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Abstract 

Land Surface Temperature (Ts) is an essential input to drive surface energy balance for modelling terrestrial ecosystem processes. 

It serves as a vital indicator of drought, global change, urban heat islands, public health, and most importantly to understand 

monsoonal water stress signatures. Thermal InfraRed (TIR) remote sensing is the only source to retrieve Ts. Retrieval of Ts in 

the tropics and sub-tropics is regularly hindered due to persistent overcast skies during monsoon, limiting the seamless Ts data 

availability.  Present study demonstrates the potential of Artificial Neural Network (ANN) to predict Ts over Indian landmass in 

overcast conditions using a three-stage multisource data-fusion approach. The Lout flux was predicted in the first stage using two 

five-layer deep learning-based ANN algorithms between 2015-2020. The trained ANN models provided a correlation (r) of 0.99 

for daytime and 0.97 for night-time with Root Mean Square Error (RMSE) within 2%. The models’ outputs were upscaled to a 

spatial resolution of 4 km and compared with NCEP reanalysis fluxes (day and night-time algorithms combined) producing r = 

0.83 and RMSE of 10%. Furthermore, Ts was retrieved using MODIS and other products and compared with ECMWF Reanalysis 

v5 (ERA5). The predicted LST provided a strong correlation (r = 0.98) with in-situ measurements leading to mean absolute error 

(MAE) of 2.4 K.  
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1. Introduction 

Land Surface Temperature (Ts) is a key parameters within the land surface interaction, It plays an essential role within the energy 

exchange on a regional and global scale with implications and influences of urban heat island studies, global warming etc. [1]. 

The current Ts products are derived through the thermal infrared bands within remotely sensed imaged at a high temporal and 

continuous observation. Finer resolution observations are also used within several studies. [2]. However, due to the strong 

variability within the surface feature and parameters like soil moisture, land cover types, the images are strongly affected and it 

leads to challenges in effectively capturing Ts over different time periods.  Furthermore, the resolutions are very course in nature, 

to compensate with the temporal resolution [3].  This can lead to lot of hinderances within the Ts centric retrieval and application 

studies. The contaminations are also strongly influenced within the vertical column of a pixel space, when observed through the 

atmosphere. The incorporation of atmospheric contamination like clouds and other overcast conditions, restricts the capabilities 

of sensors to retrieve these Ts measurements. This leads to missing measurements and pixels. Due which Ts retrieval from 

outgoing longwave radiation (LWout) is a standard approach in thermal remote sensing [4].  

Over the vertical column, LWout is governed by the interactions of atmospheric absorption and emission [ [5], [6]]. Culf and 

Gash (1993) provided an observation conclusion that during a standard atmosphere within a dry season, there is a reduction in 

the lapse rate, however, there is a high lapse rate with strong water vapor-based humidity presence. This entails the variability 

of Rl in a sinusoidal pattern especially in tropical regions with high seasonal variability [7], [8]]. The emissivity and temperature 

are the key influencers for the variations in Rl. Rl is also influenced by local parameters like soil, vegetation cover (or vegetation 

fraction – VF), land use type, the structure and spread of vegetation, the surrounding influences of high trees or buildings, and 



water vapour (Relative humidity – RH and vertical precipitable water – TPW), cloud cover, Earth's skin temperature, air 

temperature (Ta), surface emissivity, Ts etc. [ [9], [10]]. Earth’s average temperature is very stable due to balance of incoming 

and outgoing radiation [11]. Under cloudless skies, the estimates are directly driven by the emissivity and temperature. The 

presence of overcast conditions (like cloud and fog) can directly influence the longwave radiation budget in different ways [12]. 

The influence of the overcast conditions, which can lead to change in the Earth energy for incoming solar radiation and outgoing 

thermal infrared radiation is termed as Cloud or Fog Radiative Forcing (RF). This depends on (i) the present atmospheric 

concentration of the clouds / fog (ii) wavelength at which the molecules absorb (iii) the absorbing rate per molecule [13]. An 

overcast correction factor ‘c’ has been introduced by Crawford & Duchon (1999), which can account for these effects on radiation 

fluxes: 

𝑐 =  1 – 
𝑆𝑊𝑖𝑛

𝑅𝑒𝑥𝑡

 
(1) 

Where Rext is Extra-terrestrial solar radiation (at the top of the atmosphere) (Wm-2). The Overcast fraction is a direct indication 

of the RF generated by clouds or fog, which influences the longwave radiation. Greater the fraction or the temperature difference 

between the surface and cloud/fog top, higher is the longwave overcast RF [14]. The RF driven by temperature is in direct 

relation with the longwave radiation while the RF by water vapor with high temperature tends to increase longwave radiation 

and reduces when temperature (Ta and Ts) and water vapor are low [[13], [15]].  Wild et al (2019) identified that under clear and 

overcast sky conditions the surface estimates were found to vary significantly [16]. Aerosols which are anthropogenic in nature, 

tend to impact the vertical column distribution, planetary albedo and clouds. The cloud-aerosol or fog-aerosol interaction leads 

to variations in longwave radiation [17]. The formula to derive LWout is depicted in Eq. 2. 

𝐿𝑊𝑜𝑢𝑡  =  𝜀𝑠𝜎𝑇𝑠
4 (2) 

Where εs is the surface emissivity when compared to a black body in idea conditions, σ is Stephen Boltzmann’s constant [5.67E-

8 K-4Wm-2]. While the estimations can provide strong temporal studies, the challenges lie in the lack of availability of such 

datasets [18]. Rl  (and its sub fluxes) is measured using pyrgeometers or all-weather observatories. The developing countries 

having tropical/subtropical climate have only few or no measurements [19]. While LWout can be simulated using Radiative 

Transfer (RT) models such as SBDART or MODTRAN, the input data of specific parameters like water vapour, CO2, aerosol, 

cloud and surface data are not typically available under all-sky conditions diurnally, especially in tropical and subtropical climate 

[ [20], [21]].Over the years, several site-specific models were developed to compensate the limitation and scarcity of measuring 

instruments [ [20], [22], [23]]. Very limited number of site-specific models are available which need to be locally calibrated for 

usage. The restrictive meteorological conditions associated with the site-specific models tend to increase error significantly [24]. 

The linear (or multivariate – MVR) models can estimate LWout over specific conditions, however multisource multisite datasets 

require better computations and more precise models. While these meteorological parameters (Ta, RH, c, TPW, COT, VF) can 

be sufficient for estimating LWout under overcast-sky conditions over varied agro-climatic settings, the elevation (Z) variability 

was found to be a vital driving factor keeping in view of multi-source and multi-location applicability. As the elevation alters, 

the vertical column width and lapse rate get altered as well [25]. However, the surface information regarding earth’s skin 

temperature can be missing under cloudy skies. The lack of measurements especially during nocturnal time period are required 

for the estimation of LWout properly. Microwave measurement which provides atmospheric and surface parameters like surface 

temperature is considered an alternative as microwave penetrates through the atmosphere irrespective of the composition [26]. 

Brightness temperature (BT) is the temperature of a blackbody that would emit the same amount of radiation as the targeted 

body in a specified spectral band can be used as an alternative for estimating LWout in the absence of Ts measurements [27].  

With the current development of high computation tools at researchers’ disposal, several studies are attempting to resolve the 

multi-sourced multiple conditions studies. This is specifically useful, since generalised empirical equations becomes a hindrance.   

Machine learning and Artificial Neural Networks (ANN) became an alternative that could (i) handle high magnitudes of datasets, 

(ii) devise multisource and multilocation datasets, (iii) outperformed linear models with fixed region or location-specific 

coefficients [28]. There is a need to explore non-linear interactions of influencing factors and Artificial Neural Network (ANN) 

techniques to estimate LWout especially under cloudy skies over diverse agro-climatic settings in sub-tropical and tropical 

climate. The current study aims (i) to develop new multi-variate and ANN-based deep learning (DL) models for LWout estimation 



under overcast sky conditions using multi-location data over the Indian sub-tropical landmass, (ii) To compare the performance 

of the newly developed ANN-based DL model for day time conditions, separately (iii) To derive Ts under overcast sky conditions 

using the newly developed DL model. 

 

2. Study Region 

The study was carried out using the Rl measurements on LWin and LWout components from net radiometers mounted at 2m height 

on a flux tower. The net radiometers were installed along with eddy covariance system under the Indo-UK INCOMPASS 

(INteraction of Convective Organization and Monsoon Precipitation, Atmospheric Surface and Sea) project [ [29], [30]]. In the 

flux tower measurement system, a net radiometer (Kipps and Zonen CNR4) is installed along with meteorological assembly. 

This is a four-component net radiometer that measures SWin, SWout, LWin and LWout fluxes with an uncertainty in daily total of 

less than 10% (at 95% confidence level) [31] [32]. The component has a high response time with less than 18 seconds, with a 

sensitivity measurement ranging from 5 to 20 μV W-1 m2.  The meteorological assembly measures relative humidity and air 

temperature with an uncertainty in daily values of less than 15% (at 95% confidence level) [ [31], [32]]. Under INCOMPASS, 

eight locations were identified for their diverse terrestrial eco-systems [33], out of which 5 locations were chosen for this study 

for their unique agro-climatic settings and having continuous LWin and LWout data records. The details of land use conditions 

and climate type of the study sites are mentioned below: 

Table 1 : Study site characteristics where net radiometers and meteorological assembly were installed under INCOMPASS programme along with Eddy flux 

system 

Sr. 

no. 

In-situ observational 

station 
State 

Geographical 

Coordinates Height 

(meters) 
Land cover Climate 

Lat (°) 

(N) 

Long (°) 

(E) 

1. Chandan, Jaisalmer (JAI) Rajasthan 26.99 71.34 196 Grassland Arid 

2. UAS, Dharwad (DHA) Karnataka 15.50 74.99 656 Crop land Semi-Arid 

3. 

Indian Institute of 

Technology-K, Kanpur 

(KAN) 

Uttar Pradesh 26.51 80.22 128 Grassland Humid 

4. Nawagam, Kheda (KHE) Gujarat 22.80 72.57 55 Crop land Semi-Arid 

5. Pusa, Samastipur (SAM) Bihar 26.00 85.67 39 Crop land Humid 

 

3. Data Used 

3.1 In situ measurements 

The study used measurements of LWout and associated meteorological variables (Ta and RH) in July to February during 2015 to 

2018 which is influenced by the south-west monsoon clouds between July-Oct and by radiative fog during November to February 

in the winter season. The measurements for the above period were used for ML model training and testing. and the validation 

was carried out on spatial scale during 2019 and 2020. The sensors measure at high temporal intervals of 10 seconds. The 

measurements were resampled and averaged over 30 minutes’ time interval and were segregated into 70:30 ratio [34] for training 

(9735 points) and validation (4173 points) datasets. 

3.2 Satellite Based Products 

Satellite datasets provide large volume of measurements for specific parameters on a high temporal time period [35]. The details 

of satellite-based input variables are given in the Table 2 and 3. 



Table 2: Satellite-based atmospheric products used in this study to predict and compare LWout and Ts under cloudy conditions 

Sr. 

no

. 

Input 

variables 

Unit Spatial 

resoluti

on 

Satellites Data code Temporal 

resolution 

Source link 

1. SWin Wm-2 0.05º INSAT 3D  3DIMG_INS 30 minutes https://mosdac.gov.in/ 

2. Z m 0.01º SRTM  SRTM_1km - ftp://e0srp01u.ecs.nasa.gov/srtm/vers

ion2/SRTM3/ 

3. BT K 
0.25 º 

SCATSAT 

1 

SCATSAT_B

TH_IND 
Daily 

https://mosdac.gov.in/ 

4. VF - 
0.01º SPOT-VGT FCOVER 10 days 

https://land.copernicus.eu/global/pro

ducts/fcover 

5 εs - 
0.05º 

MODIS 

Aqua 
MYD11C3 Monthly 

https://ladsweb.modaps.eosdis.nasa.g

ov/search/ 

 

Table 3: Other gridded-meteorological products used in this study to estimate and compare LWout and Ts under cloudy conditions 

Sr. 

no. 

Input 

variables 

Unit Spatial 

resolution 

Satellites Data code Temporal 

resolution 

Source link 

1. Ta K 0.05° WRF t2 3 hours https://mosdac.gov.in/ 

2. RH % 0.05° WRF rh 3 hours https://mosdac.gov.in/ 

3. ERA_LS

T 

K 0.1º ERA5 

Reanalysis 

LST Hourly https://www.ecmwf.int/en/forecasts/d

ataset/ecmwf-reanalysis-v5 

4. TPW  0.25º NCEP 

Reanalysis II 

TPW 6 hourly https://www.cpc.ncep.noaa.gov/prod

ucts/wesley/reanalysis2/ 

5. NCEP_L

Wout 

Wm-2 0.25º NCEP 

Reanalysis II 

LWout 4 hourly https://www.cpc.ncep.noaa.gov/prod

ucts/wesley/reanalysis2/ 

 

Cloud fraction ‘c’ was derived using the equation mentioned in Equation 4, with a temporal resolution matching to SWin and Rext 

was derived using a set of astronomical formulae for a given location coordinates, time and day of the year. The TPW represents 

the vertical total water vapor presence between the earth surface and top-of-atmosphere [[36], [37], [38]]. The product has a 

temporal resolution of 6 hours and for this study the TPW within 6 hours was considered static. SRTM (Shuttle Radar 

Topography Mission) is a radar mission launched by NASA with the mission of mapping 80% of the earth surface in a single 

10-day space shuttle flight. It produced digital elevation datasets with spatial resolution of 30m between 60N and 54S latitude 

using Synthetic Aperture Radar (SAR) interferometry using C-band [39]. Vegetation fraction is a normalised range defining the 

concentration of vegetation cover within a pixel, SPOT-VGT hosted by the Copernicus land service programme [ [40], [41]] 

provides vegetation parameters with a spatial resolution 1 km and 300m with a temporal resolution of 10 days. The 1km product 

was considered due to the need for rescaling them to the LST resolution of 0.05 º. Brightness temperature is measured by 

SCATSAT 1 which carries a Ku band sensors obtaining the surface temperature over a land surface with a temporal resolution 

of 1 day [ [42], [43]].  

 



4. Methodology  

4.1 Data Fusion Approach 

Multisource datasets-based models can be achieved using data fusion technique. These techniques provide a better understanding 

of the targeted variable using linear and nonlinear relationships. LEO (Low Earth Orbiting) satellites, which can produce coarse 

temporal observations (up to 4 like MODIS TERRA AND AQUA) during a 24hour cycle at a good spatial resolution and GEO 

(Geostationary Earth Orbiting), which can provide high temporal observations of 30minutes, but at coarser resolutions of 5 to 

10kms [ [44], [45],[46],[47]]. A combined approach can harness the capabilities of both types of satellite observations and also 

enhance their shortcomings to provide strong and vital insights into the different studies, they are being used in, like LWout 

variabilities. Furthermore, with multiple parameters, a focus approach can be built on [48]. While data fusions techniques operate 

for estimations be derived for spatial scales, the estimates to be used for empirical estimates can be troublesome especially for 

MVR models.  

LWout (clear) can be directly quantified through Eq. 2. Where εs will be acquired from MODIS TERRA and AQUA, the Ts will 

be taken from the already operationalized INSAT 3D product. Thus, the quantisation will be defined as: 

𝐿𝑊𝑜𝑢𝑡  =  f(𝐿𝑊𝑜𝑢𝑡_𝑐𝑙𝑟 , 𝐿𝑊𝑜𝑢𝑡_𝑜𝑣𝑒𝑟𝑐𝑎𝑠𝑡) (3) 

𝐿𝑊𝑜𝑢𝑡  =  𝑓[(𝜀𝑠_𝑐𝑙𝑟𝜎𝑇𝑠_𝑐𝑙𝑟
4 ), 𝑓(𝐵𝑇, 𝑇𝑃𝑊, 𝑉𝐹, 𝑅𝐻, 𝑇𝑎, 𝑆𝑊𝑖𝑛)] (4) 

Here, the Eq. 3, highlights the combination of gap filling approach, under all sky conditions. Where the second part of the 

function cannot be estimated empirically, the estimates such as Ts whose measurements cannot be acquired due to cloud presence 

cannot be derived using MVR models. Lack of surface parameters like Ts can restrict the understanding of the surface. Combining 

Data Fusion approach along with machine learning techniques can provide a substantial gap bridge for in parameter estimations. 

The resultant quantization will be become of function of different parameters and the cloudy pixels will be gap filled using the 

model developed among multisource datasets. 

4.2 Machine Learning model architecture for LWout prediction 

“An Artificial Neural Network (ANN) is a computational model that is inspired by the way biological neural networks in the 

human brain process information” [49]. As mentioned earlier, ANNs are the most widely acceptable approach within the 

temperature and solar radiation-based studies [28]. However, when dealing with second derivative approach, where another 

parameter is derived using the estimated output of an ANN based approach; deep networks until 5 layers is needed [50].  

Alternatively approach like Back-propagation and Levenberg Marquardt (LM) approach, which improve the performance of the 

models by reducing the error through the combination of the Gauss-Newton algorithm (speed) and the steepest gradient decent 

method (stability) [51] cab provide a strong solution and reduce computation strain on the systems [52], [53] through the 

activation function and Jacobin Matrix. 

 

The activation function projects the non-linearity into the input, based on the mathematical function defined [54], like sigmoid 

function. The approach uses a normalisation operation, with a threshold and are considered highly for meteorological and 

radiation based studies [ [55]; [56]; [57]; [34]; [58], [59]]. The current approach incorporates these proofs and adapts a LM based 

function with a sigmoid activation to develop observations of LWout under overcast-sky conditions. The flow diagram of DL 

model is given in Figure 1. 

 



 
Figure 1. DL developed for estimation of LWout under overcast skies 

The model was trained with 1000 iterations, while the condition was kept for the model to stop training provided it reaches the 

global minima of error, prior to the completion of iterations. The network was built using a sigmoid function as an activation, to 

get the desired performance. Within each single layer the number of neurons is based on a few rules. The study adapts the 

standard condition provided by Heaton, which follows the 2n – 1 rule, where n is the number of inputs from the previous layer. 

Along with the same, the symmetry between each side of the middle-hidden layer has been kept the same for better approximation 

[60]. With 7 inputs, the maximum number of hidden nodes i.e., 13, 25, 39, 25, 13 were considered for the 5 hidden layers. The 

performance was estimated using the Mean Square Error (MSE) and was identified at iteration number 291 with gradient being 

132 (ranging between 1.51E6 and 1E-7) and µ of 0.1 after a 6-validation check for daytime within the number of iterations.   

The model post training, filters the pixels based on the missing values. The existing pixels are filtered using a vegetation VF 

mask. The filtering is done to avoid errored computations within snow covered regions, as the model does not account for training 

sites from such regions. The missing pixels are computed within the DL model, where the inputs are acquired and the LWout is 

derived. The Ts is derived from this LWout, based on the Equation 5. The εs is compiled using 10 year monthly averaged MODIS 

dataset, where each month has been averaged over 10 years’ dataset. This is done to gap fill missing value and remove anomalies. 

The derived Ts is used to gap fill the missing pixel values within the INSAT 3D LST product and provide a complete LST 

product. The above image gives an example of 01 August, 2020 at 6 Hrs GMT (-5.30 IST). The results for the same are discussed 

in Section 5.  

4.3 Model sensitivity 

The model, like any other are prone to sensitive undulations due to variations within the input parameters. Identifying the 

capability and the range of variations due each input towards the derived parameter is vital. The quantification can be done using 

a One-dimensional (1D) is a linear approach. The approach operates on the mean of each input level, while varying it through a 

specified range and their influence on the derived output (depicted in Figure 2) [61]. Along with the sensitivity, the correlation 

matrix of influences between the parameters has also been depicted.  



 
(a) 

  
(b) 

Figure 2. Sensitivity Analysis (a) of the model developed and the Correlation Matrix (b) of the input features and output label 

The sensitivity analysis depicted a very weak influence (±0.01) of BT with LWout while changing the temperature by 3K, despite 

having a low negative correlation influence (-0.47). A similar trend was observed with SWin, where despite having a decent 

influence of 0.49, the ±5% variation, only led to a 3% average variation in LWout. The change in TPW and VF of the order of 

±5% led to an average of 3% deviation in LWout, which is corroborated with the low influence in the correlation matrix (TPW is 

-0.17 and VF is -0.36). The strongest influence was observed with Ta, having the highest positive correlation of 0.66, the model 

was highly sensitive towards LWout. A ±5 K change let to an average variation of 17% in LWout. 

4.4 Retrieval of LST from predicted LWout 

 

The predicted LWout from machine learning model is composed of outgoing longwave fluxes from land surfaces (LWout(s)) and 

reflected component of incoming longwave radiation fluxes. Therefore, LWout can be expressed as given in Eq. 5 and 6, after 

applying Kirchhoff’s law,  

𝐿𝑊𝑜𝑢𝑡  =  𝐿𝑊𝑜𝑢𝑡(𝑠) + (1-s) (𝐿𝑊𝑖𝑛) (5) 

𝐿𝑊𝑜𝑢𝑡  =   sTs4 + (1-s) (𝐿𝑊𝑖𝑛) (6) 

The prediction model of LWin in cloudy and foggy sky conditions has already been developed using MLP-based ANN models ( 

[62]; [63]). Land cover-based surface emissivity (s) data from MODIS [MOD11C3] [64],  MLP-model predicted LWin and 

predicted LWout from DL-model in the current study were used in the Eq. 5 and 6 to retrieve Ts in overcast skies. 

 

4.5 Validation Strategies 

Multiple combinations of ANN-based models were developed to identify the best fit combination for the LWout estimates. The 

details of the combination have been explained in Section 0. With the best combination, the LWout were estimated and compared 

with in-situ measurements. With good performance, the same model was used to derive spatial estimates of the same, at a 5km 

grid and compared with existing NCEP reanalysis product. The details have been mentioned in Section 0. The performance 

permitted the usage the spatial estimates in deriving Ts using MODIS derived surface emissivity and Eq. (1). The results, diurnal 

statistics and comparison have been exemplified in Section 0.  

 



5. Results and Discussion 

5.1 Comparison of ML models for LWout prediction in overcast skies 

The DL model developed in this study was computed over several iterations with the final model having 5 layers and uses 7 

parameters (SWin, Ta, RH, VF, TPW, BT) to estimate the LWout under overcast conditions. Collectively, there are 11 

combinations, their performance has been depicted in Table 3 and 4.  

 

Figure 3. Performance of all machine learning and deep learning models considered and built for the study. The right axis depicts the RMSE and the left axis 

depicts the R2 of each model.  

 

 

 

 

 

 



Table 4. Performance of all machine learning and deep learning models considered and built for the study 

 Training  Validation 

Combination No. 
Hidden 

Layers 

No of 

parameters 

RMSE 

(Wm-2) 
R2  RMSE 

(Wm-2) 
R2 

1 1 2 110.2 0.10  121.2 0.07 

2 1 3 98.4 0.31  103.2 0.17 

3 1 4 83.1 0.44  88.4 0.30 

4 1 5 69.3 0.48  80.2 0.37 

5 1 6 54.3 0.56  60.5 0.48 

6 1 7 43.3 0.68  49.3 0.59 

7 2 7 29.1 0.78  33.2 0.69 

8 3 7 18.4 0.86  21.4 0.83 

9 4 7 12.3 0.93  14.5 0.90 

10 5 7 9.8 0.98  10.0 0.97 

11 6 7 9.6 0.99  9.90 0.97 
 

The model building was initially dependent on the number of parameters as input for a single hidden layer and furthermore, up 

till 6 hidden layers have been considered for the performance. However, the 6 layer – 7 parameter combination was not 

considered, because they model has started to saturate and would have overfit (as visible from Figure 3), if a new dataset was 

added. Considering the same, 5 layer – 7 parameter combination was eventually selected. The training and validation plots along 

with the collective histogram for the same are shown in Figure 4 and the corresponding performance statistics are mentioned in 

Table 5. 

 

 

 

 

 

Figure 4. Scatter density plots of training (Top Left) and Validation (Bottom left) between best fit DL model estimates and insitu measurements; Error 

(measured – modelled LWout) histogram (Right) between training and validation stages. 



Table 5. Performance Statistics of DL model under overcast conditions 

Model Stage N RMSE (Wm-2) PRMSE (%) MAE (%) R2 

Training 9735 9.8 1.9 2.6 0.98 

Validation 4173 10 2 2.6 0.97 

 

The training and validation stage provided a good agreement between the modelled outputs and insitu measurements. The models 

although trained under selective sites, can be ported to different sites for prediction, provided they have similar agro-climatic 

settings as that of the Indian sub-tropics. The goal is to upscale the models for predictive purpose over a spatial scale, covering 

the Indian landmass.  

5.1.1. Diurnal evaluation LWout estimates  

The diurnal estimates of LWout during daytime from ML model in cloudy skies were compared with in situ measured LWout at 

five different flux tower sites during 2015 to 2018. The datasets are spread across different time periods from the validation 

datasets. Since the original data was split randomly, the dates with continuous measurements have been depicted below. The 

comparison plots are shown in Figure 5.  

   

  

 
Figure 5. Diurnal Trends of LWout over selective dates at different sites between model and in situ. The x-axis depicts time in GMT and y-axis depicts LWout 

(in Wm-2). 

The graphs exemplify the diurnal trend variations between in-situ and model derived LWout. The trends were closely matching 

between the two in most regions. The model has small undulation when comparing with the in-situ measurements. Like in JAI, 

the model was overperforming by a factor 5 Wm-2. Whereas, in KAN, KHE and SAM, more undulations are necessarily observed 

in specific time periods like around 8-9.5 Hrs. The missing values between 10 to 12 Hrs are due to the lack of measurements 

within the in-situ measurements and a few satellite products within the model.  

5.1.2 Spatial Estimates of LWout  

The point scaled DL model was upscaled to match with the INSAT 3D LST input of 5km grid. The model was used to compute 

spatial scale imageries, over the years of 2019-2020 during the overcast months. The resultant imageries for 0600 GMT time 

period are depicted in Figure 6. 
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Figure 6. LWout spatial output over the span of 4 months for the years 2019-2020 at 0600 GMT 

The regional distribution of satellite-based LWout estimates over Indian landmass at 0600 GMT on selected dates during 2019-

2020 are exemplified above. The blank regions symbolize none agricultural regions, which were filtered out during the 

computational phase. The reason to avoid is to not provide inaccurate estimates, especially in regions with no vegetation like 

snow covered in the northern region of India. The change in colours when shifting from August to January, depict the change in 

seasons i.e., from south eastern monsoon to winter season. The low estimates, especially in the central north region i.e., near the 

Himalayan plateau, can be attributed to the shift in the overcast patterns i.e., clouds and fogs.  

The spatial estimates were compared with the NCEP Reanalysis LWout product. The resulting differences are depicted in Figure 

7. 
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Figure 7. Difference between NCEP Reanalysis and model derived LWout over selective days (a – 01 Aug 2020, b – 15 Sep 2020, c – 03 Jan 2020, d – 10 Dec 

2019) for the year 2019-2020 at 0600 GMT and their collective (e) Error Histogram 

The NCEP product provides the LWout parameter at a 25km grid. The DL derived LWout was resampled to match with the NCEP 

product resolution. Due which there was a lot of averaging within the estimates and with differences, more variations were 

observed. This is especially noted in the north Himalayan belt, where due to the valley and high elevation undulations. The 

estimated have been averaged out to a large extend, which leads to higher differences (of the scale of 9.7%) compared to the rest 

of India, where the average variations lied between -5 to 5%. These errors tend to increase significantly, especially near the 

boundary regions in specific sites, like in August, near the bottom. Even distributions in the central region were observed, well 

within the ±5% range. A distinctive variation was observed in the month of August in the western zone of Gujarat, the negative 

error was attributed to the low pressures being developed from the south western monsoon induced wind stress [ [65], [66], [67]] 

and averaged upscale DL model measurements. The Error histogram (Fig 7.e) highlighted the regions where maximum variations 

is being observed. It can be noted that the maximum error lies between -4 to 4 %, of the error curve. While there is significant 

pixels with a 10 % error, but this has been attributed of it being on the boundaries, with more missing values (due vegetation 

mask). The errors will be reduced if in the future, more regions are incorporated within the model training, which can cover the 

non-vegetative regions as well.  

5.2 TS Prediction 

The Ts was retrieved using Eq. 5 and 6 and procedure mentioned in section 4.4, where the MODIS 10-year averaged εs was used. 

The resultant LST are depicted in Figure 8. 
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Figure 8. Model derived LST for selective dates over the span of 4 months in the years 2019-2020 at 0600 GMT and their respective histograms 

The time scale shows the movement and transition between the different season, over the interval of 45 days between August-

September and December-January. The histograms trends can depict the shift in temperature patterns with changing seasons. 

Higher Ts is noted in the north-western and south-eastern part, this is attributed due to the heavy influences of the agro-climatic 

regions of dry and desert [68]. This can be noted especially during the humid and overcast months of August and September. 

The 45-day interval also show the gradual shift within the environment with reduction in the maximum temperature, especially 

within the dry northwestern and southeastern regions due humidity. The months of January and December depicted a cooler 

environment, due to the winter period shadowed by fog presence. The histograms showed a strong concentration in the middle 

with a bi-peak for December in near symmetry due to the climatic variations between central and southern regions. This can be 

attributed primarily within the desert and humid regions within the area affected with fog presence [69].  

The diurnal comparison of predicted Ts was made (Figure 9 and their statistics in Table 6) with Ts derived from measured 

longwave radiation flux components over different flux tower sites over five selected dates when surface radiation budget is 

generally strongly influenced by south-west and north-east monsoon clouds and fog. 

   



  

 
Figure 9. Diurnal Trends of LST over selective dates at different sites between spatial imagery derived from model, in situ and ERA5. The x-axis depicts time 

in GMT and y-axis depicts LST (in K). 

Table 6. Variations in Ts between In-situ measurements, DL predicted and ERA5 

Climate 

type 

Flux 

tower 

sites 

Daily mean Ts (K) Difference in daily 

maximum Ts (K) 

w.r.t. measurements 

Difference in daily 

minimum Ts (K) w.r.t. 

measurements 

In situ 

measurements 

DL-

predicted 

ERA5 DL-

predicted 

ERA5 DL-

predicted 

ERA5 

Semi-arid KHE 304.3 304.3 302.4 -0.1 -3.8 -0.2 -1.6 

 DHR 300.4 299.7 299.8 -1.6 -1.8 2.0 1.1 

Arid JAI 315.9 315.0 307.7 -1.4 -12.5 -3.3 -7.8 

Humid SAM 299.8 299.3 303.3 -2.0 2.9 -0.7 1.1 

 KAN 309.8 310.3 308.2 -0.1 -4.0 3.3 7.7 

 

The diurnal trend over different times from the validation dataset are depicted. ERA5 reanalysis provide hourly Ts measurements, 

which were used as a comparative scale between the DL derived and in situ measurements. It can be seen, that DL and in situ 

measurements are closely matching with one another across all sites, with small exceptions due anomalies in specific periods. 

The trend was very well captured. The ERA5 provided higher values in regions like KAN and SAM, while lower in JAI. This is 

due to the agro-climatic zones where JAI is an arid region, while SAM and KAN are in a valley in the north mid-eastern part of 

India. The location and elevations are leading to more averaging and aggregated measurements over these specified sites. 

Whereas in regions with more uniform land use type like DHR and KHE, the ERA5, DL and in situ measurements were closely 

matching with one another. Further, a spatial difference between the DL and ERA5 measurements are depicted in Figure 10. 
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Figure 10. Difference between monthly averaged ERA5 Reanalysis and DL model derived LST for the year 2019-2020 at 0600 GMT and their respective 

histograms 

The difference between the model and ERA5 reanalysis derived Ts depict an interesting pattern. Due to the process model 

derivation Ts, as well as aggregated upscaled 10km grid to match with the ERA5 spatial resolution, this has led to more 

undulations of Ts. The variations are ranging between -10 to 10 K. As it can be seen, the histogram spread for the same months 

have been shown. 

The aggregation amounts of higher variations in regions where sudden changes in atmospheric and environmental conditions are 

evident. This is especially evident in the southern region of India, where higher positive difference was noted during the monsoon 

months of August and September, where high negative difference was noted during the winter months of December and January. 

The difference in between the two products is relatively close or near nil during the monsoon months of August and September. 

However, there is a systematic variation for the winter months of December. The attribution is also fueled with missing values 

within the region, especially in the Mid-Indian region. This is also leading to a skewness within the observations.  While the DL 

derived TS closely matches with the in-situ measurements, due to the spatial upscaling, similar to the NCEP product, higher 

difference is noted. Despite the same, the completed gap filled product is a new approach which can provide an alternative 

approach to retrieving Ts over the Indian landmass. The errors and variation can further be improved with higher-resolution 

products.  The current model can be used to estimate operational regional-scale LWout estimates after validation under overcast 

for some more months and over more in situ measurement sites. The generated LWout can be used as an input for generation of 

Ts, which can be used to gap fill the current INSAT 3D Ts product. 

Conclusion 

A model investigating and retrieving LWout and subsequently Ts was developed. The model was developed using in situ and 

satellite-based measurements. The study provided a first-hand understanding of the flow and behaviour of different fluxes and 

temperature over Indian landmass. The current model and methodology can be used to estimate LWout and Ts over India only 

under cloudless conditions during daytime within 10% error overall.  



Several uncertainties were identified during comparison with other established products. This was attributed to the scale-

mismatch of inputs and measurements prints as well temporal scale differences. Despite the same, the diurnal trends show good 

agreement under different agroclimatic conditions over large temporal variations. The current model can be used to estimate 

operational regional-scale LWout estimates after validation under overcast for some more months and over more in situ 

measurement sites. The generated LWout can be used as an input for generation of Ts, which can be used to gap fill the current 

INSAT 3D Ts product. 
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