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R. Llorens Land Surface Temperature (LST) is a key variable governing land-atmosphere energy exchange and
Keywords: plays a fundamental role in global environmental monitoring. The launch of the Landsat 9 satellite,

equipped with the second-generation Thermal Infrared Sensor 2 (TIRS-2), offers enhanced capabilities for
thermal monitoring due to reduced stray light and improved radiometric stability. This study proposes
and validates a Split-Window (SW) algorithm based on global coefficients for LST retrieval using
Landsat 9 thermal bands 10 and 11. Validation was conducted using a time series of in-situ radiometric
measurements acquired at the Barrax experimental site (Spain). The results demonstrated the high
accuracy of the proposed algorithm, yielding a RMSE of 1.22°C and a bias of —0.35°C. When compared
to the official USGS Level-2 operational product, the proposed algorithm significantly improved accuracy
by correcting the systematic overestimation (+1.15°C) and reducing the overall error exhibited by
the official product (RMSE = 1.99°C). Additionally, residual analysis confirmed the robustness of the
algorithm against variations in columnar atmospheric water vapor content, overcoming the limitations
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of single-channel methods under variable humidity conditions.

1. Introduction

Land Surface Temperature (LST) is one of the most widely used biophysical
parameters in remote sensing. It plays a critical role in the exchange of
energy, water, and carbon between the land surface and the atmosphere.
Its precise and continuous estimation is indispensable for a wide range of
scientific and operational applications, including water resource management,
evapotranspiration modeling, precision agriculture, and the monitoring of
water stress and drought. These aspects are of vital importance in semi-
arid ecosystems and highly managed agricultural landscapes (Meng and
Cheng, 2018; Wan and Dozier, 1996; Zhou and Cheng, 2020). In this context,
spaceborne remote sensing stands out as the only viable tool for monitoring
LST at spatiotemporal scales compatible with agronomic and climatic decision-
making (Coll et al., 2016).

The Landsat program has provided high-spatial-resolution thermal data for
decades, which are crucial for LST retrieval. The launch of Landsat 9 in Septem-
ber 2021 ensures the continuity of this historical record (Crawford et al., 2023).
The satellite incorporates the second-generation Thermal Infrared Sensor 2
(TIRS-2), which introduces significant instrumental improvements over its
predecessor onboard Landsat 8. Most notably, the optical design of TIRS-2 has
drastically reduced the stray light anomaly, significantly increasing radiometric
stability (Montanaro et al., 2022).

Despite these sensor improvements, accurate LST retrieval from radiance
measured at the top-of-atmosphere (TOA) requires rigorous correction of
atmospheric effects. The thermal infrared signal emitted by the surface is
attenuated primarily by atmospheric water vapor absorption and, simultane-
ously, enhanced by the atmosphere’s own thermal emission. The availability
of two TIR bands in the 10-12 um atmospheric window on Landsat 9 enables
the application of Split-Window (SW) algorithms. Unlike Single-Channel (SC)
methods, which require accurate atmospheric profiles, the SW technique
exploits the differential absorption between bands to correct for atmospheric
effects without the need for in-situ data (Jimenez-Mufioz et al., 2014).

This study proposes a Split-Window algorithm for LST retrieval based on
global coefficients. To thoroughly evaluate this approach, the accuracy of the
proposed method is validated using in-situ measurements from the permanent
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station at Barrax (Spain) (Sobrino and Skokovic, 2016), and its performance
is compared against the operational USGS Land Surface Temperature product
(Earth Resources Observation and Science (EROS) Center, 2020b).

2. Proposed SW algorithm

The Split-Window technique uses two TIR bands typically located in the
atmospheric window between 10 and 12 um. The basis of the technique is
that the radiance attenuation due to atmospheric absorption is proportional
to the radiance difference of simultaneous measurements at two different
wavelengths, each of them being subject to different amounts of atmospheric
absorption (Jimenez-Mufloz et al., 2014). The SW algorithm proposed in
this study is based on the mathematical structure proposed by Sobrino et al.
(1996), expressed as:

T, =Tyo+¢1 (To— Ti1) + 2 (Tro— T11)* + cot W
(c3 + c4w)(1 —&)+(c5 +cgw) Ae

where Tjo and Ty in K, are the at-sensor brightness temperatures at bands
10 and 11, € is the mean emissivity (%) ,Ag is the emissivity difference,

Ag = (g9 — £17), w is the total atmospheric water vapor content (in g-cm~2),
and ¢, to cg are the SW coefficients to be determined from simulated data.

2.1. Spectral emissivity estimation

A critical input for the SW algorithm is the Land Surface Emissivity (LSE)
for both thermal bands (&1 and &7;). Unlike the broadband emissivity used
for the in-situ radiometer correction, the SW algorithm requires spectral
emissivity values specific to the central wavelengths of the TIRS-2 bands. The
estimation was performed using the NDVI Threshold Method (NDVITHM )
(Sobrino and Raissouni, 2000; Sobrino et al., 2008), but parameterized for
the spectral response of Landsat 9. The emissivity for each band (¢;) was
calculated as a function of the vegetation fraction (P, ) and the cavity effect
(C3) due to surface roughness:

& = Ev,in +85’i(1—P‘,)+Cl (2)

where ¢, ; and &, ; correspond to the emissivity of fully vegetated and bare
soil pixels, respectively, for band i. The effective values adopted for the TIRS-
2 sensor were derived from the ASTER Spectral Library (Baldridge et al.,
2009) by convolving the spectral response functions of the TIRS-2 bands with
representative soil and vegetation signatures. These values are consistent with
those reported in previous studies for the analogous TIRS sensor onboard
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Landsat 8 (Jimenez-Muiloz et al., 2014), and are detailed in Table 1. The cavity
term (C,) accounts for the internal reflections within the canopy in mixed
pixels and was set to a mean value of 0.005 , following the approximation
proposed by Sobrino et al. (2008) for natural heterogeneous surfaces.

Table 1
Spectral emissivity values for bare soil (g,;) and dense vegetation (g,;) for Landsat
9 TIRS-2 bands.

B il 0.970
Band 10 emissivity are soi (55’10)
Dense vegetation (8,,710) 0.990
B il 0.965
Band 11 emissivity are sol (ES’H)
Dense vegetation (Sv,n) 0.990

3. Materials and methods

3.1. Study area

The study area selected for the validation of LST products corresponds to
the Barrax agricultural experimental site (Fig. 1), located at the “Las Tiesas”
farm in the province of Albacete, Spain (Las Tiesas: 39.059°N, 2.097°W). The
Barrax area has been selected in many field campaigns for calibration and
validation (cal/val) activities because of its flat terrain and the presence of
large, uniform land-use units (approximately 100 ha), suitable for validating
moderate resolution satellite image products (Peres et al., 2008). Most of the
area is cultivated and includes rainfed crops (e.g., winter cereals, fallow) and
irrigated land (e.g., corn, alfalfa, vegetables). In winter, the majority of the
surface is not cultivated, and a vast expanse of bare soil (Inceptisols in terms
of soil taxonomy) is available for the cal/val of low spatial resolution sensors.
Barrax has a Mediterranean-type climate, with heavy rainfall in spring and
autumn and lighter rainfall in summer. It exhibits continental characteristics,
with sudden changes from cold months to warm months and high diurnal
temperature ranges in all seasons between the maximum and minimum daily
temperatures (Skokovic et al., 2017).

Figure 1: Geographic location of the study area at the “Las Tiesas” farm (Barrax,
Albacete), selected for the validation of LST products.

3.2. In-situ data and instrumentation

To retrieve surface temperature data for the study area, measurements
were obtained from a fixed radiometric station installed at the site. The dataset
covers the period from January 1, 2021 through May 28, 2025.

The station is equipped with a data acquisition system based on Campbell
Scientific dataloggers (models CR1000 and CR1000X, depending on the
annual campaign). The system records continuous surface temperature values
at a sampling interval of 5 minutes, depending on the specific campaign
configuration. The instrument employed is a Campbell Scientific IR120
broadband infrared radiometer (8-14 um), mounted at a height of 4 meters
with a nadir view. It points towards a homogeneous surface characterized
by bare soil or agricultural crops, depending on the season. This radiometer
is periodically calibrated using a LAND P80P calibration source, with an
estimated uncertainty of approximately +£0.2 K. The calibrations performed
show minimal differences between consecutive checks, indicating radiometric
stability.

3.3. Landsat-9 data

This study utilized imagery acquired by the Landsat 9 satellite, launched
on September 27, 2021, specifically data from the Thermal Infrared Sensor

2 (TIRS-2). Unlike its predecessor on Landsat 8, TIRS-2 was designed
with significant improvements to mitigate the stray light anomaly, thereby
enhancing the radiometric stability of the thermal bands (Montanaro et
al., 2022). Processing was conducted on the Google Earth Engine (GEE)
platform, accessing two distinct datasets within Collection 2 (Earth Resources
Observation and Science (EROS) Center, 2020b), which provide scaled,
georeferenced, and sensor-calibrated radiance.

The entire available historical time series over Barrax, starting from
October 31, 2021, was processed. A cloud filter was applied, and pixel values
corresponding to the coordinates of the Barrax station were extracted.

To implement the proposed Split-Window algorithm, ‘Landsat 9 Collection
2 Tier 1 Level-1 (L1TP)’ products were used, utilizing bands 10 (10.60-11.19
pm) and 11 (11.50-12.51 pum). Although the TIRS-2 sensor acquires data at
a native resolution of 100 m, L1TP products are resampled to 30 m by the
USGS using cubic convolution to match the bands of the Operational Land
Imager 2 (OLI-2) sensor (Eon et al., 2024). Digital numbers were converted
to spectral radiance and subsequently to brightness temperature (in Kelvin)
at the top-of-atmosphere (TOA), using the radiometric calibration coefficients
and thermal constants (K1, K2) provided in the metadata of each scene (Earth
Resources Observation and Science (EROS) Center, 2020a).

Additionally, surface reflectance spectral bands from the Landsat 9 Level-2
Science Product (L2SP) were processed, specifically Band 4 (Red) and Band
5 (Near-Infrared). These atmospherically corrected bands are essential for
calculating the Normalized Difference Vegetation Index (NDVI) at the native
30 m resolution, which serves as the input variable for the dynamic estimation
of Land Surface Emissivity (LSE) required by the Split-Window algorithm (Eq.
1).

3.4. Atmospheric data (ERA5)

Total column water vapor values, required for the application of the SW
algorithm, were obtained from the ERAS global climate reanalysis dataset,
produced by the Copernicus Climate Change Service (C3S) at ECMWE The
‘ERAS Hourly - ECMWF Climate Reanalysis’ product, available on Google
Earth Engine, was utilized. This dataset provides hourly estimates for a wide
range of atmospheric, land, and oceanic climate variables. The data cover the
Earth on a ~31 km grid and resolve the atmosphere using 137 levels from the
surface up to a height of 80 km (Hersbach et al., 2020), offering an extensive
period of availability (from 1940 to the present).

From this product, the ‘total column water vapour’ variable was extracted.
This parameter represents the total amount of water vapor in a column
extending from the Earth’s surface to the TOA. Accordingly, for each acquired
Landsat 9 scene, the ERA5 image corresponding to the nearest hour was
selected. Water vapor values, originally in kg/m?, were converted to g/cm?
to ensure consistency with the units required by the Split-Window algorithm
coefficients, and were spatially extracted at the exact coordinates of the
validation station.

Additionally, the surface downward longwave radiation flux parame-
ter (‘mean_surface_downward_long_wave_radiation_flux’) was extracted.
This variable is essential for the rigorous correction of the in-situ radiometer
data. It represents the atmospheric thermal irradiance (W/ m?), which was
temporally interpolated to the exact minute of the station measurement.
Subsequently, this flux was converted into equivalent radiative temperature
and, through inversion, into downward atmospheric radiance. This step is
necessary to isolate the surface’s own emission from the sky reflection captured
by the instrument.

4. SW algorithm validation

To assess the accuracy of the proposed Split-Window (SW) algorithm
and compare it against the official USGS Level-2 Land Surface Temperature
product, a validation based on in-situ radiometric temperature measurements
was conducted. Prior to the main validation, a preliminary sensitivity analysis
was performed by running the SW algorithm using the emissivity band from
the L2 product instead of the locally estimated LSE. This step was intended to
discern whether potential improvements in estimation were attributable to
the algorithm coefficients or to the emissivity source.

The validation process involved extracting pixel values corresponding
to the station location and linearly interpolating the field measurements to
the exact satellite overpass time. Scenes affected by cloud contamination
were discarded. Quantitative assessment relied on the calculation of standard
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statistical metrics: Bias, Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), and the coefficient of determination (R?).

Furthermore, a graphical error analysis was conducted using scatter plots
to assess linearity, time series to verify the seasonal consistency of the data,
and residual plots against surface temperature and atmospheric water vapor
content to identify potential systematic biases dependent on thermal or
atmospheric conditions.

5. Results and discussion

5.1. SW coefficients and sensitivity analysis

The detailed procedure for the retrieval of the SW algorithm coefficients
and assessment of uncertainties (sensitivity analysis) can be found in Jimenez-
Mufioz and Sobrino (2008). This procedure was also used to develop a SW
algorithm for Landsat-8 data (Jimenez-Muiioz et al., 2014).

Basically, SW coefficients involved in Equation (1) were obtained from
statistical regression over a database of at-sensor brightness temperatures
computed from forward simulations. For this purpose, different atmospheric
profiles extracted from the GAPRI database (Mattar et al., 2015) were used
as input to the MODTRAN radiative transfer code. MODTRAN atmospheric
outputs were combined to a set of surface emissivities extracted from the
ECOSTRESS spectral library to reproduce at-sensor brightness temperature
values from the radiative transfer equation.

The simulated database was also used to perform the sensitivity analysis
of the SW algorithm to the noise equivalent delta temperatures (NEDT) of
Landsat-9 TIRS bands, as well as surface emissivity and atmospheric water
vapor uncertainties. Table 2 shows the values of the coefficients and also the
different contributions to the sensitivity analysis. The mathematical structure
given in Eq. (1) is able to fit the simulated database with a standard error
of estimation of 0.3 K. Impact of NEDT and water vapor uncertainty is on
the same order or even below. The greatest contribution in the sensitivity
analysis is due to the surface emissivity uncertainty, of around 1.1 K. Overall,
the SW algorithm is expected to provide LST retrievals with RMSE of 1.2 K.
Substituting these derived coefficients into the general structure yields the
specific SW algorithm for Landsat-9 (Eq. 3):

T,=Tio+ 1.3477 (T1o— T11) + 0.1458 (T30— T11)° + 0.0559 (3
+(52.577 —3.728w) (1 — &) + (—111.753 + 17.066w) Ae

Table 2

Split-window coefficients (see Eq. 3) and contributions to the sensitivity analysis.
'St dev’ is the standard error of estimation and ' r ' the linear (Pearson) correlation
coefficient obtained in the statistical regression. Uncertainties due to NEDT of
Landsat-8 TIRS bands (U, ), surface emissivity (uemis) and total atmospheric
water vapor content (u,,) are also provided. The Root Mean Square Error (RMSE)
provides the overall accuracy of the SW algorithm.

Coefficients St dev [K] 3 Unoise [K] | Uemis [K] | uw [K] | RMSE [K]
co = 0.0559 ¢, =—3.728 0.3 0.988 0.3 1.1 0.12 1.2
¢ =1.3477 | cs=-111.753
¢, =0.1458 | cq=17.066
¢3=52.577

5.2. In-situ Land Surface Temperature retrieval

The data acquired by the infrared radiometer correspond to brightness
temperature, representing the integration of incident radiation upon the sensor
within its specific spectral bandwidth. Given the sensor’s low installation height
above the canopy (< 5 m), a simplified version of the Radiative Transfer
Equation (RTE) was applied. Due to the short optical path length between
the surface and the sensor, atmospheric transmittance is considered unitary
(7 ~ 1), and the upwelling atmospheric emission from the intermediate air
layer is assumed to be negligible (thm ~ 0). Under these proximal sensing
conditions, the radiance measured by the sensor (L.,) is defined exclusively as
the sum of the surface thermal emission and the reflection of the downwelling
atmospheric irradiance, both integrated over the sensor’s spectral response
function (f(A)):

;12 FO[eBa (T)+ (1 =) Ly, ,]dA

= - “@
2 FdA

sen

where A is the wavelength, f (1) is the instrument’s spectral response function,
B, (Ts) is the spectral radiance emitted by a blackbody at temperature Tg
according to Planck’s law, ¢, represents the spectral surface emissivity, and
Li A denotes the spectral downwelling atmospheric irradiance.

The brightness temperature was derived by integrating the instrument’s
spectral response function with Planck’s Law. The downwelling irradiance
component was retrieved from the ERA5 product, temporally interpolated
to match the exact acquisition time of the radiometer. Since ERAS provides
broadband downward longwave radiation flux, estimating its specific con-
tribution within the radiometer’s spectral range was necessary. To achieve
this, the effective sky brightness temperature was first calculated assuming
blackbody behavior according to the Stefan-Boltzmann Law. Subsequently,
this temperature was converted into in-band radiance by applying Planck’s
Law convolved with the sensor’s spectral response function, maintaining the
strict spectral dependence (A) of the atmospheric emission.

Surface emissivity was estimated dynamically using the NDVITEM | follow-
ing the mathematical framework previously described in Section 2.1. However,
for its implementation in the broadband radiometer correction, Sentinel-2
data were used, specifically the Surface Reflectance product (Level-2A); its
10 m spatial resolution allows for a rigorous characterization of sub-pixel
heterogeneity within the radiometer’s FOV, thereby minimizing scaling errors
compared to coarser resolution sensors. Based on the interpolated Sentinel-2
NDVI time series, vegetation fractional cover and emissivity were computed
using the specific thresholds for bare soil (NDVI; = 0.2;&, = 0.97, derived
from previous CIMEL measurements conducted to characterize the Barrax soil)
and dense vegetation (NDVI, =0.9; ¢, = 0.99) in the Barrax area (Sobrino
and Raissouni, 2000; Sobrino et al., 2008), incorporating a cavity correction
term (C,) of 0.005 . These effective values are treated as the band-integrated
emissivity (&).

This approach enabled the generation of a continuous emissivity time
series coupled to the actual phenological evolution of the crop. This series was
subsequently used to invert the Radiative Transfer Equation, correcting the
in-situ measurements for atmospheric reflection effects. Finally, the surface
emission term in Equation (4) was isolated, and Planck’s functionconvolved
with the sensor’s spectral response function-was inverted to retrieve the in-situ
Land Surface Temperature (T;), corrected for both emissivity and downwelling
sky irradiance.

;;2![(703&(’1"3)‘1A _ Lsen _(1 _3)Lﬁtm (5)
jlzf(/x)dx €

5.3. SW algorithm testing

To validate the proposed SW algorithm (Eq. 3), the retrieved LST
values—spatiotemporally coincident with the validation station records—were
compared at the exact satellite overpass time, excluding cloud-contaminated
scenes. Subsequently, a linear regression analysis was performed between
both datasets, and various statistical metrics were calculated for a quantitative
assessment across the entire dataset of 43 valid processed images (N=43). This
validation was conducted for the proposed SW algorithm, the SW algorithm
computed using the L2 emissivity product, and the official temperature product
provided by the USGS (L2).

Prior to the point-based statistical validation, a qualitative assessment
of the spatial coherence of the LST estimates generated by the proposed
Split-Window algorithm was conducted. Figure 2 compares the true-color
(RGB) image with the retrieved LST map. A precise spatial correspondence
between land cover patterns and thermal distribution is observed. Center-
pivot irrigation fields, clearly identifiable by their high green reflectance
and circular shape in the RGB image, coincide perfectly with areas of lower
temperature (blue tones in the thermal map), due to the cooling effect of
crop evapotranspiration. Conversely, areas of bare soil and dry vegetation
exhibit the highest temperatures (reddish tones), exceeding 50 °C. This spatial
coherence confirms that the algorithm, coupled with the Sentinel-2-based
emissivity correction, correctly discriminates the thermal heterogeneity of the
agricultural landscape without introducing significant noise.

The quantitative comparison between the results obtained with the
emissivity calculated via the proposed methodology and those derived using
the emissivity from the L2 product is presented in Table 3. The differences
between using the NDVI-derived emissivity and the official product emissivity
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Figure 2: Spatial representation of the study area in Barrax (Albacete) for the date
24-08-2024. (a) True-color (RGB) composite image showing crop heterogeneity and
center-pivot irrigation systems. (b) Land Surface Temperature (LST) map generated
using the proposed Split-Window algorithm. The red marker indicates the exact
location of the validation station.

(ARMSE) are lower than 0.05 °C, which demonstrates the robustness and
insensitivity to the applied threshold.

Figure 3 illustrates the comparison between the values obtained with
the proposed algorithm and those provided by the USGS L2 product against
the in-situ measurements. As detailed in Table 3, the proposed Split-Window
algorithm, utilizing the specific coefficients and a local NDVI-derived emissivity,
achieved an RMSE of 1.22 °C, reflecting the high accuracy of the algorithm
under local conditions.

In contrast, although the official L2 product exhibits a high correlation
(R? = 0.991), it presents a systematic positive bias (+1.15 °C) and a
significantly higher RMSE (1.99 °C). This discrepancy is also evident in the
error dispersion: while the proposed algorithm maintains a lower standard
deviation of the residuals (1.16 °C), the official product shows greater
dispersion (1.63 °C). This suggests that the USGS global atmospheric or
emissivity correction introduces additional uncertainty over these types of
agricultural land covers.

Table 3
Statistical metrics obtained from the validation of Landsat 9 LST estimates against
in-situ measurements (N=43).

RMSE [*C] | Bias ['C] | MAE [*C] | Std [*C] R?
Proposed SW 1.22 -0.35 1.03 1.16 0.995
SW (using the L2 1.26 -0.48 1.0 117 | 0.995
emissivity product)
Official USG5 1.99 1.15 1.53 1.63 0.991
product

USGS L2 Product

Proposed SW

N=43
RMSE = 1.22
Bias = 035
R?=0.99

LsTC]

o Data points |
— Fit-y = 104x +-0.03

© Data points
— Rty =102+ 104
--- Lllne --- L1 Line

E) » E)

B EJ w© ) » ®
Validation Station LST [C] Validation Station LST [C]

Figure 3: Validation of Landsat 9 estimated LST against in-situ radiometric
measurements (N=43). (a) Comparison of the USGS Level-2 operational product
(left). (b) Comparison of the proposed Split-Window algorithm (right). The dashed
line represents the 1:1 relationship, while the solid line indicates the linear regression
fit of the data. Statistical accuracy metrics (RMSE, Bias, and R2) are displayed in
the upper-left inset of each plot.

Figure 4 displays the temporal evolution of the LST series, revealing high
radiometric consistency between the proposed SW estimates and the station
measurements throughout the entire study period. The algorithm faithfully
reproduces seasonal variability, accurately capturing both summer maxima
and winter minima. Notably, the time series of the proposed algorithm aligns
with the station baseline, effectively correcting the offset or constant positive
bias visually observed in the official USGS product series.

Additionally, Figures 5 and 6 present the temperature residuals (LSTgy
-LSTsation) as @ function of station temperature and ERA5 water vapor

. —=— Validation Station
-+ Proposed SW

o o > o o > o o > o

o S ) ol S S o o o o’
0 0y » o o ¥ % < o
% § & & & & 5 & & &

> A
Date

Figure 4: Temporal evolution of LST at the validation site during the study period
(2022-2025). The solid blue line represents in-situ measurements (Validation
Station), while the dashed red line indicates the estimates from the proposed
Split-Window algorithm (Proposed SW).

content, respectively. In the temperature analysis (Fig. 5), the scatter plot
shows a distribution centered around zero—consistent with the low bias of
-0.35 °C—and a uniform dispersion across the entire thermal range. This
confirms the homoscedasticity of the error; that is, the algorithm operates
with consistent precision at both low and high temperatures. The dashed lines
represent the 95% confidence interval (+2 RMSE). Points falling within these
limits are considered within the expected statistical uncertainty, while those
outside could be attributed to isolated anomalies or outliers. In this case, only
2 points were identified outside this interval, corresponding to 4.7% of the
data. This percentage is fully consistent with a normal distribution of errors,
thus ruling out systematic issues within the model.

Finally, regarding water vapor (Fig. 6), the residuals exhibit independence
from the atmospheric moisture load. The absence of trends or biases on days
with high water vapor concentrations demonstrates the robustness of the
Split-Window coefficients in effectively correcting for differential atmospheric
absorption, thereby overcoming the typical limitations of Single-Channel (SC)
algorithms under humid conditions (Jimenez-Muifioz et al., 2014).

b . +2 RMSE
T 2
S . °
2
°
]
°
T o $
% . ° o
. °
= o ° ° [y °
u . ° °
g R . .
o . .
= -1 ° e
°
& ® , o o ®
s °
] °
S -2 . °
=]
[ I S RMsE
2 °

30 40 50
Validation Station LST [°C]

Figure 5: Distribution of temperature residuals (LSTsy -LSTsation) Versus in-situ
surface temperature.

6. Conclusions

This study proposes and evaluates a Split-Window (SW) algorithm based
on global coefficients for Land Surface Temperature (LST) retrieval using
data from the TIRS-2 sensor onboard Landsat 9. Comprehensive validation
against continuous radiometric measurements at the Barrax agricultural
station demonstrated the viability and high fidelity of the proposed method.
Quantitatively, the SW algorithm yielded a Root Mean Square Error (RMSE)
of 1.22 °C and a near-zero bias of -0.35 °C.

This level of accuracy is consistent with existing literature regarding LST
retrieval without in-situ atmospheric data. Specifically, previous simulations
for TIRS sensors indicate that Split-Window algorithms typically exhibit errors
below 1.5 °C, outperforming Single-Channel (SC) methods under variable
humidity conditions (Jimenez-Mufioz et al., 2014). Furthermore, these results
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Figure 6: Distribution of temperature residuals (LSTsy -LSTs;ation) versus Columnar
Water Vapor (CWV).

fall within the expected uncertainty range for algorithms that do not require
concurrent radiosoundings, as historical performance across the Landsat series
typically ranges between 0.9 °C and 2.0 °C, depending on the method and
water vapor load (Sobrino et al., 2004; Jimenez-Mufioz and Sobrino, 2008).
Therefore, the obtained RMSE of 1.22 °C validates the global parameterization
employed and confirms its operational suitability.

Comparison with the official USGS Level-2 (L2) product revealed a
substantial methodological improvement, as the operational product exhibited
a significant systematic overestimation (41.15 °C) and a considerably higher
RMSE (1.99 °C) over the same time series. This discrepancy underscores
the limitations of general-purpose operational algorithms in phenologically
dynamic agricultural areas and highlights the added value of coupling
LST retrieval with a local emissivity estimation derived from simultaneous
optical bands via the NDVI Threshold Method. Additionally, residual analysis
confirmed the stability of the proposed model, demonstrating that its
predictive performance does not degrade under extreme thermal conditions
or variations in columnar atmospheric water vapor content. In conclusion, the
Split-Window formulation validated in this study constitutes a robust, accurate,
and independent approach, making it highly recommended for agronomic
applications and energy balance studies requiring high-spatial-resolution
thermal data.
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