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ARTICLE INFO ABSTRACT
Keywords: This study presents a physically interpretable hyperspectral reconstruction framework based on Non-negative
Non-negative matrix factorization (NMF) Matrix Factorization (NMF) with multiplicative update (MU) optimization to reconstruct continuous hyper-

Multiplicative update (MU)

spectral surface reflectance from satellite bidirectional reflectance distribution function (BRDF) products with
Spectral reconstruction

limited spectral bands. The Sentinel-5P/TROPOMI BRDF monthly product generated using the Generalized
TROPOMI/GRASP BRDF . . . . .
MODIS Nadir BRDF-adjusted reflectance Retrieval of Atmosphere and Surface Properties (GRASP) algorithm is extended from seven discrete spectral
(NBAR) bands to a continuous spectral range of 400-2400 nm. Five representative spectral basis vectors extracted from
EMIT the USGS/ASTER spectral libraries are combined with MU-based mixing-coefficient optimization to ensure
physically meaningful, non-negative reconstruction. Compared with the conventional least-squares solution, the
proposed MU optimization yields more robust non-negative coefficient estimation and consistently improves
hyperspectral reconstruction performance. The reconstructed hyperspectral BRDF parameters exhibit physically
consistent spatial distributions and pronounced seasonal variations across North America. Validation against
monthly mean MODIS MCD43C4 Nadir BRDF-Adjusted Reflectance (NBAR) demonstrates excellent agreement in
the visible and near-infrared regions (470-859 nm), with monthly mean differences generally within +0.01 and
standard deviations of 0.02-0.04. In the shortwave infrared, larger discrepancies are observed over vegetation-
dominated regions, where the monthly mean differences range from approximately —0.06 to —0.04 at 1240 and
1610 nm. Independent comparisons with EMIT Level-2A hyperspectral surface reflectance further confirm that
the reconstructed spectra successfully reproduce the dominant hyperspectral characteristics of representative
natural surfaces across the continuous 400-2400 nm spectral range. Despite the remaining shortwave-infrared
underestimation, likely reflecting the limited representation of vegetation spectral variability in the selected
spectral dataset, both the MODIS and EMIT validations confirm the overall robustness of the proposed frame-
work. The proposed MU-based NMF framework provides a transparent solution for reconstructing continuous
hyperspectral reflectance from satellite products with limited spectral bands, establishing a scalable methodo-
logical foundation for future cross-sensor harmonization and multi-resolution surface reflectance reconstruction.

1. Introduction spectral resolution of multispectral instruments often restricts their ca-
pacity to detect fine spectral features [4,5]. Such features are critical for

Satellite-based multispectral remote sensing has become an indis- accurately characterizing surface properties, especially in spectral re-
pensable tool for Earth surface monitoring, offering broad spatial gions where gas absorption or atmospheric correction introduces sig-
coverage and high-frequency revisit cycles [1-3]. However, the limited nificant uncertainties [6-8]. While hyperspectral sensors provide far
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more detailed information, their operational use is often hampered by
high deployment costs, relatively narrow swath widths, and limited
temporal coverage [9-14].

To bridge the gap in spectral resolution, various reconstruction
methods have been developed to estimate hyperspectral-like reflectance
from a limited set of multispectral bands [15-18]. Previous research
introduced a framework based on Non-negative Matrix Factorization
(NMF) [19,20], utilizing Bidirectional Reflectance Distribution Function
(BRDF) products generated from the Tropospheric Monitoring Instru-
ment (TROPOMI) onboard Sentinel-5P satellite via the Generalized
Retrieval of Atmosphere and Surface Properties (GRASP) algorithm
[21-27]. This approach successfully demonstrated that visible-range
reflectance (400 to 800 nm) could be efficiently reconstructed using a
small number of isotropic coefficients [19]. Nevertheless, earlier
implementations relied on unconstrained least-squares method (LSM),
which can produce physically incompatible negative reflectance values
and lack robustness when applied to heterogeneous surfaces.

Simultaneously, advances in deep learning have introduced neural
networks, such as hyperspectral convolutional neural networks
(HSCNN), hybrid convolutional neural network (CNN)-transformer
model, high-resolution network (HRNet), and CNN-transformer com-
bined block model (CTBNet), that excel at recovering dense spectral
signatures from multispectral inputs [28-31]. While these and other
optimization-based methods [32-34], like adaptive Wiener filtering,
have improved spectral fidelity, they typically require vast amounts of
labeled training data, are computationally expensive, and lack the
physical transparency necessary for many practical applications. Alter-
natively, methods based on Principal Component Analysis (PCA) have
proven effective for reconstructing visible to near-infrared (VIS-NIR)
spectra, yet they suffer from orthogonality constraints and sign ambi-
guity, which limit the physical interpretability of the results[35-38].

The multiplicative-update (MU) rule was originally introduced by
Lee and Seung as an efficient optimization algorithm for NMF, where
both the basis matrix and the corresponding coefficient matrix are
constrained to remain non-negative throughout the factorization pro-
cess [20,39]. Owing to its simplicity, guaranteed non-negativity, and
computational efficiency, the MU algorithm has been widely adopted in
applications such as matrix decomposition and hyperspectral unmixing.
However, despite its extensive use for NMF decomposition, its applica-
tion as a non-negative least-squares (NNLS) solver for continuous
spectral reconstruction from sparse multispectral observations has
received little attention. In particular, when the spectral basis vectors
are assumed to be known a priori, the reconstruction problem becomes a
constrained coefficient estimation problem rather than an NMF
decomposition problem. This distinction forms the methodological
foundation of the present study.

Building upon the previously derived spectral basis vectors, this
study proposes an enhanced spectral reconstruction framework by
formulating the estimation of non-negative weighting coefficients as a
series of NNLS subproblems. Instead of conventional least-squares
fitting, the coefficient estimation is performed using a fully vectorized
MU algorithm, which guarantees non-negative solutions while
improving numerical stability and computational efficiency for large-
scale remote sensing applications involving millions of pixels. The pro-
posed framework preserves the physical interpretability of the recon-
struction process, where the NMF-derived basis vectors represent
characteristic spectral components, and the retrieved coefficients
describe their relative contributions to the reconstructed continuous
spectra.

The primary objectives of this work are to:

(1) Develop an efficient NNLS reconstruction framework: Introduce a
fully vectorized MU algorithm for solving the mixing coefficient
estimation problem in continuous spectral reconstruction.
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(2) Expand the reconstruction capability: Demonstrate the feasibility
of reconstructing continuous surface reflectance across the VIS
and shortwave infrared (SWIR) spectral regions (400-2400 nm).

(3) Demonstrate large-scale applicability and validation: Apply the
proposed framework to monthly TROPOMI/GRASP BRDF prod-
ucts and evaluate the reconstructed spectra using complementary
MODIS Nadir BRDF-Adjusted Reflectance (NBAR) and EMIT
hyperspectral surface reflectance.

By developing an interpretable and efficient spectral enhancement
framework, this work aims to advance surface reflectance retrieval and
provide robust support for applications such as vegetation monitoring,
atmospheric correction, and remote sensing product fusion.

2. Spectral reconstruction methodology via NMF
2.1. Principles of reflectance reconstruction using NMF
For a non-negative matrix V € R1§"™ representing a hyperspectral-

like surface reflectance dataset, NMF aims to decompose V into two
non-negative matrices W € Ry and H € RZG, such that [20]:

V ~ WH, (€)]
Vig  Vim W11 Wir hip - hipm

. H : . : P : (2)
Vn1 * Vnm Wn1 o Wnr hr.l o hr.m

and with the matrix form:

Here, n represents the number of hyperspectral bands, m is the
number of pixels (spectra), and r is the desired rank. W denotes the
spectral basis matrix composed of statistical spectral components, while
H denotes the corresponding mixing-coefficient matrix. For simplicity,
let v; and h; denote the i-th columns of V and H, respectively, wherei=1,
---, m. Eq. (1) can then be expressed in the vector form as:

v~ Wh. 3

Let ¥ € R™" denote the linear band-mapping operator, which pro-
jects the continuous hyperspectral reflectance onto the multispectral
observation space according to the sensor’s spectral response functions
(SRFs). The multispectral reflectance vector and the corresponding basis
matrix can then be expressed as

v="Yy
{W:‘PW’ “)

where each row of ¥ represents the normalized SRF of one multispectral
band. Consequently, the hyperspectral reconstruction model can be
mapped into the multispectral observation space as

v~ Wh, 5)

which establishes the relationship between the observed multispectral
reflectance and the continuous hyperspectral reflectance through the
same non-negative coefficient vector h. Therefore, the reconstruction
problem is reformulated as estimating the coefficient vector from sparse
multispectral observations, while the continuous hyperspectral reflec-
tance can subsequently be recovered using the previously derived
spectral basis vectors. Using the least-squares method (LSM), the mixing
coefficients can be estimated as [19]:

h~W'v, (6)

where W' denotes the pseudoinverse of W. However, Eq. (6) does not
guarantee that h will be non-negative. The resulting negative values may
lead to physically impossible negative reflectance values in the recon-
structed bands. Consequently, the reconstruction method must be
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refined to include non-negative constraints.

2.2. Numerical solution for non-negative least-squares (NNLS)

Assuming that the subset matrices V and W are known and consist of
pre-determined non-negative values, the objective is to solve for the
unknown H:

. = = 2
minf(H) = || V - WH ||, )

where || - ||% denotes the squared Frobenius norm. Given that the subset

basis-vector matrix W is fixed, Eq. (7) constitutes a standard non-
negative least-squares (NNLS) problem [39].

2.2.1. Column-wise decoupling optimization

First, we express V and H in terms of their columns: V = V1, Vm]
and H = [hy,, hy], where ¥ e R* and h € Rk. Substituting these into
Eq. (7) yields:

FE) =S % - Why . ®)
j=1

In this formulation, each column can be treated as an independent
NNLS sub-problem. Consequently, Eq. (8) can be decomposed into m
independent optimization tasks:

o~ ~ 2 .
;lrjggl\vahj l G=1,,m). )

By solving Eq. (9) for each column, the results can be assembled to
form H. Various algorithms are available to solve this NNLS problem,
including the active-set NNLS [40-42], projected gradient methods
[43], and multiplicative update rules [39].

For a single-column problem in Eq. (9), the Karush-Kuhn-Tucker
(KKT) optimality conditions are defined as:

W (Wh' —¥)+a =0,k >0,a" > 0,&" Oh" =0, (10

where the superscript “T” and “*” denote the transpose and optimal
solution, respectively. Here, a represents the vector of Lagrange multi-
pliers, and ® denotes the Hadamard product. Here, the Hadamard
product is the element-wise multiplication of two matrices of the same
size, producing a new matrix whose entries are the products of corre-
sponding elements. The active-set method enforces these conditions
through iterative refinement.

2.2.2. Vectorized multiplicative update (MU) strategy

While column-wise loops are straightforward, a loop-free, fully
vectorized NNLS solver is often more efficient for large-scale applica-
tions (e.g., m ~ 10° spectral pixels). In such cases, evaluating each
column individually becomes computationally prohibitive. For the
objective function in Eq. (8), the full-matrix gradient is expressed as:

Vf(H) = W (WH— V) € R, an
and the corresponding KKT optimality conditions are:

VfH)+A"=0,H >0,A">0A"0H =0, 12)

where A represents the matrix of Lagrange multipliers and H* denotes
the optimal results. To satisfy these conditions, we employ the Lee-
Seung multiplicative update rule [20,39], which operates on the entire
matrix H simultaneously:

13)

In this expression, all operations (including division) are performed
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elementwise. In practical implementations, a small positive constant ¢ is
added to the denominator of Eq. (13) to avoid division by zero and
improve numerical stability. Starting with a strictly positive initializa-
tion H?, this rule automatically maintains the non-negativity constraint
throughout the iteration process. This fully vectorized approach avoids
an explicit loop over the m pixels, ensuring that f(H * V) < AH®) until
convergence.
The implementation of the MU algorithm follows these steps:

. . =T
Step 1: Pre-computation. Calculate the constant matrices W V €

R*™ and W' W € RV to optimize performance.

Step 2: Initialization. Initialize the mixing-coefficient matrix H®)
with random positive values, such as HO = rand(k, m).

Step3: Iteration. Update H using Eq. (13) fori =0, ---, N — 1 until the
following convergence criterion is met:

H H(i+l) _ H(i)”F
L 4
where, ¢ is a convergence threshold and N is the maximum number of
iterations.
Step 4: Output. Return the final mixing-coefficient matrix H* = H™.
Each iteration has a computational complexity of O(k?*m). In prac-
tice, N € [150, 200] iterations are typically sufficient to reduce the
relative reconstruction error below ¢ = 0.1%.

3. Reconstruction datasets and validation methods

Table 1 summarizes the spectral characteristics and temporal infor-
mation of the USGS/ASTER spectral dataset, TROPOMI/GRASP BRDF,
MODIS MCD43C4 NBAR, and EMIT L2A surface reflectance products
used in this study.

3.1. USGS/ASTER spectral dataset

The U.S. Geological Survey Spectral Library Version 06 (USGS
splib06) and the Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER) spectral libraries are widely utilized reference
datasets containing high-quality reflectance spectra of diverse natural
and anthropogenic surface materials [44-46]. In this study, the com-
bined dataset serves as the foundation for extracting continuous spectral
basis vectors using NMF and is hereafter referred to as the USGS/ASTER
spectral dataset.

Fig. 1 illustrates the USGS/ASTER spectral dataset used in this
reconstruction study. The dataset consists of 297 reflectance spectra

Table 1

Spectral characteristics and acquisition dates of the USGS/ASTER spectral
dataset, TROPOMI/GRASP BRDF, MODIS MCD43C4 NBAR, and EMIT L2A
surface reflectance products used in this study.

Sensor/ Product Acquisition Spectral Spectral
Source date coverage sampling
used
USGS/ Combined N/A 400-2400 Continuous
ASTER spectral nm hyperspectral
dataset (1 nm interval)
TROPOMI GRASP Monthly mean 416, 440, 7 discrete bands
monthly (Dec 494, 670,
BRDF 2019-Nov 747,772,
2020) 2313 nm
MODIS MCD43C4 Monthly mean 470, 555, 7 broad bands
monthly (Dec 645, 859,
mean NBAR 2019-Nov 1240, 1640,
2020) 2130 nm
EMIT L2A Surface Selected scenes ~ 400-2400 Continuous
Reflectance (8 Aug. 2023 nm (from hyperspectral
and 27 Jul. original (~7.5 nm
2025) 381-2493 interval), 285
nm) (244 valid bands)
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Fig. 1. Representative hyperspectral reflectance dataset consisting of 297 natural and man-made surface spectra selected from the USGS splib06 and ASTER spectral
libraries. The USGS/ASTER spectral dataset covers six representative surface categories, namely vegetation, bare soil, rangeland, rock, concrete, and snow, over the

wavelength range of 400 to 2400 nm.

selected for subsequent analysis. The six subplots present spectra of
vegetation, bare soil, rangeland, rock, concrete, and snow over
400-2400 nm wavelength range. The diversity of these spectral signa-
tures provides a representative dataset for evaluating spectral decom-
position and reconstruction performance.

3.2. GRASP TROPOMI BRDF product characteristics

The GRASP TROPOMI v1.0 BRDF dataset is synthesized from ob-
servations acquired by the Sentinel-5P TROPOMI sensor [47], processed
via the GRASP algorithm [24,25]. This publicly available product pro-
vides surface reflectance information across an extensive spectral range,
spanning from UV to SWIR at ten discrete wavelengths. To ensure spatial
consistency, TROPOMI radiance inputs are resampled onto a global
0.09° grid using an equidistant cylindrical projection referenced to the
WGS84 ellipsoid. The retrieval accuracy is further bolstered by inte-
grating auxiliary datasets, including ECMWF wind fields data and S5P
NPP-VIIRS cloud masks. The final output is archived in NetCDF-4
format, featuring a nominal spatial resolution of approximately 10 km
[24,25,48].

In this product, the directional dependence of surface reflectance is
characterized using the Ross-Li semi-empirical kernel-driven model. For
a surface characterized by the BRDF at wavelength A, the corresponding
spectral bidirectional reflectance factor (BRF) is mathematically defined
as [49]:

Ps (00’ HV} ¢7 ﬂ) = kiso (2) 1 + kgeomfgeom (907 6V7 ¢) + kvo]fvol (00, gv-, ¢)] )
(15)

where the parameters 0y, 6,, and ¢ represent the solar zenith, viewing
zenith, and relative azimuth angles, respectively. The functions fgeom
and fyo are the geometric-optical and volumetric-scattering kernels,
respectively. With this framework, kiso(A) captures the isotropic reflec-
tance component, while kgeom and kyo are the wavelength-independent
kernel-coefficients for geometric and volumetric scattering. This robust
parameterization facilitates the modeling of multi-angular reflectance,
providing the necessary data for the spectral reconstruction objectives of

this study. Once the coefficient vector h is determined, the reconstructed

isotropic spectral coefficients ki< = [kI(4;), -, ki¢¢(4,)] ", are calcu-

lated as:

kics ~ Wh, (16)
where “rec” signifies the estimated values. Using the reconstructed co-
efficients, the BRF at an arbitrary target wavelength A; is then recon-
structed as:

ﬂzec (00~, 9v~, ¢7 j~1) = kf:gc (/11) [1 + kgeomfgeom ('907 9\/7 (b) + kvoLfvol (007 0\/7 ¢) )
(i=1,--,n)
a7

3.3. MODIS NBAR validation dataset

To validate the reconstructed results, this study utilizes the MODIS
MCD43C4 (Collection 6.1) daily product, which provides Nadir BRDF-
Adjusted Reflectance (NBAR). This dataset is generated by normal-
izing global surface reflectance to a standard viewing geometry (nadir
view at local solar noon) using a sophisticated kernel-driven BRDF
model inversion [50,51]. The algorithm aggregates multi-angle obser-
vations from the Terra and Aqua satellites over a 16-day period,
applying a temporal weighting scheme to estimate isotropic, volumetric,
and geometric kernels for each 0.05° Climate Modeling Grid (CMG) cell
[52,53].

This MCD43C4 product is distributed on a 0.05-degree sinusoidal
grid (approximately 5 km) and includes pixel-level quality flags and
ancillary layers, such as local solar noon geometry, to support rigorous
uncertainty filtering [54]. Compared to previous iterations, Version 6.1
offers superior calibration and cloud-screening, ensuring better tempo-
ral consistency between the Terra and Aqua records and enhancing the
stability of long-term land surface monitoring applications. To match
the temporal resolution of the monthly TROPOMI/GRASP BRDF prod-
uct, the daily MODIS MCD43C4 NBAR observations and the associated
local-noon solar zenith angles were averaged within each calendar
month to generate monthly mean fields for the subsequent validation.
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3.4. EMIT L2A surface reflectance dataset

To provide an independent hyperspectral evaluation of the proposed
spectral reconstruction framework, the Earth Surface Mineral Dust
Source Investigation (EMIT) Level-2A (L2A) surface reflectance product
was used as an external validation dataset [55,56]. EMIT is a NASA
Earth Ventures Instrument (EVI-4) imaging spectroscopy mission that
provides hyperspectral surface reflectance observations over approxi-
mately 381-2493 nm with a spectral sampling interval of about 7.5 nm
[57,58].

Because the TROPOMI/GRASP BRDF climatology used in this study
was generated from monthly mean observations during December
2019-November 2020, whereas the EMIT mission became operational
afterward, temporally coincident observations are unavailable. There-
fore, representative cloud-free EMIT scenes over stable land-cover types
were selected for hyperspectral validation. The original EMIT L2A sur-
face data were spatially aggregated and resampled to the TROPOMI/
GRASP BRDF grid by averaging all valid EMIT pixels within each
TROPOMI grid cell.

3.5. Spectral reconstruction validation methods

The proposed reconstruction framework was evaluated using two
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complementary validation strategies, and the overall validation work-
flow is illustrated in Fig. 2. First, continuous spectral basis vectors
(400-2400 nm) were extracted from the USGS/ASTER spectral datasets
using NMF. The derived basis vectors were subsequently used to
reconstruct continuous isotropic reflectance spectra from the seven-
band monthly TROPOMI/GRASP BRDF observations using both the
least-squares method (LSM) and the multiplicative update (MU) algo-
rithm. The reconstructed spectra were then evaluated through two in-
dependent validation pathways. The first employed the MODIS
MCD43C4 monthly BRDF-adjusted reflectance (NBAR) product to assess
the accuracy of the reconstructed multispectral reflectance after spectral
convolution. The second utilized the EMIT L2A hyperspectral surface
reflectance product to evaluate the capability of the proposed method to
reconstruct continuous spectra over the wavelength range of 400-2400
nm.

3.5.1. Validation using MODIS NBAR

The MODIS-based validation was performed to evaluate the accuracy
of the reconstructed monthly TROPOMI/GRASP spectra against the
MODIS MCD43C4 monthly NBAR product. The LSM and MU algorithms
were evaluated using an identical validation procedure to enable a
direct comparison of their reconstruction performance. The recon-
structed spectra obtained using the two algorithms were converted to

TROPOMI/GRASP monthly BRDF
(416, 440, 494, 670, 747, 772,
2313 nm, 7 bands)

Monthly mean MODIS NBAR
(470, 555, 645, 859, 1240,
1640, 2130 nm)

USGS/ASTER spectral dataset
(4002400 nm, resampled to 1 nm)

\ 4

Extract continuous spectral basis
vectors by NMF (400-2400 nm)

Continuous spectral basis vector
(4002400 nm)

|

Calculate mixing coefficients by
LSM & MU, respectively

|

TROPOMI-reconstructed
continuous isotropic spectra
by LSM & MU (400-2400 nm)

!

!

|

Spatiotemporal matching, resampling
and SRF-weight between
reconstructed TROPOMI NBAR
and MODIS NBAR

Spectral signature comparison between ‘
MU-renconstucted TROPOMI BRF and ————>
EMIT surface spectra (400-2400 nm) ‘

T
T

T

Reconstruct TROPOMI/GRASP
—>» monthly NBAR (470, 555, 645, 859,
1240, 1640, 2130 nm)

Quantitative comparison between
——» reconstructed TROPOMI NBAR and
MODIS NBAR (7 bands)

Comparison results
(MODIS & EMIT validation)

Reconstruct TROPOMI/GRASP
BRF (400-2400 nm)

Compute SZA from
EMIT acquisition time

Reconstructed continuous
isotropic reflectance spectra by

Spatial matching and resampling to the
TROPOMI/GRASP spatical grid

EMIT L2A surface reflectance
(381-2493 nm, interval: ~7.5 nm)

~ LSM & MU (400-2400 nm)

Fig. 2. Flowchart of the proposed NMF-based spectral reconstruction and validation framework, including the MODIS NBAR and EMIT hyperspectral validation
pathways. Blue parallelograms represent the input datasets, green rounded rectangles denote the major processing and validation steps, orange cylinders indicate
intermediate data products generated during the reconstruction process, and the purple document-shaped block summarizes the final validation results.
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MODIS-equivalent NBAR, and the validation procedure consisted of the
following steps.

Monthly averaging and spatial matching. Daily MODIS MCD43C4
NBAR observations were averaged within each month to generate
monthly mean NBAR fields. The corresponding daily solar zenith angles
provided in the MCD43C4 product were averaged in the same manner to
obtain the monthly mean local-noon solar zenith angle for each grid cell.
The resulting monthly mean NBAR and solar zenith angle fields were
then spatially resampled onto the 0.09° TROPOMI/GRASP grid.

Geometric standardization. For each month, the reconstructed
TROPOMI/GRASP BRDF was evaluated using the monthly mean local-
noon solar zenith angle derived from the MODIS MCD43C4 product,
while the viewing zenith angle and relative azimuth angle were fixed at
0°. This procedure produced monthly mean TROPOMI/GRASP NBAR
that is geometrically consistent with the MODIS NBAR observations.

Generation of MODIS-equivalent NBAR. The geometrically stan-
dardized continuous spectra were convolved with the MODIS spectral
response functions (SRFs) to generate seven MODIS-equivalent reflec-
tance bands centered at 470, 555, 645, 859, 1240, 1640, and 2130 nm
[591.

Quantitative comparison. The reconstructed monthly TROPOMI/
GRASP NBAR was compared directly with the corresponding monthly
mean MODIS NBAR after spatial matching. The agreement between the
two datasets was evaluated using statistical metrics including the cor-
relation coefficient, RMSE, MAE, and spectral bias.

3.5.2. Validation using EMIT hyperspectral observations

Unlike the MODIS validation, which evaluates reconstructed
broadband reflectance, the EMIT validation focuses on the accuracy of
the reconstructed continuous hyperspectral spectra. Based on the su-
perior performance of the MU algorithm in the MODIS validation, only
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the MU-reconstructed spectra were considered in the subsequent
analysis.

For each selected EMIT scene, the reconstructed TROPOMI spectra
were converted from BRDF parameters to spectral BRF using the Ross-Li
BRDF model. The solar zenith angle (6y) was calculated from the EMIT
acquisition time and pixel geolocation, while the viewing zenith angle
and relative azimuth angle were assumed to be 6, = 0° and ¢ = 0°,
respectively, because the complete observation geometry is unavailable
in the EMIT L2A product. Under this simplified geometry, the recon-
structed BRF spectra were calculated according to Eq. (15).

Finally, the reconstructed BRF spectra were interpolated to the EMIT
good wavelengths over the common spectral range of 400-2400 nm and
directly compared with the EMIT L2A surface reflectance. The evalua-
tion focused on representative hyperspectral signatures together with
wavelength-dependent mean differences and corresponding standard
deviations.

4. MU-optimized reconstruction results and analysis
4.1. Basis vector characterization and reconstruction fidelity

Fig. 3 compares the spectral basis vectors extracted by NMF using
two representative desired ranks, r = 5 and r = 6. To improve read-
ability, each basis vector is displayed individually rather than overlaying
all components within a single panel, allowing a more direct comparison
between the two decompositions. The extracted basis vectors should be
regarded as statistical spectral components rather than strict physical
endmembers. NMF identifies a nonnegative low-rank representation of
the spectral library, and each basis vector therefore represents dominant
spectral characteristics shared by multiple surface materials rather than
a unique land-cover type.

Comparison of NMF-extracted spectral basis vectors

Basis vector
[=]
w
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Fig. 3. Comparison of NMF-extracted spectral basis vectors obtained using desired ranks of r = 5 and r = 6 from the USGS/ASTER spectral dataset. Panels (a)—(f)
correspond to basis vectors wi—ws, respectively. For each basis vector, the solutions obtained with r = 5 (solid blue) and r = 6 (dashed orange) are compared within
the same panel. Each basis vector is displayed individually to improve readability. The first five basis vectors remain highly consistent between the two de-
compositions, whereas the additional basis vector w, is introduced only in the r = 6 decomposition and primarily captures residual statistical spectral variability.
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For the solution with r = 5, the five basis vectors exhibit distinct
spectral characteristics. w; resembles a vegetation-like spectral
component, characterized by a pronounced red-edge transition near 700
nm, high reflectance throughout the NIR region, and distinct water-
absorption features in the shortwave infrared SWIR. wy corresponds to
a bare-surface spectral component, resembling a smooth and gradually
increasing reflectance from the visible to the SWIR region, a charac-
teristic spectral behavior of many soil and exposed terrestrial surfaces.
w3 captures transition-type spectral characteristics with broad SWIR
absorption features associated with mixtures of mineral-rich and
sparsely vegetated surfaces. w, exhibits snow-like spectral behavior,
with high visible reflectance followed by a rapid decrease in the SWIR
due to strong ice absorption. ws reflects the remaining dominant spectral
variability associated with spectrally heterogeneous bright terrestrial
surfaces.

Compared with the r = 5 solution, the first five basis vectors obtained
with r = 6 remain highly consistent, indicating that the dominant low-
dimensional spectral structure is stable. The additional component wg,
primarily captures residual statistical variability rather than an inde-
pendent spectral characteristic.

The selection of the desired rank is a critical step because it de-
termines the balance between reconstruction fidelity, model complexity,
and coefficient stability. If the desired rank is too small, distinct spectral
characteristics may be merged into the same statistical component.
Conversely, increasing the rank introduces additional components that
must be estimated from the same limited multispectral observations,
providing progressively smaller improvements in reconstruction accu-
racy while reducing component interpretability.

Fig. 4 summarizes the mean absolute error (MAE) and root mean
squared error (RMSE), together with their corresponding standard de-
viations, obtained from NMF-based spectral reconstruction of the 297
reflectance spectra (400-2400 nm) shown in Fig. 1, for desired ranks
from r = 2 tor = 7. Both reconstruction metrics decrease monotonically
as the desired rank increases, although the improvement becomes
noticeably smaller beyond r = 5, indicating diminishing returns with
increasing model complexity.

The subsequent reconstruction is performed using only the seven
monthly TROPOMI/GRASP BRDF bands (416, 440, 494, 670, 747, 772,
and 2313 nm). Consequently, the desired rank is naturally constrained
to r < 7, since the number of unknown NMF coefficients cannot exceed
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the number of available multispectral observations if a unique coeffi-
cient solution is to be obtained.

The subsequent reconstruction is performed using only the seven
monthly TROPOMI/GRASP BRDF bands (416, 440, 494, 670, 747, 772,
and 2313 nm). Consequently, the desired rank is naturally constrained
to r < 7, since the number of unknown NMF coefficients cannot exceed
the number of available multispectral observations if a unique coeffi-
cient solution is to be obtained.

Considering both the statistical interpretability of the extracted basis
vectors (Fig. 3) and the reconstruction performance (Fig. 4), r = 5 is
adopted throughout this study. This configuration captures the domi-
nant spectral variability while maintaining low reconstruction errors
and a well-constrained coefficient estimation problem. Although slightly
lower reconstruction errors are obtained for r = 6 and r = 7, the addi-
tional basis vectors mainly represent residual statistical variability and
provide only marginal performance gains. Therefore, r = 5 offers a
practical compromise between reconstruction accuracy, model
simplicity, coefficient stability, and spectral interpretability.

4.2. Spatiotemporal dynamics and physical interpretability of mixing
coefficients

The following reconstruction results in this section are obtained
using the MU algorithm for coefficient optimization unless otherwise
specified. Fig. 5 illustrates the monthly average spatial distribution of
the MU-optimized mixing coefficients associated with the vegetation-
like spectral component (denoted as Hj) across North America. Due to
strict quality control applied to the GRASP BRDF dataset, pixels
contaminated by snow, ice, or clouds were excluded, resulting in vary-
ing data gaps that are particularly evident in high-latitude regions
during winter. Panels (a)-(1) demonstrate a clear seasonal cycle: from
January to March, vegetation coefficients remain generally low, with
many northern regions showing sparse pixel availability. As spring shifts
into summer (April-August), a marked increase in coefficients is
observed throughout the central, eastern, and northern regions,
reflecting vigorous canopy development and biomass accumulation.
Following the autumn transition, these values steadily decline, aligning
with the predictable patterns of seasonal vegetation senescence.

In contrast to the dynamic seasonal variations exhibited by the
vegetation-like spectral component, Fig. 6 shows that the MU-optimized

NMF reconstruction error versus desired rank
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Fig. 4. Mean absolute error (MAE) and root mean squared error (RMSE), together with their corresponding standard deviations, as a function of the desired rank (r).
The statistics were obtained from NMF reconstruction of the 297 USGS/ASTER reflectance spectra (400-2400 nm) using desired ranks from r = 2 to r = 7. Both
metrics decrease with increasing rank, whereas the improvement becomes marginal beyond r = 5, supporting the selection of r = 5 for the subsequent spectral

reconstruction.
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MU-optimized mixing coefficients for the vegetation-like spectral component

MU-optimized mixing coefficients

Fig. 5. Spatiotemporal distribution of the mixing coefficients for the vegetation-like spectral component across North America. Panels (a-1) show the monthly mean
distributions of the mixing coefficients optimized using the MU algorithm. Maps for January through November are generated from the corresponding monthly mean
GRASP BRDF products in 2020, whereas the December map is generated from the December 2019 monthly mean product because of the corresponding 2020 data are
unavailable. Unless otherwise noted, all subsequent figures follow the same data selection convention. Spatial gaps indicate regions excluded due to rigorous quality

control protocols applied to the GRASP BRDF dataset.

MU-optimized mixing coefficients for the bare-surface spectral component

108%y

MU-optimized mixing coefficients

Fig. 6. Spatiotemporal distribution of mixing coefficients for the bare-surface spectral component across North America. Panels (a-1) show the monthly mean
distributions of the MU-optimized mixing coefficients. High coefficient values primarily occur over arid and semi-arid zones.

mixing coefficients for the bare-surface spectral component (denoted as
H,) maintain relatively stable regional spatial patterns throughout the
year. The highest soil coefficients are persistently concentrated in the
arid and semi-arid zones of the southwestern United States, northern
Mexico, and central-western North America, where sparse vegetative
cover allows surface reflectance to closely mirror typical soil spectral
signatures. While these coefficients slightly decrease during the peak
growing season as vegetation thrives, they tend to rise during autumn
and winter in agricultural zones. This rise is driven by the combined
influence of crop harvesting, vegetation senescence, and the resulting
exposure of bare surfaces.

The spatiotemporal distributions of these coefficients exhibit clear,
physically meaningful, and complementary patterns. The vegetation
endmember rises significantly during the growing season, while the bare
soil-like endmember maintains high values in arid regions or increases
when vegetation declines. A distinct inverse relationship is observed in
agricultural and mid-latitude regions: during spring and summer, the
rapid growth of vegetation drives its mixing coefficient upward while
the bare soil contribution diminishes accordingly. Conversely, in
autumn and winter, this trend reverses as surface exposure increases.
This complementary behavior validates the independence and repre-
sentativeness of the extracted NMF endmembers, confirming that ther =
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Convergence behavior of MU-based mixing coefficient optimization
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Fig. 7. Iterative convergence profiles of the MU algorithm for mixing coefficient optimization. The plot illustrates the monotonic decrease in convergence error with
increasing iteration count across different months. Individual colors and line styles differentiate the results for January to December.

5 configuration accurately distinguishes and quantifies the spectral
contributions of primary land cover types.

Furthermore, Fig. 7 characterizes the convergence behavior of the
MU algorithm for mixing coefficient optimization across different
monthly data scenarios. The convergence error consistently and mono-
tonically decreases as iterations proceed, demonstrating the inherent
stability of the NMF approach. While initial error levels and early
descent rates vary by month, likely due to seasonal variations in surface
spectral complexity, the curves for all months follow a similar conver-
gence trajectory. After approximately 170-200 iterations, the relative
convergence errors fall below the predefined stopping criterion of 0.1%
and stabilize thereafter, indicating satisfactory convergence of the MU
optimization. This suggests that seasonal variations have limited influ-
ence on the algorithm's ultimate stability, underscoring the robustness of
the MU solver for processing the seasonally varying GRASP TROPOMI
BRDF dataset.

4.3. Spatial fidelity and spectral continuity of the reconstructed BRDF

Fig. 8 provides a three-dimensional visualization of the spectral
reconstruction, illustrating the transformation from seven discrete
TROPOMI/GRASP spectral bands to continuous hyperspectral reflec-
tance over North America. The left panels show the original multi-
spectral isotropic reflectance at seven wavelengths (416, 440, 494, 670,
747, 772, and 2313 nm), whereas the right panels present the corre-
sponding continuous hyperspectral results spanning 400-2400 nm. The
reconstructed hyperspectral cubes preserve the overall spatial distribu-
tion and reflectance gradients of the original multispectral observations
while providing smooth, continuous spectral variations across the
measured wavelengths. July and October are shown as representative
examples to illustrate the reconstruction under different seasonal sur-
face conditions. The purpose of this visualization is to demonstrate the
concept and qualitative performance of the proposed spectral recon-
struction rather than to interpret seasonal surface characteristics.

To further evaluate the physical consistency of the proposed frame-
work, Figs. 9 and 10 present the monthly spectral evolution of the
reconstructed isotropic reflectance at eight representative terrestrial
sites, with the odd and even months displayed separately for improved
visualization. These sites were selected along two latitudinal transects
(33.23°N and 39.53°N) to capture diverse longitudinal surface

conditions. The continuous curves represent the MU-optimized NMF-
reconstructed hyperspectral reflectance, while the open circles denote
the original TROPOMI/GRASP BRDF isotropic parameter values at the
anchor wavelengths. For visual clarity, only five of the seven anchor
wavelengths are shown. Overall, the reconstructed spectra accurately
capture the overall spectral trends of the discrete observations while
exhibiting smooth and physically realistic behavior across the VIS, NIR,
and SWIR regions.

It should be noted that the reconstructed curves are not expected to
pass exactly through every anchor point. Rather than fitting each
wavelength independently, the MU algorithm optimizes the mixing co-
efficients by jointly considering information from all seven anchor
wavelengths. Since the TROPOMI/GRASP BRDF isotropic parameters
may contain retrieval uncertainties and individual anchor wavelengths
may occasionally deviate from the spectral characteristics represented
by the extracted NMF basis vectors, slight adjustments are introduced to
achieve a more globally consistent hyperspectral reconstruction. As the
transects extend eastward across the continent, variations in surface
composition are reflected in distinct differences in reflectance magni-
tude and seasonal variability. Nevertheless, the reconstructed spectra
consistently preserve smooth and physically consistent spectral behavior
across diverse geographic regions and seasons.

4.4. Correlation analysis between NMF mixing coefficients and vegetation
indices

Fig. 11 illustrates the density scatterplots correlating the MU-
optimized mixing coefficients with classic vegetation indices, with H;
corresponding to the vegetation-like spectral component and Hjy corre-
sponds to the bare-surface spectral component, providing a quantitative
validation of their physical significance. The Enhanced Vegetation Index
(EVI), Normalized Difference Vegetation Index (NDVI), and Normalized
Difference Water Index (NDWI) are calculated using the reconstructed
isotropic coefficients at specific wavelengths.

Here, the EVI is calculated by [60,61]:

kNIR _ k_red

EVI=G iso S0 : 18
R Gy kied — Gy 4 L 18

iso

where ki, represents the reconstructed isotropic coefficient, the blue,
red, and NIR bands correspond to 470, 670, and 870 nm, respectively,
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Fig. 8. Three-dimensional visualization of the spectral reconstruction from seven discrete bands to continuous hyperspectral reflectance. The left panels illustrate the
original multispectral isotropic coefficients at TROPOMI/GRASP wavelengths (416, 440, 494, 670, 747, 772, and 2313 nm), while the right panels present the
corresponding reconstructed hyperspectral results spanning 400-2400 nm. Panels (a) and (b) correspond to July, and panels (c) and (d) correspond to October. To

enhance visual contrast, a square-root scaling is applied to the color bar.

with the parameter values of L = 1, C; = 6, Cy = 7.5, and G = 2.5.
Meanwhile, the NDVI is derived by [62]:

NIR red
kiso — kiso

iso iso

NDVI = 19)

where the red and NIR bands align with EVI. Additionally, the NDWI is
typically calculated using [63,64]:

kNlR __ J-SWIR
iso iso

KNIR {_ JSWIR?

iso iso

NDWI = (20)

where NIR and SWIR denote the reconstructed 870 and 2130 nm bands.

The vegetation-like MU-optimized mixing coefficient (H;) exhibits a
strong positive relationship with EVI, with the highest correspondence
observed during the peak growing season (July). Although the correla-
tion becomes slightly weaker in October, the overall seasonal evolution
of H; remains consistent with the transition from vigorous vegetation
growth to autumn senescence. Conversely, the bare-surface MU-opti-
mized mixing coefficient (Hy) shows a pronounced negative relationship

10

with both NDVI and NDWI throughout the two representative seasons,
reflecting the increasing contribution of exposed soil and sparsely
vegetated surfaces. Rather than emphasizing the correlation coefficients
themselves, these results demonstrate that the extracted MU-optimized
mixing coefficients exhibit physically interpretable seasonal behavior
and spatial consistency with major land-cover characteristics and
phenological transitions, supporting the physical plausibility of the
reconstructed hyperspectral reflectance.

5. Validation of spectral reconstruction using MODIS NBAR and
EMIT products

To compare the spectral reconstruction performance of the LSM and
MU-optimized NMF methods using the GRASP TROPOMI BRDF monthly
product, monthly mean MODIS MCD43C4 NBAR data and the corre-
sponding monthly mean local-solar-noon solar zenith angles were
generated by averaging the daily products for each month over the
period from December 2019 to November 2020. The reconstructed
GRASP TROPOMI NBAR results were calculated using Eq. (17),
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Fig. 9. Monthly spectral evolution of reconstructed isotropic reflectance at eight selected terrestrial sites for the odd months (January, March, May, July, September,
and November). The continuous curves (solid and dashed lines) represent the MU-optimized NMF-reconstructed hyperspectral output from 400 to 2400 nm. The
vertical gray dashed lines mark the seven TROPOMI/GRASP anchor wavelengths (416, 440, 494, 670, 747, 772, and 2313 nm). Open circles, shown in the cor-
responding monthly colors, denote the original TROPOMI/GRASP BRDF isotropic parameter values at the anchor wavelengths used for spectral reconstruction. For
visual clarity, the markers at 416 and 747 nm are omitted because they would overlap with those at the adjacent wavelengths. Panels (a-d) correspond to sites
located at 33.23°N (116.51°W, 106.61°W, 97.98°W, and 88.27°W), while panels (e-h) correspond to sites located at 39.53°N (122.89°W, 98.25°W, 89.26°W,

and 75.86°W).

combining the NMF-reconstructed spectral isotropic term with the
original wavelength-independent volumetric and geometric BRDF co-
efficients. For comparison with MODIS, both datasets were evaluated
under a common NBAR geometry, with the solar zenith angle specified
as the corresponding monthly mean local-solar-noon value, the viewing
zenith angle fixed at 0°, and the relative azimuth angle set to 0° to
represent the standard nadir-viewing geometry. Details of the supple-
mentary validation method using EMIT hyperspectral observations are
provided in Section 3.5 and are not repeated here; only representative
validation results are presented in this section.

11

5.1. SRF-weighted spectral harmonization for MODIS NBAR comparison

To facilitate a rigorous comparison between the reconstructed
TROPOMI spectra at 1-nm resolution and the MODIS NBAR product, a
spectral harmonization procedure based on the MODIS spectral response
function (SRF) was implemented. The USGS/ASTER spectral dataset was
convolved with the SRFs of the first seven MODIS bands (Terra and
Aqua), to generate SRF-weighted reflectance that is spectrally consistent
with the MODIS observations. Fig. 12 illustrates the resulting relation-
ships, where a linear regression model y = ax + b, was established be-
tween the original spectral dataset reflectance (x) and the corresponding
SRF-weighted reflectance (y). The resulting linear coefficients, a and b,
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Fig. 10. Same as Fig. 9, but for the even months (February, April, June, August, October, and December).

for the seven MODIS bands are summarized in Table 2. The strong
agreement observed across all seven bands demonstrates the robustness
of the linear transformation, providing a consistent basis for evaluating
the reconstructed TROPOMI NBAR against the MODIS NBAR product
under MODIS-equivalent spectral conditions.

5.2. Spatial comparison with MODIS NBAR

Figs. 13 and 14 present cross-sensor spatial comparisons between the
MODIS NBAR product and the MU-optimized reconstructed (MU-
reconstructed) MODIS-equivalent TROPOMI NBAR for July and
October 2020, respectively. Across the VIS and NIR bands (470 to 859
nm), the two datasets demonstrate excellent agreement in reproducing
major surface features and spatial gradients across North America. This
agreement confirms that the proposed NMF framework effectively pre-
serves the spatial structure of the original BRDF during hyperspectral
reconstruction. However, differences become more apparent in the

12

SWIR bands in both July and October. At 1240 and 1610 nm, the MU-
reconstructed MODIS-equivalent TROPOMI NBAR generally exhibits
slightly lower reflectance than the MODIS NBAR product over much of
the eastern United States, whereas the spatial agreement remains
comparatively good at 2130 nm. These spatial differences are further
quantified in Section 5.3 and are independently evaluated using EMIT
hyperspectral observations in Section 5.4.

5.3. Statistical assessment of reconstruction performance

Figs. 15-17 summarize the monthly statistical evaluation of the
reconstruction performance. Fig. 15 presents the signed differences be-
tween the MU-reconstructed MODIS-equivalent TROPOMI NBAR and
the MODIS NBAR reference, while Figs. 16 and 17 provide a quantitative
comparison of the LSM and MU reconstructions using MAE, RMSE, and
Pearson correlation coefficients (R).

The signed differences indicate that the MU reconstruction exhibits
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Fig. 12. Linear relationships between the original surface reflectance of the USGS/ASTER spectral dataset and the corresponding MODIS SRF-weighted reflectance

for the seven MODIS bands.

only small systematic biases in the VIS and NIR bands (470, 555, 645,
and 859 nm), with monthly mean differences generally remaining
within +0.01. Larger discrepancies are confined to the SWIR bands,
where the 1240 nm and 1610 nm bands exhibit persistent negative
biases of approximately —0.04 to —0.06, while the 2130 nm band shows
a moderate seasonal dependence with summer differences of about
0.02-0.03.

The MAE and RMSE statistics further demonstrate the advantage of
the MU optimization over the conventional LSM approach. In the VIS

13

and NIR bands, the MU reconstruction maintains MAE values below 0.03
and RMSE values below 0.05, compared with 0.03-0.05 and 0.05-0.08,
respectively, for LSM. The improvement becomes substantially more
pronounced in the SWIR region, where the MU reconstruction typically
achieves MAE values of 0.02-0.06 and RMSE values of 0.04-0.08, sub-
stantially lower than the corresponding LSM ranges of 0.08-0.14 and
0.12-0.20. The largest improvement is observed at 2130 nm, where the
MU reconstruction effectively suppresses the seasonal error increase
present in the LSM solution.
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Table 2

Linear calibration coefficients (a and b) for converting the original USGS/ASTER
spectral reflectance to the corresponding MODIS SRF-weighted reflectance at
seven MODIS bands, based on linear regression between the original and SRF-
weighted reflectance.

Wavelength bands a b

470 nm 0.9999 —1.744e-05
555 nm 0.9988 —4.997e-04
640 nm 0.9912 —2.887e-05
859 nm 1.002 —1.469e-03
1240 nm 1.000 1.906e-04
1640 nm 0.9997 —1.728e-03
2130 nm 1.007 —2.382e-03

The superiority of the MU optimization is further confirmed by the
Pearson correlation coefficients. Although both methods reproduce the
seasonal variability of MODIS NBAR, the MU reconstruction consistently
achieves higher correlations across all wavelengths and months. In the
VIS and NIR bands, correlation coefficients generally exceed 0.90 during
the summer growing season. More importantly, the MU reconstruction
substantially improves the correlations in the SWIR bands while
reducing the seasonal fluctuations observed for LSM.

Collectively, the simultaneous reduction in MAE and RMSE, together
with the consistently higher correlation coefficients, demonstrates that
the MU-reconstructed MODIS-equivalent TROPOMI NBAR achieves
substantially better agreement with the MODIS NBAR product than the
conventional LSM solution, confirming the effectiveness of the proposed
multiplicative-update optimization framework.

5.4. Hyperspectral validation using EMIT observations

Fig. 18 presents the two representative EMIT-L2A surface reflectance
scenes selected for hyperspectral validation together with their spatial
aggregation onto the TROPOMI/GRASP BRDF grid. Considering the
relatively narrow EMIT swath (approximately 80 km) and the limited
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Reconstructed TROPOMI (470 nm)
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availability of cloud-free observations, two representative scenes were
selected to provide complementary validation over contrasting land-
cover types. The first scene (EMIT L2A RFL_001_20230808T17401
6_2322012_013) represents a desert-dominated surface in the arid
southwestern United States and was compared with the spectra recon-
structed from the August monthly TROPOMI/GRASP BRDF. The second
scene (EMIT_L2A _RFL_001_20250727T194032_2520813_018) repre-
sents a cropland-dominated surface in the central United States and was
compared with the spectra reconstructed from the July monthly TRO-
POMI/GRASP BRDF. Despite the reduced spatial resolution after ag-
gregation, the dominant surface characteristics remain well represented,
providing a consistent basis for hyperspectral comparison.

Fig. 19 presents the corresponding hyperspectral comparisons be-
tween the MU-reconstructed BRF spectra and the EMIT L2A surface
reflectance. The comparison was performed using the EMIT good -
wavelengths, which provide nearly continuous spectral coverage over
approximately 400-1330 nm, 1450-1780 nm, and 1950-2400 nm after
excluding channels strongly affected by atmospheric absorption. For
both representative scenes, the reconstructed spectra reproduce the
overall spectral characteristics observed by EMIT across the shared
spectral range. Over the desert scene, the reconstructed spectra accu-
rately capture the gradual increase in reflectance from the visible to the
near-infrared region together with the major SWIR absorption features.
Likewise, the cropland scene preserves the pronounced vegetation red-
edge near 700 nm and the characteristic water absorption features in
the SWIR region, indicating that the proposed framework effectively
reconstructs both mineral and vegetation spectral signatures from the
limited multispectral TROPOMI observations.

Fig. 19(e) and (f) further provide a quantitative evaluation through
the wavelength-dependent mean differences and corresponding stan-
dard deviations. For the desert scene, the mean differences remain close
to zero across most wavelengths, generally within approximately +
0.03. The cropland scene exhibits good agreement in the visible region,
while a modest positive difference occurs across the vegetation red-edge

Reconstructed TROPOMI (555 nm)

MODIS NBAR (555 nm)

A TR I\

s 20
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Fig. 13. Spatial comparison between the monthly mean MODIS NBAR product and the corresponding MU-optimized reconstructed MODIS-equivalent TROPOMI
NBAR over North America at seven MODIS band center wavelengths (470, 555, 645, 859, 1240, 1610, and 2130 nm) for July 2020.
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2130 nm) from December 2019 to November 2020.

and early near-infrared region, reaching approximately +0.03 around
800 nm. The differences subsequently become negative beyond
approximately 1100 nm and increase in magnitude across portions of
the SWIR region, with the mean difference (MU-reconstructed BRF —
EMIT) reaching approximately —0.06 to —0.08 between about 1300 and
1800 nm. This indicates that the reconstructed TROPOMI BRF is lower
than the corresponding EMIT surface reflectance over much of this
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spectral interval, consistent with the summer underestimation observed
for the SWIR bands in the MODIS NBAR validation (Fig. 15). For both
representative scenes, the wavelength-dependent mean differences are
generally small relative to the corresponding within-scene spectral
variability, indicating that the reconstructed spectra successfully cap-
ture the dominant hyperspectral characteristics observed by EMIT
despite localized systematic differences.
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NBAR product for the LSM and MU methods at the seven MODIS band center wavelengths and the wavelength-averaged result across the seven MODIS bands, from

December 2019 to November 2020.

The EMIT validation complements the MODIS NBAR evaluation
presented in Sections 5.2 and 5.3 by extending the assessment from
multispectral consistency to continuous hyperspectral reconstruction.
Together, these results support the capability of the proposed MU-based
framework to accurately reconstruct continuous surface reflectance
spectra over the 400-2400 nm wavelength range from the limited
multispectral information provided by the TROPOMI/GRASP BRDF
product.

6. Discussions
The MODIS NBAR and EMIT hyperspectral validations consistently

demonstrate that the proposed MU-optimized NMF framework provides
robust hyperspectral reconstruction from satellite BRDF products with

limited spectral bands. While excellent agreement is achieved across
most visible and NIR wavelengths, systematic underestimation persists
over vegetation-dominated regions, particularly around 1240 and 1610
nm in the SWIR region. The consistency of these differences across the
MODIS spatial comparison, statistical evaluation, and independent
EMIT hyperspectral validation suggests that they primarily reflect the
reconstruction framework's current representational capability rather
than the mixing-coefficient optimization strategy itself.

The observed SWIR underestimation underscores the importance of
spectral library completeness in physics-based hyperspectral recon-
struction. The present study uses 297 spectra from the USGS/ASTER
spectral libraries, of which only 76 are vegetation spectra. Conse-
quently, the vegetation-like basis vector extracted by NMF captures only
the dominant statistical characteristics of the available vegetation
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samples, not the full diversity of vegetation spectral variability. This
limitation is particularly evident in the SWIR region, where reflectance
is strongly influenced by canopy structure, biochemical composition,
and leaf water content. As a result, reconstructed spectra tend to un-
derestimate reflectance over vegetation-dominated surfaces, especially
at 1240 and 1610 nm. Future improvements are expected by incorpo-
rating more comprehensive spectral libraries, including the latest USGS
Spectral Library Version 7 [44] together with the ECOSTRESS
(Ecosystem Spaceborne Thermal Radiometer Experiment on Space Sta-
tion) spectral library [46], which provides a more comprehensive sta-
tistical representation of vegetation and non-photosynthetic vegetation
spectral variability. These expanded datasets should provide a more
complete statistical representation of vegetation spectral variability and
further improve reconstruction accuracy.

Another limitation arises from the use of a single global set of NMF
basis vectors. Although this low-dimensional representation efficiently
captures the dominant spectral characteristics of natural and man-made
surfaces, a limited number of basis vectors (r = 5 in this study) cannot
fully characterize the spectral diversity of heterogeneous land surfaces
or spectrally mixed pixels. A natural extension of the proposed frame-
work is therefore to introduce soft clustering prior to spectral recon-
struction. Instead of representing all surfaces using a single global set of
NMF basis vectors, the spectral dataset can first be partitioned into
several statistical spectral classes. Each target pixel can then be assigned
continuous membership weights across these classes, allowing class-
specific basis vectors to reconstruct local spectral features. The final
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hyperspectral reflectance would then be obtained through a weighted
combination of the class-wise reconstructions, introducing additional
statistical constraints while preserving the flexibility and physical
interpretability of the MU optimization framework.

Residual differences are also influenced by differences between the
TROPOMI/GRASP BRDF monthly product and the monthly-mean
MODIS NBAR dataset generated in this study for validation. Although
both datasets represent monthly mean surface reflectance, they are
produced using different observation sampling, temporal compositing,
quality-control filtering, and retrieval strategies, which inevitably
introduce systematic discrepancies. In addition, the TROPOMI/GRASP
BRDF monthly product provides no BRDF isotropic coefficients between
772 and 2313 nm. Consequently, surface reflectance within this broad
spectral interval must be reconstructed statistically from the NMF basis
vectors, making the results increasingly sensitive to both basis-vector
representation and coefficient-estimation errors.

The proposed framework is also expected to exhibit different char-
acteristics across satellite products with different spatial resolutions.
Because moderate- and coarse-resolution observations generally contain
a larger proportion of spectrally mixed pixels, the statistical represen-
tation provided by NMF may be particularly advantageous. Future work
will therefore extend the proposed framework to multiple surface
reflectance products spanning a broad range of spatial resolutions,
including the MODIS MCD43C1 (0.05°) and MCD43A1 (500 m) BRDF
products, the GOES-R Advanced Baseline Imager (ABI) Level-2 bidi-
rectional reflectance factor (BRF) products (0.5-2 km), and Landsat
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Collection 2 Level-2 (30 m) surface reflectance products, with inde-
pendent validation provided by EMIT L2A hyperspectral observations.
Such cross-sensor and multi-resolution evaluations will provide a more
comprehensive assessment of the scalability and transferability of the
proposed MU-based reconstruction framework across diverse Earth
observation systems.

7. Conclusions

This study presented a training-free, physically interpretable
hyperspectral reconstruction framework based on NMF to extend the
monthly TROPOMI/GRASP BRDF product from seven multispectral
bands to continuous surface reflectance spectra spanning 400-2400 nm.
By combining physically interpretable NMF basis vectors with
multiplicative-update (MU) mixing-coefficient optimization, the pro-
posed framework reconstructs physically meaningful hyperspectral
reflectance while naturally satisfying the non-negativity constraint.
Comprehensive validation was performed using both the MODIS
MCD43C4 NBAR product and independent EMIT L2A hyperspectral
observations. The principal findings of this study are summarized as
follows.

(1) Robust hyperspectral reconstruction from limited multispectral
observations. The proposed MU-optimized framework success-
fully reconstructs continuous hyperspectral surface reflectance
from only seven TROPOMI/GRASP BRDF bands. The recon-
structed hyperspectral isotropic parameters exhibit physically
consistent spatial distributions and seasonal evolution across
North America, while the extracted vegetation-like and bare-
surface spectral components capture the dominant spectral
characteristics of natural land surfaces.

Improved reconstruction performance through multiplicative-
update optimization. Compared with the conventional least-
squares solution, the MU optimization provides more robust co-
efficient estimation while preserving physically meaningful non-
negative solutions. Validation against the MODIS MCD43C4
NBAR product demonstrates excellent agreement in the visible
and near-infrared regions, and independent EMIT hyperspectral
observations further confirm that the reconstructed spectra suc-
cessfully reproduce the dominant hyperspectral characteristics of
representative natural surfaces over the continuous 400-2400 nm
spectral range

Remaining limitations and future potential. Systematic underes-
timation is primarily observed over vegetation-dominated re-
gions in portions of the SWIR region, highlighting opportunities
for further improvement in spectral representation under limited
multispectral constraints. Nevertheless, the overall consistency
demonstrated by both the MODIS and EMIT validations indicates
that the proposed framework provides a robust and reliable so-
lution for continuous hyperspectral reconstruction from multi-
spectral satellite observations.

(2)

3

The proposed MU-based NMF framework integrates physical inter-
pretability, computational efficiency, and sensor independence into a
unified reconstruction strategy. More broadly, this study demonstrates
that physically interpretable spectral representations, when paired with
multiplicative-update optimization, offer an effective and transparent
alternative to purely data-driven hyperspectral reconstruction. This
framework provides a scalable methodological foundation for future
cross-sensor harmonization and multi-resolution surface reflectance
reconstruction from satellite products with limited spectral bands,
including BRDF, BRF, and surface reflectance products.

19

Journal of Quantitative Spectroscopy and Radiative Transfer 365 (2026) 110140

Declaration of generative AI and Al-assisted technologies in the
manuscript preparation process

During the preparation of this work, the first author used Gemini to
perform language polishing and structural refinement of the manuscript
text. After using this tool, the first author reviewed and edited the
content as needed to ensure scientific accuracy and takes full re-
sponsibility for the content of the published article.

CRediT authorship contribution statement

Weizhen Hou: Writing — review & editing, Writing — original draft,
Visualization, Validation, Software, Methodology, Investigation, Formal
analysis, Conceptualization. Jun Wang: Writing — review & editing,
Supervision, Methodology, Funding acquisition, Formal analysis. Xiong
Liu: Writing — review & editing, Supervision, Funding acquisition,
Conceptualization. Cheng Chen: Writing — review & editing, Visuali-
zation, Validation, Data curation. Xiaoguang Xu: Writing — review &
editing, Visualization, Validation.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgments

This research was supported by the NASA TEMPO grant
(NNL13AA09C) and Smithsonian Astrophysical Observatory’s subaward
S03939-01 to NASA grant (80NSSC22K1047). Besides, J. Wang’s
contribution is made possible by in-kind support through the Lichten-
berger Family Chair Professor in Chemical Engineering at the University
of Iowa. The authors express their sincere gratitude to Haesun Park from
the School of Computational Science and Engineering at the Georgia
Institute of Technology for providing the NMF_BPAS toolbox, which
implements alternating non-negativity-constrained least squares and
block principal pivoting/active set methods (https://faculty.cc.gatech.
edu/~hpark/nmfbpas.html). We also acknowledge the use of the
M_Map mapping package for MATLAB (University of British Columbia)
in generating the geographic visualizations and cartographic projections
presented in this study (https://www-old.eoas.ubc.ca/~rich/map.
html). Meanwhile, we acknowledge the use of the MODIS MCD43C4
Collection 6.1 Nadir BRDF-Adjusted Reflectance (NBAR) product pro-
vided by the NASA Land Processes Distributed Active Archive Center (LP
DAAC). We also gratefully acknowledge the U.S. Geological Survey
(USGS) Spectral Library for providing valuable hyperspectral surface
reflectance measurements used in this study. Furthermore, we
acknowledge the use of the ASTER Spectral Library, which is now
distributed as part of the ECOSTRESS Spectral Library maintained by the
Jet Propulsion Laboratory (JPL) and NASA. Finally, we gratefully
acknowledge NASA Earthdata for providing access to the EMIT Level-2A
Estimated Surface Reflectance and Uncertainty and Masks (EMI-
TL2ARFL, Version 001) dataset through the Earthdata Search portal.

Data availability
Data will be made available on request.

References

[1] LiuY, Wang Z, Sun Q, Erb AM, Li Z, Schaaf CB, et al. Evaluation of the VIIRS BRDF,
Albedo and NBAR products suite and an assessment of continuity with the long
term MODIS record. Remote Sens Env 2017;201:256-74.


https://faculty.cc.gatech.edu/~hpark/nmfbpas.html
https://faculty.cc.gatech.edu/~hpark/nmfbpas.html
https://www-old.eoas.ubc.ca/~rich/map.html
https://www-old.eoas.ubc.ca/~rich/map.html
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0001
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0001
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0001

W. Hou et al.

[2]

[3]

[4]

[5]
[6]

[7]
[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

Claverie M, Vermote EF, Franch B, Masek JG. Evaluation of the Landsat-5 TM and
Landsat-7 ETM+ surface reflectance products. Remote Sens Env 2015;169:
390-403.

Zhang H, Kondragunta S, Laszlo I, Zhou M. Improving GOES advanced baseline
imager (ABI) aerosol optical depth (AOD) retrievals using an empirical bias
correction algorithm. Atmos Meas Tech 2020;13:5955-75.

Aburaed N, Alkhatib MQ, Marshall S, Zabalza J, Ahmad HA. A review of spatial
enhancement of hyperspectral remote sensing imaging techniques. IEEE J Sel Top
Appl Earth Obs Remote Sens 2023;16:2275-300.

Lu B, Dao PD, Liu J, He Y, Shang J. Recent advances of hyperspectral imaging
technology and applications in agriculture. Remote Sens 12, 020. p. 2659.
Thompson DR, Gao B-C, Green RO, Roberts DA, Dennison PE, Lundeen SR.
Atmospheric correction for global mapping spectroscopy: ATREM advances for the
HysplIRI preparatory campaign. Remote Sens Env 2015;167:64-77.

Minu S, Amba S. Atmospheric correction algorithms for hyperspectral imageries: a
review. Int Res J Earth Sci 2015;3:14-8.

Bassani C, Cavalli RM, Antonelli P. Influence of aerosol and surface reflectance
variability on hyperspectral observed radiance. Atmos Meas Tech 2012;5:
1193-203.

Booysen R, Lorenz S, Thiele ST, Fuchsloch WC, Marais T, Nex PAM, et al. Accurate
hyperspectral imaging of mineralised outcrops: an example from lithium-bearing
pegmatites at Uis, Namibia. Remote Sens Env 2022;269:112790.

Qian SE. Hyperspectral satellites, evolution, and development history. IEEE J Sel
Top Appl Earth Obs Remote Sens 2021;14:7032-56.

Hochberg EJ, Roberts DA, Dennison PE, Hulley GC. Special issue on the
hyperspectral InfraRed imager (HyspIRI): emerging science in terrestrial and
aquatic ecology, radiation balance and hazards. Remote Sens Env 2015;167:1-5.
Lee CM, Cable ML, Hook SJ, Green RO, Ustin SL, Mandl DJ, et al. An introduction
to the NASA hyperspectral InfraRed imager (HyspIRI) mission and preparatory
activities. Remote Sens Env 2015;167:6-19.

Chabrillat S, Foerster S, Segl K, Beamish A, Brell M, Asadzadeh S, et al. The EnMAP
spaceborne imaging spectroscopy mission: initial scientific results two years after
launch. Remote Sens Env 2024;315:114379.

Vangi E, D’Amico G, Francini S, Giannetti F, Lasserre B, Marchetti M, et al. The
new hyperspectral satellite PRISMA: imagery for forest types discrimination.
Sensors2021. p. 1182.

Wang W, Dungan J, Genovese V, Shinozuka Y, Yang Q, Liu X, et al. Development of
the Ames Global hyperspectral synthetic Data Set: surface bidirectional reflectance
distribution function. J Geophys Res 2023;128.

Yang Q, Liu X, Hyperspectral Wu WA. Bidirectional reflectance model for land
surface. Sensors 2020;20.

Li Z, Sun D, Qiu Z, Xi H, Wang S, Perrie W, et al. A reconstruction method for
hyperspectral remote sensing reflectance in the visible domain and applications.
J Geophys Res 2018;123:4092-109.

Roccetti G, Bugliaro L, Godde F, Emde C, Hamann U, Manev M, et al. HAMSTER:
hyperspectral Albedo Maps dataset with high spatial and TEmporal resolution.
Atmos Meas Tech 2024;17:6025-46.

Hou W, Liu X, Wang J, Chen C, Xu X. Multispectral land surface reflectance
reconstruction based on non-negative matrix factorization: bridging spectral
resolution gaps for GRASP TROPOMI BRDF product in visible. Remote Sens 2025;
17:1053.

Lee DD, Seung HS. Learning the parts of objects by non-negative matrix
factorization. Nature 1999;6755:788-91.

Chen C, Dubovik O, Fuertes D, Litvinov P, Lapyonok T, Lopatin A, et al. Validation
of GRASP algorithm product from POLDER/PARASOL data and assessment of
multi-angular polarimetry potential for aerosol monitoring. Earth Syst Sci Data
2020;12:3573-620.

Dubovik O, Lapyonok T, Litvinov P, Herman M, Fuertes D, Ducos F, et al. GRASP: a
versatile algorithm for characterizing the atmosphere. SPIE Newsroom 2014.
Dubovik O, Fuertes D, Litvinov P, Lopatin A, Lapyonok T, Doubovik I, et al.

A comprehensive description of multi-term LSM for applying multiple a priori
constraints in problems of atmospheric remote sensing: GRASP algorithm, concept,
and applications. Front Remote Sens 2021;2.

Chen C, Litvinov P, Dubovik O, Bindreiter L, Matar C, Fuertes D, et al. Extended
aerosol and surface characterization from S5P/TROPOMI with GRASP algorithm.
Part II: global validation and intercomparison. Remote Sens Env 2024:313.
Litvinov P, Chen C, Dubovik O, Bindreiter L, Matar C, Fuertes D, et al. Extended
aerosol and surface characterization from S5P/TROPOMI with GRASP algorithm.
Part I: conditions, approaches, performance and new possibilities. Remote Sens
Env 2024:313.

Torres B, Fuertes D. Characterization of aerosol size properties from measurements
of spectral optical depth: a global validation of the GRASP-AOD code using long-
term AERONET data. Atmos Meas Tech 2021;14:4471-506.

Torres B, Dubovik O, Fuertes D, Schuster G, Cachorro VE, Lapyonok T, et al.
Advanced characterisation of aerosol size properties from measurements of
spectral optical depth using the GRASP algorithm. Atmos Meas Tech 2017;10:
3743-81.

Ahmed MT, Villordon A, Kamruzzaman M. Comparative analysis of hyperspectral
image reconstruction using deep learning for agricultural and biological
applications. Results Eng 2024;23:102623.

Zhang J, Su R, Fu Q, Ren W, Heide F, Nie Y. A survey on computational spectral
reconstruction methods from RGB to hyperspectral imaging. Sci Rep 2022;12:
11905.

20

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]
[40]

[41]

[42]

[43]
[44]
[45]
[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

Journal of Quantitative Spectroscopy and Radiative Transfer 365 (2026) 110140

Deng L, Sun J, Chen Y, Lu H, Duan F, Zhu L, et al. M2H-Net: a reconstruction
method for hyperspectral remotely sensed imagery. ISPRS J Photogramm Remote
Sens 2021;173:323-48.

Zhao E, Qu N, Wang Y, Gao C. Spectral reconstruction from thermal infrared
multispectral image using convolutional neural network and transformer joint
network. Remote Sens 2024;16:1284.

Shen H-L, Cai P-Q, Shao S-J, Xin JH. Reflectance reconstruction for multispectral
imaging by adaptive Wiener estimation. Opt Express 2007;15:15545.

Zhang X, Cui G, Ruan X, Cui D, Gao X, Chen Q, et al. Spectral reflectance
reconstruction based on wideband multi-illuminant imaging and a modified
particle swarm optimization algorithm. Opt Express 2024;32:2942.

Yao P, Wu H, Xin JH. Improving generalizability of spectral reflectance
reconstruction using L1-norm penalization. Sensors2023.

Zoogman P, Liu X, Chance K, Sun Q, Schaaf C, Mahr T, et al. A climatology of
visible surface reflectance spectra. J Quant Spectrosc Radiat Transf 2016;180:
39-46.

Hou W, Wang J, Xu X, Reid JS, Han D. An algorithm for hyperspectral remote
sensing of aerosols: 1. Development of theoretical framework. J Quant Spectrosc
Radiat Transf 2016;178:400-15.

Hou W, Wang J, Xu X, Reid JS. An algorithm for hyperspectral remote sensing of
aerosols: 2. Information content analysis for aerosol parameters and principal
components of surface spectra. J Quant Spectrosc Radiat Transf 2017;192:14-29.
Hou W, Wang J, Xu X, Reid JS, Janz SJ, Leitch JW. An algorithm for hyperspectral
remote sensing of aerosols: 3. Application to the GEO-TASO data in KORUS-AQ
field campaign. J Quant Spectrosc Radiat Transf 2020;253:107161.

Lee DD, Seung HS. Algorithms for non-negative matrix factorization. Adv Neural
Inf Process Syst 2000;13.

Kim J, Park H. Fast nonnegative matrix factorization: an active-set-like method and
comparisons. SIAM J Sci Comput 2011;33:3261-81.

Kim H, Park H. Nonnegative matrix factorization based on alternating
nonnegativity constrained least squares and active set method. SIAM J Matrix Anal
Appl 2008;30:713-30.

Kim J, Park H. Toward faster nonnegative matrix factorization: a new algorithm
and comparisons. In: 2008 Eighth IEEE International Conference on Data Mining.
IEEE; 2008. p. 353-62.

Lin C-J. Projected gradient methods for nonnegative matrix factorization. Neural
Comput 2007;19:2756-79.

Kokaly RF, Clark RN, Swayze GA, Livo KE, Hoefen TM, Pearson NC, et al. USGS
spectral library version 7. Data Ser 2017:68.

Baldridge AM, Hook SJ, Grove CI, Rivera G. The ASTER spectral library version
2.0. Remote Sens Env 2009;113:711-5.

Meerdink SK, Hook SJ, Roberts DA, Abbott EA. The ECOSTRESS spectral library
version 1.0. Remote Sens Env 2019:230.

Veefkind JP, Aben I, McMullan K, Forster H, De Vries J, Otter G, et al. TROPOMI on
the ESA Sentinel-5 Precursor: a GMES mission for global observations of the
atmospheric composition for climate, air quality and ozone layer applications.
Remote Sens Env 2012;120:70-83.

Chen C, Litvinov P, Dubovik O, Fuertes D, Matar C, Miglietta F, et al. Retrieval of
aerosol and surface properties at high spatial resolution: hybrid approach and
demonstration using sentinel-5p/TROPOMI and PRISMA. J Geophys Res 2024;129:
€2024JD041041.

Litvinov P, Hasekamp O, Cairns B. Models for surface reflection of radiance and
polarized radiance: comparison with airborne multi-angle photopolarimetric
measurements and implications for modeling top-of-atmosphere measurements.
Remote Sens Env 2011;115:781-92.

Schaaf C, Gao F, Strahler AH, Lucht W, Li X, Tsang T, et al. First operational BRDF,
albedo nadir reflectance products from MODIS. Remote Sens Env 2002;83:135-48.
Lucht W, Schaaf CB, Strahler AH. An algorithm for the retrieval of albedo from
space using semiempirical BRDF models. IEEE Trans Geosci Remote Sens 2000;38:
977-98.

Wang Z, Schaaf CB, Sun Q, Shuai Y, MO Roman. Capturing rapid land surface
dynamics with collection VO06 MODIS BRDF/NBAR/Albedo (MCD43) products.
Remote Sens Env 2018;207:50-64.

Heck E, de Beurs KM, Owsley BC, Henebry GM. Evaluation of the MODIS
collections 5 and 6 for change analysis of vegetation and land surface temperature
dynamics in North and South America. ISPRS J Photogramm Remote Sens 2019;
156:121-34.

Schaaf C, Strahler A, Chopping M, Gao F, Hall D, Jin Y, et al. MODIS MCD43
product user guide V0O5. Boston, MA, USA: University of Massachusetts Boston;
2021.

Thompson DR, Brodrick PG, Green RO, Kalashnikova O, Lundeen S, Okin G, et al.
Earth surface mineral dust source investigation (EMIT) L2A algorithm: surface
reflectance and scene content masks theoretical basis version 1.5. Pasadena,
California: Jet Propulsion Laboratory, California Institute of Technology; 2024.
Coleman RW, Thompson DR, Brodrick PG, Dor EB, Cox E, Pérez Garcia-Pando C,
et al. An accuracy assessment of the surface reflectance product from the EMIT
imaging spectrometer. Remote Sens Env 2024;315:114450.

Green RO, Mahowald N, Thompson DR, Ung C, Brodrick P, Pollock R, et al.
Performance and early results from the earth surface mineral dust source
investigation (EMIT) imaging spectroscopy mission. In: IEEE Aerospace Conference
2023; 2023. p. 1-10.

Green RO, Mahowald N, Ung C, Thompson DR, Bator L, Bennet M, et al. The earth
surface mineral dust source investigation: an earth science imaging spectroscopy


http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0002
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0002
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0002
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0003
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0003
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0003
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0004
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0004
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0004
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0006
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0006
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0006
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0007
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0007
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0008
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0008
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0008
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0009
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0009
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0009
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0010
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0010
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0011
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0011
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0011
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0012
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0012
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0012
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0013
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0013
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0013
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0015
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0015
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0015
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0016
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0016
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0017
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0017
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0017
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0018
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0018
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0018
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0019
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0019
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0019
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0019
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0020
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0020
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0021
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0021
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0021
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0021
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0022
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0022
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0023
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0023
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0023
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0023
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0024
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0024
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0024
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0025
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0025
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0025
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0025
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0026
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0026
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0026
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0027
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0027
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0027
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0027
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0028
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0028
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0028
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0029
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0029
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0029
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0030
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0030
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0030
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0031
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0031
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0031
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0032
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0032
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0033
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0033
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0033
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0035
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0035
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0035
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0036
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0036
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0036
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0037
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0037
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0037
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0038
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0038
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0038
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0039
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0039
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0040
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0040
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0041
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0041
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0041
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0042
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0042
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0042
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0043
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0043
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0044
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0044
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0045
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0045
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0046
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0046
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0047
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0047
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0047
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0047
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0048
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0048
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0048
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0048
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0049
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0049
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0049
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0049
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0050
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0050
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0051
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0051
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0051
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0052
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0052
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0052
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0053
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0053
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0053
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0053
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0054
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0054
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0054
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0055
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0055
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0055
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0055
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0056
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0056
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0056
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0057
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0057
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0057
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0057
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0058
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0058
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0058
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0058
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0058

W. Hou et al.

[59]

[60]

[61]

mission. In: IEEE Aerospace Conference2020; 2020. p. 1-15.

Trishchenko AP, Cihlar J, Li Z. Effects of spectral response function on surface
reflectance and NDVI measured with moderate resolution satellite sensors. Remote
Sens Env 2002;81:1-18.

Waring R, Coops N, Fan W, Nightingale J. MODIS enhanced vegetation index
predicts tree species richness across forested ecoregions in the contiguous USA.
Remote Sens Env 2006;103:218-26.

Matsushita B, Yang W, Chen J, Onda Y, Qiu G. Sensitivity of the enhanced
vegetation index (EVI) and normalized difference vegetation index (NDVI) to

21

[62]

[63]

[64]

Journal of Quantitative Spectroscopy and Radiative Transfer 365 (2026) 110140

topographic effects: a case study in high-density cypress forest. Sensors 2007;7:
2636-51.

Huete A, Didan K, Miura T, Rodriguez EP, Gao X, Ferreira LG. Overview of the
radiometric and biophysical performance of the MODIS vegetation indices. Remote
Sens Env 2002;83:195-213.

Gao B-c. NDWI—a normalized difference water index for remote sensing of
vegetation liquid water from space. Remote Sens Env 1996;58:257-66.

Gu Y, Brown JF, Verdin JP, Wardlow B. A five-year analysis of MODIS NDVI and
NDWI for grassland drought assessment over the central Great Plains of the United
States. Geophys Res Lett 2007;34.


http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0058
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0059
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0059
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0059
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0060
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0060
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0060
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0061
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0061
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0061
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0061
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0062
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0062
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0062
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0063
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0063
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0064
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0064
http://refhub.elsevier.com/S0022-4073(26)00334-1/sbref0064

	An improved spectral reconstruction method based on non-negative matrix factorization and multiplicative update rule: Frame ...
	1 Introduction
	2 Spectral reconstruction methodology via NMF
	2.1 Principles of reflectance reconstruction using NMF
	2.2 Numerical solution for non-negative least-squares (NNLS)
	2.2.1 Column-wise decoupling optimization
	2.2.2 Vectorized multiplicative update (MU) strategy


	3 Reconstruction datasets and validation methods
	3.1 USGS/ASTER spectral dataset
	3.2 GRASP TROPOMI BRDF product characteristics
	3.3 MODIS NBAR validation dataset
	3.4 EMIT L2A surface reflectance dataset
	3.5 Spectral reconstruction validation methods
	3.5.1 Validation using MODIS NBAR
	3.5.2 Validation using EMIT hyperspectral observations


	4 MU-optimized reconstruction results and analysis
	4.1 Basis vector characterization and reconstruction fidelity
	4.2 Spatiotemporal dynamics and physical interpretability of mixing coefficients
	4.3 Spatial fidelity and spectral continuity of the reconstructed BRDF
	4.4 Correlation analysis between NMF mixing coefficients and vegetation indices

	5 Validation of spectral reconstruction using MODIS NBAR and EMIT products
	5.1 SRF-weighted spectral harmonization for MODIS NBAR comparison
	5.2 Spatial comparison with MODIS NBAR
	5.3 Statistical assessment of reconstruction performance
	5.4 Hyperspectral validation using EMIT observations

	6 Discussions
	7 Conclusions
	Declaration of generative AI and AI-assisted technologies in the manuscript preparation process
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Data availability
	References


