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Abstract 7 

Land surface temperature (LST) data derived from satellite images are important for various 8 
applications, including mapping urban heat islands, analysing temporal and spatial temperature 9 
patterns, assessing the cooling effect of urban greenery, and developing population vulnerability 10 
indices for heat waves. Thermal sensors aboard Landsat satellites provide the most spatially detailed 11 
data with the longest temporal continuity. Although Landsat Surface Temperature (ST) is already 12 
available as a standard product, and a code for estimating the Landsat LST using the statistical mono-13 
window method has been implemented in the Google Earth Engine, these approaches rely on the 14 
ASTER Global Emissivity Dataset, which has certain limitations, including missing values. In Google 15 
Earth Engine, we developed an approach to calculate land surface emissivity using various NDVI-based 16 
methods, combined with the statistical mono-window and radiative transfer equation methods for LST 17 
calculation. Validation against in situ measurements from the SURFRAD network revealed that the 18 
statistical mono-window method proved to be more accurate than the Landsat ST product and 19 
radiative transfer equation methods, regardless of the emissivity data source. The NDVI-based 20 
emissivity combined with the statistical mono-window method yielded higher LST precision than the 21 
approach using ASTER GED emissivity. These results were consistent across all Landsat missions. 22 
Furthermore, we demonstrate that the lowest accuracy is achieved in calculating LST on mixed surfaces 23 
and the highest on bare soil. The overestimation of satellite LST measurements at high temperatures 24 
was only apparent on mixed and vegetated surfaces, while it was more pronounced in the Landsat ST 25 
product and other radiative transfer equation methods. These findings and the publicly available 26 
Google Earth Engine code can lead to more accurate LST mapping and analysis results.  27 
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1.  Introduction 31 

Land surface temperature (LST) is a critical parameter for understanding environmental processes such 32 
as urban heat islands (UHIs), climate dynamics, and ecosystem responses to global warming. Derived 33 
from satellite thermal infrared data, LST enables applications like mapping urban heat patterns, 34 
analyzing temporal and spatial temperature trends, assessing the cooling effects of urban greenery, 35 
and developing vulnerability indices for heatwaves. As global warming intensifies, with a projected 36 
increase of at least 1.5°C in coming decades (IPCC, 2021), the frequency and severity of heatwaves 37 
have escalated. Concurrently, rapid urbanization has driven the global urban population from 29% in 38 
1950 to 55% in 2018, with projections reaching 68% by 2050, predominantly in Asia and Africa (UN, 39 
2019). In urban areas, this combination amplifies UHIs, where built-up regions exhibit significantly 40 
higher temperatures than surrounding rural areas (Voogt and Oke, 2003), increasing health risks for 41 
vulnerable populations such as the elderly and those with cardiorespiratory conditions (Arsad et al., 42 
2022). 43 
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To study these phenomena, many algorithms have been developed to calculate LST from thermal  45 
infrared images (Li et al., 2013a, 2023; Mohamed et al., 2016). Single-channel methods use only one 46 
thermal infrared band to calculate LST but require several additional parameters. The simplest method 47 
involves inverting the radiative transfer equation, which necessitates prior knowledge of land surface 48 
emissivity and atmospheric parameters such as transmissivity, upwelling radiance, and downwelling 49 
radiance. These parameters are also required for the single-channel algorithm revised by Jiménez-50 
Muñoz et al. (2009). The mono-window algorithm developed by Qin et al. (2001) requires three main 51 
parameters: land surface emissivity, atmospheric transmissivity, and effective mean atmospheric 52 
temperature. Split-window algorithms retrieve LST by leveraging the differential atmospheric 53 
absorption in two adjacent TIR channels to correct for atmospheric effects, which also requires 54 
knowledge of the land surface emissivity in both channels. Additionally, LST and land surface emissivity 55 
can be determined simultaneously using the multi-channel algorithms like the Temperature and 56 
emissivity separation (TES) (Gillespie et al., 1998) or Temperature independent spectral index (TISI) 57 
(Becker and Li, 1990). 58 Land surface emissivity is a crucial parameter for retrieving accurate LST from satellite imagery. Besides 59 
the multi-channel approaches, land surface emissivity can be determined using semi-empirical 60 
methods based on typical emissivity values for different land cover classes (classification-based 61 
emissivity method) (Snyder et al., 1998), or based on the relationship between land surface emissivity 62 
and the normalized difference vegetation index NDVI (NDVI-based emissivity method) (Sobrino and 63 
Raissouni, 2000; Valor and Caselles, 1996; van de Griend and Owe, 1993). The Advanced Spaceborne 64 
Thermal Emission and Reflection Radiometer Global Emissivity Dataset (ASTER GED) is also frequently 65 
used as a source of emissivity data (Hulley et al., 2015). This dataset consists of LST and land surface 66 
emissivity values calculated by the TES algorithm for all cloud-free pixels from ASTER satellite scenes 67 
collected between 2000 and 2008. However, the dataset contains areas with missing mean emissivity 68 
data, leading to gaps in the resulting LST products. In some cases, block artefacts or vegetation 69 
adjustment anomalies may occur in areas where significant changes in NDVI have occurred since the 70 
2000-2008 (USGS, n.d.). 71 

LST data is also available as a ready-made product from various satellites (MODIS, VIIRS, Sentinel-3). 72 
Recently, ST products from individual Landsat satellite missions have also become available (Cook et 73 
al., 2014). The Landsat series offers a long temporal continuity of imaging, starting from the 1970s-80s, 74 
similar to meteorological satellites. Landsat TIR sensors, with the highest spatial resolution among 75 
thermal satellite sensors (60-120 m, resampled to 30 m), provide data suitable for Surface Urban Heat 76 
Island analysis at regional or local scales. The Landsat ST product is calculated using the radiative 77 
transfer equation single-channel method, which utilizes atmospheric profiles and additional data, 78 
including ASTER GEDv3 (Malakar et al., 2018; USGS, 2021). 79 

Before the availability of Landsat ST products, several solutions were developed to automate LST 80 
calculation. For instance, the web application developed by Parastatidis et al. (2017) 81 
(https://rslab.gr/Landsat_LST.html) applies the single-channel algorithm method based on statistical 82 
simulations with various atmospheric profile inputs, leading to a convenient equation for global LST 83 
calculation (Jiménez-Muñoz et al., 2009, 2014). Software tools for automated Landsat LST derivation 84 
have also been developed in widely used geographic information systems like ArcGIS (Sekertekin and 85 
Bonafoni, 2020a) or QGIS (Ndossi and Avdan, 2016), offering several algorithms for LST calculation. 86 

The use of web applications, software plugins, or ready-made Landsat ST products can become 87 
cumbersome when analysing larger areas or longer time series, as they require downloading and 88 
processing large volumes of data. To address this, Ermida et al. (2020) developed a code repository for 89 
calculating LST from Landsat images within the Google Earth Engine environment. Google Earth Engine 90 
(GEE) is a cloud platform for planetary-scale geospatial analysis, offering petabyte-scale archives of 91 
remote sensing data (Gorelick et al., 2017). It provides access to high-performance computing 92 
resources for processing large geospatial datasets through a JavaScript IDE or via JavaScript and Python 93 
APIs. Ermida et al. (2020) utilized a statistical mono-window algorithm, originally developed for 94 
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deriving LST from Meteosat satellites (Duguay-Tetzlaff et al., 2015). This approach is based on a linear 95 
regression relationship between brightness, temperature and LST, simulated for different classes of 96 
atmospheric water vapour. However, the statistical mono-window implementation in Google Earth 97 
Engine also utilizes ASTER GEDv3. 98 

Several studies have focused on validating the accuracy of different methods for calculating Landsat 99 
LST. Parastatidis et al. (2017) assessed Landsat LST accuracy by comparing it with ASTER LST products 100 
and analysing different land surface emissivity sources. Ndossi and Avdan (2016) compared satellite 101 
LST with near-surface air temperatures from meteorological stations. However, the standard approach 102 
involves comparing satellite LST with in situ data from networks equipped with ground-based 103 
radiometers, such as the Surface Radiation Budget Network (SURFRAD) in the USA, or the worldwide 104 
Baseline Surface Radiation Network (BSRN) (Duan et al., 2019; Guillevic et al., 2018; Martin et al., 105 
2019). Landsat LST validation was limited to a few or several dozen measurements in the past due to 106 
the need to download satellite scenes (Sekertekin and Bonafoni, 2020a; Yu et al., 2014). Today, the 107 
Google Earth Engine platform enables validation using the entire available set of cloud-free Landsat 108 
scenes (Ermida et al., 2020). 109 
To address the issues with the ASTER GEDv3 product and provide alternatives to existing Landsat LST 110 

products and calculation methods, we developed a Google Earth Engine code that: 111 

1. estimates land surface emissivity using the NDVI-based method, 112 

2. calculates land surface temperature using the radiative transfer equation (RTE) method, and 113 

3. allows the use of NDVI-based emissivity in the statistical mono-window (SMW) LST 114 

calculation proposed by Ermida et al. (2020). 115 

We demonstrate the application of this code in Bratislava, the capital of Slovakia, an area where ASTER 116 
GEDv3 values are missing. Validation of the proposed methods using in-situ measurements from the 117 
SURFRAD network enabled us to evaluate accuracy of different LST calculation approaches, specifically:  118 

1. the empirical SMW method versus the RTE method,  119 

2. the use of ASTER-based versus NDVI-based emissivity (and the impact of different NDVI 120 

thresholds), and  121 

3. the accuracy of LST retrieval over bare soil, vegetated surfaces, and mixed land cover types. 122 

We hope that the findings of this study can contribute to improving LST retrieval from Landsat 123 

imagery and enhancing subsequent environmental and climate-related analyses. 124 

2.  Data 125 

2.1.  Landsat Data 126 

The GEE catalogue includes Landsat Collection 2 data, which offers enhanced radiometric consistency 127 
and improved geolocation for time series analyses compared to the older Collection 1 (Crawford et al., 128 
2023). For the calculation of LST and land surface emissivity, we use Tier 1 data, which are of the 129 
highest quality. Table 1 summarises the datasets used for various Landsat missions. Landsat 4-5 130 
Thematic Mapper (TM) and Landsat 7 Enhanced Thematic Mapper (ETM+) sensors capture data in the 131 
visible and infrared spectrum. The Landsat 8-9 Operational Land Imager (OLI) sensor records radiation 132 
in the visible and shortwave infrared, while the Thermal Infrared Sensor (TIRS) records in the thermal 133 
infrared spectrum. The TM sensor provides thermal band B6 at a resolution of 120 metres, whereas 134 
for the ETM+ sensor, we used the low-gain version of thermal band B6 at a resolution of 60 metres 135 
due to its larger dynamic range. Band 10 was selected for the TIRS sensor, as band B11 has a greater 136 
calibration uncertainty (Malakar et al., 2018). All thermal bands were resampled to 30 metres by USGS 137 
to match the spatial resolution of the other spectral bands. 138 

The Top of Atmosphere (TOA) dataset represents calibrated reflectance at the top of the atmosphere 139 
and is used to calculate LST using the statistical mono-window method. For the LST calculation using 140 
the radiative transfer equation method, we employ the raw image dataset (DN) representing Level-1 141 
Precision Terrain (L1TP) data, which can then be converted to calibrated at-sensor radiance. The 142 



Surface Reflectance (SR) dataset contains atmospherically corrected surface reflectance. It is used to 143 
calculate the Normalised Difference Vegetation Index (NDVI) from red and near infrared bands at a 144 
spatial resolution of 30 metres. From this dataset, we also used intermediate bands of upwelling 145 
radiance (ST_URAD), downwelling radiance (ST_DRAD), and atmospheric transmittance (ST_ATRAN) 146 
to calculate LST using the radiative transfer equation method. Additionally, we obtained the ST band 147 
from the same dataset. In some cases, the assets include only SR data, where the ST band may be 148 
present but empty. 149 

Table 1.  Datasets of Landsat satellite missions used to calculate the LST in Google Earth Engine. 150 

Name GEE Dataset Date Range 

Landsat 4   

SR LANDSAT/LT04/C02/T1_L2 

August 1982 – December 1993  TOA LANDSAT/LT04/C02/T1_TOA 

DN LANDSAT/LT04/C02/T1 

Landsat 5   

SR LANDSAT/LT05/C02/T1_L2 

March 1984 – May 2012  TOA LANDSAT/LT05/C02/T1_TOA 

DN LANDSAT/LT05/C02/T1 

Landsat 7   

SR LANDSAT/LE07/C02/T1_L2 

January 1999 – April 2022  TOA LANDSAT/LE07/C02/T1_TOA 

DN LANDSAT/LE07/C02/T1 

Landsat 8   

SR LANDSAT/LC08/C02/T1_L2 

April 2013 – Present  TOA LANDSAT/LC08/C02/T1_TOA 

DN LANDSAT/LC08/C02/T1/ 

Landsat 9   

SR LANDSAT/LC09/C02/T1_L2 

October 2021 – Present  TOA LANDSAT/LC09/C02/T1_TOA 

DN LANDSAT/LC09/C02/T1 
   

SR = Surface Reflectance  

TOA = Top of Atmosphere reflectance  

DN = DN values (at-sensor radiance)  

 151 

2.2.  Surface Radiation Data 152 

The calculated LST was compared with in situ data from the SURFRAD radiation network, established 153 
in the USA in the 1990s to support modern climate and hydrological research (Augustine et al., 2000). 154 
The network currently consists of six stations (Fig. 1), which primarily measure the downwelling and 155 
upwelling components of broadband solar and thermal infrared irradiance. Data are recorded at one-156 
minute interval, and measurements were selected to match the Landsat image acquisition time. For 157 
LST validation, upwelling and downwelling infrared radiances are measured with pyrgeometers at a 158 
spatial resolution of 70 x 70 metres, with an accuracy of approximately 5 W/m². All SURFRAD stations 159 
are part of the Baseline Surface Radiation Network (BSRN), a project of the World Climate Research 160 
Programme (WCRP). Data from the SURFRAD stations have been used to validate LST derived from 161 
Landsat (Duan et al., 2021; Malakar et al., 2018), MODIS (Duan et al., 2019), or VIIRS (Liu et al., 2022, 162 
2015). 163 



 164 

Fig. 1. Location of SURFRAD stations on Google orthophotomaps. The red circles indicate the Landsat TIRS spatial 165 
resolution (100m radius). For some stations, locations are slightly shifted to obtain data from more homogeneous 166 
surface, following the approach used in Ermida et al. (2020). 167 

 168 

3.  Methods 169 

3.1.  LST retrieval methods 170 

3.1.1.  Radiative transfer equation method 171 

We developed a code to calculate LST using the radiative transfer equation method in the Google Earth 172 

Engine environment. This method uses a single thermal band, making it applicable to data from Landsat 173 

4-9 satellites. Unlike the mono-window algorithm, the radiative transfer equation method does not 174 

require knowledge of the effective mean atmospheric temperature. Instead, it employs the inversion 175 



of the Radiative Transfer Equation to compute ground radiance from at-sensor (TOA) radiance (Dash et 176 

al., 2001): 177 

𝐿𝜆 = 𝜏𝜀𝐵𝜆(𝑇𝑆) + 𝐿𝜆
↑ + 𝜏(1 − 𝜀)𝐿𝜆

↓  (1) 

where 𝐵𝜆(𝑇𝑆) is the radiance of a blackbody target of surface temperature 𝑇𝑆 (ground radiance), 𝐿𝜆
↑   is 178 

the upwelling or atmospheric path radiance, 𝐿𝜆
↓   is the downwelling or sky radiance, 𝜏  is atmospheric 179 

transmittance, 𝜀  is land surface emissivity. Radiances are in units of W/m2·sr·μm and transmittance 180 

and emissivity are unitless.  181 

The radiative transfer equation describes TOA radiance as a combination of surface radiance 182 

attenuated by the atmosphere, atmospheric contribution along the upward path (upwelling radiance), 183 

and atmospheric radiance reflected by the surface and attenuated along the upward path 184 

(downwelling radiance). Upwelling radiance, downwelling radiance and transmittance have been 185 

routinely obtained since 2003 from the Atmospheric Correction Parameter Calculator (Barsi et al., 186 

2003), which used atmospheric profiles from the National Centres for Environmental Prediction (NCEP) 187 

and the commercially available MODTRAN software. As of January 1, 2024, this tool has been 188 

discontinued, as intermediate image products of the upwelling and downwelling radiance and 189 

transmittance from Landsat Collection 2 Level-2 Science Products are now available.  190 

TOA spectral radiance (LTOA) is derived from the calibrated digital number (DN) values of the Landsat 191 

Level-1 thermal band using the radiance rescaling factors provided in the scene metadata file: 192 

𝐿𝜆 = 𝑀𝐿𝑄𝐶𝐴𝐿 + 𝐴𝐿 (2) 

where ML   is the band-specific multiplicative rescaling factor from the metadata, AL  is the band-specific 193 
additive rescaling factor from the metadata, and Qcal  is the quantised and calibrated standard product 194 
pixel values (DN). In Google Earth Engine, this calculation can be performed using the 195 
Landsat.calibratedRadiance algorithm.  196 

By inverting Eq. (1), we can obtain the blackbody radiance at a given surface temperature 𝐵𝜆(𝑇𝑆) from 197 
LTOA:                             198 

𝐵𝜆(𝑇𝑆) =
𝐿𝜆 − 𝐿𝜆

↑ − 𝜏(1 − 𝜀)𝐿𝜆
↓

𝜏𝜀
 (3) 

Subsequently, the surface temperature 𝑇𝑆 (LST) can be derived by inverting Planck’s law or using the 199 

Landsat-specific estimation of the Planck curve: 200 

𝑇𝑆 =
𝐾2

𝑙𝑛 (1 +
𝐾1

𝐵𝜆(𝑇𝑆)
)

 
(4) 

where 𝐾1,𝐾2 are thermal calibration constants (available in metadata files). 201 

The operational algorithm for calculating the Landsat ST product also includes atmospheric corrections 202 

using the radiation transfer model. However, this algorithm is more complex and employs a lookup 203 

table approach instead of the less accurate inversion of the Planck function. This algorithm was 204 

developed at the Rochester Institute of Technology and NASA Jet Propulsion Laboratory in 205 

collaboration with USGS software engineers (Malakar et al., 2018; USGS, 2021). 206 

3.1.2.  Statistical mono-window method 207 

Ermida et al. (2020) employed the Statistical Mono-Window algorithm, developed by the Climate 208 
Monitoring Satellite Application Facility (CM-SAF) to derive LST climate data records from Meteosat 209 
First and Second Generation (MFG and MSG) satellites. This algorithm is straightforward to calibrate 210 



and implement, as it relies on a simple linear regression between the LST and the TOA brightness 211 
temperature in a single TIR channel: 212 

𝐿𝑆𝑇 = 𝐴𝑖

𝑇𝑏

𝜀
+ 𝐵𝑖

1

𝜀
+ 𝐶𝑖 (5) 

where 𝑇𝑏 is the TOA brightness temperature in the TIR channel, and ε  is the surface emissivity for the 213 
same channel. The algorithm's coefficients 𝐴𝑖 , 𝐵𝑖, 𝐶𝑖 are determined from linear regressions of 214 
radiative transfer simulations performed for 10 classes of Total Column Water Vapour. 215 

3.2.  Land surface emissivity retrieval methods 216 

3.2.1.  ASTER GEDv3 emissivity 217 

Several algorithms for calculating LST require prescribed surface emissivity values. Emissivity at a given 218 

wavelength 𝜆 and temperature 𝑇 is defined as the ratio of radiance 𝐿𝜆(𝑇) emitted by a body at 219 

temperature 𝑇 to the radiance 𝐵𝜆(𝑇) emitted by a black body at the same temperature (Li et al., 220 

2013b): 221 

𝜀𝜆(𝑇) =
𝐿𝜆(𝑇)

𝐵𝜆(𝑇)
 (6) 

Since 2014, the global product ASTER GEDv3 has been available, providing emissivity for five ASTER TIR 222 

bands at resolutions of 100 m and 1 km. This dataset, derived from cloud-free ASTER images taken 223 

between 2000 and 2008, has a reported emissivity accuracy of approximately 1%. It is used in the 224 

production of Landsat ST layers and in the statistical mono-window method coded by Ermida et al. 225 

(2020). However, since 2008, significant changes in land cover and seasonal variations in vegetation 226 

may have occurred in some areas. Therefore, it is recommended to correct ASTER GED emissivity based 227 

on the NDVI, where the fractional vegetation cover (FVC) is first calculated (Carlson and Ripley, 1997): 228 

𝐹𝑉𝐶 = (
𝑁𝐷𝑉𝐼 − 𝑁𝐷𝑉𝐼𝑆

𝑁𝐷𝑉𝐼𝑉 − 𝑁𝐷𝑉𝐼𝑆
)

2

 (7) 

where NDVIV and NDVIS represent pixels fully covered by vegetation and bare soil, respectively. To 229 
obtain consistent FVC values, the FVC is set to zero for pixels with NDVI < NDVIS and set to one for pixels 230 
with NDVI > NDVIV (Sobrino et al., 2008). 231 

The emissivity is then adjusted using an equation: 232 

𝜀 = 𝐹𝑉𝐶𝜀𝑉 + (1 − 𝐹𝑉𝐶)𝜀𝑆 (8) 

where 𝜀𝑉 and 𝜀𝑆 represent the emissivity of vegetation and bare soil for a given spectral band, with 233 

𝜀𝑉  determined as a constant, and 𝜀𝑆 derived from the original ASTER emissivity data (Ermida et al., 234 

2020; Malakar et al., 2018). 235 

3.2.2.  NDVI-based emissivity 236 

One drawback of using the ASTER GEDv3 dataset, including its NDVI-corrected modifications, is the 237 
presence of missing values and artefacts in certain areas. As an alternative, classification-based 238 
emissivity methods and NDVI-based emissivity methods can be used for single-channel LST calculation 239 
methods (Li et al., 2013b). Classification-based emissivity methods are demanding in terms of input 240 
data, as they require land cover classification and the subsequent assignment of typical emissivity 241 
values to land cover classes. For this reason, classification-based emissivity methods are less frequently 242 
used in practice compared to NDVI-based emissivity methods, which includes methods such as the 243 
NDVI-threshold method (NDVITHM) (Sobrino and Raissouni, 2000), simplified NDVITHM (SNDVITHM) 244 
(Sobrino et al., 2008), improved NDVITHM (INDVITHM) (Tang et al., 2015), and a new method for separate 245 
emissivity calculation for vegetated and non-vegetated surfaces (Cheng et al., 2021). In our Google 246 



Earth Engine code, we used the NDVITHM and SNDVITHM methods due to their straightforward 247 
implementation for Landsat 4-9 satellite images. 248 

The NDVITHM method uses FVC to calculate the emissivity of mixed surfaces, while the emissivity of 249 
bare soil pixels (NDVI < NDVIS) is estimated from the reflectance in the red band, and pixels fully 250 
covered by vegetation (NDVI > NDVIV) acquire a constant emissivity value (Sobrino and Raissouni, 251 
2000): 252 

𝜀 = 𝑎𝑖𝜌𝑅𝐸𝐷 + 𝑏𝑖                                              NDVI < NDVIS  

𝜀 = 𝜀𝑉𝐹𝑉𝐶 + 𝜀𝑆(1 − 𝐹𝑉𝐶) + 𝐶𝑖                      NDVIS ≤ NDVI ≤ NDVIV (9) 

𝜀 = 𝜀𝑉 + 𝐶𝑖                                                      NDVI > NDVIV  

where 𝐶𝑖 is a term which takes the cavity effect into account due to the surface roughness (𝐶𝑖 = 0 for 253 
flat surfaces). The cavity term for a mixed area and near-nadir view is given by (Sobrino et al., 2004): 254 

𝐶𝑖 = (1 − 𝜀𝑆)𝜀𝑉𝐹′(1 − 𝐹𝑉𝐶) (10) 

where 𝐹′ is a geometrical factor ranging between zero and one, depending on the geometrical 255 
distribution of the surface, with a typical mean value of 0.55.  256 

Due to the discontinuity of the emissivity values at NDVI = NDVIS and NDVI = NDVIV, Sobrino et al. (2008) 257 
proposed an alternative method, SNDVITHM, which does not consider the cavity term and sets a 258 
constant for pixels of bare soil: 259 

𝜀 = 𝜀𝑆                                              NDVI < NDVIS  

𝜀 = 𝜀𝑆𝐹𝑉𝐶 + (𝜀𝑉 − 𝜀𝑆)𝐹𝑉𝐶 NDVIS ≤ NDVI ≤ NDVIV (11) 

𝜀 = 𝜀𝑉                                                   NDVI > NDVIV  

Both methods require prior knowledge of the emissivity values of vegetation and bare soil, which are 260 
typically derived from various spectral libraries such as ASTER, MODIS or ECOSTRESS. 261 

In addition to the εS and εV values, another source of uncertainty in LST calculations is the selection of 262 
the NDVIS and NDVIV thresholds, which also influence the calculation of FVC. Sobrino and Raissouni 263 
(2000) proposed threshold values of NDVIS = 0.2 and NDVIV = 0.5 for global applications, which have 264 
been widely adopted in subsequent studies (Ndossi and Avdan, 2016; Sekertekin and Bonafoni, 2020a; 265 
Sobrino et al., 2008; Yu et al., 2014). However, Jiménez-Muñoz et al. (2009) suggested that the NDVIV 266 
threshold of 0.5 is suitable only for low-resolution image data, recommending a higher threshold value 267 
of around 0.85 for high resolution data. This recommendation has been followed by authors such as 268 
Parastatidis et al. (2017), Ren et al. (2017), and Ermida et al. (2020). 269 

The accuracy of the LST calculation using various NDVITHM methods was validated by Sekertekin and 270 
Bonafoni (2020) on a limited sample of Landsat images through a comparison with in situ data from 271 
the SURFRAD network. The Google Earth Engine platform allows for the use of the entire Landsat image 272 
archive for validation. We selected three NDVITHM methods (the first three most accurate methods 273 
according to Sekertekin and Bonafoni, 2020) and three SNDVITHM methods (Table 2) to evaluate the 274 
accuracy of the LST derived from the cloud-free Landsat 8 scenes. We developed a code in Google 275 
Earth Engine to calculate the land surface emissivity using these methods. The land surface emissivity 276 
is then used in deriving the LST using the radiative transfer equation and statistical mono-window 277 
methods. We used threshold values of NDVIS = 0.2 and NDVIV = 0.5 for the initial settings. 278 
Furthermore, we tested a higher threshold value of NDVIV = 0.85 at selected stations with vegetated 279 
surfaces (BND, PSU, GWN, FPK, and SXF). We tested 48 variants of land surface emissivity calculation 280 
using the Landsat 8 archive. 281 

 282 

 283 



 284 
Table 2.  NDVI-based methods for calculating land surface emissivity (LSE) tested in this study. 285 

Method Reference 
LSE (ε) Spectral 

library NDVI < NDVIS NDVIS < NDVI < NDVIV NDVIV 

NDVITHM SO 
Sobrino et al. 

(2008) 
0.979 – 0.035ρRED 0.986 + 0.004FVC 0.99 ASTER 

NDVITHM SK 
Skoković et al. 

(2014) 
0.979 – 0.046ρRED 0.987FVC + 0.971(1 – FVC) 0.99 ASTER 

NDVITHM YU Yu et al. (2014) 0.973 – 0.047ρRED 0.9863FVC + 0.9668(1 – FVC) + Ci 0.9863 + Ci MODIS 

SNDVITHM SK 
εS, εV from 

Skoković et al. 
(2014) 

0.971 0.971 + (0.987 – 0.971)FVC 0.987 ASTER 

SNDVITHM YU 
εS, εV from 

Yu et al. (2014) 
0.9668 0.9668 + (0.9863 – 0.9668)FVC 0.9863 MODIS 

SNDVITHM WA 
εS, εV from 

Wang et al. (2015) 
0.966 0.966 + (0.973 – 0.966)FVC 0.973 ASTER 

      

NDVITHM – NDVI threshold method    

SNDVITHM – Simplified NDVI threshold method    

NDVIS, NDVIV – threshold values for bare soil and vegetation   

εS, εV – emissivity of bare soil and vegetation   

FVC – Fractional Vegetation Cover   

Ci – cavity term      

The Google Earth Engine code for calculating LST was written in Javascript in the Code Editor 286 
environment. The scripts enable the calculation of LST by the radiative transfer equation method in 287 
combination with NDVI-based emissivity methods. Furthermore, we have added the option of NDVI-288 
based emissivity methods to the scripts for LST calculation using the statistical mono-window method 289 
by Ermida et al. (2020). The code is available from the Google Earth Engine or GitHub repositories: 290 

• https://code.earthengine.google.com/?accept_repo=users/hanabobalova/LST_Landsat 291 

• https://github.com/hanabobalova/GEE_Landsat_LST.git 292 

3.3.  Validation against in situ measurements 293 

The instruments at SURFRAD stations measure longwave infrared downwelling and upwelling radiation 294 
in the range of 4-50 µm (Augustine et al., 2000). For broadband measurements, in situ LST is related 295 
to surface longwave radiation by the Stefan-Boltzmann law (Wang and Liang, 2009): 296 

𝐿𝑆𝑇 = √
𝐿𝜆

↑ − (1 − 𝜀𝐵)𝐿𝜆
↓

𝜀𝐵𝜎

4

 (12) 

where 𝜀𝐵 is the broadband emissivity of the surface and σ is the Stefan-Boltzmann constant. 297 

Broadband emissivity at each station can be estimated from the narrowband emissivities of the ASTER 298 

GEDv3 product using the following regression relationship (Ermida et al., 2020; Malakar et al., 2018): 299 

𝜀𝐵 = 0.128 + 0.014𝜀𝐴10 + 0.145𝜀𝐴11 + 0.241𝜀𝐴12 + 0.467𝜀𝐴13 + 0.004𝜀𝐴14 (13) 

where 𝜀𝐴10 to 𝜀𝐴14 denote the ASTER emissivities in bands 10 to 14. 300 

We compared in situ LST measurements with satellite-derived LST and calculated the root mean square 301 

error (RMSE) for each method and SURFRAD station: 302 

https://code.earthengine.google.com/?accept_repo=users/hanabobalova/LST_Landsat
https://github.com/hanabobalova/GEE_Landsat_LST.git


𝑅𝑀𝑆𝐸 = √
∑ (𝐿𝑆𝑇𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒 − 𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢)𝑛

𝑖=1

𝑛
 (14) 

where 𝐿𝑆𝑇𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒  and 𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢  are the satellite and in situ LSTs, respectively, and 𝑛 denotes the number of 303 
observations. 304 

However, the Committee on Earth Observation Satellites Working Group (CEOS) on Calibration and 305 
Validation (Guillevic et al., 2018) recommends the use of robust statistics for the validation of LST 306 
products, characterised by the median error 𝜇 (also known as accuracy): 307 

𝜇 = 𝑚𝑒𝑑𝑖𝑎𝑛(𝐿𝑆𝑇𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒 − 𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢) (15) 

The robust equivalent of the standard deviation (SD) is known as precision 𝜎, given by the median of 308 
absolute differences: 309 

𝜎 = 𝑚𝑒𝑑𝑖𝑎𝑛(|𝐿𝑆𝑇𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒 − 𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢| − 𝜇) (16) 

Since the first SURFRAD stations began measuring in 1994, no validation measurements were available 310 
for Landsat 4 satellite images. For validation, we selected all Tier 1 images from Landsat 5 to 9 satellites 311 
with a cloud cover of 10% or less. Only the first scene was selected when overlapping scenes were 312 
captured on the same acquisition date (at DRA, FPK, and SXF stations). Despite the cloud cover 313 
threshold, a significant number of outliers with much lower LST were observed, indicating cloud 314 
contamination. To exclude potential outliers, we applied the robust “3σ-Hampel identifier” method 315 
(Davies and Gather, 1993; Duan et al., 2019). Unlike the common method of removing values more 316 
than 3 SD from the mean, this approach replaces the mean with the median and calculates the SD as 317 
follows: 318 

𝑆𝐷 = 1.4826 × 𝑚𝑒𝑑𝑖𝑎𝑛{|(𝐿𝑆𝑇𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒 − 𝐿𝑆𝑇𝑖𝑛𝑠𝑖𝑡𝑢) − 𝜇|} (17) 

We applied the removal of outliers to the entire data sequence at once because different bias at the 319 

stations would lead to significantly different threshold values if removal were done on a per-station 320 

basis. Additionally, we did not apply outlier removal separately for each method because we aimed to 321 

compare their accuracy using a uniform set of measurements. We selected the statistical mono-322 

window method from Ermida et al. (2020) as the base method for the SD calculation, as it provided 323 

better preliminary results than the Landsat ST product. 324 

4.   Results 325 

We applied our methods to generate LST maps for Bratislava, Slovakia, using a Landsat 8 scene from 326 

July 22, 2022 (Fig. 2). Located in a temperate continental climate with urban, agricultural, and riverine 327 

features, Bratislava exemplifies regions with incomplete ASTER GEDv3 coverage, along with other cities 328 

such as Olomouc (Czech Republic), Bordeaux (France) or Toronto (Canada). The resulting maps revealed 329 

peak LST values in industrial zones and bare arable land (up to 318 K), contrasting with cooler areas 330 

near the Danube River and vegetated zones. This showcases the capability of our GEE code to produce 331 

high-resolution LST datasets where traditional emissivity sources falter. 332 

We evaluated three LST retrieval methods—Landsat ST (USGS product), statistical mono-window 333 

(SMW), and radiative transfer equation (RTE)—against SURFRAD in-situ measurements across 882 334 

Landsat 8 scenes, after excluding 7.2% outliers via a robust 3σ-Hampel filter (Table 3). SMW 335 

consistently outperformed both alternatives, regardless of the emissivity source. With ASTER GEDv3, 336 

SMW achieved RMSE of 2.58 K, compared to 3.61 K for Landsat ST and 3.40-3.75 K for RTE. SMW also 337 

exhibited minimal bias (0.25 K with ASTER) and higher precision (1.36 K) than RTE (Table S1). Landsat 338 

ST and RTE methods tend to produce slightly higher LST compared to SMW resulting in positive bias 339 



(Fig. 3, Fig. S1). This indicates SMW’s empirical calibration mitigating atmospheric influences compared 340 

to RTE’s reliance on modeled parameters. 341 

 342 

 343 

Fig. 2. Selected LST maps calculated from the Landsat 8 image retrieved on 22 July 2022 over Bratislava (the 344 
capital of the Slovak Republic). 345 

 346 

Emissivity source comparisons revealed that NDVI-based methods improved performance over ASTER 347 

GEDv3 (NDVI-corrected). NDVI-based emissivity results in a more detailed spatial distribution of LST in 348 

heterogeneous urban areas, and produces LST maps free of block artifacts (Fig. 4). Except for SNDVITHM 349 

WA, all NDVI-based SMW methods yielded lower RMSE than ASTER-based SMW (Table 3). Generally, 350 

the NDVITHM proved to be more precise than the SNDVITHM for both the SMW and RTE. For SMW, 351 

NDVITHM SO produced the lowest RMSE (2.33 K) and the highest precision (1.31 K), but its 352 

discontinuities in emissivity at the NDVI threshold for bare soil (0.2) are followed by the  discontinuities 353 

in LST. The same applies for the NDVITHM YU method (Fig. S2) since the Ci component increases the 354 

emissivity of the mixed surfaces. The NDVITHM SK method does not produce discontinuities, and was 355 

also evaluated as the most accurate emissivity model in the sensitivity analysis conducted by 356 

(Sekertekin and Bonafoni, 2020b). From SNDVITHM methods, SNDVITHM SK minimised the RMSE for both 357 

SMW and RTE. Consequently, we selected NDVITHM SK and SNDVITHM SK for further validation due to 358 

their robustness and smooth transitions across land cover types. 359 

 360 

 361 



Table 3.  RMSE (in K) for the Landsat 8 LST over the SURFRAD stations. Statistics for the original data (including 362 
outliers) are shown in grey, the lowest values are highlighted with a grey background. NDVI-based LSE was 363 
calculated with the vegetation threshold of 0.5. 364 
 365 

Station N ST SMW  
LSE ASTER 

 LSE NDVITHM LSE SNDVITHM 

SO SK YU SK YU WA 

BND 

119 3.34 2.64 
SMW 

2.37 2.34 2.45 2.41 2.42 2.83 

123 4.10 3.45 3.31 3.23 3.34 3.30 3.29 3.57 

 RTE 
3.17 3.19 3.35 3.25 3.28 3.82 

3.97 3.94 4.09 4.00 4.00 4.42 

DRA 

149 2.74 2.13 
SMW 

2.17 2.09 2.00 2.18 2.06 2.04 

160 8.31 7.70 7.69 7.64 7.56 7.73 7.66 7.64 

 RTE 
2.74 2.86 3.16 2.70 2.88 2.92 

8.28 8.28 8.33 8.30 8.33 8.33 

FPK 

150 4.57 2.88 
SMW 

2.37 2.76 2.42 2.76 2.89 3.03 

169 8.15 6.32 6.03 6.23 6.03 6.26 6.32 6.39 

 RTE 
3.79 4.45 3.92 4.32 4.46 4.62 

7.66 8.02 7.69 8.01 8.09 8.18 

GWN 

169 1.71 1.57 
SMW 

1.69 1.56 1.66 1.56 1.54 1.68 

175 2.39 2.25 2.39 2.25 2.36 2.25 2.23 2.30 

 RTE 
1.68 1.63 1.72 1.69 1.71 2.09 

2.40 2.32 2.42 2.35 2.35 2.60 

PSU 

37 2.62 2.37 
SMW 

2.32 2.25 2.31 2.53 2.54 2.92 

39 6.26 5.67 5.75 5.67 5.73 6.19 6.16 6.29 

 RTE 
2.51 2.50 2.60 2.55 2.56 2.95 

6.28 6.18 6.30 6.19 6.17 6.30 

SXF 

106 2.97 2.42 
SMW 

2.19 2.22 2.27 2.31 2.60 2.67 

111 3.97 3.43 3.35 3.31 3.34 3.35 3.52 3.52 

 RTE 
2.77 2.93 2.96 3.03 3.43 3.46 

3.85 3.90 3.93 3.95 4.22 4.22 

TBL 

152 5.26 3.52 
SMW 

2.99 3.25 3.05 3.26 3.37 3.58 

174 10.70 9.33 9.19 9.23 9.17 9.26 9.28 9.34 

 RTE 
4.16 4.58 4.21 4.70 4.83 5.06 

10.25 10.36 10.17 10.49 10.51 10.59 

All 
stations 

882 3.61 2.58 
SMW 

2.33 2.42 2.33 2.46 2.50 2.70 

951 7.15 6.18 6.08 6.10 6.05 6.16 6.16 6.22 
   

RTE 
3.13 3.40 3.28 3.39 3.49 3.75 

   6.90 7.00 6.92 7.04 7.07 7.18 

           

           

N – Number of validated Landsat 8 images 

ST – USGS Landsat LST product 

SMW – Statistical Mono-Window method (Ermida et al. 2008) 

RTE – Radiative Transfer Equation method 

ASTER – ASTER GEDv3 emissivity (NDVI-corrected) 

NDVITHM – NDVI threshold method 

SNDVITHM – Simplified NDVI threshold method 

SK – Skoković et al. (2014) 

YU – Yu et al. (2014) 

WA – Wang et al. (2015) 

SO – Sobrino et al. (2008) 

 366 



The LST accuracy varied significantly by the SURFRAD station, reflecting the heterogeneity of the land 367 

surface. The lowest RMSE values were observed at GWN (1.57 K for SMW with ASTER), a uniform 368 

grassland site, while TBL (3.52 K) and FPK (2.88 K) exhibited the highest errors, likely due to complex 369 

terrain and mixed vegetation. These stations also showed elevated biases (up to 2.5 K), which persist 370 

even after removal of outliers, suggesting challenges in capturing LST over rugged or transitional 371 

landscapes. This spatial variability underscores the influence of surface characteristics on retrieval 372 

accuracy. Despite variable accuracy, SMW in conjunction with the NDVI-based emissivity proved to be 373 

the best method at all stations in terms of RMSE and precision. 374 

 375 

 376 

Fig. 3. Boxplots of differences between satellite-derived LST and in situ LST on a set of measurements from the 377 
Landsat 8 satellite. 378 



 379 

Fig. 4. Detailed section from selected land surface emissivity and LST maps derived from the Landsat 8 image 380 
retrieved on 22 July 2022 over Bratislava. 381 



Extending validation to Landsat 5, 7, and 9 confirmed SMW’s robustness across missions (Table 4, Table 382 

S2). Using NDVITHM SK, SMW achieved RMSE values of 2.36 K (Landsat 5), 2.44 K (Landsat 7), 2.42 K 383 

(Landsat 8), and 2.62 K (Landsat 9), outperforming Landsat ST (3.47–3.92 K) and RTE (3.20–3.85 K). 384 

Landsat 8 displayed the highest accuracy (bias of -0.08 K), while Landsat 5 offered the best precision 385 

(1.31 K). However, differences in validation sets could influence the comparison of satellite missions. 386 

For example, Ermida et al. (2020) reported the highest accuracy for the Landsat 7 mission and the 387 

lowest RMSE for the Landsat 8 mission. Excluding high-bias stations (TBL and FPK) improved precision 388 

to approximately 1.1 K across missions, aligning with the 1K-threshold recommended for climate 389 

applications (Guillevic et al., 2018). 390 

Table 4.  Summary validation statistics for the Landsat 5, Landsat 7 and Landsat 9 LST at all SURFRAD stations:   391 
a – RMSE (in K), b – accuracy (µ, in K), c – precision (σ, in K). Statistics for the original data (including outliers) 392 
are shown in grey, the lowest values are highlighted with a grey background.  393 

A 394 

Mission N ST 
SMW RTE 

ASTER NDVITHM SNDVITHM NDVITHM SNDVITHM 

Landsat 5 
1100 3.47 2.67 2.36 2.37 3.20 3.19 

1148 4.56 3.88 3.66 3.70 4.31 4.35 

Landsat 7 
1563 3.58 2.68 2.44 2.49 3.20 3.20 

1666 6.59 5.83 5.69 5.77 6.35 6.43 

Landsat 8 
882 3.61 2.58 2.42 2.46 3.40 3.39 

951 7.15 6.18 6.10 6.16 7.00 7.04 

Landsat 9 
202 3.92 2.78 2.62 2.65 3.85 3.83 

212 5.33 4.33 4.23 4.27 5.28 5.29 

B 395 

Mission N ST 
SMW RTE 

ASTER NDVITHM SNDVITHM NDVITHM SNDVITHM 

Landsat 5 
1100 1.81 1.27 0.89 0.85 1.81 1.74 

1148 1.69 1.20 0.82 0.76 1.73 1.68 

Landsat 7 
1563 1.46 0.70 0.41 0.37 1.32 1.18 

1666 1.29 0.62 0.29 0.26 1.20 1.08 

Landsat 8 
882 1.00 0.25 -0.08 -0.02 1.23 1.04 

951 0.89 0.17 -0.12 -0.07 1.11 0.85 

Landsat 9 
202 1.25 0.46 0.26 0.25 1.43 1.36 

212 1.19 0.45 0.22 0.20 1.38 1.34 

C 396 

Mission N ST 
SMW RTE 

ASTER NDVITHM SNDVITHM NDVITHM SNDVITHM 

Landsat 5 
1100 1.81 1.43 1.31 1.37 1.50 1.60 

1148 1.95 1.51 1.41 1.49 1.57 1.66 

Landsat 7 
1563 1.85 1.52 1.39 1.45 1.59 1.65 

1666 1.97 1.64 1.53 1.55 1.71 1.76 

Landsat 8 
882 1.76 1.36 1.34 1.35 1.60 1.59 

951 1.91 1.54 1.52 1.48 1.70 1.75 

Landsat 9 
202 1.72 1.49 1.44 1.51 1.68 1.65 

212 1.80 1.65 1.56 1.62 1.78 1.77 

See Table 3 for explanations. 397 
 398 

Our analysis establishes SMW, paired with NDVITHM SK or SNDVITHM SK, as the most accurate and precise 399 

method for LST retrieval across Landsat missions. It surpasses the Landsat ST product and RTE, 400 

particularly over homogeneous surfaces, though accuracy diminishes in complex terrains. These 401 



results validate our GEE implementation as a reliable solution for LST mapping, overcoming limitations 402 

of ASTER GEDv3 and enhancing utility for environmental and climate studies. 403 

5.  Discussion 404 

5.1.  Comparison with previous LST studies 405 

The best agreement with in-situ measurements was observed at BND, DRA, GWN, and SXF stations, 406 
while the largest deviations occurred at TBL and FPK stations. These findings are consistent with the 407 
validation results of Malakar et al. (2018), Ermida et al. (2020), and Cheng et al. (2021), except for DRA, 408 
where Malakar et al. (2018) and Cheng (2021) recorded higher deviations. However, following the 409 
Ermida et al. (2020) workflow, we obtained satellite LST from a point slightly north of that used in the 410 
Malakar et al. (2018) study, resulting in lower average LST and bias. TBL was also excluded from 411 
validation by Yu et al. (2014), Zhang et al. (2016),  Sekertekin and Bonafoni (2020) and Duan et al. 412 
(2021). For the FPK station, Duan et al. (2021) reported the highest bias and RMSE in a similar way. 413 

Several studies have compared the precision of various LST calculation methods. In Yu et al. (2014), 414 
the RTE method proved to be more accurate than the split-window (SW) and general single-channel 415 
(SC) method in the Landsat 8 validation set. Meanwhile, Sekertekin and Bonafoni (2020) showed that 416 
the mono-window (MW) algorithm yielded the highest accuracy for Landsat 7 and Landsat 8 missions, 417 
followed by the RTE method and then the SC method. García-Santos et al. (2018) also evaluated the 418 
RTE, SC and SW methods, although they used their own TIR broadband radiometer for validation 419 
instead of the SURFRAD stations. They found the SW method to be the most accurate, while the RTE  420 
had the highest RMSE but the lowest bias. However, these studies used limited validation sets, with 421 
only a few dozen satellite scenes, which could affect their results. As Cheng et al. (2021) note, 422 
comparing validation works under different conditions, such as varying quality control methods, 423 
parameter settings in LST calculation, or differing time periods in LST product/ground measurements, 424 
is unreasonable. 425 

Our study's validation set comprised 1,100 Landsat 5 scenes, 1,563 Landsat 7 scenes, 882 Landsat 8 426 
scenes, and 202 Landsat 9 scenes (after excluding outliers). This was made possible by the GEE data 427 
catalogue,  eliminating the need to download large images. The same approach was employed by 428 
Ermida et al. (2020), and extensive validation of a new LST calculation method and the Landsat ST 429 
product was also carried out by Cheng et al. (2021). Our evaluation of Landsat ST products yielded 430 
bias/RMSE values of 1.81/3.47 K (Landsat 5), 1.46/3.58 K (Landsat 7), and 1.00/3.61 K (Landsat 8), 431 
aligned with the results of Cheng et al. (2021). Although Malakar et al. (2018) reported a higher 432 
accuracy for Landsat 5 and 7 products (RMSE 2.0–2.5 K), they used a limited set of four SURFRAD 433 
stations. After excluding FPK and TBL from the validation set, the RMSE values of 2.51 K (Landsat 5) 434 
and 2.50 K (Landsat 7) were closer to those reported by Malakar et al. (2018). These findings highlight 435 
the importance of carefully selecting the validation set. 436 

Cheng et al. (2021) proposed a new method of LST calculation based on the RTE and separate emissivity 437 
calculations for different types of land surface. Although we did not directly compare this method with 438 
our approach, the RMSEs of the SMW method combined with NDVITHM were lower across all Landsat 439 
missions (Table 4) than those reported by Cheng et al. (2021), which were 2.58 K, 3.21 K, and 2.95 K 440 
for Landsat 5, 7, and 8, respectively. This also applies to bias. However, Cheng et al. (2021) used a 441 
different validation set, including the BSRN and Huailai stations, so an exact comparison of the 442 
performance of the methods would require future analysis. 443 

5.2.  Influence of the NDVI on the emissivity and LST 444 

Comparing the vegetation thresholds NDVIV  of 0.5 and 0.85 for the NDVITHM emissivity calculation 445 

showed slightly increased RMSEs of LST calculations with higher threshold at all stations (Fig. 5, Table 446 

S3). Differences ranged up to 0.5 K, with a significantly smaller impact on the emissivity calculated by 447 

the NDVITHM SO and NDVITHM YU method than the other NDVI-based methods. For example, at pixels 448 



with NDVI = 0.49, the difference in land surface emissivity calculated by the NDVITHM SO method with 449 

different NDVIV thresholds was close to zero  (0.00005).  450 

 451 

Fig. 5. Effect of a different threshold value of NDVIV on the accuracy of Landsat 8 LST retrieval by the 452 
statistical mono-window and radiative transfer equation methods (land surface emissivity was 453 
calculated by the NDVITHM SK method). 454 

To better understand the relationship between satellite-derived LST accuracy and NDVI, we divided the 455 
Landsat 8 observations into three subsets: data points on bare soil (NDVI < 0.2), mixed surfaces (0.2 ≤ 456 
NDVI ≤ 0.5), and vegetated surfaces (NDVI > 0.5). Separate validations on these subsets revealed that 457 
the highest accuracy in the LST calculation was achieved on bare soil. Although soil emissivity values 458 
exhibit greater variability than vegetation emissivity values (Sobrino et al., 2004), LST values for bare 459 
soil had the smallest bias among all surface types (Fig. 6). At the same time, LST values on bare soil 460 
exhibited the highest range (from 240 K to over 330 K), while the lowest range was observed for values 461 
on vegetated surfaces. The highest RMSE errors and the lowest precision in LST calculations were 462 
recorded on mixed surfaces across all methods (Table S4). This suggests that mixed surfaces may be 463 
more sensitive to emissivity errors, which may not be accurately determined or corrected solely on the 464 
basis of NDVI. Valor and Caselles (1996) also found that emissivity can be calculated with a higher 465 
absolute error for mixed vegetation pixels (1-2%) compared to fully vegetated pixels (0.7-1%). 466 

On mixed and vegetated surfaces, an overestimation of high LST values (above 300 K) can be observed, 467 

which is consistent with the findings of Ermida et al. (2020). The reduced precision of the LST 468 

calculation on surfaces at elevated temperatures was also predicted by the simulations of Jiménez-469 

Muñoz and Sobrino (2006). The overestimation occured in all three validated methods, but is slightly 470 

more pronounced in the Landsat ST product and the RTE methods, especially on mixed surfaces (Fig.  471 

6B). As a result, the RMSEs on mixed surfaces are significantly greater with the Landsat ST/RTE (3.55 to 472 

4.29 K) than with the SMW methods (2.33 to 2.84 K). SMW, as an empirical algorithm, appears to better 473 

mitigate this overestimation bias, so we would recommend this method to be preferred in urban areas 474 

where most of the surface consists of mixed pixels.  475 



 476 

Fig. 6. Scatterplots of Landsat 8 LST against in-situ LST for subsets with different NDVI: bare soil (NDVI < 477 
0.2), mixed surfaces (0.2 ≤ NDVI ≤ 0.5), and vegetated surfaces (NDVI > 0.5). A – statistical mono-478 
window NDVITHM SK method, B – Landsat ST product. 479 



5.3.  Limitations of the study 480 

The results of our study have several limitations. The LST validation was conducted solely using in-situ 481 

measurements from the SURFRAD network, whose stations are located in the USA. To improve the 482 

robustness of the validation, the results need to be verified using measurements from other networks, 483 

such as the BSRN (Baseline Surface Radiation Network), KIT (Karlsruhe Institute of Technology) network 484 

or HiWATER. Furthermore, none of the SURFRAD stations are situated in urban areas, which limits our 485 

ability to assess the accuracy of satellite-derived LST in heterogeneous urban environments, where 486 

much of the surface consists of mixed pixels. The analysis dividing measurements based on NDVI 487 

suggests that LST is likely determined most accurately in non-vegetated areas, where local surface heat 488 

islands are most frequently formed. 489 

Our research focused on two methods for calculating LST, namely radiative transfer equation and 490 
statistical mono-window, which are the easiest to implement in the Google Earth Engine environment. 491 
However, some studies suggest that other methods, such as MWA (Sekertekin and Bonafoni, 2020a) 492 
or SW (García-Santos et al., 2018), may be more accurate than RTE. It would also be important to 493 
compare the precision of the RTE and SWM with the newly developed approach by Cheng et al. (2021). 494 
However, implementing these methods in GEE would be more challenging, and an automatic 495 
comparison across all cloud-free Landsat images would also be required. The testing of NDVI-based 496 
methods could have been extended to include other published approaches, but this would significantly 497 
increase the number of combinations tested. The same applies to evaluating multiple NDVI thresholds. 498 
Ideally, the resulting emissivity layers would also be compared with in-situ land surface emissivity 499 
measurements, as was done in the study by Cheng et al. (2021). 500 

In future research, we plan to focus on comparing Landsat-based LST with more detailed sources of 501 
temperature data, such as aerial thermal cameras or microclimatic models. This comparison allows 502 
evaluating the spatial variability of different temperature sources and would help to assess the 503 
accuracy of detecting local urban heat islands from Landsat thermal images.  504 

6.  Conclusions 505 

Although high-resolution geospatial data sources are increasingly available, detailed thermal imagery 506 
is still not widely used. Landsat satellite missions provide thermal imagery dating back to the 1980s at 507 
30-meter resolution, currently available in the Google Earth Engine (GEE) global data catalog. The 508 
combination with the computational capabilities of this cloud platform offers rich possibilities for 509 
analyzing temperature changes in the era of global warming. Methods for obtaining land surface 510 
temperature (LST) from Landsat products have been developing for several decades, however, there 511 
are still weak points in their application. One source of uncertainty is the land surface emissivity data 512 
that enters the LST calculation and critically affects its accuracy. 513 

Our study implements the NDVI-based emissivity calculation in GEE, addressing the problem of missing 514 
data and block artifacts in the ASTER GEDv3 product, commonly used as the emissivity source for the 515 
LST calculation. While ASTER GEDv3 is a static product, NDVI-based emissivity allows for adaptation to 516 
spatio-temporal changes in vegetation, and also results in a more detailed spatial distribution of LST. 517 
In urban environments with high surface heterogeneity and frequent construction, NDVI-based LST 518 
calculation appears to be a more appropriate approach. 519 

The GEE code, combining NDVI-based emissivity with the statistical mono-window method by Ermida 520 
et al. (2020) and the radiative transfer equation method for Landsat LST calculation, is publicly available 521 
in the repository: 522 

https://code.earthengine.google.com/?accept_repo=users/hanabobalova/LST_Landsat 523 

Validation against in-situ measurements from the SURFRAD network showed that statistical mono-524 

window method with the NDVI-based emissivity produces the most accurate results, while the 525 

https://code.earthengine.google.com/?accept_repo=users/hanabobalova/LST_Landsat


Landsat ST product and the RTE method overestimate LST at high temperatures, especially on mixed 526 

surfaces.  These results confirmed our GEE implementation as a reliable solution for LST mapping and 527 

enhancing utility for urban climate studies. 528 
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Supplementary materials 695 

 696 

Fig. S1. Selected LST maps calculated by the RTE and SMW methods from the Landsat 8 image retrieved 697 

on 22 July 2022 over Bratislava. 698 



 699 

Figure S2: Cont. 700 

 701 

 702 



 703 

Fig. S2. Detailed section from selected LSE and LST maps derived from the Landsat 8 image retrieved 704 

on 22 July 2022 over Bratislava. 705 

  706 



Table S1.  Accuracy and precision for the Landsat 8 LST over the SURFRAD stations, with LSE calculated using 707 
the vegetation threshold NDVIV = 0.5: a– accuracy/bias (µ, in K), b– precision (σ, in K). Statistics for the original 708 
data (including outliers) are shown in grey, the lowest values are highlighted with a grey background.  709 

A 710 

Station N ST SMW  
LSE ASTER 

  LSE NDVITHM LSE SNDVITHM 

SO SK YU SK YU WA 

BND 

119 1.22 0.83 
SMW 

0.19 0.29 0.38 0.43 0.51 1.12 

123 1.10 0.68 0.08 0.23 0.30 0.39 0.44 1.07 

 RTE 
1.22 1.39 1.44 1.32 1.44 2.08 

1.15 1.33 1.35 1.24 1.36 1.99 

DRA 

149 1.17 -0.59 
SMW 

-0.64 -0.46 0.04 -0.74 -0.32 -0.25 

160 0.79 -0.76 -0.87 -0.63 -0.07 -0.89 -0.55 -0.49 

 RTE 
0.97 1.18 1.65 1.10 1.41 1.46 

0.75 0.92 1.34 0.72 1.03 1.08 

FPK 

150 1.96 0.93 
SMW 

-0.08 0.68 0.01 0.68 0.83 1.09 

169 2.20 1.06 0.14 0.84 0.26 0.84 0.99 1.25 

 RTE 
1.55 2.33 1.76 1.77 2.02 2.19 

1.59 2.48 1.89 1.92 2.13 2.42 

GWN 

169 0.30 0.10 
SMW 

-0.66 -0.27 -0.50 -0.17 -0.04 0.47 

175 0.27 0.08 -0.72 -0.32 -0.52 -0.18 -0.10 0.43 

 RTE 
0.00 0.31 0.15 0.41 0.55 1.14 

-0.04 0.29 0.14 0.40 0.50 1.12 

PSU 

37 0.38 -0.31 
SMW 

-1.00 -0.71 -0.80 0.43 0.47 1.24 

39 0.30 -0.44 -1.01 -0.77 -0.86 0.37 0.41 1.08 

 RTE 
0.26 0.34 0.48 0.44 0.48 1.29 

0.24 0.26 0.47 0.43 0.47 1.08 

SXF 

106 0.81 0.22 
SMW 

-0.46 0.01 -0.33 0.10 0.13 0.59 

111 0.77 0.02 -0.59 -0.08 -0.43 -0.08 0.01 0.38 

 RTE 
0.80 1.50 1.31 1.09 1.20 1.73 

0.77 1.42 1.17 0.86 1.00 1.57 

TBL 

152 2.74 1.33 
SMW 

0.02 1.07 0.34 1.07 1.42 1.51 

174 2.27 1.02 -0.14 0.67 0.00 0.67 0.91 1.14 

 RTE 
1.54 2.27 1.62 2.35 2.63 2.68 

0.95 1.78 1.10 1.78 2.01 2.22 

All 
stations 

882 1.00 0.25 
SMW 

-0.40 -0.08 -0.10 -0.02 0.12 0.56 

951 0.89 0.17 -0.47 -0.12 -0.19 -0.07 0.12 0.54 

 RTE 
0.77 1.23 1.14 1.04 1.15 1.63 

0.71 1.11 1.07 0.85 1.03 1.52 

 711 

 712 

 713 

 714 

 715 

 716 

 717 

 718 

 719 

 720 



B 721 

Station N ST SMW  
LSE ASTER 

  LSE NDVITHM LSE SNDVITHM 

SO SK YU SK YU WA 

BND 

119 1.70 1.30 
SMW 

1.26 1.15 1.28 1.19 1.16 1.37 

123 1.81 1.24 1.28 1.17 1.34 1.28 1.21 1.38 

 RTE 
1.60 1.44 1.66 1.50 1.46 1.63 

1.57 1.54 1.72 1.48 1.48 1.59 

DRA 

149 1.47 1.27 
SMW 

1.29 1.30 1.28 1.24 1.27 1.28 

160 1.52 1.43 1.42 1.46 1.48 1.41 1.42 1.41 

 RTE 
1.46 1.46 1.46 1.47 1.48 1.49 

1.55 1.57 1.61 1.53 1.54 1.54 

FPK 

150 3.06 2.37 
SMW 

1.64 2.02 1.72 2.02 2.06 2.19 

169 3.37 2.85 1.98 2.28 2.08 2.28 2.43 2.50 

 RTE 
2.06 2.19 1.89 2.48 2.52 2.57 

2.51 2.60 2.29 2.83 2.80 2.99 

GWN 

169 0.89 0.86 
SMW 

0.87 0.84 0.90 0.87 0.87 0.81 

175 0.91 0.89 0.93 0.87 0.95 0.94 0.90 0.88 

 RTE 
0.96 0.93 0.98 0.91 0.92 0.93 

0.99 0.96 1.03 0.93 0.96 0.96 

PSU 

37 1.38 0.83 
SMW 

0.86 0.98 0.90 1.25 1.25 1.30 

39 1.45 0.92 0.91 0.99 0.95 1.37 1.31 1.41 

 RTE 
1.23 1.34 1.42 1.42 1.28 1.44 

1.42 1.41 1.43 1.43 1.38 1.44 

SXF 

106 1.56 1.37 
SMW 

1.06 1.29 1.13 1.36 1.36 1.48 

111 1.66 1.41 1.15 1.33 1.23 1.33 1.29 1.57 

 RTE 
1.45 1.45 1.50 1.57 1.48 1.73 

1.50 1.44 1.46 1.62 1.54 1.80 

TBL 

152 3.21 2.38 
SMW 

2.23 2.25 2.20 2.25 2.27 2.35 

174 3.95 2.74 2.47 2.69 2.50 2.69 2.75 2.75 

 RTE 
2.87 2.87 2.61 2.96 2.94 3.14 

3.12 3.21 2.93 3.57 3.56 3.72 

All 
stations 

882 1.76 1.36 
SMW 

1.31 1.34 1.36 1.35 1.39 1.43 

951 1.91 1.54 1.42 1.52 1.48 1.48 1.51 1.60 

 RTE 
1.62 1.60 1.71 1.59 1.59 1.73 

1.74 1.70 1.84 1.75 1.72 1.85 

           

 
N – Number of validated Landsat 8 images 

ST – USGS Landsat LST product 

SMW – Statistical Mono-Window method (Ermida et al. 2008) 

RTE – Radiative Transfer Equation method 

NDVITHM – NDVI threshold method 

SNDVITHM – Simplified NDVI threshold method 

SK – Skoković et al. (2014) 

YU – Yu et al. (2014) 

WA – Wang et al. (2015) 

SO – Sobrino et al. (2008) 
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 723 
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Table S2.  RMSE (in K) for Landsat missions over the SURFRAD stations: a – Landsat 5, b – Landsat 7, c – Landsat 726 
9. Statistics for the original data (including outliers) are shown in grey, the lowest values are highlighted with a 727 
grey background.  728 

A 729 

Station N ST 
SMW RTE 

ASTER NDVITHM SNDVITHM NDVITHM SNDVITHM 

BND 
182 2.78 2.70 2.37 2.44 2.80 2.87 

188 3.87 3.44 3.17 3.26 3.75 3.91 

DRA 
172 2.93 1.78 1.80 1.65 3.01 2.76 

175 3.16 2.22 2.24 2.16 3.22 3.02 

FPK 
195 3.85 2.85 2.68 2.68 3.70 3.72 

206 5.03 4.07 3.91 3.96 4.84 4.91 

GWN 
219 1.98 2.19 1.98 2.01 2.01 2.04 

226 3.27 3.33 3.19 3.22 3.23 3.27 

PSU 
50 2.10 2.09 1.96 2.26 2.25 2.26 

51 2.37 2.43 2.33 2.50 2.50 2.50 

SXF 
72 2.38 1.98 1.80 1.83 2.41 2.46 

75 3.19 2.93 2.82 2.84 3.14 3.18 

TBL 
210 5.33 3.69 2.97 2.98 4.39 4.40 

227 6.83 5.67 5.25 5.33 6.14 6.23 

B 730 

Station N ST 
SMW RTE 

ASTER NDVITHM SNDVITHM NDVITHM SNDVITHM 

BND 
202 3.06 2.56 2.26 2.33 2.90 2.93 

212 4.94 4.19 4.04 4.08 4.81 4.87 

DRA 
311 2.56 1.82 1.82 1.97 2.45 2.29 

332 5.57 5.32 5.26 5.42 5.44 5.53 

FPK 
277 4.61 3.30 3.13 3.13 4.19 4.22 

304 6.09 5.10 4.97 4.99 5.75 5.79 

GWN 
290 2.11 2.28 2.06 2.10 2.06 2.10 

303 4.86 4.28 4.17 4.20 4.81 4.84 

PSU 
81 2.04 1.89 1.86 2.06 2.19 2.06 

86 3.73 3.49 3.38 3.67 3.59 3.67 

SXF 
159 2.42 2.19 2.04 2.08 2.30 2.32 

163 4.70 4.31 4.22 4.26 4.54 4.59 

TBL 
243 5.62 3.67 3.12 3.13 4.59 4.62 

266 11.26 9.86 9.63 9.73 10.77 10.92 

C 731 

Station N ST 
SMW RTE 

ASTER NDVITHM SNDVITHM NDVITHM SNDVITHM 

BND 
27 3.45 2.56 2.24 2.31 3.38 3.43 

28 3.78 2.92 2.70 2.75 3.74 3.77 

DRA 
35 3.43 2.95 2.91 2.97 3.57 3.46 

36 3.49 3.17 3.13 3.20 3.61 3.51 

FPK 
31 5.07 2.95 2.85 2.90 5.23 5.08 

37 8.84 6.98 6.85 6.94 8.83 8.84 

GWN 
35 1.57 1.39 1.29 1.30 1.54 1.60 

35 1.57 1.39 1.29 1.30 1.54 1.60 

PSU 
12 2.19 2.06 2.23 2.18 2.14 2.14 

12 2.19 2.06 2.23 2.18 2.14 2.14 

SXF 
23 2.52 2.21 1.98 2.04 2.47 2.52 

24 2.74 2.63 2.44 2.48 2.63 2.68 

TBL 
39 5.25 3.56 3.28 3.28 4.80 4.87 

40 7.02 5.67 5.57 5.56 6.80 6.84 



Table S3.  Validation statistics for the Landsat 8 LST over the SURFRAD stations, with LSE calculated using the 732 
vegetation threshold NDVIV = 0.85: a – RMSE (in K), b – accuracy (µ, in K), c – precision (σ, in K). Statistics for the 733 
original data (including outliers) are shown in grey, the lowest values are highlighted with a grey background.  734 

A 735 

Station N ST SMW  
LSE ASTER 

  LSE NDVITHM LSE SNDVITHM 

SO SK YU SK YU WA 

BND 

119 3.34 2.64 
SMW 

2.42 2.67 2.47 2.66 2.75 2.97 

123 4.10 3.45 3.34 3.45 3.35 3.47 3.52 3.67 

 RTE 
3.25 3.64 3.38 3.60 3.71 3.99 

4.03 4.28 4.11 4.26 4.34 4.55 

FPK 

150 4.57 2.88 
SMW 

2.39 2.86 2.42 2.86 3.02 3.08 

169 8.15 6.32 6.03 6.27 6.03 6.30 6.38 6.41 

 RTE 
3.82 4.45 3.93 4.43 4.61 4.67 

7.68 8.02 7.69 8.07 8.17 8.21 

GWN 

169 1.71 1.57 
SMW 

1.67 1.59 1.66 1.59 1.62 1.76 

175 2.39 2.25 2.37 2.26 2.36 2.26 2.26 2.35 

 RTE 
1.70 1.88 1.74 1.88 1.98 2.22 

2.41 2.47 2.42 2.47 2.52 2.69 

PSU 

37 2.62 2.37 
SMW 

2.32 2.35 2.32 2.77 2.86 3.07 

39 6.26 5.67 5.74 5.68 5.73 6.26 6.27 6.34 

 RTE 
2.56 2.81 2.62 2.80 2.89 3.10 

6.29 6.28 6.30 6.27 6.28 6.35 

SXF 

106 2.97 2.42 
SMW 

2.23 2.48 2.26 2.48 2.58 2.72 

111 3.97 3.43 3.37 3.45 3.37 3.46 3.51 3.59 

 RTE 
2.84 3.30 2.95 3.27 3.40 3.57 

3.89 4.14 3.95 4.13 4.21 4.32 

 736 

B 737 

Station N ST SMW  
LSE ASTER 

  LSE NDVITHM LSE SNDVITHM 

SO SK YU SK YU WA 

BND 

119 1.22 0.83 
SMW 

0.29 0.82 0.43 0.82 0.97 1.28 

123 1.10 0.68 0.19 0.74 0.34 0.74 0.86 1.26 

 RTE 
1.31 2.02 1.49 1.70 1.91 2.26 

1.26 1.88 1.40 1.64 1.81 2.07 

FPK 

150 1.96 0.93 
SMW 

-0.07 0.89 0.01 0.89 1.09 1.17 

169 2.20 1.06 0.20 1.00 0.30 1.00 1.30 1.37 

 RTE 
1.55 2.33 1.76 1.88 2.15 2.22 

1.60 2.48 1.94 2.10 2.37 2.43 

GWN 

169 0.30 0.10 
SMW 

-0.56 0.18 -0.43 0.18 0.40 0.61 

175 0.27 0.08 -0.57 0.15 -0.46 0.15 0.37 0.60 

 RTE 
0.07 0.81 0.18 0.81 1.03 1.31 

0.06 0.74 0.18 0.74 0.94 1.28 

PSU 

37 0.38 -0.31 
SMW 

-0.89 -0.39 -0.78 0.66 0.89 1.29 

39 0.30 -0.44 -0.94 -0.46 -0.81 0.51 0.62 1.21 

 RTE 
0.26 0.68 0.48 0.66 0.89 1.29 

0.24 0.66 0.47 0.51 0.62 1.21 

SXF 

106 0.81 0.22 
SMW 

-0.39 0.34 -0.31 0.34 0.56 0.65 

111 0.77 0.02 -0.50 0.15 -0.38 0.15 0.38 0.60 

 RTE 
0.86 1.71 1.33 1.47 1.72 1.86 

0.80 1.56 1.23 1.42 1.64 1.78 

 738 

 739 

 740 



C 741 

Station N ST SMW  
LSE ASTER 

  LSE NDVITHM LSE SNDVITHM 

SO SK YU SK YU WA 

BND 

119 1.70 1.30 
SMW 

1.28 1.27 1.31 1.27 1.25 1.33 

123 1.81 1.24 1.32 1.28 1.33 1.28 1.29 1.35 

 RTE 
1.59 1.62 1.67 1.53 1.51 1.72 

1.64 1.68 1.72 1.52 1.52 1.64 

FPK 

150 3.06 2.37 
SMW 

1.65 2.08 1.72 2.08 2.20 2.20 

169 3.37 2.85 2.03 2.39 2.11 2.39 2.43 2.43 

 RTE 
2.01 2.19 1.89 2.56 2.57 2.58 

2.51 2.60 2.27 2.97 2.99 3.00 

GWN 

169 0.89 0.86 
SMW 

0.88 0.87 0.92 0.87 0.89 0.82 

175 0.91 0.89 0.91 0.90 0.95 0.90 0.93 0.90 

 RTE 
0.94 0.88 0.99 0.88 0.86 0.98 

0.99 0.93 1.02 0.93 0.90 0.98 

PSU 

37 1.38 0.83 
SMW 

0.89 0.88 0.90 1.29 1.17 1.38 

39 1.45 0.92 0.97 0.94 0.96 1.44 1.41 1.37 

 RTE 
1.28 1.33 1.38 1.31 1.32 1.39 

1.32 1.36 1.48 1.51 1.44 1.44 

SXF 

106 1.56 1.37 
SMW 

1.10 1.35 1.15 1.35 1.47 1.56 

111 1.66 1.41 1.21 1.43 1.21 1.43 1.58 1.61 

 RTE 
1.45 1.43 1.48 1.73 1.71 1.82 

1.48 1.46 1.49 1.77 1.76 1.87 

 742 
 743 
 744 
Table S4.  RMSE (in K) for the selected methods of Landsat 8 LST calculation at all SURFRAD stations, with 745 
observations divided by NDVI into the bare soil (NDVI < 0.2), mixed surface (0.2 ≤ NDVI ≤ 0.5) and vegetation 746 
(NDVI > 0.5). The lowest values are highlighted with a grey background. 747 

 748 

Subset N ST SMW  
ASTER 

  NDVITHM SNDVITHM 

SO SK YU SK YU WA 

Bare soil 
249 2.71 2.26 SMW 2.29 2.24 2.19 2.29 2.22 2.21 

 RTE 2.37 2.49 2.74 2.44 2.54 2.56 

Mixed 
surface 

394 4.21 2.74 SMW 2.35 2.58 2.38 2.58 2.69 2.84 

 RTE 3.55 4.02 3.61 3.97 4.11 4.29 

Vegetation 
401 3.21 2.55 SMW 2.27 2.27 2.34 2.38 2.40 2.83 

 RTE 2.95 2.95 3.09 3.07 3.09 3.68 

All data 
882 3.61 2.58 SMW 2.33 2.42 2.33 2.46 2.50 2.70 

 RTE 3.13 3.40 3.28 3.39 3.49 3.75 

 749 

 750 

 751 


