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Abstract

Spectral reconstruction based on digital imaging has become an important way to obtain
spectral images with high spatial resolution. The current research has made great strides in
the laboratory; however, dealing with rapidly changing light sources, illumination, and
imaging parameters in an open environment presents significant challenges for spectral
reconstruction. This is because a spectral reconstruction model established under one set
of imaging conditions is not suitable for use under different imaging conditions. In this
study, considering the principle of multispectral reconstruction, we proposed a method
of multispectral reconstruction in open environments based on image color correction. In
the proposed method, a whiteboard is used as a medium to calculate the color correction
matrices from an open environment and transfer them to the laboratory. After the digital
image is corrected, its multispectral image can be reconstructed using the pre-established
multispectral reconstruction model in the laboratory. The proposed method was tested
in simulations and practical experiments using different datasets and illuminations. The
results show that the root-mean-square error of the color chart is below 2.6% in the simula-
tion experiment and below 6.0% in the practical experiment, which illustrates the efficiency
of the proposed method.

Keywords: multispectral reconstruction; open environment; digital camera; image color
correction

1. Introduction

Spectra serve as critical features for characterizing the physicochemical properties of
materials, acting as “fingerprints” of color information within the visible spectrum. They
hold significant application value in color science, computer vision, biomedical research,
and cultural heritage preservation [1-3]. Traditional spectral measurement technologies,
such as spectrophotometers and spectral cameras, face limitations; the former are restricted
to single-point measurements, while the latter suffer from low spatial resolution and inflex-
ibility despite enabling area-array acquisition. To address these challenges, computational
spectral imaging based on digital cameras has emerged. This technology establishes a
mapping model (spectral reconstruction matrix) between digital responses and spectral
data, enabling pixel-level multispectral reconstruction from a single RGB image. Compared
with traditional scanning-based systems (e.g., whiskbroom or push-broom), this approach
significantly improves spatial resolution while maintaining spectral accuracy, offering
cost-effectiveness and operational flexibility. As a result, it has become a research hotspot
in multispectral image acquisition in recent years [4-8].
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To date, significant progress has been made in multispectral reconstruction technolo-
gies under controlled laboratory conditions. However, due to the sensitivity of multispec-
tral reconstruction models to variations in imaging conditions [9], the research outcomes
achieved in controlled laboratory environments are difficult to directly apply to natu-
ral open-illumination environments. The early efforts focused on hardware adaptations:
Shrestha et al. (2014) developed a dual-RGB imaging system with broadband filters to es-
timate illuminant spectra, achieving six-channel open-environment measurements [10];
Khan et al. (2017) proposed a spectral adaptation transform method based on multi-
spectral constancy theory, later refining its robustness [11,12]; Zhang et al. (2018) intro-
duced white-balance and link functions for exposure compensation in single-RGB-camera
systems [13]. Recent unsupervised and deep learning approaches have introduced new
possibilities: Gu et al. (2020) designed an iterative spectral reconstruction algorithm requir-
ing no training samples, enhancing generalizability through prior information fusion [14];
Cai et al. (2022) developed the MST++ Transformer architecture, leveraging spectral atten-
tion blocks (SABs) to extract multi-resolution features [15]. Finlayson et al. (2023) intro-
duced a novel pixel-wise spectral reconstruction algorithm termed A++, which combines
spectral estimation clustering with polynomial regression [16]. This approach outperforms
deep learning models (e.g., AWAN and HSCNN-D) on the ICVL dataset, particularly
demonstrating enhanced robustness under realistic conditions, such as image rotation and
blurring. Hardeberg et al. (2025) proposed a deep joint demosaicking and super-resolution
framework for spectral filter array (SFA) imaging [17]. This method employs a two-branch
network architecture, comprising a pseudo-panchromatic image network (PPI-Net) and a
pre-demosaicking sub-branch, integrated with a Deep Residual Demosaicking and Super-
Resolution (DRDmMSR) module. The framework achieves superior image reconstruction
through a residual-in-residual (RIR) structure and channel attention mechanisms. Neverthe-
less, the existing methods share common limitations: (1) sensitivity to exposure-level fluctu-
ations (caused by coupled illuminance—camera parameter interactions), leading to spectral
feature distortion [18-20]; and (2) insufficient real-time calibration capability in dynamic
scenes. Resolving these challenges—particularly by constructing illuminant-exposure de-
coupling models and adaptive feature learning frameworks—remains pivotal for practical
open-environment spectral reconstruction.

To directly address these persistent challenges of exposure sensitivity and real-time
calibration deficiency in open environments, this study proposes a novel and pragmatic
spectral reconstruction framework centered on imaging color correction with a physical
reference. The core innovation and key contribution of our approach lie in leveraging
a whiteboard as a physical reference and calibration anchor. This simple yet powerful
mechanism actively decouples the illuminant-exposure effects during image acquisition by
aligning the open-environment imaging conditions with the laboratory reference settings.
Crucially, this real-time alignment step effectively mitigates the spectral distortion caused by
exposure fluctuations and varying illumination, directly tackling limitation (1). Following
this calibration, spectral reconstruction is performed using a pre-trained spectral reconstruc-
tion matrix. This combined strategy inherently provides the necessary real-time calibration
capability demanded by dynamic scenes (addressing limitation (2)) without requiring the
complex online model retraining or sophisticated hardware modifications characteristic
of prior solutions. The effectiveness of the method was rigorously validated through ex-
periments evaluating both spectral accuracy and colorimetric precision, demonstrating
significant improvements in robustness under varying open-environment conditions.
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2. Materials and Methods

This study focuses on spectral measurement based on single RGB images from digital
cameras, utilizing the linearized digital response of raw-format images as the foundation.
A spectral reconstruction method based on imaging color correction is proposed; first,
under reference imaging conditions, a spectral reconstruction matrix is established using
training samples while simultaneously capturing the raw response values of the reference
whiteboard; second, in open measurement environments, digital images of the measure-
ment object and the raw response values of the reference whiteboard are acquired, and
matrix Mj is calculated to correct the imaging conditions from the open environment to
the reference conditions, achieving exposure-level correction and preliminary color error
correction; then, based on the theoretical imaging model of digital cameras [21] and a
light source database, the spectral power distribution (SPD) of the illuminant in the open
environment is estimated using the reference whiteboard, yielding several equivalent light
sources for the open environment, and matrix M, is computed to further correct color
errors caused by differences in light sources; finally, the measurement object’s image is
corrected using both matrices My and M;, and the spectral reconstruction of the object is
completed using the spectral reconstruction matrix established under reference imaging
conditions. The basic principle of this method is illustrated in Figure 1, with detailed
explanations provided below.
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Figure 1. Principle of the spectral reconstruction method based on image color correction. The
red line section represents the first step of our method, which involves acquiring the reference
whiteboard response values and constructing the spectral reconstruction matrix Q. The dark-purple-
filled rectangle indicates the calculation of the correction matrix M. The green line section represents
the second step, which includes acquiring the reference whiteboard response values and estimating
the illuminant in the open environment. The light-blue-filled rectangle denotes the computation of
the correction matrix Mj. Finally, the black line section at the bottom illustrates the correction and
reconstruction process applied to the test samples.

2.1. System Model and Spectral Reconstruction Fundamentals

Assuming an ideal linear camera imaging model that ignores noise, the pixel response
vector d is expressed as

di= [ I0)si(A)r(A)ar M
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where d; represents the response of the i-th channel, /(A) denotes the spectral power
distribution of the illuminant, s;(A) is the spectral sensitivity of the camera’s i-th channel,
r(A) is the spectral reflectance of the target pixel, and Q) defines the spectral integration
range of the imaging system. This continuous model is discretized into a matrix form to
facilitate computational processing:

d =Mr (2)

Here, M € REXN g the combined sensitivity matrix integrating the illuminant spec-
trum and camera sensitivity functions, and r € RN represents the discretized spectral
reflectance vector with N wavelength samples.

To reconstruct spectral reflectance from camera responses, a spectral reconstruction ma-
trix Q is derived using the pseudo-inverse method [22], which minimizes the mean squared
error between the training spectra Ryyain and their corresponding camera responses Diain:

Q= Rtrainngain 3)

where * denotes the Moore-Penrose pseudo-inverse. This matrix enables spectral recon-
struction for any test response diest via

Ttest = Qdest (4)

The choice of the pseudo-inverse over alternative methods (e.g., Wiener reconstruction
or principal component analysis) is justified by its computational efficiency and robustness
in overdetermined systems.

2.2. Workflow of the Color Correction Method

Under controlled laboratory conditions with a known illuminant 1,.¢(A), a set of train-
ing samples Ryy,in and a reference whiteboard are imaged. The raw camera responses Diain
and dypite ref are extracted and preprocessed. To enhance the generalizability of the spectral
reconstruction matrix Q, the camera responses are expanded using a root—polynomial
transformation. For instance, a third-degree expansion with 13 terms is formulated as

T
dep = |1,8,b, /73, V/rb, 3/8b, /128, Vr2b, 3/ g%r, {/ 82b, V2r, {/ %, \S/rgib} ©)

This linear expansion mitigates exposure-dependent nonlinearities, as demonstrated
by Finlayson et al. [23].

In dynamic open environments, the target object and a portable reference white-
board are captured. The raw responses Dyest and dyhite test are extracted, ensuring spatial
alignment and avoiding saturation.

2.2.1. Steps to Compute the Correction Matrix My

To address environmental variability, a two-tier correction framework is proposed.
A diagonal matrix M; is constructed to compensate for channel-specific sensitivity
drifts caused by illuminant changes:

M, = diag(dwhite,ref ./ dwhite,test) (6)

where ./ denotes element-wise division. With the constructed matrix M;, the imaging
conditions of the object camera response can be corrected as shown in Equation (7), where
diest is the corrected object camera response.

dcor = dtestMl (7)
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It should be noted that, due to the overlap in sensitivity functions across digital camera
channels and optical signal crosstalk between filters [24], color discrepancies persist to some
extent in the same sample set under different light sources, even after M matrix correction.
Therefore, while utilizing the M correction matrix for initial image calibration, it becomes
imperative to perform additional color correction to specifically address illumination-
induced chromatic deviations. This two-stage correction approach ensures enhanced color
fidelity by comprehensively compensating for both sensor-related inaccuracies and spectral
variability caused by light source differences.

2.2.2. Steps to Compute the Correction Matrix My

In this framework, the ambient illuminant in uncontrolled lighting conditions is esti-
mated through a reference whiteboard calibration process coupled with a predefined spec-
tral database. By leveraging spectrally equivalent candidates selected from the database, a
data-driven adaptive color correction matrix is derived to systematically compensate for
illumination-specific chromatic variations, thereby enabling robust color accuracy across
diverse lighting scenarios.

The whiteboard response is normalized to its maximum value to decouple the
absolute intensity:

dwhite,test,norm = dwhite,test- / max(dwhite,test) (8)

Within a preconstructed spectral database containing m illuminants, the simulated
response d; of the reference whiteboard under candidate illuminants is calculated using
Equation (1), which incorporates the digital camera’s sensitivity functions and the white-
board’s spectral reflectance. This simulated response is then normalized via Equation (8)
to obtain the normalized simulated response of the reference whiteboard, d; norm- The
top n spectrally equivalent candidate illuminants are selected by minimizing a composite
error metric OE, which quantifies the discrepancy between the normalized raw response
dyhite test norm (Measured in the open environment) and the normalized simulated response
d; norm- The overall error OE is computed as defined in Equations (9)—(11), where arccos(-)
denotes the inverse cosine function. The superscript T represents the transpose oper-
ator, ||-|| denotes the matrix/vector norm, and norm(-) refers to the maximum-value
normalization function.

T
di,norm dwhite,test,norm

AE; = arccos )
\/ ( di]:normdi,norm ) (dgvhite,test,norm dwhite,’test,norm )
ED; = Hdi,norm - dwhite,test,normH (10)
OE; = norm(AE;) X norm(ED;) (11)

The simulated response matrices Dyef and Dyest, corresponding to the training samples
under the reference illuminant and any target illuminant, are computed. Simultaneously,
the simulated responses of the reference whiteboard under these illuminants, denoted
as dyhite refsim @Nd dwhite target,sim, are derived. The preliminary correction matrix My is
then calculated using Equation (6), incorporating the whiteboard’s simulated responses.
Subsequently, Dharget is corrected via Equation (7) to generate Diarget,corr- To construct the
training dataset, D ¢ is replicated n times to produce D, 1 ,, while the corrected matrices
Dtarget,corr from n target illuminants are concatenated into Diargetcorr,1 n- A secondary
correction matrix Mz, which maps Diarget corr,1 n t0 Dref1 n, is derived via least-squares
optimization, as formulated in Equation (12):

M,; = Dtarget,corr,lwn \ Dref,lwn (12)



Electronics 2025, 14, 2632

6 of 15

where \ denotes the MATLAB least-squares solver operator, and M, is a K * K square
matrix (K: number of spectral channels).
As formulated in Equation (13), the imaging conditions of the object’s camera response
are corrected.
dobj,corr = dobleMZ (13)

Finally, under the reference imaging conditions, the surface spectrum of the object is
reconstructed using the predefined spectral reconstruction matrix Q. It should be empha-
sized that the corrected raw camera response of the object must undergo polynomial root
expansion to the same degree as applied to the training sample set.

2.3. Simulation Experiments

To validate the proposed method, simulation experiments were first conducted. An
idealized camera response model was established using the spectral response functions of
a Nikon D7200 camera (Minato, Tokyo, Japan), where the spectral sensitivity functions of
the Nikon D7200 were estimated based on the methodology proposed by Jiang et al. [25],
as shown in Figure 2a. For Model 1 and Model 2, 10 common light sources were collected
as test illuminants in open environments, and their spectral power distributions (SPDs) are
shown in Figure 2b. These sources included halogen lamps, fluorescent lamps, F-series
lamps, and LED sources. Among the 10 collected light sources, the fluorescent lamp with a
correlated color temperature (CCT) of approximately 6500K was selected as the reference
illuminant (see the black line with an asterisk in Figure 2b). The experimental samples
included the SG (ColorChecker SG) chart for training and the CC (ColorChecker) chart,
Munsell color samples, and pigment samples for measurement. The quantities of training
and testing samples used in the simulation experiments are detailed in Table 1.

Table 1. Training and the corresponding testing samples. Among them, for the Munsell and Pigment
datasets, the odd-numbered samples were selected as training samples, while the even-numbered
samples were used as test samples.

Color Chart Munsell Pigment
Training SG (140) odd (635) odd (392)
Testing CC (24) even (634) even (392)

2.4. Real-World Experiments

Further validation was performed in outdoor open environments. The camera re-
sponse model was similarly constructed based on the spectral characteristics of the Nikon
D7200. In the laboratory reference environment, a closed uniform lighting booth was
employed, and the E5 white patch of the ColorChecker SG (CCSG) chart served as the
reference whiteboard. The Nikon D7200 camera was used to capture digital images, with
the chart positioned centrally in the field of view (Figure 3a), approximately 1 m from the
camera sensor, and a focal length of 35 mm. The relative spectral power distributions (SPDs)
of the illuminants were measured using an EVERFINE SPIC-300AW spectroradiometer
(Hangzhou, China) (Figure 3b), while the spectral reflectances of the charts were obtained
with an X-Rite i1-Pro3 spectrophotometer (Grand Rapids, MI, USA).

For open-environment testing, the Nikon D7200 captured images of both the CCSG
and CC charts under six distinct lighting conditions. The E5 white patch of the CCSG chart
was again utilized as the reference whiteboard. To compute the correction matrix My, a
comprehensive spectral database comprising 701 illuminant SPDs was constructed, and it
included the following:

e 402 light sources from the dataset by Kevin et al. [26];
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e 87 measured sources from Barnard et al. [27];

* 84 sources from the National Gallery UK database [28];

¢ 128 daylight sources spanning color temperatures from 2300K to 15,000K (sampled at
100K intervals) [29].
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Figure 2. (a) Camera spectral response functions of Nikon D7200; (b) spectral power distribution of
the 10 collected illuminants.
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Figure 3. (a) CCSG image captured in the reference environment. (b) Spectral power distribution
(SPD) of the reference light source.

2.5. Evaluation Metrics

Regarding the experimental results, the study used the spectral root-mean-square
error (RMSE), spectral angle mapper (SAM), mean relative absolute error (MRAE), and
CIEDE2000 (AEg) color difference to evaluate the spectral reconstruction results. The
calculation method for the spectral root-mean-square error is shown in Equation (14):

RMSE = \/i](i’l — rz)T(Tl — 1’2) (14)

where 7 is the reconstructed spectrum of the testing sample, r; is the ground-truth spec-
trum, the superscript T is the transpose operator, and N is the sampling number of spectral
points in the visible spectrum for the spectral wavelength range from 400 to 700 nm at
10 nm intervals; N = 31.



Electronics 2025, 14, 2632

8 of 15

3. Results

Using the aforementioned experimental conditions, the experiments tested the proposed
method at two levels. The first level involves correcting the imaging conditions of images
using only the Mj matrix, i.e., an incomplete imaging color correction method denoted by
the symbol ‘M1’; the second level involves correcting the imaging conditions using both
matrices M1 and My, i.e., the complete imaging color correction method proposed in this
study, denoted by the symbol "M1+M2’, where the number of equivalent illuminants k used
in the calculation of matrix My was set to 20. Finally, in Section 3.3, we will discuss the impact
of the selection of the number of equivalent illuminants k on the final reconstruction accuracy.

3.1. Simulation Experiments

Tables 2-5 summarize the average spectral reconstruction accuracy across three sample
sets in the simulation experiment, as well as their overall average results.

Table 2. The average spectral reconstruction error (RMSE (%)) of the three sample sets and their
overall average results.

Color Chart Munsell Pigment Average
M1 3.18 2.15 3.49 2.94
M1+M2 2.59 1.67 3.00 2.42

Table 3. The average spectral reconstruction error (AEq) of the three sample sets and their overall
average results.

Color Chart Munsell Pigment Average
M1 511 3.88 4.85 4.61
M1+M2 1.69 1.33 1.59 1.54

Table 4. The average spectral reconstruction error (spectral angle mapper (SAM)) of the three sample
sets and their overall average results.

Color Chart Munsell Pigment Average
M1 6.62 5.00 8.28 6.63
M1+M2 5.03 3.80 7.30 5.38

Table 5. The average spectral reconstruction error (mean relative absolute error (MRAE)) of the three
sample sets and their overall average results.

Color Chart Munsell Pigment Average
M1 0.12 0.09 0.14 0.12
M1+M2 0.08 0.06 0.11 0.08

According to the statistical results in Tables 2-5, for the two testing models of the
proposed method, whether for a single sample set or for the average results of all three
sample sets, ‘M1’ consistently shows the largest spectral reconstruction error, with the over-
all average errors of the three experimental sample sets being 2.94 (RMSE%), 4.61 (AEqo),
6.63 (SAM), and 0.12 (MRAE), respectively. In contrast, the overall average spectral recon-
struction error for ‘M1+M2’ is 2.42 (RMSE%), 1.54 (AEy), 5.38 (SAM), and 0.08 (MRAE).

Comparing the two application models of the proposed method, the spectral recon-
struction results of ‘M1+M2’ are significantly better than those of ‘M1’, indicating that the
use of matrix M; alone is insufficient to achieve better imaging color correction results.
On the basis of applying matrix My, the accuracy of spectral reconstruction can be further
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improved through additional color correction. This result highlights the importance of
performing further color correction on the target camera response.

3.2. Real-World Experiments

As summarized in Tables 6-9, the proposed method was further evaluated across
six real-world scenarios. The partial correction model ('M1’) consistently exhibited higher
spectral errors, with an overall average RMSE (%) of 4.6 across all six sample sets. In
contrast, the hybrid ‘M1+M2" model reduced the average spectral error to 4.33 (RMSE%).
While the ‘M1+M2’ framework slightly underperformed compared to ‘M1” in colorimetric
accuracy for the Outl and Housel scenarios, it maintained a superior overall average AEgy
of 8.76 versus 9.04 for ‘M1’. Furthermore, for the SAM and MRAE metrics, the hybrid
‘M1+M2’ model outperformed the partial correction model ("M1’), achieving values of
7.31 and 0.19, respectively. These results confirm that, even in real-world open environ-
ments, the ‘M1+M2" model achieves better spectral fidelity than the partial correction
approach, reinforcing the necessity of multi-stage calibration. Additionally, we included
comparisons with the MST++ method. As shown, the MST++ method performs worse than
the proposed approach in all metrics—including RMSE (%), AEy, SAM, and MRAE. This is
primarily because MST++ is image-based, while our study focuses on sample-driven analy-
sis. Moreover, MST++ relies on pre-trained models from existing public datasets. When
applying it to real-world scene images and color chart data captured in open environments,
significant reconstruction errors emerge.

Table 6. The average spectral reconstruction error (RMSE (%)) in open environments and the overall
average results.

Outl Out2 Out3 Housel House2 House3 Average
M1 3.51 4.32 4.55 4.05 5.06 6.11 4.60
M1+M2 3.31 4.32 4.45 3.76 4.90 591 4.44
MST++ 10.66 13.45 12.47 11.07 8.97 8.43 10.84

Table 7. The average spectral reconstruction error (AEgy) in open environments and the overall
average results.

Outl Out2 Out3 Housel House2 House3 Average
M1 3.50 5.43 5.79 443 6.15 7.46 5.46
M1+M2 4.01 6.60 6.40 3.87 7.13 6.57 5.76
MST++ 8.83 9.19 10.46 8.13 6.87 7.86 8.56

Table 8. The average spectral reconstruction error (spectral angle mapper (SAM)) in open environ-
ments and the overall average results.

Outl Out2 Out3 Housel House2 House3 Average
M1 5.70 7.36 9.18 7.03 7.52 9.30 7.68
M1+M2 5.60 7.13 8.70 6.50 7.49 8.44 7.31
MST++ 9.11 12.74 9.10 8.26 7.99 8.87 9.35

Table 9. The average spectral reconstruction error (mean relative absolute error (MRAE)) in open
environments and the overall average results.

Outl Out2 Out3 Housel House2 House3 Average
M1 0.12 0.17 0.17 0.20 0.25 0.31 0.20
M1+M2 0.11 0.17 0.16 0.18 0.23 0.29 0.19

MST++ 0.43 0.38 0.52 0.34 0.25 0.29 0.37
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To further validate the ‘M1+M2’" framework, Figure 4 compares the reconstructed
spectral curves with ground-truth measurements. Although minor deviations exist, the
reconstructed spectra generally preserve the shape characteristics of the ground-truth
curves and demonstrate reasonable overlap. This alignment highlights the feasibility of the
proposed method for spectral reconstruction in open environments, where illumination
variability and hardware limitations pose significant challenges. The observed discrepan-
cies may stem from residual nonlinearities in the imaging pipeline or database mismatches,
warranting further investigation in future work.
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Figure 4. The reconstructed spectral reflectance using M1 and M2 in the laboratory.

To provide a more intuitive visualization and comparison of the spectral measurement
results, Figure 5 renders the spectral measurements of the color patches from the CC
color chart. The rendering conditions include the CIED50 illuminant and the CIE 1931 2°
standard observer color matching functions using the ‘sRGB’ standard color space.

As illustrated in Figure 5, the true-color reproduction results of the CC chart in various
open measurement environments were compared against reference images acquired via
spectrophotometer measurements. While the hue accuracy of the color patches remained
generally acceptable across the scenarios, significant color deviations were observed in
specific open environments, particularly Out2 (c), House2 (f), and House3 (g). These discrep-
ancies indicate that the proposed spectral measurement system currently faces limitations
in achieving high-precision color measurement and reproduction in open environments.

However, it is critical to contextualize these results. In practical open-environment
spectral measurement applications, spectral data are primarily utilized for spectral
analysis [18-22] rather than high-fidelity color reproduction. Within this operational
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paradigm—where spectral fidelity supersedes colorimetric precision—the proposed
method demonstrates sufficient practicality. Future work should focus on optimizing
colorimetric accuracy for scenarios requiring both spectral and colorimetric rigor, such as

cultural heritage digitization or industrial color quality control.

Figure 5. Rendered spectral measurements of CC color chart patches: (a) reference, (b) Outl, (c) Out2,
(d) Out3, (e) Housel, (f) House2, and (g) House3. Outl, Out2, and Out3 are samples captured under
conditions of shadow, facing direct sunlight, and having one’s back to sunlight, respectively. Housel,
House2, and House3 were captured under the following lighting conditions: D65 light source alone, a
mixture of D65 and A light sources, and a mixed scenario of indoor lighting and daylight, respectively.

3.3. Experiment on the Impact of Equivalent Light Sources

To evaluate the impact of the number of equivalent light sources (1) on spectral mea-
surement accuracy, experiments were conducted under three simulated imaging conditions
and six real-world imaging conditions (labeled Outl-Out3 and Housel-House3). The
performance was quantified using the RMSE (%) and AE color difference between the
reconstructed spectral reflectance and the reference values. Tables 10 and 11 summarize the
RMSE and CIEDE2000 results, respectively, for values of n ranging from 1 to 50.

Table 10. RMSE (%) between the reconstructed spectral reflectance of the ColorChecker chart and the
reference values for different n values ranging from 1 to 50.

n 1 3 5 10 20 30 40 50

CCSG 2.50 2.58 2.59 2.60 2.59 2.60 2.59 2.59
Munsell 1.60 1.66 1.67 1.67 1.66 1.67 1.66 1.66
Pigment  2.90 2.99 2.99 3.00 3.00 3.00 3.02 3.00

Outl 3.60 3.64 3.62 3.50 3.40 3.35 3.31 3.33
Out2 4.38 4.30 4.23 4.25 442 4.37 4.32 4.32
Out3 4.81 4.48 4.59 4.65 4.66 4.52 4.45 4.39
Housel 4.54 4.57 4.58 4.54 4.40 4.03 3.76 3.70
House2 4.95 4.95 4.94 4.88 4.90 4.88 4.90 491
House3 5.88 5.90 5.93 591 5.92 591 591 5.90

Through simulation experiments and open-environment experiments, we validated
the spectral reconstruction performance of the proposed method with varying numbers of
target illuminants (7). In the simulation experiments, the RMSE (%) and color difference
(AEgp) for the CCSG, Munsell, and pigment datasets stabilized when the number of target
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illuminants reached n > 20. Notably, even with a single illuminant (n = 1), the RMSE (%)
and AEg in most scenarios significantly outperformed the unoptimized baseline, validating
the capability of the correction matrix M to compensate for illuminant discrepancies.

Table 11. AEyy between the reconstructed spectral reflectance of the ColorChecker chart and the
reference values for different n values ranging from 1 to 50.

n 1 3 5 10 20 30 40 50

CCSG 1.38 1.65 1.65 1.70 1.69 1.07 1.69 1.70
Munsell 1.01 1.32 1.34 1.38 1.34 1.33 1.33 1.33
Pigment 1.26 1.62 1.64 1.64 1.59 1.59 1.61 1.60

Outl 4.44 4.56 4.48 4.35 4.25 4.14 4.01 4.10

Out2 6.96 6.78 6.59 6.66 7.00 6.81 6.60 6.65

Out3 7.11 6.24 6.59 6.80 6.83 6.45 6.40 6.35
Housel 5.18 522 523 5.19 4.98 4.37 3.87 3.65
House2 7.37 7.33 7.29 7.14 7.17 7.12 7.13 7.12
House3 6.89 6.94 6.81 6.78 6.82 6.68 6.57 6.44

The experimental results confirm that the proposed method reaches a performance
plateau when n > 20 and exhibits strong robustness against variations in 7. This characteris-
tic arises from the error-balancing mechanism and global optimization strategy; the overall
error metric integrates the angle error and Euclidean distance, mitigating interference from
extreme illuminant deviations, while the least-squares method constructs stable mapping
relationships through multi-illuminant data. Consequently, regardless of the value of n,
the method stably compensates for illuminant differences via the correction matrix M,
enabling high-precision spectral reconstruction.

4. Discussion

The primary objective of this study was to investigate whether the image color cor-
rection method could be applied to spectral measurement in complex open environments.
This research required an understanding of the existing spectral measurement methods
for open environments, identifying technical gaps, and proposing solutions to achieve
the set objectives. To this end, this study focused on spectral reconstruction based on a
single raw-format digital camera RGB image. A spectral reconstruction method based on
image color correction was proposed; first, matrix M1 was calculated to correct the imaging
conditions of the open measurement environment to the reference imaging conditions,
achieving exposure-level correction and preliminary color error correction. Subsequently,
based on the theoretical imaging model of digital cameras [21] and a light source database,
matrix M, was computed to further correct color errors caused by light source differences.
Finally, the correction matrices M1 and M, were applied to the object’s image, and spectral
reconstruction was completed using the spectral reconstruction matrix established under
reference imaging conditions.

Simulation experiments were first conducted. Ten common light sources were collected
as test illuminants in open environments. Both the ‘M1’ and ‘M1+M2’ methods were applied
to three sample sets. The results in Tables 2 and 3 showed that, compared with using ‘M1’
alone, the ‘M1+M2’ method significantly reduced the average RMSE and AE( across all
three sample sets. This demonstrated that partial correction using only matrix My could
not guarantee sufficient spectral reconstruction accuracy. By combining M to correct color
errors caused by light source differences, further improvements in spectral reconstruction
precision were achieved. Real-world experiments in open environments (Tables 4 and 5)
further validated the critical role of M.
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The experimental results of this study confirm that the proposed spectral reconstruc-
tion method based on image acquisition condition correction is effective and promising
for open-environment spectral measurement applications. However, several challenges
remain to be addressed.

¢  Error caused by the estimation of the camera sensitivity function: In practical ex-
periments, the sensitivity function of a digital camera used is obtained through an
estimation method [25], inevitably introducing estimation errors. These errors will
affect both the selection of the target light sources and the accuracy of solving the
correction matrix My, consequently compromising spectral measurement precision.
Although this study mitigates the impact of camera sensitivity function estimation
errors to some extent by selecting the top k target light sources with smaller errors, it
cannot entirely eliminate the influence of this factor. Furthermore, the solved correc-
tion matrix M; is designed for the theoretical-simulation-based measurement system
constructed using the estimated sensitivity function, not the actual measurement
system. Therefore, the correction matrix M, itself possesses inherent limitations in
practical spectral measurement applications, affecting spectral measurement accuracy.

*  Error caused by the inherent discrepancy between the actual and theoretical imaging
models of the measurement system: The simulation experiments in this study are
based on the idealized linear imaging model represented by Equation (1) for conduct-
ing spectral measurements. These simulations do not account for factors present in
actual measurement systems, such as lens optical effects, exposure parameters, and
optical signal crosstalk between filters [30-35]. However, in practical experiments, the
complexity of the actual imaging model significantly exceeds that of the theoretical
model shown in Equation (1). The aforementioned factors are critical influences on the
response values of the measurement system. The methodology employed in this study
for both solving the target light sources and the correction matrix Mj is fundamentally
grounded in this idealized linear imaging model. It does not consider the inherent dis-
crepancy between the actual and theoretical imaging models. Consequently, this leads
to limitations in the applicability of the correction matrix M, for practical spectral
measurement tasks, ultimately affecting the accuracy of the spectral measurements.

5. Conclusions

The spectral measurement technology based on digital cameras holds significant poten-
tial in various spectral analysis applications. To address the issue that the existing methods
fail to account for exposure inconsistencies between camera spectral characterization and
spectral reconstruction in open environments, this study proposes a spectral reconstruc-
tion method based on image color correction for digital cameras. The proposed method
was evaluated through both simulation and real-world experiments. The experimental
results demonstrated that the adaptive color correction model ("M1+M2’) in the proposed
imaging color correction method achieved the best spectral reconstruction accuracy, with
overall average RMSE (%) and AEq values of 4.33 and 5.16, respectively, in open environ-
ments. These results verify the feasibility of the proposed method in open environments
and provide a viable reference approach for spectral reconstruction applications in open
environments. Future research will focus on minimizing errors caused by discrepancies
between the estimated camera sensitivity functions and the inherent differences between
the practical and theoretical imaging models of the measurement system. This holds sig-
nificant importance in various fields, such as agriculture and environmental monitoring,
cultural heritage preservation and restoration, among others.
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