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Abstract: The air temperature near the earth’s surface is one of the most important meteorological 

and climatological parameters. Yet, accurate and timely readings are not available in significant parts 

of the world. The development and the first validation of a methodology for the estimation of Near 

Surface Air Temperature (NSAT) is presented here. Machine learning and satellite products are in 

the core of the developed model. Land Surface Analysis Satellite Application Facility (LSA SAF) 

products related to earth's surface radiation, temperature and humidity budgets, albedo and land 

cover along with static topography parameters and weather stations measurements are used in the 

analysis. A series of experiments showed that the Random Forest regression with 20 selected satellite 

and topography predictors was the optimum selection for the estimation of NSAT. The Mean 

Absolute Error (MAE) of the NSAT estimation model is 0.96 °C while the Mean Biased Error (MBE) 

is -0.01 °C and the R2 is 0.976. Limited seasonality is present in the efficiency of the model, while an 

increase of errors was noted during the first morning and afternoon hours. The topography influence 

in the model efficiency is rather limited. Cloud-free conditions are associated to only marginally 

smaller errors, supporting the applicability of the model under both cloud-free and cloudy 

conditions. 

Keywords: Near Surface Air Temperature; LSA SAF; satellite meteorology; topography; cloudiness; 

machine learning; Greece 

 

1. Introduction 

Near Surface Air Temperature (hereafter NSAT) is one of the most important meteorological 

parameters for forecasters and researchers. Its impact in every-day life and all kinds of socioeconomic 

activities cannot be overestimated. So, it is essential to have accurate and on-time readings of near 

surface air temperature at a high spatial resolution. Weather stations can provide such readings with 

a high level of accuracy, however the dense spatial coverage of the Earth’s surface is in many cases 

difficult due to a variety of reasons. For example, extreme topography could pose problems in the 

installation and correct operation of weather stations. In less developed countries of the planet, lack 

of funding often leads to significant deficiencies in coverage.  

Environmental satellites can offer information on the Earth’s surface and atmosphere. The 

plethora of available data has different characteristics, strong points and deficiencies. Satellites in 

geostationary orbits, like the European Meteosat series, present the advantage of continuous 

observation of their field of view. Their scanning frequency varies but in general it is in the order of 

minutes. Meteosat Second Generation (MSG), operated by EUMETSAT (European Organisation for 

the Exploitation of Meteorological Satellites) is the primary meteorological geostationary satellite of 

Europe from 2004 to 2024. It scans its field of view every 15 minutes with a maximum horizontal 

resolution of 3 km in the infrared and 1 km in the visible spectrum (at nadir subsatellite point). 
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During the last decades, substantial efforts were made in the subject of estimation of air 

temperature close to the earth surface using satellite data as primary input. For example, Stisen et al. 

[1] estimated the diurnal variation of air temperature in parts of Africa using Spinning Enhanced 

Visible and Infrared Imager (SEVIRI – onboard MSG satellites) data split windows techniques and 

the Temperature Deviation Index Method TVX [2]. Amongst other limitations of their approach, a 

cloud free fraction of 90% within the window was necessary. The diurnal variation of air temperature 

was based on an interpolation scheme using the time of day as independent variable. A precision of 

about 3 °C and bias of -1.1 °C was achieved. The parameterization of air temperature through the 

combined use of SEVIRI and MODIS (Moderate Resolution Imaging Spectroradiometer) instruments 

was attempted by Zakšek and Schroedter-Homscheidt [3]. After a statistical downscaling of the 

SEVIRI data to one kilometer resolution, 2-m air temperature over parts of Central Europe was 

estimated from land surface temperature with an empirical parameterization, employing down-

welling surface short-wave flux, relief characteristics and NDVI. LSA SAF and NWC SAF (Support 

to Nowcasting and Very Short Range Forecasting) data were used as satellite input except NDVI 

which was derived from MODIS measurements. Their analysis resulted in a RMSD of 2.00 °C, a bias 

of 0.01 °C and a correlation coefficient of 0.95. Only cloud-free pixels were considered.  

The TVX empirical algorithm for air temperature estimation was calibrated and validated over 

the Iberian Peninsula by Nieto et al. [4]. They used SEVIRI data and they applied the TVX algorithm 

only if 2/3 of the pixels were classified as non-cloudy. Their results showed a MAE of 2.8 °C, a RMSE 

of 3.7 °C and an overestimation of 1.0 °C when analyzing the hourly dataset. The daily maximum air 

temperature was adequately approximated with a RMSE of 5 °C. Shen and Leptoukh [5] estimated 

the surface air temperature over central and eastern Eurasia from MODIS land surface temperature 

using a linear regression method. Only clear sky days were considered for the computation of the 

MODIS surface temperature. It was argued that the relationships between the maximum Ta and 

daytime Ts depend significantly on the land cover, but the relationships between the minimum Ta 

and nighttime Ts was weakly dependent on the land cover. Therefore, different linear regression 

equations of maximum Ta estimation were calculated for the several land cover groups while for the 

minimum Ta no distinction between land cover was made. The mean absolute error of the maximum 

Ta was found to range between 2.4 °C and 3.2 °C while for the minimum Ta MAE was about 3.0 °C. 

Hengl et al. [6] using MODIS LST, topographical, time and insolation data employed principal 

component analysis formulated models of estimation of daily air temperature maps over Croatia. 

They achieved an average accuracy of ±2.4 °C. Parmentier et al. [7] assessed a collection of methods 

and remote-sensing derived covariates for regional predictions of 1 km daily maximum air 

temperature. Mean elevation, MODIS LST, and distance to ocean were amongst the most frequently 

significant covariates besides latitude and longitude that were included by default in the models. 

Using the top set of covariates it was found that MAE ranged from 1.93 °C to 2.02 °C between the 3 

interpolation methods while the ME was negative and did not exceed -0.11 °C. Stepwise regression 

analysis was employed by Janatian et al. [8] in order to simulate average air temperature at daily and 

weekly scales over Iran. A series of predictors, including MODIS LST were examined for their 

importance in the formulation of temperature. The proposed model estimates average Tair with a 

mean absolute error of 2.3 °C and 1.8 °C at daily and weekly scales, respectively. Only cloud-free 

pixels were considered. Hooker et al. [9] constructed a global dataset of air temperature at 0.05 ° 

horizontal resolution using MODIS LST monthly data and a statistical model that incorporates 

information on geographic and climatic similarity. The RMSE ranged from 1.14 °C to 1.55 °C. 

Historical minimum, maximum and average air temperature models at 1 km and 200 m resolution 

over France were constructed by Hough et al. [10] using linear mixed models with MODIS and 

Landsat data in combination with spatial predictors. According to their validation, MAE ranged from 

0.9 °C to 1.4 °C for the 1 km dataset. Nascetti et al. [11] employed a Neural Network regression model 

to estimate the maximum air temperature in Puglia, Italy, using NDVI and LST Landsat-8 data. Pixels 

with cloud cover over 50% were excluded. They managed to reach an R2 of 0.8, suggesting a quite 

successful fit.  
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Overall, most of these methods manage to calculate the desired temperature parameter 

(instantaneous, daily, mean, maximum, minimum, monthly mean etc) with an acceptable degree of 

accuracy. However, all these methods operate under non-cloudy conditions while most of them are 

not adequate for continuous real-time estimation of the air temperature. The use of a semi-predefined 

daily curve of air temperature is another shortcoming in some of those methodologies, as it limits the 

margin for strong short-term temperature variations during e.g. short periods of cloudiness or rain. 

Finally, some of these methods use relationships that are strongly dependent on region and therefore 

they are not suitable for use in other areas.  

In this paper we present our research on the subject of continuous, near-real time estimation of 

NSAT under both cloudy and non-cloudy conditions. LSA SAF products and static topographic 

parameters are required for the estimation of NSAT. One of the main novel features of our approach 

is the ability to estimate NSAT under both cloudy and non-cloudy conditions, something that is 

accomplished for the first time, according to the authors’ knowledge. As stated earlier, there were 

several attempts to estimate air temperature with very good results however all of them were limited 

during non-cloudy periods. Such an innate deficiency renders them non-applicable during cloudy 

conditions which are obviously frequent during adverse weather. Our method overcomes the 

problem and performs under all kinds of weather. A second, quite important novel element is the 

ability of easy and fast near-real time estimation of NSAT, provided that the necessary data are 

available in near real-time.  

NSAT can be used in nowcasting operations as an extra source of information and by authorities 

and policy makers in adapting quickly and facing challenges related to extreme heat or frost. 

Provided that the necessary LSA SAF data are available, the NSAT could be applied to create archives 

of NSAT datasets. Such archives could be employed in research studies that require reliable near 

surface air temperature data in areas where weather stations coverage is poor, or in cases where a 

homogenous dataset is required. 

Finally, as most of the input data are derived from geostationary satellites products and freely 

accessible topography parameters, our method can easily offer continuous temperature information 

over regions where weather stations are sparse or absent. Such a strong potential for operational 

application makes our method a valuable source of weather data for every-day operational activities. 

2. Data and Methodology 

Three primary sources of data are utilized in the present analysis. Static topographic parameters 

and LSA SAF products are employed as predictors of the near surface air temperature while 

temperature data, derived from the network of surface weather stations operated by the METEO Unit 

at the National Observatory of Athens (METEO/NOA) will act as ground truth for the training and 

validation of the models. Their draft description follows. 

2.1. Data 

2.1.1. LSA SAF Satellite Derived Data 

As stated in EUMETSAT’s website [12], Satellite Application Facilities (SAFs) are dedicated 

centers of excellence for processing satellite data. EUMETSAT Secretariat supervises and coordinates 

the activities of the SAF network, ensuring that the SAFs in operations are providing reliable and 

timely operational services related to the meteorological and environmental issues. LSA SAF [13] 

uses satellite observations to create a series of products focused on agriculture, forestry, land use 

planning and disaster management. 

Archived LSA SAF products for the 2-year period from July 2020 to June 2022 were used for the 

training and validation of our models. Each of them is available in the MSG projection with an 

approximate horizontal resolution of 5 Km (over Greece). These parameters, along with their 

maximum temporal resolution and their abbreviations are presented in Table 1. The sub-daily 

parameters are used at a 30 min temporal resolution while for the 4 daily parameters their daily value 

is assigned to all 30 min values of the respective day. Total (TOT), diffuse (DIF) and Direct (DIR) parts 
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were extracted and analyzed from the Total and Diffuse Downward Surface Shortwave Flux (SSF) 

product. Broadband Shortwave Bi-Hemispherical (BB-BH), Shortwave Directional-Hemispherical 

(BB-DH), Near Infrared Directional-Hemispherical (NI-DH) and Visible Directional-Hemispherical 

(VI-DH) were extracted and analyzed from the MDAL product. 30 min differences were also 

computed and analyzed for the SSF, LF, LE, H and ET parameters (full names of Land SAF products 

are given in Table 1). It should be noted here that the radiation and heat fluxes and the 

evapotranspiration parameters refer to the ground surface and therefore are considered relevant to 

the formulation of NSAT. Finally, the great advantage of the LSA SAF products used here is that they 

are computed for both cloudy and non-cloudy conditions. More about these products can be found 

in the LSA SAF website [13]. 

Table 1. Land SAF products, along with their maximum temporal resolution and their acronym. 

Land SAF product 

Maximum 

Temporal 

resolution 

Abbreviation 

Total and Diffuse Downward Surface Shortwave Flux  15 min SSF 

Downward Surface Longwave Flux 30 min SLF 

Latent Heat Flux 30 min LE 

Sensible Heat Flux 30 min H 

Evapotranspiration 30 min ET 

Land Surface Temperature – All Sky 30 min LST-AS 

Cloud Mask from Land Surface Temperature – All Sky 30 min Cma LST-AS 

Daily Fraction of Vegetation Cover Daily FVC 

Daily Leaf Index Daily LAI 

Daily Fraction of Absorbed Photosynthetic Active 

Radiation 
Daily fAPAR 

Daily Surface Albedo Daily AL 

To account for the period (noon, midnight, sunrise etc) of the day and more specifically the sun 

illumination conditions, the Sun Zenith Angle (SZA) of each pixel scan was also included in the 

analysis. SZA is a better indicator of the period of the day as it is irrelevant of time zone and the 

distance of a site to the prime meridian. These data were kindly provided by LSA SAF after request. 

2.1.2. Static Topographic Parameters 

Static topographic data computed from the Geodata.gov.gr shapefiles [14], the Copernicus eu-

dem-v1.1-25m, downloaded from the Copernicus website [15] and finally location information of the 

weather stations are used for the training and validation of the models (more information follows 

later in the section). Table 2 presents these parameters, along with their source, units and a very brief 

description. 

Table 2. Static topographic parameters, along with their source, units and description. 

Static Parameter Acronym Source 
Units and 

description 

Station latitude Lat METEO/NOA Latitude (°) of station 

Station longitude Lon METEO/NOA 
Longitude (°) of 

station 
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Station elevation Ele METEO/NOA 
Elevation (m) of 

station 

Distance to water 

bodies 
Dwb Geodata.gov.gr 

Station distance (m) 

to lakes and main 

rivers 

Distance to coastline Dcl Geodata.gov.gr 
Station distance (m) 

to coastline 

Slope Slo 
Copernicus / eu-dem-

v1.1-25m 

Terrain slope (°) at 

the location of station 

Aspect Asp 
Copernicus / eu-dem-

v1.1-25m 

Terrain aspect (°) at 

the location of the 

station 

Curvature Cur 
Copernicus / eu-dem-

v1.1-25m 

Terrain curvature 

(1/100 z-units) at the 

location of the station 

2.1.3. Weather Stations Observed Temperatures 

Finally, temperature data were extracted from the archive of the METEO/NOA weather stations 

network data archive [16]. 126 stations distributed over the Greek mainland and islands were used. 

Temperature is archived every 10 minutes. The offset between the nominal time of the scan of MSG 

and the actual scan time of the Greek area approaches 10 minutes. Following that, the HH:00 and 

HH:30 images actually scan the Greek area around HH:10 and HH:40 respectively. Therefore, the 

HH:10 and HH:40 temperature records were selected as corresponding ground truth. Figure 1 shows 

the stations locations overlaid on the topography of the area. 

 

Figure 1. Locations of the 126 weather stations of the METEO/NOA network overlaid on the Greek topography. 

2.2. Methodology 

Three machine learning methods were employed to create NSAT estimation models: Random 

Forest (RF), Extreme Gradient Boosting (XGBoost) and Artificial Neural Networks (ANNs). The 

models were trained using the Keras and scikit-learn libraries of the Python scripting language. The 
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trained models were exported and saved so that they can be used to generate NSAT 

estimates/predictions straightforwardly when provided with the necessary static and dynamic 

parameters on which they were originally trained. 

2.2.1. Random Forest 

Random Forest is a supervised machine learning ensemble algorithm based on decision tree 

predictors [17]. It can be applied to both classification and regression tasks. For analyzing large 

weather related datasets, the Random Forest algorithm is particularly well-suited [18]. Due to its high 

prediction accuracy, this algorithm is widely used and provides insights into the importance of 

variables in both classification and regression. The primary parameter to tune is the number of trees 

[19]. A conceptual schematic of RF is illustrated in Figure 2. In Random Forest, all trees operate 

independently, with no interaction among them. The model works by constructing multiple decision 

trees during the training phase and producing a prediction by averaging the outputs of these trees 

for regression tasks or using a majority vote for classification tasks. In our work, we utilized the 

Random Forest Regressor with the following settings: 

• n_estimators: 60; 

• min_samples_split: 2; 

• min_samples_leaf: 2; 

• random_state: 42. 

 

Figure 2. Conceptual schematic of Random Forest technique. 

2.2.2. Extreme Gradient Boosting 

XGBoost is a scalable machine learning system for tree boosting. It is a specific implementation 

of the Gradient Boosting method that uses more accurate approximations to find the optimal tree 

model. The key difference compared to Random Forest is that the models are trained sequentially: 

each model makes a prediction, and the residual errors from that prediction are used to train the next 

model. The final prediction is obtained by combining the outputs of all models. XGBoost can be 

applied to both regression and classification tasks and is preferred by data scientists due to its high 

execution speed and out-of-core computation capabilities [20,21]. A conceptual schematic of XGBoost 

is illustrated in Figure 3. XGBoost optimizes a regularized objective function that combines a convex 

loss function (reflecting the difference between predicted and target outputs) with a penalty term to 

control model complexity, specifically for the regression tree functions. Training is performed 
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iteratively by adding new trees that predict the residuals (errors) of previous trees, which are then 

combined with earlier trees to refine the predictions. The term 'gradient boosting' refers to the use of 

a gradient descent algorithm to minimize the loss function as new models are added. In our work, 

we utilized the XGBoost Regressor with the following settings: 

• n_estimators: 500; 

• max_depth: 5; 

• learning_rate: 0.1; 

• random_state: 42. 

 

Figure 3. Conceptual schematic of the Extreme Gradient Boosting model. 

2.2.3. Artificial Neural Networks (ANN) 

Artificial Neural Networks (ANNs) are a class of artificial intelligence that mimic the biological 

structure of the human brain. In our work, we use and describe one of the commonly used types of 

ANNs, such as Multilayer Perceptron (MLP) [22].  

The Multilayer Perceptron (MLP) is a feed-forward Artificial Neural Network (ANN) that has 

been widely used for air temperature prediction [23,24] and other meteorological parameters. An 

MLP consists of an input layer, one or more hidden layers, and an output layer. The basic processing 

elements of the MLP are interconnected neurons, or nodes, which are connected by adaptable 

weights. Each neuron receives input signals from the outputs of other neurons. The output of a 

neuron is determined by a function of the weighted inputs, bias, and an activation function [25]. 

y = f (∑ wixi

n

i=1
+ b) (1) 

Where y is an output from the neuron, xi is the ith input to the neuron, wi is the connection 

weight of the ith input, b is the bias, and f is the activation function. The conceptual schematic of 

Simple Multilayer Perceptron Neural Network is illustrated in Figure 4. In our work, we 

implemented a deep feedforward neural network tailored for regression tasks. The architecture 

features six hidden layers with progressively decreasing neuron counts (ranging from 1000 to 50), 

each using ReLU activation to effectively capture complex data patterns. The output layer consists of 

a single neuron with a linear activation function, ideal for continuous value prediction. The model is 

optimized with the Adam algorithm and utilizes Mean Squared Error (MSE) as the loss function, 

while Mean Absolute Error (MAE) is tracked as an evaluation metric. To prevent overfitting, early 

stopping is employed, terminating training if the validation loss does not improve for 50 consecutive 
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epochs. The model is trained for up to 15 epochs with a batch size of 50, leveraging validation data 

to monitor performance throughout training. 

 

Figure 4. Conceptual schematic of the Simple Multilayer Perceptron Neural Network. 

The dataset was divided in two parts; the training subset and the validation subset. The first one 

was used for the training of the models while the second one was used for the efficiency testing of 

the developed models. The validation subset consists of 20% of the total predictors/ground truth 

pairs. One every 5 consecutive (in terms of time) pairs was set aside for the validation procedures, in 

order to avoid any physical cycles making thus the validation subset independent of any daily, 

monthly or annual cycles. 

A series of frequently used error metrics were computed to assess the degree of efficiency of 

each model. 

Mean Biased Error: 

MBE =
∑ (Ei − Oi)

N
i=1

N
 (2) 

Mean Absolute Error: 

MAE =
∑ |Ei − Oi|

N
i=1

N
 (3) 

Root Mean Square Error: 

RMSE = √
∑ (Ei − Oi)

2N
i=1

N
 (4) 

where Ei  is the estimation of the algorithms, Oi  is the temperature observations, N is the total 

number of estimation–observation pairs, and Mean =
∑ Oi

N
i=1

N
 is the average value of the observations. 

More information about the statistics used can be found in the WWRP/WGNE Joint Working Group 

on Forecast Verification Research webpage [26]. 

The coefficient of determination R2 , which expresses the proportion of the variation in the 

dependent variable that is predictable from the independent variables, was computed and examined. 

The best possible score is 1.0 while it could also acquire negative values. The negative values occur 

when the model fits the data worse than the worst possible least-squares predictor. A constant model 

that always predicts the average value of the predictand, would get an R2 of 0.0. The coefficient of 

determination is computed according to the formula: 
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R2 = 1 −
∑ (Ei − Oi)

2n
i=1

∑ (Ei − Oi)
2

n
i=1

 (5) 

where 𝑂𝑖 =
∑ 𝑂𝑖

𝑁
𝑖=1

𝑁
. 

All metrics, in all cases, are computed using the validation dataset. 

Each method and model has a set of hyperparameters that need to be initialized. In our work, to 

objectively select the initial values of the hyperparameters, we used the GridSearchCV method (an 

exhaustive search over specified parameter values for an estimator). This approach involved 

conducting multiple test scenarios with various combinations of hyperparameter values and 

evaluating the accuracy achieved in each case. However, a high number of predictors results in higher 

computation costs, complicated and non-robust models, and requirement of large amounts of input 

data. So, the final selection and tuning of the hyperparameters were based on the results of these tests 

and combinations, taking into account both the performance and the computational efficiency of each 

model during training. 

In most models, only a small subset of the feature parameters contributes significantly to the 

overall variability of the target parameter. A ‘feature importance’ is calculated for each predictor of 

RF, XGBoost, and ANN (sum of weights for ANN), which effectively represents the weight each 

predictor carries in determining the estimated parameter. Therefore, it is logical to reduce the number 

of predictors by discarding those with lower importance. However, selecting a feature importance 

threshold can be subjective and arbitrary. To address this, we opted for a more objective selection 

procedure. 

Initially, all models run using the full set of predictors, extracting at the same time the feature 

importance of each predictor. Then, for each of the models multiple runs are performed, adding in 

consecutive steps the predictors one-by-one, starting from those with the higher importance. The 

success metrics were recomputed in every step. Adding predictors was expected to improve in 

general the metrics and the goal was to identify a number of predictors beyond which the metrics 

presented only minor change. At the same time, the most efficient model was selected for the rest of 

analysis.  

It is important to examine how our model behaves in relation to topography and time, in order 

to identify possible deficiencies and maybe advice caution when using it in such cases. All 

topography parameters, presented in Table 2 were split in 8 bins (including a similar number of 

stations) and then MAE and MBE were computed for each of the bin. To identify seasonal and sub-

daily changes, MAE and MBE were computed on a seasonal and hourly basis.  

Finally, the efficiency of our model was examined under cloudy and non-cloudy conditions. The 

validation dataset was split in two parts. The first one comprises of the cloud-free cases while the 

second includes all fully or partially cloudy pixels. MAE and MBE were computed and analyzed for 

the two parts. 

3. Results 

As stated in the methodology section, our first goal was to select the most efficient method and 

at the same time the most important features/predictors that will be included in that model. Initially, 

as mentioned earlier, the GridSearchCV method was used to fine-tune the hyperparameters. By 

running 20 iterations and providing the hyperparameters of each method as inputs, we determined 

the optimal settings outlined in the models section. Additionally, our approach to model 

configuration during training aimed to minimize computational cost and reduce the size of the 

exported model files. Following this strategy, the hyperparameters were adjusted to achieve a balance 

between maintaining model performance and conserving storage space and computational 

resources. 

Next, each of the selected models was re-run by adding in consecutive steps the predictors 

starting from those with the higher importance. The success metrics were recomputed in every step. 

The results were introduced to metric vs predictor rank graphs and the curves produced were 
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examined to identify a plateau in the metric value. All predictors after that plateau can be considered 

as non-essential and be discarded from the final models.  

Figure 5 presents the graphs of MAE vs predictor rank for Random Forest (RF), XGBoost (XGB) 

and Artificial Neural Networks (ANN). RF seems to be the most efficient model, with MAE smaller 

than XGBoost and ANN after the introduction of the 7th predictor. It reaches values below 1 °C with 

the introduction of the 16th predictor and after that point MAE continues to drop at clearly lower 

rates. So, an acceptable threshold selection could be anywhere after the 16th or even the 7th predictor. 

However, it is noted that MAE reaches a value of 0.96 °C with the introduction of the 20th predictor 

and after that MAE fluctuations are negligible. MAE reaches a plateau of MAE values with the 

inclusion of the 20th predictor and introducing more predictors does not improve the model. 

Therefore, we argue that the Random Forest (RF) with 20 predictors is the most accurate and cost-

efficient one, regarding the accuracy of estimations, the reduction of computational time and the 

limitation of input data requirements. 

Regarding the rest of the metrics, R2  and RMSE present similar behavior. MBE shows 

continuous fluctuations of small amplitude (smaller than 0.01 °C) for RF and XGBoost while ANN 

has a clearly higher MBE (in the order of 1 °C). The related figures are not presented, as they do not 

offer more insights or worth-mentioning information in the analysis. 

 

Figure 5. MAE vs predictor rank for the 3 models. 

The 20 predictors that were used in the Random Forest model are presented in Table 3 in 

descending order of importance. As deduced from the inspection of the Feature Importance of the 

predictors, LST-AS dominates the formulation of NSAT, while H, SLF and Cma follow with values 

one order of magnitude smaller. The rest of the features present importance two orders of magnitude 

smaller than LST-AS and therefore their influence is rather limited. 

Table 3. Feature importance of the 20 predictors ingested in the RF model. 

No Predictor 
Feature 

Importance 
No Predictor 

Feature 

Importance 

1 LST-AS 0.851 11 Cur 0.0023 

2 H 0.036 12 Dwb 0.003 

3 SLF 0.035 13 AL (VI-DH) 0.003 

4 Cma LST-AS 0.012 14 Dcl 0.002 

5 SLF 30min dif 0.005 15 Lon 0.002 

6 Altitude 0.005 16 FAPAR 0.002 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 February 2025 doi:10.20944/preprints202502.0737.v1

https://doi.org/10.20944/preprints202502.0737.v1


 11 of 19 

 

7 Slope 0.004 17 AL (BB-BH) 0.002 

8 AL (NI-DH) 0.003 18 ET 30 min dif 0.002 

9 Lat 0.003 19 AL (BB-DH) 0.002 

10 SZA 0.003 20 LAI 0.002 

The basic efficiency statistics of the developed model are presented in Table 4. MAE is below 1 

°C (0.96 °C), indicating a quite successful model, especially when comparing to previous related 

works applicable only to cloud-free satellite data, where MAE ranged from 0.9 °C to over 3 °C. The 

MBE is -0.01 °C, suggesting a rather random dispersion of the errors above and below the diagonal 

(Figure 6), with a negligible tendency for underestimation. RMSE is rather close to MAE indicating a 

limited influence of outliers and similar magnitudes of the individual errors, while the R2 value that 

is close to 1 supports our argument that the selected model is quite efficient. 

Table 4. Efficiency metrics of the 20 predictors of the Random Forest model of NSAT estimation. 

R2 0.976 

MAE 0.96 °C 

MBE -0.01 °C 

RMSE 1.34 °C 

Figure 6 shows a scatter plot of the NSAT estimation errors of the Random Forest model for the 

complete validation dataset. The graph depicts quite clearly a balanced distribution of errors over 

and under the diagonal, supporting the minimal MBE (-0.01 °C).  

 

Figure 6. Scatter plot of the NSAT estimation errors of the Random Forest model. 

Figure 7 illustrates (a) the MAE and (b) the MBE of the NSAT estimation per station, based, as 

always, only on the validation dataset. As shown in the MAE map, the absolute error ranges from 

0.93 °C to 1.01 °C with fluctuations that seem to be rather unrelated to the most basic topographic 

features (e.g. latitude, longitude, distance to coast etc.). MBE per station ranges from -0.06 °C to 0.26 
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°C, again with no profound relevance to topography features. Overall, the maps and statistics 

presented in Figure 7 indicate that the NSAT estimation errors are not significantly influenced by 

topography. However, in order to examine in some detail whether a relation between topography 

and estimation efficiency exists, further analysis is required. 

 
 

(a) (b) 

Figure 7. MAE (a) and MBE (b) of the NSAT estimation per station. 

A bin analysis was performed in order to highlight the possible influence of important 

topographical parameters, (namely elevation, latitude, longitude, distance to coast, distance to water 

bodies, slope aspect and terrain curvature) in the estimation efficiency. The validation subset was 

divided in 8 bins and the metrics were calculated for each bin. The bins were formulated in a manner 

that secured a similar number of stations for each one.  

Figure 8 presents bar-charts illustrating the MAE and MBE for each of the 8 bins of the 

topographical parameters. Latitude and Longitude present small variations of MAE (ranging from 

0.88 °C to 1.02 °C) and MBE (ranging from -0.04 °C to 0.02 °C). A limited increase of MAE is noted 

towards northern latitudes and western longitudes. Bias does not seem to be present a clear tendency 

of increase or decrease, neither preference for positive or negative sign with the increase of these two 

topographical parameters. MAE (ranging from 0.92 °C to 1.04 °C) and MBE (ranging from -0.03 °C to 

0.02 °C) show small fluctuations with elevation change and no predominance of over- or under- 

estimation. Slope, MAE (ranging from 0.94 °C to 1.02 °C) shows a local maximum for slopes up to 11° 

followed by small fluctuations. MBE (ranging from -0.05 °C to 0.05 °C) does not show a preferred 

tendency. Aspect also shows a local MAE (ranging from 0.93 °C to 1.02 °C) maximum for values 

below 48o followed by small fluctuations afterwards. MBE (ranging from -0.04 °C to 0.01 °C) 

minimizes for the 175°-238° bin while for the rest of the bins, only fluctuations of varying signs exist.  

Terrain curvature MAE (ranging from 0.88 °C to 1.01 °C) presents a maximum around 0 with 

fluctuations for the rest of the bins. MBE (ranging from -0.04 °C to 0.02 °C) shows only fluctuations 

with no preference for over- or under- estimations. Increasing the distance to coast seems to slightly 

increase the MAE (ranging from 0.87 °C to 1.03 °C). MBE presents small fluctuations (ranging from -

0.07 °C to 0.03 °C) with no clear preference for positive of negative bias. Regarding the distance to 

water bodies, MAE (ranging from 0.85 °C to 1.06 °C) is slightly higher close to the water bodies. No 

systematic bias (MBE is ranging from -0.03 to 0.01 °C) is noted as we approach water bodies. 
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Figure 8. MAE and MBE for 8 different bins of the topography parameters. 

Next, in order to identify intra-daily and seasonal differences in the estimation efficiency, the 

validation subset was divided in 24 hourly and 4 season bins and the metrics were calculated. Figure 

9 presents bar-charts illustrating the MAE and MBE for each of the 24 hours and 4 seasonal bins. 

Regarding the intra-daily variation, MAE (ranging from 0.76 °C to 1.13 °C) presents two local maxima 

around at 06:00 and 14:00 UTC, possibly associated with the more rapid air temperature change 

during first morning and first afternoon hours. MBE (ranging from -0.25 °C to 0.17 °C) presents a 

general overestimation from the beginning of the 24-hour period until 12:00 UTC and 

underestimation afterwards (excepting the 23 hour bin). On the seasonal level, MAE ranges from 0.90 

°C to 1.02 °C with winter presenting the lower errors and spring the higher. MBE ranges from -0.09 

°C during spring to 0.08 °C during autumn, suggesting mild underestimations during spring and 

mild overestimations during autumn.  
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(a) (b) 

Figure 9. MAE and MBE for (a) the 4 seasonal and (b) the 24 hourly bins. 

Finally, the possibility of accuracy degradation during cloudy conditions was examined, by 

splitting the evaluation dataset is cloudy and non-cloudy parts and recalculation the metrics. As seen 

in Figure 10, under cloud-free conditions our model estimates NSAT with an MAE of 0.92 °C and 

MBE of -0.02 °C. Cloudy conditions result to a MAE of 1.01 °C and a MBE of 0.00 °C. So, as a general 

rule, NSAT estimations are slightly more accurate under cloud-free conditions although a marginally 

stronger underestimation exists compared to the negligible overestimation of the cloudy conditions. 

It should be noted however that the MBE is in both cases is quite small, overall suggesting that the 

bias of the model is negligible. 

 

Figure 10. MAE and MBE for cloud-free and cloudy pixels. 

To get a visual impression of the accuracy of the NSAT consecutive days of data in winter, 

spring, summer and autumn were kept out of the training – validation procedure from 2 randomly 

selected stations (Agia and Ptolemaida). The model ran for these data and timelines of NSAT 

estimations and observed values were visualized. Figure 11 presents the graphs. The blue line 

represents the NSAT estimation and the red dashed line represents the station observer NSAT. The 

predicted NSAT follows the observed one quite closely with slight deviations. Some stronger 

deviations are noted during the midday and afternoon hours of the first day of spring subset, the first 

day of summer subset and both days of autumn subset of Agia station. 

  

(a) (b) 
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Figure 11. NSAT predictions vs temperature observations in winter, spring, summer and autumn for the “Agia” 

(a-d) and “Ptolemaida” (e-h) weather stations. 

4. Potential for Operational Application 

Our method for near real-time estimation of NSAT under cloudy and cloud-free conditions 

using meteorological geostationary satellites data has significant potential for operational use. Areas 

covered by the LSA SAF required products can have near real-time estimations of NSAT that are 

completely independent from ground weather stations.  

At the METEO Unit at NOA, we implemented such a near-time NSAT estimation procedure that 

is used at an experimental level by our forecasters. At the same time, everyday monitoring of the 

models’ behavior and estimation efficiency is performed, aiming to the improvement of the product 

through identification of strong points and deficiencies. The output of our procedure comprises, 

among others, of a 4-images panel (example for 22/12/2024, 13:40 Athens Time shown in Figure 12) 

depicting: a map of the estimated NSAT along with selected weather stations observations (top left) 

a spatially interpolated map of the weather stations temperature observations (top right), a map of 

the most influential LSA SAF parameter of our model, the LST-AS (bottom left) and a scatter plot of 

the estimation errors, along with some major estimation efficiency statistics (bottom right). The 

spatially interpolated temperature observations field (top right) does not follow the surface 

topography, since information about the local differentiations is not included in the interpolation 

procedure. On the contrary, that information is included in the NSAT estimation procedure, resulting 

in a more realistic depiction of temperature. At the same time, a rather good accuracy is achieved. 

For the specific instance R2, MAE and MBE equal to 0.822, 1.24 °C and 0.27 °C respectively. 
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The stability of the half-hourly production of that panel, using standard data acquisition 

methods for Eumetsat registered users, ensures us that our method could be used operationally for 

the estimation of NSAT in all areas, covered by the necessary LSA SAF products. National 

Meteorological Services, research institutes and all kinds of weather related agencies and 

organizations can apply and capitalize on similar real-time NSAT estimation procedures. As stated 

in the introduction, one major application and benefit of our method is that it could be applied over 

areas with sparse or absent weather station coverage to substitute temperature readings covered by 

the LSA SAF products.  

 

Figure 12. Operational NSAT estimation panel of NOA forecasting team: (top left) map of the estimated NSAT 

along with selected weather stations observations, (top right) map of spatially interpolated temperature 

observations, (bottom left) map of the most important parameter of our model, the LST-AS (bottom right) scatter 

plot of the estimation errors, along with major estimation efficiency statistics. 

5. Discussion and Conclusions 

Before presenting the main conclusions of our study and summarize the main characteristics of 

the NSAT model, an issue of special interest merits discussion. One of the meteorological parameters 

that may influence the formulation of NSAT is the horizontal wind. Air masses can transport sensible 

and latent heat, affecting air temperature at local scales. The exclusion of wind data from our model 

could be considered as a shortcoming. However, if wind data were to be included in the model, dense 

and high quality real-time observations would be required. Such data are not always available and 

even if found, they might not be representative of the sensible and latent heat transfers because low 

level wind is strongly affected by small-scale topography and anthropogenic constructions, especially 

in urban and suburban areas. It should be reminded that the temperature estimation is performed at 

a horizontal resolution around 5 km and small-scale wind data might not be representative of the 

grid-size circulation. Modeled data of comparable horizontal resolution levels could act as an 

alternative source of wind data. But modeled wind data are forecasts and not observations or even 

real-time estimations, unavoidably introducing uncertainties that will act as additional sources of 

errors. Moreover, modeled data may suffer from other innate deficiencies related to inaccurate 

representation of topography and human constructions, again especially in urban and suburban 
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areas. Since our goal was to create an easy to apply model of NSAT estimation in near real-time mode, 

based on publicly available datasets we decided to exclude the hard to find and uncertainties ridden 

wind data. We should also keep in mind that certain algorithms of the LSA SAF products include 

ECMWF model 10 meters wind data, partially circumventing the problem. 

As stated in the introduction, significant literature exists in the subject of estimating the near 

surface air temperature from satellite data. None of them is able to perform under cloudy conditions, 

which is a significant problem, especially regarding real-time nowcasting applications. During 

cyclonic conditions predominance, cloudiness is quite increased and clear sky methodologies fail to 

estimate temperature. Our model is able to deliver NSAT estimations regardless of cloudiness and 

moreover in near real-time mode, provided that access to the required LSA SAF data is secured. The 

analysis of the overall performance of the model showed only marginally more accurate estimations 

under cloud-free conditions, supporting our argument that the model is fit to be used regardless of 

sky conditions. 

Regarding the predictors that seem to be the most influential, we should comment the following: 

1. LST-AS is the predominant parameter. The well-known immediate thermal interaction of land 

surface and near surface air masses supports that finding; 

2. H is the second most influential parameter, in agreement with the notion that sensitive heat flux 

directly affects air temperature; 

3. SLF and its 30 min difference are also among the most important features. Incoming longwave 

radiation affects directly the air temperature, and has a significant role in the formulation of 

NSAT; 

4. Cma participates in the formulation of NSAT, as expected, since the presence of clouds affects 

the energy budget; 

5. The rest of the predictors contribute to a much lesser extent. 

The validation dataset estimations of NSAT were divided in bins of topography and time 

parameters. MAE and MBE were computed for these bins, aiming to identify characteristics, strong 

points or shortcomings of our model. It was shown that our model is rather unaffected by most of 

them, with the exception of latitude and longitude, where mild increase of errors was noted towards 

north and west. Mild increase of errors was also noted as we move away from the coastline and 

towards water bodies. A limited seasonality exists, while during the day, the higher errors occur 

during the first morning and afternoon hours, when the most rapid temperature changes are usually 

noted. A tendency for overestimation was found until midday with an underestimation afterwards.  

The machine learning models were trained using Python scripting. After training, the models 

were exported in their final form and saved. These pre-trained models can generate predictions 

straightforwardly when provided with the necessary static and dynamic parameters (such as LSA 

SAF products) on which they were originally trained. The computational time ranges from seconds 

to minutes, depending on the infrastructure. Generating air temperature estimates for a relatively 

small region, such as Greece, is efficient and fast. Applying the model to larger regions would require 

more time but, based on our estimation, should still be completed within several minutes. Overall, 

our model has a significant potential of operational use, as it is fast, straightforward and stable, 

provided that the necessary data are available.  

Our model could be run in other mid-latitude regions of similar topography and climate 

characteristic with Greece. NSAT over Greece varies rather largely from values below zero in winter 

(-5 °C to -10 °C are often, especially in mountainous areas) to over 40 °C in summer (mainly in 

landlocked, low elevation areas). This results to a wide range of temperatures for training and 

validation and gives as the confidence that it could be applied with similar efficiency to other mid-

latitude regions with similar temperature ranges. Nonetheless, a new training/validation over the 

desired region could be beneficial before application.  

A challenging and highly desired next step would be to train and operate the model over poorly 

covered by weather stations areas around the world, inside the Meteosat field of view. The operation 

of the model over Africa for example, that lacks adequate coverage by weather stations (at least large 
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parts of it) could be proved quite beneficial, for public authorities, environmental and health 

organizations, stakeholders and the general public of the continent. Moreover, the Meteosat Third 

Generation Imager 1 (MTG-I1) operational Flexible Combined Imager (FCI) data is now available. 

These data will offer higher horizontal and temporal resolution and more spectral channels. Near 

real-time LSA SAF products are also expected to be available in the FCI higher resolution. It is 

anticipated that all parameters (derived from MSG SEVIRI) that were used here as predictors for our 

model, will present higher accuracy when derived from FCI data. As a consequence, the re-training 

of the model over larger areas using FCI data could lead to even higher degrees of accuracy. In our 

future work it is planned to include such a retraining, using Central and Southern Europe and Africa 

weather stations observations as ground truth, towards the development of an even more accurate 

and widely applicable model of estimation of NSAT. 
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