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ABSTRACT 
 

Accurate assessment and mapping of actual evapotranspiration (ET) on finer 
temporal and spatial scales is of greater significance in various aspects of agricultural 
water management. Usage of remote sensing based monitoring of ET is 
advantageous over ground based measurements as the latter provides point values 
and won't address the uncertainty arising due to heterogeneity. Remote sensing 
based ET algorithms are based on energy balance models. In tropical regions such 
as India, there are two major challenges faced in this regard: acquisition of cloud-free 
satellite images during the monsoon seasons and coarser resolution of the available 
thermal bands. Disaggregation of Land Surface Temperature (LST) and Normalized 
Vegetation Difference Index (NDVI), the key inputs to the energy balance model are 
needed at higher temporal and spatial resolutions at the length scales defining field 
boundaries, to improve the accuracy of ET estimates. In this study, DisNDVI 
algorithm (Bindhu et al., 2015) was modified to better represent the field level 
variations arising due to differences in sowing and transplanting dates, irrigation and 
nutrient management. Polynomial fits of the nearest coarser resolution homogeneous 
agriculture pixel derived from MODIS NDVI composites were used in disaggregation. 
Further, the present study employs a modified NL-DisTrad (Bindhu et al., 2013) 
algorithm to disaggregate MODIS 1km LST products by making use of even partial 
cloud free LST images identified from MODIS 16 day NDVI composites. It has to be 
noted that it is difficult to get frequent cloud-free daily images during the monsoon 
and hence NDVI composites and partially cloud-free daily LST images were used to 
get finer resolution partial LST images at more frequent time scales within the 
growing season. These disaggregated NDVI and LST images were then used as 
input for a modified single source energy balance algorithm. The resulting ET at 60m 
and 240m when compared with the LANDSAT 8 derived ET showed that the ET 
simulated at 60m is more accurate as it corresponds to the length scales defining the 
field boundaries in India. 
 
Keywords: Spatial and temporal disaggregation, Evapotranspiration, Remote 
Sensing, Land Surface Temperature, NDVI, Energy balance. 
 

1. INTRODUCTION 
 
Agriculture is the largest consumer of water across the globe. Agriculture sector is 
often criticized for high wastage and inefficient use of water at the point of 
consumption (i.e. at the farm level).  
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First step towards sustainable management of irrigation water is assessing the 
performance of the irrigation system and identifying where the major loss is occurring. 
This requires reliable estimates of actual evapotranspiration (ET) at finer spatial and 
temporal scales which would ultimately reduce the uncertainties tied up with the 
quantification of water balance components for a basin. Getting reliable estimates is 
significant in the case of water intensive irrigation systems like paddy and sugarcane 
that are major consumers of surface water resources. In those irrigation systems, ET 
forms a major component of water consumption. Apart from it, quantifying ET from 
irrigated crops and producing detailed maps of ET will enable managers to more 
judiciously allocate available water among agricultural, urban, and environmental 
uses. Diagnostic estimates of ET can also be used to infer soil moisture conditions 
which forms a valuable input to weather, drought, and flood forecast models, and 
critical to many military applications. 
 
Several point based techniques of ET quantification like lysimeters, eddy covariance 
towers require intensive field measurements. They are tedious, time consuming and 
expensive too. It is highly unrealistic to extrapolate a few point based measurements 
over the entire basin due to the spatial heterogeneity in cropping pattern, soil fertility, 
agriculture and irrigation management, land use and land cover. This spatial 
heterogeneity can be captured well by incorporating Remote Sensing (RS) 
techniques to quantify ET. 
 
For RS based routine monitoring of ET at individual field scale, the key inputs to the 
single source energy balance models namely land surface temperature (LST) and 
Normalized Difference Vegetation Index (NDVI) are needed at higher temporal and 
spatial resolutions at the length scales defining field boundaries. This will eventually 
improve the accuracy of ET estimates. Having LST and NDVI images at such finer 
resolutions will be more representative of actual field conditions as the spatial 
heterogeneity is minimized (Kustas et al., 2003; Kustas et al., 2004) and individual 
fields can be discriminated. However, there is a huge tradeoff in the spatial and 
temporal resolution of freely available satellite images coupled with lack of adequate 
number of cloud free images within a growing season. These act as major constraints 
in deriving ET at fine spatial and temporal resolutions using remote sensing based 
energy balance models. The present study aims to address these issues by 
improving various algorithms involved in ET estimation and eventually simulate ten 
day ET composites at finer spatial resolutions. 
 

2. METHODS 
 

A modified DisNDVI algorithm was developed to spatially disaggregate 240m MODIS 
NDVI data to 60m for the periods corresponding to availability of usable partially 
cloud free MODIS LST data. These fine resolution NDVI data (60m) were then used 
with NL-DisTRAD to disaggregate partially cloud free MODIS LST data from 1km to 
60m (Bindhu et al., 2013). The disaggregated LST and NDVI at 60m were then used 
with a modified energy balance model and ultimately ten day ET composites were 
generated at a spatial resolution of 60m. Figure 1 shows the integration of various 
models that were used for ET estimation in the study. 
 
2.1  Details of the study area 

 
The study area is situated near Alwarkurichi, in Tirunelveli District, Tamil Nadu. The 
study area includes Gadana sub basin that has a command area of approximately 
400ha. Paddy is the principal crop grown in the basin. However, sugarcane and 
banana are also grown in some parts of the study area. The study area is under the 
influence of both North-East and South-West monsoons. Pishanam season 
corresponding to North-East monsoon was chosen as the study period. The season 
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extends roughly from middle of November to March. Medium duration paddy varieties 
like ADT-39 and ADT-16 are grown in this season. The general crop growth period is 
roughly 135 days. 
 
 

 
 
Figure 1. Schematic representation of models used to estimate actual ET. 

 
2.2  Disaggregation of NDVI 
 
The DisNDVI algorithm (Bindhu et al., 2015) for the temporal and spatial 
disaggregation of NDVI was modified to capture the spatial heterogeneity in a better 
manner. For all land cover classes other than agriculture, a simple constant fraction 
approach was employed to disaggregate the NDVI. This is because, the evergreen 
forest and urban area located in this region, display a fairly constant NDVI throughout 
the season. 
 
In order to generate fine resolution NDVI image corresponding to any other date 
within the growing season, the difference between the date of acquisition of anchor 
image and the required date was added (or subtracted) to obtain the new S.F for the 
required date.  Then from the NDVI vs. S.F polynomial relationship, the NDVI values 
for the agricultural pixel was estimated.  
 
For non-agricultural pixels, the relative variability in NDVI at fine resolution within 
each coarse pixel was assumed to be constant throughout the season. The relative 
variability was expressed as the ratio of NDVI of each constituting fine pixel to the 
mean of NDVI values of 16 pixels that constitute coarse pixel. The NDVI at fine 
resolution for non-agricultural pixels were derived as the product of the concurrent 
MODIS NDVI and the corresponding relative variability fraction.  
 
Thus, using the modified DisNDVI, NDVI images at fine resolution of 60m can be 
generated throughout the growing season. 
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2.3  Disaggregation of LST 
 
NL-DisTrad algorithm (Bindhu et al., 2013) was used for disaggregating LST in this 
study, based on NDVI. The NL-DisTrad algorithm comprises of a polynomial based 
hot edge model and an ANN model. The former captures the LST-NDVI relationship 
for dry pixels while the latter captures the influence of neighborhood pixels on LST 
values.  The polynomial hot edge relationship and the ANN models were derived from 
MODIS NDVI and LST data at 1km resolution. The same relationship is assumed to 
hold good at the fine resolution as well. 
 
The LST-NDVI relationship is subjected to variations due to several factors like 
surface moisture, meteorology and vegetation cover. Thus a wide range of LST 
values exist for a given NDVI value. Hence, upper portion of LST-NDVI feature space 
was used to derive a unique relationship, as the hot edge model at coarser level. A 
second order polynomial was fitted between the NDVI and LST values identified for 
the hot edge pixels. The polynomial fit was applied to the aggregated NDVI 
composite data that correspond to the cloud free LST pixels.  
 
The residuals at 1km were then obtained as the difference between modeled LST 
values from the polynomial fit and the observed MODIS LST data. The residuals were 
then captured using an ANN model. Nine NDVI values from the 3 X 3 moving window 
formed the input neurons and the corresponding LST residual at 1km of the window’s 
center pixel formed the output neuron.  
 
NL-DisTrad originally used only cloud free daily MODIS, 1km LST and 240m NDVI 
images. The lacuna of using completely cloud free daily images is their limited 
availability, as the Pishanam growing season roughly corresponds to the North-East 
monsoon season of India. Therefore this study utilizes 16 day NDVI composites at 
240m and partially cloud free daily LST images at 1km, which in turn improves the 
temporal coverage of disaggregated LST images across the growing season.  
 
MODIS NDVI composite data has high quality cloud free pixels and closer to nadir 
view pixels within the compositing period. It has to be noted that pixels off the nadir 
suffer considerable distortion, because MODIS is a whiskbroom sensor. The NDVI 
composites contain information of the day to which each pixel in the composite 
belongs to. Thus, the composites help in identifying partially cloud free LST images 
that are still useful for the algorithm. Cloud and water pixels were masked out from 
the NDVI and LST data.  
 
The polynomial fit of the hot edge model and the trained ANN network at coarser 
resolution was applied to the corresponding fine resolution NDVI image generated 
from the modified DisNDVI algorithm. The algorithm was applied only to the cloud 
free portion of 60m NDVI image. Using the same procedure and with MODIS 16 day 
NDVI composites at 240m as inputs instead of the disaggregated NDVI images at 
60m from modified DisNDVI, partial LST images were simulated at 240m resolution 
as well. 
 
2.4 Estimation of air temperature 

 
The linear negative correlation between NDVI and LST formed the basis for TVX 
method (Nemani and Running, 1989). This correlation indicates that high NDVI 
values corresponding to greater vegetation cover lessens the LST considerably. 
Further, surface temperature corresponding to dense canopies rarely deviates from 
ambient air temperature. Therefore, based on linear regression between the NDVI 
and LST values of the moving window (1km X 1km), the air temperature of the center 
pixel of the window was obtained by extrapolating the temperature value to that of the 
NDVI of a closed canopy. 
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2.5 Estimation of ET 
 
The single source energy balance models are ideal for ungauged areas when 
compared to data intensive dual source energy balance models, providing good 
estimates. However, using hydrological extremes to partition available energy should 
be avoided as it is highly subjective and affects the accuracy of flux estimates to a 
larger extent. There are also chances that the extremes may not be present within the 
area of interest.  
 
A hindrance in applying input parameters from remote sensing to single source 
energy balance models is the determination of sensible heat flux component. 
Sensible heat flux equation has complex unknowns such as, near surface and 
aerodynamic temperature difference, frictional velocity and aerodynamic resistance to 
be solved. It is known that the wind turbulence is governed by wind shear caused by 
the surface roughness, while the buoyancy effect owing to instability is caused by 
convective heat transfer from the surface. This correction for stability has to be 
incorporated into the aerodynamic resistance and frictional velocity.  
 
The single source energy balance models (Bastiaanssen et al., 1998; Allen et al., 
2007) address this issue by applying energy balance over hot and cold anchor pixels 
and derive a linear relation between near surface and aerodynamic temperature 
difference (dT). The hot pixels correspond to a dry patch of land devoid of water 
where ET is zero while cold pixels correspond to well-watered agricultural lands 
where actual ET can be approximated to reference ET. The correction for stability is 
done by iterating the aerodynamic resistance and dT till their convergence. The 
selection of fairly homogeneous hot and cold pixels is highly subjective and wrong 
selection may result in erroneous actual ET estimates. Studies also show that the 
estimation of actual ET is highly sensitive to the selection of anchor pixels (Bindhu 
and Narasimhan, 2010).  
 
In order to address the uncertainty associated with the selection of anchor pixels, 
SEBAL was modified and sensible heat flux was estimated based on the air 
temperature values derived from TVX method. Ten day ET composites were 
generated for the Pishanam growing season (Oct 2013- March 2014) by summing up 
the daily ET images at 60m over the ten day period.  
 

3. RESULTS AND DISCUSSION 
 
The ten day ET composite images were simulated for agricultural areas at 60m and 
240m over the Pishanam growing season for the period 2013-2014. The ET 
composite maps at 60m and 240m spatial resolutions corresponded well with the 
crop growth cycle. The ET composite maps at 60m and 240m show peak values of 
ET by the middle of February, which in turn corresponds to the maximum crop height, 
based on the data collected in the study area. 
 
By comparing the simulated ET at 60m and 240m, with the ET derived from the 
modified SEBAL applied to the observed LANDSAT 8 LST, NDVI at 60m, we could 
see that 60m simulated ET is matching better when compared to 240m (Figure 2). 
Also, the validation statistics for the simulated ET at 60m was better when compared 
to the ET simulated at 240m as shown in Figure 3. 
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Figure 2.  Comparison of simulated ET estimates at 60m (b) and 240m (c) from 
SMARET model with the ET derived from LANDSAT 8 at 60m (a) for 5/2/2014. Red 
solid line indicates the boundary for Gadana sub-basin. The white color indicates 
cloud contaminated areas and non-agricultural areas while the black color represents 
water bodies.  
 
 
 

 
 
Figure 3.  (a) Scatter plot for simulated ET from disaggregated inputs and ET derived 
from LANDSAT 8 at 60m for 5/2/2014. (b) Scatter plot for simulated ET from 
disaggregated inputs and ET derived from LANDSAT 8 at 240m for 5/2/2014. 
 

4. SUMMMARY AND CONCLUSIONS 
 
In order to overcome the lacuna of frequent cloud cover in satellite data, NDVI 
composites were used instead of daily data, to get more frequent coverage over the 
growing season and also to identify the partially cloud free LST images. In addition to 
this, the uncertainty associated with selection of anchor pixels was eliminated by 
employing a modified single source energy balance algorithm. The ET images that 
were simulated using the disaggregated inputs at 60m and 240m were compared with 
that of ET image derived from LANDSAT 8 at 60m. It was found that disaggregating 

b) c) a) 

a) b) 

(mm/day) 
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inputs to finer length scales of field boundaries at 60m is effective in improving the 
accuracy of ET estimation (Figure 3). 
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