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Abstract. This paper presents a comprehensive experimental eval-
uation of spectral reconstruction methods in multispectral imaging
systems, focusing on two multispectral camera technologies with
differing spectral characteristics: spectral filter array and filter wheel.
These systems were assessed under a controlled LED-based illumi-
nation setup. A range of reconstruction methods, encompassing both
model-based and training-based approaches, were analyzed in their
baseline forms as well as in adaptive configurations, which select op-
timal local training subsets based on spectral reflectance or camera
response similarity. Experiments were conducted using a custom-
built imaging setup and two well-characterized spectral reflectance
datasets: the standard Munsell and the Munsell Student Color sets.

Results demonstrate that training-based methods significantly
outperform model-based methods in both spectral and colorimetric
accuracy. Adaptive dataset selection further enhances performance
in many cases, particularly for the SpectroCam filter wheel camera.
The influence of illumination on reconstruction accuracy is also
examined, revealing that model-based methods are especially
sensitive to the spectral power distribution of the light source. These
findings offer practical and technical guidance for the design and
calibration of multispectral imaging systems aimed at achieving
high-accuracy spectral recovery.
Keywords: spectral reconstruction, spectral recovery, reflectance
estimation, multispectral imaging, multispectral camera.
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1. INTRODUCTION
Multispectral imaging has emerged as a pivotal technology
with applications spanning fields such as remote sensing [1],
medical imaging [2], cultural heritage [3], and material
analysis [4]. To ensure the accuracy and consistency of
measurements, radiometric calibration is indispensable for
these systems as it establishes the relationship between the
physical scene and the recorded image values. Accurate
radiometric calibration enables devices to deliver repro-
ducible measurements, fostering reliable comparisons across
different imaging systems.

In the context of conventional cameras, radiometric
calibration is typically understood to involve two interrelated
components: calibration and characterization. Calibration
refers to configuring the imaging system to exhibit re-
peatable and reproducible behavior under well-defined
conditions. Characterization, by contrast, establishes the
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mapping between the device-dependent color space and
the standard CIE colorimetric system [5, 6]. The latter
is commonly referred to as colorimetric or conventional
characterization, whereas spectral characterization is defined
as the measurement or estimation of the camera’s spectral
sensitivity functions [7].

Multispectral imaging systems, although sharing fun-
damental optical principles with conventional cameras,
often require distinct radiometric calibration approaches
due to their higher-dimensional data, nonuniversal sensor
designs, diverse filter layouts, and spectral channel scanning
mechanisms. By extending the characterization framework
established for conventional color imaging devices, existing
studies on multispectral cameras can be broadly categorized
into two primary approaches.

The first approach, referred to as multispectral camera
colorimetric characterization, treats a multispectral cam-
era analogously to a conventional camera by deriving a
transformation matrix that maps the device-dependent
sensor space to a device-independent colorimetric space,
such as CIE XYZ [8–11]. This process typically involves
reducing the higher-dimensional multispectral data to a
lower-dimensional representation.

The second approach, multispectral camera spectral
characterization, reframes the problem as spectral recon-
struction, also known as spectral recovery or spectral
estimation [7, 8, 12–14]. In this case, the objective is to
map the recorded multispectral measurements to a higher-
dimensional, device-independent spectral reflectance space.
This approach is particularly well suited to applications
requiring detailed spectral information. For example, Bauer
et al. employed a variant of Wiener estimation to reconstruct
spectral reflectance from Spectral Filter Array (SFA) cam-
eras [13]. Klein et al. considered it as the measurement of
camera spectral sensitivity functions and as a prerequisite for
both color calibration and spectral estimation [12, 14], and
further regarded spectral characterization as the complete
process culminating in spectral reflectance reconstruction.
The present study primarily focuses on this second approach,
emphasizing spectral reconstruction while incorporating
colorimetric evaluation as a complementary analysis.

The literature on spectral reconstruction methods is
extensive and can be broadly classified into two strategies:
model-based reconstruction and training-based reconstruc-
tion. Model-based reconstruction methods, also known
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as physical-model-based estimations or direct methods,
leverage the known physical properties of the camera system.
These methods derive a forward model that maps spectral
data to the camera’s responses, and an inverse model is used
to estimate spectral reflectances. Notable examples include
methods based on Wiener estimation [15, 16].

Conversely, training-based reconstruction methods, of-
ten referred to as empirical-model-based estimations or
indirect methods, avoid reliance on the physical properties
of the camera. Instead, they utilize empirical data and
learning-based techniques to approximate the camera’s
behavior in converting spectral data to its responses. These
methods, including the Moore–Penrose pseudoinverse [17],
typically involve training with known datasets and may
incorporate physical constraints to enhance accuracy. A
detailed overview of this strategy and associated methods is
provided in [18].

Although traditional spectral reconstruction methods
train on the entire dataset, recent studies suggest that using
a sample-specific subset, known as the local optimal training
dataset, can lead to more accurate estimations [19–24]. This
subset consists of spectral reflectances from the training data
that are most similar or closest to the test sample. The en-
hanced performance of reconstruction methods using such
local datasets has been demonstrated particularly in mul-
tispectral imaging contexts [20, 24–26]. These approaches
are generally categorized into two groups: those that identify
the closest samples in the spectral reflectance space [25] and
those that search within the camera response space [24, 26].

Given the critical importance of accurate spectral recon-
struction, this paper offers a comparative analysis of current
methods, with a focus on practical considerations. By syn-
thesizing insights frombothmodel-based and training-based
reconstruction strategies, as well as local dataset selection
techniques, this work aims to deepen the understanding
of radiometric calibration and spectral reconstruction for
imaging systems based on multispectral cameras and LED
light sources. The main contributions of this paper are
summarized as follows:

• investigation of various multispectral-to-spectral re-
flectance reconstruction methods,
• exploration of different local optimal training dataset
selection strategies,
• analysis of multispectral camera technologies,
• discussion of practical and technical considerations in
designing imaging systems that utilize multispectral
cameras.

The remainder of the paper is structured as follows.
Section 2 introduces the image formation model for mul-
tispectral cameras, details both model-based and training-
based spectral reconstruction approaches, and explains the
local optimal dataset selection techniques and evaluation
protocols. Section 3 outlines the imaging setup, including
specifications of the multispectral cameras, analysis of the
light sources, and the imaging geometry. It also discusses

technical challenges encountered during the experiments,
such as image capture issues and optimizing camera
exposure times to address dynamic range and bracketing
constraints. Section 4 presents the experimental results in
tables and graphs, categorized for improved readability and
comparison, and provides a detailed discussion of the results,
challenges, and key findings. Finally, Section 5 concludes the
paper and outlines potential directions for future research.

2. ALGORITHMS ANDMETHODOLOGY
2.1 Problem Formulation
The mathematical formulation of multispectral imaging
parallels that of conventional tristimulus imaging, with the
key distinction being its higher number of spectral channels.
The camera response for a given stimulus can be expressed as

ρi = gi
∫
λ

sn(λ)i(λ)r(λ)dλ+ ni. (1)

Here, ρn represents the response of the camera’s nth
channel while r(λ) and i(λ) denote the spectral reflectance
of the object and the spectral power distribution (SPD) of
the light source, respectively. The variable λ corresponds to
the wavelength, and sn(λ) is the spectral responsivity of the
nth channel. For a multispectral camera with N channels,
there exist N spectral responsivities, collectively represented
as sn(λ) ∈ {s1(λ), s2(λ), . . . , sN (λ)}.

In Eq. (1), the gain parameter gi is a coefficient that con-
verts the result of the integral into digital counts, representing
the camera output. This parameter depends on the imaging
system configuration, including factors such as imaging
geometry and the SPD of the light source. Furthermore, ni
denotes the imaging system noise, which is modeled as white
noise with zero mean and variance ai, and is assumed to be
uncorrelated with the spectral reflectance [24, 26, 27].

This relationship can be reformulated inmatrix notation
as

ρ = gSIR+ n. (2)

In this expression, the variables are defined as follows:

• N , P , and J denote the number of channels, the number
of samples, and the number ofwavelengths, respectively.
• ρ is anN × P matrix representing the camera responses
for P recorded samples, where each sample contains N
values corresponding to the camera sensors.
• g is an N × N diagonal matrix representing the gain
parameters of the camera spectral channels.
• S is an N × J matrix containing the spectral responsiv-
ities of the camera’s sensors.
• I is a J × J diagonal matrix representing the SPD of the
illumination.
• R is a J × P matrix containing the spectral reflectances
of P samples, with each reflectance characterized over J
wavelengths.

The problem of reflectance reconstruction involves
estimating the spectral reflectances R from the measured
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multichannel responses ρ. By introducing a matrix M ,
defined as the product of the gain parameter, the camera
responsivities, and the illumination SPD, M = gSI , Eq. (2)
can be simplified as

ρ =MR+ n. (3)

Assuming a noiseless system, if M were known and
invertible, the reconstruction of spectral reflectance would
reduce to solving a straightforward inverse problem:

R̂=M−1ρ, (4)

where R̂ represents the estimated spectral reflectance.
However, in practice,M is often not invertible, and this direct
solution is not robust especially in the presence of noise.
Consequently, alternative approaches are required to achieve
accurate and stable spectral reflectance reconstruction.

2.2 Spectral Reconstruction Methods
The estimation of spectral reflectance from multispectral
data has been actively investigated in the literature for more
than five decades [15, 28]. The central goal is to find a trans-
formation matrix W that maps the measured multispectral
data to the spectral reflectance space as expressed in

R̂=Wρ. (5)

2.2.1 Model-Based Methods
Model-based spectral reconstruction methods are applicable
in scenarios where the imaging model, comprising the cam-
era’s spectral responsivities and the illumination spectrum,
is known. This corresponds to the case in which the matrix
M in Eq. (3) is given. Since the transformation is from a
higher-dimensional spectral space to a lower-dimensional
multispectral space, the system is underdetermined and
admits infinitely many solutions. The following methods are
employed to address this problem.

Minimum Norm Approach. A common approach for solv-
ing the underdetermined camera model is the minimum
norm method [17]. This technique seeks a solution that
not only satisfies the measurement equation (Eq. (3)) but
also minimizes the Euclidean norm of the reconstructed
reflectance. Its mathematical formulation is as follows:

W =MT (MMT )−1
= (M)+, (6)

where (M)+ denotes the Moore–Penrose pseudoinverse of
M . This method offers a fast, closed-form solution and is
particularly useful when no prior knowledge or training data
is available. It is hereafter referred to asMINN.

Wiener Estimation. Wiener estimationmethods are among
the most widely used and dependable approaches for
spectral reconstruction, particularly when the camera model
parameters are available [25, 27]. In Wiener estimation, the
reconstruction matrix W in Eq. (5) is derived such that the
mean squared error (MSE) between the estimated and the

original spectra is minimized. Given the camera response
model in Eq. (2), the matrixW is computed as

W =CRMT (MCRMT
+ a)−1, (7)

where CR denotes the autocorrelation matrix of the training
spectra, defined as the expected value of the product of the
spectral reflectance matrix and its transpose (viz., E[RRT

]),
and a is theN ×N diagonalmatrix representing the variance
of the camera noise. This method is hereafter referred to
asWINE.

Linear Minimum Mean-Squared Error. The linear mini-
mummean-squared error (LMMSE) estimator [27] assumes
a linear relationship between the spectral reflectance of ob-
jects in a scene and their corresponding camera responses. It
is essentially an extension of the conventionalWiener estima-
tor, also based onminimizing theMSEbetween the estimated
and true spectral reflectances. Unlike the Wiener estimator,
however, the LMMSE introduces an additional constant
vector to account for bias in the reconstruction. Accordingly,
compared to Eq. (4), the LMMSE formulation is given by

R̂=Wρ+ b, (8)

where b is a constant vector with the same dimensionality
as the spectral reflectances. Let ρ0 and R0 denote the mean
camera responses and their corresponding mean spectral
reflectances, respectively. Then, the estimated spectral
reflectance from the camera responses can be computed as

R̂= R0+CPMT (MCPMT
+ a)−1(ρ−MR0), (9)

where CP is the autocorrelation matrix of the mean-centered
spectral reflectances defined as

CP = E[(R−R0)(R−R0)
T
] =

(R−R0)(R−R0)
T

P
, (10)

with P denoting the number of spectral reflectance samples.

Principal Component Estimation. The principal compo-
nent (PC) estimation method reconstructs the spectral
reflectance by projecting the measured reflectance spectra
onto a low-dimensional subspace defined by the leading
eigenvectors of the reflectance covariance matrix. Let V ∈
RJ×K denote the matrix of the first K principal components
(eigenvectors), and let V0 ∈ RJ be the mean spectrum of the
training set. For a given test reflectance R ∈ RJ , its principal
component coordinates C ∈ RK are computed as

C =V T (R−V0). (11)

The estimated spectral reflectance is then given by

R̂=V0+VC. (12)

Thismethodminimizes themean squared error between
the original and estimated spectra in the least-squares
sense. This method assumes that reflectance spectra lie
approximately within a low-dimensional linear subspace
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and are most effective when the training set is sufficiently
representative of the test spectra [29].

Taking inspiration from [29], where this simple method
was modified to estimate spectral reflectances from tris-
timulus values, this method is expanded to fit spectral
reflectance estimation from multispectral camera responses.
Then principal component coordinateC , in this case, is given
by

C = (gMV + a)−1(ρ− (gMV 0+ a)). (13)

The estimated spectral reflectance can be derived by
substituting Eq. (13) in Eq. (12). This method is hereafter
referred to as PCAE.

Weighted Principal Component Estimation. The principal
component estimation method described in the previous
section was further modified by Agahian et al. by adding
weights to the training reflectance set R [30]. The weighted
reflectance Rw is then given by

RW =WRRT , (14)

whereWR is a diagonal matrix with weights as follows:

WR =


w1

. . .

wP

 . (15)

The weights can be calculated by finding the inverse of
the Euclidean distance calculated between the test camera
responses and the training camera responses such that if the
Euclidean distance is 0, then the weight becomes 1.

The principal components are then computed from the
weighted covariance matrix of RW . This method is hereafter
referred to asWPCA.

The system-dependent selection of the optimal number
of PCs for the PCAE and WPCA methods is described in
Section 3.7.

2.2.2 Training-Based Methods
In cases where the imaging system model, including the
spectral characteristics of the camera and illumination, is
unknown, training-based methods are employed to esti-
mate spectral reflectances from camera responses. In this
approach, a mapping function from the camera response
space to the spectral reflectance space, which is typically
of higher dimensionality, is learned using a set of paired
camera responses and spectral reflectances acquired as
training data. These methods do not necessarily assume a
linear relationship between camera responses and spectral
reflectances, which allows them to be effective even when
nonlinear processes have been applied to the camera signals.
Although numerous training-based spectral reconstruction
methods have been proposed, including regression-based
and neural-network-based approaches, this work focuses on
representative baseline techniques; interested readers are re-
ferred to [18, 24, 31] for comprehensive surveys. In what fol-
lows, we briefly describe the training-based methods used in

this study. Specifically, the pseudoinverse (denoted as PINV)
and second-order polynomial estimation (denoted as POLY)
methods are employed as representative training-based spec-
tral reconstruction techniques. These methods are widely
adopted baseline approaches that respectively model linear
and low-order nonlinear relationships while maintaining in-
terpretability and enabling controlled experimental analysis.

Pseudoinverse Method. Assuming a linear relationship be-
tween the camera response space and the spectral reflectance
space leads to one of the most fundamental data-driven
solutions for spectral reconstruction. This method mini-
mizes the squared reconstruction error over the training set.
Accordingly, the solution is given by the Moore–Penrose
pseudoinverse as follows:

W = Rtρ
T
t (ρtρ

T
t )
−1. (16)

Here, Rt and ρt represent the training datasets, and
T denotes matrix transposition. Although effective, this
method is often enhanced using dimensionality reduction
techniques [32–36], which help reduce computational com-
plexity and improve performance.

Second-Order Polynomial Estimation. The pseudoinverse
method can bemodified using polynomial regression [37]. In
this case, the multispectral camera responses ρ are expanded
to its second-order polynomial form and the least-squares fit
is then used to estimate spectral reflectance. Higher-order
expansions increase model flexibility but can lead to over-
fitting. Therefore, in this work, a second-order polynomial
fit is chosen, which is a commonly employed technique in
the domain. This choice limits the number of terms well
below the number of training samples, ensuring stablemodel
estimation while maintaining sufficient flexibility. Let ρ′t be
the second-order polynomial expansion of the training mul-
tispectral camera responses. The new basisW ′ is given by

W ′ = Rtρ
′T
t (ρ

′

tρ
′T
t )
−1. (17)

2.3 Optimal Training Dataset Selection
Unlike global methods, which apply a fixed transformation
or model across all inputs, adaptive spectral reconstruction
methods dynamically tailor the estimation process to each
individual sample [24, 25]. This adaptability often enhances
both accuracy and robustness. These methods typically
involve identifying a subset of training samples that are most
similar to the target input and performing reconstruction
using only this localized data. In this study, we employ two
adaptive strategies: one that selects samples based on spectral
similarity and another based on similarity in camera re-
sponse space. Both approaches are detailed in Sections 2.3.1
and 2.3.2.

2.3.1 Selection in Spectral Reflectance Space
Shen et al. [25] introduced an adaptive Wiener estimation
method for multispectral imaging. This approach improves
reconstruction accuracy by adaptively selecting training
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samples closer to the test sample for autocorrelation matrix
calculation.

In Shen’s method, the spectral similarity between the
estimated reflectance R̂ and each training reflectance Ri is
measured using a combined distance metric:

di = αmean

{∥∥∥∥∥ Ri
‖Ri‖
−

R̂
‖R̂‖

∥∥∥∥∥
}

+ (1−α)max

{∥∥∥∥∥ Ri
‖Ri‖
−

R̂
‖R̂‖

∥∥∥∥∥
}
, (18)

where α is a scaling factor, ‖x‖ denotes normalization, and
di indicates the spectral distance. Training samples with
smaller di values are deemed more similar and selected.
These samples are weighted based on their proximity using

qi =
[
dL
di
+ 0.5

]
, (19)

where qi represents the repetition count for the ith sample,
dL is the distance of the farthest acceptable sample, and di is
the distance of the ith sample. In the remainder of this paper,
this method is denoted as specLO.

2.3.2 Selection in Camera Space
In adaptive methods that utilize training sample selection in
the spectral space, the objective is to identify and employ
the spectrum closest to the reflectance of a given test sample
during the reconstruction process. Accordingly, for each
set of test camera responses, the typical procedure begins
by estimating the reflectance using all available training
reflectances. The closest reflectances to this initial estimation
are then selected for use in the final reconstruction.

However, Tominaga et al. [24] argue that this initial
estimation is inherently affected by reconstruction errors,
which may compromise the efficiency of the selection
process. To mitigate this issue, they propose an alternative
strategy that performs the search in the camera response
space, thereby avoiding the potential inaccuracies introduced
by the initial spectral reconstruction.

In their approach, the entire set of training reflectances
is first transformed into corresponding camera responses
using the camera model. Then, the distance between the
test camera response and each simulated training response
is computed. The reflectances associated with the closest
responses are subsequently used for spectral reconstruction.

Assuming MRi as the simulated camera response (ne-
glecting noise) corresponding to the ith training reflectance
Ri for i= 1, 2, . . . , P , the distance from a given test camera
response ρ is computed as

Li = ‖ρ−MRi‖
2
2 (i= 1, 2, . . . , P), (20)

where ‖ · ‖2 denotes the Euclidean (L2) norm defined as
‖ · ‖2 = z2

1 + z2
2 + · · · + z2

N . In the subsequent step, the Li
values are sorted and the K closest samples in the camera
space are selected. Their corresponding reflectances are then

used for the final spectral reconstruction. This approach is
referred to as camLO throughout the paper.

2.4 Evaluation Metrics
To evaluate the performance of spectral reconstruction
methods, several widely used metrics are employed. Col-
orimetric accuracy is assessed using CIEDE2000, which
provides improved perceptual uniformity compared to
earlier color difference formulas. Spectral accuracy is eval-
uated using the root mean squared error (RMSE) and the
goodness-of-fit coefficient (GFC), capturing bothmagnitude
and shape differences between spectra. Although other
metrics such as PSNR, mean absolute error,1E76, and1E94
are also reported in the literature and were computed during
the analysis, they are omitted here to limit redundancy and
maintain conciseness as they exhibited trends consistent
with the selected measures. The following provides a brief
description and mathematical formulation of each metric.

2.4.1 CIEDE2000 (1E00)
The CIEDE2000 color difference metric (1E00) is a re-
finement over previous models (e.g., 1E76 and 1E94),
designed to better align with human visual perception [38].
It introduces corrections for lightness, chroma, and hue
differences as well as compensations for neutral colors and
the interaction between chroma and hue. The CIEDE2000
formula is defined as

1E00 =

[(
1L′

kLSL

)2

+

(
1C ′

kCSC

)2

+

(
1H ′

kHSH

)2

+RT ·
(
1C ′

kCSC

)
·

(
1H ′

kHSH

)]1/2

. (21)

Here, the notation is defined as follows:

• 1L′,1C ′, and 1H ′ are the differences in lightness,
chroma, and hue between two color samples.
• SL, SC , and SH are weighting functions for lightness,

chroma, and hue.
• kL, kC , and kH are parametric correction terms typically

set at 1 under reference viewing conditions.
• RT is a rotation term accounting for the interaction

between chroma and hue, especially in the blue region.

This metric is widely used as one of the most accurate
measures for quantifying perceived color differences in color
science and imaging applications.

2.4.2 Root Mean Squared Error
TheRMSE quantifies the average squared difference between
the estimated and reference spectra:

RMSE=

√√√√1
n

n∑
i=1

(
R̂i−Ri

)2
, (22)

where Ri is the ground truth reflectance at wavelength i and
R̂i is the estimated reflectance.
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The RMSE is typically calculated separately for each
reconstructed test sample, and its average over a set of
test samples is obtained by summing all individual RMSE
values and dividing by the number of samples in the test
set. However, Tominaga et al. [24] proposed computing the
average RMSE as the square root of the average of the squared
norm of the estimation error per wavelength over all test
samples. Therefore, this performancemetric is called the root
average mean squared error (RAMSE) in this paper, which
calculates the square root of the average of the mean squared
errors across all test samples. It is defined as follows. Given
N test samples and each spectrum having n wavelengths, let
R̂(j) and R(j) denote the estimated and ground truth spectra,
respectively, of the jth sample:

RAMSE=

√√√√√ 1
N

N∑
j=1

1
n

∥∥∥R̂(j)−R(j)
∥∥∥2

2
, (23)

where ‖·‖2 denotes the Euclidean (L2) norm and∥∥∥R̂(j)−R(j)
∥∥∥2

2
=

n∑
i=1

(
R̂(j)i −R(j)i

)2
. (24)

Here, the notation is defined as follows:

• N is the number of test samples.
• n is the number of wavelengths per spectrum.

• R̂(j)i and R(j)i are the estimated and true reflectance
values at wavelength i, respectively, for sample j.

2.4.3 Goodness-of-fit Coefficient
The GFCmeasures the spectral shape similarity using cosine
similarity [39]:

GFC=
∑n

i=1 R̂iRi√∑n
i=1 R̂2

i

√∑n
i=1 R2

i

. (25)

The GFC values span from 0 to 1, with 1 representing an
exact spectral match. When the reconstructed spectrum is
normalized, the GFC corresponds to the cosine of the angle
between the original and reconstructed spectra, treated as a
61-dimensional vector (see Section 4 for details on spectral
truncation and sampling).

3. EXPERIMENTS
In this work, two distinct multispectral cameras are utilized,
each based on a different imaging technology: the Silios
CMS-C, which employs an SFA architecture, and the Pixelteq
SpectroCam, a multispectral filter wheel camera. Table I
presents a comprehensive comparison of their key specifica-
tions. These cameras along with the KonicaMinolta CS-2000
telespectroradiometer (TSR), used as the reference measure-
ment device, were integrated into a 0/45 imaging geometry.

In this setup, the LED illumination (see Section 3.3
for detailed spectral specifications of the lighting system) is

Table I. Summarized specifications of cameras.

Specification Silios CMS-C SpectroCam VIS + NIR

Technology SFA Filter wheel
Spectral range (nm) 430–700 350–1050
Spectral channels 8+ 1* 8
Sensor technology CMOS CCD
Resolution 426× 339 2456× 2058
Pixel pitch (µm) 5.3× 3 3.45
Bit depth 10 12
Dimension (mm) 62× 62× 31 136× 124× 105
Weight (g) 110 680

* 8 color bands+ 1 panchromatic.

positioned perpendicular to the sample surface while all the
three measurement devices are placed at a 45-degree angle
relative to the sample surface normal. This configuration is
implemented based on the imaging system introduced in [40,
41]. Figure 1 illustrates the experimental setup used in this
work, with the primary components annotated in the image.
In subsequent sections, a detailed description of each camera
is provided, emphasizing their key features and explaining
how they were configured to achieve optimal performance
for the experimental requirements.

3.1 Silios CMS-C Camera
The Silios CMS-C [42] is a multispectral imaging system that
utilizes an SFA integratedwith a standardCMOS sensor. This
camera employs a Bayer-like mosaic filter positioned over a
sensor with a native resolution of 1280× 1024 pixels. How-
ever, the mosaic’s 3× 3 configuration reduces the effective
spectral image resolution to 426× 339 macropixels. The de-
vice captures data across eight discrete narrowband channels
and one broad panchromatic band. The narrowband filters
cover central wavelengths from 430 nm to 700 nm, with
Gaussian-like transmission profiles, each having an average
full width at half maximum of 40 nm. These filters are
centered at specific wavelengths: 440 nm, 473 nm, 511 nm,
549 nm, 585 nm, 623 nm, 665 nm, and 703 nm. Meanwhile,
the panchromatic band provides consistent sensitivity across
the visible spectrum. The sensor features a 5.3 µmpixel pitch
and delivers 10-bit digital output.

The quantum efficiency of the Silios CMS-C camera’s
spectral channels is shown in Figure 2(a) [13]. In this camera,
each pixel is designed to capture light from a specific spectral
band, as the filters are integrated directly on the sensor.
However, imperfections in the filters and optical system
can cause light from one spectral band to overlap with
adjacent channels, leading to inaccuracies in the recorded
spectral and spatial data. This issue, known as crosstalk,
is typically corrected numerically during post-processing.
However, this correction is not addressed in this paper.
Instead, Fig. 2(b) presents the quantum efficiency of the
spectral channels multiplied by the SPD of the employed
LED source. This figure illustrates how crosstalk affects the
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Figure 1. The experimental setup used in this study for capturing camera responses and reference measurements for the STUD dataset (see Section 3.5
for details).

spectral responsivity of the channels, with secondary peaks
becoming comparable in magnitude to the main spectral
peak under LED illumination. The impact of this issue is
further discussed in Section 4.

3.2 Pixelteq SpectroCam Camera
The SpectroCam (VIS + NIR) multispectral camera [43]
utilizes a silicon-based CCD panchromatic sensor capable
of detecting wavelengths ranging from 350 nm to 1050 nm.
A motorized filter wheel, positioned in front of the sensor,
accommodates up to eight interchangeable filters. Users have
access to over 145 commercially available interference filters
with diverse spectral properties [44]. The spectral transmit-
tance characteristics of the filters pre-installed in the camera
are illustrated in Figure 3. These filters are centered at wave-
lengths of 375 nm, 425 nm, 475 nm, 525 nm, 570 nm, 625 nm,
680 nm, and 930 nm. The first seven filters have a bandwidth
of approximately 50 nmwhile the last filter features a broader
bandwidth of around 100 nm. The camera outputs images
with a resolution of 2456 × 2058 pixels and a pixel pitch of
3.45 µm. Its digital output supports up to 12-bit precision.

The spectral sensor responsivity and filter transmit-
tances initially installed in the camera are depicted in Fig. 3.

All the eight filters are exhibited; however, Filter UV and
Filter IR, shown in gray and black in Fig. 3, were omitted from
the experiment due to inadequate light intensity.

3.3 LED Light Source
The light source in our setup integrates multiple components
to ensure efficient and controlled illumination. As detailed in
our previous work [41], at the core of our light source is the
ThorlabsMCWHL6 LED, emitting cold white light at 6500 K
with an output power of 1430mW,mounted on a PCB for sta-
bility and thermal management. Heat dissipation is achieved
using a heat sink while a Thorlabs SM2F32-A adjustable
collimation adapter is employed to produce collimated light,
essential for accurate spectral imaging and surface data
capture. Light intensity is regulated via the upLEDTM LED
Driver, offering fine control with a USB interface and
C++ SDK support. This configuration provides uniform,
collimated lighting tailored to our application requirements.

Figure 4 presents the results of radiometric analysis of
the LED. The SPDmeasured at the precise imaging geometry
and location is shown in Fig. 4(a). The Thorlabs MCWHL6
LED was selected for its exceptional reconstruction capabil-
ities and advantageous technical attributes, including higher
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Figure 2. Spectral specification of the Silios CMS-C camera: (a) quantum efficiency of spectral channels [13]; (b) quantum efficiency of spectral channels
multiplied by the SPD of the LED.

CCT and output power, as detailed in [41]. Figure 4(b)
reveals slight inhomogeneity in the light source across the
surface of the sample holder table in the measurement
setup shown in Fig. 1, with illumination intensity generally
decreasing as the distance from the table center (marked 0
on the X-coordinate) increases. To mitigate this variability,
all measurements were conducted at the center of the sample
holder table.

To assess the LED’s temporal stability, its SPD was
recorded every minute over six hours. As shown in Fig. 4(c),
the radiance decreases by about 1% within the first 75
minutes after activation before stabilizing. Consequently, a
warm-up period was included before measurements. Addi-
tionally, spectral analysis indicates minimal change, with a
shift of approximately 1 nm over the six-hour measurement
period.

3.4 Camera Dynamic Range and Radiometry
Dynamic range represents the ratio between the maximum
and minimum light intensities that a camera sensor can
accurately capture. Essentially, it reflects the sensor’s ability
to preserve details in both high- and low-light regions of
a scene. In multispectral imaging, dynamic range is crucial
because spectral bands may have vastly different camera re-
sponsivities due to differences in sensor quantum efficiency,
filter transmission, and lens imperfections. Furthermore,

nonuniform illumination across the spectral range from the
light source creates significant intensity variations that the
camera must accommodate in different channels.

Each spectral band has a unique dynamic range that
determines its usable range for a given exposure time. The
overall dynamic range required in an experiment is influ-
enced by the light source’s SPD, the reflectance properties
of the samples, and the imaging setup. If the required
dynamic range exceeds the camera’s capability, high dynamic
range (HDR) imaging is necessary. Otherwise, exposure time
adjustments can ensure sufficient dynamic range overlap.

Managing exposure time is essential for effective multi-
spectral imaging. Some spectral bands may require shorter
exposure times to avoid saturation while others may need
longer exposure times to avoid noise. The Silios and Spectro-
Camcameras handle exposure time differently.While the Sil-
ios camera applies a single exposure time across all channels,
the SpectroCam allows for channel-specific adjustments.

For the Silios camera, the dynamic range was evaluated
through a stepwise process that follows the usual practice
in the field. First, dark noise was measured by capturing
ten images in a dark room with no light source or ambient
illumination, and the average image histogram revealed
an average dark noise of about ten digital counts in the
10-bit output (0–1023 range). Next, a Spectralon reflectance
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Figure 3. Spectral specification of the SpectroCam filter wheel camera: (a) normalized sensor responsivity; (b) normalized transmittance of filters. Data
provided by the manufacturer.

standard, representing themaximumdiffuse reflectance, was
imaged. The exposure time was empirically adjusted so that
all spectral bands remained below saturation levels. The
reflectance of the least reflective sample was then measured
to confirm that its values exceeded the dark noise across
all bands. This confirmed that the required dynamic range
could be covered with a single exposure time, eliminating the
need for HDR imaging.

3.5 Datasets
Two datasets were used to evaluate the performance of
the spectral reconstruction methods. The first contains 264
samples of theMunsell Student Color Set (STUD), measured
using the Konica Minolta CS2000 reference spectrora-
diometer, along with the corresponding camera responses
captured by both the SpectroCam and Silios multispectral
cameras. This dataset was employed in the evaluation of both
model-based and training-based reconstructionmethods. To
obtain the camera responses, each sample was imaged ten
times, and the resulting images were averaged to reduce
random noise. Following this, dark noise was subtracted
from the averaged image. The pixel values corresponding
to the same spatial area measured by the Konica Minolta
CS2000 were then spatially averaged to produce the final
camera response for each sample, a commonly adopted

practice intended to reduce sensor noise and mitigate local
spatial nonuniformities in radiometric measurements.

The second dataset is the full standardMunsell (MUNS)
dataset, comprising 1269 spectral reflectances, which was
also used in the experiments. However, it could only be
utilized for evaluating the model-based methods as it does
not include the corresponding camera responses.

All spectral reflectance data were truncated to the
400–700 nm range and sampled at 5 nm intervals, resulting
in spectral vectors of 61 dimensions per reflectance.

The spectral reflectance datasets used for method
evaluation are illustrated in Figure 5: the STUD dataset,
which was measured in the frame of the present study, along
with its gamut in the CIE a∗–b∗ space (a and b); the MUNS
dataset and its associated gamut (c and d), which were
obtained from previously published data [37].

3.6 Camera Gain and Noise Measurement
The camera gain and noise parameters were measured
following the method proposed in [27] with minor mod-
ifications. In this approach, a Spectralon diffuse white
reference sample is imaged by the cameras under the
system’s illumination. The gain parameter is then estimated
by minimizing the L1 and L2 norm errors between the
theoretical and observed mean camera responses. Similarly,
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Figure 4. Specification of the Thorlabs MCWHL6 mounted LED used as the light source in this work: (a) the SPD of MCWHL6 mounted LED spectrum; (b)
spatial distribution of light source intensity; (c) consistency of the LED with time.

the noise variance is estimated by minimizing the L1
and L2 norm errors between the theoretical and empirical
covariance matrices of the pixel values. In this work, the L1
norm was employed, and both the gain and noise variance
were calculated separately for each spectral channel of both
cameras. This is necessary because in multispectral cameras,
the channel-specific settings can vary significantly.

3.7 Optimal Number of Principal Components
The number of PCs used in the PCAE and WPCA methods
has a significant impact on spectral reconstruction accuracy
and is dependent on the imaging system. In this study, the
optimal number of PCs was determined experimentally for

each camera instead of adopting values from prior work.
Specifically, the baseline PCA estimation method (PCAE
without local dataset selection) was evaluated by varying
the number of PCs over all feasible values using the STUD
and MUNS datasets independently. The reconstruction per-
formance was assessed using the median RMSE, maximum
RMSE, and RAMSEmetrics, and the optimal number of PCs
was selected as the value minimizing these error measures.
Consistent results were obtained across both datasets, yield-
ing an optimal choice of five PCs for the SpectroCam and
four PCs for the Silios camera. These values were subse-
quently used throughout all analyses in this work.
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Figure 5. Spectral reflectance datasets used for method evaluation: (a, b) Munsell Student Color Set, measured alongside their corresponding camera
responses, and its gamut in the CIE a∗–b∗ space; (c, d) full standard Munsell dataset and its corresponding gamut.

4. RESULTS ANDDISCUSSION
The experiments were conducted in two stages. In the first
stage, each reconstructionmethodwas evaluated over a range
of values for the local training dataset size parameter K ,
representing the number of closest samples used for training.
For each method, the value of K yielding the minimum
RAMSE, as defined in Eq. (23), was selected for use in the
second stage. The RAMSE was chosen as the optimization
criterion at this stage because it provides a global spectral
error measure by aggregating squared errors across all test
samples, which is preferred in the literature over per-sample
RMSE followed by statistical summarization [24]. Further-
more, as spectral accuracy is the primary focus of this work, a
spectral-domain metric was prioritized. Employing multiple
metrics for parameter selection would substantially increase
computational complexity. Consequently, the comparative

evaluation in the second stage is based on the best-
performing configurations of each method. In both stages,
performance evaluation is carried out using Leave-One-Out
Cross-Validation (LOOCV) [45]. The LOOCV is a robust
validation approach in which each data point is used once
as a test sample while the remainder form the training set.
This method offers a nearly unbiased performance estimate
and is especially useful for small datasets, such as those
in multispectral imaging, where collecting larger datasets is
often cumbersome. Its comprehensive use of available data
ensures reliable and generalizable results.

4.1 Determining the Optimal Number of Closest Neighbors
Figures 6 and 7 present the performance trends of various
methods, which are categorized into four groups. In these
figures, the vertical axis denotes the RAMSE while the
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Figure 6. RAMSE estimation errors of spectral reconstruction methods, each combined with different local optimal dataset selection strategies, plotted as
a function of the number of closest training samples K . Results are obtained using the SpectroCam camera. (a) Both training and testing are performed on
the STUD dataset. The evaluated methods include both model-based and training-based approaches. (b) Training is performed on the MUNS dataset and
testing on the STUD dataset, where only model-based methods are evaluated. For improved clarity, the methods are grouped into two or three subfigures.
Zoomed-in views are included where necessary to enhance readability.

horizontal axis indicates the number of closest neighbors K .
The minimum of each curve identifies the best performance
point for each method. Figure 6(a) illustrates the perfor-
mance of both model-based and training-based methods
using the SpectroCam camera, where both training and
testing are performed on the STUD dataset. Each method
is evaluated with different local dataset selection strategies:
‘‘None’’ (original method using the entire dataset), ‘‘camLO’’

(local optimal selection in camera space), and ‘‘specLO’’
(local optimal selection in spectral space). For consistency,
each method is plotted with a distinct line color and style in
figures. The’’None’’ methods appear as horizontal lines since
they are evaluated with training on the full dataset.

Figure 7(a) displays results similar to those in Fig. 6(a),
using the Silios camera. Here too, training and testing are
performed on the STUD dataset. Figures 6(b) and 7(b) show
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Figure 7. RAMSE estimation errors of spectral reconstruction methods, each combined with different local optimal dataset selection strategies, plotted as
a function of the number of closest training samples K . Results are obtained using the Silios camera. (a) Both training and testing are performed on the
STUD dataset. The evaluated methods include both model-based and training-based approaches. (b) Training is performed on the MUNS dataset and
testing on the STUD dataset, where only model-based methods are evaluated. For improved clarity, the methods are grouped into two or three subfigures.
Zoomed-in views are included where necessary to enhance readability.

the performance of the SpectroCam and Silios cameras,
respectively, when trained on the MUNS dataset and tested
on the STUD dataset. As discussed in Section 3.5, training-
basedmethods cannot be used in this scenario due to the lack
of corresponding camera responses in the MUNS dataset.
Therefore, only model-based methods are included in these
figures. For better clarity, a zoomed-in view highlighting the
region near the minimum RAMSE is also provided in the
figures where necessary to enhance readability.

As shown in Figs. 6(a) and 7(a), the POLY method
consistently outperforms the other approaches. The WINE
and LMMSE models exhibit similar performance trends
and produce comparable results. Although LMMSE is
theoretically expected to yield lower estimation errors than
WINE [27], this advantage primarily holds when the model
is trained on a full dataset with a sufficiently large number of
samples [24]. However, the plots indicate that the superiority
of LMMSE over WINE does not generalize across different
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Table II. The estimation errors of spectral reconstruction methods, each combined with different local optimal dataset selection strategies, evaluated using their optimal number of
closest training samples K . Results are obtained using the SpectroCam camera. Methods with both training and testing conducted on the STUD dataset are shown above the double-line
separator while those with training on the MUNS dataset and testing on the STUD dataset appear below it. The best performance (the minimum error) within each category is highlighted
in bold for each metric and statistical measure, and model-based and training-based approaches are distinguished by a single solid line separator.

cameras: it consistently holds for the Silios camera, but the
opposite trend is observed for the SpectroCam. Investigating
the underlying cause of this discrepancy is beyond the scope
of this paper.

Another important observation is that methods using
camLO selection converge to the performance of the original
method when K equals the full dataset size. This occurs
because in camLO, the selected local dataset becomes
identical to the full dataset at that point. In contrast, specLO
does not replicate the original dataset exactly as it involves

repeated use of the closest samples, which leads to a dataset
with a higher density of similar samples. Consequently,
specLO can potentially yield lower errors than the original
method, even when K is maximal.

4.2 Comparison of Methods at Optimal Performance
After determining the optimal number of closest training
samples K , each method was executed using its correspond-
ing best K , that is, each method was evaluated in its optimal
configuration. The experimental results are presented in
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Table III. The estimation errors of spectral reconstruction methods, each combined with different local optimal dataset selection strategies, evaluated using their optimal number of
closest training samples K . Results are obtained using the Silios camera. Methods with both training and testing conducted on the STUD dataset are shown above the double-line separator
while those with training on the MUNS dataset and testing on the STUD dataset appear below it. The best performance (the minimum error) within each category is highlighted in bold
for each metric and statistical measure, and model-based and training-based approaches are distinguished by a single solid line separator.

Tables II and III. As outlined in Section 4.1, the methods
are categorized into four groups based on the camera and
training dataset. Accordingly, Tables II and III report the per-
formance of both model-based and training-based methods
using SpectroCam and Silios cameras, respectively. In these
tables, methods with both training and testing conducted on
the STUD dataset are shown above a double-line separator
while those with training on the MUNS dataset and
testing on the STUD dataset appear below it. The best

performance (viz., the minimum error) within each category
is highlighted in bold for each metric and statistical
measure, and model-based and training-based approaches
are distinguished by a single solid line separator.

The tables present the performance of the spectral re-
construction methods under different local dataset selection
strategies, with the corresponding optimal training set size
shown in the K column. Each table includes 1E00 under
CIE D65 [46] and CIE LED-B5 [47] illuminants as the
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colorimetric errors and two spectral metrics: RMSE and
GFC. These illuminants were selected to provide standard-
ized and widely accepted reference conditions for color dif-
ference assessment, facilitating reproducibility and compar-
ison with existing studies. Although the experimental LED
source used for image acquisition does not exactly match
the spectral characteristics of these standard illuminants, the
reconstructed outputs represent device-independent spectral
reflectance estimates, allowing colorimetric evaluation under
arbitrary illuminants. Furthermore, within the CIE LED
illuminant series, CIE LED-B5 exhibits the most similar
behavior to the employed LED source in terms of peak
wavelength positions and relative amplitude in the blue
spectral region.

The first fourmetrics are reported using four statistics—
median, standard deviation (std), 95th percentile, and
maximum values—while the RAMSE is included under the
RMSE statistics instead of maximum. Following [48, 49],
GFC values are categorized into four intervals and reported
as the percentage of estimation errors falling within each
interval. The intervals are defined as follows: GFC< 0.995
(poor), 0.995 ≤ GFC < 0.999 (accurate), 0.999 ≤ GFC <
0.9999 (good), and GFC≥ 0.9999 (excellent).

The MINN method is presented separately in the tables
and serves as a baseline for comparison. As a simple,
interpretable, and closed-form solution—requiring no iter-
ative optimization, training data, or prior assumptions—it
provides a strong benchmark for validating the effectiveness
of more advanced models.

According to Table II, the best overall performance
for the SpectroCam is achieved by the POLY method
combined with specLO and trained on the STUD dataset.
This configuration yields an RAMSE of 0.0090, a median
RMSE of 0.0063, and colorimetric errors with a median
of 0.03 and a maximum of 0.35. Among the methods
trained on the MUNS dataset, WINE demonstrates the best
performance with an RAMSE of 0.0206, a median RMSE
of 0.0175, and colorimetric metrics showing a median of
approximately 0.32 and a maximum of 0.35.

When comparing model-based methods across training
sets, WINE and LMMSE consistently perform better when
trained on STUD, PCAE tend to perform more favorably
when trained on MUNS, and WPCA obtains comparable
results for both datasets. Nevertheless, WINE and LMMSE
generally yield superior results to PCAE and WPCA in
both training scenarios. The table clearly illustrates that
training-based methods significantly outperform model-
based methods.

These findings support the conclusion thatwhendesign-
ing a new system with a configuration similar to those inves-
tigated in this study, acquiring a dedicated training dataset
comprising paired camera responses and corresponding
ground truth reflectances can be highly beneficial, compared
to relying solely on existing reflectance datasets for model-
based methods. This conclusion is drawn from the explicit
comparison performed in this work between reconstruction
methods trained on an acquired, system-specific dataset and

those relying on generic reflectance datasets. To the best of
our knowledge, this study represents the first experimental
attempt to evaluate these approaches under such differing
training data assumptions for multispectral cameras of this
type. A broader investigation of this topic across systems
with different configurations and acquisition conditions
constitutes an important topic for future comparative and
review studies.

According to Table III, similar to the SpectroCam, the
best overall performance for the Silios camera is achieved
by the POLY method trained on the STUD dataset, with
nearly identical results across different adaptive strategies.
This configuration achieves an RAMSE of 0.0090, a median
RMSE of 0.0064, and colorimetric errors with a median of
0.03 and a maximum of 0.13. Among the methods trained
on the MUNS dataset, PCAE provides the best performance,
yielding an RAMSE of 0.0443, amedian RMSE of 0.0356, and
a1E00 under CIE D65 with a median of approximately 0.79
and a maximum of 3.85. However, the best 1E00 under CIE
LED-B5 is obtained by the MINN method.

In contrast to the SpectroCam case, the model-based
methods behave differently for the Silios camera. Specifically,
WINE and LMMSE perform better when trained on the
STUD dataset in terms of colorimetric accuracy and on
the MUNS dataset from a spectral metrics perspective. The
PCAE method also tends to perform more favorably when
trained on STUD. Notably, although PCAE and WPCA
generally outperform WINE and LMMSE in both training
conditions, WPCA produces the poorest colorimetric results
overall.

As with the SpectroCam, the results for the Silios camera
clearly demonstrate that training-based methods signifi-
cantly outperform model-based approaches. This reinforces
the conclusion that for the design of a new spectral imaging
system, it is highly advantageous to collect a dedicated
training dataset containing paired camera responses and
ground truth spectral reflectances rather than relying solely
on model-based methods trained on existing datasets.

The findings also suggest that a well-distributed and
compact set of reflectance samples, such as those in
the dedicated STUD dataset, can be sufficient to achieve
high reconstruction accuracy despite being smaller than
the standard MUNS dataset. Similar observations have
been reported in previous studies, where carefully selected
or application-specific reflectance datasets were shown
to provide effective training for spectral reconstruction
methods [50–52]. The problem of optimally selecting such
a dataset, however, lies beyond the scope of this study.

One notable observation from the tables is the behavior
of the MINN method. Overall, MINN performs better with
the SpectroCam than with the Silios camera. A possible
explanation for this lies in the interaction between the camera
spectral sensitivities and the LED light source used in this
study. Although the Silios camera has more channels, its
spectral responsivities, shown in Fig. 2(a), are significantly
affected by the system’s LED illumination as illustrated in
Fig. 2(b). The high intensity near 440 nm shifts the response
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Figure 8. Summary of the best-performing spectral reconstruction methods for each camera–dataset combination. Bar plots show (a) 1E00 under
CIE D65, (b) 1E00 under CIE LED-B5, and (c) spectral RMSE. The reported results correspond to the best-performing methods for each configuration:
SpectroCam–STUD (POLY-specLO), SpectroCam–MUNS (WINE-camLO), Silios–STUD (POLY-camLO), and Silios–MUNS (PCAE-camLO). Error bars over
the median and mean bars indicate the standard deviation.

curves of certain channels, and in others, the secondary
peak in the blue region becomes comparable to the main
peak. This crosstalk effect is much less pronounced in the
SpectroCam, whose filters exhibit nearly rectangular spectral
transmittance without significant secondary peaks.

In the camera forward model, the SPD of the illuminant
is multiplied by the camera sensitivities. If some regions
of the spectrum become poorly observable or if channel
responses become more redundant due to illumination-
induced crosstalk, the resulting systemmatrixM can become
ill-conditioned or rank-deficient. Since MINN relies on the
Moore–Penrose pseudoinverse of M , such degeneracy can
lead to instability or reduced accuracy, which the method
does not compensate for, as it lacks regularization or priors.

Another important characteristic of MINN is its illumi-
nation dependence. Although it shows the poorest perfor-
mance in terms of 1E00 under CIE D65, it achieves compa-
rable, and in the case of the Silios camera, even the best1E00
under CIE LED-B5 among all model-based methods. This
can be attributed to the strong influence of the illumination

on the MINN method. Because the camera responses and
the system matrix are both derived under LED illumination,
the reconstructed reflectances are implicitly optimized for
that specific light source. When evaluated under D65, a
spectral mismatch occurs, leading to larger colorimetric
errors. In contrast, evaluation under LED, the system’s native
light, preserves the consistency between reconstruction and
assessment conditions, resulting in improved accuracy.

Although the detailed numerical results are reported
in tabular form to ensure completeness and reproducibility,
the large number of evaluated methods and performance
metrics can make direct comparison across camera–dataset
configurations challenging. To address this, a compact visual
summary is provided in Figure 8, which presents bar plots
of the key evaluation metrics for the best-performing spec-
tral reconstruction method associated with each camera–
dataset combination. Specifically, the figure summarizes
the colorimetric performance under CIE D65 and CIE
LED-B5 illuminants, as well as the spectral reconstruction
accuracy measured by RMSE, for SpectroCam–STUD,
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SpectroCam–MUNS, Silios–STUD, and Silios–MUNS. This
visualization highlights the relative performance trends
across systems and datasets, complements the detailed tables,
and facilitates a more intuitive comparison of the main
findings.

Among all evaluated configurations, the POLY method,
a training-based approach trained and tested on the STUD
dataset, achieved the highest overall performance. The
results are nearly identical across both cameras, with Spectro-
Cam showing slightly better spectral and colorimetric accu-
racy. However, Silios performs better in terms of the standard
deviation and maximum values of the colorimetric errors.

Although the choice of adaptive dataset selection has
minimal impact on the performance of POLY for the Silios
camera, it has a more noticeable effect on the SpectroCam,
particularly when considering the percentage of recon-
structed spectra falling within the Excellent category of GFC.
The highest GFC performance is observed with the specLO
strategy, where 15.91% of the results fall into this category.

It is evident from the results that in all cases, training-
based methods consistently achieve higher accuracy than
model-based approaches. A potential explanation for this
discrepancy lies in the inherent reliance of model-based
methods on an accurate characterization of the imaging sys-
tem. These methods require detailed knowledge of multiple
system parameters, including sensor spectral responsivities,
filter transmittances, lens transmittance, cut-off filters, and
the SPD of the illumination. Accurate measurement of these
characteristics is essential for reliable performance. However,
in this study, the spectral characteristics of the cameras were
obtained from manufacturer-provided data, which may be
subject to inaccuracies. Although these uncertainties may
partially account for the increased reconstruction errors
observed in model-based methods, this interpretation is
based on the present experimental results and does not
establish a causal relationship. A systematic investigation
of the impact of uncertainties in spectral sensitivity data
on reconstruction performance is therefore identified as an
important direction for future work. Within the scope of the
present experiments, these observations also suggest a prac-
tical advantage of data-driven, training-based approaches for
real-world applications.

4.2.1 Example Reconstructed Reflectances
Figures 9 and 10 present the reconstructed spectral re-
flectances for nine selected samples from the STUD dataset.
These samples are chosen to represent distinct hues, collec-
tively covering nearly the entire hue range of the dataset, and
are marked with red diamonds in Fig. 5(b).

Figure 9 shows the results obtained using the Spectro-
Cam camera and baseline spectral reconstruction methods
trained on the full set of training samples. The results from
methods where both training and testing are performed
on the STUD dataset are displayed in Fig. 9(a), which
includes both model-based and training-based approaches.
In contrast, Fig. 9(b) presents results where training is
performed on the MUNS dataset and testing on the STUD

dataset, for which only model-based methods are applicable.
Figure 10 displays the corresponding results obtained using
the Silios camera.

A visual inspection of these figures reveals that for
these samples, POLY, PCAE, and especially WPCA perform
better with the Silios camera than with SpectroCam in
both the STUD- and MUNS-trained scenarios. Conversely,
the remaining methods exhibit superior performance with
the SpectroCam. Additionally, for SpectroCam, training on
the STUD dataset yields slightly better results compared to
training on MUNS. Notably, PCAE and WPCA consistently
show the poorest performance across both training setups.
These observations are consistent with the quantitative
results presented in Tables II and III.

To assess the computational cost of the adaptive meth-
ods, the runtime of camLO and specLO was measured using
MATLAB R2024b on a MacBook Pro 16-inch (2023) with
an Apple M2 Pro and 16 GB of memory. For comparison,
the best-performing POLY method was executed for all
test samples in the STUD dataset, using a local dataset
size K approximately equal to the size of STUD. On the
SpectroCam, the runtime was 6.102 s for specLO and 1.700 s
for camLO. On the Silios camera, the runtime was 8.150 s for
specLO and 2.815 s for camLO. These results show that while
specLO achieved slightly higher reconstruction accuracy,
camLO provided a substantial reduction in computational
cost, whichmay be preferable for time-sensitive applications.

5. CONCLUSIONS
This study presents a thorough comparative analysis of
spectral reconstruction methods for multispectral imaging
under controlled LED illumination, with a strong emphasis
on practical performance evaluation. Using two distinct
multispectral cameras and standardized spectral reflectance
datasets, the strengths and limitations of both model-based
and training-based approaches augmented with adaptive
local dataset selection are comprehensively demonstrated.

Experimental results show that training-based meth-
ods, particularly POLY and PINV, consistently outperform
model-based techniques across various spectral and colori-
metric accuracy metrics. Among all configurations, POLY
trained and tested on the STUD dataset delivers the best
overall performance for both cameras. Moreover, adaptive
strategies that dynamically select locally optimal training
samples further improve reconstruction quality, notably
reducing RAMSE errors and increasing robustness.

Although model-based methods offer advantages in
terms of interpretability and speed, their reliance on accurate
system modeling limits their practical effectiveness. In this
study, the use of manufacturer-provided spectral sensitivity
data likely introduced inaccuracies that affected their
performance. Furthermore, the illumination dependency of
the MINN method was evident, with significantly better
results under the LED light source compared to standard
daylight (D65), emphasizing its sensitivity to SPD.

The findings support the conclusion that in designing
a new multispectral imaging system, acquiring a dedicated
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Figure 9. Reconstructed spectral reflectances for nine selected samples from the STUD dataset. The results are obtained using the SpectroCam camera and
the baseline spectral reconstruction methods trained on the full set of training samples. (a) Both training and testing are conducted on the STUD dataset. The
evaluated methods include both model-based and training-based approaches. (b) Training is performed on the MUNS dataset and testing on the STUD
dataset, where only model-based methods are evaluated.
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Figure 10. Reconstructed spectral reflectances for nine selected samples from the STUD dataset. The results are obtained using the Silios camera and the
baseline spectral reconstruction methods trained on the full set of training samples. (a) Both training and testing are conducted on the STUD dataset. The
evaluated methods include both model-based and training-based approaches. (b) Training is performed on the MUNS dataset and testing on the STUD
dataset, where only model-based methods are evaluated.
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training dataset, including both camera responses and
corresponding spectral reflectances, combinedwith training-
based reconstruction methods provides significant advan-
tages over relying solely on model-based approaches and
existing standard datasets. This study, therefore, provides
practical guidance for selecting suitable spectral reconstruc-
tion strategies based on system-specific data availability and
operational constraints.

Future work could focus on further characterizing
multispectral imaging systems by investigating channel-
wise noise and gain parameters as well as their variation
with respect to input intensity levels. Such analysis would
improve the accuracy of camera models and support better
calibration practices. Additionally, refining adaptive dataset
selectionmethods, such as exploring the repetition of nearest
neighbors in the camLO method, analogous to the strategy
used in specLO, could enhance reconstruction accuracy.
Another promising direction involves evaluating the impact
of different light sources on reconstruction performance,
analyzing both spectral and colorimetric outcomes under
varied illumination conditions. These investigations would
deepen the understanding of factors influencing spectral
recovery and further optimize multispectral system design.

In this study, the Munsell dataset is employed as a
controlled benchmark for spectral estimation. Although
validation on more diverse real-world spectral datasets is
important for assessing generalization, such an evaluation
lies beyond the scope of the present work and will be
addressed in future studies.
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