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A B S T R A C T

Component temperature and emissivity are crucial for understanding plant physiology and urban thermal dy
namics. However, existing thermal infrared unmixing methods face challenges in simultaneous retrieval and multi- 
component analysis. We propose Thermal Remote sensing Unmixing for Subpixel Temperature and emissivity with 
the Discrete Anisotropic Radiative Transfer model (TRUST-DART), a gradient-based multi-pixel physical method 
that simultaneously separates component temperature and emissivity from non-isothermal mixed pixels over urban 
areas. TRUST-DART utilizes the DART model and requires inputs including at-surface radiance imagery, down
welling sky irradiance, a 3D mock-up with component classification, and standard DART parameters (e.g., spatial 
resolution and skylight ratio). This method produces maps of component emissivity and temperature. The accuracy 
of TRUST-DART is evaluated using both vegetation and urban scenes, employing Advanced Spaceborne Thermal 
Emission and Reflection Radiometer (ASTER) images and DART-simulated pseudo-ASTER images. Results show a 
residual radiance error is approximately 0.05 W/(m2⋅sr). In absence of the co-registration and sensor noise errors, 
the median residual error of emissivity is approximately 0.02, and the median residual error of temperature is 
within 1 K. This novel approach significantly advances our ability to analyze thermal properties of urban areas, 
offering potential breakthroughs in urban environmental monitoring and planning. The source code of TRUST- 
DART is distributed together with DART (https://dart.omp.eu).

1. Introduction

In the field of thermal remote sensing, component emissivity and 
temperature are crucial, particularly in studies of vegetation and urban 
areas (Chen et al., 2011; Jiang et al., 2022; Song et al., 2020). They 
provide valuable insights into plant physiological processes, including 
health (Su et al., 2023), productivity (Gonsamo et al., 2015), phenology 
(Liu et al., 2016), and environmental response (Chen et al., 2016; Zhou 
et al., 2022). They are major inputs for evapotranspiration models (Chen 
and Liu, 2020) such as the two-layer, patchwork, and two-source models 

(Kustas and Norman, 1999; Sánchez et al., 2008). In urban studies, they 
are essential for understanding the thermal behavior of urban environ
ments (Bian et al., 2024; Chen and Liu, 2020). Monitoring their varia
tions is crucial for energy consumption studies, urban planning (Ru 
et al., 2023), and mitigating the urban heat island (UHI) (Huang et al., 
2017).

The separation of land surface emissivity (LSE) and land surface 
temperature (LST) from pixels is a complex problem addressed by 
various methods, categorized as either stepwise or simultaneous (Li 
et al., 2013; Ru et al., 2023). Stepwise methods, such as single-channel 
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(Ottlé and Vidal-Madjar, 1992), multi-channel (McMillin, 1975; Zheng 
et al., 2019), and multi-angle methods (Sobrino and Romaguera, 2004), 
determine LSE first and then retrieve LST using the determined LSE. 
These methods can introduce significant errors in the retrieved LST 
when the error in LSE is substantial. Simultaneous methods, such as the 
gray body method (Barducci and Pippi, 1996), the temperature and 
emissivity separation (TES) method (Gillespie et al., 1998), the two- 
temperature method (TTM) (Watson, 1992), and the physics-based 
day/night operational method (Wan and Li, 1997), retrieve both tem
perature and emissivity simultaneously (Liu et al., 2022; Wan and Li, 
1997). These methods generally yield higher temperature and emissivity 
retrieval accuracy than stepwise methods.

However, the accuracy of these temperature and emissivity data 
considerably decreases in heterogeneous scenes (Hu et al., 2022). 
Indeed, the methods assume pure, isothermal, and flat pixels, which is 
challenging in Thermal Infrared (TIR) images of urban areas due to their 
coarse spatial resolutions (Zhen et al., 2022) and high heterogeneity (Ru 
et al., 2023). For example, Advanced Spaceborne Thermal Emission and 
Reflection Radiometer (ASTER) LSE products often exhibit step dis
continuities (Gustafson et al., 2006; Pivovarník et al., 2016). Unmixing 
component temperature and emissivity maps from satellite radiance 
images is a valuable yet challenging task due to factors such as ambig
uous definitions of pixel and component emissivity (Cao et al., 2019; 
Norman and Becker, 1995), temperature within mixed pixels (Roupioz 
et al., 2023), emissivity directionality (Li et al., 2000), and uncertainties 
due to the unmixing process (Li et al., 1999; Li et al., 2001).

Various methodologies have been proposed to unmix component 
temperatures of soil-vegetation mixed pixels. Depending on their 
mathematical bases, they are classified as either empirical or physical 
unmixing models (Liu et al., 2020). Alternatively, depending on their 
data sources, they are categorized into single-source and multi-source 
models (Liu et al., 2025). Early investigations predominantly utilize 
single-source empirical/semi-empirical models, whereas more recent 
studies have increasingly adopted multi-source physical approaches (Liu 
et al., 2025; Liu et al., 2020).

A typical single-source empirical/semi-empirical model employs 
Bayesian inversion combined with spatial dependency analysis to 
extract temperature information from single-band thermal infrared im
agery (Zhan et al., 2010). Multi-source empirical/semi-empirical models 
often integrate the normalized difference vegetation index with bright
ness factors (Liu et al., 2012) or combine spatial (Markov random field) 
and temporal (Markov random chain) dependencies to unmix temper
ature (Kallel et al., 2012). However, these empirical/semi-empirical 
assumptions can obscure the inherent heterogeneity of land surfaces 
(Liu et al., 2020).

Common single-source physical models comprise multi-angle (Bian 
et al., 2016; Li et al., 2001), multi-channel (Xie et al., 2016), multi-pixel 
(Song et al., 2015), and multi-temporal methods (Zhao et al., 2014). The 
literature (Zhan et al., 2013) details the advantages and limitations of 
each approach. While these models effectively exploit the unique 
strengths of their respective data types and are relatively simple to 
implement, their reliance on a single data source can constrain their 
ability to capture the full complexity of surface temperature variations. 
Moreover, they depend on inherent limitations of satellite data, such as 
cloud interference (Liu et al., 2025). Common multi-source physical 
models integrate temporal and spatial information or utilize multi-angle 
and multi-pixel techniques (Bian et al., 2020; Liu et al., 2020) for 
thermal unmixing. The temporal and spatial approach combines tem
poral and spatial data using a diurnal temperature cycle model paired 
with a spatial sliding window (Liu et al., 2020). The multi-angle and 
multi-pixel method employs dual-angle observations alongside multi- 
pixel information to reduce spatial mismatches (Bian et al., 2020). 
Multi-source physical models enhance both accuracy and practicality, 
mitigating some limitations inherent to single-type methods. However, 
due to the reliance on satellite data, trade-offs between spatial and 
temporal resolution remain, and challenges such as cloud cover and 
other remote sensing limitations cannot be entirely overcome (Liu et al., 
2025).

The state-of-the-art methodology relies on multi-source data fusion 
principles (Ding et al., 2023), which synergistically integrates the 
inherent strengths of empirical/semi-empirical frameworks with phys
ical models to establish sophisticated multi-source hybrid models. The 
multi-source data fusion-based global surface soil and vegetation tem
perature retrieval method (FuSVeT) (Liu et al., 2025) is a representative 
example. It includes methodological innovation by incorporating 
physically-based models, such as the diurnal temperature cycle model, 
to characterize temporal temperature fluctuations and systematically 
reduce parameterization uncertainties. It uses diverse empirical data 
streams, including MOderate Resolution Imaging Spectroradiometer 
(MODIS) satellite observations and European Centre for Medium-range 
Weather Forecasts reanalysis 5th generation (ERA5)-Land datasets. This 
greatly improves the spatial coverage and temporal resolution of results. 
However, these methods often only consider soil and vegetation, 
limiting their applications in multi-component analysis.

Several unmixing methods have been proposed to separate compo
nent temperature and emissivity in urban areas characterized by the 
presence of multiple constituents (Cubero-Castan et al., 2014; Granero- 
Belinchon et al., 2020). For example, the Thermal Remote Sensing 
Unmixing for Subpixel Temperature (TRUST) method estimates intra
pixel abundances and component temperatures in straightforward sce
narios, such as three-material roofs (Cubero-Castan et al., 2014). Its 
multitemporal variant, TRUST Day and Night Synergy (TRUST-DNS), 
reduces the algorithm’s requirements for spatial and spectral resolution 
by using day and night image pairs (Granero-Belinchon et al., 2020). 
However, their linear unmixing models inadequately address the mul
tiple scattering phenomena resulting from heterogeneous land cover 
interactions. Additionally, they struggle to simultaneously separate 
temperature and emissivity due to the assumption of spatially constant 
component emissivity. Simultaneously retrieving component tempera
ture and emissivity is crucial (Mitraka et al., 2012) as an error on 
emissivity of 0.01 leads to an error on the LST of around 0.6 K (Jiménez- 
Muñoz and Sobrino, 2003). A recent study (Chen et al., 2021) used 
nonlinear unmixing techniques that consider geometric effects by using 
the sky view factor (i.e., a ratio of radiation received by a planar surface 
from the sky to that received from the entire hemispheric radiating 
environment). However, this method provides urban flat surface tem
perature and emissivity, not an unmixing.

3D radiative transfer models, together with the growing availability 
of 3D urban mock-up, offer a great potential for TIR unmixing. Note that 
abundance can be inaccurate as highly emitting objects, even small, can 
greatly dominate the radiance of a mixed pixel (Bioucas-Dias et al., 

Table 1 
Mathematical variables and corresponding meanings.

Abbreviation Full name

c The speed of light
h Planck constant
k Boltzmann constant
i Component
I Total number of components
λ Wavelength
Λ Total number of bands
ε Pixel emissivity
εi Emissivity of component i
T Pixel temperature
Ti Temperature of component i
Lλ At-surface radiances
Eλ Downwelling sky irradiance
j Iteration
J Total number of iterations
Bλ Planck’s function
Si Fraction of component i in a mixed pixel
Gj

T,i,λ Temperature gradient of component i
Gj

ε,i,λ Emissivity gradient of component i
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2012). The 3D urban mock-up can identify the types of endmembers in a 
pixel, and the spectral gradient calculated by 3D radiative transfer can 
replace the abundance to represent the radiance contribution percent
age. For instance, based on the nonlinear unmixing method, the Discrete 
Anisotropic Radiative Transfer (DART) calibration method (Landier 
et al., 2018) and Unmixing Spectral (US)-DART (Zhen et al., 2025) 
successfully retrieve component optical properties of urban and vege
tation areas (Zhen et al., 2021). However, they cannot retrieve compo
nent emissivity and temperature in the long waves.

Here, we propose a comprehensive physically-based multi-source 
multi-pixel TIR nonlinear unmixing method that combines remote 
sensing physics, geostatistics, computer graphics, and gradient-based 
learning: the Thermal Remote sensing Unmixing for Subpixel Temper
ature and emissivity with DART (TRUST-DART). Compared to existing 
TIR unmixing models, it allows a simultaneous retrieval of component 
temperature and emissivity, and applications in multi-component 
analysis (i.e., more than soil and vegetation components). Its accuracy 
is evaluated using two types of scenes (vegetation and urban) and im
ages (ASTER images and pseudo-ASTER images simulated by DART). 
Table 1 presents the mathematical variables and their definitions used 
here. The contributions of this work are summarized as follows: 

▪ A novel method named TRUST-DART simultaneously separates 
the component temperature and emissivity of non-isothermal 
mixed pixels.

▪ TRUST-DART unmix urban scenes that contain multi- 
components rather than only soil-vegetation mixed scenes.

▪ TRUST-DART is a gradient-based nonlinear physically unmix
ing method that propagates gradients among physical 
parameters.

2. Methodology and data

Section 2.1 presents necessary knowledge of the DART model. Sec
tion 2.2 presents the theoretical framework and associated formulas of 
the TRUST-DART. Section 2.3 presents the experimental data for accu
racy assessments.

2.1. DART model

DART (Gastellu-Etchegorry, 2008; Gastellu-Etchegorry et al., 2017; 

Gastellu-Etchegorry et al., 2015; Gastellu-Etchegorry et al., 2016) is a 
robust physics-based 3D Earth-atmosphere radiative transfer model, 
from the visible to thermal infrared domains. It simulates remote sensing 
images of urban and natural landscapes with topography accurately and 
efficiently. Landscapes are 3D arrays of facets (triangles), fluids (e.g., 
atmosphere/smoke), and turbid volumes (e.g., vegetation). Turbid vol
umes have infinitely small facets with Lambertian/non-Lambertian op
tical properties. DART can import complex landscapes (e.g., forest/ 
urban 3D mock-up) for detailed geometry, including vegetation and 
water bodies. Developed at the Centre for Space Studies of the Biosphere 
(CESBIO) since 1992 and patented in 2003, DART is available for non- 
commercial academic and research use (https://dart.omp.eu).

DART serves as a vital tool for exploring mixing and unmixing pro
cesses. Since 2018, DART involves a so-called Lux mode that in
corporates a Monte Carlo differentiable radiative transfer framework 
(Wang et al., 2024b), which improves simulation efficiency and allows 
the calculation of radiance gradients. Here, DART was used to generate 
pseudo-ASTER images (i.e., Lλ and Eλ), providing test data for evaluating 
the accuracy of TRUST-DART. DART was also used to calculate both the 
component fraction and the gradient for unmixing.

2.2. Thermal remote sensing unmixing for subpixel temperature and 
emissivity: TRUST-DART

TRUST-DART is an iterative optimization algorithm that simulta
neously separates component temperature and emissivity over non- 
isothermal mixed pixels using multispectral TIR images. It necessitates 
several input parameters, including a tagged (used to determine the 
number of components per pixel) 3D urban mock-up, a satellite at- 
surface radiance image Lsat,λ, downwelling sky irradiance Eλ, and other 
common DART input parameters (e.g., spatial resolution and skylight 
ratio). Its optional parameters include LSE and LST maps. If these 
optional inputs are unavailable, the algorithm retrieves LSE and LST 
using the TES method from Lsat,λ and Eλ. Its outputs include the 
component emissivity εi,λ and temperature Ti maps.

TRUST-DART consists of a core gradient iteration (GI) module that 
uses two auxiliary modules: pure pixel selection (PPS) and spectral 
correlation (SC) (Fig. 1). The PPS module determines the initial emis
sivity (εPPS

i,λ ) and temperature (TPPS
i ) of each component. These initial 

values are refined by the GI module, which iteratively optimizes 
component emissivity (εGI

i,λ) and temperature (TGI
i ). The SC module is run 

Fig. 1. Algorithm flow chart: input, intermediate, and output parameters (rounded rectangles), processes (square corner rectangles), decision (rhombus). j: current 
iteration. J: maximum iteration. Lsat,λ: satellite at-surface radiance image. Lj

DART,λ: DART simulated radiance image at wavelength λ at iteration j. εj
i,λ: emissivity of 

component i at wavelength λ at iteration j. Tj
i : temperature of component i at iteration j. PPS: pure pixel selection. GI: gradient iteration. SC: spectral correlation. LST: 

land surface temperature. LSE: land surface emissivity.
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at the end of each module or each iteration of GI to correct erroneous 
pixels using pre-defined SC rules.

The GI module refines the initial values (εPPS
i,λ and TPPS

i ) through an 
iterative approach using temperature and emissivity gradients. These 
gradients are determined by differentiating the temperature and emis
sivity terms of the radiative transfer equation. For a flat mixed pixel with 
I components, the at-surface radiances (Lλ) is 

Lλ =
∑I

i
Si⋅

[

εi,λBλ(Ti) +
(
1 − εi,λ

)Eλ

π

]

(1) 

where i is component, λ is wavelength, Eλ is the downwelling sky irra
diance, εi,λ is component emissivity, Ti is component temperature, Si is 
component fraction, Bλ(Ti) is Planck’s function, which is 

Bλ(Ti) =
2c2h

λ5
(

e
h⋅c

λ⋅k⋅Ti − 1
) (2) 

with Planck constant h ≈ 6.63× 10− 34 J⋅s, Boltzmann constant k ≈

1.3807× 10− 23 J⋅K− 1, the speed of light c ≈ 2.9979× 108 m⋅s− 1.
The gradient Gj

T,i,λ of radiance relative to temperature is 

Gj
T,i,λ =

∂Lj
λ

∂Ti
=

2Sic3 εj
i,λh

2e
ch

kTj
i λ

k
(

Tj
i

)2
λ6e

2ch
kTj

i λ − 2k
(

Tj
i

)2
λ6e

ch
kTj

i λ + k
(

Tj
i

)2
λ6

(3) 

where j is iteration in the GI module. Similarly, the gradient Gj
ε,i,λ of 

radiance relative to the emissivity is 

Gj
ε,i,λ =

∂Lj
λ

∂εi,λ
= Si

⎡

⎢
⎢
⎣

2c2h

λ5
(

e
ch

kTj
i λ − 1

) −
Eλ

π

⎤

⎥
⎥
⎦ (4) 

DART can simulate Gj
T,i,λ and Gj

T,i,λ simultaneously in addition to the 
images of the considered 3D landscape. In the inversion algorithm, the 
DART-simulated radiance at iteration j + 1 is assessed as the sum of the 
current radiance with gradient-based adjustments. The differential 3D 
radiative transfer equation for thermal infrared is: 

Lj+1
DART,λ = Lj

DART,λ +
∑I

i=1

[
Gj

ε,i,λ⋅
(

εj+1
i,λ − εj

i,λ

) ]
+
∑I

i=1

[
Gj

T,i,λ⋅
(

Tj+1
i − Tj

i

) ]
(5) 

where Lj
DART,λ is the DART simulated radiance image at iteration j, Gj

ε,i,λ 

and Gj
T,i,λ are the emissivity and temperature gradients calculated by 

DART with εj
i,λ and Tj

i , ε
j+1
i,λ and εj

i,λ are the emissivity, and Tj+1
i and Tj

i are 
the temperatures at two consecutive iterations, j and j + 1.

Iteration continues until the simulated radiance converges to the 
satellite image radiance. Therefore, Eq. (5) is rewritten as: 

Lsat,λ = Lj
DART,λ +

∑I

i=1

[
Gj

ε,i,λ⋅
(

εj+1
i,λ − εj

i,λ

) ]
+
∑I

i=1

[
Gj

T,i,λ⋅
(

Tj+1
i − Tj

i

) ]
(6) 

In Eq. (6), Lsat,λ is from the satellite image, εj
i,λ and Tj

i are DART input 
parameters at the previous iteration (known parameter). For the first 
iteration (j = 1), the initial values are from the PPS module that de
termines pure pixels. Lj

DART,λ, G
j
ε,i,λ, G

j
T,i,λ are calculated by DART using 

radiative transfer. εj+1
i,λ and Tj+1

i are the unknowns. DART uses them at 
the next iteration. Therefore, each iteration uses the value from the j 
iteration to determine the unknown parameters at j + 1. This iterative 
process stops if the difference between Lj

DART,λ and Lsat,λ falls below a user- 
specified threshold or if the iteration number reaches a user-specified 
maximum value.

To address the underdetermined nature of the TIR equation system, a 

multi-pixel approach is used: identical components in adjacent pixels are 
assumed to have equal emissivity and temperature values. This 
approach increases the number of equations, ensuring a solvable system. 
For one pixel, the number of equations of Eq. (6) is the number of bands 
Λ (e.g., Λ = 5 for ASTER). The number of unknowns depends on Λ and the 
number of elements I. It is Λ × I (emissivity) + I (temperature), which is 
much smaller than the number of equations, leading to possible 
underdetermination (i.e., an infinite number of solutions). The multi- 
pixel method is used to increase the number of equations, by assuming 
that the same components i in adjacent pixels share identical Tj+1

i and 
εj+1

i,λ per band. Thus, if an analysis window has M pixels, the total number 
of equations in the system is M × Λ. The full equation system is: 

⎡

⎢
⎢
⎣

Lsat,λ(1)

…

Lsat,Λ(1)
…

Lsat,Λ(M)

⎤

⎥
⎥
⎦ =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

Lj
DART,λ(1)

…
Lj

DART,Λ(1)
…

Lj
DART,Λ(M)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

−

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

∑I

i=1

[
Gj

ε,i,λ(1)⋅ε
j
i,λ(1) + Gj

T,i,λ(1)⋅T
j
i(1)

]

…
∑I

i=1

[
Gj

ε,i,Λ(1).ε
j
i,Λ(1) + Gj

T,i,Λ(1).T
j
i(1)

]

…
∑I

i=1

[
Gj

ε,i,Λ(M).εj
i,Λ(M) + Gj

T,i,Λ(M).Tj
i(M)

]

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

+

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

Gj
T,1,λ(1) ... Gj

T,I,λ(1) Gj
ε,1,λ(1) ... Gj

ε,I,λ(1)
... ... ... ... ... ...

Gj
T,1,Λ(1) ... Gj

T,I,Λ(1) Gj
ε,1,Λ(1) ... Gj

ε,I,Λ(1)
... ... ... ... ... ...

Gj
T,1,Λ(M) ... Gj

T,I,Λ(M) Gj
ε,1,Λ(M) ... Gj

ε,I,Λ(M)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

.

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

Tj+1
1

(
β
)

…

Tj+1
I

(
β
)

εj+1
1,α

(
β
)

...

εj+1
I,α

(
β
)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(7) 

where α∈{λ,Λ} and β∈{1,M}. To solve this equation system, M × Λ 
must be larger than (Λ + 1) × I. Therefore, the size and shape of each 
window can be customized based on the number of components and 
spatial distribution pattern to get a well-conditioned equation system. 
The window size is determined using several factors. First, the window 
must satisfy the underlying assumption that component temperatures 
are equal within it. Second, the size must accommodate the number of 
components present in the mock-up. From a mathematical perspective, 
the window size M must be sufficiently large to encompass enough pixels 
for solving the equation system. However, from a physical standpoint, M 
should remain small enough to maintain the validity of uniform 
component temperature and emissivity within the window. Given that 
both the satellite’s spatial resolution and the distribution of components 
within pixels are fixed, our approach prioritizes smaller windows to 
meet the physical assumption. For more complex cases where pixels 
contain many components, the algorithm progressively expands the 
window size to ensure solution feasibility. Not all pixels are solvable at 
one window shape, and unresolved pixels are revisited when the next 
processing window passes through, and a median filter is applied to fill 
gaps in the emissivity and temperature maps.
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When solving the equation system, the results εPPS
i,λ and TPPS

i of the 

PPS module (or previous iteration results εj
i,λ and Tj

i of the GI module) are 
used as the initial values, and constraint conditions are applied to limit 
the boundary of the solved εj

i,λ and Tj
i to restrain the generated noises and 

keep good spatial coherence. Boundary constraints are commonly used 
in equation system solving to separate the component temperature of 
vegetation and soil (Liu et al., 2020). Here these conditions are set as (1 

± threshold of emissivity) × εj
i,λ and (1 ± threshold of temperature) × Tj

i . 

In the case of remote sensing images without any noise (i.e., DART 
simulated remote sensing images), the boundary constraints can be set 
very wide or even without the boundary. For the ASTER image, inac
curacies (e.g., arising from co-registration, atmosphere, and city 
modeling) cause errors in calculating emissivity and temperature gra
dients, necessitating a boundary to reduce noise. Typically, narrower 
boundaries are needed if these inaccuracies are high. In our experiment, 
thresholds of 1.5 % for emissivity and 0.5 % for temperature yield better 
results.

The PPS module identifies pure pixels to provide the initial values of 
emissivity εPPS

i,λ and temperature TPPS
i from LSE and LST maps for the GI 

module. If not available, the LSE and LST maps are estimated using the 
TES method (Gillespie et al., 1998). The DART model calculates the Si 
per pixel using the city mock-up and typical properties from DART 
database, and pure pixels are selected using a threshold, initially set at 
0.9 and gradually reduced to 0.1 in increments of 0.1 if necessary. This 
process can provide many pure pixels, for example in very high spatial 
resolution images. Then, to mitigate co-registration discrepancies be
tween the city mock-up and the satellite image, an erosion process can 
eliminate the boundaries of the zones of pure pixels. If no pure pixels are 
identified, the user selects emissivity and temperature values from the 
DART database. If pixels are identified as pure, their LST and LSE are 
assigned to the mixed pixels of the corresponding component type. The 
values of εPPS

i,λ and TPPS
i of mixed pixels are set to those of their nearest (in 

terms of Euclidean distance) pure pixel, ensuring spatial continuity. For 
that, a growing neighborhood is used. If the neighborhood of a mixed 
pixel contains several pure pixels, the median value of these pure pixels 
is used. The PPS module is crucial for initialization because LST retrieval 
error significantly affects component temperature separation (Liu et al., 
2020). The derived values not only initiate iterative refinement but also 
inform land cover gradient calculations.

The SC module corrects erroneous pixels in the emissivity and tem
perature maps by applying user-defined optical and thermal rules. These 
rules, which function like band operations, support arithmetic operators 
(+, − , ×, /), relational operators (>, ≥, <, ≤), and logical operators (&, 
|) with the option to modify precedence using parentheses. Emissivity 
comparisons are between bands within a component, whereas temper
ature comparisons are across different components (e.g., water generally 
has a lower temperature than ground in the day and a higher tempera
ture at night). Pixels that violate these rules are removed and replaced 
using a median filter. This filter is chosen for its ability to preserve edge 
features, reduce noise, and provide robust, minimally biased estimates 
for missing values. Preliminary analysis showed that, given the inherent 
noise from uncontrolled variables (e.g., 3D mock-up, co-registration 
errors, and atmosphere effect), the median filter outperforms the mean 
filter, aligning with previous research (Hyndman and Koehler, 2006; 
Mitraka et al., 2012) that favors median-based approaches for asym
metric error distributions in landscape studies.

2.3. Data

Section 2.3.1 presents the study areas and their corresponding 3D 
mock-up. Section 2.3.2 presents the in situ measured water body tem
perature and the distribution of the sampling points. Section 2.3.3 pre
sents the optical and temperature properties assigned per component of 

the 3D mock-up. Section 2.3.4 presents the optical satellite images and 
their preprocessing.

2.3.1. Scene 3D mock-up
Two kinds of scenes, including vegetation and urban, were used to 

validate TRUST-DART.

2.3.1.1. Vegetation 3D mock-up. Two vegetation scenes, one maize 
scene and one sparsely distributed tree scene, were used. The maize 
scene, spanning 30 m × 20 m with a spatial resolution of 1 m, includes 
three homogeneous maize canopies and three flat bare ground. Each 
canopy covers an area of 10 m × 10 m and represents a different 
developmental phase (Fig. 2). As the phases advance, both the leaf area 
index (LAI) and the vegetation height increase. The LAI rises from 0.95 
to 5.00, while the height increases from 0.55 m to 1.95 m. Two leaf angle 
distribution (LAD) types, spherical and plagiophile, were used to ac
count for a broad spectrum of scenarios. These parameters were set in 
line with the literature (Duthoit et al., 2008) to simulate a homogeneous 
maize canopy at three growth stages using DART. The LAIs are specified 
per vegetation plot.

The RAMI scenario (RAMI5, 2021) was used to consider a scene with 
sparsely distributed trees (Fig. 3). It corresponds to the Kruger National 
Park (KNP), South Africa, within two long-term fire ecology experi
mental plots at Skukuza (25.1097◦S, 31.4172◦E) and Pretoriuskop 
(25.1639◦S, 31.2340◦E) (Van Wilgen et al., 2004). These plots encom
pass an arid heterogeneous savanna ecosystem characterized by an 
overstory tree layer and an understory grass layer. The vegetation at the 
Skukuza plots is primarily composed of shallow-rooted deciduous 
Combretum species, including red bushwillow, russet bushwillow, and 

Fig. 2. The 3D mock-up of the maize scene. The scene consists of adjacent 
vegetation plots and bare ground. The geometric parameters of the canopies 
refer to the three development phases of the maize canopy. The leaf area index 
(LAI) is defined for each vegetation plot rather than the entire scene. LAD: leaf 
angle distribution. H: canopy height. Δr: spatial resolution.

Fig. 3. The 3D mock-up of the arid area distributed trees from RAMI scenario 
(HET50_SAV_PRE). The scene is created based on Kruger National Park (KNP), 
South Africa. These plots encompass an arid heterogeneous savanna ecosystem 
characterized by an overstory tree layer and an understory grass layer.
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mixed bushwillow. The understory consists predominantly of grasses 
(Disney et al., 2011).

Detailed in situ measurements of tree height, diameter at breast 
height (DBH), crown size, and LAI were used to get a realistic 3D mock- 
up of trees and grasses to simulate the 100 × 100 m savanna scene. The 
tree spatial distribution follows a predefined density distribution 
derived from field observations. Additionally, standing and fallen tree 
structures were incorporated to reflect the natural variability observed 
in the field. The understory grass layer is represented using cylindrical 
objects of varying lengths to balance computational efficiency with 
structural realism. Given the extensive grass cover, approximately 
200,000 individual grass plants are distributed randomly over the 1 ha 
plot. These mock-ups were designed to approximate the scattering and 
transmission characteristics of real grass canopies.

2.3.1.2. Urban 3D mock-up. Two European cities were used, Basel in 
Switzerland and Brussels in Belgium. Each city has unique topographies 
influencing urban architecture, and consequently their energy balance.

Situated in the far north of Switzerland, Basel is nestled among hills 
and mountains in the Rhine Valley (Fig. 4). It is located at 47◦ 33′ 17″ N, 
7◦ 35′ 26″ E, around 300 m above sea level. It experiences a moderately 
continental climate, with cold winters and warm summers (Zhen et al., 
2022). The average temperature varies from 2.3 ◦C in January to 20.3 ◦C 
in July. The city receives approximately 850 mm of annual precipita
tion, with May being the wettest month and February the driest. The UHI 
effect in Basel has an average nocturnal heat island intensity of 
approximately 2 ◦C, peaking at 5.3 ◦C (Wicki et al., 2018). The 3D city 
mock-up (Landier, 2018; Landier et al., 2018) was initially created with 
four land-cover types (ground, water, buildings, and vegetation) for 
assessing the urban anthropogenic heat flux from Earth observation 
satellites in the URBan ANthrpogenic heat FLUX from Earth observation 
Satellites (URBANFLUXES) project (Chrysoulakis et al., 2018). The 
location and geometric structure of all urban components, including the 
local digital elevation model (DEM), are from local urban databases. 
Tree location, height, and crown dimensions are from measurements. 

Here, DART simulates trunks as regular octahedrons and crowns as 
ellipsoidal volumes filled homogeneously with small triangles to mimic 
the so-called turbid medium (i.e., an infinite number of infinitely small 
facets with a statistical angular orientation) commonly used in modeling 
works for remote sensing studies. However, due to administrative issues, 
tree and building data at the left bottom corner (around 47◦ 32′ 25″ N, 7◦

34′ 0″ E) are unavailable. The final 3D mock-up covers ~5 km × ~5 km 
with over 78,000 trees. More detailed information on the urban mock-up 
is given by (Landier, 2018; Zhen et al., 2021).

Brussels is located on a plateau crisscrossed by numerous rivers and 
valleys, in the north-central part of Belgium, approximately 180 km 
from the country’s southern tip (Fig. 5). Its geographical coordinates are 
50◦ 51′ 0″ N, 4◦ 21′ 0″ E, around 15 m above sea level. It has a temperate 
climate with four distinct seasons. Temperatures are relatively mild 
year-round, with the average low at 1 ◦C in winter and peaking at 23 ◦C 
in summer. Its mean UHI intensity is 3.22 ◦C, with heat wave days in the 
city increasing at double the rate of rural areas (Lauwaet et al., 2016). 
The 3D geometry of Brussels, sourced from Urbis (https://datastore.br 
ussels/web/urbis-download), was converted to OBJ format and 
merged into a single file. Defaults in the 3D mock-up (e.g., misclassified 
roofs and DEM holes) were rectified with Python scripts and Blender 
software. The mock-up was converted from the national geo-reference 
system (EPSG:31370) to the international system (EPSG:32631). The 
final mock-up covers ~16.5 km × ~16.5 km with over 100 million 
triangles. It was supplemented with tree geometry data from Vrije 
Universiteit Brussel, detailing over 1.4 million trees. However, due to 
administrative issues, tree data for three small areas (around 4.366◦E, 
50.887◦N; 4.324◦E, 50.865◦N; and 4.458◦E, 50.848◦N) are unavailable.

2.3.2. In situ measured water temperature
Field measured water temperature was obtained from HYDRIA (htt 

ps://hydria.be/fr/carte-interactive-des-sites/), a public limited com
pany, responsible for the collection and treatment of wastewater from 
the Senne basin. We carefully checked all the data and found 5 stations 
(Senne OUT, Senne Elia, Canal Béco, Senne Vétérinaire, Senne Viangros 

Fig. 4. The study area of Basel. (a) Moderate Resolution Imaging Spectroradiometer (MODIS) land-cover type yearly map in Switzerland. (b) 3D mock-up of Basel. 
Blue: water; green: vegetation; yellow: ground; black: buildings. (c) The true RGB composites of PlanetScope image of Basel. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 5. The study area of Brussels. (a) Moderate Resolution Imaging Spectroradiometer (MODIS) land-cover type yearly map in Belgium. (b) 3D mock-up of Brussels. 
Blue: water; green: vegetation; yellow: ground; black: buildings. (c) The true RGB composites of PlanetScope image of Brussels. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)
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IN) that measured water body temperature (Table 2). Based on the 
available dates of the measured data and ASTER transit time, we 
selected the temperature data at April 7, 2024 12:18:40 Central Euro
pean Summer Time (CEST), Coordinated Universal Time (UTC) + 2. 
Then, the ASTER data (ID: 00304072024101840) was input into TRUST- 
DART, and its outputs were compared with measured water temperature 
for accuracy assessment.

2.3.3. Optical and temperature properties
To assess the accuracy of TRUST-DART, we simulated with DART a 

pseudo-ASTER image. We used optical and temperature properties 
(Table 3) from the ASTER or DART spectral databases (Zhen et al., 2022) 
that we resampled using the ASTER spectral response function. The hour 
being the time of day, ground has the highest temperature, followed by 
vegetation and buildings, followed by water, with a reasonable tem
perature difference between soil and vegetation (Jiang et al., 2024; Liu 
et al., 2020). To align with TRUST-DART’s assumption that identical 
components in a sampling window have the same properties, optical and 
temperature properties are spatially invariant for each component. This 
avoids complications such as two temperature values per component 
depending on if it is sunlit or shaded, and simplifies error calculations.

2.3.4. Satellite data and preprocessing
This study employed satellite images from the ASTER and Ecosystem 

Spaceborne Thermal Radiometer Experiment on the Space Station 
(ECOSTRESS). ASTER, a multispectral imaging instrument developed 
jointly by Japan’s METI and NASA, was launched aboard NASA’s Terra 
satellite in 1999. It provides high spatial resolution data across VNIR, 
SWIR, and TIR wavelengths. It has five TIR spectral bands from 8.125 
μm to 11.65 μm with a spatial resolution of 90 m. Each image covers a 
60 × 60 km2 area. Its sun-synchronous orbit allows a nominal repeat 
cycle of 16 days. We used 3 ASTER TIR products: surface radiance (L2), 
kinetic temperature (L2), and emissivity (L2) (Abrams et al., 2002).

ECOSTRESS is an ongoing International Space Station (ISS) experi
ment that measures TIR radiance in five spectral bands from 8 to 12 μm 
at a resolution of 70 m. Each image covers approximately a 400 × 400 
km2 area. Launched in mid-2018, it initially operated in five-band mode, 
but the 8.285 μm and 9.060 μm bands contain fill values from May 2019 
to May 2023; full five-band operations resumed thereafter. Its products 
include top-of-atmosphere radiance, cloud masks, LST, and LSE prod
ucts. In contrast to ASTER, ECOSTRESS does not provide surface radi
ance products directly to the users. Table 4 shows the ASTER and 

ECOSTRESS central wavelengths, spectral bandwidths, and spatial 
resolutions.

The ASTER images were treated by TRUST-DART, while ECOSTRESS 
images were used for auxiliary comparisons. For example, ECOSTRESS 
LSE was compared with the retrieved component emissivity maps, and 
ECOSTRESS LST was used to analyze the LST in the Brussels area, to 
confirm that apparent anomalies were not sensor artifacts. Basel and 
Brussels ASTER and ECOSTRESS images were meticulously selected to 
ensure a minimal time gap between them. During this selection process, 
priority was given to the availability of all five bands of ECOSTRESS and 
to minimizing the interval between ECOSTRESS and ASTER. This 
strategy was implemented to ensure that the emissivity of the compo
nents did not undergo significant variations over a brief period.

For Basel, the ASTER image (ID: 00309192018211) was acquired on 
September 19, 2018, at 21:19:43 UTC, while its ECOSTRESS image (ID: 
01139_009_20180918T020025_0601) was acquired on September 18, 
2018, at 02:00:25 UTC. Their time difference is ≈43.32 h. For Brussels, 
the ASTER image (ID: 0030926201821264) is from September 26, 2018, 
at 21:26:43 UTC, while its ECOSTRESS image (ID: 
01275_002_20180926T194920_0601) is from the same day at 19:49:20 
UTC, which corresponds to a time difference ≈1.62 h (Table 5). Figs. 7 
and 8 display the selected ASTER and ECOSTRESS images, respectively.

The preprocessing procedure involved data reprojection and co- 
registration. To mitigate the impact of resampling on image spectral 
quality, we reprojected the urban mock-ups to their respective satellite 
coordinates, specifically World Geodetic System (WGS) 1984 Universal 
Transverse Mercator (UTM) Zone 32 N for Basel and WGS 1984 UTM 
Zone 31 N for Brussels. For the co-registration process between the 
ASTER and DART images, we used the Geoscience Extended Flow Op
tical Lucas-Kanade Iterative (GeFolki) software (Brigot et al., 2016; 
Plyer et al., 2015) of the French Aerospace Lab (ONERA) (https://github 
.com/aplyer/gefolki). This software claims a theoretical geometric ac
curacy of 0.1 pixels.

3. Application and accuracy assessment of TRUST-DART

We evaluated the accuracy of TRUST-DART using vegetation and 
urban scenes. Section 3.1 presents two vegetation applications and ac
curacy assessments. Section 3.2 presents two urban applications and 
accuracy assessments.

3.1. Application on vegetation scenes

Two pseudo-satellite vegetation images (i.e., maize and forest), 
simulated by DART, were used to evaluate the accuracy of TRUST-DART 
on vegetation. Section 3.1.1 presents visual comparisons at the inversion 
final iteration, and Section 3.1.2 presents the quantitative accuracy at 
each iteration.

3.1.1. Visual accuracy assessment
Fig. 9 shows RGB false colour composites of the retrieved ground and 

Table 2 
The coordinates (EPSG: 31370) and measured water temperature of the Brussels’ 
stations. Water body temperature is measured at April 7, 2024 12:18:40 (CEST, 
UTC + 2).

Site name X (m) Y (m) Temperature (℃)

Senne OUT 153,138.99971 177,763.00027 14.04
Senne Elia 150,758.96478 174,519.101605 13.78
Canal Béco 148,792.62956 172,710.74679 13.32
Senne Vétérinaire 147,265.78987 169,033.91732 14.04
Senne Viangros IN 145,351.38972 167,149.68173 13.77

Table 3 
Optical (ελ,i) and temperature (Ti) properties of each component i for the pseudo- 
ASTER image simulation. ελ,i are resampled to the spectral response function of 
the ASTER sensor.

Components Ti (K) ελ,i

8.3 μm 8.65 μm 9.1 μm 10.6 μm 11.3 μm

Vegetation 305.65 0.9726 0.9656 0.9573 0.9597 0.9628
Buildings 304.90 0.9545 0.9511 0.9455 0.9305 0.9307
Water 302.42 0.9830 0.9838 0.9850 0.9906 0.9904
Ground 311.65 0.9828 0.9822 0.9781 0.9703 0.9669

Table 4 
Thermal band spectral information of ASTER and ECOSTRESS. Data are from the 
USGS website (https://lpdaac.usgs.gov/data/get-started-data/collection-over 
view/missions/aster-overview/) and ECOSTRESS product specifications 
(Thomas and William, 2015). λ: central wavelength, Δλ: spectral bandwidth, Δr: 
spatial resolution.

ASTER ECOSTRESS

Bands λ (μm) Δλ (μm) Δr (m) Bands λ (μm) Δλ (μm) Δr (m)

B10 8.300 0.350 90 B1 8.285 0.340 70
B11 8.650 0.350 90 B2 8.785 0.350 70
B12 9.100 0.350 90 B3 9.060 0.360 70
B13 10.600 0.700 90 B4 10.522 0.540 70
B14 11.300 0.700 90 B5 12.001 0.520 70
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vegetation emissivity map of the maize scene. The ground emissivity 
map is generally uniform. At the initial growth period, the vegetated plot 
exhibits a colour nearly identical to the three bare ground plots. As the 
vegetation becomes denser (i.e., second and third growth periods), pixel 
colors significantly diverge from their surroundings. This suggests that 
retrieving emissivity and temperature from the ground under dense 
vegetation poses a challenge due to its weak signal.

Fig. 10 shows RGB false colour composites of the retrieved ground 
and vegetation emissivity map of the forest scene. The ground emissivity 
map is generally uniform; however, the colors of pixels with sparsely 
distributed trees differ slightly from the surrounding colors, suggesting 
that the architecture of tree canopy complicates the separation of tem
perature and emissivity process.

Fig. 11 shows the retrieved maps of ground and vegetation temper
atures of the homogeneous maize canopy. The unmixed component 
temperature maps for ground and vegetation are distinct, suggesting a 
feasible temperature separation between vegetation and ground. The 
retrieved temperature exhibits uniformity across the map, with a stan
dard deviation around 0.3 K and an interquartile range around 0.5 K for 
ground and around 0.1 K (standard deviation and interquartile range) 
for vegetation (Table 6). The temperature phenomena contradict 
established environmental patterns, as vegetation typically reduces soil 
temperature by intercepting solar radiation that would otherwise reach 
the ground directly. In our study with simulated data, soil and vegeta
tion temperatures were set as constant across the entire image. There
fore, the observed temperature differences between vegetated and bare 
soil areas can be attributed to limitations in our inversion algorithm. 
Analysis of the radiance image reveals that pixels at vegetation-bare soil 
interfaces exhibit higher radiance values compared to pixels in the 
center of bare soil areas, due to additional radiation reflected from 
adjacent vegetation. Consequently, when processed through the 
Temperature-Emissivity Separation (TES) method, these interface pixels 
yield higher Land Surface Temperature (LST) values. These pixels are 
subsequently classified as pure pixels, and their values are used as initial 
parameters for mixed pixels (soil under vegetation). Although iterative 
corrections are implemented to minimize these discrepancies, complete 
temperature uniformity is not achieved.

Fig. 12 shows the retrieved ground and vegetation temperature maps 
of the arid forest canopy. The unmixed component temperature maps of 
the ground and vegetation are distinct, indicating that temperature 
separation between vegetation and ground is feasible. The retrieved 
temperatures exhibit uniformity across the map, with the standard de
viation and interquartile range of soil temperature being almost 0.0 K, 
and the standard deviation and interquartile range of vegetation tem
perature being approximately 0.1 K (Table 7).

3.1.2. Quantitative accuracy assessment
TRUST-DART accuracy is quantitatively described using the absolute 

values of residual error. Two statistical parameters, median and mean 

error, are used to indicate error variation across iterations. For the maize 
scene (Fig. 13), although the median and mean errors of radiance and 
the median error of emissivity consistently decrease with iteration, the 
mean error of emissivity and median or mean error of temperature may 
decrease or increase (depending on the bands and components). One 
explanation is that due to weaker signals, the temperature and emis
sivity errors of those low-contribution components may increase with 
iteration, but their impact on the overall pixel radiance is relatively 
small.

Upon reaching the final iteration, the residual errors in radiance for 
each component are as follows: for the ground, the mean is 0.08 W/ 
(m2⋅sr), and the median is 0.08 W/(m2⋅sr); for vegetation, the mean is 
0.08 W/(m2⋅sr), and the median is 0.10 W/(m2⋅sr). The residual errors in 
emissivity for each component are: for the ground, the mean is 0.036 
with a median of 0.037; and for vegetation, the mean is 0.026 with a 
median of 0.002. The residual errors in temperature for each component 
are: for the ground, the mean is 1.7 K with a median of 1.8 K; for 
vegetation, the mean is 0.6 K, with a median of 0.6 K.

For the arid forest scene (Fig. 14), since the facets comprising the 
canopy and grassland dominate the scene, there are almost no pure 
pixels, and the gradient differences between pixels are minimal, adding 
challenges for multiple pixel methods. As a result, the differential 
radiative transfer equation has stronger linear correlations, making the 
efficiency of TRUST-DART weaker than in the maize scene, with 
convergence occurring earlier during iterations. Errors remain stable or 
decrease with iteration, except for the mean error of ground temperature 
that increases with iteration.

Upon reaching the final iteration, the residual errors in radiance for 
each component are as follows: for the ground, the mean is 0.05 W/ 
(m2⋅sr), and the median is 0.05 W/(m2⋅sr); for vegetation, the mean is 
0.05 W/(m2⋅sr), and the median is 0.05 W/(m2⋅sr). The residual errors in 
emissivity for each component are: for the ground, the mean is 0.036, 
and the median is 0.036; for vegetation, the mean is 0.020, and the 
median is 0.021. The residual errors in temperature for each component 
are: for the ground, the mean is 1.7 K, and the median is 1.7 K; for 
vegetation, the mean is 1.3 K, and the median is 1.3 K.

3.2. Application to urban scenes

TRUST-DART accuracy was evaluated using pseudo-ASTER images 
simulated by DART (see Section 3.2.1), ASTER images (see Section 
3.2.2), and in situ water body temperature measurements (see Section 
3.2.3).

3.2.1. Accuracy assessment with pseudo-ASTER images

3.2.1.1. Visual accuracy assessment. Figs. 15 and 16 show RGB false 
colour composites of the retrieved component emissivity for Basel and 
Brussels, respectively, showing distinct colors and good spatial 

Table 5 
Parameters of ASTER and ECOSTRESS imagery in Basel and Brussels.

Parameters Values

Study areas Basel Brussels
Satellite ASTER ECOSTRESS ASTER ECOSTRESS
ID 00309192018211943 01139_009_20180918T020025_0601 00309262018212643 01275_002_20180926T194920_0601
Date (UTC) 2018.09.19 21:19:43 2018.09.18 02:00:25 2018.09.26 21:26:43 2018.09.26 19:49:20

Table 6 
Temperature statistics of the maize scene. SD: standard deviation. IQR: inter
quartile range.

Elements Mean ± SD (K) Median ± IQR (K) Min – max (K)

Ground 310.0 ± 0.3 309.9 ± 0.5 309.6–310.5
Vegetation 306.2 ± 0.1 306.2 ± 0.1 306.0–306.5

Table 7 
Temperature statistics of the sparsely distributed trees scene. SD: standard de
viation. IQR: interquartile range.

Elements Mean ± SD (K) Median ± IQR (K) Min – max (K)

Ground 310.0 ± 0.0 310.0 ± 0.0 309.8–310.0
Vegetation 306.9 ± 0.1 306.9 ± 0.1 306.7–307.1
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consistency across all maps. Notably, vegetation has a weaker spatial 
consistency (Figs. 15c and 16c) than other components. Figs. 17 and 18
show the retrieved component temperatures for Basel and Brussels, with 
summary statistics in Tables 8 and 9, respectively, and the temperature 
maps also show distinct colors and consistent spatial patterns.

3.2.1.2. Quantitative accuracy assessment. The quantitative assessment 
of TRUST-DART accuracy is based on the absolute value of residual 
error, with error distribution across iterations characterized by median 
and mean values (Fig. 19 for Basel and Fig. 20 for Brussels). Radiance 
and most temperature errors decrease with iterations, while emissivity 
error varies. This mixed behavior is likely due to emissivity’s dual role in 
controlling both emitted and reflected radiance. Indeed, reducing 
emissivity decreases emitted radiance but increases reflected radiance, 
complicating its gradient calculation. Consequently, emissivity retrieval 
is more challenging than temperature retrieval, which depends solely on 
emitted radiance. For example, the study (Liu et al., 2020) already noted 
that emissivity is less sensitive in TIR unmixing, further complicating its 
retrieval.

For Basel, at the inversion final iteration, radiance residual errors for 
each component averaged over all bands are around 0.03 W/(m2⋅sr) 
(mean) and 0.03 W/(m2⋅sr) (median) for buildings, 0.03 W/(m2⋅sr) 
(mean) and 0.02 W/(m2⋅sr) (median) for ground, 0.03 W/(m2⋅sr) (mean) 
and 0.02 W/(m2⋅sr) (median) for vegetation, and 0.02 W/(m2⋅sr) (mean) 
and 0.01 W/(m2⋅sr) (median) for water. The emissivity residual errors 
for each component averaged over all bands are around 0.048 (mean) 
and 0.048 (median) for buildings, 0.012 (mean) and 0.012 (median) for 
ground, 0.019 (mean) and 0.018 (median) for vegetation, and 0.004 
(mean) and 0.001 (median) for water. The temperature residual errors 
for each component are 1.3 K (mean) and 1.3 K (median) for buildings, 
0.7 K (mean) and 0.7 K (median) for ground, 1.3 K (mean) and 1.3 K 
(median) for vegetation, and 0.1 K (mean) and 0.1 K (median) for water.

For Brussels, at the final iteration, the radiance residual errors for 
each component averaged over all bands are around 0.04 W/(m2⋅sr) 
(mean) and 0.03 W/(m2⋅sr) (median) for buildings, 0.04 W/(m2⋅sr) 
(mean) and 0.03 W/(m2⋅sr) (median) for ground, 0.04 W/(m2⋅sr) (mean) 
and 0.03 W/(m2⋅sr) (median) for vegetation, and 0.04 W/(m2⋅sr) (mean) 
and 0.01 W/(m2⋅sr) (median) for water. The emissivity residual errors 
for each component averaged over all bands are around 0.039 (mean) 
and 0.041 (median) for buildings, 0.012 (mean) and 0.006 (median) for 
ground, 0.021 (mean) and 0.013 (median) for vegetation, and 0.019 
(mean) and 0.010 (median) for water. The temperature residual errors 
for each component are 1.6 K (mean) and 1.6 K (median) for buildings, 
0.8 K (mean) and 0.7 K (median) for ground, 1.6 K (mean) and 1.6 K 
(median) for vegetation, and 0.3 K (mean) and 0.1 K (median) for water.

3.2.2. Accuracy assessment with ASTER image

3.2.2.1. Visual accuracy assessment. Figs. 21 and 22 show RGB false 
colour composites of the ASTER and DART images for Basel and Brus
sels, simulated using temperature and emissivity from TRUST-DART. 
Although both images are similar, the DART image is sharper and 
more homogeneous with fewer dispersed dark or bright pixels. This is 
likely due to the sensor modulation transfer function effect and uncor
rected atmospheric effects in the ASTER image, as well as TRUST- 
DART’s assumption that the same components in a sampling window 
share identical emissivity and temperature.

Figs. 23 and 24 show RGB false composites of the Basel and Brussels 
component emissivity from ASTER, revealing highly homogeneous 
maps that align with the geostatistical view that similar components 
share comparable optical properties at close range. In contrast, vegeta
tion (notably in Basel) shows disconnected patch effects due to weak 
signals, indicating the challenge of emissivity retrieval. Although pre
vious studies (Gustafson et al., 2006; Hook, 2011) reported step dis
continuities in ASTER’s LSE products, the component emissivity maps 
from TRUST-DART are markedly more homogeneous, mitigating these 
discontinuities compared to TES-derived LST and LSE (Figs. 7 and 8).

Figs. 25 and 26 show the component temperatures of Basel and 
Brussels from the ASTER image, with summary statistics in Tables 10 
and 11. Water has the highest night-time temperatures (i.e., 294.8 K in 
Basel and 285.8 K in Brussels), owing to its superior specific heat ca
pacity. Additionally, downtown areas have higher temperatures than 
surrounding rural regions, confirming the reliability of the retrieved 
emissivity and temperature data.

We observe an unusual temperature pattern in Basel and Brussels. In 
Basel, vegetation is cooler than buildings, consistent with its lower 
thermal mass, higher evapotranspiration, and radiative cooling. In 
Brussels, however, nighttime ASTER and ECOSTRESS radiance images 
reveal that dense vegetation areas (especially in the southeast) have 
higher temperatures than downtown urban areas. Additional nighttime 
ASTER imagery confirms that forested regions consistently have higher 
radiance than urban areas. We interpret this phenomenon as region- 
specific, likely caused by cold-air pooling in Brussels’ low-lying down
town, where denser, colder air accumulates, and by the effect of the 
dense vegetation canopy acting as a thermal cover that reduces heat loss, 
in contrast to the wide urban street that promotes efficient radiative 
cooling.

3.2.2.2. Quantitative accuracy assessment. Fig. 27 shows the median and 
mean error variations over iterations for Basel images, while Fig. 28
shows the corresponding data for Brussels. Both cities display a consis
tent decrease in errors across all bands over iterations. Longer 

Table 8 
Summary statistics of the retrieved temperature (K) of the pseudo-ASTER Basel 
image. SD: standard deviation. IQR: interquartile range.

Elements Mean ± SD (K) Median ± IQR (K) Min – max (K)

Ground 311.0 ± 0.2 311.0 ± 0.2 310.4–311.7
Building 303.6 ± 0.1 303.6 ± 0.1 302.9–304.0
Vegetation 307.0 ± 0.1 307.0 ± 0.2 306.5–307.2
Water 302.5 ± 0.2 302.5 ± 0.2 301.8–303.0

Table 9 
Summary statistics of the retrieved temperature (K) of the pseudo-ASTER 
Brussels image. SD: standard deviation. IQR: interquartile range.

Elements Mean ± SD (K) Median ± IQR (K) Min – max (K)

Ground 310.9 ± 0.2 310.9 ± 0.1 305.2–312.2
Building 303.3 ± 0.2 303.3 ± 0.2 302.2–304.6
Vegetation 307.2 ± 0.2 307.3 ± 0.1 305.7–307.8
Water 302.5 ± 0.3 302.6 ± 0.4 301.2–303.2

Table 10 
Summary statistics of temperature (K) of Basel ASTER image. SD: standard de
viation. IQR: interquartile range.

Elements Mean ± SD (K) Median ± IQR (K) Min – max (K)

Ground 293.3 ± 0.6 293.4 ± 0.8 291.1–294.8
Building 293.5 ± 0.4 293.6 ± 0.6 292.2–294.7
Vegetation 292.7 ± 0.2 292.7 ± 0.3 292.4–293.2
Water 294.8 ± 0.3 294.8 ± 0.5 293.7–295.7

Table 11 
Summary statistics of temperature (K) of Brussels ASTER image. SD: standard 
deviation. IQR: interquartile range.

Elements Mean ± SD (K) Median ± IQR (K) Min – max (K)

Ground 283.3 ± 0.6 283.5 ± 1.0 281.5–285.5
Building 282.0 ± 0.8 281.9 ± 1.3 279.0–284.3
Vegetation 283.7 ± 0.5 283.8 ± 0.9 282.9–286.7
Water 285.6 ± 1.2 285.6 ± 2.0 282.3–290.4
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wavelengths (10.6 μm and 11.3 μm) exhibit lower radiance errors, likely 
due to high atmospheric transmittance and stable emissivity (Tonooka, 
2005). Shorter wavelengths (8.3 μm, 8.65 μm, and 9.1 μm) show higher 
errors, attributed to silicate absorption and water vapor interference 
(Gillespie et al., 1998; Tonooka, 2005). Notably, these variations are 
absent in the simulated data, which reflect ideal experimental 

conditions.
At the final iteration for Basel, the average radiance residual errors 

over all bands are around 0.06 W/(m2⋅sr) (mean) and 0.03 W/(m2⋅sr) 
(median) for buildings, ground, and vegetation, and 0.09 W/(m2⋅sr) 
(mean) and 0.06 W/(m2⋅sr) (median) for water. For Brussels, the cor
responding values are around 0.18 W/(m2⋅sr) (mean) and 0.05 W/ 

Fig. 6. The location of the field sampling stations. In situ measured water temperature from five HYDRIA stations along Senne and Canal are used. The coordinates in 
the image are in Belgian Lambert 1972 (EPSG: 31370, unit: m). The base satellite images are from HYDRIA (https://hydria.be/fr/carte-interactive-des-sites/).

Fig. 7. The ASTER and ECOSTRESS images over Basel. The radiance image and emissivity map are false RGB compositions, and the temperature map is a single-band 
display. The RGB composite images are generated using the following spectral bands: Red (ASTER B14; ECOSTRESS B5) corresponding to wavelengths of 11.300 μm 
(ASTER) and 12.001 μm (ECOSTRESS), Green (ASTER B12; ECOSTRESS B3) corresponding to wavelengths of 9.100 μm (ASTER) and 9.060 μm (ECOSTRESS), and 
Blue (ASTER B10; ECOSTRESS B1) corresponding to wavelengths of 8.300 μm (ASTER) and 8.285 μm (ECOSTRESS). Owing to the orbital observation coverage, 
ECOSTRESS data misses a small part of the data at the right-bottom corner. The phenomenon of registration error is observed in ECOSTRESS images. (For inter
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 8. The ASTER and ECOSTRESS images over Brussels. Radiance image and emissivity maps are false RGB compositions, and the temperature map is a single-band 
display. The RGB composite images are generated using the following spectral bands: Red (ASTER B14; ECOSTRESS B5) corresponding to wavelengths of 11.300 μm 
(ASTER) and 12.001 μm (ECOSTRESS), Green (ASTER B12; ECOSTRESS B3) corresponding to wavelengths of 9.100 μm (ASTER) and 9.060 μm (ECOSTRESS), and 
Blue (ASTER B10; ECOSTRESS B1) corresponding to wavelengths of 8.300 μm (ASTER) and 8.285 μm (ECOSTRESS). The phenomenon of registration error is 
observed in ECOSTRESS images. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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(m2⋅sr) (median) for buildings, 0.26 W/(m2⋅sr) (mean) and 0.06 W/ 
(m2⋅sr) (median) for ground, 0.13 W/(m2⋅sr) (mean) and 0.07 W/(m2⋅sr) 
(median) for vegetation, and 0.35 W/(m2⋅sr) (mean) and 0.08 W/(m2⋅sr) 
(median) for water. The lower accuracies for water likely stem from the 

PPS module due to the TES method’s pure pixel requirement, though 
this had minimal impact given water’s limited presence and few mixed 
pixels in the urban area.

Fig. 9. The ground and vegetation emissivity maps of the maize scene using RGB false colour composition. (a) Ground emissivity. (b) Vegetation emissivity. The RGB 
images are composed using bands B14 (Red), B12 (Green), and B10 (Blue), corresponding to wavelengths 11.3, 9.1, and 8.3 μm, respectively. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 10. The ground and vegetation emissivity maps of the arid forest scene using RGB false colour composition. (a) Ground emissivity. (b) Vegetation emissivity. 
The RGB images are composed using bands B14 (Red), B12 (Green), and B10 (Blue), corresponding to wavelengths 11.3, 9.1, and 8.3 μm, respectively. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 11. The maize scene temperature maps. The pixels that appear missing represent areas where the component fraction of the specified land surface type 
is negligible.
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3.2.3. Accuracy assessment with in situ water body temperature
Fig. 29 compares three measurements (ASTER LST, the TRUST-DART 

component temperature, and in situ water temperature) in Brussels. 
TRUST-DART’s component temperature is lower than ASTER LST in 
Senne OUT, Senne Elia, Senne Vétérinaire, and Senne Viangros IN, while 
Canal Béco shows identical values. Fig. 6 indicates that the station’s 
location deviates slightly from the river surface. Cross-referencing 
ASTER and PlanetScope images based on coordinates reveals that the 
pixel contains very little water component, resulting in poor unmixing. 
An adjacent eastern pixel shows an ASTER LST of 295.2 K versus 294.1 K 
from TRUST-DART.

Three factors explain why the water component temperatures 
retrieved by TRUST-DART are higher than in situ measurements. First, in 
situ measurements reflect the water body temperature, while remote 
sensing captures the typically higher surface temperature, especially at 
midday. Second, the ASTER LST product may be overestimated, as 
shown in Appendix A, where ASTER LST exceeds ECOSTRESS LST for 

the same period, and the accuracy of the initial LST significantly affects 
TIR unmixing (Liu et al., 2020). Third, validating component tempera
tures with measured data is challenging (Bian et al., 2020) due to dis
crepancies between point-based and area-based measurements (Bian 
et al., 2016; Liu et al., 2020).

4. Discussion and conclusions

4.1. Discussion

4.1.1. Advantages
The TRUST-DART methodology advances ASTER’s traditional TES 

approach by retrieving component thermodynamic temperatures and 
emissivity values rather than producing aggregate measurements. 
Component-specific measurements are critical for vegetation and urban 
studies to provide insights into plant physiology, environmental re
sponses, and evapotranspiration modeling, whereas ASTER-derived LSE 

Fig. 12. The temperature maps of the sparsely distributed trees scene.

Fig. 13. Evaluation of component temperature, emissivity, and pixel radiance accuracy using median and mean residual error in the maize scene. A pixel is 
categorized as belonging to a particular class if it contains the corresponding component. Consequently, a single pixel may be included in multiple component 
classifications. |Etemp|: Absolute residual error of temperature (K); |Eemi|: Absolute residual error of emissivity (unitless); |Erad|: Absolute residual error of radiance 
[W/(m2⋅sr)].
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and LST products offer integrated averages that limit such detailed 
analysis. In addition, these component maps integrate seamlessly into 
DART, facilitating radiative transfer and radiation budget simulations at 
any desired spatial resolution.

Previous studies have explored individual strategies, for example, 
using digital surface models for nonlinear analyses (Fontanilles and 
Briottet, 2011) or employing land cover classification maps (Mitraka 
et al., 2012), for TIR unmixing. However, the combined application of 
these approaches, referred to as tagged mock-ups, remains underex
plored. TRUST-DART leverages tagged mock-ups to reduce unknowns in 
TIR unmixing models by eliminating the endmember identification step 
and replacing abundance estimation with gradients derived from 

radiative transfer. These gradients, which incorporate three- 
dimensional structural information, more accurately quantify the radi
ative contributions of components. As a result, TRUST-DART directly 
derives the thermodynamic temperature of components, unlike 
abundance-based methods (e.g., TRUST and TRUST-DNS) that estimate 
component LST. Furthermore, in contrast to a deep learning method 
(Wang et al., 2024a), TRUST-DART’s gradients propagate among pa
rameters with explicit physical meaning, enhancing their 
interpretability.

TRUST-DART simultaneously separates component temperature and 
emissivity without requiring prior emissivity knowledge, which is a 
significant advantage since few TIR unmixing methods can achieve this, 

Fig. 14. Evaluation of component temperature, emissivity, and pixel radiance accuracy using median and mean residual error in the arid forest scene. A pixel is 
categorized as belonging to a particular class if it contains the corresponding component. Consequently, a single pixel may be included in multiple component 
classifications. |Etemp|: Absolute residual error of temperature (K); |Eemi|: Absolute residual error of emissivity (unitless); |Erad|: Absolute residual error of radiance 
[W/(m2⋅sr)].

Fig. 15. False RGB compositions of the retrieved component emissivity of the four elements in Basel. (a) Ground. (b) Building. (c) Vegetation. (d) Water. They are 
from bands B14 (Red), B12 (Green), and B10 (Blue) at wavelengths 11.3, 9.1, and 8.3 μm, respectively. White pixels (i.e., no value) indicate areas with a negligible 
component fraction of the given scene element. The left bottom blank in the building and vegetation are due to the missing data (administrative problem).(For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 16. False RGB compositions of the retrieved component emissivity of the four elements in Brussels. (a) Ground. (b) Building. (c) Vegetation. (d) Water. They are 
from bands B14 (Red), B12 (Green), and B10 (Blue) at wavelengths 11.3, 9.1, and 8.3 μm, respectively. White pixels show areas with a negligible component fraction 
of the given scene element. The blank squares in the vegetation are due to the missing tree data (administrative problem). (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)
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and obtaining accurate LSE in advance is often challenging. A 0.01 LSE 
error can induce roughly a 0.6 K error in LST (Jiménez-Muñoz and 
Sobrino, 2003), underscoring the impact of LSE inaccuracies in non- 
simultaneous methods. Moreover, while some studies (Cubero-Castan 
et al., 2014; Granero-Belinchon et al., 2020) use pure pixel LSE as a 
proxy for component emissivity, they neglect its spatial variability, and 
it is an aspect our results indicate may have potential for further 
refinement.

TRUST-DART requires much less stringent image resolution than its 
counterparts. For example, TRUST fails with resolutions coarser than 1 
m and fewer than 30 bands, while TRUST-DNS requires resolutions finer 
than 8 m, at least 8 bands, and both daytime and nighttime images 
(imposing strict revisit cycle constraints), and these requirements are 
even challenging for future Thermal Infra-Red Imaging Satellite for 
High-resolution Natural Resource Assessment (TRISHNA) satellite (4 
bands at 60 m). In contrast, TRUST-DART, which utilizes ASTER images 
(5 bands at 90 m), operates under significantly relaxed satellite re
quirements. Table 12 details these usage restrictions. Existing research 
(Liu et al., 2020) indicates that prior knowledge of temperature differ
ences can enhance unmixing processes. For instance, the SC module 
exploits such differences (i.e., leveraging relationships between emis
sivity and temperature) to identify and correct errors in both emissivity 
and temperature maps. In our simulation, we enforce established tem
perature constraints: vegetation is set to be cooler than soil in soil- 
vegetation scenes, while urban scenes follow diurnal patterns where 
water bodies are cooler during the day and warmer at night. No pixels 
are flagged as invalid in the SC module in our case since the satellite 
imagery is carefully chosen to avoid cloud cover and atmospheric 
interference. Moreover, incorporating additional constraints, such as 

spectral reflectance shapes, can further improve the SC module’s 
performance.

4.1.2. Limitations and prospects

4.1.2.1. Limitations. TRUST-DART faces limitations due to its reliance 
on multi-pixel unmixing, which requires adjacent pixels with varying 
surface parameters. In homogeneous scenes, like the arid forest, the 
gradients of components from different pixels are almost identical, 
leading to strong linear correlations that complicate solving the system. 
Additionally, the distribution of components in pixels affects whether 
the moving window is solvable, which is uncontrollable. In our studies, 
0.00 % of pixels in the maize scene, 0.06 % in Basel, 0.37 % in Brussels, 
and 7.84 % in the arid forest scene are marked as unresolved pixels by 
sliding windows in the GI module. The maize scene, with only two 
distinct components, has the highest proportion of pure pixels, making it 
the simplest scenario. Basel, with four components, has a higher pro
portion of pure pixels than Brussels, leading to fewer unstable solutions. 
In contrast, the arid forest scene, with no pure pixels and a homogeneous 
grass canopy, results in the highest proportion of unresolved pixels. A 
potential solution is using a dynamic neighborhood size (Liu et al., 
2020). Furthermore, applying autocorrelations of physical properties 
among neighboring pixels reduces spatial resolution when decomposing 
component temperatures (Zhan et al., 2013). TRUST-DART cannot 
distinguish temperature and emissivity variations of a single component 
within one pixel, as the component temperature may not be isothermal 
due to illuminated and shadowed areas (Bian et al., 2016). However, for 
vegetation with dense canopy coverage and high LAI values, the thermal 
profiles of the foliar layer and substrate soil show similar temperature 

Fig. 17. Temperature maps of the four elements retrieved from the Basel pseudo-ASTER image. White pixels show areas with a negligible component fraction of the 
given scene element. The left bottom blank in the building and vegetation are due to the missing data (administrative problem).

Fig. 18. Temperature maps of the four elements retrieved from the Brussels pseudo-ASTER image. White pixels show areas with a negligible component fraction of 
the given scene element. The blank squares in the vegetation are due to the missing tree data (administrative problem).
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patterns (Francois et al., 1997; Li et al., 2001).
TRUST-DART faces limitations with multi-source data methods due 

to its use of 3D mock-ups, which can cause geometry misregistration 
between simulated DART and satellite images, as well as viewing angle 
variations, leading to errors in estimating gradients and impacting the 
accuracy of separated component emissivity and temperature. However, 
the rise of Light Detection and Ranging (LiDAR) technology has made 3D 
mock-ups more accessible (Ma et al., 2023). Urban 3D mock-ups are now 
freely accessible through software plugins such as Blender’s add-on 
(https://blender-addons.org/blosm/), which typically remain accurate 
for several years compared to optical images.

The TRUST-DART method, designed for multi-component analysis in 
urban areas, addresses the gap in unmixing techniques for deriving 
thermodynamic temperatures in such environments. It assumes that 3D 
scenes accurately represent reality, a robust assumption in urban set
tings due to the stability and geometric regularity of urban structures. 
Thus, our research focuses on urban scenarios. Applying TRUST-DART 
to vegetated areas is more challenging, as vegetation canopy structure 
changes with seasons and growth cycles. In homogeneous scenes, 
spectral gradient variations between vegetation and soil are similar, 
increasing the difficulty of mathematical solutions due to potential 
linear dependence. In heterogeneous scenes, accurate temperature 
retrieval depends on whether endmember gradients match actual con
ditions, requiring subpixel-level 3D modeling that must be frequently 
updated. However, current technology cannot achieve high-frequency, 
high-precision dynamic 3D modeling of vegetation. Additionally, we 
did not consider angular effects, commonly used in vegetation 

unmixing, since ASTER products, which we used, lack observational 
angle information due to orthorectification. Thus, we assumed a nadir 
observation for our analysis.

The performance of TRUST-DART in the longwave is less stable than 
US-DART (Zhen et al., 2025) in the shortwave due to the higher number 
of unknowns, and the poor stability of the equation system, leading to 
difficulty in solving the equations system. Additionally, our attempts 
find that considering the vegetation as a Lambertian plane in the ex
periments significantly improves the GI module of TRUST-DART.

4.1.2.2. Prospects. Although TRUST-DART uses the TES method, the 
LST and LSE are required in the PPS module and can be derived from 
various methods beyond TES. This flexibility enables TRUST-DART to 
evolve with different methods for separating temperature and emissivity 
and sensors (Michel et al., 2021; Zhou and Cheng, 2020). While the same 
Maximum-Minimum apparent emissivity Difference (MMD) coefficients 
of the TES method are currently used for all components, tailored co
efficients for specific land-cover types (manmade vs. non-manmade) can 
be applied (Michel et al., 2021), with 3D mock-ups providing the clas
sification data needed for this adjustment.

TRUST-DART faces challenges due to uncorrected atmospheric er
rors, as it relies on at-surface radiance images. Incorporating the Tem
perature Retrieval and Surface Emissivity (TRSM) model (Ma et al., 
2002) or the DART atmosphere module can help address this. The TRSM 
model can retrieve temperature, emissivity, and atmospheric profiles 
from top-of-atmosphere radiance images, allowing TRUST-DART to use 
more comprehensive data and reduce atmospheric errors.

Fig. 19. Basel: accuracy assessment of component temperature, emissivity, and pixel radiance using the median and mean residual error. A pixel belongs to a specific 
class if it contains the corresponding component. Then, a pixel can be included in multiple component classifications. Absolute residual errors are |Etemp| for 
temperature (K), |Eemi| for emissivity (unitless), and |Erad| for radiance [W/(m2⋅sr)].
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4.2. Conclusions

We propose the TRUST-DART method to separate component emis
sivity and temperature from TIR multispectral at-surface radiance im
ages. To evaluate its accuracy, we used two scenes (vegetation and 
urban) and two image types (ASTER and pseudo-satellite images simu
lated by DART). The residual radiance error is typically around 0.05 W/ 
(m2⋅sr). Assuming the co-registration and sensor noise errors are 

ignored, the median residual error of emissivity is around 0.02, and the 
median residual error of temperature is around 1 K.

TRUST-DART improves upon existing TIR unmixing methods by 
enabling simultaneous retrieval and multi-component analysis. How
ever, it may encounter challenges common to multi-pixel and multi- 
source data models. Future improvements could include incorporating 
the enhanced TES method, such as using distinct coefficients in the MMD 
module or top-of-atmosphere radiance images.

Fig. 20. Brussels: accuracy assessment of component temperature, emissivity, and pixel radiance using the median and mean residual error. A pixel belongs to a 
specific class if it contains the corresponding component. Then, a single pixel can be included in multiple component classifications. Absolute residual errors are | 
Etemp| for temperature (K), |Eemi| for emissivity (unitless), and |Erad| for radiance [W/(m2⋅sr)].

Fig. 21. Basel: false RGB composition images for bands B14 (Red), B12 (Green), and B10 (Blue), corresponding to wavelengths 11.3, 9.1, and 8.3 μm, respectively. 
(a) ASTER image; (b) DART image simulated using emissivity and temperature retrieved from TRUST-DART. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)
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TRUST-DART is compatible with both Windows and Unix platforms 
and includes a user-friendly graphical interface. The source code is 
available with the DART model for free at the website (https://dart. 
omp.eu/#/getDart).
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Fig. 22. Brussels: false RGB composition images from bands B14 (Red), B12 (Green), and B10 (Blue), corresponding to wavelengths 11.3, 9.1, and 8.3 μm, 
respectively. (a) ASTER image; (b) DART image simulated using emissivity and temperature retrieved from TRUST-DART. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 23. Basel: false RGB composition of the retrieved emissivity of the four elements. The RGB images are from bands B14 (Red), B12 (Green), and B10 (Blue), 
corresponding to wavelengths 11.3, 9.1, and 8.3 μm, respectively. (a) Ground. (b) Building. (c) Vegetation. (d) Water. The left bottom blank in the building and 
vegetation are due to the missing data (administrative problem). (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Fig. 24. Brussels: false RGB composition of the retrieved emissivity of the four elements. The RGB images are from bands B14 (Red), B12 (Green), and B10 (Blue), 
corresponding to wavelengths 11.3, 9.1, and 8.3 μm, respectively. (a) Ground. (b) Building. (c) Vegetation. (d) Water. The blank squares in the vegetation are due to 
the missing tree data (administrative problem). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)
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Fig. 25. Basel: temperature maps of the four elements. (a) Ground. (b) Building. (c) Vegetation. (d) Water. The left bottom blank in the building and vegetation are 
due to the missing data (administrative problem).

Fig. 26. Brussels: temperature maps of the four elements retrieved. (a) Ground. (b) Building. (c) Vegetation. (d) Water. The blank squares in the vegetation are due to 
the missing tree data (administrative problem).

Fig. 27. Basel: evaluation of pixel radiance accuracy using median error indicator (dotted line) and interquartile range (shaded area). A pixel belongs to a particular 
class if it contains the corresponding component. Then, a single pixel can be included in multiple component classifications. |Erad| is the absolute residual error of 
radiance [W/(m2⋅sr)].
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Appendix A

During our investigation of western Brussels (around 50◦50’17.59"N, 
4◦16’15.09"E), we analyzed three LST images (i.e., two from ECO
STRESS and one from ASTER), and all were acquired within a two-hour 
window on the same night (Fig. A.1). While the sequential ECOSTRESS 
images (taken at 19:49:20 and 21:25:32) show the expected pattern of 
nocturnal cooling (mean temperatures of 280.5 K and 279.5 K respec
tively), the subsequent ASTER image (taken at 21:26:43) unexpectedly 
shows higher temperatures (mean temperatures of 281.9 K) than both  

ECOSTRESS readings (Table A.1). This observation serves as a  
compelling demonstration of the risks inherent in combining data from 

Fig. 28. Brussels: evaluation of pixel radiance accuracy using median error indicator (dotted line) and interquartile range (shaded area). A pixel belongs to a specific 
class if it contains the corresponding component. Consequently, a single pixel can be included in multiple component classifications. |Erad| is the absolute residual 
error of radiance [W/(m2⋅sr)].

Fig. 29. Comparison of ASTER LST, TRUST-DART, and measured water body 
temperature in the five sampling sites (Senne OUT, Senne Elia, Canal Béco, 
Senne Vétérinaire, Senne Viangros IN).

Table 12 
Comparisons of restrictions among TRUST, TRUST-DNS, and TRUST-DART.

Evaluations TRUST TRUST-DNS TRUST-DART

Number of bands 30 8 5
Spatial resolution (m) 1 8 90

Component emissivity
Spatial 
invariance

Spatial 
invariance

Spatial 
variance

Component temperature Spatial variance Spatial variance
Spatial 
variance

Simultaneous 
separation

NO NO YES

Application scenes Small roof City center Entire city
Multitemporal images 

free
YES NO YES

Manual operation free NO NO YES
Linearity Linearity Linearity Nonlinearity
3D mock-up free YES YES NO
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different satellite platforms, even within short temporal windows.

Table A.1 
Mean and median temperature of ECOSTRESS and ASTER images at the western areas of Brussels. SD: standard deviation. IQR: interquartile range.

Sensor ID Time (UTC) Temperature (K)

ECOSTRESS ECOSTRESS_L2_LSTE_01275_002_20180926T194920_0601_03_LST_UTM 2018.09.26 19:49:20
mean ± SD: 280.5 ± 1.1
median ± IQR: 280.5 ± 1.5

ECOSTRESS ECOSTRESS_L2_LSTE_01276_002_20180926T212532_0601_03_LST_UTM 2018.09.26 21:25:32 mean ± SD: 279.5 ± 1.0
median ± IQR: 279.4 ± 1.4

ASTER AST_08_00309262018212643_20231103031406_21563.SurfaceKineticTemperature 2018.09.26 21:26:43 mean ± SD: 281.9 ± 1.4
median ± IQR: 282.0 ± 1.7

Fig. A.1. Land surface temperature (LST) images of ASTER and ECOSTRESS in the western areas of Brussels. SD: standard deviation. IQR: interquartile range.

ECOSTRESS LST products have a reported Root Mean Square Error (RMSE) of approximately 2.0 K, while ASTER LST products show an RMSE of 
1.98 K (Hu et al., 2022). These error margins mean that cross-platform comparisons can introduce uncertainty ranges of up to √(2.0² + 1.98²) ≈ 2.8 K, 
which is a variation that could easily mask or distort the subtle temperature changes researchers aim to detect. In our case, the ASTER temperatures 
exceed ECOSTRESS readings by 2.4 K, despite only a around one-minute interval, which is a period typically characterized by minimal temperature 
fluctuations. This disparity, while falling within the combined error margins of both sensors, clearly demonstrates how cross-platform analyses can 
produce misleading results, and should be given adequate attention.

Data availability

The source code of TRUST-DART is distributed with the DART 
model, which is available on the DART website (https://dart.omp. 
eu/#/getDart). The source code of GeFolki is available on the website 
(https://github.com/aplyer/gefolki). The ASTER products are available 
at NASA (https://asterweb.jpl.nasa.gov/data_products.asp). The ECO
STRESS products are available at NASA (https://ecostress.jpl.nasa. 
gov/data). The Brussels mock-up is available at Urbis 
(https://datastore.brussels/web/urbis-download).
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Ottlé, C., Vidal-Madjar, D., 1992. Estimation of land surface temperature with NOAA9 
data. Remote Sens. Environ. 40, 27–41.
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