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A B S T R A C T

Surface air temperature (SAT) is an essential climate variable (ECV). Models based on remote sensing data
allow us to study SAT, without the need for a large network of meteorological stations. Therefore, it allows
monitoring the climate in remote and extensive areas. Niclos et al. (2014) proposed parametric equations for
the SAT retrieval over the Spanish Mediterranean basins. In this study, we evaluated those equations, but in
a larger area and period of study. In addition, we proposed several linear regression models and nonlinear
models based on decision tree methods, non-parametric methods and neuronal networks. These models relate
SAT to land surface temperature, vegetation indexes and albedo from MODIS data. Moreover, meteorological
reanalysis data, from ERA5-Land database, and geographical parameters were used. The accuracy of each model
was evaluated against data from meteorological stations operated by AEMET in the Spanish Mediterranean
basins, during the period 2021–2022. The equations of Niclos et al. (2014) obtained a robust root mean
square error (RRMSE) of 3.1 K at daytime and 1.9 K at nighttime. For the linear regression models, the RRMSE
decreased to 2.3 K (1.5 K) at daytime (nighttime). Finally, the nonlinear methods, in particular XGBoost model,
showed an RRMSE of 1.5 K for daytime and 1.0 K at nighttime. Therefore, the comparison between methods
showed that nonlinear models, in particular those based on decision tree methods, offered the best results in
SAT retrieval in our study.
1. Introduction

GCOS defined the surface air temperature (SAT) as an ECV. It
has an important role on evaluating climate change (GCOS, 2022),
affecting many aspects of humans life, e.g. public health or agricultural
sector (Paredes-Fortuny and Khodayar, 2023; Zakšek and Schroedter-
Homscheidt, 2009).

Currently, huge nets of meteorological stations installed around
the world provide ground mesurements of meteorological variables,
e.g. SAT (Brugnara et al., 2019; Dunn et al., 2020). Even so, the stations
layout presents gaps located in remote zones due to extreme weather
conditions or economic reasons (Dunn, 2020). Remote sensing data
allow us to estimate SAT over a large region without the need for a
dense network of meteorological stations (Czajkowski et al., 2000).

Previous studies suggested that land surface temperature (LST) has
a high correlation with SAT, estimating it from LST and Spectral Vege-
tation Index measurements (SVI) (Khesali and Mobasheri, 2023; Nieto
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et al., 2011; Prihodko and Goward, 1997). Other studies found that,
although SAT is mainly related to LST, it is also related to geographical
and meteorological parameters (Cristóbal et al., 2008; Ninyerola et al.,
2007). Thus, adding more parameters results in an improvement on the
SAT retrieval (Cristóbal et al., 2008; Niclos et al., 2014).

Linear methods have been typically used for the estimation of SAT,
with accuracies between 1.2 and 4 ◦C depending on input parameters,
study region and period (Cristóbal et al., 2008; Khesali and Mobasheri,
2020; Niclos et al., 2014; Nieto et al., 2011; Parlak and Yavasoglu,
2023; Prihodko and Goward, 1997). In the last decade, nonlinear
models based on machine learning and deep learning have been applied
as an alternative to linear methods for SAT retrieval, achieving also
more accurate results (Noi et al., 2017; Parlak and Yavasoglu, 2023;
Ruiz-Álvarez et al., 2019; Ye et al., 2022). Noi et al. (2017) and Parlak
and Yavasoglu (2023) compared the linear and nonlinear methods
using a reduced number of variables. The comparison yielded to similar
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results between both methods.
In this paper we retrieve the SAT with linear and nonlinear meth-

ods using a larger number of variables, which includes satellite data,
meteorological data, geographical and topographical parameters. Pre-
vious studies obtained good accuracies for small areas (<25000 km2)
but they tend to worse accuracies when their areas are larger. In
addition, nonlinear techniques are applied for first time over the Span-
ish Mediterranean Basins which cover a relevant climatological area
(∼150000 km2) due to its location and orography (Bladé and Castro-
Díez, 2010; Font Tullot, 2000; Gonzalez-Hidalgo et al., 2015; Pompeu
et al., 2023), and it has been identified as a hotspot in Europe in terms
f climate (Diffenbaugh and Giorgi, 2012; Stocker et al., 2023), making
his study also important in terms of climate change monitoring.

Moderate Resolution Imaging Spectroradiometer (MODIS), aboard
Terra and Aqua platforms, acquires daily data in 36 spectral bands.
MODIS data were used previously to retrieve the SAT due to its tempo-
ral and spatial resolution (Khesali and Mobasheri, 2023; Niclos et al.,
2014; Noi et al., 2017; Recondo et al., 2013). In particular, we used

qua MODIS which offers us 2 daily data for LST, giving us the possi-
ility to obtain and compare daytime and nighttime models. In Niclos
t al. (2014) the authors used MODIS data and ground data to retieve

SAT along Valencian region during 2009 summer. In this study we
extended the area and period of their study, covering all Spanish
Mediterranean region during 2 years (2021–2022). Thus, we first stud-
ied the possibility of extrapolating the regressions obtained by Niclos
t al. (2014) for the entire Spanish Mediterranean region.

Thus, our main goal is to retrieve the SAT from multiple variables,
.g. satellite data, meteorological data, geographical and topographical

parameters, for the Spanish Mediterranean basins, using linear and
onlinear methods. Furthermore, we aimed to obtain an accurate and
eneralized model over the area of study, which is representative of
ifferent climates, landcovers and elevation range, with an accuracy
imilar or better than that found in the existing literature for smaller
reas.

In the following section the study area and the data are defined.
hen, the metodology followed in this study is explained in Section 3.

The results obtained are shown and discussed in Section 4 and, finally,
the main conclusions of this study are summarized in Section 5.

2. Study area and data

2.1. Study area

Spanish Mediterranean basins are located on the east side of the
Iberian Peninsula, but include also the Balearic Islands (Fig. 1). Our
study area presents a wide variety of land covers and terrain el-
evation range. The predominant climate on Spanish Mediterranean
asins is hot-summer Mediterranean climate, which has dry summers
nd wet winters with a moderate temperature variation between sea-

sons (AEMET, 2011).
In addition, Mediterranean region is suffering an increase in its

temperature, which is higher compared to other regions around the
world (Lionello and Scarascia, 2018; MedECC, 2020). Also, the severity
and periodicity of extreme climate events, e.g. tropical nights, torrential
ainfalls or heat waves, are increasing over the Spanish Mediterranean
asins during the last 7 decades analyzed (Lorenzo et al., 2021; Lorenzo
nd Alvarez, 2022; Miró et al., 2018; Olcina et al., 2019; Paredes-

Fortuny and Khodayar, 2023), making the region a relevant study area
for analyzing climate change.

2.2. In situ and meteorological data

Fig. 1 shows the distribution of the ground measurements employed
in this study. These stations are distributed along 8 river basins that
flow into the Mediterranean Sea. We used SAT values from them to
 d

2 
validate models results. The other variables were obtained from ERA5-
Land reanalysis database, which provides hourly data for different
meteorological variables with a native resolution of 9 km (Muñoz-
Sabater et al., 2021). ERA5-Land was proved to be a good database
o reproduce spatio-temporal trends over Spain (Gomis-Cebolla et al.,

2023).
Relative humidity (RH), wind velocity (U) and solar irradiance (I)

cannot be directly extracted from ERA5-Land. To obtain relative humid-
ity we used a version of the August-Roche-Magnus equation (August,
1828; Magnus, 1844):

𝑅𝐻 = 𝑒
𝛽⋅𝑇𝑑
𝜆+𝑇𝑑

𝑒
𝛽⋅𝑇𝑎
𝜆+𝑇𝑎

⋅ 100 (1)

where 𝛽 = 17.625 and 𝜆 = 243.04 ◦C are the recommended values for
agnus’ coefficients (Alduchov and Eskridge, 1996; Lawrence, 2005).
𝑑 and 𝑇𝑎 represent dew point temperature and SAT, respectively,

which can be downloaded directly from ERA5-Land.
Wind speed was obtained by calculating the modulus of the vertical

and horizontal components of the wind provided in the ERA5-Land
database. Finally, solar irradiance was obtained from the downwards
surface solar radiation, which was converted into solar irradiance by
the difference of the accumulated radiation between each hour divided
by 3600 s.

2.3. Remote sensing data

Remote Sensing data were used to obtain LST, normalized difference
vegetation index (NDVI) and albedo (AL) variables. LST was obtained
rom the MYD11A1 MODIS product, which have daily temporal res-
lution and 1 km nominal spatial resolution (Wan, 1999). MYD11A1

product gives two LST values per day, one at daytime and the other at
nighttime. Daytime data are measured between 12:00 and 14:00 UTC
at the study area, while nighttime data are measured between 1:00
and 3:00 UTC. Thus, since Aqua overpasses are closer to maximum
and minimum daily temperatures, its observations are more suitable for
climate studies (Good, 2015, 2016; Good et al., 2017) than those from

ODIS Terra, which has an overpass time around 10 AM/PM, i.e. short
fter mid-night and after sunrise respectively. LST data were filtered to
emove all values that were obtained with a view angle greater than
5◦, to avoid overlapping pixels between two orbits, and those with
n error greater than 2 K. Filtering large viewing angles also reduces
he directional effects introduced in the edges of the images with large
waths due to the directional anisotropy in the observations. Both LST
nd NDVI were demonstrated to be sensible to these effects, so this
iltering improved the accuracy of our data (Bian et al., 2023; León-

Tavares et al., 2021). NDVI data were extracted from the MYD13A2
ODIS product, which has 16-day temporal resolution and 1 km spatial

resolution (Huete and Justice, 1999). Due to NDVI’s stability, NDVI
values were processed to obtain daily values, by searching the nearest
alue measured for each day. Finally, albedo data were extracted from
he MCD43A3 MODIS product, which has daily temporal resolution and
00 m spatial resolution (Strahler and Muller, 1999). Albedo values

were resampled to 1 km by calculating the mean value of 2 × 2 pixels,
in order to homogenize all product spatial resolutions.

2.4. Geographical and topographical data

Geographical and topographical data influence SAT (Cristóbal et al.,
2008; Niclos et al., 2014; Ninyerola et al., 2007; Zakšek and Schroedter-
Homscheidt, 2009). In particular, the following geographical and topo-
graphical parameters were used: elevation (ℎ), longitude (Lon), latitude
(Lat), topographical aspect (𝜙𝑡), slope (𝑠) and the difference between
ach station altitude and the mean elevation of its 20 km around it
𝛥ℎ).

These parameters were computed using a 1 km resolution resampled
igital elevation model (DEM) mosaic made from sheets of the Spanish
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Fig. 1. Location of AEMET meteorological stations in the Spanish Mediterranean basins.
Fig. 2. Study area’s DEM.
National Geography Institute (IGN; IGN, 2010) in UTM 30 projection
(Fig. 2), and the coastline database from the European Environment
Agency (EEA; EEA, 2017).

In addition, solar coordinates were used, such as solar zenithal angle
(𝑧), solar azimuthal angle (𝑎) and solar incidence angle (𝑖) calculated
with the expressions published in Valor et al. (2023). These variables
characterize how solar radiation affects the study area, taking into ac-
count its orography and the day and hour of the satellite overpass. Solar
coordinates, together with remote sensing data and meteorological data
which offer instantaneous data, are thus time-dependent variables.
3 
All these variables were obtained for the period 2021–2022, but,
not everyday were available due to some factors, e.g. the presence of
clouds, low LST accuracy and lack of in situ data. Thus, we filtered
all the variable out from those days with missing values. Finally, the
database was splitted into two datasets, one with daytime values and
another with nighttime values. Table 1 shows the statistics (mean (M),
standard deviation (SD), maximum (Max) and minimum (Min)) for the
studied variables in the final datasets.

Once we got the daytime and nighttime datasets, we filtered the
data to eliminate values located in the 2% of the tails of the SAT
histograms to avoid outliers. This process removed all extreme values
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Table 1
Inputs’ statistics for daytime and nighttime.

Daytime inputs Nighttime inputs

M SD Min Max M SD Min Max

LST (K) 302 12 265 329 282 7 255 301
NDVI 0.4 0.15 −0.11 0.9 0.4 0.15 −0.11 0.9
Al 0.16 0.05 0.03 0.7 0.17 0.04 0.03 0.7
SAT (K) 296 8 269 317 284 8 257 310
RH (%) 45 14 9 99 83 14 17 100
U (m/s) 3 1.7 0.03 16 2.1 1.4 0.02 15
I (103 W/m2) 0.7 0.2 0.1 1.0
Lat (◦) 40 2 35 43 40 2 36 43
Lon (◦) −0.4 2.3 −5 4 −0.5 2.2 −5 4
h (km) 0.5 0.4 0 2.3 0.5 0.4 0 2.3
𝛥ℎ (km) −0.08 0.18 −0.9 0.7 −0.08 0.18 −0.9 0.7
s (◦) 3 3 0 19 3 3 0 19
𝜙𝑡 (◦) 160 99 1 359 162 98 1 359
dist (km) 27 25 0 91 27 26 0 91
z (rad) 0.7 0.3 0.2 1.2
a (rad) −0.5 0.2 −1.2 0.0
i (rad) 0.7 0.3 0.1 1.4
Fig. 3. Flowchart of data processing.
that could interact with the robustness of our models (Ghent et al.,
2019).

The procedure detailed in this section is summarized in Fig. 3.

3. Methods

This section describes the different models analyzed in the study.
We divided them in 3 groups: regressions published in Niclos et al.
(2014), linear methods and nonlinear methods.
4 
Firstly, we described the regressions published in Niclos et al.
(2014), which were evaluated in our extended study region .

Among linear regression models, we have regularized and non-
regularized methods. Most of the previous studies Cristóbal et al.
(2008), Niclos et al. (2014), Nieto et al. (2011), Noi et al. (2017), Parlak
and Yavasoglu (2023), Prihodko and Goward (1997), Ruiz-Álvarez
et al. (2019) and Ye et al. (2022) used non-regularized methods, achiev-
ing good results. Parlak and Yavasoglu (2023) also studied regularized
methods showing a good improvement over non-regularized. We used
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Table 2
Regressions published in Niclos et al. (2014) for daytime and nighttime.

Daytime equations
D.1 𝑆 𝐴𝑇 = 0.40 𝐿𝑆 𝑇 + 178.7
D.2 𝑆 𝐴𝑇 = 0.26 𝐿𝑆 𝑇 − 12.4 (1 −𝑁 𝐷 𝑉 𝐼) − 5.9 𝐼 − 0.102 𝑅𝐻 − 0.031 𝐿𝑎𝑡 − 0.8 ℎ + 27.0 𝐴𝐿 + 260.1
D.3 𝑆 𝐴𝑇 = 0.25 𝐿𝑆 𝑇 − 9.3 (1 −𝑁 𝐷 𝑉 𝐼) − 8.8 (1 − 𝐴𝐿) 𝐼 − 0.109 𝑅𝐻 − 0.029 𝐿𝑎𝑡 − 2.2 ℎ − 0.57 𝐷 𝑖𝑠𝑡 + 264.6
D.4 𝑆 𝐴𝑇 = 0.47 𝐿𝑆 𝑇 − 18.6 (1 −𝑁 𝐷 𝑉 𝐼) − 6.0 𝐼 − 0.040 𝐿𝑎𝑡 + 1.9 ℎ − 0.101 𝐷 𝑖𝑠𝑡 + 44.4 𝐴𝐿 + 195.6
D.5 𝑆 𝐴𝑇 = 0.49 𝐿𝑆 𝑇 − 13.5 (1 −𝑁 𝐷 𝑉 𝐼) − 10.5 (1 − 𝐴𝐿) 𝐼 − 0.037 𝐿𝑎𝑡 − 0.5 ℎ − 0.056 𝐷 𝑖𝑠𝑡 + 194.6
D.6 𝑆 𝐴𝑇 = 𝐿𝑆 𝑇 + 1.82 − 10.66 cos 𝑧 (1 −𝑁 𝐷 𝑉 𝐼) − 0.566 𝑎 − 3.72 (1 − 𝐴𝐿)(cos 𝐼∕ cos 𝑧 + (𝜋 − 𝑠)∕𝜋) 𝐼 − 3.41 𝛥ℎ
D.7 𝑆 𝐴𝑇 = 0.52𝐿𝑆 𝑇 + 152.7 − 8.6 cos 𝑧 (1 −𝑁 𝐷 𝑉 𝐼) + 1.4 𝑎 − 4.1 (1 − 𝐴𝐿)(cos 𝐼∕ cos 𝑧 + (𝜋 − 𝑠)∕𝜋) 𝐼 − 2.9 𝛥ℎ
D.8 𝑆 𝐴𝑇 = 0.52𝐿𝑆 𝑇 + 152.3 − 8.5 cos 𝑧 (1 −𝑁 𝐷 𝑉 𝐼) − 5.4 (1 − 𝐴𝐿)(cos 𝐼∕ cos 𝑧 + (𝜋 − 𝑠)∕𝜋) 𝐼
D.9 𝑆 𝐴𝑇 = 0.23𝐿𝑆 𝑇 − 9.5 cos 𝑧 (1 −𝑁 𝐷 𝑉 𝐼) − 2.3 (1 − 𝐴𝐿)(cos 𝐼∕ cos 𝑧 + (𝜋 − 𝑠)∕𝜋) 𝐼 − 0.115 𝑅𝐻 − 0.033 𝐿𝑎𝑡 − 2.8 ℎ − 0.059 𝐷 𝑖𝑠𝑡 + 270.4
D.10 𝑆 𝐴𝑇 = 0.51𝐿𝑆 𝑇 − 15.1 cos 𝑧 (1 −𝑁 𝐷 𝑉 𝐼) − 3.1 (1 − 𝐴𝐿)(cos 𝐼∕ cos 𝑧 + (𝜋 − 𝑠)∕𝜋) 𝐼 − 0.04 𝐿𝑎𝑡 − 1.0 ℎ − 0.059 𝐷 𝑖𝑠𝑡 + 188.5

Nighttime equations
N.1 𝑆 𝐴𝑇 = 0.94𝐿𝑆 𝑇 + 19.3
N.2 𝑆 𝐴𝑇 = 0.85𝐿𝑆 𝑇 + 1.8(1 −𝑁 𝐷 𝑉 𝐼) − 0.129 𝑅𝐻 + 0.0005 𝑅𝐻2 − 0.009 𝐿𝑎𝑡 − 0.8 ℎ − 0.009 𝐷 𝑖𝑠𝑡 − 10.4 𝐴𝐿 + 0.04 𝑈 + 58.9
N.3 𝑆 𝐴𝑇 = 0.86𝐿𝑆 𝑇 + 1.7(1 −𝑁 𝐷 𝑉 𝐼) − 0.130 𝑅𝐻 + 0.0005 𝑅𝐻2 − 0.009 𝐿𝑎𝑡 − 0.7 ℎ − 0.008 𝐷 𝑖𝑠𝑡 − 10.6 𝐴𝐿 + 56.1
N.4 𝑆 𝐴𝑇 = 0.92𝐿𝑆 𝑇 + 2.8(1 −𝑁 𝐷 𝑉 𝐼) − 0.012 𝐿𝑎𝑡 − 0.9 ℎ − 0.0018 𝐷 𝑖𝑠𝑡 − 11.4 𝐴𝐿 + 0.26 𝑈 + 31.8
N.5 𝑆 𝐴𝑇 = 0.99𝐿𝑆 𝑇 + 2.3(1 −𝑁 𝐷 𝑉 𝐼) − 0.012 𝐿𝑎𝑡 − 1.3 ℎ − 0.0016 𝐷 𝑖𝑠𝑡 − 13.3 𝐴𝐿 + 12.2
Ordinary Least Squares (OLS) as non-regularized method, while Ridge,
Lasso and Elastic Net (EN) were chosen as regularized methods.

In the last decade, nonlinear methods have been used frequently.
Random Forest (RF) is one of the most popular nonlinear method to
obtain SAT (Noi et al., 2017; Parlak and Yavasoglu, 2023; Ruiz-Álvarez
et al., 2019), although several authors applied other approaches
e.g. neuronal networks (Ye et al., 2022). In our study we also used
different approaches to test which one offers the best results. These
models are RF, XGBoost (XGB), K-Nearest Neighbors (KNN) and a
Multilayer Perceptron (MLP) neuronal network.

To validate our results and prevent overfitting, we used a holdout of
70%/30% for training and test, respectively. In addition, each method
had a 10-fold cross validation to made our results more robust to
overfitting (James et al., 2013; Montavon et al., 2012). We used the
Scikit-learn Python’s library (Pedregosa et al., 2011a,b).

3.1. Niclos et al. (2014) regressions

Niclos et al. (2014) included 15 equations, 10 for daytime and 5
for nighttime (Table 2). They studied the retrieval of the SAT dur-
ing 2009 summer over the Valencian region. One of these equations
(D.6 in Niclos et al., 2014) was proposed by Zakšek and Schroedter-
Homscheidt (2009), while the others were proposed by Niclos et al.
(2014) using stepwise algorithms. We evaluated their expressions using
our dataset, which covers a larger region and a longer period.

3.2. Linear methods

Many authors pointed out that SAT has a linear dependence with
LST and other parameters (Cristóbal et al., 2008; Niclos et al., 2014;
Nieto et al., 2011; Prihodko and Goward, 1997). We studied linear de-
pendence among SAT and the selected input variables shown in Table 1.
Using linear methods require that the used variables must accomplish
certain major assumptions, which are: weak exogeneity, linearity, ho-
moscedasticity, independence of errors, lack of perfect multicollinearity
and assumption of zero mean of residuals (Hayashi, 2000), which in
this study are estimated as the difference between the predicted and
observed SAT (Jeng and Martin, 1985). The correlation matrixes for
daytime and nighttime using Pearson’s method showed that LST has
the highest linear dependence with SAT (Fig. 4). Since some variables
have linear relation with the difference between SAT and LST, but not
with SAT only, those variables with a linear dependence higher than
10% or a linear dependence with the difference between SAT and LST
higher than 10% were considered for the regressions. Applying these
5 
Fig. 4. Correlation matrix for daytime values.

requirements, wind velocity (U), distance to coast (dist), the difference
between each station altitude and the mean elevation of its 20 km
around it (𝛥ℎ), and aspect (𝜙𝑡) were dropped out for daytime linear
models. For nighttime models, slope (s), aspect (𝜙𝑡) and distance to
coast (dist) were dropped out. Homoscedasticity was studied by the
analysis of residuals (Fig. 5). Independence of errors and lack of perfect
multicollinearity were accomplished due to the feature selection of the
regularized methods (Tibshirani, 2011; Williams et al., 2013).

Regularized regressions are useful to prevent overfitting by reducing
the dimensionality of data, specially when the amount of samples is
lower than the amount of parameters (Schelldorfer et al., 2011), which
is not our case but helps also to avoid multicollinearity issues.

Finding the best parameters for our regressions is crucial to obtain
the best fit of the linear model. In order to achieve it, we looked for
the best 𝛼 value for each regularized regressions and the best 𝜌 value
for the EN. As it is shown in Fig. 6 and Table 3, 𝛼 values are close to
0 on all methods, meaning that their results are going to be similar to
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Fig. 5. Residuals analysis, gaussian distribution shows homoscedasticity.
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Fig. 6. Best 𝛼 finding example for Ridge method at daytime.

Table 3
𝛼 values for each linear method.
𝛼 Ridge Lasso EN

Daytime 0.176 <0.001 <0.001
Nighttime 0.654 <0.001 <0.001

the OLS method (Hoerl and Kennard, 1970; Pedregosa et al., 2011a,b;
Tibshirani, 1996; Zou and Hastie, 2005). For EN, 𝜌 = 0.98 for daytime
and 0.71 for nighttime.

3.3. Nonlinear methods

Since not all input variables showed a good linear correlation with
SAT, that suggested that nonlinear methods can be a good approach for
SAT retrieval. We studied 3 different approaches: (i) algorithms based
on decision trees, i.e. RF and XGB, (ii) non-parametrical algorithms,
i.e. KNN, (iii) and a neuronal network, i.e. MLP.

While RF was previously tested showing slightly better accuracies
than linear methods (Noi et al., 2017; Parlak and Yavasoglu, 2023;
 T
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Table 4
Optimized parameters for RF, XGB and KNN methods.

RF XGB KNN

Daytime Nighttime Daytime Nighttime Daytime Nighttime

Max depth 33 30 6 5 – –
Number of
estimators

502 483 1684 1425 – –

Learning rate – – 0.052 0.025 – –
K – – – – 5 2

able 5
LP’s structure (number of neurons) and parameters for dense layers.
Number of neurons Daytime Nighttime

18 306 -
12 – 156
8 152 104
4 36 36
1 5 5

uiz-Álvarez et al., 2019), XGB is an extreme gradient boosting al-
orithm which typically outperforms RF (Hastie et al., 2009; Shao
t al., 2024; Zhang et al., 2022). KNN is a non-parametric model that
omputes the mean value of the k-nearest values for each point, fitting
redictors’ behavior to the reference value (Cover and Hart, 1967; Fix
nd Hodges, 1989).

All the previous methods requires a parametrization to be opti-
ized. Parameters were extracted by using a random grid search pro-

iding an interval for each parameter and randomly choosing a combi-
ation of them, getting the best combination possible. Best parameters
ound are shown in Table 4.

MLP is a feedforward neuronal network which consists in multiple
ayers of neurons fully connected with each others. These kind of
euronal networks are the base of many others, e.g. convolutional
euronal networks and recurrent neuronal networks (Hastie et al.,
009). We used a simple network, due to the amount of available data
n our study, with the structure that is shown on Table 5.

To compute all these methods we used different Python’s libraries.
or RF and KNN we used Scikit-learn library (Pedregosa et al., 2011a,b),
or XGB we used XGBoost library (Chen and Guestrin, 2016) and
ensorflow for MLP method (Abadi et al., 2015).
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Fig. 7. SAT computed using the regressions published in Niclos et al. (2014) for daytime against in situ SAT.
3.4. Statistical comparison

To compare all the methods and analyze which performs the best,
we used robust statistics (i.e., median (Med), robust standard deviation
(RSD; Eq. (2)) (Wilrich, 2007; Pérez-Planells et al., 2021) and robust
root-mean-square-error (RRMSE; Eq. (3))) to avoid the influence of
possible outliers. Furthermore, we calculated also standard statistics
(i.e., bias (B), standard deviation (SD), root-mean-square-error (RMSE))
for comparison with previous studies.

𝑅𝑆 𝐷 = 𝑚𝑒𝑑 𝑖𝑎𝑛 |
|

(𝑇𝑀 𝑜𝑑 𝑒𝑙 − 𝑇𝑆 𝑡𝑎𝑡𝑖𝑜𝑛)𝑖 − 𝑚𝑒𝑑 𝑖𝑎𝑛(𝑇𝑀 𝑜𝑑 𝑒𝑙 − 𝑇𝑆 𝑡𝑎𝑡𝑖𝑜𝑛)𝑖|| ⋅ 1.483
(2)

𝑅𝑅𝑀 𝑆 𝐸 =
√

𝑀 𝑒𝑑2 + 𝑅𝑆 𝐷2 (3)
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4. Results and discussion

This section includes the main results obtained. For all figures
included hereafter the solid line represents the 1:1 relationship, while
dashed line represents the linear fit between reference SAT and mod-
eled SAT. Results are shown following the structure used on Section 3.

4.1. Niclos et al. (2014) regressions

Niclos et al. (2014) regressions applied to our dataset show an
irregular behavior for daytime, where some regressions achieve high
𝑅2 (e.g. D.6) while others gets low 𝑅2 (e.g. D.9) (Fig. 7). The main
difference between those that achieve high 𝑅2 and those that not, is
the coefficient given to the LST parameter. Those whose LST coefficient
is closer to 1 have higher 𝑅2, meaning that LST is the most important
factor to retrieve SAT.
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Fig. 8. SAT computed using the regressions published in Niclos et al. (2014) for nighttime against in situ SAT.
Table 6
Niclos et al. (2014) daytime regressions statistics of the differece between in situ SAT and computed SAT for our dataset.

D.1 (K) D.2 (K) D.3 (K) D.4 (K) D.5 (K) D.6 (K) D.7 (K) D.8 (K) D.9 (K) D.10 (K)

B 3.8 6.3 5.3 3.0 4.3 −0.6 4.9 3.4 5.4 5.4
SD 4.1 8.6 8.1 9.8 8.5 3.1 4.8 4.9 8.9 8.1
RMSE 5.6 10.6 9.7 10.2 9.5 3.2 6.9 6.0 10.4 9.8
Med 3.6 6.4 5.2 3.2 4.1 −0.7 4.5 2.9 5.3 5.3
RSD 4.2 8.5 8.2 9.5 8.2 3.1 5.4 5.5 9.1 8.2
RRMSE 5.6 10.7 9.8 10.1 9.2 3.1 7.0 6.2 10.5 9.8
Table 7
Niclos et al. (2014) nighttime regressions statistics of the differece between in situ SAT
and computed SAT for our dataset.

N.1 (K) N.2 (K) N.3 (K) N.4 (K) N.5 (K)

B 1.0 0.8 0.7 −0.4 −1.2
SD 1.9 2.4 2.4 2.8 2.9
RMSE 2.1 2.6 2.5 2.8 3.1
Med 1.0 0.9 0.7 −0.4 −1.2
RSD 1.6 2.3 2.3 2.7 2.8
RRMSE 1.9 2.5 2.4 2.8 3.1

For nighttime, the variation between expressions is lower (Fig. 8),
being N.1 the best with 𝑅2 = 0.93. In general nighttime results are
better than daytime, as it was also found by other authors Niclos et al.
(2014), Ruiz-Álvarez et al. (2019) and Tao et al. (2014). This behavior
is related to the inputs used, because there are less variables involved in
the SAT retrieval at nighttime, and LST gains importance against other
variables.

These results also can be seen in the statistical results shown in
Tables 6 and 7, where the lowest RMSE for daytime is for equation D.6,
with 3.2 K, and the lowest nighttime RMSE is for equation N.1, with
2.1 K. These results do not resemble those obtained by Niclos et al.
(2014). They found that, for daytime, D.6 was the worst expression
with an RMSE of 3.37 K, while the best result was for D.2, with a RMSE
of 1.28 K. For nighttime the results obtained by Niclos et al. (2014)
showed that N.1 (the linear one with just LST) performed the worst,
with an RMSE of 1.81 K while N.2 achieved the best result with 1.26 K.
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RMSE for D.6 is similar in both studies meaning that Zakšek and
Schroedter-Homscheidt (2009) expression works similar for different
areas and periods, while Niclos et al. (2014) expressions depend more
on the dataset used. This fact prevents Niclos et al. (2014) expressions
from being extrapolated to longer areas and periods, although the
coefficients of each equation can be reffited for other datasets.

4.2. Linear methods

Figs. 9 and 10 show scatterplots of station and computed SATs for
daytime and nighttime linear methods.

As we advanced in Section 3.2, achieving low values for 𝛼’s value
indicates that there is no need to reduce the dimensionality of our
dataset. In other words, all algorithms are being reduced to an OLS
(Figs. 9 and 10). This means that our number of samples is enough to
handle correlated errors without needing regularized methods.

Tables 8 and 9 show the RRMSE obtained by linear methods. RRMSE
values are of 2.3 K for daytime and of 1.5 K for nighttime, which
are much lower than those we obtained with Niclos et al. (2014)
regressions (Tables 6 and 7). In fact, these methods outperformed the
best regressions that we found before (D.6 and N.1).

We finally obtained, from the OLS method, the following expres-
sions for retrieve SAT for daytime (Eq. (4)) and nighttime (Eq. (5)),
respectively:
𝑆 𝐴𝑇 = 0.807 𝐿𝑆 𝑇 + 8.4 𝑁 𝐷 𝑉 𝐼 − 13.6 𝐴𝐿 − 0.030 𝐻 𝑅 − 5.9 𝐼 −

− 0.063 𝐿𝑎𝑡 + 0.073 𝐿𝑜𝑛 − 1.98 ℎ + 0.080 𝑠 + 1.8 𝑧 + (4)

+ 1.1 𝑎 − 1.3 𝑖 + 59.9
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Fig. 9. SAT computed using linear methods for daytime against in situ SAT.
𝑆 𝐴𝑇 = 0.965 𝐿𝑆 𝑇 − 2.2 𝑁 𝐷 𝑉 𝐼 + 3.1 𝐴𝐿 + 0.195 𝑈 − 0.019 𝐻 𝑅 +

+ 0.027 𝐿𝑎𝑡 − 0.11 𝐿𝑜𝑛 + 0.18 ℎ + 1.2 𝛥ℎ + 11.47 (5)

LST coefficients are higher than those found by Niclos et al. (2014)
(Table 2), demonstrating that, for larger zones, LST has a huge impor-
tance on SAT retrieval.

4.3. Nonlinear methods

Results for nonlinear methods show big differences among them.
Figs. 11 and 12 show the computed SAT against the station SAT with
nonlinear methods. The best method for both daytime and nighttime
was XGB, which had the highest correlation, followed by RF model
(Figs. 11 and 12). These 2 methods obtained lower RRMSE than linear
models for daytime and nighttime (Tables 10 and 11), with a value
of 1.8 K at daytime and of 1.2 K at nighttime. XGB outperformed RF,
yielding an RRMSE of 1.5 K at daytime and 1.0 K at nighttime. Daytime
error was higher than nighttime, but the difference between them was
smaller than for previous methods.

KNN and MLP obtained similar results to linear methods: 2.3 K and
2.4 K, respectively, at daytime and 1.3 K and 1.6 K at nighttime. These
two methods require a huge amount of data to obtain good results, and
thus our dataset is still limited for the accurate performance of KNN and
MLP models.

Nonlinear models also let us to know the importance of each vari-
able in our model. Fig. 13 shows the importance of each variable for the
9 
Table 8
Daytime linear models’ statistics of the differece between in situ SAT and computed
SAT.

OLS (K) Ridge (K) Lasso (K) EN (K)

B 0.03 0.03 0.03 0.03
SD 2.6 2.6 2.6 2.6
RMSE 2.6 2.6 2.6 2.6
Med 0.10 0.10 0.10 0.10
RSD 2.3 2.3 2.3 2.3
RRMSE 2.3 2.3 2.3 2.3

Table 9
Nighttime linear models’ statistics of the differece between in situ SAT and computed
SAT.

OLS (K) Ridge (K) Lasso (K) EN (K)

B −0.06 −0.06 −0.06 −0.06
SD 1.7 1.7 1.7 1.7
RMSE 1.7 1.7 1.7 1.7
Med −0.06 −0.06 −0.06 −0.05
RSD 1.5 1.5 1.4 1.4
RRMSE 1.5 1.5 1.5 1.5

best model, i.e. XGB. As for the linear models, LST is the most important
variable, specially at nighttime. There is a huge difference between
the importance of LST and the other variables. This result implies that
an improve of the LST data quality would result in a considerable
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Fig. 10. SAT computed using linear methods for nighttime against in situ SAT.
Table 10
Daytime nonlinear models’ statistics of the differece between in situ SAT and computed
SAT.

RF (K) XGB (K) KNN (K) MLP (K)

B 0.02 0.01 0.08 −0.22
SD 2.1 1.7 2.5 2.6
RMSE 2.1 1.7 2.5 2.6
Med 0.03 0.04 0.09 −0.23
RSD 1.8 1.5 2.3 2.4
RRMSE 1.8 1.5 2.3 2.4

improvement of the model. During daytime, altitude shows also a
higher relevance in comparison with the other variables.

In Fig. 14 we compare RRMSEs for the best models of each section.
The differences among methods are higher for daytime models, with
a difference of 0.8 K between OLS and XGB and between D.6 and
OLS. However, the difference between nighttime models is 0.5 K. We
also found that daytime models in general obtain worse results than
nighttime ones in every method.

XGB algorithm using a moderate amount of data, resulted in the
best method to retrieve the SAT, with an uncertainty close to 1.5 K
and 1.0 K for daytime and nighttime, respectively.

Although the best results found in this study are comparable to
those previously found (Cristóbal et al., 2008; Niclos et al., 2014; Nieto
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Table 11
Nighttime nonlinear models’ statistics of the differece between in situ SAT and
computed SAT.

RF (K) XGB (K) KNN (K) MLP (K)

B −0.05 −0.02 −0.10 0.39
SD 1.5 1.2 1.6 1.8
RMSE 1.5 1.2 1.6 1.8
Med −0.02 0.06 0.04 0.37
RSD 1.2 1.0 1.3 1.6
RRMSE 1.2 1.0 1.3 1.6

et al., 2011; Noi et al., 2017; Parlak and Yavasoglu, 2023; Prihodko
and Goward, 1997; Ruiz-Álvarez et al., 2019; Ye et al., 2022), we used
a larger area and period. That makes our models more generalized and,
therefore, more flexible when extrapolating to other periods over the
same area. Using a larger area and period adds variability (e.g. more
seasonal variation, more biomes and larger altitude range) increasing
the uncertainty of the models. Thus, we obtained a more robust models
which achieve an uncertainty similar or lower than previous studies.

Additionally, we studied the accuracy of the best model, the XG-
Boost model, in relation to the different landcovers in our study area.
We used the CORINE level 1 classification (Büttner and Kosztra, 2011),
which shows 4 classes in our study region: artificial surfaces (AS),
agricultural areas, (AA), forest and semi-natural areas (FA) and wet-
lands (W). Table 12 shows similar RRMSE for all of them. The highest
value, for both daytime and nighttime model, is obtained for wetlands.
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Fig. 11. SAT computed using nonlinear methods for daytime against in situ SAT.
Table 12
Statistics of the daytime and nighttime XGBoost models for the CORINE level 1
landcover classification.

Daytime Nighttime

Statistics AS AA FA W AS AA FA W

Med (K) 0.08 0.15 0.20 −0.44 0.06 0.10 0.04 −0.23
RSD (K) 1.5 1.6 1.7 1.8 1.0 1.1 1.2 1.4
RRMSE (K) 1.5 1.6 1.7 1.9 1.0 1.1 1.2 1.4
Number of data 1683 2398 1129 82 1788 2708 1123 81

However, the percentage of area classified as wetland is negligible
compared to the other classes. Thus, according to these results, our
daytime and nighttime XGBoost models are well balanced and obtained
a similar uncertainty for all landcovers, so these models can be applied
for the whole region with a similar performance.

5. Conclusions

Combining remote sensing and reanalysis data makes possible the
accurate retrieval of SAT for extense and remote regions without the
need of dense networks of ground stations. Spatial and temporal reso-
lutions of input variables are important factors for the precision of the
tested models. In this work, reanalysis data had an spatial resolution
of 9 km. This resolution is too coarse for the variability of the terrain
11 
variables. However, to our knowledge, there is no reanalysis database
that offers a better resolution in our study region for the period studied
(2021–2022).

Our results agreed with previous publications (Niclos et al., 2014;
Ruiz-Álvarez et al., 2019; Tao et al., 2014) and showed that daytime
correlations were lower than the nighttime ones. This fact is related
to the variability caused by atmospheric heating and solar irradiance.
Another factor that affected results was the higher relevance of LST for
the nighttime models in comparison with daytime models. However,
all the methods had LST as the most important variable. Therefore, an
improvement in the accuracy of satellite-derived LST leads to a smaller
error in obtaining the SAT for all the methods studied, e.g. with better
atmospheric and emissivity corrections.

In this work, we verified that the regressions obtained by Niclos
et al. (2014) cannot be extrapolated to study more extensive areas
and longer periods. This fact happens because the empirical techniques
find the best configuration of coefficients for the input data. Therefore,
extrapolation is only possible in datasets with similar characteristics,
both spatially and temporally.

Although the existence of linear relationship among input variables
used on this work and SAT were demonstrated, the use of nonlinear
methods represented an improvement, both for day and night values.
While the minimum uncertainties of the linear methods were 2.3 K for
daytime and 1.5 K for nighttime, the uncertainties of the nonlinear
methods were 1.5 K for daytime and 1.0 K for nighttime. In fact,
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Fig. 12. SAT computed using nonlinear methods for nighttime against in situ SAT.
equation D.6 (the one that works best from Niclos et al., 2014 which
was proposed by Zakšek and Schroedter-Homscheidt, 2009) is not
a linear equation, since it contains combinations of inputs. D.6 and
D.7 equations contain the same variables with different coefficient
obtaining completely different results. This fact leads us to affirm that
is crucial to characterize your study zone properly, with appropriate
variability ranges in variables, because coefficient values have a huge
importance in the final result.

Linear methods results showed that, regularized methods do not
represent a significant improvement compared to the OLS method in
our study. In addition, the simplicity and the lower computational cost
of the OLS method are an advantage for its applicability in this case.

Nonlinear methods based on decision trees are the most accurate.
Among them, XGB stands out, obtaining a better result than the RF, as it
was also observed in Hastie et al. (2009), Shao et al. (2024) and Zhang
et al. (2022). However, the MLP neural network and KNN method
obtain a similar uncertainty than linear methods and, therefore, the
non-parametric methods do not offer any improvement over the linear
methods. To sum up, according to our results, the most accurate SAT
values were retrieved with XGB method, yielding an RRMSE of 1.5 K
at daytime and 1.0 K at nighttime, respectively.
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Fig. 13. Feature importance for XGBoost model.

Fig. 14. RRMSE comparison among best models for each method, i.e. eqs. from Niclos et al. (2014), linear methods and nonlinear methods, for (a) daytime and (b) nighttime.
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