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ARTICLE INFO ABSTRACT

Edited by Jing M. Chen Unmixing optical properties (OP) of land covers from coarse spatial resolution images is crucial for microclimate
and energy balance studies. We propose the Unmixing Spectral method using Discrete Anisotropic Radiative
Transfer (DART) model (US-DART), a novel approach for unmixing endmember OP in the shortwave domain
from mono- or multispectral remotely sensed images. US-DART comprises four modules: pure pixel selection,
linear spectral mixture analysis, gradient iterations, and spectral correlation. US-DART requires a surface
reflectance image, a 3D mock-up with facets’ group information, and standard DART parameters (e.g., spatial
resolution and skylight ratio) as inputs, producing an OP map for each scene element. The accuracy of US-DART
is evaluated using two types of scenes (vegetation and urban) and images (Sentinel-2 surface reflectance and
DART-simulated pseudo-satellite images). Results demonstrate a median relative error of approximately 0.1 %
for pixel reflectance, with higher accuracy for opaque surfaces compared to translucent materials. Excluding co-
registration errors and sensor noise, the median relative error of OP is typically around 1 % for opaque elements
and 1-5 % for translucent elements with an accurate a priori “reflectance-transmittance” ratio. US-DART en-
hances our ability to derive detailed OP from coarse-resolution imagery, potentially enabling more accurate
modeling of spatial resolution conversions, and energy dynamics, including albedo and shortwave radiation
balance, across diverse environments.
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1. Introduction

The optical properties (OP) of land covers are crucial in microclimate
and energy balance studies (Chen and Liu, 2020; Shen et al., 2023), in
monitoring vegetation biochemistry (Chen et al., 2022; Liu et al., 2023;
Xu et al., 2023), and in simulation of time-series data for albedo and
radiation balance (Leng et al., 2023; Wang et al., 2022). Due to its high
frequency and global observations, remote sensing is extensively uti-
lized for retrieving OP (Wang et al., 2024a); however, the pixel di-
mensions of satellite images often exceed those of land cover elements,
as capturing urban structures accurately requires a spatial resolution of

0.5 to 10 m (Welch, 1982), which is finer than the current spatial res-
olutions, so in widely used satellite images such as those from Sentinel-2
(10 m) and Landsat 8 (30 m) (Dong et al., 2023), the pixel signal typi-
cally results from light scattering by multiple scene elements (Keshava
and Mustard, 2002), implying that pixels, irrespective of their size,
cannot be entirely homogeneous (Xie et al., 2021; Xie et al., 2022). This
heterogeneity, or mixed pixels, coupled with multiple scattering, com-
plicates the retrieval of land cover OP from remote sensing images.
Spectral mixture analysis serves as an effective method to tackle the
issue of mixed pixels (Guo et al., 2024) by employing either a linear or a
nonlinear model to convert the pixel value into a set of endmembers and
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their corresponding abundance. Linear spectral unmixing proves effi-
cient in simple environments with minimal multi-scattering, while
nonlinear spectral unmixing enhances the precision of component
identification and abundance estimation in heterogeneous scenes, such
as cities, where multi-scattering is substantial (Zhen et al., 2021; Zhu
and Shi, 2018; Zhu et al., 2012). The spectral variability of the end-
member, also known as the multi-endmembers problem, poses a sig-
nificant challenge for unmixing in urban areas from spectral confusion
(e.g., intra-class and inter-class variability), illumination conditions (e.
g., topography), and atmospheric effects (e.g., the spatial variation of
the atmospheric properties in the image) (Borsoi et al., 2021; Drumetz
et al., 2019a). This paper focuses on spectral confusion and illumination
conditions.

Spectral confusion, a consequence of the spatial variability of end-
members, is divided into intra-class and inter-class variability (Zhang
et al., 2006), and unmixing methods that take these variabilities into
account fall into four categories: endmember bundles, local spectral
unmixing, computational models, and parametric physics-based models
(Drumetz et al., 2019b).

Endmember bundles (Roberts et al., 1998) enhance diversity by
substituting each endmember’s signature with multiple candidates,
though their efficiency depends on the precision of bundle extraction,
which can be challenging. For example, the study (Somers et al., 2012)
addresses the inherent limitations of conventional endmember extrac-
tion algorithms (EEAs) in hyperspectral image analysis by proposing a
novel methodology for automated spectral bundle generation that ac-
counts for endmember variability through iterative sampling and clus-
tering techniques, thereby enhancing the accuracy of fractional
abundance estimations in spectral unmixing applications. Local spectral
unmixing (Achanta et al., 2012) adaptively segments image regions to
mitigate endmember variability, but integrating local results into a
global context is difficult.

Computational models (Du et al., 2014) allow endmembers to vary
locally by assigning statistical distributions, yet they fail to account for
the physical processes causing intraclass variability. For example, the
study (Thouvenin et al., 2015) propose a novel linear mixing model and
corresponding alternating direction method of multipliers-based opti-
mization algorithm for hyperspectral unmixing that explicitly in-
corporates both spatial and spectral endmember variabilities, thereby
enabling more accurate estimation of reference spectral signatures, their
abundance fractions, and inherent variability patterns within remotely
sensed imagery. The study (Brezini et al., 2021) presents an enhanced
Nonnegative Matrix Factorization-based spectral unmixing methodol-
ogy that addresses intra-class variability in hyperspectral remote sensing
through the incorporation of two novel penalization terms into a
structured additively-tuned linear mixing model’s cost function,
yielding improved management of endmember spectral variations via
iterative multiplicative update rules.

Physics-based models (Hapke, 2012) utilize a simplified radiative
transfer model to interpret variations with physically interpretable pa-
rameters, but they are complex, pose inversion challenges, and depend
on numerous hard-to-determine parameters. For example, to address the
challenge of spectral variability in hyperspectral imagery, the study
(Hong et al., 2018) introduces an augmented Linear Mixing Model
(LMM) that incorporates a data-driven learning strategy and spectral
variability dictionary to improve the accuracy of abundance map esti-
mation in spectral unmixing problems. The study (Imbiriba et al., 2018)
introduces a generalized linear mixing model (GLMM) that extends the
capabilities of the extended linear mixing model (ELMM) to better
handle complex spectral distortions in hyperspectral image analysis by
allowing for uneven effects across different wavelength intervals.

Nlumination conditions (e.g., shadows) influence reflectance
magnitude and cause spectral distortion, leading to endmember spectral
variability (Uezato et al., 2020), as sunlit pixels receive both direct and
diffuse solar radiation, whereas shaded pixels only receive diffuse ra-
diation (Zhang et al., 2023). Current research addresses this spectral
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variability by incorporating shadow endmembers or considering illu-
mination conditions (Uezato et al., 2020). One approach introduces
either a single (Nascimento and Dias, 2005) or multiple (Uezato et al.,
2015) shadow endmembers, or adds extra variation terms in the mixing
model to simulate lighting changes (Drumetz et al., 2016). However,
these models oversimplify the mechanisms of spectral variation and fail
to adequately describe light interactions within pixels and the causes of
spectral changes, leading to potential misinterpretation of spectral var-
iations caused by illumination conditions or material physical properties
(Uezato et al., 2016).

Models that account for illumination conditions consider the effects
of both direct sunlight and diffuse skylight by integrating Light Detec-
tion and Ranging (LiDAR)-derived digital surface model (DSM) data
(Uezato et al., 2016). The DSM, for instance, is adaptable to varying
illumination conditions and can be effectively used for spectral mixing
analysis. When combined with internal data, DSM allows for the
computation of spatial regularization weights, which helps identify and
preserve edge structures in abundance maps, thereby enhancing
unmixing quality (Uezato et al., 2018). Moreover, radiance and DSM
data can be used together to unmix hyperspectral images, taking into
account the effects of variable illumination and shadows (Uezato et al.,
2020).

Machine learning offers new avenues for addressing the multi-
endmember problem of spectral unmixing in complex urban areas.
Unrolled optimization-based neural networks (Zhou and Rodrigues,
2021) prove advantageous for unmixing, particularly when considering
nonlinearity (Wang et al., 2019) and endmember variability (Borsoi
et al., 2019). Physically motivated machine learning approaches have
been successfully applied to unmixing (Qian et al., 2020), providing
interpretability for the estimated endmembers and abundance parame-
ters. Due to the intrinsic low-dimensionality of the abundance space
(Palsson et al., 2018), several autoencoder approaches have been pro-
posed to tackle phenomena such as nonlinearity (Li et al., 2021), end-
member variability (Shi et al., 2021), and outliers (Su et al., 2019).
However, these methods fall short of accounting for existing spectral
variability together with nonlinear effects (Borsoi et al., 2023).

Nonlinear unmixing models primarily address microscopic nonlinear
phenomena, neglecting macroscopic multiple scattering between
geometrically diverse structures—particularly in vertically heteroge-
neous urban environments. The core limitation of abundance-based
nonlinear mixing models lies in the nonlinear relationship between
physical properties and measured reflectance. This manifests through:
(1) reflectance-physical property misalignment, where reflectance cor-
relates nonlinearly with material mass and cross-sectional area; and (2)
the “small but bright” effect, wherein minor highly-reflective objects
disproportionately influence spectral signatures compared to larger,
less-reflective objects within a pixel. Consequently, while area pro-
portionsparadoxically retain accuracy in assessing materials’ contribu-
tions to aggregate reflectivity measurements, they inadequately
characterize reflectance contributions (Bioucas-Dias et al., 2012).

Mitsuba 3 (Vicini et al., 2021) introduces the three-dimensional
radiative transfer equation into the design of deep learning loss func-
tions, establishing a physics-constrained inversion framework without
training samples. It transfers gradients among parameters with clear
physical significance. However, although Mitsuba 3 is widely used in
computer graphics, its adaptation to remote sensing applications has
been limited due to the complexity of remote sensing imaging conditions
compared with computer graphics. For instance, satellite images can be
significantly inaccurate due to various noise sources, such as sensors and
the atmosphere. Additionally, the 3D mock-ups used in remote sensing
models often deviate significantly from real-world conditions due to the
necessary simplifications applied to remote sensing scenes. These sim-
plifications can result in inaccuracies stemming from imprecise mea-
surements, which, in turn, adversely affect the performance of the
inversion algorithm. Additionally, the inefficiency of the gradient
descent method and its reliance on numerous iterations make it
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unsuitable for the modern demands of processing large-scale remote
sensing data and conducting extensive scenario simulations.

The Discrete Anisotropic Radiative Transfer (DART) model calibra-
tion (Landier et al., 2018) exemplifies the use of a 3D radiative transfer
model for the inversion of urban element OP from the remote sensing
images. It employs an urban 3D mock-up containing endmember shape
and classification information for nonlinear unmixing, enabling the
estimation of endmember OPs while distinguishing spectral variability
caused by illumination conditions or spectral confusion. This approach
can generate an OP map per endmember at a resolution comparable to
satellite imagery, and these OP maps have been successfully utilized for
urban energy modeling (Chrysoulakis et al., 2018). Although the model
effectively addressed the multiple scattering of the three-dimensional
structure when extracting pure pixels’ OP, achieving good results.
However, the method is less effective in considering mixed pixels.
Existing studies have shown that the spatial consistency of these OP
maps is subpar, particularly in coarse mixed pixels with complex
composition (Zhen et al., 2021).

Spectral gradients may be a potential replacement of abundance for
unmixing. They establish direct correlations with the fundamental
physics of light-material interactions, more accurately capture the
inherent nonlinearity of spectral mixing processes, and circumvent the
problematic assumption of linear relationships between abundance and
reflectance measurements. This theoretical framework provides a more
rigorous foundation for analyzing complex spectral mixing phenomena
in remote sensing applications. Therefore, to enhance the accuracy of
DART calibration on mixed pixels, we propose the Unmixing Spectral
method using DART (US-DART) by incorporating spectral gradients.
This method amalgamates knowledge from computer graphics, deep
learning, and geostatistics to augment the retrieval of endmember OP.
As a physical model, US-DART transfers gradients among parameters
with explicit physical significance. We evaluated the accuracy of US-
DART using vegetation and urban mock-ups, along with Sentinel-2
reflectance images and DART-simulated pseudo satellite images. The
contributions of US-DART can be encapsulated compared with DART
calibration as follows:

e A new Pure Pixel Selection (PPS) module enhances the initial OP
value for equation system solving in the Linear Spectral Mixture
Analysis (LSMA) module by utilizing information from the satellite
image.

A new Gradient Iteration (GI) module replaces the previous Newton-
bisection method by improving the treatment of multiple scattering.
In contrast to the Newton-bisection method, which operates on a
pixel-by-pixel basis, the GI module uses multi-pixel methods. This
approach allows for a more comprehensive consideration of the
spatial consistency of endmember OP.

A new Spectral Correlation (SC) module leverages OP features and
optional prior knowledge to eliminate erroneous pixels in the OP
maps.

The process of equation system solving is enhanced by incorporating
judgments of stability conditions, such as determinant, condition
number, and spectral radius of the equation system, to limit the
generation of erroneous pixels in the OP maps.

Multiple threading is implemented on bands for multispectral images
or image segments for mono-spectral images.

2. Methodology

Section 2.1 introduces the essential background knowledge per-
taining to DART and its calibration process. Section 2.2 elucidates the
framework and intricate modules of the US-DART method. Section 2.3
presents the data used and the preprocessing steps undertaken for the
accuracy assessment of the US-DART method.
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2.1. Theory background

Section 2.1.1 provides the background information on DART. Section
2.1.2 explores the necessary details regarding the DART calibration.

2.1.1. DART model

The DART model (Gastellu-Etchegorry, 2008) is a comprehensive
and precise 3D radiative transfer model based on physics, designed to
track the propagation of shortwave (SW) and longwave (LW) radiation
within the Earth-atmosphere system. It provides two methods for
simulating radiative transfer. The first method, known as the discrete
ordinate method (Yin et al., 2013) or DART-Flux Tracing (Gastellu-
Etchegorry et al., 2015), traces radiation in a finite number of directions
within a voxelized landscape. The second method, a bi-directional
Monte Carlo algorithm called DART-Lux (Wang et al., 2024b), tracks
photons in any direction within an unvoxelized landscape, thereby
improving simulation efficiency in terms of computation time and
memory usage. DART is freely accessible at the University of Toulouse
(dart.omp.eu) for non-commercial academic and research use.

DART can simulate the 3D radiative budget as well as the SW and LW
observations—such as reflectance and brightness temperature—of im-
aging radiometers and LiDAR scanners on space, airborne, and in-situ
platforms. This capability extends to various urban and natural land-
scapes and accommodates any sun/sensor/atmosphere configuration,
including different spatial and spectral resolutions, sensor viewing di-
rections, and platform altitudes.

DART is capable of both simulating and importing landscapes. These
landscapes can range from realistic representations, such as 3D urban
geometric databases, to more schematic depictions, like the superim-
position of homogeneous and horizontal layers of a turbid medium (i.e.,
a random distribution of infinitely small facets). The elements of these
scenes can be simulated as either Lambertian or non-Lambertian facets
or as volumes of a turbid medium. Furthermore, DART is capable of
simulating the atmosphere for any gas and aerosol content, taking into
account various spectral properties such as phase functions, vertical
profiles, extinction coefficients, and spherical albedo.

The DART model was employed in two distinct ways. First, it was
used to create a homogeneous vegetation canopy and simulate pseudo-
satellite images, providing data for the accuracy assessment of TRUST-
DART. Second, it computed the gradient for each element within a
pixel. DART generated spectral element radiance images for each type of
element, offering insights into the contribution of each element within
each pixel. Consequently, DART proved invaluable for mixing and
unmixing processes.

2.1.2. DART calibration

DART calibration (Landier, 2018; Landier et al., 2018) is a spectrum
unmixing technique designed to extract the per-pixel OP of each urban
element from satellite images within the SW domain, utilizing the DART
model. The process employs an iterative methodology that continuously
refines the input OP by comparing the DART model outputs with actual
satellite images. This process is divided into two main steps:

The procedure begins with LSMA, employing multi-pixel methodol-
ogies to characterize spectral components. The inversion process is
initialized using user-defined OP values for each element classification,
potentially sourced from the DART optical property database. An initial
OP distribution map is generated under linear unmixing assumptions,
operating on the principle that identical elements maintain consistent
OP within a defined sampling window.

Subsequently, the dichotomous-Newton method is employed to
refine the OP derived from the LSMA module by incorporating the multi-
scattering effect. This process is iterative and conducted pixel-by-pixel
without considering the interdependence between spectral bands. If
the pixel reflectance of the DART simulated images is lower than that of
the satellite image, the OP values of the elements in this pixel are
increased, and vice versa. The procedure concludes when the DART
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simulated image, with the OP map obtained through inversion, closely
matches the satellite image.

2.2. Unmixing spectral method using the DART model (US-DART)

Section 2.2.1 provided an overview of the US-DART method. Sub-
sequently, each module of US-DART was detailed in Sections 2.2.2
through 2.2.5.

2.2.1. Overview

The US-DART method was designed to extract the OP map of each
endmember from mono or multispectral surface reflectance images. The
input parameters were a surface reflectance image, a 3D mock-up with
element classification information, and common DART parameters (e.g.,
spatial resolutions and skylight ratio). The output generated was an OP
map for each element. The algorithm comprised four modules: PPS,
LSMA, GI, and SC (Fig. 1). The PPS module extracted the initial OP of

element i at wavelength /, denoted as pf*S, from the pure pixels in the

satellite image. This initial OP was then refined to p'$M* using the LSMA

LSMA

module. Finally, considering multiple scattering, p;"* was iteratively

refined to pf using the GI module until the DART simulated image was
nearly the same as the satellite image. Throughout this process, the SC
module was involved in all other modules to detect and correct any
erroneous pixels. The subsequent subsections provided detailed de-
scriptions of these four modules.

2.2.2. Pure pixel selection module

The objective of the PPS module was to derive OP p*S for each
element i from satellite image R, at wavelength 1. Initially, a DART
simulation was executed to compute the fraction of element i in every
pixel. Subsequently, pure pixels for each i were selected based on a
defined fraction threshold of 0.9. If no pure pixels were able to be
identified under this threshold, this threshold was gradually reduced
from 0.9 to 0.1 in reductions of 0.1. If no pure pixels were found even at
the minimum threshold (0.1), pﬁfs was assigned the user-input OP.

Following this, pI*S

of mixed pixels were assigned using the pf}’s from
their nearest pure pixels. If multiple pure pixels were found at an equal
distance, the median value of all such pixels was utilized for the

assignment. Due to co-registration errors between DART and satellite
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images, some pixels at the boundary of pure pixel zones possibly con-
tained signals from other elements. Consequently, an optional erosion
process was able to be employed for high-resolution images with a sig-
nificant number of pure pixels to purify the selected pixels further if
needed (Cubero-Castan et al., 2014).

The term OP denoted the reflectance for opaque and the albedo for
translucent elements, such as leaves, which was the sum of reflectance
and transmittance. The OP approximately equaled the pixel reflectance
for pure pixels composed of opaque horizontal elements without mul-
tiple scattering. For translucent materials, their pixel reflectance
depended on the OP of the elements and the effects of multiple scattering
beneath them. As a rough estimation, we employed Eq. (1) to derive OP
of translucent materials, which underwent refinement in a subsequent
module:

p:’i’S =V Riata (1)

In our practice, this estimation was more effective than canopy
reflectance directly as leaf albedo. To distinguish between reflectance
and transmittance from albedo for leaves, we assumed that the ratio of
reflectance to transmittance was known beforehand.

2.2.3. Linear spectral mixture analysis module

The LSMA module was designed to refine OP from p}*S to p}SM# using
LSMA, regardless of multiple scattering between elements. We want
DART simulated image, which is the sum of all reflectance images of
each element, very close to the Rq,¢ ;. Consequently, Rg,¢ ) Was expressed

as:

I
Ruw =Y R =3 (G i) @
i=1

i=1

—

where I represented the total number of elements, R;; was the reflec-
tance image of element i in wavelength 4, and G:$MA was the gradient
calculated by the DART model with p¥S, which was determined by
calculating the differential pixel reflectance for the OP of the elements.

In the presence of mixed pixels (i.e., several unknowns and a unique
equation), the solution adopted was to increase the number of equations
by incorporating nearby pixels. This incorporation was achieved by
considering a moving rectangular window of M pixels, under the
assumption that the same elements in the sampling window shared the

Input parameters: PPS module
¢ 3D urban database DART |  Select pure pixel DART LSMA module
o Sun direction, atm.,... o Assign initial OP maps e Output: 1% order
S . . OP maps
o | ® Possible image co-registration

?

@a ¢ Refine the OP maps

e Set a spectral rule per element

SC module (to process multiple band images)

y
.

v

(0P

GI module
elterative OP maps update
No
~? <
vYes (or j=J)

{RDART}. |<— DART

Fig. 1. Algorithm flow chart of US-DART: input and output parameters (rounded rectangles), processes (square corner rectangles), decision (rhombus), DART
simulation (light red), and iterative process (green). Ry, satellite reflectance image at wavelength 1; (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)

Rpart,:: DART reflectance image at wavelength 4; OPpaps: optical properties maps; PPS: pure pixel selection module; LSMA: linear spectral mixing analysis module;

GI: gradient iteration module; SC: spectral correlation module.
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same OP based on spatial continuity. This extension of Eq.(2) to all the
pixels of the window resulted in a total of I elements and M equations. To
ensure the equation system Eq.(3) was not underdetermined, the num-
ber of pixels M in the window needed to be larger than or equal to I.
Users had the flexibility to customize the size and shape of each sam-
pling window.

I
R Zl: {GLSMA pﬁMA(l)]
= 3)

i {GLSMA LSMA (1) ]

i=1

Rsat,l (M )

Depending on the distribution pattern of the elements, the spatial
resolution of the sensor, and the shape of the sampling window, the
equation system formed by different sampling windows exhibited
distinct stability, typically indicated using mathematical terms such as
condition number (set here as 50,000) (Cline et al., 1979) and spectral
radius (set here as 1.1) (Dunford et al., 1963). Thus, users were able to
define associated thresholds to decide whether to solve or skip an
equation system based on its stability. In addition, when solving the
equation system, the value of p?¥S was used as the initial value, and a

constraint condition was applied to limit the solved p}$M4

within a range.
The condition was set as (1 & &) x pP*S (¢ set here as 0.5). Following the
LSMA module, a median filter was employed to fill the pi$M* for the

pixels that were not solved.

2.2.4. Gradient iteration module
The objective of the GI module was to further refine OP from p$M to

pS! by taking into account multi-scattering. Based on the definition of
the gradient, the reflectance image simulated by DART at the next
iteration (j + 1), denoted as R’]';SRT‘ ,» was given by:

Rbarr; + Z [ ( u) } ()]

Here, R} arr, Was the DART simulated image at the current iteration

Jj+1
RDART,/!

Jj, and G’l , was the gradient calculated in the GI module. The goal was to
make the simulated reflectance image nearly identical to the satellite
image, i.e., Rijaxr, = Rears. Therefore, Eq.(4) was rewritten as:

Rsatl* DARU""Z[ ( - 1})] (5)

Extending Eq. (5) to the M pixels of the moving window led to:

I
. GJ
Reat (1) R}DART,Z(]') Z
Rsath - o |
(M) RJDART,},(M) ZG]M(M)/’]M
Gh,(1) G(1) i
+ N (6)
G . |\

Finally, solving Eq.(6) yielded the unknowns pﬁl for the I elements.
The method to solve this equation system is similar to Eq. (3).

2.2.5. Spectral correlation module

The SC module was designed to enhance the reliability of the output
of PPS, LSMA, and GI modules by identifying and rectifying inaccurate
pixels in the OP map. This process utilized the reference spectral sig-
natures of each endmember. For instance, the reflectance of green
vegetation was expected to be higher in the near-infrared (NIR) band
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compared to the red band. Users had the flexibility to customize spectral
rules for each element. These rules accommodated operators on spectral
bands, with priority determined by parentheses. The operators included
arithmetic ones: addition (+), subtraction (—), multiplication (*), and
division (/); relational ones: greater than (>), greater than or equal to
(>), less than (<), and less than or equal to (<); and logical ones: and
(&), or (]). Pixels whose OP were inconsistent with the spectral rules
were assigned values using a median filter.

2.3. Data

We evaluated the accuracy of US-DART using Sentinel-2 and DART-
simulated pseudo satellite images, focusing on vegetation and urban
scenes. These scenes were detailed in Section 2.3.1. The OP of the scene
elements, which were utilized to simulate the pseudo satellite images,
were presented in Section 2.3.2. Finally, Section 2.3.3 outlined the
satellite data and their preprocessing procedures.

2.3.1. The 3D vegetation and urban scenes
(1) Schematic vegetation scenes.

DART created the vegetation scene as three volumes filled with a
turbid medium (representing vegetation plots) and three bare ground
plots (Fig. 2). The image simulated by DART served as a pseudo satellite
image, which was used to assess the accuracy of US-DART. Each vege-
tation plot corresponded to a growth stage of a homogeneous maize
canopy (Duthoit et al., 2008).

(2) Urban 3D mock-up data.

This study selected two European cities: Basel, Switzerland, and
Brussels, Belgium. Basel (47°33'17", 7°35'26"), situated in the Rhine
Valley, is surrounded by hills and mountains (Feigenwinter et al., 2017;
Feigenwinter et al., 2018). A pre-existing 3D mock-up of Basel (Landier,
2018; Landier et al., 2016), including trees and the Digital Elevation
Model (DEM), was utilized (Fig. 3). Four scene elements were distin-
guished: ground, water, building, and vegetation. Trees were simulated
using regular octahedrons for trunks and ellipsoidal crowns, uniformly
filled with small triangles to represent a turbid medium. However, due
to administrative boundaries, the city mock-up and trees were absent in
the southwestern part of the study area.

Brussels, located in the north-central part of Belgium (50°51'0" N,
4°21'0"E), is approximately 180 km from the country’s southern tip. The
city, situated on a plateau intersected by various rivers and valleys, has
central boulevards elevated 15 m above sea level (https://www.brusse
Is.com/v/geography/). A 3D mock-up of the city was downloaded
from Urbis (https://datastore.brussels/web/urbis-download), con-
verted from Sketch-Up format to OBJ format, and consolidated into a
single OBJ file. The conversion process encountered difficulties in pre-
serving the classification of the meshes, which were overcome by
inferring classes from color information (Fig. 4). The 3D mock-up
exhibited certain flaws, such as misclassified roofs and gaps in the
DEM, which were rectified using Python scripts and Blender software.
The geometric database underwent conversion from the national geo-
reference system, EPSG:31370 (Belgian Lambert 72), to the interna-
tional system, EPSG:32361 World Geodetic System (WGS) 84 / Uni-
versal Transverse Mercator (UTM) zone 31 N. The final OBJ, spanning
an area of approximately 16.5 x 16.5 km and comprising over 100
million triangles, was supplemented with tree geometry data furnished
by Vrije Universiteit Brussel. This data, generated using an artificial
intelligence-based model, provided the position, height, and diameter of
the crown and trunk for each of the more than 1.4 million trees. How-
ever, due to administrative issues, tree data for the three small rectangle
areas (around 4.366°E, 50.887°N; 4.324°E, 50.865°N; and 4.458°E,
50.848°N) were absent (Fig. 4).
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Fig. 2. The vegetation scene: three homogeneous vegetation plots and three bare ground plots. The vegetation parameters, such as leaf area index (LAI), leaf angle
distribution (LAD), and canopy height (H), correspond to three development periods of a maize canopy. The LAI is defined per vegetation plot and not for the whole

scene. Ar: spatial resolution of the simulated image.
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Fig. 3. Study area of Basel. (a) Moderate Resolution Imaging Spectroradiometer (MODIS) land cover type yearly map of Switzerland in 2021. (b) 3D mock-up of
Basel. The zone in the southwest appears to be bare ground for administrative reasons.
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Fig. 4. Study area of Brussels. (a) Moderate Resolution Imaging Spectroradiometer (MODIS) land cover type yearly map of Belgium in 2021. (b) 3D mock-up

of Brussels.

2.3.2. Optical properties of elements

The OP library, sourced from the DART database, was employed to
generate simulated pseudo satellite optical images (Fig. 5). The elements
were classified into two categories: transparent (vegetation) and opaque
(ground, buildings, and water). Albedo was denoted as OP for trans-
parent elements, while it represented reflectance for opaque elements.
Water was treated as an opaque element for simplification. In the
simulation of our pseudo satellite images, the OPs for each element were
maintained as spatially invariant.

The ratio of reflectance to transmittance in vegetation was subject to
considerable variation, influenced by factors such as time, geographical
location, and wavelength. Accurately determining this ratio across
extensive areas for all vegetation types presented a significant challenge.
Therefore, for the cases in Basel, we assumed that reflectance was equal
to transmittance and was wavelength-independent. For the cases in
Brussels, we relied on empirical values, which were the ratio of the
spectrum of deciduous trees from the DART optical database.

2.3.3. Satellite data and preprocessing

Orthorectified surface reflectance images from Sentinel-2 L2A and
PlanetScope were utilized in this study. The Sentinel-2 images were
processed using US-DART, and the resulting element OP maps were
validated against PlanetScope images. Sentinel-2 is a high-resolution,
multispectral imaging mission with a wide swath, capturing the visible
and NIR bands at a fine spatial resolution of 10 m, the red edge and
shortwave infrared (SWIR) bands at a moderate resolution of 20 m, and
the atmospheric bands at a coarser spatial resolution of 60 m. The B10
(60 m) band was excluded from use as it is primarily used for atmo-
spheric correction and was not included in the L2A collections. These
distinct bands were employed to evaluate the sensitivity of US-DART to
spatial resolution. PlanetScope, provided by Planet company (http
s://www.planet.com/), is an imager with eight bands and a 3 m
spatial resolution frame, featuring a split-frame visible and NIR filter.
Planet offers high-frequency, global coverage, and efficient delivery
through an open, accessible platform.

For validation purposes, we selected a pair of images from Sentinel-2
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and PlanetScope, taken within a short time frame for both Basel and
Brussels, to ensure minimal changes in the OP of land cover over a brief
period. Our selection prioritized PlanetScope images with eight bands,
followed by those with the shortest interval between Sentinel-2 and
PlanetScope captures. Table 1 presents detailed information on the
Sentinel-2 and PlanetScope images used for Basel, while Table 2 offers
similar details for the images used for Brussels. Table 3 provides a
comparison of the spectral and spatial characteristics of the bands be-
tween Sentinel-2 and PlanetScope images.

We used image hash similarity and absolute mean difference (AMD)
to check the similarities and differences between corresponding bands of
Sentinel-2 and PlanetScope. The AMD calculated the absolute difference
between corresponding pixel values in two images, then computed the
mean of these absolute differences, providing a numerical value repre-
senting the average difference between the pixels of the two images. On
the other hand, image hashing generated a compact representation
(hash) of an image based on its visual features. These hashes were
designed to be similar for visually similar images, focusing on capturing
the perceptual content of an image rather than exact pixel values. This
study used five types of hashes: average, perceptive, difference, Haar
wavelet, and Daubechies wavelet. While AMD did not consider the
perceptual similarity of images and focused solely on the difference in
the overall tone of the image, hashing captured the visual similarity
between images, paying more attention to the details and the grey scale
difference between pixels (Mahmoud et al., 2007).

Fig. 6 and Fig. 7 show the hash similarity, AMD values, and pixel
reflectance distributions for the shared bands in Basel Sentinel-2 and
PlanetScope images. The red edge 4 band was of particular interest. It
exhibited the highest AMD value (0.0134), indicating a significant
overall tonal difference, yet it also had the highest sum of similarity
(223.00), suggesting minor differences in detail and grey scale. The
median reflectance (0.1784 for Sentinel-2 and 0.1903 for PlanetScope)
of the red edge 4 band surpassed that of the other six bands in both
satellites (as shown in Fig. 7), leading to the largest AMD. The spectral
bandwidth of PlanetScope (0.040 pm) was twice that of Sentinel-2
(0.020 pm), which resulted in lower overall reflectance (median value
difference was 0.0119) for the red edge 4 band of Sentinel-2 compared to
PlanetScope. However, the other bands’ reflectance distribution ranges
were similar (median value difference less than 0.003). The hash dif-
ference remained minimal despite these differences, resulting in a high
similarity.

Fig. 8 illustrates the per-pixel residual error between the Basel
Sentinel-2 and PlanetScope images. Given the differing spatial resolu-
tions of the two satellite images (PlanetScope’s resolution is 3 m, while
Sentinel-2 offers resolutions of 10, 20, and 60 m), we adjusted the
Sentinel-2 image to match the column and row count of the PlanetScope
image by duplicating pixels. Consistent with the findings in Fig. 6 and
Fig. 7, the magnitude of the residual errors were high (mean: 0.032 and
median: —0.013) in the red edge 4 band due to its high reflectances than
the other bands. Additionally, both images exhibited a significant
specular reflection effect (the absolute minimum and maximum values
were larger than 1 while reflectance values typically range from O to 1).

Fig. 9 and Fig. 10 illustrate the similarities in hashes and AMD
values, as well as the pixel reflectance distributions in the shared bands

Table 1
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of Brussels Sentinel-2 and PlanetScope images. The Sentinel-2 image
exhibited significant over-atmospheric correction, evidenced by the
highest AMD value occurring in the aerosol band (0.0173), followed by
the blue band (0.0169), indicating a substantial overall tonal difference
in these bands. This pattern differed from that observed in Basel (Fig. 6).
Despite this, the sum of the similarities in the aerosol (94) and blue (80)
bands was not low (Fig. 9), suggesting only minor differences in detail
and grey scale. Moreover, the reflectances (median: 0.0258) in the
aerosol band in PlanetScope were nearly double those (median: 0.0078)
in Sentinel-2 (Fig. 10). Specifically, the pixel reflectances in the Sentinel-
2 aerosol band were primarily within the range of 0.00 to 0.02, while in
the PlanetScope image, they were mainly within the range of 0.02 to
0.04. For the remaining bands, excluding the aerosol and blue bands, the
range of pixel reflectance distributions in the Sentinel-2 and PlanetScope
images was nearly identical (difference no larger than 0.0052).

Fig. 11 presents the residual error between the Brussels Sentinel-2
and PlanetScope images. Given the differing spatial resolutions of the
two satellite images (PlanetScope had a resolution of 3 m, while
Sentinel-2 had resolutions of 10, 20, and 60 m), we adjusted the
Sentinel-2 image to match the column and row count of the PlanetScope
image by duplicating pixels. As observed in Fig. 9 and Fig. 10, the
magnitude of the residual errors were high in the aerosol (mean: 0.020;
median: —0.016) and blue (mean: 0.021; median: —0.025) bands
compared with other bands, despite the relatively low reflectances in
these two bands (median reflectance of S2 equaling 0.0078, of Planet-
Scope equaling 0.0258 in aerosols band, median reflectance of S2
equaling 0.0169, of PlanetScope equaling 0.0377 in blue band). Addi-
tionally, both images exhibited a noticeable specular reflection effect
(the absolute minimum and maximum values were larger than 1 while
reflectance values typically range from 0 to 1).

The preprocessing phase of the satellite imagery encompassed two
critical steps: reprojection and co-registration. To preserve the integrity
of the spectral information and minimize distortions induced by
resampling, we opted to project the urban 3D mock-up to align with the
coordinate systems of the satellite images. Specifically, we utilized the
WGS 1984 UTM Zone 32 N for Basel and WGS 1984 UTM Zone 31 N for
Brussels. This approach ensured spatial consistency between the 3D
model and the remotely sensed data, facilitating accurate analysis and
interpretation.

The GeFolki co-registration software (Brigot et al., 2016; Plyer et al.,
2015) (https://github.com/aplyer/gefolki), developed by the French
Aerospace Lab (ONERA) and achieving a theoretical geometric accuracy
of 0.1 pixels, was employed for co-registration between Sentinel-2 and
DART images. Any unavoidable inaccuracies in the co-registration of the
satellite and DART images could potentially degrade the accuracy of US-
DART. However, this degradation could be mitigated if the co-registered
images were resampled to a spatial resolution coarser than that of the
satellite image. US-DART was capable of performing this spatial reso-
lution degradation automatically using the user’s expected value.

3. Application and accuracy assessment of US-DART

Section 3.1 presented an application on vegetation, and made a
comparison with DART calibration in terms of inversion accuracy and

Parameters of Sentinel-2 and PlanetScope imagery for Basel. Atmosphere data are from the National Centers for Environmental Prediction Reanalysis (NCEP_RE).
Atmosphere mode is selected based on the water vapor amount (Cooley et al., 2002). The aerosol mode is selected based on the study target.

Parameters Values

Satellite Sentinel-2 PlanetScope

ID 20211001T102739_20211001T102820_T32TLT 20211001_093505_92_220b_3B_AnalyticMS_8b
Date 2021-10-01 10:27:39 (UTC) 2021-10-01 09:35:05 (UTC)

Mean sun angle (°)
Atmosphere model
Aerosol model Urban

Zenith angle: 51.6, Azimuth angle: 166.1
Subarctic summer (total column water vapor: 14.5 kg/m?, air temperature: 281.2 K)

Zenith angle: 55.5, Azimuth angle: 148.4
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Parameters of Sentinel-2 and PlanetScope imagery for Brussels. Atmosphere data are from the National Centers for Environmental Prediction Reanalysis
(NCEP_RE). Atmosphere mode is selected based on the water vapor amount (Cooley et al., 2002). The aerosol mode is selected based on the study target.

Parameters Values

Satellite Sentinel-2 PlanetScope
20210224_100339_42_2276_3B_AnalyticMS_8b

D 20210224T105031_20210224T105442_T31UES 20210224.100341_88_2276_3B AnalyticMS.8b

Date 2021.02.24 10:50:31 (UTC) 2021-02-24 10:03:39 (UTC)

Mean sun angle (°)
Atmosphere model

Aerosol model Urban

Zenith angle: 61.7, Azimuth angle: 162.8
Subarctic summer (total column water vapor: 16.7 kg/m?, air temperature: 284.3 K)

2021-02-24 10:03:41 (UTC)
Zenith angle: 64.8, Azimuth angle: 149.2

Table 3
Spectral and spatial comparisons of bands between Sentinel-2 and PlanetScope
images.

No. Des. Satellites

Sentinel-2 PlanetScope

A AL Ar A A Ar

(pm) (pm) (m) (pm) (pm) (m)
Bl Aerosols 0.443 0.020 60 0.442 0.021 3
B2 Blue 0.490 0.065 10 0.490 0.050 3
B3 Green 0.560 0.035 10 0.565 0.036 3
B4 Red 0.665 0.030 10 0.665 0.030 3
B5 RE1 0.705 0.015 20 0.705 0.016 3
B6 RE 2 0.740 0.015 20 - - -
B7 RE 3 0.783 0.020 20 - - -
B8 NIR 0.842 0.115 10 - - -
B8A RE 4 0.865 0.020 20 0.865 0.040 3
B9 wv 0.945 0.020 60 - - -
B11 SWIR 1 1.610 0.090 20 - - -
B12 SWIR 2 2.190 0.180 20 - - -

Data are from the Sentinel-2 website (https://sentinel.esa.int/web/sentinel/us
er-guides/sentinel-2-msi/resolutions/radiometric) and PlanetScope product
specifications (Marta, 2020). A: central wavelength, AA: spectral bandwidth, Ar:
spatial resolution, NIR: near-infrared, SWIR: shortwave infrared, —: no Planet-
Scope band corresponding to Sentinel-2. RE: Red edge. WV: Water vapor.

efficiency. Section 3.2 presented two applications on urban, involving
two European cities, namely Basel in Switzerland and Brussels in
Belgium.

3.1. Applications and accuracy assessment of vegetation scene

Section 3.1.1 presented a visual accuracy assessment using a pseudo-
satellite vegetation image simulated by DART, accompanied by the
display of OP maps of elements and reflectance images. Section 3.1.2
provided a quantitative accuracy assessment of element OP maps and
reflectance images. During these assessments, the OP values used to
simulate the pseudo-satellite images were considered true values, while
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the retrieved OP maps from the pseudo-satellite images were treated as
estimated values.

3.1.1. Visual accuracy assessment on vegetation scene

We utilized true RGB color composites (Fig. 12) for a visual com-
parison between the pseudo-satellite image (Fig. 12. a) and DART
reflectance (Fig. 12. b) image simulated using the retrieved OP. For
instance, the three bare ground plots displayed consistent spatial color,
while the three vegetation plots highlighted distinct colors due to their
unique leaf area index (LAI) and leaf angle distribution (LAD) in each
image. Except that, the pseudo-satellite and DART reflectance images
bore a strong resemblance with minimal differences.

Fig. 13 presents the RGB true color composition of the retrieved OP
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Fig. 6. The hashes similarity (left y-axis) and absolute mean difference (right y-
axis) between Basel Sentinel-2 and PlanetScope images in the shared bands.
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Fig. 5. The optical properties (OP) used for the pseudo satellite image simulation in the vegetation and urban scene. The band configuration is set the same as

Sentinel-2. The shade areas indicate the bandwidths of Sentinel-2.


https://sentiwiki.copernicus.eu/web/s2-mission#S2Mission-SpectralResolutionS2-Mission-Spectral-Resolution
https://sentiwiki.copernicus.eu/web/s2-mission#S2Mission-SpectralResolutionS2-Mission-Spectral-Resolution

Z. Zhen et al. Remote Sensing of Environment 321 (2025) 114657
Aerosols Blue Green Red Red Edge 1 Red Edge 4
il 0.16 1
.08 0.16
0.35 A
567 0.10 4 0.12 A 0.14 4
] .14
—_— ¢ 0.30
0.06 0.08 0.10 7 ’ 0.12 1
J ) 0.25 A
0.10
80.05 1 0.08 - -
(=] ’ 4
‘3 | 006 7 008 | 020 -
$0.04
= 0.06 0.08 -
2 . ' 0.15
#0.03 0.04 0.06 :
0.04 0.06
0.02 0.04 0.10 1
0.02 1 i
0.01 0.02 0.02 1 o 0.05
0.00 0.00 0.00 0.00 02 0.00 -
S2 PS S2 PS S2 PS S2 PS S2 PS S2 PS
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Fig. 8. Residual error of the shared bands between Sentinel-2 (S2) and PlanetScope (PS) of Basel images.

map. The acquired imagery exhibited notable spatial discontinuities.
Specifically, the ground pixels (Fig. 13. a) underlying the vegetation
canopy displayed significant noise artifacts. Similarly, vegetation pixels
(Fig. 13. b) in plots with low LAI demonstrated pronounced noise,
particularly during the early stages of plant development. These obser-
vations suggested potential limitations in accurately retrieving OP from
pixels with low fractional vegetation cover, presumably due to the weak
signal in these pixels. Nevertheless, the simulation of pixel reflectance
appeared largely unaffected by these high-error OPs, presumably due to
the minimal ground fraction within the pixels.

3.1.2. Quantitative accuracy assessment on vegetation scene
To quantitatively evaluate the accuracy of US-DART on vegetation,

we utilized the absolute values of the relative error of OP maps and
reflectance images. The error variation with iterations was depicted
using two statistical parameters: mean =+ standard deviation and median
+ interquartile range (Fig. 14).

Although the reflectance image error consistently decreased with
iterations, the OP map error tended to fluctuate slightly. This fluctuation
was evident in the standard deviation and interquartile range, which
indicated that the OP map error of some ground pixels experienced
several divergences after the PPS module. This divergence occurred
because the mixed pixels directly obtained the ground OPs from their
nearby flat pure ground pixels in the PPS module. The accuracy of the
ground OP from the pure pixels was high due to the predominance of
single scattering. However, during the iteration in the GI module, the
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Fig. 9. The hashes similarity (left y-axis) and absolute mean difference (right y-
axis) between Brussels Sentinel-2 and PlanetScope images in the shared bands.

ground OP of the very low fraction pixel progressively deteriorated,
leading to a slight divergence. In contrast, the vegetation OP error
exhibited a clear decreasing trend with iteration in the GI module. This
decrease was due to the domain of multiple scatterings in vegetation,
resulting in a higher OP error for vegetation from the PPS module than
for the ground pixels.

The mean OP error of the ground exhibited minor fluctuations in the
bands with longer wavelengths (e.g., longer than the red edge). The
reason was that all ground pixels, including those from the low fraction
pixels, were taken into account when calculating the mean error. We
carefully examined these pixels and found that the majority were ground
under high LAI vegetation (e.g., during the third growth period). The
median OP error of the ground displayed a decreasing trend with iter-
ations, confirming that only a minimal number of pixels with a low
ground percentage demonstrated an increasing error with iteration. In
contrast, for the OP error of vegetation, both the mean and median er-
rors consistently decreased with iterations.

At the final iteration, the mean error for reflectance images was
approximately 3.47 % for the ground and 5.19 % for vegetation. The
median error was around 0.08 % for the ground and 0.20 % for
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vegetation. For the element OP maps, the mean error was approximately
58.19 % for the ground and 10.95 % for vegetation, while the median
error was around 0.60 % for the ground and 3.28 % for vegetation.

3.1.3. Comparison with DART calibration on vegetation scene

Since US-DART is designed to address the challenges of DART cali-
bration caused by mixed pixels, we compare the two methods in terms of
accuracy and time complexity. The original DART calibration process
exhibits inherent randomness and uncertainty, as it depends on the
user’s selection of a representative spectral library as the initial iteration
values. To ensure consistency and facilitate a more reliable comparison,
we integrated the PPS module into DART calibration during the com-
parison, providing both methods with identical initial values for
iteration.

Fig. 15 illustrates the iteration process of DART calibration. The
overall accuracy during iteration is significantly lower than that of US-
DART. Although certain bands (e.g., RE 4, WV) exhibit a decreasing
error trend in pixel reflectance, they show an increasing error trend in
OP. At the final iteration, the mean reflectance error was approximately
11.61 % for ground surfaces and 17.61 % for vegetation, while the
median error was around 0.37 % and 1.37 %, respectively. For the OP
element maps, the mean error reached 126.32 % for ground surfaces and
50.56 % for vegetation, with median errors of 7.40 % and 41.24 %,
respectively.

The previous study (Zhen et al., 2021) demonstrates that DART
calibration performs optimally in high spatial resolution images (3 m
and 4 m) where pure image elements are prevalent. However, in this
soil-vegetation mixed scene, we observed suboptimal DART calibration
performance. This can be attributed to the Newton and bisection
methods implemented in DART calibration, which are designed to ac-
count for multiple scattering and generally perform well for pure pixels.
However, Eq. (11) in DART calibration (Landier et al., 2018) overlooks
the fact that, unlike relative area, spectral contributions vary in
conjunction with OP. To address this limitation, we replaced the Newton
and bisection methods with the GI module, improving accuracy in
scenes dominated by mixed pixels.

We also compared the time complexity of US-DART and DART
calibration. Our improvements regarding acceleration compared with
the original DART calibration focused on accelerating convergence and
optimizing parallel processing. To enhance convergence, we introduced
a PPS module that selects initial values from pure pixels rather than
relying on priori knowledge (e.g., library values), as in the original
DART calibration. This modification reduces the number of iterations
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Fig. 10. The reflectance distribution of shared bands of Brussels Sentinel-2 (S2) and PlanetScope (PS) images. Due to strong specular reflection, the image has some

outliers, which are not plotted for clarity.
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Fig. 11. Residual error of the shared bands between Sentinel-2 (S2) and PlanetScope (PS) of Brussels images.

(a) Pseudo satellite image (b) DART image

Fig. 12. The true RGB composites of the vegetation reflectance image. (a) Pseudo satellite image; (b) DART image simulated using retrieved element OP maps from
US-DART.

(a) Ground OP map (b) Vegetation OP map

Fig. 13. The true RGB color composites of the retrieved ground and vegetation optical properties (OP) maps from US-DART. (a) Ground OP map. (b) Vegetation OP
map. The white pixels in the image indicate that the fractions of the corresponding elements are too small in these pixels and are ignored.

mathematically rigorous comparison and minimize uncertainty from
human intervention, the following DART calibration used in the com-
parison also incorporated these acceleration techniques.

All experiments were conducted on a workstation equipped with an

required. For parallel processing, we implemented multi-threading: for
multi-band images, each band is processed independently on a separate
thread, while for mono-band images, the image is divided into blocks,
each processed on a separate thread. However, to ensure a
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Fig. 14. Quantitative accuracy assessment of US-DART on vegetation scene. The absolute values of relative error of the retrieved ground and vegetation optical
properties maps (blue left y-axis) and simulated reflectance images (red right y-axis) using US-DART. RE: Red edge. NIR: Near infrared. WV: Water vapor. SWIR:
Shortwave infrared. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Intel Core i7-8700 processor (3.2 GHz, 6 cores, 12 threads) and 62 GB of
RAM. The system ran Ubuntu 22.04.2 LTS (Jammy) and utilized a
storage configuration comprising a 476.9 GB primary SSD and a 931.5
GB secondary encrypted disk. The implementation was performed in a
Linux environment, leveraging multi-threaded processing capabilities.
Table 4 presents a temporal comparison between US-DART and DART
calibration methods across eight iterations for the vegetation scene, with
each iteration comprising two processes: DART simulation and inver-
sion. For DART simulation, both methods demonstrated relatively
consistent performance, with execution times ranging between
approximately 202-216 s. US-DART’s simulation times varied from
204.85 to 215.74 s, while DART calibration maintained slightly more
stable timing between 202.59 and 206.88 s.

The most notable distinction between the two methods emerged in
their inversion processes. The initial iteration showed comparable
inversion times of around 198 s for both methods. However, from iter-
ation 1 onward, the patterns diverged significantly. US-DART exhibited
a distinctive spike in iteration 2, with an inversion time of 832.72 s (due
to the calculation time consumption of gradient), but subsequently
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stabilized to approximately 10 s for the remaining iterations. In contrast,
DART calibration maintained more consistent inversion times after
iteration 0, ranging between 13 and 17 s, though slightly higher than US-
DART’s stabilized performance. Although US-DART takes more time to
calculate gradients, its overall speed is faster once it stabilizes. We are
currently working on reducing the time of gradient calculation.

3.2. Applications and accuracy assessment of urban scene

Section 3.2.1 detailed the accuracy assessment conducted using
Sentinel-2 images. Section 3.2.2 presented the accuracy assessment
performed using pseudo satellite images simulated by DART. During
these assessments, the OP inputted to simulate the pseudo satellite
image was considered the true value, while the OP retrieved from the
pseudo satellite image was regarded as the estimated value.
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Fig. 15. Quantitative accuracy assessment of DART calibration on vegetation scene. The absolute values of relative error of the retrieved ground and vegetation
optical properties maps (blue left y-axis) and simulated reflectance images (red right y-axis) using DART calibration. RE: Red edge. NIR: Near infrared. WV: Water
vapor. SWIR: Shortwave infrared. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

(a) Ground

(c) Vegetation

(d) Water

Fig. 16. The RGB true color composition of the optical properties (OP) maps of the four elements of Basel. (a) Ground. (b) Building. (c) Vegetation. (d) Water. Due to
administrative boundaries, the city mock-up and vegetation are missing in the lower left area. The white pixels in the map indicate that the fraction of the corre-
sponding elements is too small in these pixels and is ignored.

3.2.1. Accuracy assessment with Sentinel-2 multispectral instrument (MSI)

image

(1) Visual accuracy assessment on the urban scene.

Fig. 16 and Fig. 17 display the true RGB color compositions of the OP

maps retrieved from Sentinel-2 for Basel and Brussels, respectively. In
both study areas, each element’s OP exhibited a uniform spatial distri-
bution with minimal noisy pixels, aligning with the geostatistics theory
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(¢) Vegetation (d) Water

Fig. 17. The RGB true color composition of the optical properties (OP) maps of the four elements of Brussels. (a) Ground. (b) Building. (c) Vegetation. (d) Water.
Three rectangular vegetated areas in the map are missing for administrative reasons. The white pixels in the map indicate that the fraction of the corresponding

elements is too small in these pixels and is ignored.

Fig. 18. The RGB true color composition of Basel surface reflectance images. The black frames show the whole study area, and the four colorful frames show the
zooms of the subzones. Yellow: vegetation subzone. Purple: building-vegetation mixed subzone. Red: building-water subzone. Blue: built-up subzone. The line styles
of the frames distinguish the image types. Solid line: inputted Sentinel-2 images. Dashed and dotted line: DART simulated 10 m resolution images. Solid and dashed
line: DART simulated 3 m resolution images. Dashed line: PlanetScope images. (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)

that nearby elements shared similar OPs. Furthermore, each element
presented visually distinguishable OP maps, signifying the successful
separation of each element’s OP from the mixed pixels. A comparison of
the OP maps between Basel and Brussels revealed greener vegetation in
Basel. This difference was likely attributable to the distinct seasons
captured (Basel: Autumn, 1 October; Brussels: Winter, 24 February) and
the over-atmospheric correction applied to the Brussels image.

The selection of RGB true-color composite map for our analysis
served two key purposes. First, these images aligned with US-DART’s
novel methodological framework, which inverted the traditional mixed-
pixel modeling approach. While conventional models treated
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endmember spectra as fixed quantities and solve for abundances, US-
DART employed 3D radiative transfer to generate spectral gradients
that replace abundance values. This transformation enabled endmember
spectra to become the primary unknown variables, allowing them to
vary on a per-pixel basis within the same component type. Such flexi-
bility was particularly valuable in urban environments, where material
properties like rooftop spectra naturally varied due to weathering and
material heterogeneity. Second, the RGB true-color composite visuali-
zation demonstrated the effectiveness of US-DART’s band-by-band
spectral retrieval method. Unlike traditional approaches that depen-
ded on inter-band correlations, US-DART resolved endmember spectra
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DART Image (10 m)

—_ . ]
PlanetScope Image (3 m)

Fig. 19. The RGB true color composition of Brussels surface reflectance images. The black frames show the whole study area, and the four colorful frames show the
zooms of the subzones. Yellow: building-vegetation mixed subzone. Purple: built-up sparse subzone. Red: built-up dense subzone. Blue: vegetation subzone. The line
styles of the frames distinguish the image types. Solid line: Inputted Sentinel-2 images. Dashed and dotted line: DART simulated 10 m resolution images. Solid and
dashed line: DART simulated 3 m resolution images. Dashed line: PlanetScope images. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)

independently for each band, making it available for single-band ap-
plications. This visualization technique served as a powerful diagnostic
tool, as retrieved spectral errors manifested as distinct noise patterns in
the composite image.

We simulated a 3 m spatial resolution image using the US-DART
retrieved element OP map for Basel and Brussels for further valida-
tions. Fig. 18 and Fig. 19 display the RGB true color composition of the
inputted Sentinel-2 image, the simulated 10 m resolution image, the
simulated 3 m resolution image, and the PlanetScope image for Brussels
and Basel, respectively. The visual differences between the two simu-
lated images at 10 m and 3 m resolutions and the Sentinel-2 images were
nearly indistinguishable across the study area. The PlanetScope image,
however, exhibited a noticeable difference in tone compared to the
other three images, likely due to the differences of instruments between
PlanetScope and Sentinel-2. For instance, PlanetScope typically exhibits
lower radiometric quality than Sentinel-2 and Landsat 8 (Houborg and
McCabe, 2018; Myers et al., 2019).

We examined four subzones in Basel (i.e., one vegetation area, one
building-vegetation mixed area, one building-water area, and one built-
up area) and Brussels (i.e., one building-vegetation mixed area, one
built-up sparse area, one built-up dense area, and one vegetation area).
The DART simulated images appeared sharper in these subzone images
than the satellite images, particularly the DART simulated 10 m reso-
lution images were sharper than the Sentinel-2 images, and the DART
simulated 3 m resolution images were sharper than the PlanetScope
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images. The reason may be that the DART simulated images are free
from the sensor noise (e.g., modulation transfer function) and atmo-
spheric scattering.

The DART-simulated images of 3 m and 10 m spatial resolutions
exhibited a few noisy pixels, likely attributable to the unavoidable
inaccuracies of the urban 3D mock-up and the co-registrations, leading
to inaccurate gradient estimation. The noise in the 10-meter resolution
image was lighter compared to the 3-meter resolution image because the
proportion of components within pixels differed at various resolutions.
At low resolution (10 meters), the abundance of OP was low, resulting in
poorer retrieval accuracy but less interference with the simulated
reflectance image. At high resolution (3 meters), this component was
likely to become dominant with increased abundance, leading to noisier
pixels when simulating reflectance images. Furthermore, ideal as-
sumptions of the US-DART, such as the same element in the same
sampling windows sharing the same OP, were also likely to contribute to
the generation of noisy pixels.

(2) Quantitative accuracy assessment on the urban scene.

To quantitatively evaluate the accuracy of US-DART, we utilized the
relative error for pixel reflectance. Two statistical parameters, mean
error + standard deviation and median error + interquartile range,
were employed to illustrate the error variations with iterations.

Fig. 20 and Fig. 21 show the mean and median error with iterations
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Fig. 20. The variations of the mean error with iterations for the Basel. The absolute values of relative error are calculated with US-DART simulated pixel reflectance
as estimated values and Sentinel-2 pixel reflectance as true values. NIR: Near infrared. RE: Red edge. SWIR: Shortwave infrared. WV: Water vapor.

for the Basel image. All errors decreased with iterations, with the me-
dian error showing a more pronounced decreasing trend than the mean
error, indicating that most pixels demonstrated promising results with
iteration. However, a few pixels exhibited an increase in error, typically
due to outdated urban mock-ups or co-registration errors. At the final
iteration, the mean errors for ground, water, building, and vegetation
were approximately 11.04 %, 6.03 %, 15.60 %, and 15.18 %, respec-
tively. The corresponding median errors were around 0.01 %, 0.04 %,
0.06 %, and 0.04 %.

Fig. 22 and Fig. 23 present the mean and median error with iterations
for the Brussels image. Similar to Basel, all errors decreased with iter-
ations, and the median error showed a more noticeable decreasing trend
than the mean error, indicating that most pixels demonstrated promising
results with iterations. However, a few pixels exhibited an increase in
error, typically due to outdated urban mock-ups or co-registration
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errors. The mean error in the aerosol, blue, and NIR bands was notably
high (Fig. 22). Upon examination, we found some pixels with nearly zero
reflectance in the forest areas (likely due to atmospheric over-
correction), which tended to generate unexpected relative errors. These
three bands exhibited normal relative error for median error (Fig. 23). At
the final iteration, the mean errors for ground, water, building, and
vegetation were approximately 38.07 %, 57.46 %, 38.94 %, and 43.64
%, respectively. The corresponding median errors were around 0.06 %,
0.03 %, 0.09 %, and 0.20%.

3.2.2. Accuracy assessment with pseudo satellite images simulated by
DART

We utilized DART simulated reflectance images as pseudo satellite
images, which provided the advantage of having true element OP values
for quantitative assessment of US-DART’s accuracy. The assessment
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Fig. 21. The variations of the median error with iterations for the Basel. The absolute values of relative error are calculated with US-DART simulated pixel
reflectance as estimated values and Sentinel-2 pixel reflectance as true values. NIR: Near infrared. RE: Red edge. SWIR: Shortwave infrared. WV: Water vapor.

involved both reflectance images and OP maps. To illustrate the varia-
tion in relative error with iterations, we employed two statistical pa-
rameters: mean error + standard deviation and median error +
interquartile range.

Fig. 24 and Fig. 25 illustrate the mean and median error trends across
iterations for the Basel image. The ground, buildings, and vegetation
exhibited a clear decreasing trend in reflectance image and OP map
errors with each iteration. Water, however, was an exception, as its error
variation trend was unstable and sometimes even showed an increasing
trend. This instability was attributed to two main reasons: first, because
compared with other components, the surface of rivers is relatively
smooth. Therefore, the OP accuracy of water obtained from pure pixels
is already very high, making further accuracy improvements chal-
lenging; second, due to the low OP of water relative to other elements,
the effect of Monte Carlo noise was more pronounced when calculating
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the gradients of water. Additionally, the median relative error generally
showed a much more apparent decreasing trend than the mean relative
error, indicating that the error of most pixels decreased with iterations.

At the final iteration, the mean errors for ground, water, building,
and vegetation were approximately 8.67 %, 5.06 %, 11.98 %, and 12.62
%, respectively. The corresponding median errors were around 0.01 %,
0.04 %, 0.04 %, and 0.48 %. The pseudo image application demon-
strated superior accuracy compared to Sentinel-2 images due to their
freedom from co-registration errors, atmospheric interference, and
sensor noises. The fluctuation was slightly more pronounced for the OP
map error than the reflectance image error, but a clear decreasing trend
was evident in almost all lines. At the final iteration, the mean errors for
ground, water, building, and vegetation were approximately 16.12 %,
9.99 %, 17.82 %, and 54.40 %, respectively, while the median errors
were around 0.80 %, 1.30 %, 5.15 %, and 29.51 %. Multiple
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Fig. 22. The variations of the mean error with iterations for the Brussels. The absolute values of relative error are calculated with US-DART simulated pixel
reflectance as estimated values and Sentinel-2 pixel reflectance as true values. NIR: Near infrared. RE: Red edge. SWIR: Shortwave infrared. WV: Water vapor.

combinations of element OPs were able to result in the same pixel
reflectance, which typically led to a lower retrieval accuracy for the OP
map compared with the reflectance image.

Fig. 26 and Fig. 27 present the mean and median relative error trends
across iterations for Brussels, mirroring the decreasing trend observed in
the Basel image. At the final iteration, the mean reflectance image errors
for ground, water, building, and vegetation were approximately 1.16 %,
1.63 %, 0.75 %, and 1.39 %, respectively, while the median errors were
around 0.07 %, 0.05 %, 0.07 %, and 0.06 %. For the OP map error, the
mean errors at the final iteration for ground, water, building, and
vegetation were approximately 9.23 %, 24.31 %, 3.19 %, and 8.75 %,
respectively, with median errors of around 0.28 %, 0.59 %, 0.07 %, and
1.21 %.

The retrieval accuracy of vegetation in Brussels significantly sur-
passed that in Basel due to the input of the correct leaf reflectance to
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transmittance ratio. Basel’s approach assumed reflectance was equal to
transmittance, leading to inaccuracies. This incorrect ratio had a negli-
gible impact on the simulation accuracy of canopy reflectance but
significantly affected retrieving leaf albedo. Upon careful examination,
we identified the primary errors originating from the aerosol, blue, and
red bands. The relatively low vegetation reflectance in these bands
resulted in a significant calculated relative error. Furthermore, the
disparity between reflectance and transmittance in these bands
contributed to additional errors in the assumption that reflectance
equaled transmittance.
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Fig. 23. The variations of the median error with iterations for the Brussels. The absolute values of relative error are calculated with US-DART simulated pixel
reflectance as estimated values and Sentinel-2 pixel reflectance as true values. NIR: Near infrared. RE: Red edge. SWIR: Shortwave infrared. WV: Water vapor.

4. Discussion and conclusions
4.1. Discussion

4.1.1. The advantages of the US-DART for retrieving element optical
properties from mixed pixels

US-DART can unmix monospectral images, which capture a wide
range of wavelengths in a single band, providing high spatial resolution
but limited spectral information (Bay et al., 2010). Additionally, while
US-DART requires few input parameters, incorporating rich prior
knowledge, such as the OP rules of vegetation, can enhance its accuracy,
which is particularly evident in the SC module’s utilization of prior
knowledge.

US-DART excels in integrating grid points and categories, a focus
area of growing research interest. While some studies (Fontanilles and
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Briottet, 2011) use grid points from DSM for nonlinear spectral unmix-
ing and others (Mitraka et al., 2012) utilize categories from land cover
classification maps, the combination of grid points and categories,
forming a 3D mock-up is rarely used. US-DART’s innovative application
of a 3D mock-up for unmixing SW optical images provides nonlinear
unmixing conditions and specific categories for each land cover type,
thereby enhancing overall effectiveness.

The significant distinction between US-DART and traditional spec-
tral unmixing methods is the output product. Traditional spectral
unmixing methods retrieve 2D class fractions from mixed pixels. How-
ever, US-DART retrieves pixel-wise endmember spectra from mixed
pixels, and the class fractions during unmixing process are replaced by
spectral gradients calculated using 3D radiative transfer. The spectral
gradients describe the ray intercept and transfer among facets in the 3D
mock-up, rather than the relative area of the corresponding endmember
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Fig. 24. The mean error variations with iterations for the Basel scene. The left blue y-axis shows the absolute values of relative error of retrieved optical property
maps. The right red y-axis shows the absolute values of the relative error of simulated reflectance images. NIR: Near infrared. RE: Red edge. SWIR: Shortwave
infrared. WV: Water vapor. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

used in traditional spectral unmixing methods. Therefore, US-DART
allows accounting for factors like vertical structure and material het-
erogeneity, which traditional 2D spectral unmixing methods like LSMA
and Multiple Endmember Spectral Mixture Analysis (MESMA) (Franke
et al., 2009) may not fully capture. US-DART holds a distinct advantage
over existing methods in addressing multi- and non-endmember prob-
lems. US-DART is a “non-endmember” method capable of handling
images with a certain level of noise, a task that poses a challenge for
most non-endmember methods because these conventional methods
typically seek extreme points in the feature space (Drumetz et al.,
2019b). US-DART’s advantage stems from its use of a 3D mock-up,
enabling it to accurately identify endmembers and account for illumi-
nation conditions, free from seeking extreme points.

Machine learning advancements in regression-based spectral
unmixing have evolved to address spectral variability and nonlinear
effects (Bioucas-Dias et al., 2012). Traditional methods, such as com-
pressed sensing (Donoho, 2006), least angle regression (Efron et al.,
2004), basis pursuit and its denoising variants (Chen et al., 2001) and
matching pursuit (Mallat and Zhang, 1993), utilized sparse regression
frameworks to select relevant signatures from established libraries,
assuming linear combinations of pure endmembers. Despite strong

20

theoretical foundations, these approaches faced limitations in library
acquisition and calibration (lordache et al., 2011). This led to dictionary
learning approaches (Aharon et al., 2006; Elad and Aharon, 2006) that
extract spectral information directly from datasets, demonstrating
capability to approximate nonlinear manifolds for individual materials
without requiring explicit nonlinear models (Charles et al., 2011). While
modern machine learning approaches offer adaptive, data-driven rep-
resentations that capture material-specific variations (Bioucas-Dias
etal., 2012), they primarily address local spectral variability rather than
complex multiple scattering effects from three-dimensional structures.
This limitation becomes evident when comparing with specialized
methods like US-DART, which specifically accounts for multiple scat-
tering phenomena—a persistent challenge for regression-based methods
even with machine learning enhancements. The effectiveness of
unmixing strategy depends on its alignment with the physical charac-
teristics of the observed scene.

US-DART shows promising advantages over existing deep learning
methods in terms of physical interpretability. Unlike neural network
approaches (Li et al., 2024), the gradients obtained by US-DART have
clear physical significance. Similarly, while physical-based Monte Carlo
computer graphics models like Mitsuba 3 (Vicini et al., 2021), retrieve
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Fig. 25. The median error variations with iterations for the Basel scene. The left blue y-axis shows the absolute values of relative error of retrieved optical property
maps. The right red y-axis shows the absolute values of the relative error of simulated reflectance images. NIR: Near infrared. RE: Red edge. SWIR: Shortwave
infrared. WV: Water vapor. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

material surface OP via backward ray tracing and gradient descent
(Kingma and Ba, 2015), US-DART’s multi-pixel method maintains better
spatial continuity of OP and achieves convergence with fewer iterations,
demonstrating its computational efficiency for complex scattering
interactions.

4.1.2. Limitations and prospects

Like other spatial correlation-based unmixing methods, US-DART
has inherent limitations from the multi-pixel unmixing methods. These
algorithms necessitate numerous adjacent pixels with varying surface
parameters. In entirely uniform scenes, the gradients from different
pixels are nearly identical, resulting in a strong linear correlation within
the equation system. Moreover, the application of autocorrelation of OP
among neighboring pixels inevitably leads to a reduction in spatial
resolution (Zhan et al., 2013). Moreover, the US-DART method is unable
to discern differences in the OP of the same element in a pixel.

Like other multi-source data-based unmixing methods, US-DART has
inherent limitations for using a 3D mock-up (Granero-Belinchon et al.,
2020). This approach suffers from geometric misalignment between
DART-simulated and satellite images and variations in the viewing
angle. These factors can lead to errors in gradient estimation, affecting
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OP retrieval accuracy. Additionally, the requirement of the 3D mock-up
increases the complexity of using US-DART. However, the emergence of
LiDAR technology has made these 3D mock-ups more accessible. For
example, Blender, a commercial software, offers a free plugin (http
s://blender-addons.org/blosm/) that enables users to download urban
3D mock-ups from OpenStreetMap worldwide. These mock-ups usually
have a long usability span as they typically remain stable over several
years.

US-DART is also inevitably subject to the limitations of errors from
atmospheric correction and sensor noise, as it utilizes surface reflectance
images. Future enhancements could involve the direct use of top-of-
atmosphere reflectance images and integrating the atmosphere radia-
tion transfer module (Wang and Gastellu-Etchegorry, 2021) into US-
DART.

Since US-DART employs a 3D radiative transfer model to compute
gradients, it necessitates ray tracing to determine radiation transfer for
each facet in the urban scene. Given the vast number of facets involved,
the computational load is substantial, resulting in lower efficiency
compared with 2D unmixing. We are currently working on reducing the
time of gradient calculation.
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Fig. 26. The mean error variations with iterations for the Brussels scene. The left blue y-axis shows the absolute values of relative error of retrieved optical property
maps. The right red y-axis shows the absolute values of relative error of simulated reflectance images. NIR: Near infrared. RE: Red edge. SWIR: Shortwave infrared.
WV: Water vapor. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

4.2. Conclusions

We propose the US-DART for retrieving element OP from mixed
pixels in the satellite imagery. This method is assessed using two types of
scenes (vegetation and urban) and image types (Sentinel-2 and pseudo-
satellite images simulated by DART). Generally, the median relative
error for reflectance is around 0.1 %, with opaque elements demon-
strating higher accuracy than transparent ones. The accuracy of the
reflectance image seems less influenced by the accuracy of the ratio
between reflectance and transmittance of vegetation than that of the OP
map. Assuming errors from co-registration and sensor noise are negli-
gible, opaque elements typically exhibit an accuracy of around 1 % for
OP error. However, the OP map accuracy of transparent elements
heavily relies on the ratio’s accuracy. If the ratio is accurate, the
retrieved OP’s accuracy can range between 1 % and 5 %.

US-DART, requiring a multispectral (or even mono-spectral) surface
reflectance image, a 3D mock-up, and common DART parameters (e.g.,
spatial resolutions and skylight ratio) as input, eliminates the need for
hyperspectral images and other restrictive conditions. The retrieved OP
can be used as input parameters of DART for spatial resolution conver-
sion, surface albedo simulation, and SW energy balance modeling (Letu
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et al., 2020; Wang et al., 2018). However, US-DART may encounter
common issues like other multi-pixel and multi-source data models.
Future enhancements to US-DART could involve directly using top-of-
atmosphere reflectance images incorporating the atmosphere module
in DART. US-DART, compatible with Windows and Unix platforms,
features a concise graphical user interface. The source code of US-DART
is distributed with the DART model and can be freely accessed at the
website (https://dart.omp.eu/#/getDart) for academic and research
purposes.
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Fig. 27. The median error variations with iterations for the Brussels scene. The left blue y-axis shows the absolute values of relative error of retrieved optical
property maps. The right red y-axis shows the absolute values of the relative error of simulated reflectance images. NIR: Near infrared. RE: Red edge. SWIR:
Shortwave infrared. WV: Water vapor. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 4

Comparison of time consumption between US-DART and DART calibration for
the vegetation scene before iteration 7. The following iterations show a similar
trend (unit: second).

Iteration Process US-DART DART calibration
Tteration 0 DART -simulation 209.55 202.59
Inversion 197.34 198.71
Iteration 1 DART simulation 205.80 206.88
Inversion 7.13 7.39
Iteration 2 DART simulation 204.85 204.06
Inversion 832.72 14.98
Iteration 3 DART -simulation 215.74 202.64
Inversion 9.96 17.49
Iteration 4 DART simulation 205.71 204.60
Inversion 10.16 16.41
Iteration 5 DART simulation 209.68 202.61
Inversion 9.90 13.56
Iteration 6 DART simulation 210.77 204.67
Inversion 10.13 13.41
Iteration 7 DART simulation 213.85 204.61
Inversion 10.02 13.38
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