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Abstract. The main objective of the Satellite Application Facility on Land Surface Analysis (LSA-SAF) is to provide Earth 

Observation data to support land, land–atmosphere and biosphere applications, with commitments to maintain operational 10 

near-real time products that are consistent with corresponding Climate Data Records (CDR) produced offline. The LSA-SAF 

has been providing estimates of Land Surface Temperature (LST) for over two decades, based on observations from 

EUMETSAT satellites. This article describes the new developments introduced in the generation of LST from EUMETSAT 

satellites by the LSA-SAF. The so-called version 2 suite of products includes LST from SEVIRI on-board the MSG series, 

for both the 0-degree (MLSTv2) and IODC (IODC MLSTv2) coverage, and from AVHRR on-board Metop satellites 15 

(EDLSTv2). It also includes an all-sky product (MLST-ASv2) that combines clear-sky LST from MLSTv2 with cloudy skin 

temperature from a surface energy balance model developed within the LSA-SAF (METv3). The main algorithm 

developments with respect to the older operational version include a revision of the calibration database used to train the 

LST retrieval algorithm and of the land surface emissivity algorithm. The sensors calibration was also revised to solve 

discontinuity issues. The overall accuracy of the LSA-SAF datasets, when compared to in-situ data, is 0.20 K, 0.21 K, -0.22 20 

K and 0.24 K for MLSTv2, IODC MLSTv2, EDLSTv2 and MLST-ASv2, respectively. The LSA-SAF also aims to provide 

LST datasets that meet the GCOS requirements for climate applications. Analyses of the products’ stability shows that all 

datasets meet the GCOS requirements, with exception of the IODC MLSTv2. The LST algorithms presented here have also 

been adapted and implemented for the generation of LST from the new Meteosat Thrid Generation (MTG) and Metop 

Second Generation (Metop-SG), ensuring continuity of the Meteosat and Metop services. Monthly averages from each 25 

product for the respective data record period on a 0.25ox0.25o regular grid are available from 

https://doi.org/10.5281/zenodo.20705177 (Ermida et al., 2026). The full resolution data is available from the LSA-SAF data 

server at https://datalsasaf.lsasvcs.ipma.pt/.  

1. Introduction 

The Satellite Application Facility on Land Surface Analysis (LSA-SAF) is part of the European Organization for the 30 

Exploitation of Meteorological Satellites (EUMETSAT) Application Ground Segment. Its main objective is to provide Earth 

Observation data to support land, land–atmosphere and biosphere applications, with commitments to maintain operational 

near-real time products that are consistent with corresponding Climate Data Records (CDR) produced offline (Trigo et al., 

2011).  
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For over two decades, the LSA-SAF has been providing estimates of Land Surface Temperature (LST) based on 35 

observations from EUMETSAT satellites. LST corresponds to the radiative temperature of the surface, which controls the 

outgoing flux of longwave radiation and, therefore, is critical to study Earth’s energy budget. LST can be directly estimated 

using passive sensors operating in the thermal infrared (TIR) region (Li et al., 2013) and most LST products rely on 

observations within the so-called TIR atmospheric window, where atmospheric transmittance is high. Nevertheless, LST 

algorithms must disentangle surface upwelling radiation from atmospheric contributions in the measured Top-Of-40 

Atmosphere (TOA) signal. This requires accounting for effects of Land Surface Emissivity (LSE) on surface radiation and 

for the atmospheric absorbed as well as reflected and emitted components.  

The LSA-SAF currently provides LST products derived from the Spinning Enhanced Visible and Infrared Imager (SEVIRI) 

on-board Meteosat Second Generation (MSG) and the Advanced Very High Resolution Radiometer (AVHRR) onboard 

Metop (EUMETSAT polar-orbiting satellites). In both cases, LST primarily relies on dual-channel TIR measurements to 45 

better estimate atmospheric contributions, while LSE is prescribed based on land cover and surface information retrieved 

from visible channels (e.g., vegetation and snow cover). The new version 2 suite of products  relies on the same algorithm, 

namely the Generalized Split-Window (GSW) algorithm (Trigo et al., 2008; Wan and Dozier, 1996), but the calibration 

dataset used to train the algorithm has been updated to a more comprehensive description of surface and atmospheric 

conditions (Ermida and Trigo, 2022), which also ensures a good algorithm performance in more extreme conditions. 50 

Additionally, the LSE algorithm was revised to improve the representation of bare surfaces. For that purpose, the Vegetation 

Cover and Temperature-Emissivity Separation (V-TES) algorithm proposed by (Ermida et al., 2023) has been implemented, 

which combines two different retrieval methods, i.e., direct LSE retrieval and based on land cover classification and 

vegetation information, and maximizes the quality of the retrievals. 

Following its recognition as an Essential Climate Variable (ECV)(Bojinski et al., 2014) by the Global Climate Observing 55 

System (GCOS) program, LST has been increasingly used in climate monitoring (Agathangelidis et al., 2022; de Almeida et 

al., 2021; Cheda et al., 2026; Liu et al., 2025; Martins et al., 2024). Satellite LST is particularly useful in complementing 

near surface air temperature from stations, since it can also be used to quantify Earth’s warming while being available with 

much wider spatial coverage. One of the biggest challenge in using satellite data for climate analyses is that, to obtain the 

required long time-series, CDRs generally rely on a combination of multiple platforms. As such, when deriving stable 60 

datasets from satellite observations, it is necessary to address calibration issues throughout each sensor’s life-cycle and for 

the transitions between the different satellites in the mission. If multiple missions need to be used, ensuring stability can be 

further complicated by changes in sensor configuration (e.g., spatial, temporal and spectral resolutions, available spectral 

bands, scan configuration). For the LSA-SAF v2 suite, CDRs are derived only with data from a single mission (i.e., either 

MSG/SEVIRI or Metop/AVHRR), which reduces the impact of satellite transitions. Nevertheless, it is important to ensure 65 

good calibration between the sensors to avoid either drifts, e.g., due to sensor degradation, or discontinuities between 

observations provided by different satellites of the same series. Here, the latest radiance calibration coefficients provided by 

EUMETSAT were used to minimize such issues.    
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In this paper we describe the most recent version 2 of the LSA-SAF LST CDRs: MLSTv2, based on MSG/SEVIRI; and 

EDLSTv2, based on Metop/AVHRR. Additionally, an all-sky LST product is derived from SEVIRI/MSG (MLST-ASv2): it 70 

combines clear-sky MLSTv2 data with cloudy-sky surface temperature estimates generated by a surface energy balance 

(SEB) model, which is closely forced with SEVIRI/MSG down-welling radiation, albedo and vegetation products. We 

provide a comprehensive validation of the different products using in-situ data, while assessing the products’ consistency 

and stability through the comparisons with other LST CDRs. 

2. Methods and Data 75 

2.1. LSA-SAF LST Data Records 

The LSA-SAF derives LST from observations provided by two main sensors: SEVIRI on board MSG satellites and AVHRR 

on board Metop satellites. Figure 1 shows the times of operation of each satellite used in the production of LSA-SAF LST 

products. The MSG series includes four geostationary satellites, which over the last two decades provided the so-called 

nominal service at 0o longitude covering Africa, Europe and part of South America. Starting operations in January 2004, 80 

MSG1 (also called Meteosat-8) was the primary satellite until April 2007, when MSG2 (Meteosat-9) took over the service 

until January 2013; then MSG3 (Meteosat-10) replaced the latter until February 2018, being then followed by MSG4 

(Meteosat-11) until March 2023, which was then swapped back to MSG3. EUMETSAT use older satellites as backup in case 

the primary fails and MSG 1 and 2 have been allocated to provide the Indian Ocean Data Coverage (IODC), with MSG1 

being reallocated to 41.5oE and providing data since 2018 and MSG2 at 45.5oE since July 2022. The EUMETSAT Polar 85 

System (EPS) Metop series is comprised of three satellites in sun-synchronous orbit with equatorial crossing times (ECT) at 

9h30 AM/PM. Within LSA-SAF, LST production is based on observations from the prime satellite: Metop-A was the 

primary operational satellite from 2007 until 2015, when it was replaced by Metop-B. Although Metop-C is available since 

2019, the team decided to maintain operational production from Metop-B due to calibration issues in the Metop-C AVHRR 

infrared channels (He et al., 2016). Starting in 2024, Metop-B is slowly deorbited to conserve fuel; this service will 90 

eventually be replaced by Metop - Second Generation (Metop-SG), with the first satellite of this series already in orbit since 

August 2025. 

The sensor on the geostationary orbit, SEVIRI, provides data at a spatial resolution of 3 km at sub-satellite point and a 

temporal sampling frequency of 15 minutes, while AVHRR on the polar orbit satellites provides roughly 1-km spatial 

resolution and two overpasses per day (although higher temporal sampling is attained in polar regions). Table 1 presents the 95 

characteristics of the different LST products generated within LSA-SAF. The SEVIRI LST data is generated at full temporal 

resolution on the native geostationary grid. The AVHRR LST data are produced for each swath, which are then projected 

onto a 0.01o sinusoidal grid and aggregated into day and nighttime datasets. The datasets are also disseminated on regular 

latitude-longitude grids of 0.05o and 0.01o, respectively. 

https://doi.org/10.5194/essd-2026-468
Preprint. Discussion started: 30 September 2026
c© Author(s) 2026. CC BY 4.0 License.



4 

 

100 

 
Figure 1 – Timeline of the use of each Meteosat Second Generation (0-degree and IODC service) and each Metop satellite in the 

production of the LSA-SAF LST products. 

All LSA-SAF LST products are based on observations performed in the TIR atmospheric window, with the SEVIRI and 105 

AVHRR sensors both providing channels centered at 10.8 and 12 μm. To reduce discontinuities introduced by the different 

satellites in the series, prior to the generation of LSTs all radiances were re-calibrated. The SEVIRI radiance calibration 

coefficients were provided by EUMETSAT following the methodology of John et al. (2019). The respective AVHRR 

coefficients were obtained from (Coppens and Ackermann, 2014). 

 110 

Table 1 – Characteristics of the LSA-SAF LST products. 

Product 

acronym 

Sensor/ 

Platforms 

Spatial resolution and 

coverage 

Temporal resolution 

and coverage 

Other details 

MLSTv2 
SEVIRI/ 

MSG1-4 

3 km; 0-degree disk 

(Europe, Africa, South 

America); native grid 

15 min 

2004 – 2024 

NRT updates 

Clear-sky only 

MLSTv2 

[IODC] 

SEVIRI/ 

MSG1-2 

3 km; IODC disk (Europe, 

Africa, Middle East); 

native grid 

15 min 

2018 – 2024 

NRT updates 

Clear-sky only 

MLST-ASv2 
SEVIRI/ 

MSG1-4 

3 km; 0-degree disk 

(Europe, Africa, South 

America); native grid 

30 min 

2004 – 2024 

NRT updates 

All-sky: cloudy estimates from 

surface energy balance model 

EDLSTv2 
AVHRR/ 

Metop A-B 

1 km; Global; sinusoidal 

grid 

Twice-daily 

2007 – 2024 

NRT updates 

Clear-sky only; day/night 

observations close to 9h30AM/PM 

local time 
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2.2. Auxiliary Datasets 

The clear-sky LST retrieval algorithm used by the LSA-SAF requires estimates of atmospheric total column water vapour 

(TCWV), which was obtained from the European Centre for Medium-Range Weather Forecasts (ECMWF) ERA5 reanalysis 115 

(Hersbach et al., 2020). ERA5 fields were projected onto each satellite’s swath using bilinear interpolation. For each pixel, 

the estimates are matched to the satellite observation time through interpolation of the two adjacent (hourly) estimates.  

Daily estimates of surface emissivity require information on fraction of vegetation cover (FVC) and snow cover (SC). 

Emissivity estimates for MLSTv2 and EDLSTv2 make use of the MSG Daily FVC (MDFVC) and EPS 10-days FVC 

(ETFVC) products, respectively, generated within the LSA-SAF (García-Haro et al., 2019, 2021). Snow cover for the 0-120 

degree MSG disk is obtained from the SEVIRI Snow mask (SE-D-SEVIRI, H34) product generated by the Hydrology SAF 

(H-SAF). For Metop and IODC, we use the Snow Cover from the Interactive Multisensor Snow and Ice Mapping System 

(IMS) product generated by United States National Ice Center (USNIC) (U.S. National Ice Center, 2008). The IMS SC data 

was projected from the original 1km and 4km polar stereographic grids to the Metop and IODC swaths using a nearest 

neighbor approach. 125 

Emissivity estimates also rely on information on land cover type, which is obtained from the Copernicus Global Land 

Service (CGLS) Land Cover product (Buchhorn et al., 2020), and on soil type, which is obtained from the United Nations 

Food and Agriculture Organization (FAO) and Educational, Scientific and Cultural Organization (UNESCO) Soil Map of the 

World (FAO-UNESCO, 2007).  

Furthermore, when deriving emissivities of bare soil over deserts from direct retrievals (described in section 2.3.3), the Dust 130 

Aerosol Optical Depth (DuAOD) at 550 nm from the Copernicus Atmosphere Monitoring Service (CAMS) global reanalysis 

(EAC4)(Inness et al., 2019) is used to mask out retrievals with high aerosol concentrations. 

Under clear-sky, the MLST-ASv2 LST is provided by the MLSTv2, while for cloudy conditions it uses surface temperature 

estimates provided by an Energy Balance Model under cloudy conditions (section 2.4) (Barrios et al., 2024; Martins et al., 

2019). The model uses information on downwelling solar radiation (MDSSF) (Carrer et al., 2019), surface albedo (MDAL) 135 

(Carrer et al., 2018), FVC (MDFVC) and leaf area index (LAI; MDLAI) (García-Haro et al., 2019), which are all generated 

by the LSA-SAF. The model also ingests surface and root zone soil moisture (SSM and RZSM, respectively) provided by 

the H-SAF CDR H141/H142 (H SAF, 2020), and meteorological fields from ERA5. From 2021 (end of the CDR) onwards, 

the soil moisture information is obtained from the Near Real Time (NRT) H-SAF operational H26 product and 

meteorological fields from ECMWF operational short-range weather forecasts.  140 
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2.3. Clear-sky LST retrieval 

2.3.1. The Generalized Split Window Algorithm 

The LSA-SAF LST products rely on retrievals performed using the GSW algorithm (Trigo et al., 2008; Wan and Dozier, 

1996): 

𝑳𝑺𝑻 = (𝑨𝟏 + 𝑨𝟐
𝟏−𝜺̅

𝜺̅
+ 𝑨𝟑

𝜟𝜺

𝜺̅𝟐 )
𝑩𝑻𝟏𝟎.𝟖+ 𝑩𝑻𝟏𝟐.𝟎

𝟐
+ (𝑩𝟏 + 𝑩𝟐

𝟏−𝜺̅

𝜺̅
+ 𝑩𝟑

𝜟𝜺

𝜺̅𝟐 )
𝑩𝑻𝟏𝟎.𝟖− 𝑩𝑻𝟏𝟐.𝟎

𝟐
+ 𝑪,    (1) 145 

where 𝐵𝑇10.8  and 𝐵𝑇12.0  are the brightness temperatures of the 10.8 µm and 12.0 µm channels, respectively. 𝜀̅  is the 

channels’ average emissivity ( 𝜀 ̅ = (𝜀10.8 + 𝜀12.0)/2) and 𝛥𝜀 is the emissivity difference between the channels (𝜀 ̅ = 𝜀10.8 −

𝜀12.0). Aj, Bj, (j = 1,2,3) and C are algorithm coefficients that are calibrated for classes of atmospheric total column water 

vapour (TCWV; every 5 cm) and satellite view zenith angle (VZA; every 5o). The GSW algorithm is only applied to cloud-

free pixels, with cloud detection being performed with software provided by the Nowcasting (NWC) SAF (https://nwc-150 

saf.eumetsat.int/). 

Additionally, LST uncertainties are generated on a pixel-by-pixel basis by propagating input uncertainties and considering 

the impact of retrieval conditions on product quality; the approach follows the same methodology of previous LST product 

versions, thoroughly described in Freitas et al. (2010) and corresponding Algorithm Theoretical Basis Documents (ATBD) 

available at the LSA-SAF website (https://lsa-saf.eumetsat.int/en/data/products/land-surface-temperature-and-emissivity/ ). 155 

2.3.2. Algorithm Calibration Database 

The algorithm coefficients were calibrated with simulations of TOA brightness temperatures as would be measured by each 

satellite. These were generated using the state-of-the-art MODTRAN 6 radiative transfer model (Berk et al., 2014). A newly 

developed database of atmospheric profiles and surface properties (Ermida and Trigo, 2022) was used as input to the model. 

The database employs dissimilarity criteria, as defined by Chevallier et al. (2000), and applies these to atmospheric profiles 160 

from the ERA5 reanalysis (Hersbach et al., 2020). This ensures that a wide range of atmospheric conditions are included, 

allowing a good representativeness of the algorithm globally. For each atmospheric profile, multiple surface conditions are 

selected taking into account the distribution of errors between satellite LST and ERA5 skin temperature, and the variability 

of emissivity values observed in different emissivity products. By varying the surface temperature and emissivities for each 

profile, we ensure that possible biases in ERA5 are not translated into the calibration database. The database was split into 165 

calibration and validation subsets, with 1/3 of the data being used for calibration and the remaining for obtaining the 

algorithm error. Figure 2 shows an example of the algorithm coefficients and root mean squared error (RMSE) as obtained 

for the SEVIRI onboard MSG3, highlighting the expected decrease in product accuracy with increasing view angle and 

atmospheric water vapour. More details on the compilation of the calibration database can be found in Ermida and Trigo 

(2022). 170 
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Figure 2 – Coefficients (a-g) and Root Mean Squared Error (RMSE in Kelvin; h) of the Generalized Split-window Algorithm 

(equation (1)), as function of view zenith angle (VZA; degrees) and total column water vapour (TCWV; cm), as obtained for the 

SEVIRI onboard the MSG3 satellite. 175 

2.3.3. Land Surface Emissivity 

Emissivity estimates are derived using the V-TES methodology introduced by Ermida et al. (2023), which combines the 

Vegetation Cover Method (VCM)(Caselles et al., 2012) with the Temperature-Emissivity Separation (TES) algorithm 

(Gillespie et al., 1998).  

The VCM is used over vegetated surfaces, where the generally small variation in spectral emissivity limits the quality of 180 

TES retrievals. The VCM relies on information on land cover to attribute vegetation-type emissivities, and on soil type to 

attribute bare ground emissivities. Additionally, snow and water emissivities are attributed based on snow and water masks. 

The respective vegetation-type, bare ground, water and snow emissivities are obtained from spectral reflectance data from 

the ECOSTRESS Spectral Library version 1.0 (Meerdink et al., 2019). Each plant sample in the spectral library was 

attributed to a land cover based on species, and each rock/soil type was attributed to a FAO classification based on 185 

taxonomy. All used samples and their attributed classes are described in Tables A1 to A3 of Ermida et al. (2023). 

Bare ground emissivities over bare and sparsely vegetated areas were then complemented with information obtained from a 

TES algorithm, modified to account for directional effects on emissivity (Ermida et al., 2024). Since TES requires a large 

number of radiative transfer simulations (per pixel and per channel), we employed the Radiative Transfer for TOVS 

(RTTOV) version 13 model, which is significantly faster than MODTRAN6. For the MLSTv2 products, the TES algorithm 190 

was applied to a full year of hourly data, while for the EDLSTv2 product a three-year period was used to compensate for the 

lower daily frequency of observations. In both cases, TES retrievals are limited to snow-free surfaces with a FVC below 

20%, TCWV below 2 cm and dust AOD below 0.3, in order to obtain estimates with the best possible quality. The retrievals 

are then averaged over the respective period using the atmospheric transmittance as weight (Ermida et al., 2023). Global 
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TES retrievals for the EDLSTv2 product were derived from Visible Infrared Imaging Radiometer Suite (VIIRS) TOA 195 

measurements, since AVHRR does not provide the three TIR channels necessary for applying the TES. Band correction 

coefficients were then derived from the spectral library data to account for differences in the channel response functions. 

Likewise, band correction coefficients are also estimated to convert between different MSG sensors. Table 2 summarizes the 

data used in the TES retrievals for each LST product. 

 200 

Table 2 – Details of the data used in TES retrievals for estimating the emissivities of each LSA-SAF LST product. 

Product 

acronym 

Sensor/ 

Platforms 

Temporal coverage and 

resolution 

Projection and 

spatial resolution 
Auxiliary data 

MLSTv2 
SEVIRI/ 

MSG3 

Mar 2023 – Feb 2024 

1-hourly 

MSG disk 

Native resolution 

MDFVC; snow cover; CAMS Du-

AOD; ERA5 

MLSTv2 

[IODC] 

SEVIRI/ 

MSG1 

Jan-Dec 2021 

1-hourly 

IODC disk 

Native resolution 

MDFVC; snow cover; CAMS Du-

AOD; ERA5 

SEVIRI/ 

MSG2 

Mar 2023 – Feb 2024 

1-hourly 

IODC disk 

Native resolution 

MDFVC; snow cover; CAMS Du-

AOD; ERA5 

EDLSTv2 
VIIRS/ 

SNPP 

Jan 2019 – Dec 2021 

Twice-daily 

Sinusoidal grid 

1 km 

ETFVC; snow cover; CAMS Du-

AOD; ERA5 

 

Finally, the effective emissivity of a pixel for a given channel, k, is computed as the weighted average of the vegetated and 

bare ground emissivities: 

𝜀𝑘,𝑒𝑓𝑓 = 𝜀𝑘,𝑣𝑒𝑔𝐹𝑉𝐶 + 𝜀𝑘,𝑏𝑔(1 − 𝐹𝑉𝐶),        (2) 205 

where 𝜀𝑘,𝑣𝑒𝑔 and 𝜀𝑘,𝑏𝑔 are the emissivities of the vegetated and bare ground components, FVC is the fraction of vegetation 

cover. If a pixel includes snow or water, then effective emissivity is obtained by averaging with the area fraction covered by 

snow or water: 

𝜀𝑘,𝑒𝑓𝑓 = 𝜀𝑘,𝑒𝑓𝑓(1 − 𝑓𝑠𝑛𝑜𝑤) + 𝜀𝑘,𝑠𝑛𝑜𝑤𝑓𝑠𝑛𝑜𝑤,         (3) 

𝜀𝑘,𝑒𝑓𝑓 = 𝜀𝑘,𝑒𝑓𝑓(1 − 𝑓𝑤𝑎𝑡𝑒𝑟) + 𝜀𝑘,𝑤𝑎𝑡𝑒𝑟𝑓𝑤𝑎𝑡𝑒𝑟 ,       (4) 210 

where 𝜀𝑘,𝑠𝑛𝑜𝑤  and 𝜀𝑘,𝑤𝑎𝑡𝑒𝑟  are the emissivities of snow and water, and 𝑓𝑠𝑛𝑜𝑤  and 𝑓𝑤𝑎𝑡𝑒𝑟  are the respective fractions. An 

example of emissivities derived for each product on the 15th of March of 2024 is shown in Figure 3. More details on channel 

emissivity, including estimation of uncertainties, are available in Ermida et al. (2023). 

2.4. All-sky LST estimates 

The LSA-SAF MLST-ASv2 product relies on the combination of LST provided by the MLSTv2 product together with skin 215 

temperature (Tskin) estimated via a SEB model used within the LSA SAF to obtain the MSG Evapotranspiration (METv3) 

product (Barrios et al., 2024). Cloud identification relies on the software developed by the NWC-SAF. For cloudy, cloud 

contaminated or cloud edge pixels, LST  results from the SEB based on the Tiled ECMWF Scheme for Surface Exchanges 
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over Land with revised hydrology (H-TESSEL)(Albergel et al., 2012; Balsamo et al., 2009; Viterbo and Beljaars, 1995), 

which also provides turbulent energy fluxes (and therefore evapotranspiration, METv3) at the surface. While being based on 220 

a model scheme, the estimated skin temperature and energy fluxes are strongly constrained by remote sensing data, namely 

shortwave and longwave downwelling fluxes at the surface, albedo and LAI (all of these derived within the LSA SAF from 

MSG/SEVIRI observations) (Carrer et al., 2018, 2019; García-Haro et al., 2019) and root zone soil moisture (H-SAF product 

based on ASCAT data)(H-SAF, 2020). 

 225 

 

Figure 3 – Channel 10.8 μm emissivity estimates obtained with the V-TES methodology for a) SEVIRI on board 0-degree MSG, b) 

SEVIRI on-board IODC MSG and c) AVHRR on-board Metop, on the 15th of March 2024. 

The METv3 algorithm assumes that each SEVIRI pixel is composed by multiple tiles corresponding to different land cover 

types: bare soil, high and low vegetation, water, snow, rock, urban. Then, for each tile i, the SEB is solved using: 230 

𝑅𝑛𝑖 = 𝐻𝑖 + 𝐿𝐸𝑖 + 𝐺𝑖,          (5) 

https://doi.org/10.5194/essd-2026-468
Preprint. Discussion started: 30 September 2026
c© Author(s) 2026. CC BY 4.0 License.



10 

 

where 𝑅𝑛𝑖 is the net radiation, 𝐻𝑖  and 𝐿𝐸𝑖 are the sensible and latent heat fluxes, respectively, and 𝐺𝑖 is the ground heat flux. 

Net radiation, 𝑅𝑛𝑖, can also be defined as the combination of net shortwave and longwave fluxes at the surface: 

𝑅𝑛,𝑖 = (1 − 𝛼)𝑆↓ + 𝜀(𝐿↓ − 𝜎𝑇𝑠𝑘𝑖𝑛𝑖

4),        (6) 

where 𝑆↓ and 𝐿↓ represent the downwelling shortwave and longwave fluxes, 𝛼 is the albedo, 𝜀 is the emissivity and 𝜎 the 235 

Stefan-Boltzmann constant. The latent and sensible heat fluxes are modulated by the canopy and aerodynamical resistances 

and the ground heat flux is a function of net radiation and LAI. More information on the parameterization of 𝐻𝑖 , 𝐿𝐸𝑖 and 𝐺𝑖 

can be found in Barrios et al. (2024). The algorithm iteratively solves the closure of the SEB, resulting in an estimation of 

the three fluxes and the Tskin, from which the evapotranspiration is derived. 

By solving the Tskin instead of ingesting LST retrieved from satellite TIR measurements, it is ensured that METv3 estimates 240 

can be obtained under cloudy conditions. This SKT estimate can then be used to complement the MLSTv2 and generate the 

MLST-ASv2 product. The use of satellite data from the SEVIRI sensor to force the SEB model results in more realistic LST 

estimates than those provided by schemes that rely on an atmospheric model. Nevertheless, the METv3 algorithm still relies 

on parameterizations that have been derived from in-situ flux measurements, which introduces additional uncertainty, and 

are likely to misrepresent some surface conditions. 245 

2.5. Validation against In-situ LST estimates 

Quality assessment of the LSA-SAF LST Data Records is performed through comparison against LST estimates from in-situ 

stations, following the recommendations by the Committee on Earth Observation Satellites Working Group (CEOS) on 

Calibration and Validation - Land Product Validation (LPV) Subgroup for validation of Land Surface Temperature Products 

(Guillevic et al., 2018). As per the agreed protocol, the LST comparisons are summarized using robust statics, namely by 250 

computing median error (𝜇) as an indicator of accuracy: 

𝜇 = 𝑚𝑒𝑑𝑖𝑎𝑛(𝐿𝑆𝑇𝑠𝑎𝑡 − 𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢),         (7) 

where 𝐿𝑆𝑇𝑠𝑎𝑡 stands for satellite LST and 𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢  for in-situ LST. Precision is measured by the median of the absolute 

residuals (𝜎): 

𝜎 = 1.4826 ∗ 𝑚𝑒𝑑𝑖𝑎𝑛(|(𝐿𝑆𝑇𝑠𝑎𝑡 − 𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢) − 𝜇|),       (8) 255 

where the value 1.4826 is used to convert the median of residuals into an unbiased measure of standard deviation (Göttsche 

et al., 2013). Total product uncertainty is here described by the RMSE: 

𝑅𝑀𝑆𝐸 = √
∑(𝐿𝑆𝑇𝑠𝑎𝑡−𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢)2

𝑁
,         (9) 

where 𝑁 is the sample size.  

In-situ and satellite observations are matched by choosing the closest pixel/grid point to the station and averaging in-situ 260 

observations in a ±3-minute window centered at the satellite observation time (except for inland water measurements for 

https://doi.org/10.5194/essd-2026-468
Preprint. Discussion started: 30 September 2026
c© Author(s) 2026. CC BY 4.0 License.



11 

 

which a 1-hour window is considered). Only satellite observations with valid values within 3x3 pixels surrounding the 

station are used to avoid cloud contamination. 

2.5.1. In-situ LST data 

In-situ LST is obtained from four main databases: the Karlsruhe Institute of Technology (KIT)(Ermida et al., 2014; Göttsche 265 

et al., 2016) sites, the Baseline Surface Radiation Network (BSRN)(Driemel et al., 2018), the Surface Radiation Budget 

Network (SURFRAD)(Augustine et al., 2005), and the Copernicus Ground Based Observation for Validation 

(GBOV)(Anand et al., 2023), as detailed in Table A1.  

Stations of the KIT network were specifically designed for LST validation, being therefore located in areas where the surface 

is homogeneous at the scale of a few kms. Measurements are provided by narrow band radiometers and, at the EVO and 270 

KAL sites (Table A1), multiple radiometers measure different components of the surface which allow upscaling to the 

satellite pixel scale (Ermida et al., 2014; Göttsche et al., 2016). For the KIT stations, LST is obtained by inverting Planck’s 

law (Trigo et al., 2021) and emissivities are obtained either from in-situ measurements or from the MLST (operational) 

product (see details in Table A1). 

For the remaining networks, radiances are measured by pyrogeometers and LST is estimated by inverting Stefan-275 

Boltzmann’s law (Trigo et al., 2021). For the BSRN and SURFRAD networks, emissivities are either derived from spectral 

library data or monthly values are obtained using the code provided by Ermida et al. (2020) on Google Earth Engine 

(GEE)(Gorelick et al., 2017). GBOV uses estimates from an emissivity database by Seemann et al. (2008), as described in 

the respective product documentation (Anand et al., 2023).  

For each site, spatial heterogeneity was assessed by computing the LST standard deviation (STD) in the surrounding area, 280 

using high resolution LST derived from Landsat 8 and 9 (Ermida et al., 2020). STD was computed considering the filed-of-

view (FOV) of each LST product, namely an area of 3x3 grid points in the case of the EDLSTv2 (corresponding to about  

3x3 km2 centered in the station) and an area of 1.5x1.5 pixels in the case of the MLSTv2 and MLST-ASv2 products 

(corresponding to about 5x5 km2). The larger number of pixels in the case of the Metop LST aimed at accounting for the 

uncertainties associated to projecting the original swath LST retrievals onto the sinusoidal grid (Table 1). Stations with STD 285 

above 2K were classified as located within an ”heterogeneous surface” and removed from the analysis. When Landsat data is 

not available (e.g. at the poles), the criteria to select the stations is the closeness to the coast, to avoid using water 

contaminated pixels. Table A1 indicates which stations were used to validate each LST product. The GEE code used to 

derived the LST STD is available at https://code.earthengine.google.com/?accept_repo=users/sofiaermida/LST_validation. 

2.6. Stability assessment  290 

The LSA-SAF datasets were further assessed for stability to ensure that the data are free from non-climatic discontinuities 

and artificial trends. Such analysis is carried out following the methodology proposed by Good et al. (2022) where each 

dataset’s anomalies are compared against a reference dataset that we assume to be free of non-climatic effects. In Good et 
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al.’s work, the used reference was a set of station measurements of 2-meter air temperature located over Europe. Due to the 

limited spatial coverage of meteorological stations, here we consider three reference datasets with global coverage:  295 

Air temperature (2-meter) anomalies from the Climate Research Unit temperature version 5 (CRUTEM5)(Osborn et al., 

2021), which is available with a spatial resolution of 5°x5° latitude-longitude and a monthly-mean time resolution. For each 

grid box, the anomaly value is the average of the anomalies of all the stations inside that grid box. For this reason, the 

number of available grid boxes can vary in time depending on station availability. The anomalies are computed with respect 

to the 1961-1990 normal. 300 

Skin temperature (Tskin) from the ERA5 reanalysis 15, which result from the assimilation of a large amount of observations. 

Despite the variability of assimilated observations over time, Tskin results from the SEB scheme used within ERA5, which, 

should not be much affected by changes in the assimilated data; 

The MODerate Resolution Imaging Spectroradiometers (MODIS) on board the Aqua LST dataset generated by the European 

Space Agency's (ESA) Climate Change Initiative (CCI) for LST project  (Ghent et al., 2025), which was analyzed and 305 

considered free from non-climatic discontinuities by (Good et al., 2022). 

For the comparison with CRUTEM5, the LSA-SAF products are projected onto the 5°x5° grid by averaging pixels within the 

coarser grid. For comparisons against ERA5/satellite, LST datasets were projected onto the 0.25ox0.25o regular latitude-

longitude grid of ERA5, also by simple average. To reduce the impact of cloud contamination, when projecting satellite 

products, grid-points with a number of valid pixels below 30% are discarded. ERA5 estimates where the total cloud cover is 310 

above 30% over clear-sky pixels (i.e. where LST is valid) are also removed.  

To maximize the temporal consistency between LSA SAF LST products and ERA5, or among satellite datasets, the 

maximum time differences allowed are 7.5 minutes in the case of satellite products’ match-ups, and up 30 minutes in the 

case of satellite – ERA5 match-ups. Monthly mean values of LST/Tskin are then derived for each dataset on a pixel-by-pixel 

basis.  315 

For a given year, y, and month, m, the anomaly difference between a satellite product, SAT, and a reference dataset, REF, is 

the spatial average of the anomaly difference at each grid point, p: 

∆𝑇anom(y, m) =
1

𝑁𝑝
∑ (𝑇anomSATp

(𝑦, m) − 𝑇anomREFp
(𝑦, m))𝑝 ,      (10) 

with 

𝑇anomp
(y, m) = 𝑇𝑝(y, m) − 𝑇normal,𝑝(m),        (11) 320 

where 𝑇 represents the LST or Tskin monthly composites for each dataset at each grid point, 𝑁𝑝 is the number of valid grid 

points, and the normal is the average of all years considered for the normal. Only grid points where both satellite and 

reference have valid values are considered in the averaging. The period used to compute the normal depends on the data 

availability of each product, as described in Table 3. In the case of the CRUTEM5, anomalies are precomputed for w.r.t. the 

1961-1990 period. To adjust for the datasets’ normal period, for each month we compute the average CRUTEM5 anomaly in 325 

all years of the dataset and remove it from the original anomaly.  
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To compare with CRUTEM5, we consider the average of all available time steps. For ERA5 and MSG-based datasets, 

comparisons are performed at the hour of the maximum and minimum LST, which are identified for each month from the 

mean diurnal cycle, and for the average of the full diurnal cycle. For the Metop and CCI MODIS products, the daytime and 

nighttime overpasses are considered, as well as their average. Given the difference in observation time between the two, the 330 

EDLSTv2 was not compared against CCI MODIS. Due to the limited overlap of the time periods, IODC MLSTv2 was also 

not compared against CCI MODIS. To complement the comparisons against ERA5, EDLSTv2 stability was also assessed 

with respect to MLSTv2 (taking into account the stability established with ERA5 and MODIS). Likewise, IODC MLSTv2 is 

also assessed using EDLSTv2.  

 335 

Table 3 – Reference datasets, normal period, and variables analyzed in the stability assessment of each LSA-SAF LST product. 

The LSTMEAN corresponds to the average of the full diurnal cycle or the average between the day and night overpasses. 

 

Reference 
MLSTv2 IODC MLSTv2 MLST-ASv2 EDLSTv2 

Station 

CRUTEM5 (all-sky) 

2004-2024 

LSTMEAN 

CRUTEM5 (all-sky) 

2018-2024 

LSTMEAN 

CRUTEM5 (all-sky) 

2004-2024 

LSTMEAN 

CRUTEM5 (all-sky) 

2007-2024 

LSTMEAN 

Reanalysis 

ERA5 (clear-sky) 

2004-2024 

LSTMAX, LSTMIN, 

LSTMEAN 

ERA5 (clear-sky) 

2018-2024 

LSTMAX, LSTMIN, 

LSTMEAN 

ERA5 (all-sky) 

2004-2024 

LSTMAX, LSTMIN, 

LSTMEAN 

ERA5 (clear-sky) 

2007-2024 

LSTDAY, LSTNIGHT, 

LSTMEAN 

Satellite 

MODIS (clear-sky) 

2004-2021 

LSTDAY, LSTNIGHT, 

LSTMEAN 

EDLSTv2 (clear-sky) 

2018-2024 

LSTDAY, LSTNIGHT, 

LSTMEAN 

- 

MLSTv2 (clear-sky) 

2007-2024 

LSTDAY, LSTNIGHT, 

LSTMEAN 

 

For each ∆𝑇anom combination, the respective trend (t) is estimated using the methodology by Sen(Sen, 1968). The obtained 

trends are evaluated taking into account the defined stability requirements provide by the GCOS for LST, namely where the 340 

goal is established at 0.1 K/decade, the baseline at 0.2 K/decade and the threshold is at 0.3 K/decade (World Meteorological 

Organization et al., 2025). The agreement in variability of the different time-series is also analyzed through the Pearson 

correlation coefficient (R). 
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3. Validation and Assessment 

3.1. Validation against station data 345 

Validation of the LSA-SAF products is performed through comparison against in-situ data. Stations of the KIT network were 

planned to ensure spatial representativeness at satellite pixel scale, with upscaling available for stations with sparse 

vegetation. For this reason, we consider these to provide a validation reference with the highest confidence. Although BSRN, 

SURFRAD and GBOV measurements are provided by similar sensors, we consider that the use of Landsat-based 

emissivities, that have higher resolution, provides higher confidence in the comparisons with BSRN/SURFRAD data. Table 350 

4 shows the statistics, as defined in section 2.5, for the four considered networks. BSRN and SURFRAD are grouped due to 

the similar data processing and since SURFRAD data is only used in the validation of EDLSTv2. Figure 4 to Figure 7 show 

the scatterplots of satellite versus in-situ LSTs for each product and each network, showing also the statistics for day and 

night separately. 

 355 

Table 4 - Validation statistics for the LSA-SAF LST products for each validation dataset, namely accuracy (µ; K), precision (σ; K), 

RMSE (K) and number of observations (N), for all times-of-day. For the MLST-ASv2 product, the first row corresponds to the 

statistics for all-sky conditions and the second row, in brackets, for cloudy-sky conditions. 

 KIT BSRN/SURFRAD GBOV 

 µ σ RMSE N µ σ RMSE N µ σ RMSE N 

MLSTv2 0.28 1.33 1.83 528789 -0.90 2.05 2.32 222068 1.94 2.39 3.36 86354 

IODC 

MLSTv2 
0.13 1.28 1.55 141412 0.61 2.51 3.06 53592 1.36 2.48 3.55 36087 

MLST-

ASv2 

0.19 

(-0.14) 

1.54 

(2.65) 

2.39 

(3.46) 

299756 

(88913) 

0.26 

(0.34) 

1.90 

(1.85) 

2.34 

(2.34) 

488324 

(385705) 

2.63 

(2.71) 

1.87 

(2.79) 

3.81 

(3.95) 

125407 

(90327) 

EDLSTv2 0.22 1.16 1.72 11968 -0.33 2.11 2.65 41611 0.79 2.61 3.26 37110 

 

MLSTv2 360 

The MLSTv2 (SEVIRI/MSG 0-degree) product shows very good agreement with the KIT and BSRN LSTs, with accuracy 

and precision values of 0.28K (-0.9K) and 1.33K (2.05K), respectively, for the KIT (BSRN) dataset (Table 4). RMSE values 

also indicate a good agreement, with values of 1.83K and 2.32K for KIT and BSRN, respectively. For the GBOV network, 

statistics indicate a slightly reduced agreement, with accuracy, precision and RMSE values of 1.94K, 2.39K and 3.36K, 

respectively, but these are still reasonable considering the increased uncertainty due to station representativeness. Statistics 365 

clearly reflect this issue of matching station point measurements to the satellite FOV scale, with the KIT showing overall 
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better agreement, followed by BSRN and GBOV. The respective scatter plots also reflect this effect (Figure 4), with 

MLSTv2 showing a very good agreement with KIT LSTs for both day and night-time (Figure 4a and b, respectively) for the 

full range of LSTs. For BSRN and GBOV data, it is noticeable an increase in discrepancies between satellite and in-situ, 

particularly for the higher values of daytime LST (Figure 4c and e, respectively). LST contrasts between the different land 370 

covers within a pixel tend to be more pronounced during the daytime, and the higher the LSTs the higher these contrasts are 

likely to be (Ermida et al., 2014). As a result, a satellite pixel containing a large variability of surfaces types is likely to show 

higher discrepancies with respect to the station value (which typically only encompasses one surface type). It should be 

noted that, although a high resolution LST product was used for a pre-selection of the more homogeneous stations, the data 

used corresponds to the average LST over several years with an overpass time around local 10AM. Therefore, the 375 

pronounced LST contrasts that occur at peak LST values during the warm season were smoothed and likely not fully 

reflected in those averages. MLSTv2 daytime accuracy (precision) values are -0.14K (1.22K), -1.02K (1.72K) and 2.67K 

(2.21K) for KIT, BSRN and GBOV, respectively, while the corresponding RMSE values are 1.82K, 2.48K and 3.73K 

(Figure 4a, c and e, respectively). The nighttime accuracy (precision) values are 0.69K (1.20K), 0.93K (1.73K) and 1.21K 

(2.45K) for KIT, BSRN and GBOV, respectively, and values of RMSE are 1.83K, 2.15K and 3.01K (Figure 4b, d and f, 380 

respectively). 

 

IODC MLSTv2 

The IODC MLSTv2 product also shows, overall, very good agreement with in-situ observations. Accuracy (precision) values 

are 0.13K (1.28K), 0.61K (2.51k) and 1.36K (2.48K) for the KIT, BSRN and GBOV networks, respectively (Table 4), and 385 

RMSE values are 1.55K, 3.06K and 3.55K. The poorer agreement for BSRN and GBOV is consistent to that seen for the 0-

degree MLSTv2 product and can be attributed to station representativeness. Likewise, the scatter plots (Figure 5) also 

indicate a very good agreement with KIT data (Figure 5a,b), and reasonably good agreement with BSRN and GBOV (Figure 

5c-f), with discrepancies being higher at daytime for the higher ranges of LST. IODC MLSTv2 daytime accuracy (precision) 

values are -0.29K (1.22K), -1.11K (3.17K) and 2.38K (2.09K) for KIT, BSRN and GBOV, respectively, and values of 390 

RMSE are 1.60K, 3.57K and 3.59K (Figure 5a, c and e, respectively). The nighttime accuracy (precision) values are 0.52K 

(1.13K), 1.52K (1.68K) and 0.33K (2.62K) for KIT, BSRN and GBOV, respectively, and values of RMSE are 1.49K, 2.48K 

and 3.50K (Figure 5b, d and f, respectively). 

 

MLST-ASv2 395 

For the all-sky product, MLST-ASv2, statistics are presented for all conditions on the first row and for cloudy-sky only in 

the second row (Table 4). The clear-sky statistics are not shown since these correspond to the MLSTv2 product. The MLST-

ASv2 product has lower frequency (30-min) than the MLSTv2 (15-min), which is reflected in the sample sizes. The MLST-

ASv2 product also shows a good agreement with in-situ, for both all-sky and cloudy-sky conditions. The all-sky accuracy 

(precision) values are 0.19K (1.54K), 0.26K (1.90K) and 2.63K (1.87K) for the KIT, BSRN and GBOV networks, 400 
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respectively (Table 4), and RMSE values are 2.39K, 2.34K and 3.81K. The cloudy-sky component of the product shows 

accuracy values that are slightly better than clear-sky counterpart (MLSTv2) for the KIT and BSRN stations, with values of -

0.14K and 0.34K, but poorer in the case of GBOV, with a value of 2.71K (Table 4). The data scatter described by precision 

tends to be larger under cloudy than clear-sky conditions, with exception of the BSRN stations, with values of 2.65K, 1.85K 

and 2.79K for KIT, BSRN and GBOV, respectively. A higher variance of the satellite-station LST differences is to be 405 

expected, not only due to the increased uncertainties associated to the SEB model, but also because sub-pixel scale clouds 

can create large discrepancies due to the different proportions of shaded surface included in the satellite and station’s FOV 

(Jiménez et al., 2017). This is also reflected in the product’s RMSE, resulting in values of 3.46K, 2.34K and 3.95K.  

The scatter plots of MLST-ASv2 versus in-situ KIT data for cloudy-sky (Figure 6) indicate a good accuracy of daytime 

cloudy-sky LSTs, with a value of 0.25K, but reduced precision and total uncertainty, with values of 3.41K and 4.21K (Figure 410 

6a). The dispersion of points, particularly at warmer LSTs, highlights the increasing LST uncertainty under cloudy 

conditions, when estimates are less directly linked to TOA observations. In these cases, LST will be influenced by errors in 

the SBE, input variables, as well as cloud types (broken clouds may be particularly problematic). At nighttime for the KIT 

stations, there is a better agreement with in-situ, with an accuracy value of -0.40K, precision of 1.97K and RMSE of 2.34K 

(Figure 6b). The product shows a good agreement with BSRN data, with daytime (nighttime) accuracy, precision and RMSE 415 

values of 0.72K (0.09K), 2.16K (1.48K) and 2.64K (1.98k), respectively. Consistent with the clear-sky MLSTv2 product, 

larger discrepancies were found when comparing to GBOV data: the day and nighttime accuracy values are 3.62K and 

2.14K, respectively, and precision (RMSE) values are 2.22K (4.73K) and 1.22K (2.88K). 

 

EDLSTv2 420 

In the case of the EDLSTv2 product, statistics are shown to be more consistent across all station networks. The accuracy 

when compared to the KIT, BSRN/SURFRAD and GBOV stations is 0.22K, -0.33K and 0.79K, respectively. Precision and 

RMSE values are slightly higher for the BSRN/SURFRAD and GBOV networks, but discrepancies between the different 

networks are not as high as in the case of the MSG-based products. Given the higher resolution of the EDLSTv2 product, 

this supports the hypothesis that large discrepancies between satellite and in-situ for these stations is likely due to surface 425 

heterogeneity around the station. On the other hand, EDLSTV2 observation times around 10:30 am/pm local time (Metop 

local overpass) avoid the peak temperatures, when spatial heterogeneity also tends to be higher. The precision (RMSE) 

values are 1.16K (1.72K), 2.11K (2.65K) and 2.61K (3.26K) for comparisons with KIT, BSRN/SURFRAD and GBOV 

stations, respectively. 

The scatter plots (Figure 7) indicate compatible performance of the product between daytime and nighttime. The daytime 430 

(nighttime) accuracy is 0.20K (0.24K), -0.82K (0.08k) and 0.81K (0.78K) for comparisons with KIT, BSRN/SURFRAD and 

GBOV LSTs. Precision and RMSE are all below 2K for the KIT stations, with respective values of 1.26K (1.05K) and 1.94K 

(1.45K) for daytime (nighttime) (Figure 7a and b). The precision and RMSE values are slightly higher for the 

BSRN/SURFRAD stations, likely due to increased heterogeneity, with values of precision (RMSE) of 2.28K (2.97K) and 
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2.00K (2.31K) and day and night, respectively (Figure 7c and d). The BSRN network also includes stations over Antarctica 435 

(DOM, GVN, SPO; Table A1) that allow a validation of the product under extreme low temperatures. The scatter plots 

(Figure 7c and d) suggest a good agreement at low temperatures, with slightly increased dispersion at nighttime. This is 

likely related to cloud contamination, since cloud detection over very cold surfaces is particularly difficult at night. At 

GBOV sites, the increased daytime values of precision (3.26K) and RMSE (3.64K) suggest larger discrepancies than in the 

other stations, while nighttime values (2.11K and 2.81K, respectively) are more in line with the other networks. This again 440 

suggests representativeness issues of the GBOV stations of the satellite pixel scale. 

 

https://doi.org/10.5194/essd-2026-468
Preprint. Discussion started: 30 September 2026
c© Author(s) 2026. CC BY 4.0 License.



18 

 

 

 
Figure 4- MLSTv2 (LSTSAT; K) against in-situ LST (LSTINSITU; K) for each validation network considered, separated into daytime 445 
(left panels) and nighttime (right panels). The respective statistics, namely accuracy (µ; K), precision (σ; K) and RMSE (K) are 

also shown. 
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Figure 5- As in Figure 4 but for IODC MLSTv2.  450 
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Figure 6 – As in Figure 4 but for MLST-ASv2 and for cloudy-sky conditions only.  
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 455 
Figure 7 – As in Figure 4 but for EDLSTv2. 

3.2. Product inter-comparison 

In this section, we assess the consistency between the MLSTv2 and EDLSTv2 products. For that purpose, the EDLSTv2 

product is projected onto the MLSTv2 grid by simple averaging and matching the LST estimates with time differences of up 

to 7.5 minutes. Figure 8 shows maps of the average and standard deviation of the differences between EDLSTv2 and 460 

MLSTv2 for the seasons of July to August (JJA) and December to February (DJF), for daytime and nighttime. The products 
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show an overall good agreement. During daytime DJF (JJA), 67.5% (59.4%) of pixels have a mean difference between ±1K 

and 92.5% (84.1%) within ±2K. The daytime STD is below 2K in 72.3% (65.5%) of pixels for the DJF (JJA) season. At 

nighttime, differences are significantly reduced, with 90.3% (87.4%) of pixels in DJF (JJA) having mean differences within 

±1K and 99% (96.3%) having STD below 2K.     465 

 
Figure 8 – Statistics of the differences between MLSTv2 and EDLSTv2 (as EDLSTv2 minus MLSTv2; K), namely the mean 

(a,b,e,f) and the standard deviation (STD; c,d,g,h), for the months December-January-February (DJF; a,c,e,g) and June-July- 

August (JJA;b,d,f,h) of 2007 to 2024, for daytime (a-d) and nighttime (e-h). 

Higher discrepancies can be found in some regions, for example: 1) negative mean differences and higher STD values are 470 

found over the western part of the Saharan desert during daytime in JJA; 2) strong positive mean differences at the edge of 

the MSG disk, over eastern Africa/western Asia, particularly during daytime in JJA; 3) negative mean differences over South 

America during daytime in JJA. To further investigate these discrepancies, we analyze LST differences at various regions of 

interest taking into account the view angle of the Metop/AVHRR. Figure 9 shows a map of surface elevation overlapped 

with the regions of interest, as well as the mean and standard deviation of LST differences for each region plotted for 475 

different ranges of VZA, for daytime and nighttime, respectively.  

An area over the Zagros Mountain ranges of Iran was selected for the particularly high mean differences found at daytime 

JJA (Figure 8b). The analysis of the VZA dependence of the differences over this region (Figure 9a) shows high 

discrepancies during daytime for AVHRR views opposing the MSG/SEVIRI view; however, the mean difference is close to 

1K for AVHRR VZAs approximating those of SEVIRI (>60o). This mountain range shows a strong north-south orientation, 480 

which enhances LST directional effects: during the morning, an east facing view favors the observation of shaded surfaces, 
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while a west facing view favors the observation of sunlit slopes. During nighttime, i.e., in the absence of shading effects, 

differences are much smaller and show very limited VZA dependence. A similar effect occurs over the East African Rift 

System, e.g. in Ethiopia, which is also roughly a north-south oriented mountain range (not shown).  Over the Arabian 

Peninsula (Figure 9b), the daytime mean difference curve is more symmetrical, suggesting a mix of emissivity and shading 485 

effects on LST. Although the emissivity retrieval includes a VZA dependence, the very high SEVIRI VZA can result in 

larger surface emissivity uncertainties. There are also some mountain ranges and high sand dunes near the Persian Gulf that 

contribute to LST directional effects. Over these two areas (Figure 9a and b), the mean difference is around 1K for nighttime 

or daytime with similar view geometry. These larger discrepancies could be related to the higher uncertainties of the GSW 

algorithm at very high VZAs (~65o).  490 

We also analyzed two regions in the Saharan desert with contrasting behavior of the LST differences (Figure 9c and d). Over 

the western region of the Sahara (Figure 9c), there is a persistent occurrence of high dust aerosol concentrations during the 

JJA season. Dust aerosols have significant absorption around the 11 μm spectral region, resulting in LST underestimation 

under high concentrations (Stante et al., 2023). This effect is higher during daytime (with warmer brightness temperatures) 

and the errors increase with VZA, i.e., with increasing optical path. This results in an underestimation of AVHRR LSTs 495 

when the VZA is larger than SEVIRI, as seen in Figure 9c. Over central Africa (Figure 9d), aerosol loads are less significant 

(e.g. Stante et al. (2023)) and thus aerosol effects are reduced, leading to much lower discrepancies. The dependence on 

VZA is also reduced, suggesting a good representation of emissivity directionality. The daytime VZA dependence is 

asymmetrical, suggesting that some shading effects occur in the area. 

The regions of Iberia, southern Africa and southern America (Figure 9e-g) are all characterized by a predominance of sparse-500 

to-moderate vegetation cover. Both show strongly asymmetrical VZA dependence during daytime. For morning overpasses, 

a west (east) facing view, i.e. for VZA<0 (VZA>0), favors the observation of sunlit (shaded) surfaces resulting in higher 

(lower) LSTs. The LST differences tend to be lower when SEVIRI and AVHRR views are more aligned; in the case of Iberia 

and Southern Africa the SEVIRI view is closer to a north-south orientation, contrasting with the AVHRR east-west 

orientation and leading to higher LST discrepancies. At night, VZA dependence is smaller and symmetrical and mainly 505 

reflects the proportion of vegetated versus bare ground components within the satellite FOV (Ermida et al., 2014). 

For the IODC MLSTv2 product, comparisons with the EDLSTv2 yield similar results to the 0-degree MLSTv2 product 

(Figure A1 of supplementary material). During daytime DJF (JJA), 58.2% (47.8%) of pixels have a mean difference between 

±1K and 84.4% (76.4%) within ±2K. The daytime STD is below 2K in 72.8% (58.5%) of pixels for the DJF (JJA) season. At 

nighttime, 83.5% (76.9%) of pixels in DJF (JJA) have mean differences within ±1K and 97.6% (92.7%) have STD below 510 

2K. As in the case of the MLSTv2, the larger discrepancies can mostly be attributed to directional effects or aerosol 

contamination. 
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Figure 9 – Elevation (km) and selected regions of interest (top left panel) and respective average (markers) and standard deviation 515 
(bars) of the differences between the EDLSTv2 and MLSTv2 products at each region, grouped by Metop view zenith angle (VZA; 

degrees), for daytime (red) and nighttime (blue). Negative (positive) VZA values indicate the scene is viewed from east (west). The 

average MSG view zenith angle is also indicated by the gray vertical line.     
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3.3. Stability assessment 

Stability of the LSA-SAF LST products is assessed by comparing LST anomalies against independent reference datasets, 520 

preferably widely used in climate studies. Here we have considered ERA5 reanalysis (Hersbach et al., 2020), one satellite-

based product not part of the LSA SAF portfolio (ESA CCI MODIS/Aqua; Ghent et al., 2025), and a gridded 2m air 

temperature product derived from in situ stations (CRUTEM5; Osborn et al., 2021). The MLSTv2 anomalies were compared 

against CCI MODIS/Aqua anomalies, which was one of the sensors considered to be most stable in the study by Good et al. 

(2022). Good et al., reported non-significant trends for the minimum, maximum and mean temperature for the beta version 525 

of the CCI MODIS/Aqua product. The corresponding trends for the used version 4 are currently not available. Only the 

MLSTv2 product is compared against CCI MODIS data since its high temporal frequency allows close match-ups with the 

MODIS overpasses. We found that anomaly comparisons without first performing temporal matching tend to lead to lower 

agreement since the days considered in calculating monthly means may significantly vary due to cloud cover (not shown). 

For this reason, for the stability assessment time match-ups are always performed prior to the anomaly computation. The 530 

only exception is the CRUTEM5 dataset, since these data are only available only as monthly values.  Table 5 presents the 

trend values of the LST anomalies of each LST product as obtained when compared against station, reanalysis and satellite 

reference.  

 

Table 5 – Trend of the anomaly differences (∆𝐓𝐚𝐧𝐨𝐦 in eq. (10; K/decade) for each combination of LSA-SAF product and reference 535 
dataset described in Table 3, for the maximum/daytime (LSTMAX/DAY), the minimum/nighttime (LSTMIN/NIGHT) and mean LST 

(LSTMEAN). Values marked with * correspond to non-significant trends at the 95% confidence level. 

  Reference 

Product 
CRUTEM5 ERA5 CCI MODIS MLSTv2 EDLSTv2 

MLSTv2 

LSTMAX/DAY - 0.034* -0.032 - -0.086 

LSTMIN/NIGHT - -0.044 -0.058 - -0.043 

LSTMEAN 0.152 -0.024* -0.043 - -0.061 

EDLSTv2 

LSTMAX/DAY - -0.068 - 0.086 - 

LSTMIN/NIGHT - -0.028 - 0.043 - 

LSTMEAN -0.153 -0.055 - 0.061 - 

IODC 

MLSTv2 

LSTMAX/DAY - -0.784 - - -0.375 

LSTMIN/NIGHT - -0.287 - - -0.447 

LSTMEAN 0.755 -0.412 - - -0.378 

MLST-ASv2 

LSTMAX/DAY - 0.132 - - - 

LSTMIN/NIGHT - -0.126 - - - 

LSTMEAN 0.008* -0.059 - - - 

 

 

 540 
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MLSTv2  

The anomaly difference time-series for the MLSTv2 product are also shown in Figure 10 (against ERA-5 skin temperature 

and CCI MODIS LST product, respectively) and Figure 11 (against CRUTEM5 dataset). When compared against ERA5, the 

obtained anomaly difference trends are 0.034, -0.044 and -0.024 K/decade for daily maximum (LSTMAX), daily minimum 

(LSTMIN) and mean LST (LSTMEAN), respectively, with the values of the LSTMAX and LSTMEAN being non-significant at 5% 545 

p-level (Table 5). When compared against CCI MODIS, the corresponding trends are -0.032, -0.058 and -0.043 K/decade for 

the LSTMAX, LSTMIN and LSTMEAN, respectively. All these trends in the anomalies’ differences meet the goal requirement of 

0.1 K/decade defined by the GCOS (World Meteorological Organization et al., 2025).  Correlations of the MLSTv2 

anomalies with the reference datasets are all 0.98 when compared to CCI MODIS, but are slightly lower when compared 

against ERA5, with values of 0.89, 0.97 and 0.95 for LSTMAX, LSTMIN and LSTMEAN, respectively (Figure 10), with some 550 

significant discrepancies being noticeable, for example in 2004 and 2010. Compared to CRUTEM5, the MLSTv2 LSTMEAN 

∆𝑇anom trend is slightly higher, with a value of 0.152 K/decade, which still meets the GCOS baseline requirement (0.2 

K/decade). Correlation is also lower with a value of 0.77. This is likely due to discrepancies related to the difference between 

air and surface temperature, to the comparison of all-sky versus clear-sky and also to the sampling frequency of each dataset: 

15-min in the case of MLSTv2, while the temporal sampling between stations can differ considerably (e.g., 6-hourly or only 555 

minimum and maximum temperature) (Osborn et al., 2021).  

 

 
Figure 10 – Monthly anomaly difference (∆𝐓𝐚𝐧𝐨𝐦 in eq. (10) time series as obtained for the MLSTv2 product when compared to 

ERA5 (a,b,c) and CCI MODIS (d,e,f), for the maximum/daytime (LSTMAX/DAY; a,d), the minimum/nighttime (LSTMIN/NIGHT; b,e) 560 
and mean LST (LSTMEAN; c,f). The trend of each series is represented by the purple line. The respective values of the trend (t; 

K/decade) and correlation coefficient (R) are also shown. 
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We further analyze the impact of satellite transitions on the LST anomalies. For that purpose, we have computed the average 

and standard deviation of the anomaly differences, ∆𝑇anom, for the operation period of each platform (Table A2, available in 

Appendix A). When compared to ERA5, the average ∆𝑇anom of the MSG4 LSTMAX shows a slightly larger value of 0.15K, 565 

while the remaining MSGs have values of 0.00K, -0.06K and -0.06K, for MSG1, MSG2 and MSG3, respectively. These 

discrepancies are reduced when the anomalies are compared against CCI MODIS, with average ∆𝑇anom values of the 

LSTMAX of 0.01K, 0.04K, -0.06K and 0.01K for MSGs 1-4, respectively. However, it should be noted that the CCI MODIS 

product ends in 2021 and, therefore, it is not possible to analyze the full MLSTv2 data record. Shortly after MSG4 became 

operational, with the generation of NRT LST by LSA-SAF from SEVIRI on-board MSG4, it was clear that this sensor’s 570 

calibration needed to be revisited. This has prompted a deeper adjustment of the previous version of the MLST product. For 

comparison, we performed the same analysis of the anomaly differences for the MLST product (Figure A2 and Table A6). In 

this analysis, it is possible to identify a significant discontinuity caused by the operation period of the MSG4, with an ERA5 

average ∆𝑇anom  for LSTMAX of 0.49K. The average ∆𝑇anom  for the remaining sensors is -0.14K, -0.06K and -0.24K for 

MSG1, MSG2 and MSG3, respectively, which shows that the discontinuities due to sensor change have been significantly 575 

improved from the previous version.  

 

 
Figure 11 – As in Figure 10 but for a) MLSTv2, b) EDLSTv2, c) MLST-ASv2 and c) IODC MLSTv2  products when compared to 

CRUTEM5 data for the mean LST (LSTMEAN).  580 

EDLSTv2 

After establishing the stability of the MLSTv2, this product is used as reference for the stability assessment of the EDLSTv2. 

Figure 12 shows the time series of anomaly differences when comparing EDLSTv2 to ERA5 and MLSTv2.  When compared 

against ERA5, the obtained anomaly difference trends of EDLSTv2 are -0.068, -0.028 and -0.055 K/decade for the LSTDAY, 

LSTNIGHT and LSTMEAN, respectively (Table 5). Compared to MSLTv2 the difference trends are 0.086, 0.043 and 0.061 585 

K/decade for LSTDAY, LSTNIGHT and LSTMEAN, respectively. All these trends meet the goal requirement of 0.1 K/decade 

defined by GCOS 54. Correlations with MLSTv2/ERA5 are reasonably good, showing a better agreement at nighttime, with 
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a value of 0.99 (Figure 12b,e), than at daytime (0.97/0.93; Figure 12a,d), while daily (nighttime + daytime) LST anomalies 

present an intermediate value (0.98/0.97; Figure 12c,f). During daytime uncertainties in the LST are amplified, particularly 

when considering the impact of directional effects (as discussed in section 3.2), which explains the increased discrepancies. 590 

Compared to CRUTEM5, the LSTMEAN ∆𝑇anom trend is -0.153 K/decade, meeting the baseline requirement of GCOS. The 

correlation is better than for MLSTv2, with a value of 0.89 (Figure 11b). This could be related to the overpass time of 

Metop, for which LST values tend to be closer to air temperature. There is a conspicuous drop in the series starting in 2024 

(Figure 11b), most likely due to a slight de-orbiting of Metop-B following the decision to preserve fuel, as the end of the 

satellite’s life cycle is approaching. 595 

An analysis of the average ∆𝑇anom in the Metop series suggests a slight sign change from Metop-A to Metop-B (Table A3), 

the largest discrepancies being found for LSTDAY when compared to MLSTv2, with ∆𝑇anom values of -0.05K and 0.04K for 

Metop-A and –B, respectively.  

 

Figure 12 - As in Figure 10 but for the EDLSTv2 product when compared to ERA5 (a,b,c) and MLSTv2 (d,e,f). 600 

IODC MLSTv2 

The IODC MLSTv2 product data record is too short for climate purposes, but analyzing its stability can still provide useful 

information to users. For that purpose, we compared IODC MLSTv2 anomalies against ERA5 and the EDLSTv2. The 

MODIS dataset was not used here due to the short overlap period (4 years). Figure 13 shows the time series of the difference 

between LST anomalies for the IODC MLSTv2 and the ERA5/EDLSTv2 datasets. Strongly decreasing trends were found 605 

for all variables, with values of -0.784 (-0.375), -0.287 (-0.447) and -0.412 (-0.378) K/decade for LSTMAX/DAY, LSTMIN/NIGHT 

and LSTMEAN, respectively, when compared against ERA5 (EDLSTv2). Correlation with EDLSTv2 is high, with values 
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around 0.96-0.97, and slightly reduced for ERA5, with values between 0.79 (LSTMAX) and 0.94 (LSTMIN). Compared to 

CRUTEM5, there is also a significant trend of 0.755 K/decade, the correlation being similar to ERA5 (0.79). 

The trends described above seem to be associated to a significant shift in ∆𝑇anom  values occuring around 2022, which 610 

corresponds to the transition from MSG1 to MSG2 (Figure 1). Indeed, the average ∆𝑇anom w.r.t to EDLSTv2 is between 

0.06K and 0.07K for MSG1, and between -0.13K and -0.11K for MSG2 (Table A4). Compared to ERA5 this transition is 

particularly significant for LSTMAX, with values of mean ∆𝑇anom of 0.11K and -0.20K for MSG1 and MSG2, respectively. 

For the IODC coverage, the transition from MSG1 to MSG2 was accompanied by a repositioning of the satellite from 41.5oE 

to 45.5oE. Therefore, it is difficult to ascertain whether these discrepancies are related to the sensor’s calibration or a change 615 

in FOV (e.g., changing directional effects). Calibration coefficients are currently not available for the IODC coverage but 

could be made available by EUMETSAT in the near future. 

 
Figure 13 – As in Figure 10 but for the IODC MLSTv2 product when compared to ERA5 (a,b,c) and EDLSTv2 (d,e,f). 

MLST-ASv2 620 

Finally, the MLST-ASv2 anomalies were compared against ERA5 ones (Figure 14) and to CRUTEM5 (Figure 11), since to 

our knowledge, there are no all-sky satellite LST products that currently meeti GCOS requirements and that could, therefore, 

be used as reference for this comparison. The obtained trends of ∆𝑇anom between MLST-ASv2 and ERA-5 (all sky) are 

0.132, -0.126 and -0.059 K/decade for LSTMAX, LSTMIN and LSTMEAN, respectively (Table 5; Figure 14). These are slightly 

larger than those obtained for MLSTv2, but still meeting the GCOS baseline requirement of 0.2 K/decade. Correlations are 625 

also higher, with values of 0.94, 0.95 and 0.97 for LSTMAX, LSTMIN and LSTMEAN, respectively (Figure 14). Compared to the 

clear-sky counterpart, MLSTv2, correlations are significantly improved during the day (from 0.89 to 0.94), likely because 

the cloudy-sky LSTs are more comparable to ERA5 values. It should be noted that, unlike for MLSTv2 where reanalysis and 

satellite products are carefully matched up in time, while ensuring that both correspond to clear-sky estimates, the MLST-
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ASv2 data are matched independent of cloud conditions. Therefore, differences in cloud coverage between the MLST-ASv2 630 

and ERA5 can lead to higher discrepancies. This could explain why nighttime correlations are higher under clear-sky (0.97; 

Figure 10b) than all-sky (0.95; Figure 14b). When compared against CRUTEM5, the ∆𝑇anom trend is actually improved, 

being non-significant with a value of 0.008 K/decade and meeting the GCOS target requirement. Since the MLST-ASv2 

incorporates the MLSTv2 product, these results are indicative of the importance of comparing clear-sky to all-sky values. 

Indeed, trends in cloud cover are likely to have a different impact on an all-sky and clear-sky LST trends (Anon, 2013; Dong 635 

et al., 2023; Ermida et al., 2019; Norris et al., 2016; Pfeifroth et al., 2018b, a). 

In Figure 14 there is a small but noticeable increase (decrease) of LSTMAX (LSTMIN) ∆𝑇anom around 2021-2022. The MLST-

ASv2 cloudy-sky LST is produced by the METv3 algorithm. For the generation of the MLST-ASv2 product, we included 

data from both the CDR (2004-2020) and NRT production (2021 onwards). This seems to introduce a slight discontinuity in 

the dataset, with an average ∆𝑇anom of the MLST-ASv2 during the METv3 CDR (NRT) period of -0.05K (0.20K), 0.04K (-640 

0.15K) and 0.01K (-0.05K) for LSTMAX, LSTMIN and LSTMEAN, respectively (Table A5). 

 
Figure 14 - As in Figure 10 but for the MLST-ASv2 product when compared to ERA5. 

4. Summary and Recommendations 

This work describes the new developments introduced in the generation of LST from EUMETSAT satellite by the LSA-645 

SAF. The so-called version 2 suite of products includes LST from SEVIRI on-board the MSG series, for both the 0-degree 

(MLSTv2) and IODC (IODC MLSTv2) coverage, and from AVHRR on-board Metop satellites (EDLSTv2). It also includes 

an all-sky product (MLST-ASv2) that combines clear-sky LST from MLSTv2 with cloudy skin temperature from a surface 

energy balance model developed within the LSA-SAF (METv3). The main algorithm developments with respect to the older 

operational version include: 650 
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1. Re-calibration of TOA radiances to ensure consistency across sensors in each series; 

2. Revision of the calibration database used to train the LST retrieval algorithm. The new version uses a more 

comprehensive database that ensures a better representation of extreme conditions. Furthermore, the new database uses 

profile data from a more recent reanalysis, thereby improving the vertical description of the atmosphere; 

3. The land surface emissivity algorithm was revised to improve the representation of spatial variability in bare and 655 

sparsely vegetated surfaces. Additionally, the algorithm uses the algorithm also uses more recent versions of spectral 

library data and land cover and soil type classifications. 

The generated LST datasets were validated against in-situ data from four different station networks: KIT, BSRN, SURFRAD 

and GBOV. However, our analysis seems to indicate that GBOV data might not be representative of satellite spatial 

resolutions, especially in the case of the coarser geostationary data. The overall accuracy of the LSA-SAF datasets, 660 

considering KIT, BSRN and SURFRAD data, is 0.20K, 0.21K, -0.22K and 0.24K for MLSTv2, IODC MLSTv2, EDLSTv2 

and MLST-ASv2, respectively. The overall precision is 1.51K, 1.53K, 1.91K and 1.75K for MLSTv2, IODC MLSTv2, 

EDLSTv2 and MLST-ASv2, respectively. The total uncertainty of the products is 1.98K, 2.07K, 2.40K and 2.35K. The 

products also show consistent performance for day/nighttime and for very high and very low LST values. 

The products were also analyzed for their consistency, showing good agreement when disregarding directional effects. 665 

During daytime, at least 84% of pixels have a mean difference within ±2K. However, directional effects are an important 

caveat when using satellite LST products: for specific surface conditions, LST discrepancies due to satellite view angle 

differences can be significant (Duffour et al., 2016; Ermida et al., 2017; Lagouarde et al., 2000; Pinheiro et al., 2004; 

Rasmussen et al., 2011). The LSA-SAF currently provides an estimate of the deviation from nadir view for the MLST 

product 68; this data layer will also be included in the new MLSTv2. While there are currently no new developments, the 670 

LSA-SAF will continue to investigate methodologies to account for directional effects on its LST products.  

The LSA-SAF also aims to provide LST datasets that meet the GCOS requirements for climate applications. Therefore, we 

analyze the products’ stability by comparing LST anomalies with three reference datasets, namely the CRUTEM5, ERA5 

skin temperature and MODIS/Aqua from the ESA CCI LST project. We found that the MLSTv2 and EDLSTv2 products 

meet the GCOS baseline requirement of 0.2 K/decade when compared to CRUTEM5 and the target 0.1 K/decade 675 

requirement when compared to ERA5/MODIS. Conversely, the MLST-ASv2 product meets the target requirement when 

compared to CRUTEM5, while meeting only the baseline when compared to ERA5. This is likely due to the use of clear-sky 

LST instead of all-sky air temperature, which can introduce discrepancies with a climatic signal (e.g., from cloud cover). The 

IODC MLSTv2 product did not meet the GCOS requirements. However, this is a short dataset (starting in 2018) and trends 

are most likely associated to the re-positioning of the satellite position when transitioning from MSG1 to MSG2. 680 

Nevertheless, we expect new radiance calibration coefficients to be available in the near future and will then make an 

assessment for the need to release a new version of this dataset.  

Although significant efforts have been made to obtain stable recalibrated radiances for generating LSA-SAF LST datasets, 

there are still some small discontinuities. Our analysis suggests that MSG3 is slightly colder, while MSG4 is slightly warmer 
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than the other MSGs, although the largest differences are within 0.15K. For the EDLSTv2 product, we identify a slight shift 685 

towards colder LST from 2024 onwards, associated with the orbital drift that was initiated to conserve fuel. We expect that 

data from the Metop-SG will be available soon, which will allow replacing any data from EPS data does not meet 

requirements. We also identified a small discontinuity in the MLST-ASv2 product around 2022, which we assign to the 

transition from METv3 CDR to METv3 NRT data, with changes of about 0.10-0.15K.  

The algorithms presented here have also been adapted and implemented for retrievng LST from the new Meteosat Third 690 

Generation (MTG) and Metop-SG, thereby ensuring continuity of the Meteosat and Metop services.  The overlapping period 

between legacy and follow-on missions will be crucial to further ensure the consistency of LSA-SAF LST datasets derived 

from geostationary and polar-orbiting EUMETSAT satellites. 

Appendix A 

Table A1 – Coordinates, used time-period, land cover, source of emissivity and LSA-SAF products validated by each in-situ 695 
station. 

ID Coordinates Time period Land Cover Emissivity Products validated 

KIT Network 

EVO 38.540 oN 

8.003 oW 

2010-2024 Savanna LSA-SAF MLST MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

GBB_P 23.520oS 

15.083oE 

2013-2024 Desert In-situ 40,49 MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

KAL 22.933oS 

17.992 oE 

2011-2017 Open Shrubland LSA-SAF MLST MLSTv2; MLST-ASv2; 

EDLSTv2 

BOD 47.605 oN 

9.444 oE 

2023-2024 Inland water 0.986 (Masuda et al., 1988) MLSTv2; EDLSTv2 

KIT_F 49.091 oN 

8.425 oE 

2020-2024 Mixed Forest From spectral library: 

0.988 

EDLSTv2 

BSRN Network 

CAB 51.971 oN 

4.927 oE 

2014-2024 Cropland Mosaics Monthly mean from 

Ermida et al. (2020) 

MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

BUD 47.4291 oN 

19.1822 oE 

2019-2024 Cropland Mosaics Monthly mean from 

Ermida et al. (2020) 

MLSTv2 IODC 

DOM 75.1000 oS 

123.3830 oE 

2010-2022 Snow and Ice From spectral library: 

0.982 

EDLSTv2 

GVN 70.6500 oS 2007-2022 Snow and Ice From spectral library: EDLSTv2 
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8.2500 oW 0.982 

SPO 89.9830 oS 

24.7990 oW 

2007-2021 Snow and Ice From spectral library: 

0.982 

EDLSTv2 

SEL 15.7840 oN 

91.9902 oW 

2020-2024 Savanna Monthly mean from 

Ermida et al. (2020) 

EDLSTv2 

PAY 46.8123 oN 

6.9422 oE 

2004-2023 Evergreen 

Needleleaf Forest 

Monthly mean from 

Ermida et al. (2020) 

MLSTv2; MLST-ASv2 

TAT 36.0581 oN 

140.1258 oE 

2007-2024 Urban and Built-

up 

Monthly mean from 

Ermida et al. (2020) 

EDLSTv2 

TOR 58.2540 oN 

26.4620 oE 

2004-2020 Cropland Mosaics Monthly mean from 

Ermida et al. (2020) 

MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

SURFRAD Network 

GWN 34.255 oN 

89.873 oW 

2007-2024 Deciduous 

Broadleaf Forest 

Monthly mean from 

Ermida et al. (2020) 

EDLSTv2 

BND 40.051oN  

88.373oW 

2007-2024 Croplands EDLSTv2 

SXF 43.734 oN 

96.623 oW 

2007-2024 Croplands EDLSTv2 

FPK 48.308 oN 

105.102 oW 

2007-2024 Grasslands EDLSTv2 

DRA 36.623 oN 

116.020 oW 

2007-2024 Open Shrublands EDLSTv2 

GBOV Database 

ALICE 22.2832oS 

133.2511oE 

2016-2022  Open Shrublands (Seemann et al., 2008) EDLSTv2 

BE-VI 50.3050oN 

5.9981oE 

2021-2024  Mixed Forest EDLSTv2 

BRASS 51.3075oN 

4.5199oE 

2018-2024  Mixed Forest MLSTv2; MLST-ASv2; 

EDLSTv2 

CALPE 34.0027oS 

140.5877oE 

2018-2024  Closed 

Shrublands 

EDLSTv2 

DALYU 14.1592oS 

131.3881oE 

2018-2024  Woody Savannas EDLSTV2 
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DES_M 41.5563oN 

93.2855oW 

2013-2024  Croplands EDLSTV2 

DRYRI 15.2590oS 

132.3710oE 

2018-2024  Woody Savannas EDLSTV2 

DUKEF 35.9712oN 

79.0934oW 

2016-2024  Mixed Forest EDLSTV2 

FR-BI 44.4937oN 

0.9561oW 

2020-2024  Evergreen 

Needleleaf Forest 

MLSTv2; MLST-ASv2; 

EDLSTv2 

FYODO 56.4476oN 

32.9019oE 

2018-2023  Croplands MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

GINGI 31.3764oS 

115.7139oE 

2018-2024  Woody Savannas EDLSTV2 

GREAT 30.1920oS 

120.6540oE 

2018-2023  Open Shrublands EDLSTV2 

GRIGN 48.8442oN 

1.9519oE 

2022-2024  Croplands MLSTv2; MLST-ASv2; 

EDLSTv2 

HYYTI 61.8474oN 

24.2948oE 

2022-2024  Evergreen 

Needleleaf 

MLSTv2; MLST-ASv2; 

EDLSTv2 

IT-SR 43.7320oN 

10.2909oE 

2020-2023  Evergreen 

Needleleaf Forest 

MLSTv2; MLST-ASv2; 

EDLSTv2 

KANPU 26.5332oN 

80.1683oE 

2019-2021  Croplands EDLSTV2 

LOCHR 51.1122oN 

3.8504oE 

2019-2022  Deciduous 

Broadleaf Forest 

MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

MANHA 39.1027oN 

96.6097oW 

2014-2024  Grasslands EDLSTV2 

PUECH 43.7400oN 

3.6000oE 

2022-2024  Evergreen 

Needleleaf 

MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

ROBSO 17.1175oS 

145.6301oE 

2018-2024  Mixed Forest EDLSTV2 

SE-HT 56.0976oN 

13.4190oE 

2019-2024  Evergreen 

Needleleaf Forest 

MLSTv2; MLST-ASv2; 

EDLSTv2 

SKUKU 25.0197oS 2022-2022  Savannas MLSTv2; MLST-ASv2; 
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31.4969oE EDLSTv2 

SOUTH 36.6058oN 

97.4888oW 

2013-2023  Croplands EDLSTV2 

STURT 17.1507oS 

133.3502oE 

2020-2024  Savannas EDLSTV2 

SVART 64.2600oN 

19.7700oE 

2022-2023  Evergreen 

Needleleaf 

EDLSTV2 

THARA 50.9626oN 

13.5651oE 

2021-2024  Evergreen 

Needleleaf Forest 

EDLSTV2 

TUMBA 35.6565oS 

148.1516oE 

2019-2019  Evergreen 

Broadleaf 

EDLSTV2 

VALEN 39.5707oN 

1.2882oW 

2020-2024  Cropland 

Mosaics 

MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

WARRA 43.0950oS 

146.6545oE 

2018-2021  Evergreen 

Broadleaf 

EDLSTV2 

WHROO 36.6732oS 

145.0294oE 

2020-2022  Croplands EDLSTV2 

WICKE 52.3094oN 

0.2797oE 

2017-2021  Croplands MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

WILLI 35.7550oN 

112.3374oW 

2013-2024  Open Shrublands EDLSTV2 

WUSTE 50.5049oN 

6.3310oE 

2016-2022  Evergreen 

Needleleaf Forest 

MLSTv2; MLST-ASv2; 

EDLSTv2 

WYTHA 51.7772oN 

1.3383oW 

2021-2022  Croplands 

Mosaics 

MLSTv2 (IODC); 

MLST-ASv2; EDLSTv2 

YANCO 35.0053oS 

146.3099oE 

2018-2024  Grasslands EDLSTV2 

YOSEM 37.7589oN 

119.8211oW 

2016-2024  Evergreen 

Needleleaf 

EDLSTV2 
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Table A2 - Average and standard deviation of the anomaly differences (∆𝑻𝒂𝒏𝒐𝒎 in eq. 10; K) for each satellite in the MLSTv2 and 

MLST-ASv2 time series. 

  
MLSTv2 vs ERA5 MLSTv2 vs MODIS 

MLST-ASv2 vs 

ERA5 

LSTMAX/DAY 

MSG1 0.00 ± 0.31 0.01 ±  0.12 -0.06 ± 0.18 

MSG2 -0.06 ±  0.27 0.04 ±  0.09 -0.08 ± 0.17 

MSG3 -0.06 ±  0.23 -0.06 ±  0.09 0.04 ± 0.18 

MSG4 0.15 ±  0.26 0.01 ±  0.08 0.09 ± 0.16 

LSTMIN/NIGHT 

MSG1 0.03 ±  0.11 0.05 ±  0.10 0.06 ± 0.08 

MSG2 0.04 ±  0.09 0.02 ±  0.09 0.08 ± 0.07 

MSG3 -0.05 ±  0.08 -0.05 ±  0.10 -0.06 ± 0.11 

MSG4 0.01 ±  0.13 -0.01 ±  0.06 -0.05 ± 0.09 

LSTMEAN 

MSG1 0.04 ±  0.14 0.04 ±  0.09 0.04 ± 0.09 

MSG2 0.00 ±  0.14 0.02 ±  0.08 0.03 ± 0.09 

MSG3 -0.06 ±  0.09 -0.05 ±  0.08 -0.04 ± 0.09 

MSG4 0.07 ±  0.13 0.00 ±  0.05 -0.01 ± 0.08 

 

 

Table A3 - Average and standard deviation of the anomaly differences (∆𝑻𝒂𝒏𝒐𝒎 in eq. 10; K) for each satellite in the EDLSTv2 705 
time series. 

  EDLSTv2 vs ERA5 EDLSTv2 vs MLSTv2 

LSTDAY 
Metop-A 0.03 ± 0.08 -0.05 ± 0.09 

Metop-B -0.02 ± 0.08 0.04 ± 0.11 

LSTNIGHT 
Metop-A 0.01 ± 0.09 -0.03 ± 0.04 

Metop-B -0.01 ± 0.08 0.02 ± 0.07 

LSTMEAN 
Metop-A 0.03 ± 0.05 -0.04 ± 0.06 

Metop-B -0.02 ± 0.05 0.03 ± 0.09 

 

Table A4 - Average and standard deviation of the anomaly differences (∆𝑻𝒂𝒏𝒐𝒎 in eq. 10(10; K) for each satellite in the IODC 

MLSTv2 time series. 

  IODC MLSTv2 vs ERA5 IODC MLSTv2 vs EDLSTv2 

LSTMAX/DAY 
MSG1 0.11 ± 0.29 0.06 ± 0.05 

MSG2 -0.20 ± 0.21 -0.11 ± 0.05 

LSTMIN/NIGHT 
MSG1 0.06 ± 0.10 0.07 ± 0.03 

MSG2 -0.11 ± 0.10 -0.13 ± 0.05 

LSTMEAN 
MSG1 0.07 ± 0.14 0.06 ± 0.03 

MSG2 -0.13 ± 0.13 -0.12 ± 0.05 

 710 
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Table A5 - Average and standard deviation of the anomaly differences (∆𝑻𝒂𝒏𝒐𝒎 in eq. 10; K) of the MLST-ASv2 time series, for 

the periods of the Climate Data Record (CDR) and Near Real Time (NRT) productions of the METv3 product. 

  MLST-ASv2 vs ERA5 

LSTMAX 
MET CDR  -0.05 ± 0.16  

MET NRT  0.20 ± 0.13  

LSTMIN 
MET CDR  0.04 ± 0.08  

MET NRT  -0.15 ± 0.09  

LSTMEAN 
MET CDR  0.01 ± 0.09  

MET NRT  -0.05 ± 0.09  

 

 

Table A6 - Average and standard deviation of the anomaly differences (∆𝑻𝒂𝒏𝒐𝒎 in eq. 10; K) for each satellite in the MLST 715 
(previous version) time series. 

  MLST vs ERA5 MLST vs MODIS 

LSTMAX/DAY 

MSG1 -0.14 ± 0.25 -0.12 ± 0.10 

MSG2 -0.06 ± 0.24 0.04 ± 0.10 

MSG3 -0.24 ± 0.23 -0.23 ± 0.09 

MSG4 0.49 ± 0.26 0.34 ± 0.08 

LSTMIN/NIGHT 

MSG1 -0.08 ± 0.10 -0.06 ± 0.09 

MSG2 -0.05 ± 0.09 -0.03 ± 0.09 

MSG3 -0.10 ± 0.11 -0.12 ± 0.11 

MSG4 0.24 ± 0.14 0.26 ± 0.07 

LSTMEAN 

MSG1 -0.09 ± 0.12 -0.08 ± 0.08 

MSG2 -0.06 ± 0.12 0.00 ± 0.08 

MSG3 -0.16 ± 0.13 -0.17 ± 0.09 

MSG4 0.34 ± 0.16 0.30 ± 0.06 
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Figure A1 - Statistics of the differences between IODC MLSTv2 and EDLSTv2 (as EDLSTv2 minus IODC MLSTv2; K), namely 

the mean (a,b,e,f) and the standard deviation (STD; c,d,g,h), for the months December-January-February (DJF; a,c,e,g) and June-720 
July- August (JJA;b,d,f,h) of 2018 to 2024. 

 

 
Figure A2 - Monthly anomaly difference (∆𝑻𝒂𝒏𝒐𝒎 in eq. 10(10) time series as obtained for the MLST (previous version) product 

when compared to ERA5 (a,b,c) and MODIS (d,e,f), for the maximum/daytime (LSTMAX/DAY; a,d), the minimum/nighttime 725 
(LSTMIN/NIGHT; b,e) and mean LST (LSTMEAN; c,f). The trend of each series is represented by the purple line. The respective values 

of the trend (t; K/decade) and correlation coefficient (R2) are also shown. 
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Data availability 

Monthly averages from each product for the respective data record period on a 0.25ox0.25o regular grid are available from 730 

https://doi.org/10.5281/zenodo.20705177 (Ermida et al., 2026) 

 

Products can be accessed through the LSA-SAF data server:  

https://datalsasaf.lsasvcs.ipma.pt/PRODUCTS/MSG/MLSTv2/ 

https://datalsasaf.lsasvcs.ipma.pt/PRODUCTS/MSG-IODC/MLSTv2/  735 

https://datalsasaf.lsasvcs.ipma.pt/PRODUCTS/MSG/MLST-ASv2/ 

https://datalsasaf.lsasvcs.ipma.pt/PRODUCTS/EPS/EDLSTv2/  

 

Information on all LSA-SAF products is available at: https://lsa-saf.eumetsat.int/en/  

Code Availability 740 

The Google Earth engine code used to select the validation stations is available at:  

https://code.earthengine.google.com/?accept_repo=users/sofiaermida/LST_validation  
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