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Abstract

Current land surface temperature (LST) products, estimated by sensors on board satellites,
show a trade-off between their spatial and temporal resolution. If the spatial resolution
is high (i.e., around 100 m), the LST product is delivered every 2 weeks, and for those
LST products estimated daily, its spatial resolution is 1 km. Current spatial and temporal
resolutions are not adequate for disciplines such as high-precision agriculture, urban
decision making, and planning how to mitigate the overheating of cities, for which LST
maps at 50–100 m resolution every few days are desirable. This situation has led to the
development of disaggregation techniques in order to enhance the spatial resolution of
daily LST products. Unfortunately, disaggregation techniques are usually complex since
they rely on a number of external inputs and computer resources and are difficult to apply
in practice. To our knowledge, there are only two operative downscaled 10 m LST products
available to the end user, which are implemented in the Google Earth Engine (GEE) tool.
They are the Daily Ten-ST-GEE and LST-downscaling-GEE systems. This study provides
a critical benchmark by performing the first direct intercomparison and rigorous in situ
validation of these two operative GEE systems. The validation, conducted with reference
temperature data from dedicated field campaigns over contrasting agricultural sites in
Spain, showed a good correlation of both methods with a R2 of 0.74 for Daily Ten-ST-GEE
and 0.94 for LST-downscaling-GEE, but the poor results of the first method in a highly
heterogeneous site (RMSE of 5.8 K) make the second method the most suitable (RMSE of
3.6 K) for obtaining high-spatiotemporal-resolution LST maps.

Keywords: land surface temperature (LST); downscaling techniques; Google Earth Engine
(GEE); temperature-based (T-b) validation

1. Introduction
The European Space Agency (ESA) Climate Change Initiative (CCI) Programme and

the Global Climate Observing System (GCOS) stated land surface temperature (LST) as
an essential climate variable (ECV). LST is required in the monitoring of the Earth climate
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system [1], being of key importance in several environmental disciplines, such as climatol-
ogy, hydrology or meteorology [2–5]. A significant challenge is the increase in fresh water
demand for agriculture purposes around the world, requiring the need for an efficient
management system for such a valuable resource [6]. In this matter, LST captured by
remote sensing techniques became essential in the monitoring of water needs or irrigation
scheduling [7,8].

In the last fifty years, mapping the LST over extensive areas, from continental to
global scales, has become possible due to thermal infrared (TIR) sensors on board orbiting
satellites [9].

However, thermal infrared (TIR) sensors face a fundamental trade-off between their
spatial and temporal resolution due to physical and technical constraints [10]. On the one
hand, sensors like MODIS and AVHRR provide daily data, but at a coarse spatial resolution
of 1000 m. On the other hand, sensors such as the Landsat series and ASTER offer high
spatial resolution (<100 m), but their long revisit time of approximately two weeks limits
their use for continuous monitoring. This dilemma is significant, as high spatial resolution is
necessary to minimize the impact of mixed pixels in urban studies [11,12], while a frequent
revisit period is key to detect and monitor rapid surface changes in crop-growth studies [13].

High spatiotemporal requirements are expected to be met by the end of 2030, with the
launch of three different missions (TRISHNA [14], LSTM [15] and SBG [16]), whose synergy
will allow the daily monitoring of the LST at high spatial resolution (<60 m). To bridge
this gap, a variety of LST downscaling techniques have been developed [17], which can be
broadly classified into two main families. The most common are statistical methods, which
are based on establishing an empirical relationship between LST and higher-resolution
ancillary data (e.g., spectral indices like NDVI) through regression models [18–21]. A
second family includes physics-based approaches, such as thermal unmixing, which aim to
model the contribution of different surface components within a coarse pixel [10].

However, these methods do not materialize in an operative LST product that can
be profited by end users. One of the main reasons is the typology of such downscaling
methods, which requires significant computing power and resources to develop models
and evaluate them. To our knowledge, only two studies [22,23] offer a computational
tool to obtain operative LST maps at 10 m spatial resolution anywhere on the globe. Both
studies took advantage of the advent of Google Earth Engine (GEE), whose high computing
capabilities provide a viable alternative to the global-scale analysis of easily accessible
satellite data. The GEE platform provides its users—from remote sensing specialists to a
much wider audience—with access to a vast catalog of public satellite data and powerful,
planetary-scale processing capabilities [24].

However, while the development of these GEE-based tools represents a significant step
towards accessibility, their initial validation studies present specific limitations that leave a
critical gap in understanding their performance for many end users. For instance, the Daily Ten-
ST-GEE system [22] was originally validated against Landsat-8 LST as a reference, not against
in situ ground measurements. This type of comparison, while useful, does not quantify the
‘true’ accuracy of the final product against ground-truth data. Similarly, the LST-downscaling-
GEE tool [23] was validated in a single urban environment using near-surface air temperature
data as a proxy for LST, a variable that is physically distinct and not directly comparable [25].
Furthermore, its performance in non-urban, heterogeneous landscapes such as agricultural
areas remained untested. Consequently, a comprehensive and independent assessment of both
tools using a consistent ‘ground-truth’ LST validation methodology, particularly within diverse
agricultural settings, is currently lacking in the literature.

Therefore, the primary contribution of this work is not the development of a new
methodology, but a threefold novelty based on rigorous, independent evaluation.
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First, to our knowledge, this is the first study to conduct a direct intercomparison of
the only two currently operative LST downscaling systems available on the GEE platform
(Daily Ten-ST-GEE and LST-downscaling-GEE) using a consistent validation framework.

Second, we provide a robust and independent accuracy assessment against high-
quality in situ LST measurements gathered during dedicated, multi-year field campaigns.
This moves beyond inter-satellite comparisons and provides a crucial ‘ground-truth’ bench-
mark for these widely accessible tools.

Third, this validation is performed within relevant and contrasting agricultural con-
texts (a homogeneous rice paddy and a highly heterogeneous cropland area), providing
specific guidance on the suitability of each GEE tool for agricultural monitoring, a domain
where the LST-downscaling-GEE system had not previously been assessed.

The paper is structured as follows. Section 2 details the materials and methods, intro-
ducing the two GEE applications and describing the study sites, equipment, and in situ data
acquisition procedures. Section 3 presents the validation results and includes a detailed
discussion of the findings. Finally, Section 4 summarizes the main conclusions of this work.

2. Methodology
2.1. GEE Generator Applications of 10 m DLST Maps
2.1.1. Daily Ten-ST-GEE

Mhawej and Abunnasr [22] proposed a daily ten-meter LST (Daily Ten-ST-GEE) sys-
tem, developed as a combination of remote sensing data and statistical analysis imple-
mented in a fully automated and user-friendly open-source code in GEE. Daily Ten-ST-GEE
is based on the fusion of the MOD09A1 Global Surface Reflectance (500 m, 8-Day), and
MOD11A1 LST and Emissivity Daily Global (at 1 km spatial resolution), both MODIS prod-
ucts from Collection 6, and the 10 m surface reflectance Level-2A Sentinel 2-MSI. MODIS
and Sentinel 2 datasets are available directly from the GEE platform. The authors consid-
ered the robust least squares (RLS) approach as the most appropriate machine learning
approach for the LST downscaling purposes. They used the 1 km LST Terra-MODIS product
to cover a longer data period and increase the temporal resolution to daily products.

The Daily Ten-ST-GEE system procedure to estimate the 10 m LST map follows the next
steps: (1) Cloudy pixels in both MODIS and Sentinel 2 scenes were removed using cloud
masks StateQA and QA60, respectively. (2) Median values of the Sentinel 2 and MODIS
optical bands covering up to eight days from the MODIS LST overpass time were assessed.
(3) Red (R), Green (G), Blue (B), Near InfraRed (NIR), Short-Wave InfraRed 1 (SWIR1)
and Short-Wave InfraRed 2 (SWIR2) spectral bands from Sentinel 2 were linearly fitted
to the corresponding MODIS bands, to adjust Sentinel 2 to MODIS values for the whole
scene. (4) The statistical-based RLS approach was applied using MODIS 1 km LST as the
dependent variable. In this step, independent variables (i.e., R, G, B, NIR, SWIR1, SWIR2)
were upscaled, by simple average aggregation, to 5 km to meet the spatial resolution of
the five-times-upscaled MODIS LST product. The RLS test ends with the generation of
weighting coefficients. (5) The final step applies the weighting coefficients to generated
10 m R, G, B, NIR, SWIR1 and SWIR2 of Sentinel 2 (in step 3) and to the MODIS 1 km LST
to obtain a final 10 m LST image. For more detailed information, the reader is referred to
the work of [22].

2.1.2. LST-Downscaling-GEE

In [23], the authors implemented a downscaling method (LST-downscaling-GEE) in
a GEE application to sharpen the LST derived from Landsat 8-TIRS, based on a multiple
linear regression with the reflectance spectral bands of Sentinel 2-MSI increasing the spatial
resolution of the LST. The model predicts the LST at 10 m spatial resolution, with spectral
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indices derived from Sentinel 2-MSI bands as inputs. After inserting the input parameters,
the user can select two almost-coincident Landsat 8 or 9 and Sentinel 2 images to generate
a 10 m LST map. It is worth noting that it is not a daily map, but a five-daily or weekly LST
map instead.

The main steps of the LST-downscaling-GEE system are as follows: (1) Retrievals of
Normalized Difference Vegetation Index (NDVI, [26]), Normalized Difference Water Index
(NDWI, [27]) and Normalized Difference Built-up Index (NDBI, [28]) from the surface
reflectance R, G, NIR and SWIR1 bands from images of the Landsat 8-OLI (30 m) and
Sentinel 2-MSI (10 m). (2) A single-channel algorithm [29] was applied to Landsat 8-TIRS
band 10 to retrieve the LST at the rescaled 30 m spatial resolution. (3) A multiple linear
regression downscaling approach was implemented, based on fitting a linear relation of
NDVI, NDBI, NDWI (as independent variables) and LST (as dependent variable), all of
them derived from Landsat 8-OLI/TIRS at 30 m spatial resolution. From this statistical
model, an equation to predict 30 m LST is derived using the output coefficients. (4) Finally,
a 10 m LST map is generated after applying the output coefficients of step 3 to the 10 m
NDVI, NDBI, NDWI derived from spectral bands of Sentinel 2-MSI. Authors also included
a residual coefficient (∆LST10 m) estimated by subtracting the observed LST (directly from
step 2) from the modeled LST (step 3) at 30 m resolution (∆LST30 m), and then resampling
to 10 m by convolution with a Gaussian kernel of 30 m.

To provide a comprehensive overview and clarify the key operational and method-
ological differences between the two Google Earth Engine (GEE) applications assessed
in this study for generating high-spatiotemporal land surface temperature (LST) maps,
Table 1 summarizes their main characteristics. This includes their underlying downscal-
ing approaches, primary LST and high-resolution data sources, key algorithms, predictor
variables, and the resulting spatial and temporal resolutions.

Table 1. Main characteristics of the Daily Ten-ST-GEE and LST-downscaling-GEE operative systems.

Key Characteristic Daily Ten-ST-GEE LST-Downscaling-GEE

General Methodology Type Data Fusion/Statistical Approach Disaggregation/Multiple Linear Regression
Primary LST Source (Coarse Resolution) MODIS LST (1 km) Landsat 8-TIRS LST (30 m)
High-Resolution Data Source Sentinel-2 MSI (Optical bands) Sentinel-2 MSI (Optical bands)
Key Algorithm/Model Robust Least Squares (RLS) Multiple Linear Regression (MLR)
Main Predictor Variables (from HR source) Optical bands (R, G, B, NIR, SWIR1, SWIR2) Spectral indices (NDVI, NDBI, NDWI)
Spatial Resolution of Output 10 m 10 m
Temporal Resolution of Output Daily 5-daily or weekly
Residual Correction Applied? Not explicitly mentioned as core to the method in [22] Yes, with Gaussian kernel convolution
GEE Implementation Yes, open-source and fully automated Yes, user-friendly online application

2.2. Study Sites and Data

Two experimental sites were used to perform a validation of GEE LST maps against
ground temperature (Tg) measurements: The Valencia test site and Las Tiesas site (Figure 1).
The Valencia test site is a thermally homogeneous rice paddy area located on the East coast
of Spain, near the city of Valencia, and used for calibration/validation studies of different
satellite sensors [30–32]. The rice phenology induces land cover changes in the Valencia
test site throughout the year, showing water-flooded soils in December–January and in
May–June, bare soils trending from wet to dry in February–April, and a full vegetated land-
scape in July–September. The presence of these three distinct yet uniform land cover types
(i.e., flooded soils, bare soils, and full vegetation) throughout the year, makes the Valencia
test site a particularly interesting target for validation studies under different surface condi-
tions and over long periods. A previous study analyzed the thermal homogeneity of the
Valencia test site for the three land cover conditions and obtained standard deviations (SD)
lower than 0.5 K, 0.4 K, 0.9 K for full vegetation cover, flooded, and bare soils, respectively,
in an extension of 250 × 250 m2 [31].
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Ground measurements in the Valencia test site consisted of TIR radiances measured
along transects in four different rice crops (Figure 1) using the hand-held multiband
thermal radiometer, Cimel Electronique model CE-312, which has very high thermal
accuracy [33,34]. Measurements were acquired in 33 different cloud-free days from 2018
to 2023. Ground reference temperatures were obtained after correcting TIR radiance
measurements from emissivity effects, including the surface reflection of downwelling
sky radiance. Emissivity was measured for different land covers with the TES method
for bare soils [35] and with the Box method used for full vegetation cover [36]. The
sky radiance was measured using an Infragold Reflectance Target, model Labsphere IRT-
94–100, (LABSPHERE, INC. 231 Shaker Street POB 70 North Sutton, NH 03260 US [37].
Uncertainties associated with Tg data were deduced from three different error sources:
(a) The uncertainty of CE-312 thermal radiometers, ranging within 0.12–0.15 K, according
to an international calibration campaign [33]; (b) the spatial and temporal variability in the
Valencia test site, considered as the SD of all the LST measured in the different transects
within five minutes of each Landsat 8 overpass; (c) and the uncertainty in the emissivity
correction due to errors in sky radiance and emissivity. Finally, an average error of 0.7 K
was obtained for a Tg range of 282–316 K.

The second experimental site is located in a cropland area in “Las Tiesas” agricultural
station, in the southeastern part of Spain (Figure 1). It is a very flat area at 700 m a.s.l. used
in international campaigns [38,39]. Las Tiesas site combines irrigated and rainfed crops of
different extensions ranging from 1 ha to large fields over 50 ha. Table 2 lists the type of
crop, geographic coordinates and date for the ground data available for both experimental
sites in this study.

 

Figure 1. Location of the Valencia and Las Tiesas test sites in Spain. Pictures of different
soils/vegetation covers throughout the year for the Valencia test site are included. Letters refer
to the ID assigned to each plot (see Table 2).

Ground reference measurements of Tg were acquired at the Las Tiesas site with
intensive field campaigns during the summer seasons of 2018–2019 for different crops
(barley, vineyard, garlic, poppy, wheat, bare soils, and almond orchard; see Table 2),
with the aim of encompassing a variety of different vegetation cover conditions [40]. All
selected plots have an average extension greater than 10 ha (except for the vineyard with
an extension of around 5 ha). Tg data were acquired along transects with several Apogee
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MI-210 hand-held infrared radiometers carried at a height of 1.5–2 m above the ground
surface. These radiometers measure the radiance in the 8–14 µm TIR region with a field of
view of 22◦. Apogee MI-210 radiometers showed an accuracy of 0.3 K after calibrations
with a black body Landcal-P80 [41], performed before and after every campaign. For sparse
crops (vineyard and almond orchards), Tg measurements were taken by averaging soil and
canopy component temperatures to obtain representative values at a crop level. Because
radiometers actually measure the TIR radiances, as in the case of the Valencia test site, they
were also corrected for emissivity effects. A total of 44 measurements were acquired at
different crops concurrently with the overpass of the Landsat 8 satellite on 11 different
cloud-free days from 2018 to 2019. For more specific details about the field campaigns
carried out at the Las Tiesas Site, the reader is referred to [19,40].

Table 2. Crop type, geographic location and date of the Tg acquisition, for each plot measured in
several field campaigns in both sites. Crop IDs A–J correspond to Las Tiesas and K–N to Valencia.

Crop ID Crop Type Latitude (◦) Longitude (◦) Date (Year: Month/Day)

A Vineyard 39.0598 −2.1009
2018: 6/15, 7/17, 7/24, 8/2
2019: 7/11

B Poppy 39.0592 −2.0989
2018: 6/15, 6/22, 7/24
2019: 7/11

C Garlic 39.0592 −2.0958
2018: 6/15, 6/22
2019: 7/11

D Garlic Pivot 39.0529 −2.0872 2018: 6/15, 6/22

E Bare Soil 39.0545 −2.083 2018: 6/15, 6/22, 7/17, 7/24, 8/2

F Barley (rainfed) 39.0426 −2.0877 2018: 6/15, 6/22, 7/17, 7/24

G Barley (irrigation) 39.045 −2.0814 2018: 6/15, 7/8, 7/17

H Almonds 39.0429 −2.0895
2018: 6/15, 7/8, 7/17, 7/24, 8/2, 8/25, 10/5, 10/12
2019: 7/11, 8/28

I Wheat 39.0561 −2.0774 2018: 6/22, 7/17, 7/24

J Bare Soil 39.0402 −2.0849 2018: 6/22

K Rice field 39.2729 −0.3185

2018: 3/27, 9/20
2021: 12/8
2022: 2/3, 2/10, 5/17, 8/21, 9/6
2023: 1/12, 1/21, 1/28

L Rice field 39.2681 −0.3092
2018: 5/7, 6/15, 7/10, 7/17
2019: 1/16, 1/21, 1/25, 2/22, 2/26
2022: 8/5, 4/24, 5/1, 5/10, 5/26, 7/4, 7/13

M Rice field 39.264 −0.3045 2022: 8/5, 8/14

N Rice field 39.2689 −0.3072 2023: 4/2, 4/18, 5/13, 5/20

3. Results
It is important to note that the Daily Ten-ST-GEE and LST-downscaling-GEE systems,

while both generating 10 m LST maps, rely on different original LST products as their
primary input for downscaling: MODIS 1 km LST for the former and Landsat 8-TIRS 30 m
LST for the latter. This fundamental difference in input sources must be considered when
interpreting the comparative results presented hereafter.
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3.1. Assessment of Downscaled LST Maps

Figure 2 presents LST maps for June 15, 2018, encompassing the original Landsat 8 LST
at 30 m resolution (Figure 2a,d), and the downscaled 10 m LST products from both Daily
Ten-ST-GEE (Figure 2b,e) and LST-downscaling-GEE systems (Figure 2c,f) for the Valencia
and Las Tiesas sites, respectively. A visual assessment of Figure 2 reveals significant
differences not only between the two downscaling methods, but also in how each method
refines the spatial patterns observed in the original Landsat 8 LST. A minor difference
in the spatial coverage between the two Valencia maps (Figure 2b,c) is also apparent,
likely due to the different input data sources and their respective quality masks, with the
MODIS-based Daily Ten-ST-GEE method resulting in more invalid pixels at the scene edges.
Regarding the thermal patterns in Las Tiesas, the LST-downscaling-GEE map (Figure 2f)
shows the expected contrast between cool, irrigated croplands and warmer surrounding
soil. Conversely, the Daily Ten-ST-GEE result (Figure 2e) displays a spatially unrealistic
pattern, an issue that is analyzed in detail in Section 4.2, where we attribute it to the coarse
input resolution and lack of residual correction. Notably, the Daily Ten-ST-GEE method
generally exhibits higher LST values and a narrower temperature range compared to the
LST-downscaling-GEE system, with these discrepancies being particularly pronounced
in the highly heterogeneous site of Las Tiesas (Figure 2e,f). These distinctions can be
attributed to fundamental methodological differences, primarily related to their initial LST
input resolution, downscaling strategies, and the handling of regression residuals.

The performance of the Daily Ten-ST-GEE system is largely due to its reliance on
MODIS 1 km LST products as the coarse-resolution input for downscaling. The method
applies a robust least squares (RLS) approach where MODIS data are upscaled to 5 km for
model training. This substantial upscaling to 5 km for the RLS regression, particularly in
heterogeneous environments like Las Tiesas, inevitably leads to an overestimation of LST.
The coefficients derived from these coarser, often mixed, MODIS pixels may not accurately
represent the finer-scale thermal variations, resulting in a reduction in the overall LST
range. This effect is explained by [42], where it is suggested to consider LST–descriptor
relationships at a native (coarse) resolution, since scale-invariant LST at finer resolutions
can be troublesome in heterogeneous environments, where variations in spatial resolution
can cause changes in spatial variation within a pixel area. Visually comparing the Daily
Ten-ST-GEE LST (Figure 2b,e) with the original Landsat 8 LST (Figure 2a,d), the Daily
Ten-ST-GEE products sometimes appear to lose some of the subtle spatial detail present in
Landsat, especially in heterogeneous areas like Las Tiesas, where the boxy effect is visible
when compared to the original Landsat LST. Furthermore, the Daily Ten-ST-GEE method
does not explicitly include a residual correction step. This absence significantly contributes
to the noticeable ‘boxy effect’ observed in highly varied landscapes (Figure 2e). A pixel
re-scaled at 5 km from MODIS reflectance bands often fails to represent the reflectance
values in a smaller, heterogeneous area, thus impacting the downscaled product. While this
approach may prove more reliable in thermally homogeneous areas, where a 1 × 1 km2 or
5 × 5 km2 pixel is representative of similar spectral reflectance values (as seen in Figure 2b,
matching the broader patterns of Figure 2a), its performance degrades considerably in a
variety of agricultural landscapes like Las Tiesas.
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Figure 2. LST maps for 15 June 2018. Valencia test site: (a) Original Landsat 8 LST, (b) Daily Ten-ST-
GEE LST, and (c) LST-downscaling-GEE LST. Las Tiesas test site: (d) Original Landsat 8 LST, (e) Daily
Ten-ST-GEE LST, and (f) LST-downscaling-GEE LST.
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Conversely, the LST-downscaling-GEE system generally provides a better definition
of thermal elements and a more realistic LST range in heterogeneous areas (Figure 2f),
showing improved discrimination between warmer and colder surfaces, and without the
apparent ‘boxy effect’. Comparing LST-downscaling-GEE maps (Figure 2c,f) with the
original Landsat 8 LST (Figure 2a,d), it is evident that this method successfully sharpens
the thermal patterns of Landsat while preserving the overall spatial distribution. This
is primarily because its downscaling approach starts from Landsat 8-TIRS LST at 30 m
resolution, which is inherently closer to the target 10 m resolution compared to MODIS
1 km LST. The regression performed with 30 m Landsat spectral bands, applied to 10 m
Sentinel-2 bands, offers a more realistic representation of mixed zones. Additionally, this
method includes a crucial residual correction coefficient, which is estimated by subtracting
the observed LST from the modeled LST and applied to the disaggregated results [19,43].
This step is key for improving results and preserving thermal variability. However, a
specific drawback of this method is that applying regression coefficients estimated from
Landsat 8 bands to Sentinel 2 bands can lead to a narrowing of the LST range values,
resulting in a smoothing of crop boundaries (Figure 2f). A more suitable procedure could
involve harmonizing the spectral index values between Landsat-8 and Sentinel-2 prior to a
regression application [44].

3.2. Quantitative Validation Against In Situ Measurements

To assess the accuracy of the 10 m LST maps estimated by both GEE systems, we
averaged and calculated the SD for the LST values of the 10 × 10 pixel centered in the
geographic coordinates of each plot in Las Tiesas site (see Table 2 in Section 2.2), and for
the pixels within the area covered by each field in the Valencia test site (Figure 1). The
aim was to match the spatial representativeness of the Tg measurements made in each
transect. It should be noted that, in the case of the Valencia test site, just 23 dates (23 points)
were possible to match with the Daily Ten-ST-GEE system in this site, since this code no
longer estimated LST maps for dates in 2023 (7 points in total), and 3 more dates were
also unavailable in previous years due to code execution problems. Figure 3 shows the
scatterplots of 10 m LSTs against the ground-measured values for the two sites and methods.
Table 3 shows the statistical metrics of the validation: correlation coefficient (R2), mean
absolute error (MAE), mean bias error (MBE), and root mean square error (RMSE) [45].

In the case of the Valencia test site, both methods show a good correlation with
the ground LST data. The Daily Ten-ST-GEE method showed RMSE and MAE of 2.0 K
and 1.6 K, respectively, being lower than those obtained with the LST-downscaling GEE
method (4.1 K and 3.3 K, respectively). In terms of MBE, the second method showed a
slightly smaller value than the first one. Therefore, the Daily Ten-ST-GEE system is more
accurate than the LST-downscaling-GEE method in thermally homogeneous areas such as
the Valencia test site.

However, validation results at the Las Tiesas site showed better results for the LST-
downscaling-GEE method. The poor results of the Daily Ten-ST-GEE method can only be
understood from the perspective that Las Tiesas is a highly heterogeneous site, and because
of the scaling effect consequences [42] previously described in this section. The approach
suggested by this method, i.e., synergy between MODIS (1 km) and Sentinel 2-MSI (10 m),
cannot capture the high thermal variability that occurs in areas less than 500 × 500 m2, as
in the case of Las Tiesas.
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Figure 3. Scatter plots of the validation performed in both study sites when comparing LST data
generated with both codes (Daily Ten-ST-GEE and LST-downscaling-GEE) with reference ground tem-
perature data measured in several field campaigns. Blue and red dashed lines are the corresponding
regressions lines for Daily Ten-ST-GEE and LST-downscaling-GEE methods, respectively.

Table 3. Statistical results (R2, MBE, MAE and RMSE) for the ground–GEE LST comparison in both
sites separately and in total.

Daily Ten-ST-GEE LST-Downscaling-GEE

Valencia Las Tiesas Total Valencia Las Tiesas Total

R2 0.92 0.42 0.74 0.88 0.93 0.94

MBE (K) 1.1 3.6 2.8 0.8 −2.3 −1.0

MAE (K) 1.6 5.3 4.5 3.3 2.5 2.8

RMSE (K) 2.0 6.5 5.8 4.1 3.1 3.6



Remote Sens. 2025, 17, 2387 11 of 16

4. Discussion
4.1. Comparison with Previous Studies

It is worth noting that the two GEE methods were validated with different types
of data in their original publications. The LST-downscaling-GEE method was validated
with in situ data at different spots of an urban environment (Košice, Slovakia), showing a
high RMSE value (4.2 K). However, they used air temperatures in different sites around
the city as reference, which are not directly comparable with LSTs [25]. The present
study demonstrated that the LST-downscaling-GEE method shows better RMSE values as
compared with ground LST measurements, at least in agricultural areas.

On the other hand, the Daily Ten-ST-GEE method was originally validated against
Landsat-8 LST products in three agricultural and three urban sites (one Landsat-8 scene per
site). The results showed an average RMSE of 1.7 K and 1.6 K at the agricultural and urban
sites, respectively. The results of the validation of this method in the highly homogeneous
agricultural site of the Valencia agree with those shown in the original study, but are much
worse in the Las Tiesas site, where the heterogeneity of crops is a challenge for the Daily
Ten-ST-GEE method. It seems that this method performs well in urban areas according to
their validation results.

For purposes of accuracy comparison, it is also useful to compare our results with
standard LST products from Landsat. In the Valencia test site, LSTs from Landsat 7-ETM+,
Landsat 8-TIRS and Landsat 9-TIRS2 showed RMSEs of 0.8 K [46], 1.5 K [32], and 1.1 K [47],
respectively, when compared with ground temperatures. In the Las Tiesas site, previous
validation studies for accuracy comparison purposes showed a RMSE of 1.6 K for Landsat
7-ETM+ [48] and of 1.8 K for Landsat 8-TIRS [19]. This indicates that the accuracy of the
GEE-downscaled products is still lower than that of the standard Landsat LST products.

Previous research has demonstrated the effectiveness of also combining shortwave-
multispectral Sentinel-2 MSI observations with thermal-infrared Sentinel-3 SLSTR obser-
vations to derive daily, field-scale LST data. Ref. [19] explored the potential of fusing the
Sentinel-2 (S2) and Sentinel-3 (S3) constellation with the focus on semi-arid agricultural
areas. Maps of LST with 10–20 m spatial resolution were obtained, covering the Las Tiesas
experimental site, for a set of 14 different dates in the summers of 2018–2019 and compared
to ground measurements of LST as well as against LST from Landsat-8/TIRS images in a
cross-validation. Differences with observed values resulted in an average RMSE < 3.0 K
and a negligible systematic deviation. These authors pointed to the need for appropriate
adjustment techniques of the obtained LST residuals to better capture low-temperature con-
ditions, for instances in irrigated areas. Ref. [20] addressed this limitation by incorporating
Landsat information retaining the longwave radiance emission captured by the Sentinel-3
thermal bands at its native resolution. These authors reported a reduction in RMSE of up
to 1.5 K when compared to previous research.

However, the results of the two models tested here are not as good as those obtained
in other dedicated field campaigns for the validation of rescaled 10 m LST maps, as is the
specific case for the Las Tiesas site [18–20]. It is important to highlight that the advantages
of both models are their operability and easy availability for the end user, without ignoring
that both models have deficiencies that can be addressed.

4.2. Discussion on Model Performance and Variability

A closer inspection of the validation results for the Daily Ten-ST-GEE method (Figure 3)
reveals another important aspect. While a systematic overestimation is observed on average
(as indicated by the positive MBE in Table 3), the performance is not consistent across all
acquisition dates. Several data points lie close to the 1:1 line, suggesting a significant
day-to-day variability in the accuracy of the model. This daily performance variability can
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likely be attributed to several dynamic factors that influence the accuracy of the input data
and the assumptions of the downscaling model.

Several factors could contribute to this variability, one of which is the viewing geom-
etry of the satellite. MODIS has a wide swath, leading to large variations in view zenith
angle from day to day. Off-nadir acquisitions are more susceptible to introducing uncer-
tainties in the initial 1 km LST product [49] that are then propagated through downscaling.
Atmospheric conditions, such as the presence of sub-pixel clouds or high aerosol loads
on specific days, can also impact the quality of the MODIS LST input. Furthermore, the
state of the surface itself, including crop phenological stage and soil moisture content [50]
following irrigation or precipitation events, alters the thermal and spectral properties of the
landscape. The static relationship assumed by the downscaling model between LST and the
predictor variables may not hold equally well under all these varying surface conditions. A
detailed day-by-day analysis would be required to disentangle the specific impact of each
of these factors, which is beyond the scope of the current study.

The LST-downscaling-GEE method [23] is a better alternative to operatively retrieve
a 10 m LST map. From the combined validation results (total in Table 3), the following is
shown: an overestimation in LST of 1 K with respect to the in situ values, good correlation
(0.94), MAE of 2.8 K, and RMSE of 3.6 K. This is significantly lower than the RMSE of 5.8 K
for the Daily Ten-ST-GEE method. The LST-downscaling-GEE system also showed a good
representation of the thermal spatial variability of homogeneous and heterogeneous areas,
as well as the best accuracy shown in the validation of its LST product with in situ data. It is
currently, in our opinion, the best option to obtain operative high-spatiotemporal LST maps.

However, this conclusion based on accuracy must be contextualized with the different
temporal resolutions of the two systems. The higher temporal frequency of the Daily
Ten-ST-GEE method (daily) increases the likelihood of obtaining at least one cloud-free
observation over a short period, which is a critical advantage, for instance, in time-sensitive
applications like monitoring incipient water stress. This benefit, however, comes at the cost
of the lower accuracy shown in this study. Conversely, the LST-downscaling-GEE method
provides a more accurate LST map, but its reliance on less frequent Landsat overpasses
increases the risk of long data gaps due to clouds. Therefore, the choice of the ‘best’
method involves a crucial trade-off, where end users must decide whether their application
prioritizes the higher probability of a timely but less accurate LST map or a more accurate
but less temporally reliable one.

4.3. Challenges and Future Perspectives in High-Spatiotemporal LST Generation

Despite the clear value of the operative GEE tools evaluated in this study, their
performance highlights that significant challenges remain for the routine generation of
reliable high spatiotemporal LST products. A key operational limitation is the frequent
data loss due to cloud cover. Optical and thermal infrared sensors cannot penetrate
clouds, creating substantial temporal gaps that limit the applicability of these products
for continuous monitoring applications, such as daily irrigation scheduling or drought
assessment. As demonstrated in this work, another key challenge is the generalizability of
the downscaling algorithms. The performance of a model can be highly dependent on the
spatial heterogeneity of the landscape, with methods calibrated for homogeneous areas
potentially failing to capture the thermal complexity of more varied environments. Finally,
the quality and characteristics of the initial input data remain a fundamental constraint,
forcing a choice between the high temporal frequency of coarse-resolution sensors like
MODIS and the high spatial detail of less frequent sensors like Landsat.

However, several promising avenues are emerging to address these challenges and
define the future of LST monitoring. To overcome the cloud cover issue, a key perspective
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is the fusion of TIR data with passive microwave observations, which can retrieve LST
in all-weather conditions, but at a much coarser spatial resolution. The evolution of
machine learning and deep learning models also offers significant potential. Unlike the
linear statistical methods often used, these advanced algorithms (e.g., Random Forests,
Convolutional Neural Networks) can better model the complex, non-linear relationships
between LST and surface predictors, potentially improving accuracy in heterogeneous
landscapes. Lastly, the upcoming generation of satellite missions is ready to directly
mitigate the spatiotemporal trade-off. Missions such as the Copernicus Land Surface
Temperature Monitoring (LSTM) or TRISHNA are designed to provide native LST data, at
high resolution (tens of meters) with a high revisit frequency (every few days), which will
reduce the reliance on complex downscaling LST algorithms.

5. Conclusions
This study rigorously assessed the performance of two operative Google Earth Engine

(GEE) applications—Daily Ten-ST-GEE and LST-downscaling-GEE—for generating 10 m
land surface temperature (LST) maps across several agricultural environments. Both models
demonstrated an adequate representation of 10 m LST maps in the thermally homogeneous
Valencia test site, characterized by large extensions of rice fields. However, significant
differences in their performance were observed in the highly heterogeneous site of Las
Tiesas, composed of different crop types. The LST-downscaling-GEE method consistently
proved to be the more suitable option for such heterogeneous landscapes (RMSE of 3.6 K),
providing a more realistic representation of mixed zones and a greater range of LSTs due to
its reliance on Landsat 8 (30 m) LST as primary input. Conversely, the Daily Ten-ST-GEE
method (RMSE of 5.8 K), using MODIS (1 km) LST data, was notably influenced by scale
effects, leading to overestimation and a narrower LST range in complex agricultural areas.
Both operative models show suitability for use in agricultural environments. Nevertheless,
our findings indicate that the choice of GEE system should be guided by the specific
heterogeneity of the crop types present in the scene, with LST-downscaling-GEE being a
preference for more varied landscapes.

Beyond the direct comparison of these two GEE tools, this work provides a significant
contribution to the field by establishing a crucial benchmark for the accuracy and practical
utility of ‘push-button’, operational high-resolution LST products within the GEE envi-
ronment. By demonstrating the real performance and specific limitations of these widely
accessible tools against rigorous in situ ground-truth data, this study provides valuable
information to assist the broad community of end user (i.e., agriculture, urban planning,
and other environmental disciplines), in selecting the most appropriate tool. It underscores
the critical need for independent validation of such ready-to-use systems before their appli-
cation in decision-making processes, highlighting that even operative tools require careful
assessment of their suitability for specific, heterogeneous environments.

Despite these contributions, our study has certain limitations. The validation was con-
ducted in two specific agricultural regions in Spain, which, while diverse in heterogeneity,
do not cover the full spectrum of global land cover or climatic conditions. Future research
should focus on expanding the validation of these and similar downscaling methods to
a broader range of distinct geographical and climatic regions, potentially incorporating
data from established global networks where LST validation best practices are followed.
Additionally, further investigations could explore the integration of advanced machine
learning algorithms within these operative GEE frameworks to potentially mitigate some
of the observed limitations, such as the smoothing of LST patterns or overestimation in
highly heterogeneous areas.
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