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Land surface temperature (LST) is a critical parameter for land surface and atmospheric interactions. 
However, the applicability of current LST estimates for field-level hydrological, agricultural, and 
ecological operations is challenging due to their coarse spatiotemporal resolution. In the current 
article, we compared three different models, namely 1) Thermal Sharpening (TsHARP), 2) Thin 
Plate Spline (TPS), and 3) Random Forest (RF) for downscaling LST from 100 to 10 m by using high-
resolution Sentinel-1,2 optical-microwave data. TsHARP, TPS, and RF are commonly used methods 
for improving the spatial resolution of large-scale environmental or climate data to finer scales for 
field-level applications. The analysis was performed at agricultural farms in the semi-arid, arid, and 
per-humid regions of India during the winter and summer seasons of 2020–21 and 2021–22. The 
calibration accuracy of the RF model was in better agreement with the coefficient of determination 
(R2), root mean square error (RMSE), and normalized RMSE (nRMSE) values ranging between 
0.961–0.997, 0.103–0.439 K, and 0.034–0.143%, respectively, and lower values of standard errors 
for all three locations. Though the validation accuracy of models varied between the regions, RF and 
TPS consistently outperformed the TsHARP model. Further the impact of individual features on LST 
downscaling was analyzed using Accumulated Local Effects (ALE) plot. The study concluded that RF 
is an effective and adaptable strategy that can be used in various agroclimatic zones and land cover 
types, suggesting its broader applicability in agricultural and ecological operations. Finer resolution 
LST data with enhanced precision can support tailored field-level decision-making and interventions in 
agriculture and environmental monitoring.
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Land surface temperature (LST) is the skin temperature of the earth’s surface, which is required to study 
processes such as drought1, monitor spatiotemporal dynamics of urban heat islands2,3, and the growth status of 
vegetation4. Thermal imaging and retrieval of LST variables from spaceborne sensors are of significant interest in 
numerous practical applications for remote sensing and the scientific community. LST directs many biophysical 
processes near the land–atmosphere interface and is a critical component in modeling of surface heat budget5, 
soil moisture estimation6,7, drought and vegetation dynamics1,4,8,9, forest fire monitoring10, and geological and 
geothermal studies11–13. Agricultural drought usually leads to reduced crop yields or even crop failure, and is 
often associated with rising LST and decreased soil moisture14. Traditionally, LST was estimated at point locations 
using radiance measurements from meteorological stations15,16 but more recent methods rely on thermal remote 
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sensing, primarily in the Thermal Infrared (TIR) region, for LST retrieval17–19. TIR sensors map the radiation 
emitted by the earth in a range of 8–15 µm and measure the radiation emitted by the ground to determine the 
surface temperatures. Satellite-based TIR bands contribute both spatiotemporal coverage at local or global scales 
and are more cost-efficient and accessible than traditional methods20. However, spatial resolutions of satellite-
based LST are generally coarse, hindering their use for precise farm-level operations.

The LST highly depends on atmospheric parameters such as relative humidity and near-surface air 
temperature21 and sensor parameters like spectral range, viewing geometry, and surface emissivity22–24. 
Due to the high variability of these parameters, satellite-based LST retrieval remains a complex process25–27. 
Many researchers consider atmospheric conditions and Land Surface Emissivity (LSE) as the most important 
parameters for retrieving LST from remote sensing. The algorithms developed for LST estimation are generally 
named based on the number of bands used. For example, single-channel or mono-window algorithms use only 
one thermal band28,29, whereas split window requires two TIR bands30. LST retrieval has been performed using 
Landsat 5 (TM), Landsat 7 ETM + , and Landsat 8 OLI/TIRS data using Radiative Transfer Equation (RTE), 
Single Channel Algorithm (SCA) or MWA31–33.

Current TIR bands has limited applications due to coarser-resolution34. Landsat-7/8 provides LST at medium 
resolution (~ 100 m) with low temporal frequency (16-day interval), while MODIS offers daily LST at lower 
spatial resolution (~ 1000 m). NASA’s ASTER provides thermal data at ~ 90 m with limited access. Therefore, 
there is a growing interest in enhancing the spatial resolution of LST maps35. Spatial downscaling is frequently 
used to improve the resolution by integrating coarse LST with high-resolution predictor variables36,37. Statistics-
based models are built on the relationships between LST and other surface characteristics information such as 
reflectance in the visible, near-infrared (NIR), and shortwave infrared (SWIR) bands, digital elevation model 
(DEM), and spectral indices available at relatively high spatial resolutions38,39. Methods like disaggregation 
procedure for radiometric surface temperature (DisTrad)40 and thermal sharpening (TsHARP)41 are commonly 
used for this. However, these methods perform poorly in urban and arid regions due to reliance on vegetation 
variable42. TsHARP can downscale coarse thermal images to match the finer resolution of visible and NIR images. 
It uses the inverse linear relationship between NDVI and LST, making it computationally efficient. However, it 
may not perform well in areas with mixed vegetation with significant NDVI fluctuation which is inadequately 
represented by the coarse LST43. Under water stress condition also, changes in NDVI are slower than surface 
temperature changes7. The expected inverse linear relationship may not be strong41,43. Rawat et al.44 integrated 
TsHARP and Thin Plate Spline (TPS) models to downscale LST derived from MODIS thermal imagery from 
1 km to 250 m resolution, with good validation against Landsat 7 thermal data. The TPS serves as a powerful and 
precise deterministic non-geostatistical surface fitting process that adjusts functions to interpolate source point 
data (coarse LST) while minimizing the smoothness term45. Although these models are simplistic in approach, 
their performance may be limited under complex heterogeneous environments, prompting the use of multi-
model or ensemble-based approach for more accurate prediction46,47.

Machine learning (ML) techniques, leveraging advanced nonlinear methods are being tested for LST 
downscaling due to their few assumptions, ease of implementation, and ability to handle complex relationships38,48. 
Methods like Artificial Neural Networks (ANN) and Support Vector Machines (SVM) were used for LST 
and soil moisture retrieval49. Three distinct models, namely multiple linear regression (MLR), TsHARP, and 
random forest (RF) were compared to downscale MODIS LST from 1 km to 100 m50. Several ML models were 
compared for downscaling LST from the 1 km daily MODIS-LST product to 240 m48. When validated against 
LST derived from Landsat-8 thermal imagery, results showed that ML methods outperformed TsHARP. Mustafa 
et al.51 used four soft computing techniques, namely, multivariate adaptive regression splines (MARS), wavelet 
neural networks (WNNs), adaptive neurofuzzy inference systems (ANFIS), and dynamic evolving neurofuzzy 
inference systems (DENFIS), further demonstrating the potential of ML in improving LST downscaling. A novel 
LST downscaling technique based on the geographically weighted autoregressive (GWAR) model outperformed 
TsHARP with respect to RMSE and MAE52. A spatial random forest method (SRFD) also utilized various 
predictor variables, such as land surface reflection, spectral indices, terrain factors, and land cover for improved 
downscaling53. A regression model for urban LST downscaling used the normalized difference built-up index, 
normalized difference water index, and other remote sensing spectral indices as predictor variables54. The impact 
on the surface urban heat island over different LULC types was analysed using Landsat datasets and graphically 
weighted regression model (GWR) in semi-arid city, showing a significant association (R2 = 0.48)55. The RF 
model quantified seasonal LST dynamics across different LULC patterns in semi-arid Indian cities56 while Li et 
al.57 downscaled LST using various machine learning methods, including ANN, SVM, and RF, and found that 
RF outperformed the others. A data driven approach using regression and neural network models has been 
applied for forecasting urban LST58. In a recent study ERA5 LST was downscaled to a 1000 m resolution through 
pixel-wise temporal alignment iterative linear regression model based on MODIS LST products59, offering a 
more stable techniques that preserves the spatial distribution of the ERA5 LST with minimal missing pixels.

Despite significant advancements in remote sensing and downscaling techniques, a comprehensive 
comparative analysis of various models for LST downscaling over agricultural farms with diverse setting across 
different agroclimatic zones remains unexplored. In this pretext, the current study aimed to improve the spatial 
downscaling of LST using three different models, namely TsHARP, TPS, and RF. The proposed study was 
conducted over three sites located at semi-arid, arid, and per-humid agroclimatic regions (Fig. 1). The objectives 
of the study were to (1) downscale Landsat 8 TIR-based LST from 100 m resolution to plot level resolution 
i.e. 10  m; and (2) compare the efficiency of the downscaling models (TsHARP, TPS and RF) over different 
agroclimatic zones.
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Study areas
Semi-arid, New Delhi (IARI)
The IARI agricultural farm, located in New Delhi (28° 37′ 22.8″ N to 28° 38′ 58.92″ N, 77° 8′ 42.36″ E to 77° 
10′ 27.84″ E), spans 242 hectares (Fig. 1a). The soil is coarse to fine loamy in texture. The region has a semi-arid 
climate with an average annual rainfall of 765 mm, with 82.5% occurring during the southwest monsoon (June 
to September). The remaining rainfall comes from post-monsoon western disturbances, often bringing cloudy 
and foggy weather. Dominant crops during winter include wheat, followed by mustard, gram, and lentil.

Arid, Jodhpur (CAZRI)
The CAZRI agricultural farm, located near Jodhpur city in western Rajasthan (26° 15′ 48.38″N to 26° 14′ 26.08″N, 
73° 0′ 38.90″E to 72° 59′ 9.99″E), covers 241 hectares (Fig. 1b). The farm’s land use is primarily agroforestry, 
with areas devoted to crops and barren land. The region has an arid climate, characterized by an annual mean 
temperature of 26.5 °C, average annual rainfall of 500 mm, and potential evapotranspiration (PET) ranging from 
1400 to 2000 mm.

Per-humid, Cooch Behar (UBKV)
The UBKV farm and its surrounding area (1045 ha) in Cooch Behar district, West Bengal, India, is located 
between 26° 23′ to 26° 2′ N and 89° 23′ to 89° 26′ E (Fig. 1c). The region has a humid to per-humid bio-climate, 
receiving 2400–3700 mm of annual rainfall, with 70% of this occurring during the monsoon season (May to 
September). The average annual temperatures range from a minimum of 5 °C to a maximum of 37 °C.

Fig. 1.  Spatial extent of study areas-(a) semi-arid: IARI, New Delhi; (b) arid: CAZRI, Jodhpur; and (c) per-
humid: UBKV, Cooch Behar [Maps were generated using ArcGIS 10.6; https://www.arcgis.com/index.html].
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Satellite data acquisition
The NASA Landsat-8 (L8) products were acquired from the USGS Earth Explorer (https://ers.cr.usgs.gov). The 
ESA Level-1 Ground Range Detected (GRD) C-band Synthetic Aperture Radar (SAR) Sentinel-1 data in the 
Interferometric Wide (IW) swath and Sentinel-2 optical data were acquired from the ESA’s Sentinel scientific 
data hub (https://scihub.copernicus.eu/dhus/#/home). Sentinel-1 products were preprocessed by applying 
orbit files, thermal and border noise removal, radiometric calibration, speckle filtering using refined Lee filter, 
Range-Doppler terrain correction using Shuttle Radar Topography Mission (SRTM) DEM. Sentinel-1 data is 
highly sensitive to vegetation, and soil and plant water contents, establishing an indirect correlation with LST. 
Consequently, the backscatter coefficient in VV/VH polarization was used for the LST downscaling process. 
Sentinel-2 Level-2 products provide bottom-of-atmosphere (BOA) reflectance images at 10 and 20 m spatial 
resolutions and ~ 10 days frequency. We used red, NIR from Operational Land Imager (OLI), and thermal bands 
(Band 10; Thermal Infrared Sensor, TIRS, 10.6–11.19 µm) for retrieval of LST in this study. For IARI farm, 
the data were acquired from July 2020 to April 2022, covering both summer and winter seasons. For CAZRI 
and UBKV farms, only the winter season was covered. A total 75 Level-2 S2 and level-1 L8 cloud-free images 
were selected for this study. The detail on satellite sensors, data products, and acquisition dates are listed in 
Supplementary Table S1.

Software tools
The backscatter coefficient in VV/VH polarization was processed using Sentinel Application Platform (SNAP) 
version 8.0.0. Sentinel-2 bands B2, B3, B4, B8, B11, and B12 were used to calculate 21 vegetation indices using 
the “spectralIndices” function of the RStoolbox R package60. The details about the high-resolution data and 
the variables are provided in Supplementary Table S2. Landsat-8 has 11 spectral bands in the optical and 
thermal regions with 30 to 100 m spatial and 16 days temporal resolution. The Level-1 L8 images were corrected 
atmospherically using the Dark Object Subtraction (DOS) technique with “RStoolbox”.

LST retrieval
The LST was retrieved from Landsat-8 band-10 using the Mono Window Algorithm (MWA)29. The MWA 
requires two atmospheric parameters: transmittance and mean atmospheric temperature61. The LST was 
retrieved using the “LST” package62 in R ver 4.0.2.

Briefly, the digital number (Qdn) was converted to spectral radiance (Lλ, W m−2 srad−1 µm−1), and then to 
at-sensor brightness temperature (Tb, Kelvin)56 by using the Eqs. (1), (2):

	 Lλ = ML × Qdn + AL� (1)

	

Tb = K2

ln
(

K1
Lλ

) � (2)

where ML and AL are the band-specific multiplicative and additive rescaling factors; K1 (W m−2 srad−1 µm−1) and 
K2 (K) are calibration constants obtained from the metadata file.

LST was derived from at-sensor brightness temperature (Tb, Kelvin) according to Eq. (3):

	
LST = {a (1 − c − d) + [b (1 − c − d) + c + d] Tb − dTa}

c
� (3)

where a and b are coefficients of a linear function to approximate the derivative of the Planck radiance function63, 
c and d are calculated from ground emissivity (ε) and atmospheric transmittance (τ) using Eqs. (4) and (5):

	 c = ετ � (4)

	 d = (1 − τ) [1 + (1 − ετ)]� (5)

ε was estimated using the NDVI-based threshold model64, while τ was determined from local water vapour 
content, obtained from near-surface air temperature and relative humidity measured by the automatic weather 
station (AWS) on the farm. NDVI was calculated using Landsat-8 OLI band 4 (Red, 0.64–0.67 μm) and band 5 
(NIR, 0.85–0.88 μm) data. Ta was the effective atmospheric temperature in K, estimated using Eq. (6) 29.

	 Ta = 16.0110 + 0.92621T0� (6)

where T0 is air temperature at 2 m height.
Atmospheric transmittance (τ) for Landsat-8 band 10 has been calculated using Eq. (7).

	 τ = −0.0164w2 − 0.04203w + 0.9715� (7)

where w is water vapour content (g/cm2), computed using Eq. (8).

	
w = 0.0981 ×

{
10 × 0.6108 × exp

[
17.27 × (T0 − 273.15)
237.3 + (T0 − 273.15)

]
× RH

}
+ 0.1697� (8)

where RH = relative humidity in fraction, and LSE was estimated using NDVI threshold-based method65,66
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ε =

{
a − bρRedNDV I < 0.2

εvPv + εs (1 − Pv) + dε0.2 ≤ NDV I ≤ 0.5
εvPv + dεNDV I > 0.5

� (9)

where a = 0.973 and b = 0.047 are the empirical constants; ρRed is the reflectance of the red band; εv = 0.973 and 
εs = 0.966 are the emissivity of vegetation and soil, resepctively; Pv is the vegetation proportion given by Eq. (10).

	
Pv =

( NDVI − NDVImin

NDVImax − NDVImin

)2
� (10)

where NDVImin = 0.2 and NDVImax = 0.5; dε denotes the cavity effect caused by surface roughness (0 for flat 
surface; otherwise estimated by Eq. (11).

	 dε = (1 − εs) (1 − Pv) F εv � (11)

where F is a geometrical shape factor with assumed mean value of 0.5564.

Downscaling models
Thermal sharpening (TsHARP)
TsHARP model was used to downscale Landsat-8 thermal data at 100 m to 10 m using red and NIR (both at 
10 m) reflectance bands obtained from Sentinel-2 (Fig. 2). TsHARP implies that the exclusive relationship exists 
between LST and VI using RS data at multiple spatial resolutions45,67; Eq. (12).

	 LST coarse = a ∗ NDV Icoarse + b + δreg � (12)

where LST coarse at 30 m, a and b regression parameters, δreg- the residual field at 30 m. The regression equation 
was applied over high-resolution NDVI (10 m), and LST (10 m) as Eq. (13)

	 LST fine_reg = a ∗ NDV Ifine + b� (13)

Finally, high-resolution LST from TsHARP was obtained by adding residual field (δreg) behind of regression 
estimate

	 LST T sHARP = LST fine_reg + δreg � (14)

Fig. 2.  Downscaling methodology of Landsat-8 land surface temperature (LST) at 10 m resolution using RF, 
TsHARP, and TPS models.
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Thin plate spline (TPS)
The fundamental principle of the TPS technique is based on the spatial dependence of geo-data68. This method 
is particularly valuable in scenarios where the primary focus is on spatial continuity and smoothness rather than 
temporal dynamics.

A general form of the TPS model69 is represented as Eq. (15):

	
fT P S = a0 + a1x + a2y +

n∑
i=1

bir
2
i logri� (15)

where r2
i = (x − xi)2 +(y − yi)2 ; a0, a1, a2 and bi are model parameters which are obtained by satisfying Eqs. 

(16) and (17):

	 flow_T P S = LST coarse� (16)

	 LST T P S_high = fhigh_T P S � (17)

Random forest (RF)
Random forest (RF) is a machine learning technique that constructs an ensemble of decision trees to model 
complex relationships between high-dimensional input variables and outputs, typically used for both regression 
and classification70. Based on the interpretation of the study region, the 35 foremost drivers of LST were 
considered for the development RF model (Supplementary Table. S2). The hyperparameters of the RF model 
were optimized through tenfold cross-validation with 5 repetitions using “caret”71 and “ranger”72 packages in R 
version 4.0.2. Feature selection was performed to eliminate unsuitable variables. It ensures that model training is 
faster and less complicated, with a higher accuracy73. The variable importance for the RF model was computed 
using the “varImp” function of the “caret” package. For downscaling, the input predictors at fine resolution were 
first aggregated to match the coarse resolution LST data (equivalent to the ~ 100 m LST of Landsat-8 OLI/TIRS). 
The statistical relationship between the LST and predictor variables was developed using the RF algorithm:

	 LST 100m = f(Si, δV V , δV H)� (18)

where Si is an ith variable derived from optical data (Sentinel-2A) and δV V , δV H  are the variables derived from 
SAR data (Sentinel-1), f is a non-linear function fitted by the random forest74.

	 ∆LST 100m = LST 100m − P LST 100m� (19)

	 P LST 10m = P LST 10m + ∆LST 100m� (20)

where P LST 100m and P LST 10m are predicted LST at 100 and 10 m, ∆LST 100m is the residuals at coarse 
resolution. RF is known for its flexibility in handling large datasets and its ability to account for intricate, non-
linear patterns that may not be easily captured by traditional statistical methods.

Accuracy evaluation
Three standard matrices were used to evaluate the model performance namely coefficient of determination (R2), 
root means square error (RMSE) and normalised root mean square error (nRMSE) given as:

	
R2 =

(
1
n

∑n

i=1

(
LST P − LST P

) (
LST O − LST O

)
σPσO

)
� (21)

	

RMSE =

√√√√ 1
n

n∑
i=1

(LST P − LST O)2� (22)

	
nRMSE =

√
1
n

∑n

i=1 (LST P − LST O)2

LST O

× 100� (23)

LST P  is model output; LST P  and σP  are the mean and standard deviation of model outputs, respectively. 
LST O  are observations, LST O  and σO  are the mean and standard deviation of observations, respectively. 
R2 values close to 1; RMSE close to 0, and lower nRMSE indicate better model performance, as the model’s 
predictions are closer to the actual values. LST derived from Landsat-8 band 10 at 100  m was considered 
observed LST. This observed LST was downscaled to 10 m resolution using three different models (TsHARP, 
TPS, and RF). We aggregated the 10 m predicted LST to 100 m for downscaling performance evaluation and 
compared it with Landsat 8 LST data using statistical indices. For validation, the downscaled LST was further 
aggregated to 1 km, matching the MODIS LST (MOD11A1 and MYD11A1) in the TIR domain. The downscaled 
images were resampled to 1000 m using the bilinear interpolation to align with MODIS (1 km resolution).
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Sensitivity analysis
Conducting a sensitivity analysis is a crucial step in the pursuit of optimization and enhancing the ML model’s 
predictive capabilities. Accumulated local effects (ALE) plots were used to demonstrate each predictor’s impact 
on LST results, including any nonlinear response. Because ALEs more accurately reflect interactions between 
predictors, they were used to evaluate main effects rather than conventional partial dependence plots (PDP). 
The split of training data has an impact on ALE plots, much like it does on VIPs. It is challenging and time-
consuming to understand second-order ALE plots, necessitating concurrent evaluation of the main-effect ALE 
plots. The overall downscaling methodology of Landsat-8 LST data to 10 m spatial resolution is displayed in 
Fig. 2.

Results
Calibration of RF, TsHARP, and TPS
Results showed that RF and TPS were the best-calibrated models for each agroclimatic zone, followed by TsHARP 
(Table 1). TPS demonstrated its optimal performance in the arid region (CAZRI), exhibiting high accuracy with 
R2, RMSE, and nRMSE values ranging from 0.991 to 0.999, 0.05 to 0.214 K, and 0.018 to 0.069%, respectively. 
TPS showed the highest mean R2 (0.993) for the arid zone, while the lowest mean RMSE (0.105 K) and nRMSE 
(0.035%) were observed for the per-humid region (UBKV). The statistics for TPS remained consistently high 
across other sites as well. Although TPS performed well by capturing the non-linear relationships with smooth 
surface fitting, it can be computationally intensive, especially for large datasets. The performance of RF similarly 
high, with R2 values ranging from 0.961 to 0.997 for all sites. However, RF generated relatively higher RMSE 
(0.305–0.439 K) and nRMSE (0.097–0.13%) for the arid site compared to other sites. When all observation dates 

Date

RF TsHARP TPS

R2 RMSE (K) nRMSE (%) R2 RMSE (K) nRMSE (%) R2 RMSE (K) nRMSE (%)

IARI

30.Oct.2020 0.985 0.228 0.075 0.976 0.367 0.12 0.991 0.176 0.058

24.Nov.2020 0.997 0.196 0.067 0.963 0.276 0.094 0.97 0.227 0.077

17.Dec.2022 0.979 0.192 0.067 0.957 0.256 0.089 0.983 0.173 0.06

27.Jan.2021 0.976 0.163 0.056 0.965 0.166 0.071 0.982 0.143 0.049

20.Feb.2021 0.979 0.173 0.058 0.969 0.233 0.078 0.989 0.129 0.043

23.Mar.2021 0.983 0.192 0.064 0.964 0.309 0.078 0.995 0.106 0.035

18.Nov.2021 0.982 0.167 0.056 0.985 0.165 0.055 0.981 0.174 0.058

13.Dec.2021 0.984 0.186 0.063 0.987 0.173 0.059 0.981 0.204 0.07

29.Dec.2021 0.961 0.153 0.052 0.962 0.161 0.052 0.981 0.204 0.07

15.Feb.2022 0.983 0.142 0.048 0.961 0.233 0.079 0.996 0.069 0.023

19.Mar.2022 0.985 0.187 0.061 0.967 0.312 0.101 0.999 0.045 0.015

04.Apr.2022 0.985 0.187 0.06 0.968 0.292 0.093 0.995 0.11 0.035

Mean 0.982 0.181 0.061 0.969 0.245 0.081 0.987 0.147 0.049

SD 0.008 0.023 0.007 0.009 0.069 0.02 0.009 0.056 0.02

SE 0.0023 0.0065 0.0021 0.0027 0.019 0.0057 0.0024 0.016 0.0056

CAZRI

5.Mar.2021 0.976 0.385 0.123 0.977 0.359 0.114 0.992 0.214 0.068

21.Mar.2021 0.983 0.305 0.097 0.994 0.17 0.054 0.991 0.213 0.068

18.Dec.2021 0.979 0.323 0.108 0.993 0.178 0.06 0.991 0.205 0.069

21.Feb.2022 0.981 0.439 0.143 0.982 0.274 0.089 0.999 0.055 0.018

Mean 0.98 0.363 0.118 0.987 0.245 0.079 0.993 0.172 0.056

SD 0.003 0.061 0.02 0.008 0.089 0.028 0.004 0.078 0.025

SE 0.0014 0.03 0.0099 0.0041 0.044 0.013 0.0019 0.038 0.012

UBKV

08.Mar.2021 0.989 0.103 0.034 0.952 0.24 0.08 0.997 0.051 0.017

24.Mar.2021 0.979 0.148 0.049 0.966 0.202 0.067 0.994 0.079 0.026

05.Dec.2021 0.982 0.163 0.054 0.977 0.189 0.063 0.987 0.14 0.047

21.Dec.2021 0.981 0.117 0.06 0.975 0.213 0.072 0.987 0.149 0.05

Mean 0.983 0.133 0.049 0.968 0.211 0.071 0.991 0.105 0.035

SD 0.004 0.028 0.011 0.011 0.022 0.007 0.005 0.047 0.016

SE 0.0021 0.013 0.0055 0.0056 0.01 0.0036 0.0025 0.023 0.008

Table 1.  Calibration statistics for downscaled-aggregated land surface temperature using RF, TsHARP and TPS 
models for semi-arid (IARI), arid (CAZRI) and per-humid (UBKV) regions. R2 coefficient of determination, 
RMSE root mean square error, nRMSE normalized RMSE.
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were merged, the RF model outperformed TsHARP and TPS models regarding SD and SE values. The RF model 
demonstrated good and consistent calibration proficiency in LST downscaling across all three agroclimatic 
zones, as it is highly robust to overfitting and effective with large datasets. However, it requires comprehensive 
and large quantities of data, along with careful tuning of hyperparameters, and may lack interpretability in some 
cases.

Downscaled LST maps at 30 and 10 m spatial resolution
A simultaneous display of downscaled LST maps at 10 m and Landsat-8 LST (the ‘reference’) at 30 m scales 
showed similar spatial patterns (Fig. 3; Supplementary Figs. S3–S11). As evident at both resolutions, the LST 
values effectively captured seasonal temperature trends. At the IARI farm, the image reflected a range of LST 
values, from as low as 16 °C on December 17, 2020, to as high as 41 °C on July 3, 2020 (Fig. 3a; Supplementary 
Figs. S3–S5). The reference LST had a fuzzy appearance and was homogeneous in distribution. While the 10 m 
maps generated by RF and TsHARP appeared similar, the RF maps contained more detailed information, allowing 
for potential analysis of plot-scale temperature variations and differentiation between crops and adjacent areas. 
The performance of TPS was comparable to RF (Supplementary Fig. S4). For example, on March 23, 2021, the 
reference and TPS maps showed a hazy appearance in the north and west parts of IARI farm. In contrast, RF 
demonstrated superior distinction and clarity. It is important to acknowledge that some indistinctiveness was 
inherent in both RF and TsHARP methods, necessitating residual correction procedures. During the summer, 
when noticeable variations in LST occurred across space and time, RF exhibited superior precision compared to 
the other two methods.

Similarly, over CAZRI, the mean LST values of images were consistent on specific dates across all methods, 
resembling the reference map (Fig. 3b; Supplementary Figs. S6-S8). The CAZRI farm is diverse in land use and 
represents a mixed agricultural landscape comprising cropland, agroforestry, pasture, and bare land. The pixels 
appearing in red indicated high LST values while blue pixels corresponded to low LST. LST maps obtained 
from the RF and TsHARP methods exhibited similarities and demonstrated the ability to distinguish land use 
heterogeneity. The reference image had a smoothing effect and was relatively uniform in appearance. The central 
and southeastern blocks of CAZRI were observed to have higher LST values than the northwestern area, where 
crops were cultivated. For per-humid UBKV farm, the downscaled LST maps generated by all three models 
exhibited a homogeneous appearance (Fig. 3c; Supplementary Figs. S9–S11). The farm is predominantly a lowland 
area with rice crops, where the mean LST varied over a narrow range (24–29 °C). The southeastern block of the 
farm had a considerably higher LST values (27 °C; March 8, 2021), as it featured orchards, horticultural crops, 

Fig. 3.  Spatial extent of downscaled land surface temperature (10 m) using the random forest method over (a) 
semi-arid IARI (pre-monsoon to post-monsoon), (b) arid CAZRI (post-monsoon) and (c) per-humid UBKV 
(post-monsoon) farms.

 

Scientific Reports |        (2025) 15:10824 8| https://doi.org/10.1038/s41598-025-92135-0

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


rubber plantations intermingled with the rice fields. In contrast, the north-western block, which consisted of 
low-lying paddy areas, showed comparatively lower values (~ 21 °C) and was more distinguishable in RF maps.

Validation with MODIS data
Since ground-observed LST data was unavailable (use of a thermal camera mounted on a pole in the field for 
satellite LST validation was not feasible due to significant disagreement between the LST of the camera pixel and 
the corresponding pixel from the satellite), a comparison was made between 1 km Landsat-8 aggregated LST 
and the MOD11A1 and MYD11A1 products, both at 1 km spatial resolution. The statistical parameters—R2, 
RMSE, and nRMSE obtained for this analysis are presented in Table 2 and Supplementary Fig. S2. Overall, 
RF provided marginally better predictability in terms of RMSE and nRMSE. The ML approach (RF) and TPS/
TsHARP methods showed varied RMSE and nRMSE values for downscaled LST across different dates.

The downscaled aggregated LST followed similar trends to those of MOD11A1 and MYD11A1 LST, although 
the values were generally underestimated compared to both MODIS Aqua and Terra satellites, with R2 = 0.82 
(Aqua) and 0.94 (Terra). However, a significant deviation from the 1:1 line was observed. At the semi-arid site 
(IARI), RF provided improved model performance, potentially offering up to a 5% improvement over TsHARP 
and up to a 6% improvement over the TPS model in terms of explained variance, with RMSE between 0.80 and 
11.47 K, and nRMSE between 0.27 and 3.84% across all observation dates (Table 2). The R2, RMSE, and nRMSE 
for the TsHARP model ranged from 0.39 to 0.93, 0.90 to 11.41 K, and 0.30 to 3.82%, respectively, while for TPS 
model, the R2, RMSE, and nRMSE varied from 0.38 to 0.92, 0.90 to 11.41 K, and 0.30 to 3.82%, respectively. It 
is worth noting that the RMSE values on September 12, 2020, at IARI farm were significantly higher (11.41–
11.47 K) for all three downscaling approaches.

At CAZRI, all three models showed substantial agreement (mean R2 > 0.84) between the downscaled and 
reference LST (Table 2). For the RF model, the R2 values ranged from 0.75 to 0.91, RMSE from 1.15 to 12.80 K, 
and nRMSE from 0.36 to 4.30%. For the TPS method, R2, RMSE, and nRMSE ranged from 0.75 to 0.92, 1.10 
to 12.76 K, and 0.35 to 4.29%, respectively. The TsHARP method showed R2, RMSE, and nRMSE ranging from 

Date

RF TsHARP TPS

R2 RMSE (K) nRMSE (%) R2 RMSE (K) nRMSE (%) R2 RMSE (K) nRMSE (%)

IARI

12.Sep.2020 0.68 11.47 3.84 0.66 11.41 3.82 0.66 11.41 3.82

28.Sep.2020 0.59 6.66 2.18 0.39 6.61 2.17 0.38 6.69 2.16

30.Oct.2021 0.83 4.38 1.45 0.77 4.36 1.45 0.78 4.33 1.44

24.Nov.2020 0.63 3.23 1.09 0.43 3.29 1.11 0.43 3.30 1.11

19.Feb.2021 0.55 1.59 0.53 0.57 1.71 0.57 0.56 1.71 0.57

23.Mar.2021 0.56 5.35 1.75 0.52 5.60 1.83 0.51 5.60 1.83

18.Nov.2021 0.44 1.27 0.43 0.44 1.26 0.42 0.43 1.24 0.42

15.Feb.2022 0.53 0.80 0.27 0.57 0.90 0.30 0.55 0.90 0.30

11.Mar.2022 0.58 1.25 0.57 0.52 2.03 0.68 0.48 2.02 0.68

19.Mar.2022 0.70 2.04 0.66 0.47 2.16 0.70 0.61 2.08 0.68

04.Apr.2022 0.93 6.77 2.26 0.93 6.72 2.2 0.92 6.71 2.19

Mean 0.64 4.07 1.37 0.57 4.18 1.39 0.57 4.18 1.38

SD 4.52 1.24 1.26 3.54 1.31 1.31 3.56 1.31 1.30

SE 1.36 0.37 0.38 1.07 0.40 0.39 1.07 0.39 0.39

CAZRI

05.Mar.2021 0.88 2.82 0.9 0.88 2.77 0.89 0.88 2.75 0.88

21.Mar.2021 0.75 1.15 0.36 0.75 1.15 0.36 0.75 1.10 0.35

18.Dec.2021 0.91 1.56 0.52 0.89 1.54 0.52 0.92 1.53 0.52

20.Feb.2022 0.85 12.8 4.3 0.85 12.94 4.56 0.84 12.76 4.29

Mean 0.85 4.58 1.52 0.84 4.56 1.52 0.85 4.54 1.51

SD 11.9 0.83 0.82 12.81 0.82 0.81 11.4 0.82 0.81

SE 5.95 0.41 0.41 6.41 0.41 0.41 5.71 0.41 0.40

UBKV

08.Mar.2021 0.70 0.31 0.11 0.72 0.48 0.16 0.72 0.47 0.16

24.Mar.2021 0.57 3.13 1.05 0.62 3.06 1.03 0.59 3.10 1.04

Mean 0.64 1.72 0.58 0.67 1.77 0.59 0.66 1.78 0.60

SD 7.04 0.86 0.86 9.48 0.97 0.97 6.91 0.96 0.96

SE 4.98 0.61 0.61 6.70 0.69 0.69 4.89 0.68 0.68

Table 2.  Validation statistics for downscaled-aggregated land surface temperature with observed LST at 1 km 
scale using MODIS terra product for semi-arid (IARI), arid (CAZRI) and per-humid (UBKV) regions. R2 
coefficient of determination, RMSE root mean square error, nRMSE normalized RMSE.
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0.75 to 0.89, 1.15 to 12.94 K, and 0.36 to 4.56%, respectively. The RMSE for all three methods was high (12.76—
12.94 K) on 20th February 2022 at CAZRI. For the UBKV site, RF displayed R2 values between 0.57 and 0.70, 
RMSE between 0.31 and 3.13 K, and nRMSE between 0.11 and 1.05%. Similarly, for TsHARP, the R2, RMSE, and 
nRMSE varied between 0.62 and 0.72, 0.48 and 3.06 K, 0.16 and 1.03%, respectively. For the TPS method, R2 
ranged from 0.59 to 0.72, RMSE between 0.47 and 3.10 K, and nRMSE from 0.16 and 1.04%.

Sensitivity analysis results
The variable importance and ALE plot for sensitivity analysis of predictor variables at each experiment site 
are demonstrated in Supplementary Fig. S1 and Fig. 4, respectively. The trends in variable importance showed 
consistency between the semi-arid IARI and the arid CAZRI farm. Band 11 (SWIR-1) emerged as the most 
crucial variable in LST downscaling at both IARI and CAZRI, with subsequent importance assigned to B5, B1, 
and MNDWI (Fig. 4a and b). These variables had a strong effect on LST prediction. The prediction generally 
increased with the rising B11 values until the band value reached 0.30 and 0.42 at IARI and CAZRI, respectively. 
The relationship between prediction and B1 was highly variable, exhibiting both positive and negative associations 
(0–0.08 and 0.1 onwards at IARI; 0.02–0.06 and 0.15 onwards at CAZRI). MNDWI demonstrated an overall 
negative effect, implying that higher MNDWI values correspond to lower predictions (Supplementary Fig. S1b).

However, the sensitivity and importance of different parameters varied significantly at the per-humid area 
(UBKV farm), highlighting the differences in crop types, soil moisture availability, and land use patterns. The 
coastal aerosol band (B1) was found to be the most critical driver variable in LST downscaling at UBKV (Fig. 4c 
and Supplementary Fig. S1c). B3, B9, B6, and B2 were among the other top variables significantly affecting the 
overall LST estimations at UBKV. B9 peaked at 0.2, with both gradual and sharp changes, respectively, exhibiting 
mixed (positive and negative) effects. Between 0.175 and 0.30 band levels, B6 significantly negatively impacted 
LST prediction.

Discussion
Downscaling of land surface temperature: comparison of methods
Across three distinct agroclimatic settings, the RF model demonstrated higher sensitivity, distinctly delineating 
boundaries between agricultural areas, bare soil, and areas with minimal vegetation. The RF model’s downscaling 
of LST to a 10 m resolution captured finer details of the land surface as it incorporated 35 multi-covariates as 
inputs, ranging from bare to complete vegetation land cover data. Based on the findings of the present study and 
relevant evidence75–77, it can be argued that RF makes substantial use of land surface information and exhibits the 

Fig. 4.  Accumulated local effect plots for sensitivity analysis of downscaled land surface temperature using 
random forest method over (a) semi-arid IARI, (b) arid CAZRI, and (c) per-humid UBKV agricultural farms.
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relative value of several independent variables, such as the visible, near-infrared (NIR), and shortwave (SWIR) 
bands. TPS demonstrated exemplary performance in calibration and validation for LST downscaling at all three 
sites. The findings are consistent with45,78 which describe TPS as a prominent technique for spatial interpolation 
of point data sources, making it suitable for complex spatial data. However, despite its accuracy, TPS resulted 
in some loss of detail in the downscaled LST, as the land surface information was not fully considered during 
the downscaling process. A major limitation of TPS is its reliance on a sufficiently dense spatial data. It can also 
struggle with extrapolation beyond the observed range of input variables, which may be problematic in areas 
with rapidly changing or poorly characterized climatic conditions. Additionally, TPS can be computationally 
intensive, especially for large datasets.

In contrast to TPS, the linear classical model TsHARP demonstrated the ability to capture clear boundary 
conditions, particularly for vegetation. TsHARP was applied to downscale ASTER 90 m thermal data to 10 m 
LST incorporating NDVI derived from Sentinel-2 and achieved satisfactory estimates, especially over vegetated 
area (R2 = 0.853; RMSE = 0.806 K)38. In our study, the calibration accuracy improved significantly, with R2 > 0.96 
and RMSE < 0.18  K for all sites. The pixel-wise mean R2 values of present study ranged between 0.64 and 
0.85, which aligns well with the downscaled aggregated LST at 1000 m (MODIS LST) over three agroclimatic 
zones, matching closely with results obtained by42,59. Ebrahimy and Azadbakht48 evaluated downscaled 
MODIS-LST product against the LST derived from Landsat-8 thermal imagery using a split window method. 
The results showed that ML methods outperformed TsHARP models in downscaling LST (with an average 
RMSE = 2.5 °C) which is comparable to the RMSE found in the present study (1.72–4.58 K). A cross evaluation 
of high spatial resolution LST (HSR-LST) and Landsat-8 LST values showed highly promising R2 (0.88–0.97) 
and RMSE (0.33–0.8  K) values across different cities79. The slightly higher error in the current study might 
be due to the aggregation to MODIS resolution or challenges specific to LST downscaling in heterogeneous 
landscapes. However, TsHARP exhibited an overestimation of downscaled LST at lower temperatures and an 
underestimation at higher temperatures, generating errors compared to RF. This inability to anticipate extremely 
high or low temperatures is typically due to insufficient training data samples74, although this was unlikely in 
our study. Hence, it’s suggested that models employing global variables should include the entire LST map, as 
this approach might make conventional models like TsHARP less susceptible to fluctuations in local temperature 
data. Furthermore, among different land cover types, the predicted LST by TsHARP showed lower accuracy and 
consistency with reference LST than the RF approach38,74,80.

Influence of predictor variables on LST downscaling
The SWIR-1 (B11) band was identified as the most sensitive variable for LST downscaling in the relatively drier 
areas—semi-arid (IARI) and arid (CAZRI). The SWIR reflectance was higher in bare soil with low moisture 
content, while NIR reflectance was higher in regions dominated by healthy vegetation. Since soil moisture is 
crucial for maintaining LST, it reliably indicates LST conditions81,82. SWIR has proven to be a strong indicator 
for monitoring SM, especially in semi-arid regions83 The coastal aerosol band (B1) from Sentinel-2, on the other 
hand, ranked higher in the per-humid (UBKV) region due to its greater ability to penetrate standing water 
in rice fields, which is characterized by low-lying topography and flooded conditions for rice (Oryza sativa) 
farming84,85.

The red edge band (B5) was also identified as one of the critical factors in LST prediction because it can 
indicate the health status of crops, which in turn controls moisture conditions86. The study’s findings affirm the 
effectiveness of the red-edge band in monitoring drought conditions, particularly in areas with bare soil and low 
vegetation cover. Water-based indices, such as modified normalized difference water index (MNDWI), are also 
useful for LST downscaling due to their sensitivity to seasonal variations in evaporation, precipitation, moisture 
content, and air temperature87. MNDWI is the modified version of NDWI that uses green and SWIR bands for 
monitoring water quality and can eliminate the influence of shadow88.

The SATVI also played an essential role in LST predictions, as it efficiently mapped photosynthesizing 
biomass and plant litter while compensating for variations in soil brightness and surface conditions. The sigma 
of vertical-horizontal and vertical–vertical polarization (Sigma0_VH and Sigma0_VV) had significant impacts 
on LST downscaling, as they are correlated with soil water availability89,90.

Sources of uncertainties in LST estimation
Three factors primarily contribute to errors in LST estimation74. First, spectrum variations resulting from 
differing acquisition dates of Landsat-8 multispectral, Sentinel-1 SAR, and Sentinel-2 multispectral images 
(temporal lapse) could introduce inaccuracies. Covariates derived from Sentinel-1, Sentinel-2, and Landsat-8 
data exhibited inherent temporal resolution differences, varying by a few days (typically, two to three days earlier 
or later). These differences may be a primary source of LST downscaling accuracy. Second, aggregating initial 
(satellite-retrieved) LST data with explanatory factors in the LST retrieval approach may introduce inadvertent 
errors. Third, residual, an essential strategy for reducing output uncertainty in models, might have introduced 
additional errors. The bilinear resampling technique used to align the coarse-resolution residual with the 
downscaled LST was unable to eliminate the model output uncertainty, resulting in certain LST inaccuracies 
were produced during the residual calibration process.

LST and sustainable development goals
The study on seasonal dynamic changes in LST across different agroclimatic region using an open-source 
geospatial platform holds significant potential to contribute to multiple sustainable development goals (SDGs). 
It primarily addresses SDG 2: (Zero Hunger), by providing insights to understanding and addressing challenges 
related to food production and security. LST provides valuable insights into agricultural water management, 
resource conservation, and vegetation health, which are essential for achieving SDG 6 (Clean Water and 
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Sanitation), SDG 13 (Climate Action) benefits from LST data by offering crucial insights for understanding 
climate trends, assessing vulnerability, and formulating adaptation and mitigation strategies. SDG 15 (Life on 
Land) used LST as a valuable tool for understanding the health and thermal dynamics of agroecosystems. Plot-
level LST data is particularly valuable, such as in precision agriculture, vegetation health monitoring, and urban 
heat island studies by providing insights into microclimates, soil moisture, and crop stress, which are crucial for 
targeted management strategies in these fields.

Conclusions
The study evaluated the performance of a ML-based multi-parameter nonlinear regression model (RF) in 
comparison to a traditional single-parameter-based model (TsHARP) and a non-parameter model (TPS) for 
downscaling LST (100  m) to a plot level resolution (~ 10  m) using covariates derived from Sentinel-1 and 
Sentinel- 2 data. The RF model was developed using thirty-five covariates, including optical and SWIR bands, as 
well as backscatter coefficients, and was calibrated by tuning hyperparameters through tenfold cross-validation 
for both winter and summer seasons (2020–22). The variable importance analysis, conducted to improve model 
effectiveness and reduce noise, revealed that B1 (Coastal aerosol) is the most relevant metric for the per-humid 
region, whereas B11 (SWIR1) band proved crucial parameter for the semi-arid and arid locations. In addition, 
B3 (green band in Sentinel-2), B5, and water-based index- MNDWI strongly influenced LST downscaling. The 
RF model provided the best predictability in terms of R2, RMSE, and nRMSE for semi-arid and per-humid sites, 
while for the arid region, the performance of TPS was marginally better.

A key limitation of the study that could contribute to errors in LST downscaling was the variation acquisition 
dates of Landsat-8 multispectral, Sentinel-1 SAR, and Sentinel-2 multispectral images. The findings and 
methods of this study could contribute to improving the precision and applicability of downscaling techniques 
for LST, offering valuable insights for monitoring agroecosystems, agricultural water management, resource 
conservation, and climate trends. By demonstrating the effectiveness of the machine learning-based RF model 
and comparing its performance with traditional and non-parametric methods, the study provides a robust 
framework for improving LST resolution to plot level scales.

Data availability
The datasets generated and/or analysed during the current study are available in the United States Geological 
Survey (USGS) Earth Explorer repository, https://ers.cr.usgs.gov and ESA’s Sentinel scientific data hub ​r​e​p​o​s​i​t​o​r​
y https://scihub.copernicus.eu/dhus/#/home. The soil moisture content datasets used and/or analysed for valida-
tion during the current study are available from the corresponding author on reasonable request.
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