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A B S T R A C T

A simplified evaporative fraction (L) based single-source energy balance scheme was tested with

moderate resolution (�1 km) noontime satellite observations to evaluate clear sky latent heat flux (lE)

estimates over diverse agricultural landscapes. This approach uses two-dimensional (2D) scatter

between land surface temperature (LST) and albedo to determine L. The operational utility of this

scheme was demonstrated for estimating regional evapotranspiration and consumptive water use

during rabi (November to April) crop growing season to predict pre-harvest wheat yield (error within

15.9% of reported mean) using time series data. The existence of triangular relations between L and LAI

(leaf area index) or NDVI (normalized difference vegetation index) was found with basal line

(hypotenuse) linearly coupled with LAI or NDVI at low level of surface soil wetness. The analysis of

diurnal course of in situ L proved the validity of constant-L hypothesis over pure, uniform,

homogeneous crop canopies but showed irregular and wave-like patterns over heterogeneous, mixed

crop canopies. The root mean square error (RMSE) of noontime and daytime average lE estimates with

respect to in situ lE measurements were also smaller over homogeneous agricultural canopies (41 and

23 W m�2) with correlation coefficients (r) 0.94 and 0.96, respectively, from 135 clear sky datasets as

compared to RMSE over heterogeneous ones (59 and 28 W m�2 with r = 0.66 and 0.82, respectively from

22 datasets). The intercomparison with another L based approach (LST–NDVI 2D scatter) showed the

supremacy of L determined from LST–albedo 2D scatter. The efficiency of LST–NDVI scatter was better

during the dry down or water limited phases of crop growth only. The uncertainties of lE estimates were

attributed to errors in core radiation budget inputs, relative loss of conservativeness of L due to canopy

heterogeneity, and the inherent limitations of the single-source approach. There is further scope to

reduce present lE uncertainties by combining the new findings on L (LST–albedo scatter)–NDVI

triangular relations, diurnal L and two-source radiation budget.
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1. Introduction

Latent heat flux (lE) is a terrestrial link to the atmosphere
(Raupach, 2001) and a major contributor to the climate system
(Chen and Dudhia, 2001), hydrological (Bastiaanssen, 2000) and
biogeochemical cycles (Nemani et al., 2002). It exhibits strong
heterogeneity over the land surface due to the inherent physical
diversity in soil–canopy systems. The network of flux measure-
ments from a few stations could neither represent reliable regional
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variability nor can these be used to produce mapped estimates and
values of lE obtained through these methods are representative of
the field scale only. Flux measurements using eddy-covariance
method is expensive and requires adeptness in terms of its
maintenance and operation. Use of remote sensing data consisting
of spatio-temporal samplings from space-borne sensors is the only
viable tool to estimate regional latent heat flux. Its estimation on
various spatial scales was demonstrated using optical and thermal
data in clear skies from different polar orbiting satellite sensors
such as LANDSAT TM/ETM+ (Boegh et al., 2002; Tasumi et al., 2005;
Zhang et al., 2006), ASTER (French et al., 2005), NOAA AVHRR
(Bastiaanssen et al., 1998a; Nishida et al., 2003; Verstraeten et al.,
2005; Batra et al., 2006; Sobrino et al., 2007; Fisher et al., 2008),
MODIS TERRA (Mallick et al., 2007; Cleugh et al., 2007; Mu et al.,
2007; Venturini et al., 2008; Leuning et al., 2008) and from
geostationary satellite sensors such as GOES (Anderson et al., 2007)
and METEOSAT (Rosema, 1993; Stisen et al., 2008). Estimation of
lE for cloudy days using optical and thermal data is relatively
complex and leads to large errors (Anderson et al., 2007). However,
spatio-temporal gap filling of cloudy patches can be done either
through compositing from time series data (Cleugh et al., 2007) or
spatial interpolation from neighbourhood pixels (Anderson et al.,
2004). Methods for satellite-based lE estimation generally use (a)
single-source (Bastiaanssen et al., 1998a) and (b) two-source
(Norman et al., 1995) surface energy balance approaches. The
accuracy of two-source lE estimates is better than that of the
single-source estimates (French et al., 2005; Timmermans et al.,
2007), but the former requires more ancillary data and coefficients
that have to be obtained through ground-based experimentation.

Among the different energy balance components, the estimation
of sensible heat flux at a number of spatial scales is crucial, requiring
many ground-based inputs (Stewart et al., 1994; Bastiaanssen et al.,
1998a; Cleugh et al., 2007; Mallick et al., 2007). Moreover, a small
error in the estimated surface–air temperature difference may
translate to large errors in the sensible heat flux. Its estimation over
large spatial extent (region or continent) may not be feasible,
therefore making the operational assessment of lE difficult (Cleugh
et al., 2007) in near real-time. An alternative way is to estimate pixel-
by-pixel clear-sky evaporative fraction (the ratio of latent heat flux
and total surface heat flux) from two-dimensional contextual image
space to make lE estimation independent of ground data support
but based upon a strong scientific principle. The advantages of
evaporative fraction are: (a) it is an index of lE (Shuttleworth et al.,
1989) and evapotranspiration; (b) It acts as an indicator of surface
moisture stress or drought (Nishida et al., 2003); (c) it is useful for
scaling instantaneous observations to daytime period; (d) it is
computationally simple, versatile regardless of vegetation types and
not dependent on surface meteorological data such as wind speed,
vapour pressure deficit, boundary layer stability, etc. The evapora-
tive fraction (L) based approaches by Roerink et al. (2000), Jiang and
Islam (2001) and Wang et al. (2006) were demonstrated using NOAA
(National Oceanic and Atmospheric Administration) AVHRR
(Advanced Very High Resolution Radiometer) and MODIS (MOD-
erate Resolution Imaging Spectroradiometer) optical and thermal
infrared band data in a two-dimensional space forlE estimation. The
latter technique requires time difference data, therefore, it is difficult
to use for operational purposes due to the temporal differences in the
extent of cloud cover.

In India, agriculture is one of the most prominent sectors in its
economy. It accounts for 18.6% of the Gross Domestic Product
(GDP), about 15% to total exports and 60% of the country’s
population. Broadly, the agricultural year in India is composed of
two agricultural growing seasons: kharif (June to October),
characterized by the southwest monsoon rainfall and rabi

(November to April), characterized mostly by agricultural practices
with assured irrigation or residual moisture regime with relatively
low or no rainfall from intermittent clouds. The cloud interference
in the rabi is generally less than during kharif. The major
impediment in realizing sustained agricultural productivity is
the decline in south-west monsoon rainfall combined with
increasing frequency in heavy rainfall events (Goswami et al.,
2006). This poses a severe threat to ground or canal water
availability for large scale irrigation. As a result, agricultural
production in this subcontinent is often affected by in-season
water stress and flooding, in addition to disease-related stresses.
Regular crop health assessment at regional scale is thus a basic
necessity for real-time crop forecasting. Evapotranspiration
monitoring using latent heat flux estimates on clear sky days
especially during rabi season is indispensable for assessing the
influence of the surface hydrological balance, irrigation scheduling
and water rights management on in-season crop water stress and
productivity.

The objectives of the present study are:

(i) To evaluate a robust but simple scientific approach of latent
heat flux or evapotranspiration estimation over diverse
agricultural landscapes using noontime observations at mod-
erate resolution (�1 km) from high repeat polar orbiting
satellites.

(ii) To demonstrate its operational use for regional crop assess-
ment.

2. Agroclimatic characteristics of study regions

Two groups of study regions were selected for validation of
satellite-based estimates. Group 1 represents six EWB (Energy–
water balance) study regions having 10 km � 10 km large agri-
cultural landscapes. These were selected in the vicinity of surface
weather observatory or automatic weather stations (AWS) of
collaborating SAU (State Agricultural University) or ICAR (Indian
Council of Agricultural Research) centres. A homogeneous and
pure crop patch of 2 km � 2 km with uniform canopy centrally
located within each EWB study region was chosen for recording in

situ measurements. Group 2 represents LASPEX (Land Surface
Processes Experiment) regions in the Gujarat state representing
semi-arid climate encompassing a 100 km � 100 km area. The
major land use pattern in this region is mixed agriculture having
non-uniform and heterogeneous canopy. A land surface processes
experiment was carried out during January 1997 to February 1998
in this region to validate the surface flux outputs (Rajagopal, 2001;
Vernekar et al., 2003) from a global circulation model (GCM) at
18 � 18. Five micrometeorological towers were located at Anand,
Sanand, Derol, Arnej, and Khandha, with Anand at central location.
The height of each tower was 10 m to maintain a fetch ratio at
1:100. This was kept based on fetch ratios (1:50 to 1:100) used in
surface flux measurements over short canopy in different
international surface flux measurement programmes like FIFE
(First International Satellite Land Surface Climatology Project Field
Experiment) (Sellers et al., 1988; Hall et al., 1992), EFEDA (Echival
Field Experiment in Desertification Threatened Area) (Bolle and
Streckenbach, 1993) and Monsoon ’90 (Kustas et al., 1994). The
agroclimatic characteristics of EWB and LASPEX (Anand only) sites
are summarized in Table 1. Among all the EWB regions,
proportions of two major crops, rice (Oryza sativa) (both kharif

and rabi) and wheat (Triticum aestivum) were high. Other crops
such as cotton (Gossypium hebaeceum), rabi groundnut (Arachis

hypogeae) and rabi sorghum (Sorghum vulgare) were also covered
in the field campaign. Crop sequences in Kalyani, Khurda and
Karimnagar were rice–rice spread over different agroclimatic
regions (ACRs), namely Lower Gangetic Plain Region (LGPR), East
Coast Plain and Hill Region (EPHR) and Southern Plain and Hill
Region (SPHR), respectively. Crop sequences in Ludhiana, Hissar,



Table 1
Agroclimatic characteristics of Energy–Water Balance (EWB) and Land Surface Processes Experiment (LASPEX) study regions.

Experiment Study region Central co-ordinates Agroclimatic regions Cropping pattern Soil type R/E

Longitude Latitude

EWB Kalyani, West Bengal 888200E 238070N LGPR Rice–rice New alluvial 1.68

Hissar, Haryana 758420E 298170N TGPR Cotton–wheat New alluvial 0.22

Khurda, Orissa 858430E 208120N EPHR Rice–rice Laterite 1.18

Dhenkanal, Orissa 858480E 208520N EPHR Rice–groundnut Laterite 1.18

Bijapur, Karnataka 758350E 168500N SPHR Fallow–sorghum Black soil 0.25

Ludhiana, Punjab 758410E 308490N TGPR Rice–wheat New alluvial 0.38

Karimnagar, Andhra

Pradesh

788570E 188500N SPHR Rice–rice Black 0.45

LASPEX Anand 728550E 228350N Middle Gujarat

Agroclimatic

Zone (GPHR)

Mixed crops Old alluvial 0.43

kharif: Rice, cotton,

pearlmillet

Rabi: Wheat, tobacco

LGPR: Lower Gangetic Plains Region, TGPR: Trans-Gangetic Plains Region, EPHR: East-coast Plains & Hills Regions, SPHR: Southern Plateau & Hills Region, GPHR: Gujarat

Plains and Hills Region. R/E = Annual rainfall (mm)/Annual pan evaporation (mm). Kharif: June–October. Rabi: November–April.
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Dhenkanal and Bijapur were rice–wheat, cotton–wheat, agricul-
tural fallow–groundnut and agricultural fallow–sorghum spread
over Trans-Gangetic Plain Region (TGPR), TGPR, EPHR and SPHR,
respectively. These crops represent a wide variety of crop groups,
cereals (e.g. rice, wheat), millets (e.g. sorghum), oilseeds (e.g.
groundnut), fibres (e.g. cotton), differing largely in canopy
architecture, phenological development and physiological
response to agroclimatic conditions. EWB regions represent a
wide variety of soil types such as new alluvial and old alluvial,
laterite and black soils. Ratio (R/PE) of cumulative annual rainfall
(R) and pan evaporation (PE) varied between 0.22 and 1.68. The
LASPEX region is situated in Gujarat Plains and Hill Region (GPHR).
General land use of this region is mixed crops with rice, cotton, and
pearlmillet (Pennisetum typhides) in kharif, and wheat and tobacco
(Nicotinia tabaccum) during rabi, with heterogeneity in canopy.
Among the wide variety of soil types in this region, the central
station, Anand, has old alluvial soil with sandy loam texture. This
station has a low R/E ratio (0.43).
Table 2
Details of in situ measurements and sensor accuracies.

Observational set up Type of observations Parameters

EWB portable

measuring unit

Radiation Incoming shortwave radiation

Outgoing shortwave radiation

Incident, reflected and

transmitted PAR

Net radiation

Canopy temperature

Multi-level meteorological

parameters at 0.25 m,

0.5 m and 1 m above

canopy using MAWS

Air temperatures

Relative humidity

Wind speed

Biometric Leaf area index (LAI)

Soil Soil moisture

LASPEX towers Radiation Incoming shortwave radiation

Outgoing shortwave radiation

Net radiation

Soil heat flux at 0.1 and 0.2 m

depth (only at Anand)

Four level (1 m, 2 m, 4 m

and 8 m above ground)

meteorological parameters

Air temperature

Relative humidity

Wind speed

Eddy correlation system

(only at Anand)

Sensible heat flux
3. Observations and datasets

3.1. In situ measurements

In the EWB regions, automated measurements of radiative
fluxes during the intensive observation period (IOP) were carried
out for 2–3 consecutive days using portable sensors at 14-day
interval during 1st and 3rd week of each month between February
2004 to May 2006. Data were collected within homogeneous
(2 km � 2 km) crop patches at three replicated locations, one at a
central location and the other two diagonally at 500 m distance on
both the directions from central location. The measurement
interval (14-day) generally corresponds to transition in crop
phenological stages. Each IOP for 2–3 consecutive days increased
the possibility of number of clear sky days for in situ measure-
ments. Radiation quantities included insolation, albedo, incident
PAR (Photosynthetically Active Radiation) and its reflected and
transmitted components from and below canopy, net radiation,
Sensors used Instrument source Accuracy

Pyranometer Kipp & Zonen: SP LITE �5–10 W m�2

Pyranometer (inverted) Kipp & Zonen: SP LITE �5–10 W m�2

Line quantum sensor LICOR: SUNSCAN �5 mmolm�2 S�1

Net radiometer Kipp & Zonen: NR LITE �5–10 W m�2

IR thermometer Telatemp �0.5 8C

Platinum resistance

thermometer

PT 1000 �0.1 8C

Hygrometer MP 101A �0.3%

Cup anemometer A100R �2%

Canopy analyzer LICOR: LAI 2050 �0.1

Time domain reflectometer SDEC: France �5%

Pyranometer DWR8101 �5 W m�2

Pyranometer DWR8101 �5 W m�2

Net radiometer DNR110 �5 W m�2

Heat flux plate REBS, USA �5 W m�2

Platinum resistance

thermometer

PT 1000 �0.1 8C

Capacitance �0.2%

Cup anemometer DWA 8600B �2%

3-D sonic anemometer METEK, Germany 1% for wind

speed and air

temperature
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and surface temperature. Measurements of air temperature,
relative humidity and wind speed at 0.25, 0.5 and 1 m above crop
canopy were also recorded during the IOP using portable height-
adjustable multi-level automatic weather stations (MAWS).
Measurements with MAWS were taken only at a central location
within a 2 km � 2 km homogeneous patch. Data on radiation and
MAWS measurements were recorded between 1 h past sunrise and
1 h before sunset at half-hourly and 10 min intervals, respectively.
The MAWS data were stored in a data logger for Bowen ratio
computation. Similar radiation and Bowen ratio measurements
using portable sensors were also used by Kar and Kumar (2007) to
study surface energy fluxes in irrigated groundnuts. Data on PAR
(photosynthetically active radiation) balance components such as
incident (iPAR), reflected (rPAR) and transmitted (tPAR) PAR below
canopy, biometric quantities such as leaf area index (LAI) and
volumetric soil moisture at 0.1, 0.25 and 0.4 m depth were also
collected in three replicates at a distance of 500 m in a diagonal
transect using canopy analyser (Chaurasia et al., 2006), line
quantum sensor (Purcell, 2000) and time domain reflectometer
(Inoue et al., 2001) (Table 2), respectively. Data could not be
recorded on rainy days, on persistent cloudy and chilly winter days
especially during south-west and north-east monsoon periods or
during western disturbances (extratropical storm originating in
the Mediterranean region, that brings sudden rainspells through
Afghanistan and Pakistan to the north-western parts of India
during November to March).

In the LASPEX region, automated measurements (Vernekar
et al., 2003) of radiative fluxes and air temperature-humidity (at 1,
2, 4 and 8 m high), soil temperatures (at depths 0.025, 0.05, 0.1, 0.2,
0.4 and 1.0 m), and rainfall were carried out during the IOP (13–
17th of each month between January 1997 to February 1998) at
1 min interval. These high frequency measurements were aver-
aged for every 30-min to generate the validation datasets for
satellite estimates. Eddy correlation measurements of sensible and
soil heat fluxes were only available at the central station, Anand.
Therefore, only Anand data, among five stations, were used for
validation purposes. Details of EWB and LASPEX instrumentation
are given in Table 2.

3.2. Satellite data

MODIS is a polar orbiting satellite with a large swath of
2300 km designed by NASA Goddard Space Flight Centre. MODIS
AQUA was launched on May 4, 2002 and its everyday equatorial
crossing time is around 1:30 pm (‘noontime’) and 1:30 am
(‘midnight’). The MODIS instrument has high radiometric sensi-
tivity (12 bit) having 36 spectral bands between 0.4 and 14.38 mm.
The spatial resolutions are 250, 500 and 1000 m depending
upon different spectral band regions (Tatem et al., 2004). Tiles of
MODIS AQUA daily land surface temperature (LST) V004 (1200
rows � 1200 columns) product (MYD11Q1) at 1 km spatial
resolution and seven band surface reflectance (2400 rows � 2400
2400 columns) product (MYD09Q1) at 500 m spatial resolution in
integerised sinusoidal grid projection (ISIN) covering the Indian
sub-continent were acquired through EOS Data Gateway (http://
lpdaac.usgs.gov) for all the days coincident to available clear sky
EWB in situ measurements. These data products were obtained in a
Hierarchical Data Format (HDF). There were seven tiles required to
cover EWB regions spread over Indian landmass on any specific
date. The total number of days of MODIS data analysis was 168.

Since MODIS AQUA was launched in May 2002, the energy flux
estimates over LASPEX region was carried out using NOAA-14
AVHRR optical and thermal data. NOAA is also a polar orbiting
satellite with a large swath of 2399 km. AVHRR is a broadband, five
channel (visible, near infrared, middle infrared and split thermal
infrared bands) scanning radiometer. This passes from south to
north over the equator in the afternoon around noontime (between
12:30 h and 15:30 h). NOAA -14 AVHRR 1.1 km � 1.1 km local area
coverage (LAC) noontime data in five bands covering the LASPEX
region were acquired from NOAA Satellite Active Archive (SAA)
comprehensive large array-data stewardship system (http://
www.class.noaa.gov/saa/products/welcome) for all the LASPEX
IOP dates. A total of 22 cloud free NOAA AVHRR scenes were used
for further processing.

4. Methodology

4.1. Model description

Latent heat flux (lE) is generally computed as a residual of the
surface energy balance (Kustas et al., 1994; Moran et al., 1994;
Bastiaanssen et al., 1998a; Mallick et al., 2007). A single-source
(soil–vegetation system considered to be a single unit) surface
energy balance can be written as,

Rn ¼ H þ Gþ lE (1)

where Rn is the net radiation (W m�2), H is the sensible heat flux
(W m�2), G is the soil heat flux (W m�2).

Further,

Rn� G ¼ Q ¼ H þ lE (2)

is the total surface heat flux, also known as the available energy at
the surface (Nishida et al., 2003).

The latent heat flux can be estimated as a residual from Eq. (1)
or (2),

lE ¼ Rn� G� H ¼ Q � H (3)

Eq. (3) can also be written as (Shuttleworth et al., 1989; Nishida
et al., 2003),

lE ¼ QL (4)

where L is the evaporative fraction: (lE/H + lE) = (lE/Q)
The evaporative fraction (L), an index of lE at any particular

instance (Shuttleworth et al., 1989), can also be called latent heat
flux fraction. It expresses the ratio of the actual to the crop
evaporative demand when the atmospheric moisture conditions
are in equilibrium with the soil moisture conditions. The
instantaneous values can be used to calculate the daily values
because L tends to be constant during the daytime hours, although
H and lE individually vary considerably. The difference between
the instantaneous L at noontime satellite overpass and the L
derived from the 24-h integrated energy balance is marginal and
may be neglected (Crago, 1996). With no other sources/sinks of
heat in the atmosphere and soil, and assuming energy balance
closure at any instance throughout the day,

lEnoon ¼ ðRn� GÞnoonLnoon ¼ ðRnnoon � GnoonÞLnoon (5)

The subscript ‘noon’ indicates the instantaneous noontime flux
estimates at satellite overpass. The computational steps of Rnnoon,
Gnoon and the symbols (including those not explained here) are
given in Appendices A and B, respectively. The Lnoon was
determined from LST–albedo two-dimensional space (Section
4.1.1.2). At a given energy balance closure, L determines the
proportion of available energy at the surface utilized for surface-
atmosphere moisture fluxes as soil evaporation and canopy
transpiration through latent heating. The sum of these two
evaporative moisture losses from soil and canopy is called
evapotranspiration. L can only be computed from energy balance
terms. But evapotranspiration loss can also be computed from soil
water balance components apart from conversion of energy units
(used as latent heat) into water equivalent.

http://lpdaac.usgs.gov/
http://lpdaac.usgs.gov/
http://www.class.noaa.gov/saa/products/welcome
http://www.class.noaa.gov/saa/products/welcome


Fig. 1. Conceptual two-dimensional diagram of land surface temperature, LST (=Ts)

and surface albedo to generate evaporative fraction using wet and warm surfaces

assumption. H and lE are sensible and latent heat fluxes, respectively. Hmax is the

maximum sensible heat flux when lE = 0; lEmax is the maximum latent heat flux

when H = 0. Dry (DC) and wet (EF) edges represent maximum (TH) and minimum

(TlE) LST lines, respectively, corresponding to given albedo in a two-dimensional

scatter. ‘B’ is the point of inflection when Ts starts decreasing with increase in

albedo. With the assumption of constant global radiation and air temperature, a

triangular relationship is established between the surface albedo and Ts. This

relationship could be applied to derive evaporative fraction on a spatial context if

wet and dry pixels are present within a given (100 km � 100 km or

200 km � 200 km) image scene.
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4.1.1. LST–albedo two-dimensional (2D) space and evaporative

fraction

4.1.1.1. Assumptions and theory. For the estimation of daily
evapotranspiration, the major assumptions while using the single
noontime observations from any polar orbiting satellite is that (i)
the evaporative fraction (L) remains constant for all the overpass
times associated with a daily satellite image. The diurnal variation
of the evaporative fraction is often quite similar to that of lE�Q�1,
lE�Rn�1 and lE�Rs�1 (Rs is shortwave radiation or surface
insolation). With this assumption of self-preservation (conserva-
tive relative partition of the energy flux among its components) in
the diurnal behaviour of the energy balance, L can be considered
as constant throughout the day, (ii) this assumption holds only for
those environmental conditions where soil moisture does not
exhibit significant dynamics throughout a day (e.g. Crago, 1996;
Nichols and Cuenca, 1993; Shuttleworth et al., 1989), (iii)
sometimes variable and cloudy weather conditions induce
significant variability in L. So, diurnal self-preservation of L is
maintained in clear sky days.

A two-stage relationship exists between LST (=Ts) and albedo in
the areas of uniform atmospheric forcing: (i) the relation of Ts and
albedo with soil moisture and (ii) combination of both relation-
ships. When the soil is wet, its reflectance is 2–3 times less than
when the soil is dry and it affects the available energy at surface.
There exists an exponential relationship between reflectance and
surface soil moisture (Bastiaanssen et al., 1998b). Soil moisture
content controls Ts and their relationship changes continuously
throughout the day depending upon various other factors
(insolation, latent heat, soil temperature and air temperature).
That is why a third order polynomial relationship exists between
surface soil moisture content, surface reflectance and Ts (Bas-
tiaanssen et al., 1998a). The equilibrium between energy supply
(radiation balance) and energy used (energy balance) is also
maintained by Ts. Surface albedo determines the amount of
outgoing shortwave radiation. It has been demonstrated (Bas-
tiaanssen et al., 1998a,b) that in the Ts–albedo 2D scatter plots, Ts

has an increasing slope until a certain point of inflection. Dry areas
(deep ground water table in sandy soils, limestone plateaux) have
the largest albedo and represent the warmest spots. Coldest land
surface elements such as irrigated lands or water bodies are
generally the wettest. The increasing and decreasing slopes in the
Ts–albedo relationship (Fig. 1) has a physical meaning (Bastiaans-
sen et al., 1998a). The increasing slope is ‘evaporation’ controlled
since wet surfaces will evaporate more moisture and hence keep
land surface temperature low. When more water is evaporated
from the surface, the colour of the land surface becomes brighter,
hence albedo increases. Since less water is available for cooling, Ts

also increases simultaneously. At a certain point when moisture
from the land surface is completely depleted, the evaporation
process fades out. Subsequently, due to the increasing albedo,
incoming radiation is increasingly reflected and at the point of
inflection Ts again starts decreasing. At this point, when the
evaporation term is close to zero, the Ts slope will decrease with
increasing albedo. The decreasing Ts slope is then ‘radiation’
controlled. The increasing (evaporation controlled or water
limited) and decreasing (radiation controlled or energy limited)
Ts slopes in LST–albedo 2D scatter plots represent relative
proportioning of total surface heat flux towards maximum latent
heat flux (lEmax) or negligible sensible heat flux (H � 0) and
maximum sensible heat flux (Hmax) or negligible latent heat flux
(lE � 0), respectively. The conceptual diagram of Ts–albedo scatter
is shown in Fig. 1. The increasing and decreasing Ts slopes in the
Ts–albedo scatter represent ‘dry’ and ‘wet’ edges. The intermediate
pixels between two limiting edges will be having different
proportions of latent and sensible heat fluxes. The evaporative
fraction derived in the present study makes use of heterogeneous
surface characteristics of the spatial domain. With the presence of
wet, cold pixels and dry, warm pixels it is possible to derive
evaporative fraction within one image scene provided the atmo-
spheric conditions (global radiation, air temperature) are constant
over the image. The pixel values in the Ts–albedo plot are bound by
minimum (TlE) and a maximum (TH) LST lines (Fig. 1). A different
wind speed can change the upper and lower limits of Ts, but as long
as the wet and dry pixels are present in an image scene this method
is applicable. Some illustrative LST–albedo scatters are discussed in
Section 5.1.

4.1.1.2. Determination of Lnoon. Evaporative fraction (L) can be
approximated from Ts–albedo 2D scatters according to Roerink
et al. (2000), to estimate lE, which is hereafter designated as
EFRSM (RSM refers to Roerink–Su–Menenti) approach. This was
initially tested with high resolution (�60 m) single image scenes
from LANDSAT TM only over three different crop fields. Later, it
was applied over European forest (Verstraeten et al., 2005) with
a moderate resolution (�1 km) satellite sensor (e.g. NOAA
AVHRR) data. In the present study, this approach has been
exhaustively tested over large and diverse agricultural land-
scapes at different growth stages to evaluate its operational
utility with moderate resolution high repeat polar orbiting
satellite data

L ¼ lE

H þ lE
� TH � Ts

TH � TlE
(6)

TH is the maximum LST on dry edge computed as linear function of
surface albedo, TlE is the minimum LST on wet edge computed as
linear function of surface albedo, Ts is the pixel LST

Within a given image scene, the paired sets of LST and albedo
were sorted to find out the maximum and minimum LST
corresponding to different albedo classes from a 200 � 200
sampling window. In the present study, determination of
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evaporative fraction was attempted with data from noontime
acquisitions (L = Lnoon) of MODIS AQUA and NOAA AVHRR.

The advantages of deriving L from LST–albedo two-dimen-
sional space are:

(i) Evaporative fraction can be estimated from LST–albedo
contextual image space using scene-based simple empirical
relations through normalization of LST between upper (dry
edge) and lower (wet edge) limits.

(ii) This avoids the computational complexities of sensible heat
flux (H). The estimation of lE is independent of ancillary
ground data support, therefore, making this approach oper-
ationally viable based on strong scientific rationale.

The limitations are given below:

(i) Diurnal variability of ‘H’ and its implications for daytime latent
heat fluxes is not considered and replaced by self-preservation
of evaporative fraction throughout the day. This assumption
may not hold for large diurnal variability of evaporative
fraction.

(ii) Significant variability in L occurs due to intermittent cloudy
skies within a day though having a clear sky at the time of
image acquisition. This could lead to significant errors in the
estimated L and lE.

(iii) While estimating evapotranspiration over European forests
Verstraeten et al. (2005) had shown that L is highly sensitive
to dry edge intercept. A decrease of 5 K in dry edge intercept at
a fixed wet edge intercept can reduce L to the order of 77%
from original.
Fig. 2. Flow chart of latent heat flux (lE) estimation using optical and thermal infrar

abbreviations are explained in the Appendix B.
4.1.2. Estimating daytime latent heat flux (lEd)

Using noontime acquisition, the major assumption for the
estimation of daytime latent heat fluxes is that L remains constant
at all the overpass times associated with a daily satellite image
(Verstraeten et al., 2005). With the assumption of self-preservation
(conservative relative partition of the energy flux among its
components) in the diurnal evolution of the energy balance, L
can be taken as constant throughout the day. From several in situ

measurements, L has been found to be fairly time invariant during
the daytime (Brutsaert and Chen, 1996; Crago and Brutsaert, 1996).
This assumption holds for environmental conditions where soil
moisture does not change significantly within a day (Crago, 1996;
Nichols and Cuenca, 1993) and a combination of weather conditions,
soil moisture, topography, and biophysical conditions contribute to
the conservation of L. The same assumption was also used in other
studies with single-source satellite based ET estimation schemes
(Batra et al., 2006; Bastiaanssen et al., 1998a; Farah et al., 2004).

Therefore,

Ld �Lnoon and lEd ¼LdQd (7)

For clear sky days, the diurnal Rn and Q exhibit typical sinusoidal
variation between sunrise (trise) to sunset (tset), like insolation
(Zhang and Lemeur, 1995; Bisht et al., 2005). Qd was estimated by
implementing the sinusoidal model given by Bisht et al. (2005).
This model assumes that the diurnal course of Q follows the course
of solar radiation throughout the daylight period in clear sky days
from sunrise (trise) to sunset (tset).

Qd ¼
2Qnoon

p sin½ððtsat � triseÞ=ðtset � triseÞÞp�

� �
(8)
ed band data from MODIS AQUA and NOAA AVHRR sensors. All the symbols and
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4.2. Satellite data processing

On each EWB IOP date, mosaics of seven tiles of MODIS AQUA LST
were prepared to generate a LST field of 1 km of Indian subcontinent.
Seven-band (0.62–0.67 mm, 0.841–0.876 mm, 0.459–0.479 mm,
0.545–0.565 mm, 1.23–1.25 mm, 1.628–1.652 mm and 2.105–
2.155 mm) tiled reflectance products at 500 m were used to prepare
band specific reflectance mosaic for Indian sub-continent. Mosaic
reflectances were resampled up to 1 km from 500 m to make it
compatible with the spatial resolution of LST. Each LST and
resampled reflectance mosaic contain 4800 rows and 4800 columns
in ISIN grid projection at 1 km resolution. Different energy balance
components such as Rn, G, L and lE were generated from mosaic
products using the single-source approach (refer Section 4.1). These
outputs were then reprojected to geographic grids (0.0098� 0.0098).
Cloud-free NOAA AVHRR LAC (local area coverage) noontime data
containing all the five bands, red (0.58–0.68 mm), near-infrared
(0.72–1.10 mm), middle-infrared (3.55–3.93 mm) and two thermal
infrareds (10.32–11.32 mm and 11.5–12.5 mm), were georegistered
and subsets containing common coverage across different dates
were retained for further processing. Surface reflectances in red and
near-infrared bands were generated on cloud free days using
radiometric correction of top-of-atmospheric (TOA) reflectances
with Simple Model for Atmospheric Correction (SMAC) code
(Rahman and Dedieu, 1994). Precipitable water computed from
vertical profiles of air temperature and humidity from noontime
(12:00–13:00 h LMT) radiosonde observations (Bhattacharya and
Dadhwal, 2003) at Anand and clear sky visibility data from nearest
surface observatory, as well as average ozone content (300 dobson
unit), were used as inputs to SMAC. Brightness temperatures in
channel 4 (10.32–11.32 mm) and 5 (11.5–12.5 mm) were computed
using inverse Planck’s function and land surface temperature (LST)
was retrieved from them using split-window algorithm (Becker and
Li, 1990). The surface reflectances and LST were further used as
inputs in the single-source energy balance (refer Section 4.1)
framework to generate estimates of Rn, G, L and lE. The processing
flow with MODIS AQUA and NOAA AVHRR data is shown in Fig. 2.
Fig. 3. Illustrative examples of LST–albedo 2D scatters over a sampli
4.3. Preparation of validation datasets

The mean of replicated in situ net radiation measurements at
30 min interval over EWB homogeneous crop patches and 30-min
average Bowen ratio from 10 min MAWS air temperature and
humidity measurements were computed for EWB IOP dates. Soil
heat fluxes (G) were computed at 30-min intervals from measured
mean LAI, extinction coefficient (Kc) and 30 min mean net
radiation (Rn) using the known formulation (G = 0.4 Rn exp(�K-

KcLAI)) given by Choudhury et al. (1987) and later used by Kar and
Kumar (2007) over irrigated groundnut in India. Kc was computed
by inverting Beer’s law (tPAR = iPAR exp(�KcLAI)) using mean tPAR

(transmitted photosynthetically active radiation), iPAR (incident
photosynthetically active radiation) and LAI measurements.
Latent heat fluxes were computed from measured net radiation,
Bowen ratio (b), computed soil heat fluxes at 30 min interval
using residual Bowen ratio energy balance (BREB) technique
(Perez et al., 1999). Daytime averages of lE were computed from
30-min lE data. Noontime (at 1330 h local mean time coincident
to time of overpass of MODIS AQUA) in situ lE averaged from
replicated data and their daytime averages were used to compare
to MODIS AQUA-based estimates. Quality check on Bowen ratio
data was done based on rejection criteria set by Ohmura (1982)
and thereafter Perez et al. (1999). Therefore, a small number of
days (33 days) out of a total of 168 clear days in EWB that
correspond to rejected ‘b’, were excluded from latent heat flux
validation purposes.

Thirty-minutes averages of tower radiation and other meteor-
ological variables (except rainfall) were computed from 1 min
sampling during IOP over five LASPEX tower locations. Noontime
instantaneous (near synchronous to AVHRR overpasses between
1230 and 1530 h) as well as daytime average lE were computed
as a residual from Rn, G and eddy correlation H measurements on
IOP days only at central station, Anand. G was not measured at
four other stations (Sanand, Derol, Arnej and Khandha) and
therefore data from these stations were not used for validation
of lE.
ng window (200 � 200) in different agroclimatic regions (ACRs).
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5. Results and discussion

5.1. LST–albedo scatter plots

The dry and wet edges were determined from LST–albedo
scatter plots to generate evaporative fraction over the study
domain and its subsequent conversion to latent heat fluxes. Some
illustrative examples of LST–albedo scatter plots from MODIS
AQUA and NOAA AVHRR over different agroclimatic regions (ACRs)
are shown in Fig. 3a–h. It is clear that the scatter plots represent a
wide variety of surface dryness-wetness conditions. The pixels
with low reflectance and high temperature (dry dark soils) and
vice-versa (wet light coloured soils) were present in all the study
domains. The shape of the triangular scatters varied widely
depending on the agroclimatic settings. The solid lines drawn over
the scatters (Fig. 3a–h) revealed the two reflectance to temperature
relationships for lEmax(a) and Hmax(a) (a is the surface albedo).
The relationships can be described by:

TH ¼ pH þ qHa (9)

TlE ¼ plE þ qlEa (10)

The regression parameters, p and q, are location and time specific.
A close look at the illustrated scatters revealed the wet edge to

become steeper or flatter depending on the surface wetness
conditions, growth stage and canopy architecture (open canopy or
closed canopy). In TGPR, the majority of the land was covered by
irrigated wheat crop (closed canopy) during the first week of
February and as a result the wet edge slope is flatter on 7 February
2005. In contrast, the wet edge on 7 May 2005 was steeper than on
7 February 2005 because vast land areas almost remained fallow
after the harvest of wheat crop. The wet edge slope on 19 October
2005 was almost equal to that found for 7 May 2005 because the
rice and cotton crop attained maturity that led to differential
surface controls in the spatial domain. The open canopy of cotton
and its branching habit also affected the angle of the slope.
Fig. 4. Scatter plots between in situ noontime evaporative fraction and LAI for (a) rice (bo

rabi sorghum, (e) all the EWB pure crops pooled together and (f) LASPEX mixed crops. Ma

(BC) and maximum evaporative fraction line (AC). In all scatter plots, the hypotenuse
Following the same principle, the wet edge slope on 8 December
2005, 2 January 2006 and 14 May 1997 over SPHR, EPHR and GPHR
were much steeper. However, it was flatter on 21 April 2005 and 19
April 2006 over LGPR and SPHR due to the uniform cover types of
irrigated rice crop in that particular domain. The landscapes
dominated by relatively dry surfaces generally exhibit a flat dry
edge slope reaching up to or beyond albedo values of 0.3. Dry edge
slope steepness increases during transition of landscapes from
drier to wetter conditions or heterogeneous to homogeneous
canopy (e.g. 7 February 2007 at TGPR and 19 April 2006 at SPHR).
The scatters, in general, showed the strong dependence of the
slopes of limiting edges on biophysical properties (e.g. canopy
type, growth stage) and background soil wetness that ultimately
determine the evaporative fraction.

5.2. Evaporative fraction versus LAI and NDVI

The analysis of in situ measurements (not presented here)
revealed that the maximum partitioning of Rn to lE was generally
associated with the peak crop growth stage occurring between
vegetative and reproductive phases. At this stage, soil evaporation
becomes negligible and canopy transpiration reaches maximum
values. This raised the following questions: (i) How is the relative
contribution of these components to system lE linked to dynamics
of surface cover? (ii) How is the evaporative fraction related to LAI
or NDVI for a variety of agro-land uses? (iii) Can the relationships
be predicted for future applications? Two-dimensional scatter
plots between noontime (near synchronous to MODIS AQUA
overpass time) in situ L and LAI for individual crops (Fig. 4), as well
as pooled over all the EWB crops resulted in prominent triangular
patterns (DABC) for most of the agricultural systems (Fig. 4b, c, d
and e) except for some irregular datasets in rice systems (Fig. 4a)
that have significantly different growing conditions (maintaining
high soil wetness or standing water except for grain filling stage) as
compared to other systems. Triangular patterns (DABC) were also
noticed between in situ L and NDVI over EWB (Fig. 5a–e) and
th kharif and rabi) pooled over LGPR, TGPR, SPHR and EPHR, (b) wheat, (c) cotton, (d)

jority of the scatters are in a triangular space (DABC) with ‘basal line’ or hypotenuse

or ‘basal line’ represents a linear increase in evaporative fraction with LAI.
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LASPEX (Fig. 5f) regions, respectively. Prominent and distinct
triangles were also found within the image domain between EFRSM

derived L from LST–albedo scatter and NDVI. Such examples are
shown in Fig. 6a for a landscape and in Fig. 6b with respect to
an intensively grown large area wheat patch. The existence of a
L-NDVI triangular relation is thus established by both in situ as
well as satellite-based spatial observations. L is influenced by both
NDVI or LAI, and surface soil wetness. The hypotenuse (BC) or
‘basal line’ in the triangle (Fig. 5a, b, and c) represents minimum L
that increases linearly with LAI or NDVI. Moreover, LAI and NDVI
are related at local to regional and global scales (Myneni et al.,
1999; Chaurasia et al., 2006). The arm (AC) connecting the base
(AB) and the hypotenuse (BC) of the triangle (DABC) represents
maximum L between bare soil and maximum canopy cover
conditions with no deficit of soil moisture. The basal line explains
the contribution of canopy transpiration to L. Any point above the
‘basal line’ reflects some contribution of soil evaporation to L. For a
vegetated surface with invariant surface soil wetness conditions, L
increases with higher canopy growth through leaf area develop-
ment vis-à-vis NDVI. For bare soil, with almost invariant NDVI, it
increases linearly along the base of the triangle. But when both
NDVI and surface soil wetness are variable, data points fall within
the triangular bounds (DABC). The bound area of the triangles and
their positions within the 2D domain will vary between land cover
types. The differences in triangular scatters among different crops
are also evident from the present experimental datasets as
exemplified in Figs. 4a–d and 5a–d. During periods of full
vegetation cover, the variation in L is reduced because of the
tendency for transpiration from crops to consume most of the
available energy, thereby leaving less energy for direct evaporation
of soil water. The periods of highest variation in L were during the
crop development periods and at senescence when NDVI was less
than 0.5 (Fig. 5). At relatively lower values of NDVI (<0.5) the
impact of soil wetting on L is quite evident. Further analysis was
carried out to investigate the degree of correlation between in situ

L and NDVI for closed (e.g. wheat) and open (e.g. cotton) canopy
crops at different soil wetness levels. In wheat, the correlation
coefficient drastically dropped from 0.98 at low (<0.2) soil
Fig. 5. Scatter plots between in situ noontime evaporative fraction and MODIS AQUA NDVI

(c) cotton, (d) rabi sorghum, (e) for all EWB pure crops pooled together and (f) LASPEX m

increase of evaporative fraction with NDVI.
(surface) wetness class to 0.3 at higher wetness (>0.6) class. A
similar drop in correlation coefficient, from 0.8 to 0.05, was also
found in cotton. The analysis could not be extended to other crops
due to paucity of representative soil wetness data for different
classes. This analysis from experimental data further indicates that
only at low soil surface wetness level, evaporative fraction and
canopy growth are linearly coupled through transpiration when
soil evaporation is likely to be minimum. Assuming simple linear
two-source (soil + canopy) combinations, L comprises of its two
components: canopy L (Lc) and soil L (Ls). The Lc represents
relative (actual/potential) transpiration which is directly con-
trolled by canopy growth and, therefore, has a direct relation with
NDVI. The Ls is relative soil evaporation which may be non-
linearly related to soil surface wetness depending on drying stage
and soil type. Given the components of Rn (Rnc and Rns), L-NDVI
triangular relations could be utilized to estimate lE components,
lEc (canopy) and lEs (soil). Such linear relations could be derived
for diverse crop types with a variety of agroclimatic settings. This
calls for extensive automated in situ measurements of radiation
and energy balance components over a number of years. Moreover,
Lc-NDVI linear relations can potentially be further used to
constrain crop-specific maximum radiation use efficiency (RUE-

max) to derive gross photosynthesis, crop biomass (Field et al.,
1995), productivity and yield using NDVI only.

5.3. Diurnal course of in situ evaporative fraction

The diurnal ratios of in situ hourly (Li) and daytime (Ld)
evaporative fractions between 8:00 and 16:00 h LMT (�4 h from
12:00 noon) averaged over different agricultural land uses and its
coefficient of variation (CV) are summarized in Table 3. Over EWB
crops, the ratios were found to remain very close to 1.0 varying
between 0.90 and 1.1 at most of the hours with a low CV range (6–
14%) except for two irregular values (0.85 and 1.28) in the morning
08:00 h LMT. Even over agricultural fallow, where the surface is more
or less uniform, this ratio remained close to 1.0 during most of the
daytime hours except during morning and late afternoon, for which
sudden low values were observed. Crago (1996) and later Lhomme
for (a) rice (both kharif and rabi) pooled over LGPR, TGPR, SPHR and EPHR, (b) wheat,

ixed crops. In all scatter plots, the hypotenuse or the ‘basal line’ represents a linear



Fig. 6. Examples of scatter between noontime evaporative fraction (Lnoon) from

LST–albedo 2D scatter using EFRSM approach and NDVI (a) over land (soil–canopy

complex) surface including agriculture and (b) over wheat surface. A triangular

pattern (DABC) with hypotenuse representing linearly increasing evaporative

fraction with NDVI has also emerged out in a spatial domain both for land (soil–

canopy complex) as well as crop surfaces.
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and Elguero (1999) showed the conservation of L during most of the
daytime hours using heuristic mathematical models, FIFE measure-
ments and model simulations. On clear days, abrupt changes of L
may occur due to small changes in Q when its magnitude is small
during early morning or evening hours. However, the changes in Q at
Table 3
Diurnal ratio of hourly to daytime in situ evaporative fraction (Li/Ld) over different a

Time of day (h) Mean and CV (%) of (Li/Ld) over different crops

EWB

Kharif rice Rabi rice Wheat Cotton R

Mean CV (%) Mean CV (%) Mean CV (%) Mean CV (%) M

8 1.15 17 1.26 16 1.16 12 1.07 11 1

9 1.04 9 1.09 9 0.99 12 1.00 12 1

10 1.01 9 0.99 8 0.98 12 1.11 12 1

11 1.01 9 0.97 9 1.00 12 1.03 10 0

12 1.02 7 1.00 9 1.03 8 0.98 7 1

13 0.99 9 1.00 10 0.96 9 0.95 11 0

14 1.01 8 1.01 10 1.00 9 0.99 7 0

15 0.94 12 1.03 15 1.06 10 1.01 15 1

16 1.00 13 0.98 17 0.97 13 1.05 14 0

a ‘G’ was measured at Anand only. Hence, the above ratio is only pr

deviation ¼ ð1=nÞ
P
ðOi � ŌÞ2

h i1=2
; Mean ¼ Ō ¼ ð1=nÞ

P
Oi, where, Oi are the in situ me
higher Q-values during most of the daylight hours lead to a more or
less flat L diurnal curve. They could not clearly establish the role of
soil moisture, biophysical properties, topography on diurnal varia-
bility of L, but noticed the major role of local advection in modulating
its diurnal course.

In LASPEX, over mixed crops at Anand, hourly Li/Ld ratios
varied between 0.71 to 1.37 in kharif and between 0.74 and 1.30 in
rabi seasons with relatively high CV ranges, 5–31% and 4–18%,
respectively. The ratio showed an increasing trend between
morning and afternoon during kharif, but oscillations around the
mean of 1.0 were observed in the rabi season. The present analysis
supports the assumption of diurnal self-preservation of L (refer
Section 4.1.2) over pure crops (e.g. EWB) with uniform canopy. Its
diurnal deviation from 1.0 tends to increase over mixed crops
having non-uniform canopy. The diurnal variability of L was also
reported by Gentine et al. (2007) and Hoedjes et al. (2008) over
highly heterogeneous semi-arid vegetation canopy. The present
findings of the influence of biophysical characteristics (e.g. canopy
heterogeneity) on L, especially over LASPEX semi-arid sites, match
theirs quite well. In heterogeneous canopy, diurnal variability may
occur due to thermal inversions below canopy depending on
degree of water-limited versus energy-limited situations as well as
non-uniform aerodynamic behaviour leading to local micro-
advections within the mixed canopy. The difference in coupling
of soil and canopy to overlying atmosphere also increases with
differential canopy structures within a landscape (Stannard et al.,
1994; Boulet et al., 1998). The diurnal course of L is a complex
phenomenon arising from various feedback relationships between
land (soil–canopy complex) and atmosphere. Therefore, the
constant-L hypothesis is a robust and convenient tool until a
suitable physical model has been developed.

5.4. Validation of satellite-based estimates

5.4.1. Radiation budget variables

The satellite-based algorithm of latent heat flux estimation
presented in this paper depends on available energy (Q) and
evaporative fraction (L). Accuracies of these components depend
on accuracies of estimates of core land surface radiation budget
variables such as noontime insolation, air temperature, surface
albedo, land surface temperature (LST) and NDVI-based surface
emissivity. Noontime instantaneous clear sky insolation estimated
from a calibrated WMO model was found to have a root mean
square error (RMSE) of 50 W m�2 (7% of observed mean) with a
mean absolute error (MAE) 42 W m�2 and a correlation coefficient
(r) of 0.93, when using pooled (number of datasets, n = 186)
gricultural land uses in EWB and LASPEX regions.

LASPEX (Ananda)

abi Sorghum Groundnut Agricultural

fallow

Kharif mixed

crops

Rabi mixed

crops

ean CV (%) Mean CV (%) Mean CV (%) Mean CV (%) Mean CV (%)

.15 10 1.18 4 0.85 18 0.71 10 0.74 6

.08 9 1.14 9 1.04 16 0.92 31 1.10 5

.01 10 0.99 11 0.96 16 0.95 5 1.22 14

.98 12 0.96 11 1.01 12 1.06 8 1.21 6

.01 11 1.06 12 1.09 8 1.23 16 1.26 4

.99 7 1.06 9 1.06 14 1.25 17 1.22 10

.93 7 1.07 11 1.10 10 1.37 20 1.30 18

.06 14 0.96 14 0.92 10 1.28 9 1.28 17

.97 15 0.97 14 0.92 8 1.31 21 1.02 8

esented for Anand. CV = Coefficient of variation = SD/Mean; SD = Standard

asured values of evaporative fraction and O is the mean evaporative fraction.



Fig. 7. (a) Validation of calibrated WMO clear sky insolation model outputs coincident to time of MODIS AQUA and NOAA AVHRR overpasses. (b) Validation of MODIS AQUA

and NOAA AVHRR air temperature estimates pooled over EWB and LASPEX regions. (c) Validation of MODIS AQUA LST over EWB regions.
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datasets (Fig. 7a) over EWB and LASPEX regions. Errors in clear sky
insolation estimates from the currently calibrated model were
close to the RMSE of 51 W m�2 of modeled insolation using MODIS
atmospheric products over Southern Great Plains (SGP) by Bisht
et al. (2005). The RMSE, MAE and ‘r’ in estimated air temperature at
satellite noontime overpasses over pooled datasets (n = 250) were
3.5 8C, 2.9 8C and 0.86 for AQUA and AVHRR, respectively (Fig. 7b).
The RMSE and ‘r’ in the estimated air temperature at MODIS TERRA
overpass by Bisht et al. (2005) were 5.01 8C and 0.79, respectively.
Errors in satellite-based air temperature have been reported as 4 8C
from NOAA AVHRR (Prince et al., 1998). Shortwave albedo
estimates from MODIS narrow optical band reflectances and
NOAA AVHRR red and NIR reflectances were found to be
reasonably good through validation over different land cover
types including agriculture (Liang et al., 2002). However, errors in
albedo from two-band AVHRR reflectances were higher than those
for albedo derived from MODIS seven-band reflectances (Csiszar
and Gutman, 1999). A comparison of MODIS AQUA and NOAA
AVHRR noontime albedo estimates and limited in situ measure-
ments over agroecosystems in EWB and LASPEX regions showed a
RMSE of 0.024 (15% of measured mean) and 0.04 (24% of measured
mean), respectively. While validating MODIS albedo over a paddy
field in Japan, Susaki et al. (2007) found an RMS error of 0.026
(15.1% of measured mean). The LST error from NOAA AVHRR was
found to be within �2 K by Qin et al. (2001). Retrieval of LST over
LASPEX region using NOAA AVHRR thermal data and its comparison
with near synchronous air and surface (at 0.025 m) soil temperatures
were already discussed by Bhattacharya and Dadhwal (2003).
Comparison of MODIS AQUA LST and limited measurements with
IR thermometer showed MAE and RMSE to be of the order of 1.8 and
2.0 K with ‘r’ = 0.95 over homogeneous EWB crop patches (Fig. 7c).
Other validation studies showed RMSE values between �1 K with
MODIS TERRA LST (Wan et al., 2002). Very recently, Wang et al. (2008)
also reported a RMSE of MODIS AQUA LST of the order of 2.5 8C over
corn and soybean fields in Illinois.

5.4.2. Latent heat flux (lE)

This section describes the comparison of MODIS AQUA derived
lEnoon and lEd using EFRSM approach with in situ measurements. In
EWB regions, on clear sky IOP dates, the lEnoon and lEd estimates
from MODIS AQUA averaged over 2 � 2 (representing 2 km � 2 km
homogeneous crop patches) pixels and near-synchronous 30-min
average of in situ measurements were grouped according to crop
types including agricultural fallow. Error statistics (bias, MAE,
RMSE) and correlation coefficient (r) are summarized in Table 4. In
EWB, the RMSE for lEnoon estimates varied between 23 and
53 W m�2 with correlation coefficient (r) between 0.82 and 0.96.
The overall RMSE in lEd were found to be less (16–37 W m�2) with
high correlation coefficient (r = 0.85–0.96) over EWB crops. It was
41 W m�2 (13% of measured mean) and 23 W m�2 (10.5% of
measured mean) for lEnoon and lEd estimates with pooled datasets
producing r = 0.94 and 0.96, respectively. On the other hand, the
present approach yielded relatively high RMSE of 59 W m�2 (22%
of measured mean) and 28 W m�2 (15% of measured mean) in
lEnoon and lEd estimates with r = 0.66 and 0.82 at Anand in LASPEX
region (instantaneous G was available only at Anand). The
validation plots of lEnoon and lEd estimates with pooled datasets
over both EWB and LASPEX are shown in Fig. 8a–d, respectively.
The ACR wise (LGPR, TGPR, EPHR, SPHR) analysis (Table 5) of lEnoon

produced RMSE and ‘r’ values between 28–48 W m�2 and 0.87–
0.97 for EWB crops. As compared to lEnoon, the RMSE values in lEd

(Table 6) over LGPR, TGPR, EPHR and SPHR were found to be less
(19–27 W m�2), with a high correlation coefficient (r = 0.90–0.98).
Examples of time series plots of estimated and in situ lEd over
diverse agroecosystems are shown in Fig. 9a–g. Differences
between these two were larger over mixed crops as compared



Table 4
Comparison of error statistics of noontime (lEnoon) and daytime (lEd) latent heat flux estimates from EFRSM approach over agricultural land uses with those from EFJI

approach.

Study regions Crop lEnoon (W m�2) lEd (W m�2)

Mean bias MAE RMSE r Mean bias MAE RMSE r n

EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI

EWB Kharif rice 0 �68 18 72 23 70 0.96 0.71 �10 �57 14 60 19 72 0.96 0.61 23

Rabi rice 27 �63 34 70 44 84 0.92 0.75 6 �58 19 60 22 73 0.91 0.60 45

Wheat �18 �124 30 126 40 141 0.93 0.69 �13 �81 17 82 24 91 0.94 0.65 20

Cotton �43 �126 43 126 53 134 0.93 0.82 �31 �86 31 86 37 92 0.95 0.82 9

Rabi sorghum 4 �24 19 46 24 64 0.86 0.48 �1 �20 12 31 16 43 0.88 0.53 12

Groundnut �21 �29 33 45 35 53 0.84 0.42 �10 �15 17 34 20 40 0.85 0.20 6

Agricultural fallow 12 �13 36 45 51 56 0.82 0.57 �6 �20 23 33 30 39 0.85 0.62 20

Pooled 5 �65 30 45 41 94 0.94 0.77 �5 �52 18 57 23 70 0.96 0.80 135

LASPEX Kharif mixed crops 38 �43 64 63 71 83 0.47 0.38 20 �38 23 39 25 49 0.96 0.74 7*

Rabi mixed crops �5 �62 46 69 53 81 0.77 0.68 10 �30 24 37 29 48 0.78 0.42 15*

Pooled 9 �56 52 67 59 81 0.66 0.58 14 �32 24 38 28 48 0.82 0.55 22*

Mean bias = (1/n)(Pi � Oi), MAE = Mean absolute error = (1/n)
P

(jPi � Oij), RMSE = Root mean square error = [(1/n)
P

(Pi � Oi)
2]1/2, where, Oi and Pi, are in situ measured and

estimated values of latent heat fluxes, respectively. n is the number of paired datasets. r = correlation coefficient.
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to pure crops. Being grown under puddled conditions, the ranges of
both in situ and estimated lEd were quite high in rice–fallow–rice
system in LGPR (100–375 W m�2) and TGPR (150–475 W m�2) as
compared to other agroecosystems. A cyclical pattern of lEd was
observed, with values ranging between 100 and 275 W m�2, in the
wheat–fallow–cotton system in TGPR. As expected, a significant
contrast in lEd variation was observed from the transition of kharif

rice to wheat in TGPR. Due to low water use in residual moisture
conditions, low ranges of lEd were found in rabi groundnut (100–
200 W m�2) and rabi sorghum (75–200 W m�2) in EPHR and SPHR,
respectively. In mixed crops system at GPHR, it remained around
200 W m�2, with a peak at 220 W m�2.

The estimates of lE, in general, produced relatively high errors
and low correlation coefficients with NOAA AVHRR noontime
Fig. 8. (a) Validation of MODIS AQUA noontime latent heat flux (lEnoon) estimates (W m

estimates (W m�2) over all EWB crops (c) Validation of NOAA AVHRR noontime latent he

Validation of NOAA AVHRR daytime latent heat flux (lEd) estimates (W m�2) over mix
observations as compared to MODIS AQUA, even though the
approach remained the same for both the datasets. Possible
reasons are discussed below:

(i) Accuracies of land surface radiation budget variables: LST,
albedo and NDVI are generally better when derived from
MODIS AQUA (Nishida et al., 2003) than from NOAA AVHRR.
Batra et al. (2006) already reported better accuracy of lE

estimates with recent and improved sensors after comparing
NOAA 14, 16 AVHRR and MODIS TERRA derived products.

(ii) The overpass timings of NOAA AVHRR over LASPEX were not
consistent during the study period varying between 13:00 and
15:30 h LMT due to orbital drift (Gleason et al., 2002). These
could affect instantaneous estimates and daily-averaged
�2) over all EWB crops (b) Validation of MODIS AQUA daytime latent heat flux (lEd)

at flux (lEnoon) estimates (W m�2) over mixed crop at Anand over LASPEX region (d)

ed crop at Anand over LASPEX region.



Table 5
Comparison of error statistics of noontime (lEnoon) and daytime (lEd) latent heat flux estimates from EFRSM approach over different agroclimatic regions (ACR) with those

from EFJI approach.

Study regions ACR lEnoon (W m�2) lEd (W m�2)

Mean bias MAE RMSE r Mean bias MAE RMSE r n

EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI EFRSM EFJI

EWB LGPR 3 �61 22 69 29 83 0.97 0.75 �6 �55 19 60 24 71 0.95 0.71 42

TGPR �10 �100 35 110 48 125 0.87 0.60 �12 �70 20 73 27 83 0.90 0.64 44

EPHR �16 �24 23 37 28 45 0.91 0.75 �12 �17 16 29 19 35 0.92 0.64 10

SPHR 28 �38 36 52 46 70 0.97 0.89 4 �38 17 44 21 59 0.98 0.88 39

LASPEX GPHR 9 �56 52 67 59 81 0.66 0.58 14 �32 24 38 28 48 0.82 0.55 22
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values derived from it. However, MODIS AQUA has consistent
overpass timings around 13:30 h LMT.

(iii) Assumption of conservativeness of noontime (midday) eva-
porative fraction throughout the daytime hours holds good for
pure crops with uniform and homogeneous canopies over
large agricultural landscapes (e.g. EWB). However, relative loss
of its self-preservation tends to increase over mixed and
heterogeneous canopies (e.g. Anand in LASPEX).

In the framework of a single-source approach, the present
errors (23–28 W m�2) of lEd estimates are comparable with or
sometimes lower than the errors reported elsewhere, i.e. of the
order of 36–56 W m�2 (Jiang and Islam, 1999; Batra et al., 2006)
using NOAA AVHRR, 53 W m�2 (Batra et al., 2006) and 18–
28 W m�2 (Cleugh et al., 2007; Mu et al., 2007; Leuning et al., 2008)
using MODIS TERRA data. Till date, hardly any study except the
present one has reported the exhaustive validation of lE estimates
over diverse agroecosystems determined from an evaporative
fraction based approach with moderate resolution high repeat
polar orbiting satellite data.

5.4.3. Intercomparison of EFRSM approach with LST–NDVI triangle

method

Another popular approach (hereafter EFJI) to estimate L and lE

uses LST–NDVI 2D triangular scatter as described by Jiang and
Islam (2001). The estimation of L has been already explained by
Batra et al. (2006) and the same methodology was adopted here for
comparing lE estimates with those from EFRSM approach. Crop-
specific lEnoon and lEd estimates from MODIS AQUA and NOAA
AVHRR using EFJI over EWB were compared with in situ
Table 6
Sensitivity of lEd estimates to core radiation budget inputs.

Input variables Error range Class range lEd error (%)

Insolation (Rsnoon)(W m�2) �10% 300–400 �17

400–500 �14

500–600 �13

600–700 �12

Air temperature (Ta) (8C) �1–3 8C 10–20 �9.5

20–30 �8.5

30–40 �7.5

Land surface

temperature (Ts) (8C)

�1–3 8C 15–30 �7

30–45 �11

45–60 �23

Albedo (a) �0.01–0.03 0.15–0.20 �5.8

0.20–0.25 �6.5

0.25–0.30 �7.0

NDVI �0.05–0.20 0.15–0.35 �1.40

0.35–0.55 �0.28

0.55–0.75 �2.75
measurements. Error statistics (bias, MAE, RMSE) and ‘r’ are
summarized in Table 4. In all the EWB regions, RMSE with EFJI were
higher (53–141 W m�2) for lEnoon estimates as compared to EFRSM.
The correlation coefficient (r) was found to be smaller using EFJI

(0.42–0.82). RMSE was also higher (94 W m�2) (r = 0.77), using
pooled datasets, as compared to EFRSM. Similar kinds of results
were found for lEd estimates, showing relatively high errors
(70 W m�2) and low correlation when using EFJI rather than EFRSM.
The EFJI approach yielded larger RMSE (81 W m�2) in lEnoon

estimates with r = 0.58 at Anand in the LASPEX region; these were
48 W m�2 and 0.55 for lEd estimates. Using EFJI, the RMSE of lEnoon

estimates for EWB crops over different ACRs were also high
between 45 and 125 W m�2 with lower range of ‘r’ between 0.60
and 0.89. The RMSE of EFJI based lEd estimates were between 35
and 83 W m�2 with ‘r’ varying between 0.64 and 0.88 (Table 5).

The above comparison of two approaches revealed that the
range of errors were lower with EFRSM as compared to EFJI for both
pure and mixed crops. Interestingly, the EFJI approach showed
smaller errors (RMSE is 42 W m�2 for lEnoon and 31 W m�2 for lEd)
with pooled datasets during the dry down period for groundnut
and sorghum (in EWB), that are grown in residual moisture after
the recession of south-west monsoon. Correlation was also
substantially improved (0.81–0.83) in these two cases. This has
also brought down the ACR based RMSE (Table 5) in EPHR (45 and
35 W m�2) and SPHR (70 W m�2, 59 W m�2) as compared to other
two. Surface soil moisture is the only major control in EFJI. It plays a
critical role in land surface evaporation during dry down periods
(Granier et al., 2006; Song et al., 2000) only. Therefore,
representativeness of evaporative fraction from EFJI was improved
only during the water limiting phase. In contrast, L estimates
using the EFRSM method are much more realistic under all
circumstances. Albedo and LST take care of both reflective and
emissive properties of the surface thus taking account of both
‘energy’ and ‘water’ limited conditions of evapotranspiration. Note
that the EFJI method was improved by using difference LST (dTs)–
NDVI triangle, by Wang et al. (2006) and Stisen et al. (2008). The
latter study also fitted a second-order polynomial to NDVI to
determine the dry edge instead of using a linear model. However,
the time differential cloud persistence limits its use for operational
purposes.

5.5. Uncertainty analysis

The sources and magnitude of lEd uncertainties were
ascertained through one-dimensional sensitivity tests to each of
five basic radiation budget inputs (Table 6). The lEd decreases
linearly with increasing albedo (a) and LST (Ts) whereas a linear
increase in lEd was observed with increase in insolation (Rsnoon)
and air temperature (Ta). Changes in albedo (0.10–0.30) for all
agricultural locations produced�6.4% error in lEd. A LST error of the
order of�3 8C in the range of 45–60 8C could produce as high as�23%
error in lEd. Errors became half (�11%) in the LST range of 30–45 8C



Fig. 9. Time series plots of satellite estimated and in situ measured daytime latent heat fluxes (lEd) over different agroecosystems. DOY is day of the year.
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and even less for the lower LST range (15–30 8C). The average
accuracies of MODIS AQUA LST and albedo were found to be 2 K and
0.024 (15% of measured mean), respectively, when compared with in

situ measurements. lEd depended in a non-linear manner on NDVI. A
decrease in lEd was found with an increase in NDVI within 	0.35. At
NDVI >0.35, lEd was found to increase with NDVI. The effect of NDVI
error on lEd was less than errors due to LST and albedo. An error range
of�0.05 to 0.2 in NDVI could produce an error in lEd maximum of the
order of �2.8% in the 0.55–0.75 NDVI range. The probable lEd errors
due to �10% error in noontime insolation (Rsnoon) at different Rsnoon

classes, 300–400 W m�2, 400–500 W m�2, 500–600 W m�2 and 600–
700 W m�2 ranged from�12 to�17%. In the present study, the RMSE



Fig. 10. Examples of spatial distribution of monthly consumptive water use (CWU ¼
Xn

i¼1

ETi) from MODIS AQUA over agricultural land uses in Indian subcontinent for

November, December, January, February, March and April. These were the averages over four consecutive years from 2002 to 2006.

Fig. 11. Characteristic profiles of monthly consumptive water use (CWU) from

MODIS AQUA over major rabi crops in different agroclimatic regions of India. These

profiles were extracted by marking region of interests (ROI) over the particular land

cover categories and then the values of ROIs of the same land cover were averaged.

This was done by averaging the ET estimates across four consecutive rabi seasons,

2002–2003, 2003–2004, 2004–2005, 2005–2006.
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in instantaneous clear sky insolation estimates was found to be of the
order of 50 W m�2 (7% of measured mean) with the calibrated WMO
clear sky model (Cano et al., 1986). While estimating latent heat
fluxes over the Northern China Plain using LANDSAT data, Zhang et al.
(2006) found that an error in the insolation of 100 W m�2 produced
an error in lEd of the order of 49 W m�2. An air temperature
estimation error of the order of �3 8C in the ranges of 10–20 8C, 20–
30 8C and 30–40 8C could produce �9.5%, �8.5% and �7.5% error in
lEd. The nature of error propagation due to LST and albedo is opposite
to those due to insolation and air temperature. Thus, the overall
uncertainty in the present lEd estimates (10–15%) could arise due to
inaccuracies in retrieval of basic radiation budget inputs, constant-L
assumption over mixed crops and the inherent bottlenecks associated
with the single-source energy balance approach.

The uncertainties of lEd estimates from single-source approach
over heterogeneous canopy were reduced (French et al., 2005;
Anderson et al., 2007) by using two-source approaches as
demonstrated through ALEXI (Atmosphere-Land Exchange Inver-
sion) model. The RMSE of lEd estimates from ALEXI with diurnal
observations from GOES (Geostationary Operational Environmen-
tal Satellite) data were reported to be less of the order of
18.5 W m�2 with reference to tower measurements including
agroecosystems (Anderson et al., 1997; Anderson et al., 2007).
Even a hybrid approach can be planned for future research using
the current findings on EFRSM L–NDVI scatter and two-source
radiation budget with due consideration on diurnal course of L.

5.6. Regional applications

5.6.1. Consumptive water use

Clear sky time series eight-day lEd and Qd outputs at 0.018 scale
were generated using the present scheme with eight-day MODIS
AQUA LST and surface reflectances for rabi 2002–03, 2003–04,
2004–05 and 2005–06. The lEd (in W m�2) were subsequently
converted to eight-day actual evapotranspiration (ET in mm d�1).
The monthly cumulative ET (mm) or consumptive water use

(CWU ¼
Xn

i¼1

ETi) were computed and averaged over four consecu-

tive rabi seasons. Typical examples of regional scale monthly water
use (averaged over four seasons) for November, December,
January, February and March are shown in Fig. 10 over different



Table 7
Error statistics of wheat yield estimates over different agroclimatic regions (ACRs) covering five major wheat growing states.

ACRs States Ky MAE (kg ha�1) RMSE (kg ha�1) RMSE (% of mean) r Range of CV (%) of BES reported

district yield within an ACR

TGPR Punjab, Haryana 1.04 270 325 8.5 0.76 3–14

UGPR Uttar Pradesh 0.36 240 290 11.8 0.92 5–17

CPHR Madhya Pradesh 0.27 280 360 20.7 0.89 6–30

WDR Rajasthan 0.38 660 820 31.0 0.36 11–32

BES: Bureau of Economics and Statistics. Coefficient of variation (CV) was computed based on reported district yield over a period of 1992–2001. The range of CV was

determined from district CVs.
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agricultural land uses of Indian sub-continent. The monthly CWU
was found to vary between 25 and 160 mm. A distinct dynamic
change in CWU over five months in the Indo-Gangetic plain (IGP) is
evident. This gradually increased from November and peaked in
February, followed by a decrease. This exactly matches the overall
growth dynamics of rabi crops in this crop growing belt. Typical crop
specific monthly CWU patterns are shown in Fig. 11 for rabi crops
such as: wheat, rice, mustard, potato, sorghum and groundnut. It
shows a logical variation in monthly crop water use from the early
vegetative stage to physiological maturity. Temporal variation of
monthly CWU could capture the differences in seasonal water use
among the crops. The regional CWU maps and crop characteristic
profiles are helpful to build-up spatio-temporal climatology on crop
water use and to determine their deviations from the mean at critical
crop growth stages in the current season. In theory, deviations
beyond certain thresholds can assist water management.

5.6.2. Wheat yield prediction

A relative evapotranspiration (RET) based approach (Doorenbos
and Kassam, 1979) was used for wheat yield prediction over a
major wheat growing belt in India. This region comprises of five
states spread over four agroclimatic regions (ACRs) such as TGPR
(Punjab, Haryana), UGPR (Uttar Pradesh), CPHR (Central Plateau
and Hills Region) (Madhya Pradesh) and WDR (Western Dry
Region) (Rajasthan). The advantage of the RET based approach is
that the crop yield can be predicted well in advance before the final
harvest. This predictive method thus typically suits to meet the
operational needs. The RET is related to relative yield (Ry) through
crop response factor (Ky) as given below:

Ky ¼
1� Ry

1� RETt
(11)

Here; RETt ¼

Xn

t¼1

ETt

Xn

t¼1

PETt

(12)

Here, Ky is basically treated as a crop-specific factor for converting
MODIS derived RET estimates into Ry.

PET is the potential evapotranspiration (mm d�1) computed
from Qd (W m�2) using the Priestley and Taylor (1972) formula-
tion. Ry is relative yield which is the ratio of actual yield and
potential yield.

In Eqs. (11) and (12), t is the accumulation period (in days)
(days = ith octad after spectral emergence � 8) of ET and PET

between spectral emergence and physiological maturity.
A common accumulation period was used from November third

octad to March third octad that accounts for ‘effective wheat
growing period’ over the major wheat growing region. The
potential yield of a district was set to the maximum reported
BES (Bureau of Economics and Statistics) yield from the historical
record between 1992 and 2001.

The RET was computed using MODIS eight-day surface reflec-
tances and LST for the rabi 2002–2003, 2003–2004, 2004–2005,
2005–2006 at 0.018 scale. District-wise as well as ACR-wise Ky values
were determined using Eq. (11) from two alternate rabi seasons
2003–2004 and 2005–2006. It was of the higher order in TGPR (1.04)
as compared to three other ACRs where it varied between 0.27 and
0.38. Wheat yield was predicted for two independent rabi seasons,
2002–03 and 2003–04. Time-series MODIS AQUA 250 m NDVI were
used to generate a wheat crop mask (Mallick, 2008) using a
hierarchical decision tree classifier, apriori information on district
wise dominant crops, their average growing period and phenological
characteristics, state forest maps, and the district crop calendar. The
wheat mask was ultimately aggregated to a 0.018 grid.

When compared to reported district BES yield averaged over
each ACR, the predicted wheat yields (Table 7) were found to
produce the highest error (RMSE: 31.0%) in WDR, followed by
CPHR (20.7%), UGPR (11.8%) and TGPR (8.5%). The errors of
predicted yield were found to increase with the inherent wheat
yield variability in these ACRs which are of lowest range (5–14%) in
TGPR followed by UGPR (5–17%), CPHR (6–30%) and WDR (11–
31%). The heterogeneity in wheat sowing dates, cultivars, manage-
ment practices is quite large in WDR and CPHR as compared to
other two that could explain the inherent yield variability. It may
be noted that the present single-source lE estimation approach
works well with relatively uniform and homogeneous canopy
cover. The errors became large with increase in canopy hetero-
geneity. This could have contributed to errors in predicted wheat
yield in CPHR and WDR among the four regions. This emphasizes
the need to improve upon the present lE estimation scheme by
coupling new findings from the current study and two-source net
radiation. The validation plots of predicted district yield within
different ACRs are shown in Fig. 12. As expected, the deviations
from the 1:1 line are larger in WDR and CPHR as compared to the
other two. The overall RMSE of predicted wheat yield was
430 kg ha�1 (15.9% of BES mean) with 89% correlation.

6. Summary and conclusions

The uniqueness of the present study is that a simplified surface
energy balance algorithm was tested with moderate resolution
noontime surface reflectances and temperature data from two
existing high repeat polar orbiting satellites (NOAA and MODIS) to
estimate clear sky latent heat fluxes. This was validated with in situ

measurements over diverse agricultural landscapes including
homogeneous pure crops as well as heterogeneous mixed crops
over India. At the end, the operational usefulness of the algorithm
was demonstrated using multi-season time series of MODIS AQUA
data for regional scale agricultural assessment during rabi season.
The key simplification features are:

(i) LST–albedo 2D scatter plots were utilized to estimate
evaporative fraction bypassing the complexities of direct
computation of sensible heat flux.

(ii) Clear sky insolation, the major energy input, was estimated
using a WMO model, which was calibrated for the Indian sub-
continent. It was further validated with independent datasets
using the new coefficients.



Fig. 12. Validation plots of predicted district wheat yield from MODIS AQUA derived relative evapotranspiration (RET) with respect to BES (Bureau of Economics and Statistics)

reported district wheat yield in four ACRs (TGPR, UGPR, CPHR and WDR) covering major wheat growing region in India.
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(iii) Among various combinations, a shifting window of 20 � 20
pixels within LST–NDVI 2D domain was selected to assign
minimum LST at full canopy cover (corresponding to a upper
limit of NDVI of 0.8 within shifting window) as air temperature
(see Appendix A).

(iv) Air temperature was further utilized to estimate air emissivity
thus eliminating the need of extra input of vapour pressure or
relative humidity (see Appendix A).

The combinations of (ii), (iii) and (iv) reduce the complexities of
computing pixel-by-pixel net radiation. Thus, all the above four
features keep the algorithm solely satellite-based and independent
of ground data support.

The major findings of the study are summarized below:

(A) The edges of LST–albedo scatter plots over different agrocli-
matic settings showed a strong dependence on crop types, crop
growth stages, as well as background soil wetness. This
strengthens the potential of capturing the spatio-temporal
variability of evaporative fraction using moderate resolution
satellite data.

(B) A triangular relation was found between in situ evaporative
fraction and measured LAI or satellite NDVI, over separate
agricultural land uses as well as with pooled datasets. A similar
pattern was also evident in the image domain between
evaporative fraction derived from LST–albedo scatter and
NDVI. The hypotenuse or ‘basal line’ was explained to be
relative transpiration that increases linearly with NDVI. Such
linear relations could be explored in the future to obtain
component (soil and canopy) lE to get better estimates of
system lE.

(C) Diurnal ratios of hourly to daytime average evaporative
fraction from in situ measurements were found to be close
to 1.0 over homogeneous canopy with pure crops, but a gentle
convex shape or slightly oscillating diurnal patterns (around
values of 1.0) were evident over heterogeneous canopy with
mixed crops. This suggests that the assumption of self-
preservation of evaporative fraction is valid for uniform
canopies while physically based diurnal modelling of eva-
porative fraction is needed for heterogeneous canopies.

(D) The errors (RMSE) of daytime latent heat flux estimates from
the present EFRSM approach were found to be 10–15% of
measured means and slightly less using MODIS AQUA
(23 W m�2) as compared to NOAA AVHRR (28 W m�2).

(E) The errors were comparable to those found for other studies
over non-agricultural vegetation types. The comparison of
EFRSM estimates with another known evaporative fraction
(LST–NDVI based) approach (EFJI) showed the supremacy of
the former one. The accuracy of latent heat flux estimates from
EFJI approach was better during the water limiting or dry
drown phase.

(F) The extent of uncertainties of EFRSM scheme associated with the
errors in basic radiation budget inputs from two different
sensors, as well as assumptions behind evaporative fraction
determination and inherent limitations of single-source
approach were clearly brought out. A hybrid approach with
new findings from EFRSM L–NDVI scatter, diurnal L modeling
andatwo-sourceradiationbudgetisproposed for futureresearch
to reduce errors in lE estimates over all agricultural land uses.

(G) The operational potential of the present simplified single-
source scheme was demonstrated at regional scale (0.018 grid)
to determine crop consumptive water use for in-season
assessment and wheat yield prediction using relative evapo-
transpiration. The inherent intra-region variability due to
different levels of heterogeneity was found to have a link with
the error source in lE estimates and thereby on predicted yield.

It appeared from the analysis that the diurnal modelling or
estimation of evaporative fraction combined with a two-source
radiation budget and L–NDVI triangular relations has the
potential to reduce the present uncertainties in the lE estimates.
Diurnal observations from Indian geostationary satellite platforms
and automated in situ flux measurements can be used to improve
lE estimates over the spatio-temporal domain. India’s future
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geostationary meteorological satellite, INSAT 3D, will carry a six-
channel ‘Imager’ having broad optical (1 km), shortwave infrared
(SWIR: 1 km), middle infrared (MIR: 1 km), water vapour (WV:
8 km), split thermal bands (TIR: 4 km) and a 19-channel ‘Sounder’.
The half-hourly observations from both geostationary platform
and the growing network of INSAT-uplinked Agromet station
(AMS) would definitely help in reducing the present uncertainties
of lE estimates over diverse agroecosystems.
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Appendix A

Components of Qnoon Set of equations

A. Rnnoon Rnnoon ¼ Rnsnoon þ Rnlnoon

Rnsnoon ¼ Rsnoonð1� aÞ

Rsnoon ¼ aI0 f ðsin vÞb

v ¼ p
2 � us

Rnlnoon ¼ eseasT4
a � essT4

s

B. Gnoon Gnoon ¼ Rnnoon
ðTs�273:15Þ

a

h i
½ð0:0032aþ 0:0062a2Þ

ð1þ 0:978NDVI4Þ� ðBastiaanssen et al:;1998aÞ

Appendix B

Symbols Expressions

a Surface albedo

v Sun elevation angle

us Solar zenith angle

I0 Solar constant

f Sun-earth distance correction factor

Rsnoon Instantaneous noontime surface insolation

Rnsnoon Instantaneous noontime net shortwave radiati

Ts Land surface temperature (LST)

Ta Air temperature

es Surface emissivity

ea Air emissivity

s Stephan-Boltzmann constant

Rnlnoon Instantaneous noontime net longwave radiatio

Rnnoon Instantaneous noontime net radiation

Gnoon Instantaneous noontime soil heat flux

Qnoon Difference of instantaneous noontime net radia

Qd Daytime average Q

L Evaporative fraction

Lnoon Noontime evaporative fraction

Ld Daytime average evaporative fraction

lEnoon Instantaneous noontime latent heat flux

lEd Daytime average latent heat flux

tsat Time of satellite overpass

trise Time of sunrise

tset Time of sunset
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Computational methods of core input variables

(i) Surface albedo (a) in the whole shortwave range (0.3–3.0 mm)

was computed by converting narrow-band optical reflectances, two

(visible and near infrared) for NOAA AVHRR (Valiente et al., 1995)

and seven for MODIS AQUA (Liang, 2000).

(ii) Noontime insolation (Rsnoon) was computed using the WMO

(World Meteorological Organization) clear sky model (Cano

et al., 1986). The coefficients, ‘a’ and ‘b’, were calibrated for Indian

conditions using data pertaining to study regions. These were

worked out to be 0.75 and 1.28, respectively.

(iii) Surface emissivity (es) was computed from NDVI based

logarithmic empirical relation (Van de Griend and Owe, 1993).

(iv) Ts or LST (K) was computed from split thermal channel data

(Becker and Li, 1990) for NOAA AVHRR. For MODIS AQUA,

LST products were directly used.

(v) Air temperature (Ta) was estimated as Tsmin at maximum

NDVI from NDVI -Ts 2D triangular scatter (Nishida et al., 2003)

and running a shifting window (20 T 20 pixels).

(vi) Air emissivity (ea) was estimated using an air temperature

based empirical model (Campbell and Norman, 1998).
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