCOCIE Instrument, China. Table 2 shows information on these
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three color charts, including full and abbreviated names, the number of color patches and gamut
volume in the CIELAB color space L*, a*, b* [32], assuming the illuminant D65 and the CIE
1931 standard colorimetric observer. It can be seen that the three charts are made from two
different materials and have different gamut volumes. For each sample in these three charts, the
spectral reflectance factor in the range of 400-700 nm with intervals of 10 nm was measured,
using a portable spectrophotometer Ci64UV from X-Rite, with medium aperture and specular
component included. Manufacturer’s instructions were followed for these measurements, after
proper calibration of the instrument using supplied white and black standards. In order to reduce
measurement uncertainties caused by random noise, each color patch in the three color charts
was measured three times, and the average value was taken as the target data of the experiment.

Table 2. Information on the three color charts used in the experiment.

Name Abbreviate name Number of colors Material Gamut volume (CIELAB units)
ColorChecker Digital SG SG140 140 paint 254705
ScoColor V2.0 SP240 240 paint 248931
ScoColor V3.0 ST240 240 textile 361038

In our experiment, the above three color charts were in turn placed on the floor of the light box,
and the computer software lit up the LED clusters according to the recipe of the nine light sources.
At the same time, the software drove the camera to collect the image from the color chart under
each light source. Overall, 27 images (3 color charts X 9 light sources) were collected, and the
average RGB values of each color patch in each color chart were extracted using self-developed
image processing software. Considering that the color charts had 140 or 240 samples, a total
of 140 x9 +240x 2 x9=15,580 sets of RGB data were obtained, and were used as the original
experimental data for the current study.

4. Results and discussion

4.1. Impact of training samples on reconstruction accuracy using the GCBBPSO
algorithm

To explore the effect of training samples on the accuracy of reconstruction of spectral reflectance
factors, the samples from each one of the three color charts employed (SG140, SP240, and
ST240) were selected in turn as training samples, and the samples in the two remaining color
charts were treated as test samples. The GCBBPSO proposed algorithm was used to conduct the
current study, based on each of the nine light sources. Reconstruction accuracies in terms of
CIEDE2000 color difference AEq units [33,34] are shown in Table 3. One CIEDE2000 unit is
roughly equivalent to 0.65 CIELAB units [35].

Table 3 shows that reconstruction accuracy for test samples under different light sources
was basically similar (mean in range 2.11 - 2.62 CIEDE2000 units), especially under daylight
illuminants and ‘Test 3’. This means that if the reconstruction models are trained using ST240,
which had the largest gamut volume, very similar prediction accuracies will be given for all tested
samples. The main requirement for selecting a given set of training samples is not only a large
number of color patches, but also a large color gamut to ensure that the reconstruction model can
achieve the highest reconstruction accuracy for all tested samples. Therefore, in the following
studies, the samples in the ST240 color chart will be used as training samples, SG140 and SP240
chart as test samples.

4.2. Impact of different algorithms on reconstruction accuracy

In order to reveal the effect of different algorithms on the reconstruction accuracy of spectral
reflectance factors, the performance of several algorithms was compared, including the proposed
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Table 3. Training (3 color charts) and testing accuracy (AEq units) under nine light sources.

Light Train 1 Tests 1 Train 2 Tests 2 Train3  Tests 3

Sources SG140 SP240 ST240 SP240 SG140 ST240 ST240 SG140 SP240
HZ 7.21 5.64 6.86 545 7.40 6.89 6.61 8.73 7.05
A 3.17 2.64 3.38 2.34 3.17 3.47 3.06 3.76 3.04
D50 1.73 1.70 2.32 1.51 1.88 2.38 1.95 2.10 1.88
D65 1.51 1.64 2.11 1.41 1.64 2.06 1.73 1.70 1.66
D75 1.37 1.57 1.99 1.36 1.49 1.90 1.62 1.57 1.58
D90 1.23 1.46 1.70 1.22 1.38 1.65 1.48 1.41 1.43
D100 1.18 1.45 1.66 1.18 1.37 1.54 1.43 1.33 1.34
D120 1.21 1.45 1.76 1.24 1.37 1.71 1.53 1.42 1.44
D160 1.24 1.46 1.76 1.31 1.45 1.70 1.58 1.47 1.43
Mean 221 2.11 2.62 1.89 2.35 2.59 233 2.61 2.32

GCBBPSO algorithm and its nonlinear extension version GCBBPSO’, the original PSO, BBPSO,
and six other commonly used algorithms: WE, PI, DWE, RLS [18], Nonlin [23], and wt-nonlin
[24]. Here, a 17-term polynomial model for the nonlinear extension of camera responses was
used in the GCBBPSO’, Nonlin and wt-nonlin algorithms. RLS is the regularized least squares
algorithm, usually used for solving linear problems. Test results for the SG140 and SP240 color
charts under the nine light sources are shown in Tables 4 and 5, respectively. The last columns
in Tables 4 and 5 show the average values of the corresponding algorithms under all nine light
sources, while the last rows show the average values of all algorithms under each illuminant
(numbers in bold indicate lowest average values).

Table 4. Reconstruction accuracy for SG140 (AEq units), using different algorithms
under nine light sources.

SG140 HZ A D50 D65 D75 D9 D100 D120 D160 | Mean
WE 878 376 210 170 157 141 133 1.42 1.47 2.61
PI 873 376 210 170 157 141 133 1.42 1.47 2.61
DWE 871 342 199 171 159 146 145 1.47 1.52 2.59
RLS 810 373 210 170 157 141 133 1.42 1.47 2.54
Nonlin 634 372 209 172 162 144 131 1.51 1.47 2.36
wt-nonlin 625 347 194 158 150 134 1.24 1.42 1.37 2.23
PSO 873 376 210 170 157 141 133 1.42 1.47 2.61
BBPSO 873 376 210 170 157 141 133 1.42 1.47 2.61
GCBBPSO 873 376 210 170 157 141 133 1.42 1.47 2.61
GCBBPSO® 633 386 209 170 163 145 140 1.51 1.48 2.39
Mean 794 370 207 169 158 141 134 1.44 1.47 2.52

As shown in Tables 4 and 5, the differences in reconstruction accuracy between the ten tested
algorithms were not very large under a single illuminant. For example, the maximum differences
between different algorithms were less than 0.5 AEy units for the two groups of tests except
for that of the HZ light source. If we compare the performance of the ten algorithms, it can
be seen that the three algorithms based on particle swarm optimization (PSO, BBPSO, and
GCBBPSO0), and the two classic algorithms (WE and PI) provided almost the same results for
the samples in the SG140 (Table 4) and SP240 (Table 5) color charts. This suggests that the
transformation matrix achieved by the WE and PI algorithms is perhaps the global optimal
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Table 5. Reconstruction accuracy for SP240 (AEq units), using different algorithms
under nine light sources.

SP240 HZ A D50 D65 D75 D9 D100 D120 D160 | Mean
WE 7.10 3.04 189 166 158 144 134 1.44 1.43 2.32
PI 705 3.04 188 166 158 143 134 1.44 1.43 2.32
DWE 692 280 198 183 177 165 1.58 1.66 1.66 2.43
RLS 6.68 3.01 188 1.65 158 143 134 1.44 1.43 2.27
Nonlin 627 327 201 162 148 129 1.14 1.33 1.28 2.19
wt-nonlin 620 3.10 188 153 139 123 1.10 1.26 1.18 2.10
PSO 705 3.04 188 1.66 158 143 134 1.44 1.43 2.32
BBPSO 705 3.04 188 166 158 143 1.34 1.44 1.43 2.32
GCBBPSO 705 3.04 188 1.66 158 143 1.34 1.44 1.43 2.32
GCBBPSO’ 6.08 3.17 196 160 148 129 1.18 1.33 1.28 2.15
Mean 6.74 305 191 165 156 141 130 1.42 1.40 2.27

solution under any single light source, and the three versions of the PSO algorithm arrived at
just such a solution for the current relatively simple optimization problem. On the other hand,
potential noise processing mechanisms in our algorithms seem not to be relevant, at least for
single illuminants. From Tables 4 and 5, it can be seen that the three algorithms with nonlinear
extended camera responses (GCBBPSO’, Nonlin and wt-nonlin) performed best, implying the
existence of a relevant nonlinear relationship between spectral reflectance factors and camera
responses. From Tables 4 and 5, average accuracy for all illuminants and algorithms tested was
2.52 and 2.27 CIEDE2000 units (equivalent to 3.9 and 3.5 CIELAB units [35]), respectively.

4.3. Impact of CCT of different illuminants on reconstruction accuracy

From Tables 4 and 5, regardless of the selected algorithm, reconstruction accuracy increases with
the correlated color temperature of the light source from 1924 K to 10052 K (i.e., HZ to D100
sources). The highest reconstruction accuracy was achieved for a CCT around 10000 K (D100
source), and then there was a decreasing trend for sources with CCTs in the range of 10052 K
to 15746 K (i.e., D100 to D160 sources). From current experimental data, it can be concluded
that, using only one light source, the best reconstruction accuracy of spectral reflectance factors
was achieved for a daylight source with a CCT of around 10000 K. Specifically, from Tables 4
and 5, average accuracy for all algorithms tested under D100 was 1.34 and 1.30 CIEDE2000
units (equivalent to about 2.0 CIELAB units [35]) for SG140 (Table 4) and SP240 (Table 5),
respectively. In any case, this level of accuracy still exceeds the requirements (i.e., 1.0 CIELAB
unit) of some industries [21,22].

4.4. Impact of combination of several illuminants on the reconstruction accuracy

In order to further improve the reconstruction accuracy of spectral reflectance factors, we
examined the operation of the algorithms employed with data obtained under more than one light
source.

First, the effect on reconstruction accuracy of 36 two-sources combinations from the nine
light sources was studied. Reconstruction accuracy in terms of AEy for the test samples in the
SG140 and SP240 color charts is shown in Tables 6 and 7, respectively. Under all two-source
combinations tested, the last columns in Tables 6 and 7 show the average accuracy for the eight
algorithms (excluding PSO and BBPSO which showed results divergent to those from remaining
algortihms), while the last rows show the average accuracy for each algorithm.
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Table 6. Reconstruction accuracy for SG140 (AEg units) under different two-source
combinations. Mean values in the last column excluded divergent results from the PSO and

BBPSO algorithms.
SG140 WE PI DWE RLS Nonlin wt-nonlin PSO BBPSO GCBBPSO GCBBPSO’ | Mean
HZ+A 223 269 2.86 190 1.99 1.66 2.69 3490 2.69 2.68 2.34
HZ + D50 1.30 1.11 093 138 1.15 1.00 .11 11.82 111 1.46 1.18
HZ + D65 1.17 1.03 093 129 1.12 095 1.03 1226 1.03 1.33 1.11
HZ + D75 121 1.07 098 1.18 1.22 1.03 1.07 10.64 1.07 1.37 1.14
HZ + D90 1.18 099 1.01 1.02 1.03 0.83 099 2217  0.99 1.02 1.01
HZ+D100 141 1.19 1.09 1.06 1.02 087 1.19 1030 1.19 0.99 1.10
HZ+D120 1.05 098 0.92 097 1.15 0.94 098 1948 098 1.21 1.02
HZ+D160 131 1.09 1.11 098 1.18 1.02 1.09 20.83 1.09 1.16 1.12
A+D50 120 1.13 097 158 1.13 1.11 .13 28.10 1.13 1.29 1.19
A+D65 099 098 096 136 1.19 095 098 1557  0.98 1.44 1.11
A+D75 .15 1.13 124 119 134 1.03 1.13  18.53 1.13 1.56 1.22
A +D90 091 090 0.88 1.05 1.05 0.83 090 31.09 0.90 1.06 0.94
A +D100 1.19 1.15 091 109 1.12 091 1.73 2762 1.15 1.20 1.09
A+DI20 093 092 091 1.00 1.08 0.89 091 2717 092 0.99 0.95
A +D160 129 1.16 136 1.00 1.14  0.88 1.16  15.07 1.16 1.21 1.15
D50 + D65 138 1.32 128 136 135 1.22 1.52 3330 1.32 1.41 1.33
D50+ D75 1.38 2.07 1.88 131 1091 1.90 2.07 3636  2.02 1.29 1.72
D50 + D90 1.14 1.11 126 099 1.10 096 574 26.00 1.16 1.07 1.10
D50+D100 126 1.25 127 1.04 121 0.99 16.59 30.23 1.25 1.11 1.17
D50+D120 1.14 133 148 097 138 1.06 2.07  30.73 1.19 1.06 1.20
D50+D160 1.14 1.12 1.07 0.96 1.30 1.13 .12 2572 1.12 1.04 1.11
D65 + D75 123 1.71 154 156 197 1.97 1.71 28.14  1.69 2.39 1.76
D65 + D90 .11 124 137 127 1.15 0.96 3.89 2853 1.24 1.38 1.21
D65+D100 1.01 1.07 1.11 1.13 1.18 1.00 6.55 26.04 1.07 1.17 1.09
D65+DI120 1.06 1.20 1.15 1.16 1.26 1.26 1.20 3445 1.20 1.55 1.23
D65+D160 094 096 095 095 120 097 096 29.14 095 1.13 1.01
D75 + D90 1.62 191 188 1.74 1.60 1.28 2041 3464 192 1.46 1.68
D75+D100 132 1.24 1.13 134 1.63 1.79 9.52 3036 1.24 1.48 1.40
D75+DI120 1.14 134 140 1.27 150 1.17 1.34 2734 133 1.60 1.34
D75+D160 134 132 137 127 157 1.18 145 2876  1.33 1.19 1.32
D90+D100 1.02 1.04 1.03 1.08 1.16 1.13 1.59 27.28 1.03 1.20 1.09
D90+DI120 139 1.75 1.65 136 1.67 1.95 291 3479 173 1.59 1.64
D90+D160 0.87 0.88 0.99 0.89 0.98 0.91 0.88 3234  0.88 1.06 0.93
D100+DI120 138 1.33 139 1.26 1.30 1.87 13.82 36.88 1.33 1.30 1.39
D100+D160 097 099 1.02 099 1.10 0.97 1.33 2837 0098 1.13 1.02
D120+D160 1.05 1.03 1.15 1.01 1.12 093 1.03 2752 1.04 1.09 1.05
Mean 1.21 124 123 1.19 129 1.15 322 26.18 1.24 1.32 1.23

As shown in Tables 6 and 7, adding a second light source can improve reconstruction accuracy.
For example, the average accuracy of the eight algorithms (except PSO and BBPSO) under
most two-source combinations (except HZ + A) is below 1.5 AEy units, roughly equivalent
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Table 7. Reconstruction accuracy for SP240 (AEqo units) under different two-source
combinations. Mean values in the last column excluded divergent results from the PSO and

BBPSO algorithms.
SP240 WE PI DWE RLS Nonlin wt-nonlin PSO BBPSO GCBBPSO GCBBPSO’ | Mean
HZ+A 2.15 219 2.17 214 1.82 1.82 219 2726 219 2.16 2.08
HZ + D50 133 1.21 1.12 149 123 1.11 121 1084 121 1.41 1.26
HZ + D65 1.17 1.07 1.11 137 1.23 1.00 1.07 14.01 1.07 1.32 1.17
HZ + D75 1.19 1.10 1.12 133 1.27 1.05 1.10 4.94 1.10 1.23 1.17
HZ + D90 122 1.10 1.08 121 1.16 097 1.10  11.28 1.10 1.15 1.12
HZ+D100 128 1.14 1.08 1.15 1.15 0.99 1.14 14.23 1.14 1.06 1.13
HZ+DI120 1.12 1.05 1.1l 122 1.19 095 1.06 14.88 1.05 1.11 1.10
HZ+D160 129 1.14 1.05 120 1.16 1.03 1.14  18.57 1.14 1.17 1.15
A +D50 1.23 1.18 1.14 141 129 1.12 1.18 1743 1.18 1.19 1.22
A+D65 1.08 1.05 1.10 1.27 1.27 0.99 1.05 14.78 1.05 1.09 1.11
A+D75 1.09 1.07 1.17 124 138 1.04 1.07  23.75 1.07 1.49 1.19
A +D90 1.06 1.03 1.07 1.13 123 0.97 1.03  15.75 1.03 1.09 1.08
A +D100 1.17 112 1.07 1.08 1.30 1.02 1.10 2437 1.12 1.11 1.12
A+DI20 1.06 1.06 1.17 1.17 132 098 1.06 1759  1.06 1.16 1.12
A +D160 127 117 124 1.11 130 1.01 1.17 1336  1.17 1.14 1.18
D50 + D65 141 130 155 135 1.36 1.20 130 29.10 131 1.33 1.35
D50+ D75 1.12 120 1.28 121 14l 1.19 1.20 2421 1.18 1.28 1.23
D50 + D90 124 1.15 132 1.12 1.16 096 6.01 2427 1.12 1.05 1.14
D50+D100 1.18 1.14 121 1.05 1.19 1.00 924 3212 1.15 1.11 1.13
D50+DI120 1.26 122 147 1.19 132 094 1.39 2635 1.31 1.17 1.23
D50+D160 1.10 1.06 1.09 1.08 1.11 0.96 1.06  31.97 1.06 1.06 1.07
D65 + D75 123 1.28 131 125 1.28 1.25 1.28 30.76  1.28 1.45 1.29
D65 + D90 1.15 1.16 126 120 1.15 1.04 4.87 27.09 1.16 1.44 1.19
D65+D100 1.00 099 1.13 1.06 1.17 1.00 1.75 2439  1.00 1.04 1.05
D65+DI120 1.08 1.09 1.18 1.13 1.10 097 1.09 3032  1.09 1.21 1.11
D65+D160 1.07 1.06 1.19 1.06 1.13 0.89 1.06  29.04 1.06 0.98 1.05
D75 + D90 1.39 148 151 143 1.18 1.18 11.88 27.99 148 1.36 1.38
D75+D100 1.12 1.07 1.17 1.15 1.34 1.29 8.53 2543 1.07 1.22 1.18
D75+DI120 126 1.27 138 130 1.32 1.04 1.27 2950 1.27 1.17 1.25
D75+D160 124 121 135 1.19 130 098 121 3547 1.20 1.10 1.20
D90+D100 1.07 1.08 1.15 1.03 1.22 1.11 410 31.13 1.08 1.16 1.11
D90+DI120 120 136 1.52 1.22 1.30 1.35 298 3334 135 1.37 1.34
D90+D160 1.13 1.13 141 1.14 1.05 0.95 1.13  26.77 1.14 1.08 1.13
D100+DI120 1.37 132 144 124 123 1.48 10.40 26.18 1.32 1.19 1.33
D100+D160 1.12 1.13 132 1.12 1.01 0.95 1.13  31.28 1.14 1.12 1.11
D120+D160 1.18 1.16 138 1.15 1.17 0.89 .16 31.07 1.17 1.06 1.14
Mean 1.21 1.18 126 123 1.24 1.07 2.55 23.63 1.18 1.22 1.20

to 2.3 CIELAB units [35]. It can also be noted that the reconstruction accuracy of different
two light sources combinations is slightly different. The last rows of Tables 6 and 7 show that
the original PSO and BBPSO failed to solve the current problem, while the remaining eight
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algorithms performed similarly in such a way that average accuracy ranges from 1.07 to 1.32
AEy units under all two-source combinations. It can also be seen from Tables 6 and 7 that the
highest accuracy was found for the combination of A and D90, where the averages for the eight
algorithms were 0.94 and 1.08 AE units (around 1.45 and 1.66 CIELAB units [35]) for SG140
and SP240, respectively.

We further investigated the optimal number of combinations of light sources for achieving
the best reconstructions of spectral reflectance factors, and the average results found for the
different algorithms are shown in Tables 8 and 9, where the values in bold indicate the best
source combinations for each algorithm. From Tables 8 and 9, it can be noted that the PSO and
BBSPO did not work well under combinations of more than two sources due to the low diversity
of particles and the complexity of the optimization problem. However, the proposed GCBBPSO
and GCBBPSO’, based on BBPSO, worked sufficiently well in all cases tested. It is confirmed
that, compared with the original PSO and BBPSO algorithms, the proposed GCBBPSO and
GCBBPSO’ algorithms are effective for finding optimal solutions to complex problems like this.

Table 8. Average reconstruction accuracy (AEgg units) for SG140 under different numbers of
combinations of our nine light sources. Bold numbers indicate best accuracy for each method.

Number of  Number of WE PI DWE RLS Nonlin wt-nonlin PSO BBPSO GCBBPSO GCBBPSO’
light sources combinations

1 9 2.61 2.61 259 254 236 223 2.61 2.61 2.61 2.39
2 36 121 1.24 1.23 119 129 115 322 2618 1.24 1.32
3 84 1.12 1.39 141 134 138 121 28.23 3292 134 1.18
4 126 1.12 1.74 1.82 1.68 1.42  1.33 31.51 33.59 1.55 1.13
5 126 1.13 2.07 2.17 2.02 150 1.44 32.60 3393 1.67 1.11
6 84 1.13 233 244 231 1.62 153 33.05 33.64 1.69 1.10
7 36 1.13 253 2.64 252 183 1.60 34.45 3420 1.73 1.09
8 9 1.12 2.66 2.77 2.67 220 1.65 33.63 33.72 1.64 1.07
9 1 1.11 2.75 2.87 276 291 1.69 34.08 33.04 1.95 1.06

Table 9. Average reconstruction accuracy (AEgg units) for SP240 under different numbers of
combinations of our nine light sources. Bold numbers indicate best accuracy for each method.

Number of  Number of WE PI DWE RLS Nonlin wt-nonlin PSO BBPSO GCBBPSO GCBBPSO’
light sources combinations

1 9 232 232 243 227 219 210 232 232 2.32 2.15
2 36 121 118 126 123 1.24 1.07 255 23.63 1.18 1.22
3 84 1.16 1.18 1.19 1.20 1.23 1.05 24.62 3129 1.18 1.15
4 126 1.17 1.27 128 125 122 1.06 29.59 32.16  1.23 1.12
5 126 1.18 134 136 132 124 1.07 30.77 3272 1.25 1.13
6 84 1.17 140 143 139 131 1.08 3141 3252 1.27 1.12
7 36 1.17 144 147 144 140 1.11 31.71 32.80 1.28 1.10
8 9 1.16 1.46 1.50 148 154 1.13 30.89 32.02 1.18 1.12
9 1 115 146 151 150 1.77 1.16 35.11 36.17 1.14 1.18

From Tables 8 and 9, it is noted that most algorithms achieved better spectral reconstruction
accuracy using two or three sources. However, a further increase in the number of light sources
has little impact on reconstruction accuracy and increases both storage resources and computation
times. In addition, some algorithms, such as PI, DWE, RLS, Nonlin, PSO and BBPSO, may
predict spectral reflectance factors with relatively low accuracy. For example, for the SG140
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chart (Table 8) the best reconstruction accuracy for the WE algorithm was reached using three
sources, while for the PI, Nonlin, wt-nonlin, DWE, RLS and GCBBPSO this was achieved using
only two. Similarly, for the SP240 chart (Table 9), most algorithms reached their best accuracy
using two or three sources. Based on the above analyses and discussion, it is recommended that
the A and D90 light sources be used for optimal reconstruction of spectral reflectance factors in
multi-illuminant imaging.

From Tables 8 and 9, it can also be observed that the WE and GCBBPSO’ algorithms performed
similarly, and in fact outperformed the other algorithms in most cases. However, compared with
iterative algorithms based on PSO, WE has the advantage of simplicity and speed. It is worth
mentioning that there are many different versions of the Wiener estimation algorithm, e.g., the
DWE and WE used in the current study. However, WE [8] performed slightly better than DWE
in the current experiment. DWE and WE used different methods for estimating second-order
statistics for the original spectral reflectance and system noise, based on different assumptions
of camera channel independence: DWE employed covariance matrices [10], while WE utilized
autocorrelation matrices [8] of reflectance and noise in the training data. For single light sources
(Tables 4 and 5) or pairs of light sources (Tables 6 and 7), the performance of DWE and WE is
similar. However, the more light sources there are in a combination, the larger the difference
between DWE and WE because the noise of different channels should be relatively independent
for different light sources, and DWE may overestimate the noise by using a covariance matrix.

In comparing the performance of the Nonlin, wt-nonlin, and GCBBPSO’ algorithms, with a
nonlinear extension of camera response, the GCBBPSO’ outperformed the other two algorithms.

As an example of the findings, Fig. 5(a) shows the measured and predicted spectral reflectance
factors (under A + D90) from different algorithms (without considering BBPSO) for the color
patch with the smallest color difference (Row 2, Column G in the SG140 chart, with a mean value
of 0.35 AE units). Similarly, Fig. 5(b) shows analogous results for the color patch with the
largest color difference (Row 4, Column G in the SG140 chart, with a mean of 2.24 AEy units).
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Fig. 5. Measured and reconstructed spectral reflectance factors of two color patches with
(a) minimum and (b) maximum average CIEDE2000 color differences under a combination
of A and D90 for each of the algorithms tested.

5. Conclusions

A method of spectral reflectance factor reconstruction based on wideband multi-illuminant
imaging and modified particle swarm optimization (GCBBPSO, and GCBBPSO’) algorithms is
proposed. In the experiment, nine light sources with correlated color temperatures in the range
1924 K - 15746 K were employed by a program-controlled multiplex LED lighting system. Images
of samples in three training and/or testing color charts were captured by a color camera under
nine different light sources, and the spectral reconstruction models were trained and/or tested
using ten different algorithms, including the proposed GCBBPSO and GCBBPSO’ algorithms
under a total of 511 different light source combinations, with from one to nine light sources in
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each combination. The results show that the proposed GCBBPSO and GCBBPSO’ algorithms
can solve complicated optimization problems such as the one under study, and predict spectral
reflectance factors from multi-illuminant images with reasonable accuracy. It is suggested
that the GCBBPSO’ or WE algorithm be used for predicting spectral reflectance factors from
multi-illuminant images. The best average accuracy achieved in the current experiment was 0.94
and 1.08 CIEDE2000 color difference units, using a combination of A and D90 light sources for
the two color charts tested, respectively.
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