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Abstract: Land Surface Temperature (LST) is significant for climatological and environmental stud-

ies. LST products from satellites, however, suffer from the tradeoff between spatial and temporal 

resolution. Spatial downscaling has emerged as a well explored field aiming to overcome limitations 

arising from this tradeoff. Previous research on regression based LST downscaling models focused 

on utilizing predictors derived from optical imagery. Weather-dependency of optical imagery data, 

however, can influence downscaling models by the weather conditions. To cope this issue, in this 

study, we involve predictors derived from the weather-independent Sentinel-1 Synthetic Aperture 

Radar (SAR) imagery to downscale Landsat-8 LST data. In this context, we propose to use machine 

learning techniques, namely Random Forest (RF) and Convolutional Neural Networks (CNN). To 

demonstrate the applicability and performance of the proposed method, extensive experimental 

analyses were conducted over Zuid-Holland in the Netherlands. From the experiments, we found 

that the results obtained with radar predictors were comparable to those achieved using optical 

predictors. This confirms that the proposed method indeed paves a new way for mapping land 

surface temperature using SAR images. 

Keywords: land surface temperature; synthetic aperture radar (SAR); downscaling; random forest; 

Convolutional Neural Networks 

 

1. Introduction 

Land Surface Temperature (LST) is crucial for modeling the Earth's energy balance. LST pro-

vides valuable insights for studying urban heat islands [1], soil moisture[2,3], droughts[4], and veg-

etation[5]. Such applications require detailed LST information at various spatial and temporal scales. 

Ground weather stations are commonly used to gather detailed LST information, but their sparse 

distribution limits their effectiveness in mapping LST over large areas [6]. 

Remote sensing techniques, as an alternative method to estimate LST, allows users to indirectly 

deduce surface temperature of large areas from space. However, remote sensing techniques em-

ployed for retrieving LST information can be challenged by the conflict or the trade-off between spa-

tial and temporal resolution. Indeed, the space-based high spatial resolution LST products generally 

corresponds to low temporal information and vice versa. Irrespective of the selected LST product, 

the user would have to deal with uncertainties either related to the spatial or temporal domain. 

Coarse spatial resolutions LST products (e.g., 1000m) confuse temperatures of different land covers 

and avoid detailed assessment. Spatial Downscaling (SD) methods can assist in solving this conflict. 

Spatial downscaling can be defined as the process of translating spatial information from coarse to 

fine spatial resolution. High spatio-temporal LST products is particularly necessary for urban studies; 

as the built-up areas have high heterogeneity in terms of land surface information [6]. Furthermore, 

the availability of high spatio-temporal resolution LST data makes it possible to observe and monitor 

the temporal change of temperature over distinct land covers such as fields, roads, buildings.   

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 June 2023                   doi:10.20944/preprints202306.1391.v1

©  2023 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202306.1391.v1
http://creativecommons.org/licenses/by/4.0/


 2 

 

Spatial downscaling methods can be divided into: physical models [7], spatio-temporal fusion 

models [8,9], and regression-based models [10–12]. Out of these, regression-based modelling is the 

most commonly adopted downscaling method due to its ease of practical implementation as com-

pared to other methods [11]. Regression based methods aim to model the relationship between input 

predictors (e.g., spectral indices, terrain factors, land use land cover information) and the target var-

iable (LST). The generated model consequently can be used to estimate fine scale LST data when fine 

scale predictors are used as input. 

Several studies investigated LST downscaling problem using regression models. These studies 

utilized and developed models such as: DisTrad [13], TsHARP [10], NL-DisTrad [14], Geographically 

Weighted Regression (GWR) [15], Co-Kriging [16], Random Forest (RF) [11,12], and Support Vector 

Machines (SVM) [12]. Generally, irrespective of the applied methods, predictors such as surface re-

flectance and spectral indices were commonly derived from optical data. Such predictors apparently 

rely on clear weather conditions that can hinder the construction and usage of downscaling models 

due to the lack of cloud-free images. Additionally, these predictors are ineffective during nighttime 

due to the limitations of optical imagery. In this study, to overcome the above-mentioned limitations, 

Synthetic Aperture Radar (SAR) data is used for deriving the predictors to downscale LST image. 

Due to the active imaging mode and the employed microwave electromagnetic waves, radar signals 

penetrate through clouds, making SAR system capable to acquire information from Earth’s surface 

during both daytime and night-time and independent of weather condition [17]. The sensitivity of 

radar backscattering to surface parameters such as surface roughness, soil moisture, surface dielectric 

constant and vegetation indices has long been established in several studies [18–23]. The anticipated 

relationship between these surface parameters obtained via radar and temperature inspires explora-

tion of the use of SAR images to downscale LST products. In this paper, we investigate the main 

question: can SAR images be used as a predictor to downscale the available coarse resolution Thermal 

Infrared (TIR)-based LST products? We conduct several experimental analyses to answer this ques-

tion. Random Forest (RF) regression and a Convolutional Neural Network (CNN) are considered to 

perform the downscaling problem.    

The rest of the paper is organized as follows: Section 2 introduces the materials and the methods, 

while the experimental results are given in Section 3. Discussion of the achieved results is presented 

in Section 4. Finally, Sections 5 is dedicated to conclusions.  

2. Materials and Methods 

2.1. Sudy area 

Figure 1 shows the considered study area, the province of Zuid-Holland in the Netherlands. In 

2020, Zuid-Holland had a minimum temperature of approximately 281 K, a maximum temperature 

of 289 K, and a mean temperature of 285 K based on global surface temperature data (https://climate-

knowledgeportal.worldbank.org/). These statistics provide a broad overview of the temperature re-

gime in the study case. Surface temperature dynamics vary across regions due to factors like topog-

raphy, land cover, and urbanization. In Zuid-Holland, the landscape consists of grassland, built-up 

areas, croplands, trees, bare/sparse vegetation, and herbaceous wetland, which can contribute to re-

gional variations in surface temperatures. This study introduces the first use of SAR image for de-

tailed LST mapping and assesses its performance across various types of land covers. 
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Figure 1. Map showing the study area: Zuid-Holland province (left) and various municipalities in 

Zuid-Holland province (right). 

2.2. Datasets 

The employed datasets include Landsat 8 collection Tier 1 LST (100 m), Copernicus Sentinel-1 

SAR (10 m) and Sentinel-2 Multi Spectral Instrument (MSI) optical data (10 m), and ESA WorldCover 

v100 land cover information (10 m). To construct the radar-based downscaling models, the Landsat-

8 LST data was utilized as the target or reference variable, while the Sentinel-1 SAR Ground Range 

Detected (GRD) data served as the basis for deriving the predictor variables. The models were trained 

using both data sets that were aggregated to a spatial resolution of 1000 m. The constructed models 

were subsequently used to produce a fine resolution radar derived LST map using high-resolution 

SAR images. Moreover, for subsequent experiments, ESA WorldCover data was also incorporated 

into the radar-based downscaling models as a predictor variable. The performance of the radar-based 

downscaling models was evaluated and compared with downscaling models constructed based 

upon the optical data sets. To this aim, Sentinel-2 MSI data was used as predictor. 

All the aforementioned datasets were collected and processed in the Google Earth Engine envi-

ronment and using Python application programming interface. The considered pre-processing steps 

included crucial procedures such as clipping, resampling, and reprojection of the datasets to ensure 

proper coregistration between datasets. To establish a reliable mapping, the reference and predictor 

data with the closest acquisition dates were utilized in the development of the downscaling models. 

A concise summary of the datasets utilized in this study can be found in Table 1. 

Table 1. Overview of the datasets used for this study. 

Dataset [spatial resolution], [Google 

Earth Engine Tag] 
Acquisition Date [Time] Use case 

Landsat-8 LST [60 m], 

[“LANDSAT/LC08/C02/T1_L2”] 

25-03-2020 [10:33], 10-04-

2020 [10:33], 

28-05-2020 [10:33] 

Target variable (Aggregated 

1000 m LST), 

Validation data (Original 100 m 

LST) 

Sentinel-1 SAR [10 m], 

[“COPERNICUS/S1_GRD”] 

25-03-2020 [17:25], 11-04-

2020 [17:33], 

29-05-2020 [17:33] 

Predictor variable 

ESA WorldCover v100 [10 m], 

[“ESA/WorldCover/v100”] 

One image for the entire 

year of 2020 
Predictor variable 

Sentinel-2 MSI [10 m], 

[“COPERNICUS/S2_SR_HARMO-

NIZED”] 

26-03-2020 [10:46] Predictor variable 
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2.3. Downscaling Models 

2.3.1. Random Forest  

RF [24], has been extensively employed in various studies focusing on the LST downscaling 

problem [11,12,25,26]. The RF downscaling model can be expressed as a mapping function 𝑓 approx-

imated by training the model between the predictors 𝑃௖ (coarse resolution predictors) and the target 𝑇௖. After training the model and building the mapping function using the coarse resolution data, the 

predictors at fine resolution are utilized as inputs to the function 𝑓 to correspondingly estimate the 

fine scale target value.  

The regression models employed for downscaling often fail to capture all the variation present 

in the target variable. To cope with this, a residual correction procedure, introduced in [13], is incor-

porated into our proposed downscaling framework as: 𝛥𝑇 ൌ  𝑇௙௖ െ 𝑇௖ ሺ1ሻ 
where 𝑇௖ is coarse resolution target variable, and 𝑇௙௖ is the reaggregated 𝑇௙ from fine resolution to 

coarse resolution. Finally, the residual corrected downscaled target value 𝑇௙ᇱ can be expressed as: 𝑇௙ᇱ ൌ 𝑇௙ ൅  𝛥𝑇 ሺ2ሻ 
where 𝑇௙ represents the output of the model when high-resolution predictor is fed as an input.  

The selection of RF regression for this study is motivated by the successes achieved in previous 

studies [11,12,25,26]. The advantages highlighted include its non-linear and non-parametric nature, 

the reduced risk of overfitting, ability to handle high-dimensional datasets, the incorporation of both 

continuous and categorical variables, efficient computation time, etc. 

For the radar-based RF downscaling model, the aggregated versions of Sentinel-1 GRD and 

Landsat-8 LST at 1000 m spatial resolution were respectively used as predictor and target variables. 

In this study, we employed the median-based aggregation. The Sentinel-1 GRD data consists of in-

tensity images of two polarization channels (VV and VH), which were both utilized as predictors. 

Typically, SAR images compared to LST data contains significant backscattering intensity variations 

over local regions. The pixel values in both VV and VH intensity images do not exhibit the same 

smooth variations as commonly seen in the bands of optical imageries. Excessive spatial filtering can 

alleviate this intensity variation. However, this can easily lead to information loss, preventing the 

model from capturing all the variation in the target variable. To mitigate this limitation, we incorpo-

rated the neighboring values of all the pixels in the VV and VH channels as additional features/pre-

dictors. The results from both experiments, i.e., with and without the inclusion of neighboring values, 

are reported in the experimental section. Figure 2a shows visual explanation of this feature inclusion 

concept. 

  
(a) (b) 

Figure 2. (a) Representation of neighboring values integration procedure: connection 'A' represents 

traditional pixel to pixel mapping, whereas connection 'B' represents neighbourhood to pixel map-

ping between the predictor image Pc and the target image Tc. (b) Representation land cover proportion 

integration procedure: Po refers to the predictor land cover image at original 10 m resolution, whereas 

Tc refer to target values at 1000 m respectively. 
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LST is a complex phenomenon that cannot be adequately modeled using a single source of data. 

Consequently, in many downscaling studies, researchers strive to integrate multiple sources of infor-

mation that are correlated with LST to achieve more accurate estimations. In line with this concept, 

this research also incorporates land cover information as additional predictors for the radar-based 

downscaling models. However, instead of following the conventional approach of aggregating the 

land cover image to a coarser resolution and training a model, we calculate the proportion of land 

cover classes within a coarse pixel and utilized them as additional features. As shown in Figure 2b a 

1000 m pixel in the aggregated Landsat-8 LST image (Tc) corresponds to a patch of 100×100 pixels in 

ESA WorldCover v100 (10 m) (Po) image. Within this patch, the proportion of each land cover class is 

calculated, which serves as a feature value for that specific pixel. This process is repeated with a patch 

size of (10, 10) to facilitate the estimation of LST at 100 m resolution. 

To validate and compare the performance of the proposed radar-based LST downscaling frame-

work, an optical-based random forest downscaling model was implemented. In particular, six optical 

bands including blue, green, red, Near Infrared (NIR), Short Wavelength InfraRed (SWIR1, and 

SWIR2) from the Sentinel-2 MSI data were used as predictors. 

2.3.2. Convolutional Neural Networks 

In addition to the Random Forest model, we employed Convolutional Neural Networks (CNNs) 

to downscale LST. CNNs belong to a class of deep learning models that have been significantly ex-

perimented and investigated in the fields of computer vision and image processing [27,28]. The con-

volutional layers of a CNN capture local patterns and features from the input, while subsequent lay-

ers, such as fully connected layers, facilitate the regression process by making predictions based on 

these learned features. In contrast to RF, CNNs excel in extracting spatial information from input 

data. CNNs possess an inherent ability to learn and exploit the spatial relationships present in the 

data, rendering them particularly valuable for downscaling tasks. The integration of deep learning, 

in general, into the domain of LST downscaling has been relatively limited. A previous study by [29] 

utilized neural networks and proposed a deep learning-based downscaling architecture called 

GTNNWAR. However, this architecture does not incorporate CNNs for regression-based downscal-

ing. To the best of our knowledge, the incorporation of a regression-based CNN architecture for LST 

downscaling has not yet been investigated.  

In this research, we propose a regression-based CNN architecture for downscaling LST. The ar-

chitecture aims to establish a mapping between a coarse resolution target image and fine resolution 

predictor images (See Figure 3). To achieve this, the predictor images derived from radar, land cover, 

and optical imageries are initially aggregated from their original 10 m resolution to 100 m resolution. 

Subsequently, (10, 10) patches, covering the corresponding 1000 m target pixel are generated, and 

considered as inputs for the model. Once the model is trained, the (10, 10) patches are generated again 

from the original 10 m predictor images and fed into the trained model to generate the corresponding 

100 m target LST image. Thus, the model receives inputs with a dimension of 10×10×k, where k rep-

resents the number of predictors. For each input patch, the output of the model is a singular value 

representing the downscaled temperature. Consistent with the RF experiments, the experiments from 

CNN based downscaling model utilized VV, VH and land cover images collected from Sentinel-1 

GRD and ESA WorldCover v100 datasets as predictors. Moreover, for further comparison and eval-

uation, the optical image with six bands collected from Sentinel-2 MSI dataset was also used as a 

predictor for the developed CNN model. 
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Figure 3. Developed model architecture for CNN-based downscaling experiments. 

2.4. Evaluation framework 

The evaluation framework in this research paper employs three metrics: Root Mean Square Error 

(RMSE), Correlation Coefficient (r), and Coefficient of Determination (R²). In the context of downscal-

ing LST, these metrics can be expressed as 

 𝑅𝑀𝑆𝐸 ൌ  ඨ∑ ൫𝑇௙ᇱ െ 𝑇௩൯ଶ௡௜ୀଵ 𝑛 ,     𝑟 ൌ  ∑ ൫𝑇௩ െ 𝑇௩ ൯ ቀ𝑇௙ᇱ െ 𝑇௙ᇱቁ௡௜ୀଵට∑ ൫𝑇௩ െ 𝑇௩൯ଶ௡௜ୀଵ ∑ ቀ𝑇௙ᇱ െ 𝑇௙ᇱቁଶ௡௜ୀଵ ,   𝑅ଶ ൌ 1 െ ∑൫𝑇௩ െ 𝑇௙ᇱ൯ଶ∑൫𝑇௩ െ 𝑇௩൯ଶ ሺ3ሻ 

where 𝑇௙ᇱ is the final residual corrected downscaled LST (100 m), 𝑇௙ᇱ is the mean of 𝑇௙ᇱ, 𝑇௩ is the val-

idation or reference Landsat-8 LST (100 m), 𝑇௩ is the mean of 𝑇௩, and n is the number of pixels. 

3. Experimental Results 

3.1. Case 1: Results from RF-based Downscaling Models 

In this section, three primary experiments were conducted for the radar-based random forest 

downscaling model. The first experiment involved downscaling the aggregated Landsat-8 LST from 

1000 m spatial resolution to 100 m spatial resolution using the VV and VH intensity channels as pre-

dictors. The second experiment considers inclusion of 5x5 neighboring values of VV and VH channels 

as predictors. Thus, the feature dimensionality in the first experiment is 2, while in the second exper-

iment it is increased to 25×2=50. Finally, for the third experiment, proportion of different land covers 

were incorporated as features increasing the dimensionality to 58 (50 + 8 land cover classes). These 

experiments were repeated for three specific dates: 25th March 2020, 10th April 2020, and 28th May 

2020. The quantitative evaluation metrics obtained by comparing the downscaled LST (100 m) against 

the Landsat-8 LST (100 m) are presented in Table 2. For qualitative comparison, Figure 4 displays the 

obtained results from the proposed radar-based downscaling models for 25th March 2020. Figure 5 

also shows the results of the RF model with optical data acquired on 25th March 2020. For more anal-

ysis, Table 3 shows the quantitative evaluation of the results over the different land cover areas.  

Table 2. Evaluation metrics for the radar- and optical-based downscaling experiments. 
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RMSE 1.44 1.25 1.21 2.10 1.93 1.70 2.76 2.61 2.55 1.12 

Correlation Coefficient (r) 0.89 0.92 0.93 0.94 0.95 0.96 0.89 0.91 0.91 0.93 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 June 2023                   doi:10.20944/preprints202306.1391.v1

https://doi.org/10.20944/preprints202306.1391.v1


 7 

 

Coefficient of determina-

tion (R2) 

0.80 0.84 0.86 0.88 0.90 0.92 0.80 0.82 0.83 0.87 

Table 3. RMSE of all the downscaling experiments by each land cover class in the study area. 
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Tree Cover 1.73 1.51 1.20 2.30 2.19 1.67 3.19 3.14 3.31 1.22 

Shrubland 3.11 3.03 2.29 4.41 4.48 2.48 6.52 6.60 3.24 2.10 

Grassland 1.14 1.00 0.96 1.67 1.56 1.41 2.35 2.19 2.07 0.95 

Cropland 1.61 1.42 1.05 2.55 2.18 1.70 3.34 3.32 3.41 0.96 

Built-Up 1.83 1.62 1.98 2.25 2.22 2.29 2.81 2.76 3.21 1.68 

Bare/sparse vegeta-

tion 

2.81 2.58 2.10 3.22 3.14 2.81 4.85 4.47 4.30 1.81 

Permanent water 

bodies 

1.37 1.09 1.03 2.31 2.01 1.73 2.77 2.45 1.79 0.92 

Herbaceous wetland 1.93 1.65 1.37 2.88 2.68 1.91 3.39 3.07 2.36 1.68 

 

    

(a) (b) (c) (d) 

 
 

   
 (e) (f) (g) 

Figure 4. Results of the radar-based RF downscaling experiment (SAR image acquisition date: 25th 

March 2020. (a) the original Landsat-8 validation LST (100 m), (b) downscaled LST (100 m) without 

neighbours, (c) downscaled LST (100 m) with 5x5 neighbours, (d) downscaled LST (100 m) with 5x5 

neighbours and land cover. Second row represents the scatter plot between the validation Landsat-8 

LST and downscaled LST (e) without neighbours, (f) with 5x5 neighbours, (g) with 5x5 neighbors and 

land cover. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 June 2023                   doi:10.20944/preprints202306.1391.v1

https://doi.org/10.20944/preprints202306.1391.v1


 8 

 

   

(a) (b) 

Figure 5. Results of the optical based RF downscaling experiments (optical image acquisition date: 

26th March 2020). (a) downscaled LST (100 m) using six spectral channels, (b) scatter plot of 

downscaled image versus the validation Landsat-8 LST image (100 m). 

3.2. Case 2: Results from CNN-based Downscaling Models 

Two primary experiments were undertaken for the CNN-based downscaling model. The first 

experiment involved utilizing (10, 10) patches extracted from VV, VH, and land cover images as in-

put, while the second experiment employed the six bands of the Sentinel-2 MSI optical image as in-

put. The evaluation metrics obtained for these experiments, comparing the downscaled LST products 

(100 m) with the corresponding Landsat-8 LST (100 m), are presented in Table 4. Additionally, Figure 

6 showcases the CNN-based downscaled LST products (100 m) derived from these experiments, jux-

taposed with the validation Landsat-8 LST products (100 m). Table 5 also displays the RMSE values 

of all the CNN-based downscaling experiments for each land cover in the study area. Furthermore, 

Table 6 presents the evaluation metrics of the optical-based RF and CNN downscaling experiment 

conducted specifically for the date of 25th March 2020. 

    
(a) 25/03/2020 (b) 10/04/2020 (c) 28/05/2020 (d) 25/03/2020 

    
(e) 25/03/2020 (f) 10/04/2020 (g) 28/05/2020 (h) 25/03/2020 

    

    
(i) (j) (k) (l) 

Figure 6. Results from the CNN-based downscaling experiments. First row displays Landsat-8 vali-

dation LST (100 m) for different dates. Second row shows generated downscaled LST for different 

dates using CNN. The input predictors in (e, f, & g) are VV, VH, and land cover, while in (h) is optical 

data. The third row displays the scatterplot with regression line between the downscaled (second 

row) and validation LST (first row) at 100 m. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 June 2023                   doi:10.20944/preprints202306.1391.v1

https://doi.org/10.20944/preprints202306.1391.v1


 9 

 

Table 4. Evaluation metrics of the CNN-based downscaling experiments. 

 with VV, VH, and land cover  with six optical bands  

 25/03/2020 10/04/2020 28/05/2020 25/03/2020 

RMSE 1.04 1.44 2.23 1.09 

Correlation Coefficient (r) 0.94 0.97 0.93 0.94 

Coefficient of Determina-

tion (R2) 

0.89 0.94 0.87 0.88 

Table 5. RMSE of the CNN-based downscaling experiments for each land cover. 

 with VV, VH, and land cover  with six optical bands  

 25/03/2020 10/04/2020 28/05/2020 25/03/2020 

Tree Cover 1.09 1.50 3.12 1.18 

Shrubland 2.18 2.60 3.45 2.36 

Grassland 0.87 1.18 1.97 0.92 

Cropland 0.99 1.53 2.18 1.04 

Built-Up 1.55 1.83 2.52 1.58 

Bare/sparse vegetation 2.16 2.60 3.71 2.04 

Permanent water bodies 0.85 1.42 1.86 0.89 

Herbaceous wetland 1.50 3.21 3.66 1.57 

Table 6. Evaluation metrics of the optical based RF and CNN downscaling models. 

 with six optical bands  

 RF CNN 

RMSE 1.12 1.09 

Correlation Coefficient (r) 0.93 0.94 

Coefficient of Determination 

(R2) 

0.87 0.88 

4. Discussion  

The primary objective of this research was to evaluate the efficacy of radar-derived predictors in 

downscaling Land Surface Temperature (LST). The quantitative evaluation metrics presented in Ta-

ble 2 demonstrate the effectiveness of using the VV and VH bands of Sentinel-1 GRD data as predic-

tors for LST downscaling. The downscaled LST maps generated using the radar-based random forest 

downscaling models exhibit favorable agreement with the validation data, as depicted in Figure 4. 

Moreover, the incorporation of feature engineering techniques, such as including neighboring values 

and land cover proportion, enhances the quantitative performance of the radar-based random forest 

downscaling models and yields improved qualitative results. To better illustrate the effect of feature 

inclusion in SAR-based downscaling framework, results from two different small regions over Zuid-

Holland province, namely Lansingerland (the red star in Figure 7a) and Wassenaar (the red star in 

Figure 8a), were reported. In particular, Figure 7 shows the effect of including neighborhood values 

in the downscaling method with and without residual correction. As can be seen, the LST image 

generated with the inclusion of neighboring values (Figure 7c and 7e) exhibits smoother and more 

gradual variations compared to the version without such inclusion (Figure 7b and 7d). Further, the 

inclusion of neighboring values also mitigates numerous false high LST estimates that may arise from 

elevated values of the backscattering coefficient. High backscatter values do not necessarily 
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correspond to high LST values, as the raw radar backscatter is influenced by various variables beyond 

LST alone. Forested areas, for instance are wrongly mapped to high LST values due to high backscat-

ter values. Furthermore, as can be seen in Figure 8, the incorporation of land cover features resolves 

the issue related to the forested areas. Additionally, the inclusion of land cover features assists in 

better boundary delineation between different land cover categories, addressing a limitation ob-

served in the downscaled results obtained solely using predictors derived from Sentinel-1 GRD data 

(VV and VH). In general, comparison of radar-based downscaling LST with original Landsat LST 

image confirms the applicability of the proposed framework.  

Table 7 provides both non-residual corrected and residual corrected RMSE values for all the 

radar-based random forest downscaling experiments. Although the quantitative performance gains 

achieved through the inclusion of these features in the models are not substantial, qualitatively, these 

engineered features effectively address several challenges. 

   

(a) (b) (c) 

 

 

 

  

 (d) (e) 

 

 

Figure 7. Effect of neighborhood feature inclusion in downscaled LST’s. (a) area of interest: Lansinger-

land. (b and d) represents downscaled LST’s without inclusion of neighbors and (c and e) with inclu-

sion of 5x5 neighbors. Here, (b and c) are achieved downscaled LST’s before residual correction and 

(d and e) after residual correction. 

Table 7. RMSE before and after residual correction of radar-based RF downscaling experiments. 

 Without neighbors With 5x5 neighbors With 5x5 neighbors and land 

cover 

 Without 𝜟𝑻 

With 𝜟𝑻 Without 𝜟𝑻 

With 𝜟𝑻 Without 𝜟𝑻 With 𝜟𝑻 

25/03/2020 1.80 1.44 1.63 1.25 1.41 1.21 

10/04/2020 2.73 2.10 2.56 1.93 2.20 1.70 

28/05/2020 3.51 2.76 3.38 2.61 3.19 2.55 
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(a) (b) 

   

(c) (d) (e) 

 

   

(f) (g) (h) 

 

Figure 8. Effect of land cover feature inclusion in downscaled LST’s. (a) area of interest: Wassenar, (b) 

represents the mask image of the tree cover class with green color, (c and f) represents the achieved 

downscaled LST’s with inclusion of 5x5 neighbors, and (d and g) with inclusion of 5x5 neighbors and 

land cover. (e and h) show the corresponding Landsat-8 validation LST. Here, (c and d) are achieved 

downscaled LST’s before residual correction and (f and g) after residual correction. 

The residual correction process, as described by (1) and (2), effectively addresses certain chal-

lenges mentioned above. However, it is important to acknowledge that the application of this process 

can introduce boxy patterns in regions where the model's predictive capability is limited. This occurs 

because the residuals are obtained at a coarser scale, and the corresponding fine-scale pixels are ad-

justed using this constant residual value. The significance of this issue varies depending on the prac-

tical use of these downscaled products. Consequently, it is generally preferable to enhance predictive 

power through the incorporation of additional features rather than relying heavily on the residual 

correction method. 

For further evaluation, the radar-based random forest downscaling is compared with optical-

based random forest downscaling model (Tables 2, 3, Figure 4 and Figure 5). In terms of quantitative 
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metrics, the optical-based random forest downscaling model exhibits slightly superior performance 

compared to the radar-based counterpart. Several factors may contribute to the optical dataset out-

performing the radar dataset. Firstly, as discussed earlier, radar images typically display more pixel 

value variations over local regions, whereas optical bands exhibit smoother variations in pixel values. 

Although efforts were made to address this issue by incorporating neighboring values of radar bands 

as features, datasets with inherent smooth patterns generally yield better results compared to those 

without such patterns. Additionally, the boundary delineation observed in the pixel values of optical 

images between different features in the study area, such as urban and green areas, aligns with the 

spatial patterns of observed differences in LST values. However, the same cannot be observed for 

radar images. To mitigate this issue, information from the land cover image was integrated into the 

model, which successfully addressed the problem. However, integration of land cover information 

with optical data may result in even better optical-based downscaling models as emphasized in other 

studies [11,12]. Another characteristic that may contribute to the slightly better performance of the 

optical dataset is the difference in sensor characteristics between radar and optical data, particularly 

the disparity in viewing geometry. Sentinel-1 SAR satellites collect images using a side-looking ge-

ometry, whereas both Landsat-8 LST and Sentinel-2 optical data are acquired using a nadir-looking 

geometry, which may introduce some spatial pattern mismatches. 

From examining Table 2 and Table 3, the downscaling models for the dates of 10th April 2020 

and 28th May 2020 exhibit poorer RMSE values as compared to the model for 25th March 2020. This 

discrepancy could be attributed to the greater temporal difference between the acquisition of LST and 

radar images for the dates of 10th April 2020 and 28th May 2020 (1 day) compared to that of 25th March 

2020 (same day). 

In addition to the conventional random forest downscaling model, this study also introduced a 

CNN-based regression architecture for LST downscaling. The primary objective was to establish an 

end-to-end mapping between coarse-scale target values and fine-scale predictor values. As indicated 

in Table 6, the CNN-based architecture exhibits slightly better quantitative performance compared 

to the random forest model when utilizing the same optical input. However, the difference in perfor-

mance is not substantial. From a qualitative standpoint, the CNN-based downscaling model pre-

serves the structural characteristics of features within the study area, in contrast to the RF-based 

model. Consequently, there are minimal drastic variations observed in the CNN-based downscaled 

LST values across local regions (Figure 6e and 6h). When using VV, VH, and land cover as predictors 

without residual correction, the evaluation metrics for the CNN-based downscaling model are infe-

rior to those of the RF-based downscaling model (Table 8). For optical data, the evaluation metrics 

for RF and CNN models stays the same before residual correction. This discrepancy can be attributed, 

in part, to the fact that the feature inputs for the radar-based downscaling model, i.e., the neighbors 

and the land cover proportion do not correlate with the features learned by the convolution layers. 

Consequently, it may be erroneous to directly compare these models. However, this discrepancy 

could also be attributed to the fact that incorporation of any images that exhibit noisy spatial patterns 

like radar would always result in bad estimates due to the nature of the developed architecture. Spe-

cifically, the proposed CNN architecture attempts to map the intrinsic fine structure of the coarse 

resolution pixel with the value of corresponding coarse resolution pixel. Consequently, inputs lack-

ing a smoothly varying pattern can pose challenges for the proposed CNN downscaling architecture 

in identifying appropriate features. If this hypothesis holds true, it highlights a limitation in the de-

veloped architecture and suggests the need for modifications. Potential modifications could involve 

integrating a fully connected network that functions as a traditional downscaling regression algo-

rithm, where the inputs consist of the coarse-resolution predictors and target images. However, de-

finitive conclusions cannot be drawn without conducting further experimentation. 
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Table 8. RMSE values for RF and CNN downscaling models before and after residual correction. 

 RF CNN 

 Without 𝜟𝑻 

With 𝜟𝑻 

Without 𝜟𝑻 

With 𝜟𝑻 

Predictors derived from VV, VH and land 

cover 

1.41 1.21 2.09 1.04 

Predictors derived from six bands of optical 

imagery 

1.39 1.12 1.39 1.09 

5. Conclusion 

This study introduced a new way to estimate land surface temperature using synthetic aperture 

radar data. Two different machine learning techniques, i.e., Random Forest and Convolutional Neu-

ral network, were experimented to downscale the coarse resolution LST image from 1000 m to 100 

m. The information from Sentinel-1 SAR images served as predictors and was fed into the models to 

obtain high-resolution LST images. The achieved results were evaluated against the original LST in-

formation form Landsat-8 images at 100 m spatial resolution. Additionally, the performance of the 

proposed radar-based downscaling method was compared with the optical-based downscaling 

method. Remarkably, despite the inherent limitations of radar data such as geometric distortion, the 

performance of the downscaling models built with radar predictors was comparable to those con-

structed with optical predictors. A notable advantage of radar data over optical data is however its 

weather independence, enabling the downscaling models to be similarly unaffected by weather con-

ditions. Additionally, inclusion of additional information from fully polarimetric SAR image, includ-

ing second order covariance matrix, can also help to improve the performance of the proposed radar 

based downscaling method. Finally, one of the main challenges in generating high-resolution LST 

data from coarse-scale predictors is the temporal aspect. While radar images have shown promising 

results for spatial downscaling, they are not suitable for accurate temporal estimation. Temporal var-

iations in LST values may not align with changes in predictors derived from Sentinel-1 GRD intensity 

images. To address this issue, incorporating phase information from Sentinel-1 Single Look Complex 

(SLC) product can help capture the temporal disparities in LST values over time. This presents an 

avenue for future research to explore and overcome this limitation. 
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