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Land surface Temperature (LST) is an important observation when investigating environmental
processes and is a characteristic signature of surface climate change at various scales. It is even
more crucial to urban thermal structures studies, especially the urban heat islands (UHI), which
impacts the urban energy demand and human health. However, high spatial resolution LST data is
not available at a scale resolving the urban metabolism. To address this need, this research at-
tempts to create synergy between the European Space Agency (ESA) and NASA satellite obser-
vations to enhance the spatial resolution of LST retrieval. The Multispectral Instruments (MSI)
onboard the Sentinel 2A and 2B satellites provide observations with high and medium spatial and
spectral resolutions, respectively. Although these instruments provide more spatial details than
the Landsat-OLI/TIRS, useful at the city scale, they lack observations in the thermal infrared (TIR)
spectral region. The main objective of this paper is to fuse Landsat-OLI/TIRS data to Sentinel-MSI
to compensate for the lack of TIR information of the MSI and retrieve higher resolution LST.
Accordingly, a new innovative High-Resolution Thermal Fusion (HRTF) approach has been
developed, based on two steps: 1) a statistical downscaling of the brightness temperature (BT) to
10-m spatial resolution, and 2) retrieving LST based on an atmospheric correction of the fused BT
using the split-window algorithm. The performance of the HRTF approach was cross-validated
using independent data derived from MOD11Al product and inter-compared with the most
efficient machine learning algorithms of downscaling. The results show that the derived high
spatial resolution (10-m) LST map using HRTF correlates significantly (R2 = 0.94) with the
original LST retrieved from the OLI/TIRS products with an RMSE of 0.88 K, outperforming the
five ML methods for which the RMSE ranges from 1.39 to 1.86 K. This HRTF proposed approach is
undoubtedly promising, particularly for the urban and rural thermal environmental applications
at a large territorial scale.
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1. Introduction

Thermal remote sensing is a powerful method to extract various biophysical and physiological parameters to study the interaction
at the land-atmosphere interface. For many applications, the land surface temperature (LST) is considered the most important variable
that affects the human thermal comfort and health in urban settlements, and their energy demand. Furthermore, it is also important for
climate change studies (Ahmed, 2018; Chen and Zhang, 2022; Eleftheriou et al., 2018; Jin et al., 2005; Kulsum and Moniruzzaman,
2022), urban micro-climate (Bahi et al., 2017, 2019a, 2019b, 2019¢; Mushore et al., 2017; Perera et al., 2022), as well as for sus-
tainable urban development (Bounoua et al., 2023; Malah et al., 2022; Malah and Bahi, 2022). Theoretically, many thermal sensors
with high to very high spatial resolutions are needed to retrieve accurate thermal environmental characteristics at territorial scale,
including both urban and surrounding rural areas. Unfortunately, currently available thermal sensors do not allow for such spatial
resolution. For instance, Landsat thermal sensors offer data with medium to low spatial resolutions, such as 60 m for the Enhanced
Thematic Mapper Plus (ETM+), 100 m for the Thermal Infrared Sensor (TIRS) and 120 m for the Thematic Mapper (TM). In contrast,
the most widely used sensors with daily global coverage for long-term monitoring provide data with much coarser resolution of 1 km.
The Moderate Resolution Imaging Spectroradiometer (MODIS), Sea and Land Surface Temperature Radiometer (SLSTR) and the legacy
Advanced Very High-Resolution Radiometer (AVHRR) produce data with a ground spatial resolution of 1 km, whereas the Spinning
Enhanced Visible and Infra-Red Imager (SEVIRI) and the Geostationary Operational Environmental Satellite (GOES) Imager provide
data at 3 x 3km and 4 x 4km at nadir direction, respectively. SEVIRI and GOES imagers provide the best temporal resolutions with
ground track repeat cycle of 15 min and 3 h, respectively, compared to twice daily revisit times for MODIS and AVHRR, greater than
1.5 days for SLSTR, and 16 days for Landsat sensor series.

In addition, the problem of covering large territories with a high spatial resolution is constrained by the low temporal resolution
(Wu et al., 2014) which limits the short-term variations such as the diurnal change. Although the Landsat series and the Advanced
Spatial Thermal Emission and Reflection Radiometer (ASTER) sensors meet some requirements for certain applications (e.g. forestry,
agriculture, soil moisture), finer thermal spatial details are still required for analyzing heterogeneous and complex environments
characterized by small and fragmented features, such as in urban areas (Gao et al., 2012). This is more evident when studying the
variation of surface urban heat islands within settlements, where roads and building blocks are typically only a few meters in size.

Currently, drone or unmanned vehicles with onboard TIR imaging cameras and control subsystems allow the extraction of LST with
a very high spatial resolution (Dominguez et al., 2011a; Lo et al., 1997; Ren et al., 2015; Z. Wang et al., 2022; Wei et al., 2021; Y. Wu
et al., 2022). However, this new technology is still too costly and requires logistical means, and hence does not provide the advantage
of extended coverage compared to satellite remote sensing. Therefore, developing a new fusion approach between satellite data of high
and moderate spatial resolutions is a necessary step and innovation to capture the fine scale thermal structure to study urban scales
environments with more spatial details.

Technically, the MSIs onboard the Sentinel suite remain the best sensors for this purpose, offering high spatial and temporal
resolutions data that can be fused with the Landsat-TIRS medium spatial resolution. In this regard, the current research attempts to
exploit the potential for combining the Sentinel-MSI high spatial resolution data with the thermal capabilities of Landsat-OLI/TIRS
data to enhance LST retrieval for several environmental applications, including urban studies, climate change and sustainability
studies. This is an important initiative (El Ghazouani et al., 2021) that may enhance and extend the use of long timeseries of
Landsat-OLI/TIRS data and allow assessment of high resolution urban thermal structure in dense cities and neighborhoods (e.g., El
Ghazouani et al., 2021) as well as large territorial studies (R. R. Li et al., 2023).

The idea of harmonizing and enhancing the use of existing long term coarse or medium resolution satellite observations by fusing
them with short-term high-resolution data is of paramount importance in land characterization, which is the basis for land-atmosphere
interactions, as well as many environmental studies. At the same level of importance, data harmonization is also required when series
of sensors of about the same spatial resolution are launched in succession. In this case a data temporal continuity and coherence
process must be developed to take advantage of the historic observations and assess the changes.

This endeavor is challenging, and several studies have been conducted to investigate it based, in large part, on statistical down-
scaling (Pu and Bonafoni, 2023a). However, only few attempts have been made to ensure the spatial continuity between the fused data
(Masek, 2015), while others approached the issue based on potential linear correlations (Onacillova et al., 2022).

There is a general agreement that the most accurate techniques used for data fusion are geo-statistical approaches (Wang et al.,
2016a) and modulation based fusion techniques (Alparone et al., 2004). In general, these techniques offer the possibility to obtain and
preserve accurate spectral information and physical properties (Wang et al., 2016a, 2016b; Ribeiro Sales et al., 2013) and deliver
sharper results compared to other traditional fusion methods (Jiang et al., 2011; Wang et al., 2016b). These techniques were used for
LST retrieval and estimates of the Surface Urban Heat Island (SUHI) intensity prediction (Jung and Park, 2014; Liu and Pu, 2008;
Rodriguez-Galiano et al., 2012; Rodriguez-Galiano et al., 2011; Stathopoulou and Cartalis, 2009; Zaksek and Ostir, 2012).

On the other hand, Machine and Deep Learning regression-based algorithms were also used between explanatory variables, such as
Normalized Difference Vegetation Index (NDVI), the impervious Surface Area (ISA), emissivity (Sattari et al., 2018; Yuan and Bauer,
2007), and target variable LST. Machine learning models are still most used methods in the field compared to deep learning techniques
because of their efficiency and simplicity (Bonafoni and Tosi, 2017). However, the accuracy of LST retrieval using these models is often
limited by different environmental and geographical conditions, especially for heterogeneous areas with varying land covers and
complex elevation structure (J. Wu et al., 2022).

Overcoming the challenges associated with data fusion requires sophisticated techniques and approaches, but the benefits of
improved environmental monitoring and analysis make it a critical area of research and development. The various methodologies,
including statistical downscaling, machine learning, physical downscaling, and hybrid methods, have been developed to address these
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challenges, each leveraging unique strengths to improve the accuracy of environmental monitoring. Our proposed method, which
involves fusion in the spectral domain before LST retrieval, offers a promising approach. By focusing on the spectral characteristics of
the data, we preserve the physical aspect of the landscape and its spatial continuity which provides an advanced base to extract a more
accurate LST, hence a detailed and reliable picture of environ-mental changes.

2. Study area and used data
2.1. Study area

The proposed fusion method was tested over the city of Brussels (Belgium) and its surrounding areas (Fig. 1) (Pelgrims et al., 2021).
The region has a generally temperate and humid climate (Amaripadath and Attia, 2023; Beck et al., 2018), with average annual
temperature and rainfall total of 10.5 °C and 852.4 mm, respectively (Bruffaerts et al., 2018). The choice of Brussels as a study area is
strategic since it includes a complex and heterogeneous area with spatial disparities. According to the Administration of the Envi-
ronment and Energy in the Brussels-Capital Region, there is a vast disparity the population density, ranging from less than 500 per-
sons/km? to 40,000 persons/kmz, and the overcrowding of 70 % of population in less than 30 % of the city space (Fricke and Wolff,
2002). In addition, our study area encompasses different land uses and land cover classes such as artificial surfaces, agricultural lands,
forest, vegetation, wetland, water bodies, and bare lands. Obviously, this high disparity and the heterogeneity of surfaces make our
proposed approach extendable to other regions of the world.

2.2. Data

To improve LST at finer spatial resolution, Sentinel-MSI and Landsat-OLI/TIRS raw data were used (Table 1). The two scenes were
acquired in the morning at approximately the same period with a time difference not exceeding 17 min. Both images were projected in
the Universal Transverse Mercator (UTM) zone 31 N based on the international datum (WGS84).

The MSI records information in the electromagnetic spectrum region ranging from the visible to the SWIR, similar to Landsat-OLI,
and spans over 13 bands. The spectral and spatial resolutions of Sentinel-MSI have 4 VNIR bands at 10-m, 6 bands at 20-m, and 3 bands
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Fig. 1. Overview of the study area (Brussels city) spreading over an area of 988.58 km? and showing disparate landscapes.
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Table 1
Satellite images used.
Products Acquisition Date Center latitude Center longitude Covered city
Sentinel-MSI July 20, 2016 50.95490 3.78135 Brussels
Landsat-OLI July 20, 2016 50.28118 4.49555 Brussels
MOD11A1 July 20, 2016 55.2079 8.9287 Brussels
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Fig. 2. Flowchart of the proposed HRTF algorithm and the Machine Learning models (p_S2: TOA reflectance of Sentinel-MSI band; p_OLI: TOA
reflectance of OLI band; p_S2 (Red)_CC: TOA reflectance of Sentinel-MSI red band Cross-calibrated with its homologous band of OLI; p_S2 (NIR_8A):
TOA reflectance of band 8A of Sentinel-MSI; BT: brightness temperature; NDVI; LSE: land surface emissivity; FVC: fraction vegetation cover). The
machine learning models used include Random Forest Regression (RF), Lasso Regression (L1R), Ridge Regression (L2R), Polynomial Regression

(PR), and Linear Regression (LR).
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at 60-m compared to 8 bands at 30-m and a panchromatic band at 15-m for OLI. Compared to OLI, the MSI is richer in terms of spectral
bands, with 4 additional bands, 3 of which are in Red-Edge and one in NIR.

The Sentinel-MSI revisit frequency (10 days) was an improvement when compared to those of Landsat (16 days) and SPOT (26
days) and it has been further improved to a 2.9 day temporal resolution with the Sentinel-MSI 2B, launched in March 2017 (Immitzer
et al., 2016; Martimort et al., 2007; Wang et al., 2016c). While, the Thermal Infrared Sensor (TIRS) of Landsat-8 incorporates 2 TIR
bands with an original spatial resolution of 100-m, resampled to 30-m to make it compatible with the 30-m OLI spectral bands (Roy
et al., 2014). Furthermore, the MOD11A1 product was used as independent data for the cross-validation of the fused LST. This product
provides precise and comprehensive measurements of LST, drawing upon data collected by the MODIS instrument aboard NASA’s
Terra and Aqua satellites.

3. Methodology

Fig. 2 summarizes the methodology used in this research. The first step consists of developing a new and innovative statistical
downscaling method between the co-registered and the cross-calibrated Sentinel-MSI and Landsat-OLI/TIRS to compensate for the lack
of details in the brightness temperature (BT) extracted from TIRS bands. The second step consists of applying atmospheric corrections
on the downscaled BT using the water vapor content and the emissivity extracted the MSI bands, cross-calibrated with their homol-
ogous bands of OLIL.

3.1. Co-registration

As illustrated in Fig. 2, the first step of our approach is the sub-pixel co-registration of satellite data. To resolve the problem of
misalignment between the 30-m (OLI) and the 10-m (MSI) data, we applied geometric aligning between base data (Sentinel-MSI) and
warp data (Landsat-OLI/TIRS) using a control point set well distributed and modeling the relationship based on a second order
polynomial function transformation through the Landsat-OLI image (Hemati et al., 2021). This co-registration process shows an
excellent Root Mean Square Error (RMSE) of less than one-third of the original pixel dimensions (0.185 pixels).

3.2. Data preprocessing and radiometric cross-calibration

We proceeded with the computation of the Top of Atmosphere (TOA) reflectance of red and NIR bands of OLL, followed by the
correction of the solar elevation angle. TIRS bands were then converted to the at-sensor spectral radiance and afterward to the at-
sensor BT by inverting Planck’s blackbody equation. The level-1C preprocessing of the Sentinel-MSI data takes advantage of sup-
plying an ortho-rectified image derived from a Digital Elevation Model (DEM) and provides pixel radiometric values in the TOA
reflectance (Baillarin et al., 2012), which is converted to 16-bit radiometric dynamic range similar to OLI data. The true values of TOA
reflectance of sentinel-MSI were computed by dividing the values of the digital numbers by the quantification value reported in the
header file, a standard procedure (“Empirical cross sensor sensor comparison of Sentinel-2A and 2B MSI, Landsat-8 OLI, and Landsat-7
ETM -+ top of atmosphere spectral characteristics over the conterminous United States - ScienceDirect,” n.d.).

For the radiometric cross-calibration, three NDVIs at 10-m, 20-m, and 30-m spatial resolutions were computed from the TOA
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Fig. 3. Red and near-infrared bands spectral responses profiles of Sentinel-MSI and Landsat-OLI sensors.
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reflectance of band-4/band-8 of Sentinel-MSI, band-4/band8A of Sentinel-MSI and band-4/band-5 of OLI respectively. We then
proceeded with the cross-calibration (based on regression analysis) between NDVI retrieved from the narrower bands (bands 4 and 8A
of MSI) (Fig. 3) and those computed respectively from the 30-m OLI (bands 4 and 5) and the 10-m MSI bands (bands 4 and 8) as shown
in Fig. 2.

The inter-calibration of NDVI, rather than the reflectance values of individual bands, is promising because it allows us to obtain the
best fits with R? exceeding 0.9, versus 0.7 for reflectance values (Roy et al., 2016) and more than 0.8 for improving the temporal
continuity of the sensors (Bahi et al., 2016). The radiometric cross-calibration step is primordial since band-8 of Sentinel-MSI is more
affected by the atmospheric effect, which includes a wavelength interval in the neighborhood of 825-nm that induces a water vapor
absorption feature (Irons et al., 2012; Mishra et al., 2014; Roy et al., 2016). The inter-calibration process is further developed in Bahi
et al. (2016).

3.3. Retrieving of land surface emissivity

The Land Surface Emissivity (LSE) is an essential parameter in LST estimation algorithms. However, unlike ocean emissivity, it
varies according to soil types, surface moisture, heterogeneity of vegetation, and viewing angles (Ren et al., 2011; Salisbury and
D’Aria, 1992). Three different methods were proposed in the literature to retrieve LSE from remote sensing data: classification-based
emissivity (Snyder et al., 1998), NDVI-based emissivity (Sobrino et al., 2008; Valor, 1996), and a physics-based method (Wan and Li,
1997). We apply the method described by Li et al. (2016) (Eq. (1)) that uses an approximation of vegetation and urban soil surface
emissivity values that are adapted from Sobrino et al. (2008). This technique is accurate in different areas, from the mid-latitudes to the
tropics, with an error of 0.6 %, which is an acceptable error level for LST estimate using the Split-Window algorithm (Valor, 1996; Ye
et al., 2022).

This study computed the emissivity in two pairs of pixel sizes, 30-m and 10-m. Each pair contains emissivity referring to bands 10
and 11 of TIRS. The first pair was calculated from the fraction of vegetation cover extracted from the cross-calibrated NDVI (NDVI_CC
30-m in Fig. 1) and the red band of the OLI sensor. Regarding the second pair, it was calculated according to the fraction of vegetation
cover, extracted from the cross-calibrated NDVI of MSI (NDVI_CC 10m in Fig. 1), and the red band of Sentinel-MSI product cross-
calibrated with its homologous band of OLI (pS2(Red)_CC in Fig. 1). The cross-calibration of the MSI red band was done because
the “a, and b” coefficients in (Eq. (1)) refer to those of the OLI red band. The emissivity equation used in this study is more detailed in
(Sobrino et al., 2004, 2008; Yu et al., 2014).

a+ bpred when NDVI(0.2
e=4q &P, +¢&(1—P,)+de when0.2 <NDVI<O0.5 (@D)
e, +de when NDVI > 0.5

Where ev is the vegetation canopy emissivity; es is the bare soil emissivity; de is the internal reflection emissivity due to cavity effect;
and Pv is the vegetation proportion achieved that can be calculated using the following equation (Carlson and Ripley, 1997; Dis-
sanayake et al., 2020):

NDVI — NDVI;, 1°

P=|————————Tn 2
¥ INDVIpax — NDVIyin @

Where NDVI,,;, and NDVI,, .4 refer, respectively, to non-vegetated and fully vegetated land covers.

3.4. High resolution thermal fusion method

3.4.1. Statistical downscaling

To improve the spatial details of BT at 10-m resolution, we applied the model presented in (eq. (3)) based on the resampled BT of
the TIRS bands to 10-m and 10-m MSI bands, taking into consideration NDVI and emissivity. We first applied multiple statistical
analysis between all variables to extract the multivariate polynomial function in (eq. (3)), constraining the retrieval to the sought after
magnitude at 10-m. A calibration is applied by combining the resampled BT and F function and applying a weight for each part (i and j
used as exponent in (eq. (3)) and considering different possible iterations for i and j ranging from 0 to 2. This analysis showed an
interplay between the preservation of the thermal characteristics of the original image at the expense of spatial details. Imposing the
condition that allows the enhancement of spatial details while preserving the thermal characteristics, led to (eq. (4)) with i and j taking
the values of 2 and 1, respectively.

BT, i=n j=n e\ 1 A\J

ka _ Z inj « (Zlfg_BTk) % F<Z§370(BI)’Z§(2),NDVI’ Zig,z) 3)
ic0 j-o

BT, o\ 52 i

2ok =g + Ay X (Zgg—m) « F(zwﬂ“') , Z8%ou zf?;) With 0<j <i 4

Where Z is a pixel value; the superscript of Z indicates the data or the spectral band; the subscript of Z indicates the pixel size. The
circumflex sign on Z indicates that the image has been predicted using the proposed statistical downscaling. BT indicates the BT of
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band k with k = {10, 11}; n equal to 2; A;; are coefficients for the n order; and the tilde on BT indicates that the BT have been resampled
to the subscript of Z spatial resolution using the nearest neighbor assignment. L8_(BT) indicates the BT extracted from Landsat-8;
S2_p(B) indicates the reflectance of the 1 bands of Sentinel-MSI with 1 = {2,3,4,8}; S2_.NDVI is the NDVI extracted from Sentinel-
MSI; S2_e is the land surface emissivity extracted from Sentinel-MSI; and F is a function that allows to predict BT according to the
images mentioned in brackets. Once the BT is predicted, we perform the cross-calibration with that extracted from TIRS bands. Fig. 4
shows an example of the BT fusion result for the Brussels Airport and its neighborhood areas obtained from the proposed method (Eq.

(4).

3.4.2. Retrieving LST

An accurate LST estimate requires the selection of appropriate thermal bands and the most suitable algorithm for each sensor.
Fortunately, the TIRS instrument incorporates two thermal bands defined in two complementary wavelengths (10.6 and 12.51 pm)
that are spectrally similar to those of MODIS. Therefore, allowing for a more accurate LST retrieval than that acquired from previous
Landsat sensors data using the Split-Window algorithm (Roy et al., 2014). Indeed, according to Garcia-Santos et al. (2018); Yu et al.
(2014), retrieving LST from both bands 10 and 11 using the Split-Window algorithm yields better results compared to the Single
Channel algorithm using only the most accurate thermal band (band 10). The former is almost as accurate as the Radiative Transfer
Equation-Based method using the same band 10 with a difference of 0.122 °C (Yu et al., 2014). The Split-Window algorithm used in
this study is expressed as follows:
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Fig. 4. Brightness temperature fusion example expressed in Kelvin: (a) true color of Brussels Airport and its neighborhood areas extracted from
Sentinel-MSI bands; (b) original brightness temperature extracted from band 10 of Landsat-TIRS; and (c) fused brightness temperature at 10-m.
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Where LST;on, is the land surface temperature at 10-m spatial resolution in Kelvin; cO to c6 are the Split-Window coefficients, which
were initially derived from existing literature. The values of these coefficients for TIRS of Landsat 8 are given by Zhao et al. (2009); Du

etal. (2015); Li and Jiang (2018); and Rongali et al. (2018). 2?;10 and 21133“ are the downscaled at-sensor BT at bands 10 and 11; LSE; oy,
is the mean of land surface emissivity retrieved from the bands 10 and 11 extracted from Sentinel-MSI. ALSE; ¢y, is the difference
between land surface emissivity extracted from bands 10 and 11 of Sentinel-MSI, and w is the atmospheric water vapor content. In this
study, two LST datasets were computed: the first from Landsat-8 product and the second from the derived brightness temperature at
10-m spatial resolution and MSI data.

To obtain the best fit, the downscaled LST was cross-calibrated to the original one retrieved from Landsat 8 followed by error
compensation.

3.5. Comparison and cross-validation of the results

3.5.1. Comparison with LST from TIRS

Since no measured reference of LST from a space-borne instrument at 10-m spatial resolution exists, we proceeded by upscaling the
high spatial resolution data and original images by the same factor LR/HR (low resolution/high resolution). Then, we applied our
proposed method to the up-scaled images of medium spatial resolution, followed by validation with original data as suggested by
(Wang et al., 2016b). Five indices were used to evaluate our approach namely Correlation Coefficient (CC), Mean Absolute Error
(MAE), RMSE, ERGAS (Erreur Relative Globale Adimensionnelle de Synthese), and the Image Quality Index (Q). The ERGAS index is
expressed as follows (Ranchin and Wald, 2000):

HR
ERGAS =100 (6)

Where HR/LR is the ratio between the spatial resolution of the fused LST and the original one; N is the number of spectral bands (By) of
the fused image; M is the mean value of each spectral band; and the RMSE calculated between the fused LST and the original one. The
ideal value of the ERGAS index is 0 and remains satisfactory if it does not exceed 3 (Rodriguez-Galiano et al., 2012; Wald, 1999).

As an alternative to the RMSE, another index called the image quality index (Q) was developed (Prashanth et al., 2009). This index
models any distortion between the original and fused images as a combination of three factors: loss of correlation, luminance
distortion, and contrast distortion (Prashanth et al., 2009; Wang and Bovik, 2002). The Q index can be expressed as a product of three
components (Wang and Bovik, 2002):

QLo 20F 20001 @

Where O and F are the means of the original and the fused images; 6% and o2 are their variances; oor is the covariance between the
original image and the fused image. The first component in (Eq. (7)) measures the degree of linear correlation between the original and
the fused images. The second component measures the mean luminance difference between O and F. While, the third component
measures the contrast similarity between the original and the fused images (Wang and Bovik, 2002).

3.5.2. Cross-validation with LST from MODIS

The cross validation of retrieved LST is also performed based on independent observation as proposed by (Arabi Aliabad et al.,
2021; Duan et al., 2018). The MODIS product (MOD11A1) acquired simultaneously on the same date was used as a reference. The
validation was done on large homogenous areas of approximately 1 km2 corresponding to the size of the MOD11Al. The
cross-validation was performed by computing the deviation between the derived LST and the MOD11A1 for each tie point, the MAE
and the RMSE for each of the farmland, forest, peri-urban and urban class as well as the global RMSE and MAE of the whole study area
were also computed.

3.5.3. Overview of machine learning models for LST estimation
3.5.3.1. Linear regression. Linear regression is the most fundamental regression technique in order to establish a linear relationship

between the dependent variable y and single or multiple independent variables x; (Hastie et al., 2009; Schmidt, 2005). For a dataset (e.
g., image of x*x pixels) with m = x*x observations and n independent or predictor variables, the linear regression can be expressed as:

n .
¥i =P, +Zj:1ﬂjxij +e,i=1,..m

Where: y; is the dependant variable for observation i; x; represents the value of j" independent variable for the i observation; f, is the
intercept and f; is the coefficient or the regression slope for the j™ independent variable; ¢; is the error term. The parameters f,, f1, ...

8
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p. are estimated through minimizing the error function, typically the Residual Sum of Squares (RSS):

" 2
min Y7 (yi —Bo — Z}‘Zl Bixij ) . This approach, known a Ordinary Least Squares (OLS), can be optimized using gradient descent.
p

3.5.3.2. Polynomial Regression. Polynomial regression is an extension of the linear regression model, where higher-degree polynomial
terms (d > 2) are added to introduce non-linearity while maintaining the foundational structure of linear models (Hastie et al., 2009;
Schmidt, 2005). This approach enables the model to capture more complex relationships that a simple linear model cannot. Mathe-
matically, it is expressed as:

n D
yF/’O“‘Z Zﬁjx§+ei,i:1,...,m

=1 d=1

Where: y; is the dependent variable for observation i; x;; represents the value of j* independent variable for the i observation; f, is the
intercept and f; is the coefficient or the regression slope for the j™ independent variable; ¢; is the error term; D is the highest poly-
nomial degree.

3.5.3.3. Lasso and ridge regression. Lasso and Ridge Regression are linear models (Hastie et al., 2009), that incorporates regularization
techniques to reduce the risk of overfitting especially dealing with high-dimensional data or when the independent variable exhibits
multicollinearity. Regularization helps by adding penalties terms preventing weights from becoming large and making model
generalized in terms of estimation (Schmidt, 2005). Mathematically, both lasso and ridge regression can be expressed as linear model
but differs in how the error function is formulated. For instance, for Lasso/Ridge linear regression, error function can be expressed as
follows:

m n 2
@ Z ()’i —bo— Zﬁjxi)' ) + AR(p)
Y =

3 i

Where 4 controls the regularization strengths: For lasso (L1 Regularization) R(f) = Z}Ll } ﬂj{ which is preferrable for feature selection.

In other words, effectively performing when irrelevant predictive features need removal. For Ridge (L2 Regularization) R(f) = Z}‘Zl /ijz

which is particularly useful when all independent variables contribute to the estimation of the Land Surface Temperature (LST) but
multicollinearity exists among them. The L2 penalty shrinks all coefficients f; toward zero while retaining all variables, effectively
reducing the impact of multicollinearity without eliminating predictors.

3.5.3.4. Random Forest Regression. Random Forest is an ensemble learning method that builds multiple decision trees and aggregates
their outputs to improve prediction accuracy and robustness (Hastie et al., 2009). It captures complex, non-linear relationships,
handles high-dimensional data, and reduce multicollinearity among predictors (He et al., 2016; Hutengs and Vohland, 2016). Addi-
tionally, it can be a good alternative for overcoming overfitting issues commonly found in linear models (Legasa et al., 2022). By
averaging predictions from many individual trees that are trained on different bootstrap samples of the training data and use only a
random subset of the available predictors (Breiman, 2001). Mathematically, given a dataset with m observations and n features,
Random Forest creates B independent decision trees. Each tree Tj(X) is trained on a bootstrap sample, with predictions averaged for
regression:

~ 13
yi:E ;Tb(xi)7xi: (X1, Xi15 -5 Xin)

Where: y; is the final predicted value at observation i; B is the number of decision trees; T,(X;) represent the prediction from the b-th
tree.

3.5.4. Inter-comparison with machine learning models

To evaluate the accuracy and performance of the HRTF algorithm, five machine learning models were used for inter-comparison
purposes. These are Random Forest Regression (RF) (Li et al., 2018; Wu and Li, 2019), Lasso Regression (L1R) (He et al., 2019; Ilghami
Kkhosroshahi et al., 2023), Ridge Regression (L2R) (Agathangelidis and Cartalis, 2019a), Polynomial Regression (PR) (Kim et al.,
2018; Zuo et al., 2019), and Linear Regression (LR) (Wang et al., 2020; Zhou et al., 2016) were selected due to their efficiency in
handling complex relationships between input variables and output predictions (Panigrahi et al., 2023; Putri et al., 2023; Sharma et al.,
2023). These set of machine learning algorithms have been widely used in remote sensing image classification and feature recognition
(Jomthanachai et al., 2022; P. Wang et al., 2022; Yu et al., 2019), and have achieved high accuracy in spatial downscaling of LST
(Agathangelidis and Cartalis, 2019b; Mukherjee et al., 2014; Wu and Li, 2019; Xu et al., 2021; Yang et al., 2019; Yoo et al., 2022).

These five machine learning models were used to predict the fine resolution of Brightness Temperature (BTs), which were sub-
sequently used to estimate the LST with SWA. These estimated results BTs and LST were resampled to meet spatial resolution of
Landsat-30m in order to enable consistent accuracy assessment with original data. Afterward, same accuracy metrics that were applied
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for the developed model were used to compute the error and accuracy between original and predicted data (BTs and LST) at the pixel
level across the whole scene.

4. Results analysis
4.1. Visual analysis

The visual comparison is an important phase of the analysis when implementing fusion methods as it allows immediate detection of
chromatic distortions between the fused and the reference images. Figs. 5-8 confirm the contribution of the proposed method allowing
a strong improvement of the spatial details of the merged thermal data compared to the original ones. Indeed, some details that are not
detected by the original LST are properly identified and detected in the fused data. For instance, streets and most of the building blocks,
and especially industrial zones, are well identified and delineated in the urban areas and are, generally, finer and brighter than the
original LST images (Fig. 5).

In peripheral areas, we observe an important distinction of roads, vegetation, forest blocks (as is the case of forest blocks of the
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Fig. 5. Example of LST fusion in the center of Brussels city expressed in ° Kelvin: (a) true color of urban core of Brussels extracted from Sentinel-MSI
bands; (b) original LST extracted from Landsat-OLI/TIRS (30-m); and (c) downscaled LST at 10-m.
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Fig. 6. Example of LST fusion in remote area of Brussels city expressed in ° Kelvin (Part of municipality of Ternat): (a) true color of remote areas of
Brussels extracted from Sentinel-MSI bands; (b) original LST extracted from Landsat-OLI/TIRS at (30-m); and (c) downscaled LST at 10-m.

Sonian forest illustrated in Fig. 8) and the partial vegetation covers (Figs. 6 and 8). Around the airport, the proposed fusion approach
allows sharper detection of the runway and significantly sharper definition of building structure (Fig. 7) masking the HRTF a better tool
to delineate boundaries of different objects such as roads, buildings, vegetation, farmland, water bodies and forests.

The difference between the downscaled and the original LST (Fig. 9) shows a better accuracy in the rural areas compared to urban
zones. The proposed approach highlighted most forests and vegetated areas with an error less than 0.5 K. While the building blocks
remain the major class affected by error estimates that do not exceed 2.25 K with the presence of negligible pixels where the error
values are less than 6 K.

We further examined the spatial distribution of the results obtained using the five machine learning models in order to compare
them with the HRTF result over four typical areas in Brussels (Fig. 10). This comparison reveals interesting remarks. Across the urban
core of the city, distant areas (Part of the municipality of Ternat), Brussels Airport and its surrounding areas, and the Sonian Forest,
distinct differences emerged in the representation of landscape structures such as roads, vegetation, and forest blocks. On the one hand,
the machine learning models provide suitable results in representing the spatial details of these areas. Conversely, the nuanced thermal
anomalies in these areas are not well captured compared to the HRTF method. For example, 95 % of pixel values error between
observed and predicted LST of Lasso Regression (L1R), Ridge Regression (L2R), Polynomial Regression (PR), and Linear Regression

11
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Fig. 7. Example of LST fusion in Brussels Airport and its surrounding areas expressed in ° Kelvin: (a) true color of the Brussels Airport and its
surrounding areas extracted from Sentinel-MSI bands; (b) original LST extracted from Landsat-OLI/TIRS (30-m); and (c) downscaled LST at 10-m.

(LR) models was 3.38K. In contrast, the error of the remaining pixels has reached 21.1K, this includes the extreme temperature values,
either unusually high or low (e.g. thermal anomalies). Regarding Random Forest Regression (RF) the 95 percentile error was 2.77K,
and thermal anomalies exceeded 13.9K.

4.2. Statistical analysis

4.2.1. Statistical analysis

The derived LST map was evaluated using statistical analysis over the urban and the rural areas of Brussels based on the original
Landsat-OLI/TIRS surface temperature. Five indices were calculated to evaluate the qualitative outcome, including CC, MAE, RMSE,
ERGAS and Q. This evaluation was done considering the whole region spreading over 988-km? (Figs. 1 and 9) and including 6192
control points. The sample was designed to maximize the number of control points while ensuring they are evenly distributed across
the study area. Including homogeneous areas, urban areas, peri-urban areas, agricultural zones, areas with thermal anomalies, and
areas with fine spatial structure. Moreover to minimize potential biases in the evaluation process. The analysis was carried out for both
the BT and the LST. The results are reported in Table 2 accompanied by scatter plots between the original and the fused data as

12
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Fig. 8. Example of LST fusion in Sonian Wood (La forét de Soignes), expressed in ° Kelvin, showing the forest blocks: (a) true color of the Sonian
forest extracted from Sentinel-MSI bands; (b) original LST extracted from Landsat-OLI/TIRS (30-m); and (c) downscaled LST at 10-m.

illustrated in Fig. 11.

The results show that the downscaled data are highly correlated with the original images. The proposed approach resulted in
downscaling the BT with an RMSE of 0.48 K, MAE of 0.37, and CC of 0.96 (Table 2). The results also show that the fused LST has an
acceptable RMSE of 0.88K. The ERGAS index is close to its ideal value (0) indicating the fused data is of high quality. Finally, the Q
index values suggest that the difference between the two monochromatic images is highly satisfactory.

The results confirm that the proposed approach captures the essence of the thermal structure when downscaling the BT from 30m to
10m spatial resolution achieving a very strong correlation coefficient of 97.4 % and showing a good linear fit to the 1:1 line suggesting
quasi-proportionality. However, a slight overestimation of the fused LST is obtained compared to the original as shown by the 1:1 line
(Fig. 11c). The strong correlation between the BT at the two resolutions suggests that the underlying physical processes (e.g., surface
emissivity, vegetation cover, or soil moisture) are continuous and consistent across scales. However, atmospheric conditions (e.g.,
water vapor, aerosols) may vary with spatial resolution, leading to slight discrepancies in surface temperature estimates despite the
strong correlation. Nevertheless, the proposed scaling algorithms does not seem to have introduced large errors, affecting the surface
temperature estimates (Fig. 11c).
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Fig. 9. Spatial distribution of fused LST errors: (a) true color of the study area, and (b) spatial distribution of errors through the same study area.

4.2.2. Statistical analysis with independent data

In order to verify the strength of the proposed algorithm, and considering the luck of LST in-situ measurements, a comparison was
conducted between the fused LST and the MODIS product as proposed by Arabi Aliabad et al. (2021). To overcome the disparity in
spatial resolution between the MODIS product and the downscaled LST, we focused on homogeneous surfaces that extend over an area
of about 1 km? or those including more than 80 % of a MODIS 1kmx1km pixel. Table 3 shows the cross-validation using the MOD11A1
as reference, while Table A.1 in the appendix illustrates the LST estimation errors between the downscaled LST and that extracted from
MOD11A1 at the level of each tie point respecting the aforementioned condition with related geographic coordinates, pixel class, LST
values of downscales LST and those of MODIS as well as the quality control of MODIS pixel.

The statistical analyses obtained from the results of the cross-validation procedure based on MODIS observations show that the
most accurate class is forest with an RMSE of 0.85 K, followed by farmland and suburban areas. While a significant increase in errors is
observed in the urban core with a MAE of 2.24 K and an RMSE of approximately 2.77 K. This increased error can be caused by the
moderate quality of MODIS LST in the urban core which is affected by an average error better than 2 K (Table A.1 and A.2 in the
Appendix).

Fig. 12 shows some overestimation of the high resolution LST compared to MOD11A1 and similar to that shown in Fig. 11c. Again,
the cause may reside in atmospheric conditions at different scales. On the other hand, if we consider only rural areas covered mainly by
dense vegetation, farmlands and forest trees, which represent a good LST quality (QC = 0), an MAE of 1.13 K and an RMSE of 1.48 K
was achieved when cross-validated against MOD11A1. Overall a strong correlation exists between the data as evidenced by the R-
square of 0.84.

4.2.3. Statistical analysis with machine learning models

Table 4 shows the error metrics (CC, MAE, RMSE, ERGAS, and Q) between the downscaled images using the five machine learning
models and the original images over the city of Brussels. The results demonstrate that the Polynomial, Lasso, and Ridge models were
performing similarly for the given dataset and parameters (BT10, BT11, and LST). These models outperform the linear model, how-
ever, the Random Forest Model showed better performance for the three parameters, with the highest CC, lower RMSE and MAE, and
an ERGAS index of 0.155, indicating high-quality of the downscaled images. The Q index for the LST of the Random Forest model was
0.902, which reflects a high similarity between the predicted and the original data.

However, the proposed approach significantly outperforms the five machine learning models across all metrics. The HRTF algo-
rithm achieves higher Correlation Coefficient (CC) values, with 0.974 for BT10 and BT11 and 0.966 for LST, indicating better pre-
dictive accuracy than the best-performing ML model (Random Forest model). Overall, the HRTF method provided more accurate and
better results of the downscaled LST.
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Table 2
Statistic parameters of the inter-comparison between downscaled and original data (BT: brightness temperature; LST: Land Surface Temperature; N:
number of control points).

Indices CC MAE (K) RMSE (K) ERGAS Q
BT10 0.974 0.371 0.480 0.018 0.971
BT11 0.974 0.331 0.426 0.016 0.971
LST 0.966 0.667 0.876 0.095 0.961
N) 6192
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Fig. 11. Scatter plots of the downscaled versus the original data: for (a) original and downscaled BT of band 10; (b) original and downscaled BT of
band 11; and (c) original and downscaled LST.

Table 3
Validation of downscaled LST extracted from the HRTF method using the MOD11A1
product as reference.

Classes MAE (K) RMSE (K)
Farmland 1.06 1.25
Forest 0.63 0.85
Peri-urban 1.22 1.40
Urban 2.24 2.77

MAE = 1.43 K RMSE = 1.92 K (for the whole classes’ selected tie points).
5. Discussion

According to several studies (Rodriguez-Galiano et al., 2012; Stathopoulou and Cartalis, 2009; Dominguez et al., 2011b), the
conventional fusion methods consist of applying the downscaling technique directly to the LST. The proposed approach is innovative
and advantageous especially when applied to heterogeneous surfaces spreading over important extents and allowing the enhancement
of the spatial details of the original LST with an excellent RMSE, less than 0.88K. The results obtained from this fusion method are
promising compared to other methods in terms of spatial resolution and accuracy.

One of the main challenges in the present research is the lack of in-situ measurement for LST validation which was similarly
presented in Pu and Bonafoni (2023a) and Dong et al. (2020). In addition, Pu and Bonafoni (2023b) highlight the issue related to field
LST measurements that do not precisely describe the spatial distribution pattern of a large heterogeneous area at the pixel level. To
address this, two cross-validation techniques of the downscaled LST from HRTF model were employed across both urban and rural
areas of Brussels; firstly, comparative analysis with the original LST data from Landsat-OLI/TIRS (Bonafoni, 2016; Dong et al., 2020);
secondly, with independent data from the MODIS temperature sensor product (Arabi Aliabad et al., 2021; Dong et al., 2020; Li et al.,
2018; Zhang et al., 2019). It is important to note that the broad swath width of MODIS (2330 km), could lead to significant temporal
inconsistencies across large study areas (Li et al., 2023, 2024). According to Li et al. (2023), the swath width of MODIS can result in
more than a 1-h difference in local solar time from West to East. However, the present research focuses on Brussels City and its outskirts
with a width of 31.42 Km which is relatively small compared to the 2330 km swath width of MODIS. Therefore, the impact of such
temporal differences on LST measurements would possibly be negligible. In view of that, the MODIS data provides a reliable
cross-validation for evaluating the accuracy of downscaled LST.

Concerning the validation with the original LST, the latter was retrieved using the Split Window Algorithm, which offers accuracy
in the neighborhood of 1 K and an RMSE of about 1.025 K (Yu et al., 2014). Therefore, we can conclude that the HRTF method allows
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Fig. 12. Scatter plots of the MODIS LST versus downscaled LST.

Table 4
Statistic parameters of the five machine learning models (BT: Brightness Temperature, LST: Land Surface Temperature).
City Brussels
Model Indices CcC MAE (K) RMSE (K) ERGAS Q
Linear Model BT10 0.798 1.125 1.477 0.163 0.770
BT11 0.780 1.062 1.374 0.153 0.748
LST 0.778 1.674 2.222 0.240 0.766
Polynomial Model BT10 0.824 1.062 1.389 0.153 0.802
BT11 0.806 1.008 1.300 0.145 0.780
LST 0.800 1.605 2.125 0.229 0.790
Lasso Model BT10 0.824 1.062 1.389 0.153 0.802
BT11 0.806 1.009 1.300 0.145 0.779
LST 0.800 1.605 2.125 0.229 0.790
Ridge Model BT10 0.824 1.062 1.389 0.153 0.802
BT11 0.806 1.008 1.300 0.145 0.780
LST 0.800 1.605 2.125 0.229 0.790
Random Forest Model BT10 0.963 0.479 0.678 0.075 0.958
BT11 0.950 0.412 0.642 0.071 0.951
LST 0.910 1.097 1.440 0.155 0.902

us to retrieve precise information about the LST at 10-m spatial resolution with an approximate accuracy of about 1.905 K (1.025 +
0.88). Moreover, the result obtained from the validation with MODIS, as reported in Table 3, confirms the credibility and the reliability
of this accuracy (1.905 k) since it shows an RMSE of about 1.92 K, close to that obtained previously (1.905 K), which is evidence of the
performance of the proposed model.

Furthermore, as an additional evaluation this research has used five machine learning models of downscaling to compare and
evaluate the accuracy and performance of the HRTF technique. The HRTF approach demonstrates better results in LST downscaling for
the city of Brussels compared to the five machine learning models. Therefore, the proposed HRTF approach is highly recommended for
the LST downscaling to the finer spatial resolution. It can be used to detect more spatial details in a wide range of applications, such as:
surface urban heat island, thermal discomfort, health, heat-related death, soil moisture (Bannari et al., 2020), agriculture or urban
microclimate monitoring.

6. Conclusions
Many research studies require high resolution data of land surface temperatures which is not readily available over long period of
time. In this paper, we propose a new approach to downscale LST to 10-m spatial resolution based on Sentinel-MSI images. This

approach differs from previous studies by the fact that the downscaling is done as a first step on the brightness temperature which
conserves the continuity of the landscape, then atmospheric corrections based on the downscaled BT, atmospheric water vapor
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content, and land surface emissivity is performed. This method has been tested in heterogeneous surfaces (including rural, urban,
water, airport, roads, and forest cover) over the city of Brussels. Both the fused BT and LST were evaluated and verified using visual
comparison and statistical metrics. The downscaled results generated with this method reached high spatial accuracy compared to the
original data extracted from OLI/TIRS with an RMSE ranging from 0.63 to 0.88 K for LST, and less than 0.37K for BT. The cross-
validation of the results using independent products, such as MOD11A1, shows an acceptable RMSE of 1.92 K. Comparison of the
results with those obtained from machine learning models, shows better accuracy across all statistical metrics. Results obtained using
this method are promising as they are able to capture the spatial details such as roads and buildings. It also shows the potential to create
harmonization between high and medium spatial and spectral resolution data such as Sentinel-MSI data and Landsat-OLI/TIRS and
provide an opportunity to use the Landsat data long series of observation and perform retrospective analysis. Finally, outputs from the
proposed method can be used as input in several applications in the environmental field.
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