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ABSTRACT: METRIC (Mapping Evapotranspiration at High Resolution with Internalized Calibration) is
known as an appropriate surface energy balance model for the estimation of the spatial distribution of
evapotranspiration (ET) in semi-arid regions. Based on lysimeter measurements, METRIC has shown ET
estimates of 10% on a sub-field scale on a daily basis. There is a need to identify how the model is sensitive to
the input parameters. Therefore, the most influential parameters in the algorithm can be identified and the
model can be further improved. Sensitivity analysis at three levels of vegetation cover shows that METRIC is
highly sensitive to dT, surface temperature, net radiation, sensible heat flux, surface albedo, soil heat flux, and
air temperature. It is also moderately sensitive to friction velocity, aerodynamic resistance to heat transfer,
surface emissivity and less sensitive to leaf area index, soil adjusted vegetation index, wind speed(except wind
speed at low level of vegetation cover)‘, and roughness length for momentum (except Zom<0.1). A two-factor
analysis of the algorithm’s primary inputs showed that the pair albedo-surface temperature is the most and the
normalized vegetation index-soil adjusted vegetation index or normalized vegetation index-leaf area index is the
least effective pair in this model. In order to improve the accuracy of METRIC, this study suggests upgrading
the equations for the above-mentioned effective variables.
Keywords: Evapotranspiration, METRIC, Pistachio, Semi-Arid, Sensitivity Analysis

INTRODUCTION
An accurate estimation of evapotranspiration (ET)
is essential for the determination of actual plant water
requirements and water resource planning and
management water and water saving, especially in arid
and semi-arid regions where water resources are scarce
and economic production depends on irrigation.
Effective water management is a main component of a
successful water conservation plan (Mondéjar-Jiménez
et al., 2011; Ferrari et al., 2010). In this area water
shortage and drought are the major environmental
concern (Lin et al., 2011) and as a result precise
information concerning spatial variation and periodic
information of ET (Irmak and Kamble, 2009), that are
nowadays easy for access independently on a pixel
basis by means of satellite data is necessary (Ramos et
al., 2009). Recently, various satellite-based models such

as Empirical direct method, inference method, residual
method, and deterministic method have been
developed to quantify the spatial variation of ET (Choi
et al., 2009). Nevertheless, it is complicated to find a
balance between parameterization requirements and
model accuracy. Mapping Evapotranspiration at high
Resolution with Internalized Calibration (METRIC), as
a variant of SEBAL (Surface Energy Balance for Land)
developed by Bastiaanssen (1995), estimates the
spatial distribution of actual ET from the residual part
of the energy budget at the earth surface. METRIC
has been identified as an accurate and relatively costeffective ET model (Allen and Bastiaanssen, 2005;
Chavez et al., 2009; Conrad et al., 2007; Folhes et al.,
2009; Hendrickx et al., 2007; Tasumi et al., 2005b;
Trezza, 2006) specially for the advective conditions
in semi-arid regions. This is because reference ET
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appropriate sensitivity analysis. Sensitivity analysis
is known as an important procedure to determine the
model behavior that is developed for further application
(Nakane and Haidary, 2010). In order to identify the
most influential input parameters of the SEBAL that
cause significant uncertainty in model few numbers of
researches have been conducted in the last. The effect
of input parameters on SEBAL output has been studied
by several authors. Sensible heat flux as a component
of energy balance equation was found to be most
sensitive that utilize two reference points namely hot
and cold pixels for calculation. Therefore, appropriate
selection of hot and cold pixels has been suggested
(e.g. in SEBAL, METRIC models) for accurate
estimation of ET (Timmermans et al., 2007; Long et al.,
2011; Bastiaanssen, 1995; Wang et al., 2009). The
standard deviation of H estimates from SEBAL using
high spatial resolution data was reported to be smaller
than that using low spatial resolution data (Long et
al., 2011). Moreover, different vegetation covers have
different effects on soil and canopy temperature
estimation (Wang et al., 2009; Timmermans et al., 2007;
Long et al., 2011). The effects of spatial resolution on
SEBAL ET can also be found in the study by Long, et
al. (2011). Nevertheless, previous studies performed
single inputs sensitivity analysis or they evaluated
the effect of input on sensible heat flux estimation
(Timmermans et al., 2007; Long et al., 2011). It should
be noted that in energy balance model, ET is estimated
by subtracting soil heat and sensible heat from the net
radiation. Therefore, the errors in calculation of each
component must be taken into account. This study
evaluates two-factor sensitivity analysis in addition
to the single primary and intermediate input sensitivity
analysis. Two-factor analysis is important when
calculation of an input is based on another.

(ETref) calculated through ASCE-EWRI standardized
Penman-Monteith is used to convert an instantaneous
value into a daily basis or a higher time level instead
of evaporative fraction by SEBAL (Allen et al., 2007b;
Allen et al., 2005). Thus, the conversion is better
incorporated by taking into account the daily climatic
variability. To estimate ET, most energy balance models
require surface temperature, calculated from thermal
infrared radiance data. METRIC and SEBAL utilize
satellite data with recorded radiation in the visible, nearinfrared and thermal infrared parts of the
electromagnetic spectrum in separate spectral bands.
Both models use the same procedure to determine the
near surface temperature gradient (dT) instead of the
absolute surface temperature. Consequently, there is
no need for the absolute aerodynamic surface
temperature and air temperature. METRIC is internally
calibrated in two extreme conditions, namely wet and
dry pixels, using an hourly alfalfa reference ET
calculated from weather data (Allen et al., 2007b). In
addition, the internal calibration of sensible heat and
surface temperature gradien t eliminates the
atmospheric correction of surface temperature and
albedo (Tasumi et al., 2005b).
The model requires wind speed (Ws), air
temperature air-t, hourly ETref calculated from ASCEEWRI standardized Penman-Monteith method as well
as satellite data containing visible-near infrared,
shortwave and thermal-infrared band(s) (Folhes et al.,
2009). From the input satellite and weather data, primary
outputs including NDVI (Normalized vegetation Index),
LAI (Leaf Area Index), SAVI (Soil Adjusted Vegetation
Index), and surface albedo are estimated. Subsequently,
the primary parameters are used to calculate energy
balance components as well as the latent energy
utilized by ET at the satellite overpass time.

The present study applies METRIC model with a
LANDSAT TM5 image to a pistachio field in a semiarid region to estimate the actual daily ET. Then, as its
main objective, the study verifies how METRIC is
sensitive to the input variable and equations by
analyzing the sensitivity of the algorithm. Moreover,
the most dominant parameter(s) is/are determined. As
a result, the algorithm can be improved by upgrading
the most influential parameters and equations in the
model.

SEBAL has been applied in more than 30 countries
with different climatic conditions, and the accuracy of
the model is reported to be from 67% to 95% for
instantaneous ET and 70% to 98% on a daily basis in
previous studies (Bastiaanssen et al., 2005). In addition,
based on the lysimeter measurement, METRIC model
showed ET estimates within 10% on a sub-field scale
on daily, monthly and annual bases (Allen et al., 2005).
Moreover, the errors of 14.7%, 8.1%, 1.5% and -7.4%
were reported by comparing ET from Soil Water Balance
(SWB) method to METRIC estimate over different crop
types and irrigation managements (Chavez et al., 2007).
Although previous studies are found satisfactory, the
applicability of the model under a variety of crops and
climatic conditions as well as sources of errors has
been recommended to be investigated (Gowda et al.,
2008). The errors can be reduced by identifying critical
parameters and equation in an algorithm through an

MATERIALS & METHODS
The study was conducted in a pistachio fields
located in the south-west of Yazd, Iran, somewhere
within 31.28 and 31.48 N and 54.80 and 55.00 E (fig.1).
The tree spacing is 6 m × 1.7 m and, during the growing
season the soil surface is maintained free of weeds by
periodic tillage. The soil types in the experimental site
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or two weather conditions are proposed to be enough
to calculate the reference ET for a LANDSAT image
that covers 180 by 180 km (Allen et al., 2007b). However,
this study utilized the weather data from the only
available weather station located almost in the middle
of the pistachio field.

are mainly sandy loam at the top 10 cm and clay loam
bellow this depth. Irrigation water resources used to
be groundwater in this area, and it is impossible to
have economical crop production without a reliable
irrigation system. The irrigation method is traditional
flooding with the frequency of 30 to 35 days which is
decreased to 40 to 45 days during autumn and winter
months. According to De-Marton climatic classification
method, the area has a predominantly arid or semi-arid
desert climate. The average annual rainfall in the study
area is about 71.9 mm that mostly occurs in winter
months. Based on the 10-year weather data recorded
at the Meteorological Organization in the city of Yazd,
the monthly evaporation and the mean air relative
humidity are about 264 mm and 25% respectively.

The geometric correction of the image was
performed by collecting 20 well-distributed ground
control points (GCPs). First, order polynomial
transformation with a nearest neighbor resampling
method was applied to each image to fit the image
coordinate to the coordinate of the ground control
points. The accuracy of geo-referencing was evaluated
by calculating the Root Mean Square Error (RMSE)
which yielded less than half size of the original pixel.
Then, a subset of the area of interest was generated
from the image scenes. Radiometric and atmospheric
calibration was performed by converting the original
digital numbers to radiance using Equation. 1 (Chavez,
1988).

Path/row 161-38 LANDSAT TM5 data acquired
on 17 July 2010 were obtained from USGS Global
Visualization Viewer (GLOVIS, http://glovis.usgs.gov).
The weather data including wind speed, air
temperature, radiation, humidity, and dew point
recorded in ten-minute intervals at a weather station
nearby the study area were used as the input for
METRIC model as well as ASCE Penman–Monteith to
estimate the alfalfa reference evapotranspiration. One

L = gain * DN + offset

Fig. 1. Location of the study area, LANDSAT FCC of 4,3,2 (Right)
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(1)
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is the corrected thermal radiance calculated from the
spectral radiance of band 6 of LANDSAT image,

where L is the radiance ( Wm −2 strµm ), and DN is the
radiometric value or the digital number. The gain is
calculated by the following equation (Markham and
Barker, 1986).

gain =
where

Lmax − Lmin
255

and ε NB is the narrow-band emissivity (an empirical
equations were also presented by Bastiaanssen et al.
(2002)).
An energy balance model is employed to calculate the

(2)

instantaneous latent heat loss ( LE ) Wm −2 at the
earth’s surface on a pixel-by-pixel basis at the satellite
overpass time. The general equation is given as
follows:

Lmax and Lmin are the upper radiance limit and

the lower radiance limit respectively. They are provided
by an image supplier and can be found on the metadata
of each dataset. To convert the radiance values into
the top-of-atmosphere reflectance of visible-near
infrared and short waves bands, the following equation
was used (Allen et al., 2007b):

ρ=

Lλ Π d 2
ESUN λ cosθ

where

ESUN λ

LE = Rn − G − H

where LE is the instantaneous latent heat loss
( Wm −2 ) utilized for evapotranspiration. It is calculated
as a residual of the energy budget. LE can be
converted to an hourly or daily ET by dividing it by
the latent heat of vaporization (Chavez et al., 2009).

(3)
is

the

band

dependence

Rn( Wm −2 ) is the net solar radiation (the balance of

exoatmospheric irradiance (Chander and Markham,

incoming and outgoing short waves and long-wave

2003), ( Wm −2 strµm ), θ is the solar zenith angle, and

radiation at the surface), G ( Wm −2 ) is the soil heat

d is the earth-sun distance (AU). In order to correct
the top-of-atmosphere reflectance image for scattering
and absorption of incoming and outgoing, near surface
vapor pressure-based atmospheric correction was
employed to convert the top-of-atmosphere reflectance
into at-surface-reflectance (Tasumi et al., 2005b; Gowda
et al., 2008). Following the method by Allen, et
al.(2007b), three stages were devised to convert the
DN values of the thermal band to the surface
temperature. First, DNs were converted into radiance.
Then, the thermal band radiances were converted into
corrected radiance. Finally, Equation 4 was used to
calculate the surface temperature from the corrected

flux conducted into soil, and H ( Wm −2 ) is the sensible
heat flux convected into the air. A similar approach is
used to calculate Rn and G by SEBAL and METRIC.
Net radiation is partitioned into the incoming
shortwave radiation originated from the sun, the
outgoing short waves (a fraction of which is reflected
by the earth surface), the incoming long-wave radiation
originated from the atmosphere, and the outgoing longwave radiation emitted by the earth surface (Walter et
al., 2002):

Rn = RS ↓ − αRS ↓ + RL↓ − RL↑ − (1 − ε o ) RL↓

radiance, two constant values ( K1 and K 2 ), and
narrow-band emissivity. Calculating narrow-band
emissivity requires the estimation of narrow-band
transmissivity that, in this study, was obtained from
th e method of MODTRAN-based atmospheric
radiation transfer simulation for clear sky (Allen et al.,
2007b). Detailed information about the radiometric
calibration and estimation of surface temperature from
LANDSAT data can be found in Chander and
Markham, (2003).

Ts =

K2
⎞
⎛
K1
ln⎜⎜ (ε NB
) + 1⎟⎟
Rad b 6
⎠
⎝

where

K1 =607.76

(6)

where Rn is the net radiation, α is the surface
albedo that is calculated by integrating satellite spectral
reflectance values from bands 1–5 and 7 of LANDSAT
image using weighing function (Tasumi et al., 2007).
Also, RS ↓ ( Wm −2 ) is the incoming solar radiation
measured at the local weather station or as a constant
value estimated at the satellite overpass time (Eq. 7)
(Allen et al., 2007b). RL and RL( Wm −2 ) are the
incoming and the outgoing long-wave radiations
respectively. is the broadband surface thermal
emissivity that is calculated as a function of Leaf Area
Index (LAI) or Normalized Difference Vegetation Index
(NDVI) as indicated in Eq.15 (Tasumi, 2003). The term
(1 − ε o ) RL↓ represents the fraction of the incoming
long- wave radiation reflected from the surface. Note
the following equation now:

(4)
and

(5)

K 2 =1260.56

( Wm −2 sr −1 µm −1 ) are two constant values, Rad b 6
410
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RS↓ =

Gs c COSθ rel τ s w
d2

(Eq.12). The standard error and the correlation
coefficient of this equation were 0.678 and 0.977
respectively. In addition, LAI was set to zero where
SAVI was less than 0.065 based on the ground control
points.
(12)
2

(7)

where θ rel is the solar incidence, G sc serves as the
so const (1367 Wm-2 ),d2 is the relative Earth–Sun
distance squared, τswand stands for the broad-band
atmospheric transmissivity.
The outgoing long-wave ( R L↑ ) component of the
energy balance equation is calculated as a function of
surface emissivity and surface temperature using
Stephan-Boltzman equation:

R L↑ = ε oσTs4

LAI = 21.202 * SAVI − 2.905* SAVI + 2.948

where SAVI is the Soil Adjusted Vegetation Index
estimated through the equation proposed by Allen et
al. (2007a):

SAVI =

(9)

4
G = (TS − 273.15)(0.0038 + 0.0074α )(1 − 0.98NDVI ) R n

The equation above was used to calculate ε o where
LAI was found to be lower than 3 and was set to 0.98
for the area with LAI higher than 3 (Tasumi, 2003).
The thermal radiation emitted by the atmosphere
reaches the earth surface and is considered as the
incoming long-wave radiation.RL is calculated using
Stephan-Boltzman equation as follows:

RL↓ = ε a σT

4
a

where Ts is the surface temperature in Kelvin using a
thermal band, α is the surface albedo, and NDVI is the
vegetation index calculated from red and near-infra red
spectral bands. In case of using LANDSAT data, bands
3 and 4 are used to calculate NDVI:
NDV I =

(10)

α4 − α3
α4 + α3

(15)

where α4 and α3 are the reflectance data of bands 4 and
3 respectively.
The ratio of heat loss into the air through convection
due to temperature differences is known as sensible
heat flux (H). It can be predicted from the difference
between the surface aerodynamic temperature and a
reference height air temperature (Brutsaert, 1982).
In both METRIC and SEBAL, the aerodynamic
temperature gradient-based equation (Eq. 17) for heat
transport is estimated by calculating the temperature
difference between the two near surface heights.

where ε a is the air emissivity calculated through an
empirical equation (Eq. 11) (Bastiaanssen et al., 1998),σ
is the Stephan-Boltzman constant ( 5. 67 *10 −8Wm −2 K −4 ),
and Ta is the air temperature in Kelvin that has been
measured at the weather station nearby the study area.

ε a = 0.85(−LNτ sw )0. 09

(13)

where L is the soil-brightness dependent correction
factor that is calculated by soil-vegetation line slop
created by plotting the near infrared and the red bands
(Allen et al., 2007a). Therefore, when L is set to
zero, SAVI becomes equal to NDVI.
The amount of energy conducted into soil is referred
to as soil heat flux ( G ). An empirical equation is used
by METRIC to estimate soil heat flux (Bastiaanssen,
2000).
(14)

(8)

where σ is the Stephan-Boltzman con stant
(5 .67 * 10 − 8Wm − 2 K − 4 ), ε ois the surface emissivity, is
Ts the surface temperature (k) that, in case of using
LANDSAT image, is calculated from the radiance values
of band 6 (Eq. 4)
The surface emissivity is proposed to be calculated
from the leaf area index in METRIC as the following:

ε o = 0.95 + 0.01* LAI

(1 + L)(ρ4 − ρ3 )
L + ( ρ4 + ρ3 )

(11)

where τswis the atmospheric transmissivity.
LAI is an indicator of the canopy resistant to vapor
flux. It is defined as the ratio of the total area of one
side of plant leaves to the unit of ground area. LAI
was measured on the ground at different levels by
utilizing LI-COR, LAI2000 instrument and GPS. The
measurements were plotted against the SAVI values
estimated through LANDSAT spectral bands (Eq.13).
An exponential equation was developed on the basis
of th e relationship between SAVI and the
corresponding LAI values measured on the ground

H = ρC p

dT
rah

(16)

where ρ is the air density kgm −,3 C p is the air specific
heat at a constant pressure (≈1004 Jkg −1k −1), dT ( K)
is the near surface temperature difference between the
two near surface heights, and r ah (sm-1) is the
aerodynamic resistance to heat transfer (between the
two near surface heights, 0.1 and 2m) that is calculated
411
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Zx height above the surface, z om s

by extrapolating wind speed to some blending heights
above the ground surface (100 to 200 m) and correcting
the iterative stability based on Monin-Obukhov
function. In Eq. 16, both rah and dT are unknown.
Therefore, first is calculated for the neutral stability as:

rah =

LN ( z 2 / z1 )
u *k

is the surface
roughness for momentum transport at the weather
station.
The corrected value for is calculated using an iterative
procedure:

u* =

(17)

ku 200
LN ( 200 / zom)

rah =

(21)

LN ( z 2 / z1 ) −ψ h ( z 2) + ψ h ( z1 )
u*× K

(22)

where ψ h ( z 2 ) and ψ h ( z1 ) are the stability correction
for heat transport at Z 1 and Z 2 heights. The
atmospheric stability condition is defined by using
Monin-Obukhov length L (m) and an iterative
procedure. L is defined as:

(18)

L= −

where U200 is the wind speed at the blending height
(200m, assuming that the wind speed is not influenced
by the surface roughness at this height), and Z om (m)
is the surface roughness length for the momentum
transport (Campbell and Norman, 1998) which is
defined mathematically as the plane where the wind
speed becomes zero. The following equation has been
suggested for customizing the function of Z om based
on NDVI (Allen et al., 2007b):

z om = exp [(a * NDVI / α ) + b ]

ln( 200 / z om ) − ψ m 200

where ψ m 200 is the stability correction for momentum
transport at 200 m as:

where Z1 and Z2are the heights above zero plane
displacement height of vegetation that is set to 0.1 m
for each pixel, z2 is the reference height just above the
plant canopy set to 2 m, u*(ms-1) is the friction velocity
calculated from the logarithmic wind law for neutral
atmospheric conditions, and K is Von Karman’s
constant equal to 0.41.
Then, using equation (18) and (20), u*and u200 are
calculated for the neutral atmospheric condition at the
weather station:

u* =

U 200 K

ρ airC p ( u * ) 3 Ts

(23)

KgH

where L (m) is the stability condition of the atmosphere
( that is determined iteratively), g is the earth gravity
(ms-1), ρ is the air density kgm −3 , is C p the air specific
heat at a constant pressure, Ts is the surface
temperature (K), and u* is the friction velocity (ms-1).
Then, the integrated stability correction values for
momentum heat transfer (ψ m andψ h ) are calculated
by following the method presented by Webb (1970)
and Paulson (1970 ). For the details of the iteration
procedure of stability correction, this study has
followed Allen, et al. (2007b) and Bastiaanssen et al.
(2002).
The temperature difference, dT, for each pixel was
calculated by assuming a linear relationship between
dT and Ts estimated from the satellite image thermal
band (Allen et al., 2007b).

(19)

where α is the surface albedo which is used to
differentiate between tall and short vegetation with
the same NDVI, and andare the regression constants
derived from a plot of LN ( Z om ) versus NDVI / α for
two or more circumstances in the image for specific
vegetation types. In this study, a regression line was
developed based on
LN (z om ) and NDVI values
for two areas, a pistachio field and a bare-soil land.
Due to being expensive and difficult to
calculate, Z om was estimated for the pistachio crop
according to the results of the study by Yang and Friedi
(2003) and the model presented by Choudhury and
Monteith (1988). This model is relatively simple and
its results are close to those of the study conducted
by Yang and Friedi (2003). In addition, Z om was set to
0.005 for bare soil (Gowda et al., 2008) at NDVI of 0.09.
The following is Eq. 18 where u200is to consider as:

dT = a + bTS

(24)

The initial a and b values were used to correct the
iterative stability. This was programmed on a Microsoft
excel sheet. Through an excel program, the estimated
values were then transferred to an ILWIS software to
apply to all the pixels.This is how a and b were
determined iteratively using twodTvalues and their
associated TS values from hot and cold pixels. METRIC
and SEBAL follow the same approach in selecting hot
pixels, but METRIC differs from SEBAL in selecting
cold pixels. In SEBAL approach, cold pixels are selected
in well-irrigated agricultural fields whereas, in METRIC,
these pixels are selected from a tall reference grass
field. In the absence of tall grass in the image scene,
cold pixels are selected from a fully vegetated area

u s * ln( 200 / zom s )
(20)
ln( z x / zom s)
Herein, us is the wind speed at the weather station at
u 200 =
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(LAI>4) by assuming that they have a LE value 1.05
times as much as expected for a tall reference crop
(Tasumi et al., 2005a). Therefore, LE of cold pixels is
set to 1.05 times more than that of reference tall grass
by assuming that these pixels have an ET rate 5% higher
than that of reference grass (Allen et al., 2007b). A hot
pixel is a dry bare agricultural field where LE is assumed
to be 0. This pixel has a relatively higher temperature
and lower net radiation. Consequently, two extremes,
namely hot and cold pixels, are selected within the
image. These two pixels tie the calculations for all other
pixels between these two points (Allen et al., 2005).

dThot =

dTcold =

( Rn − G ) rah−hot
ρ hotC p

ETins by calculated from the standardized ASCE
Penman–Monteith equation.

ETref f =

Finally, the actual 24-hour ET is estimated using
obtained in the standardized ASCE Penman–Monteith
method, assuming instantaneous

ETr ef f over 24 hours (Allen et al., 2007a):
ET daily = ET ref f

where
(26)

H cold = (Rn − G )cold − LEcold

(28)

λE
γρ w

(29)

in which ETins is the instantaneous ET (mmh-1 ) , 3600
converts from seconds into hours, ρ w is the density
of water (1,000 kgm-3 ), and γ is the latent heat of
vaporization Jkg −1 that is computed as follows:

γ = (2.501 − 0.00236(Ts − 273.15)) * 10 6

i =1

ETref ( i )
∑
i=1

ref (i )

(32)

accumulates the hourly for

The METRIC inputs in this study were divided
into two sets of variables. The first set consisted of
primary inputs that were calculated from the image
spectral bands or measured at the ground station. The
second set included intermediate inputs calculated
directly or indirectly from the primary input data. The
input variables and their values are shown in Table 1.
The METRIC-based ET sensitivity to the input
parameters was analyzed by calculating ET at each
step change of an input variable from the base case
toward its upper limit and its lower limit by using the
Sensitivity Analysis Add-In module of SensIt ®. It
should be noted that, in this analysis, the steps of
change of values were based on the range of each
variable. Consequently, the change step of a variable
with a higher range was set to a higher step value.
During the analysis, other variables were fixed to the
base-case values shown in Table 1. In the study area,
three dominant categories were chosen for sensitivity
analysis. These categories with different values of LAI
(LAI 1=2.8, LAI2=3.2 and LAI3=4.5) will be called LL1,
LL2 and LL3 from now on. The values of the variables
(inputs) at each chosen point were considered as the
base cases, and the upper and lower limits of the input
values were set to the maximum and minimum values
of input maps. The incoming solar radiation value,
measured in the weather station at the satellite
overpass time, was set to 890 Wm−2 .

Once R n , H , and G have been calculated, Eq. 5
is used to estimate LE as the residual of surface energy
balance. Finally, LE is divided by the latent heat of
vaporization to estimate the instantaneous ET at the
satellite overpass time (Allen et al., 2007a):

ETins = 3600

24

24

∑ ET

ETr ef f 24 hours.

where ET ref is the hourly reference of ET that is
proposed to be estimated from the standardized ASCE
Penman–Monteith equation for alfalfa reference (ASCEEWRI, 2004), is an empirical value and is set to 1.05 by
assuming a 5% greater ET ET ref than the in selected
fields due to higher surface wetness as compared to
other vegetation fields, rah
is the aerodynamic
resistance for heat transfer calculated for the hot and
cold pixels, ρ is the air density , kgm −3 and Cp is the
air specific temperature at a constant pressure.
Consequently, H coldand H hot can be defined with regard
to Equation 16 as the following:
(27)

ETr ef f at the

satellite overpass time is the same as the average

(25)

H hot = (Rn − G )hot − LE hot

(31)

ETr ef f and the accumulated hourly ET reference

( Rn − G − kETref )rah−cold

ρ cold C p

ETins
ETr ef

(30)

RESULTS & DISCUSSION
The ET map of the study area estimated by
METRIC energy balance method is shown in
Fig. 2.

In order to convert hourly ET to a daily basis, a
reference ET fraction is computed through dividing
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Table 1. primary and intermediate parameters with their corresponding base case, lower limit and upper limit
values at three level of LAI in sensitivity analysis
Input Variable
WS

Primary

α

NDVI
SAVI
LAI
Ts
Air T
dT

Intermediate

H
Rn
G

u*
rah

Z om

εo

LL1

Base Case
LL2

LL3

Lower
limit

Upper
limit

1.0
0.258
0.144
0.100
2.8
324.3
40.60
16.73
330.8
614.8
139.6
0.194
56.86

1.0
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Fig. 2. ET map and the location of weather station
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METRIC output. Unlike, Wang et al. (2009) reported
that wind speed is one of the most influential parameter
within the primary input variables. However, previous
studies used different reference (base), upper limit and
lower limit of input variables for evaluating the ET
(Wang et al., 2009; Timmermans et al., 2007; Long et
al., 2011). Therefore, the selected various reference
points make direct comparison of the different studies
difficult. In the present study the values at three
dominant categories were chosen as the base and
consequently the lower and upper limits were set to
the minimum and maximum values of the image
respectively. For the ground-based inputs parameters
(eg. Wind speed), the study used the satellite overpass
time value and minimum and maximum values which
normally occurs in the study area as the base, lower
and upper limit respectively. NDVI may be used to
calculate many other parameters in the METRIC
algorithm such as surface emissivity (Eq. 9), SAVI (Eq.

Surface temperature (Ts) is the most important
input parameter with the steepest slop in this graph.
Ts was identified as the most important parameter also
by previous studies (Timmermans et al., 2007; Wang
et al., 2009; Long et al., 2011). A one-percent change in
Ts lead to a 1.6 mm day-1 ET change. The next effective
parameter is surface albedo ( α ). Areas with a higher
albedo value have an increased outgoing shortwave
radiation and, consequently, the available Rn is
decreased in these areas. The accuracy of albedo
estimation depends on the accurate estimate of the
surface reflectance in visible near infrared and
shortwave bands. A one percent change in the surface
albedo causes a 0.056 mm day-1 ET. Albedo was
examined as the intermediate parameter in the study
by Wang et al. (2009). However, they also recognized
albedo as the next sensitive parameter. The third
sensitive parameter is air temperature in which a onepercent change leads to a 0.02 mm day-1 ET change.
Air temperature is used to calculate incoming longwave radiation (Eq.10). The effect of this parameter on
ET has not been evaluated in previous studies. A
summary of the primary input sensitivity analysis is
given as graphs in Fig. 3. In order to a better
visualization of the lines in Fig. 3, only the starting and
the ending points are highlighted, and the mid points
are kept as small as possible. Because of similar trends
of primary input at three different tested locations, the
graph of LL3 point has been presented in this study.
NDVI, SAVI, LAI, and wind speed are located along
almost the same line. The relationship of these
parameters and ET has been presented in Table 2. The
observed variations have a slight influence on the

13), Z om (Eq. 19), LAI (Eq. 12), and G (Eq. 14).
Consequently, ET is indirectly affected by NDVI via
other primary and intermediate parameters. According
to these findings, an accurate estimation of NDVI from
the reflectance values of visible-near infrared bands
seems to be necessary. In this study, LAI was used to
calculate surface emissivity. However, as it can be seen
in Fig. 3, the effect of LAI on ET was found to be little,
especially in areas with a relatively good vegetation
cover. This has also been stated by Allen et al. (2007b).
In this study, a two-factor analysis of the primary
inputs which has not been evaluated in the previous
studied was performed. The results are shown in Figs.
4, 5, and 6 for the three samples LL3, LL2, and LL1

Fig. 3. Graph showing the sensitivity of METRIC to the primary inputs
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Table 2. Relationship between primary input parameters and ET, “x” presents input variables in percentage
Input parameter
Equation
R²
Type
Surface temperature
Surface Albedo
Air Temperature
NDVI
Wind speed
SAVI
LAI

y = -159.02x + 166.22

0.9659

Linear

y = -5.71 68x + 13.931
y = 2.1063x + 6.0873
y = 0.1358x2 - 0.2139x +
8.289
y = -0.00 02x + 8.2032
y = 2E-14x + 8.2031
y =- 0.00 01x + 8.2032

0.9995
0.9992

Linear
Linear

0.8583

Polynomial order 2

1
2E -15
0.96 84

Linear
Linear
Linear

top (the most influential pairs) to bottom (the least
influential pairs) in Figs. 4, 5, and 6 referring to different
sample sites. However, the order is changed from the
6th pair of the input at different sample locations. LAISAVI in LL3 site and NDVI-SAVI in both LL2 and LL1
locations are the least influential pairs in this analysis.
The swing of ET due to the change in the other pairs
of the input refers to the values of the corresponding
sample sites in Figs 4, 5, and 6.

respectively. The paired numbers of paired input
variables and their locations indicate the input
variables and the vectors of ET swing (increase or
decrease from the base) respectively. The albedo-Ts
pair is the most influential parameter in the three sample
sites where ET swings between 0 and 9.6 mm day-1
from its lower limit to its upper limit as given in Table 1.
The next important paired parameter is NDV-Ts. By the
change of its value, ET swings from 0 to 8.9 mm day-1.
The Ts-air temperature pair has the same effect as
NDVI-Ts on ET swing. LAI-Ts, Ws-Ts, and SAVI-Ts
pairs cause ET to swing between 0 and 8.7 mm day-1.
The other pairs of the primary inputs are ranked from

A summary of the sensitivity analysis of
intermediate parameters is given in Fig. 7. Temperature
gradient (dT) is a relative value calculated from the

Fig. 4. Two-factor analysis of primary inputs at LL3
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Fig. 5. Two-factor analysis of primary inputs at LL2

Fig. 6. Two-factor analysis of primary inputs at LL1
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Fig. 7. Relationship of intermediate input parameters and ET estimate by METRIC
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(2009) drew the same conclusions about H and
sensitivity. The sensitivity of METRIC to is increased
by decreasing LAI. The effects vary from 0.001 to 0.05
mm day-1 ET per a one-percent change in (see the
equations in Table 3).

regression equation (linear function) of the values at
the two extreme points of dry and wet pixels. Therefore,
an accurate estimation of dT depends on the
appropriate selection of these two extreme points,
although, dT calculated from Ts is not affected by the
error of Ts. This has also been concluded in the in the
last studies (Wang et al., 2009; Long et al., 2011;
Timmermans et al., 2007). The results showed that a
one-percent change of dT changes ET by 0.021 to 0.023
mm day-1. The change rate varies at different levels of
vegetation as shown in Fig. 7.

Apart from the above variables, a one-percent
change in the net radiation (Rn) and the soil heat flux
(G) causes a change in ET by 0.07 and 0.018 mm day-1
at all LAI values respectively. Besides, roughness
length for momentum at high values of LAI does not
make much difference in the ET resulted by METRIC.
However, the rate is increased at the LL1 location
(about 0.03 mm day-1 per a one-percent change at
<0.1). Surface emissivity also plays an important role
in determining the amount of outgoing long-wave
radiation from the surface. The effect of on ET is
about 0.018 to 0.023 mm day-1 that is decreased by
increasing vegetation. Since the range of these values
is small, the effect of this variable is slight. However,
it is used to calculate surface temperature and
outgoing long-wave radiation (Eqs. 4 and 8). The
aerodynamic resistance to heat transfer (Eq. 17)
influences ET by 0.01 to 0.05 mm day-1 per a onepercent change, and its effects vary at different levels
of vegetation as it is seen in Fig. 7.

Also, a one-percent change of the sensible heat
flux (H) (Eq. 16) from the base value can lead to a change
of 0.23 mm day-1 in ET by METRIC. In the areas with
low vegetation, energy is mostly dominated by H and
vice versa. However, the same trends were followed
by changing H at three different levels of LAI values.
The accuracy of H depends on the accuracy of dT
function generated from anchor points and the
accuracy of estimated aerodynamic resistance to heat
transfer. Friction velocity has proved to have different
effects on ET at different levels of vegetation. It is a
function of wind speed and Z om (Eq. 19). As a result,
it is increased by increasing wind speed. Wang et al.

Table 3. Relationship between intermediate input parameter and ET, “x” presents input variables in percentage

Input parameter

Equation

R²

Type

y = -0.4041x2 - 1.8744x + 7.0609

0.9996

Polynomial order 2

H

y = -0.3701x2 - 1.9395x + 7.6635
y = -0.2618x2 - 1.613x + 8.3145
y = -0.2323x + 7.4818

0.9992
0.9997
0.9832

Polynomial order 2
Polynomial order 2
Linear

Rn

y = 6.9634x - 4.8483

1

Linear

G

y = -1.7953x + 9.9984

1

Linear

LL1

y = -4.8483x + 6.9634

1

Linear

LL2
LL3

y = -1.6771x + 7.5466
y= -0.0002x + 8.2032 x
3
2
y = 0.7265x - 5.1904x + 13.051x - 6.578

1
1
0.998

Linear
Linear
Polynomial order 3

LL2
LL3
LL1

y = 0.628x3 - 4.199x2 + 9.367x - 0.1955
y = 4.1876x3 - 14.786x2 + 16.74x + 2.1641
y = -0.083x3 + 1.032x2 - 4.097x + 5.196

0.9723
0.9266
0.996

Polynomial order 3
Polynomial order 3
Polynomial order 3

LL2
LL3
LL1

y = 0.131x2 - 1.159x + 6.923
y = -0.212x + 8.239
y = -2.3258x + 4.4409

0.995
0.982
1

Polynomial order 2
Linear
Linear

LL2
LL3

y = -2.0717x + 7.9413
y = -1.8199x + 10.023

1
1

Linear
Linear

LL1
LL2
LL3

dT

u

*

r ah

Z om

εo

LL1
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basis as a short-time one. Nevertheless, it has been
reported that seasonal METRIC ET (that utilizes
reference ET for interpolation/extrapolations) is
overestimated compared to that of flux measurements
(Tang et al., 2009). In order to improve the accuracy of
the algorithm, this study suggests to improve
equations of high impact on the above variables. Also,
according to the previous studies, the efficiency of
non linear dT function needs to be assessed.

CONCLUSION
METRIC-based ET is highly sensitive to Ts;
therefore, an accurate estimation of surface temperature
using satellite thermal bands and surface emissivity is
necessary for an accurate estimation of ET.
Nevertheless, dT is not affected by error in the
estimation of surface temperature since dT is a relative
value calculated from the values at two extreme anchor
pixels on the image. Therefore, any inappropriate
selection of wet and dry pixel in both SEBAL and
METRIC is a major source of errors as stated by authors
in some previous studies. Based on the results of the
present study, METRIC is sensitive to dT whose
sensitivity grows to dense vegetation. Also, ET is
affected by surface albedo as a second influential
parameter of primary inputs. Albedo can only be
calculated from the reflectance values of visible-near
infrared and the short wave bands of satellite data.
The calculation is always followed on the order of image
producer. Therefore, procedure is user-independent.
METRIC is less sensitive to NDVI, SAVI, LAI, and the
wind speed of primary inputs, although NDVI is an
important parameter used to calculate several
parameters in the algorithm. Thus, an accurate
estimation of NDVI is a key parameter in the algorithm.
The algorithm is highly sensitive to H so that a change
of 1 percent in H leads to a 0.23 mm day-1 reduction in
ET. The rate of ET change by Z om , u * , ε o , and rah
varies at different levels of vegetation. METRIC is
moderately sensitive to , , and rah and less sensitive to
(except for <0.1). Besides, ET is highly affected by G
and Rn although the rate of ET change by Rn is higher
than that by G. In conclusion, METRIC is highly
sensitive to Ts, Rn, , , dT, H, and air temperature,
moderately sensitive to G, rah, , and less sensitive to
LAI, SAVI, wind speed, and. LE calculated as the
residual energy in an energy budget equation
accumulates the errors of Rn, G, and H components
that can be additive or compensating. A two-factor
sensitivity analysis also confirmed that the Ts and pair
is the most and NDVI-SAVI and SAVI-LAI pairs are the
least effective. These pairs of primary inputs swing ET
by 9.6 and about 0.1 mm day-1 respectively. Thus, an
accurate estimation of input parameters by focusing
on the most influential parameters mentioned above
reduces the error of LE and, as a result, the error in the
ET estimate. METRIC uses an equation based on the
ratio of the actual ET to the hourly calculated from the
weather data (ASCE Penman Monteith method) for
converting ET from an hourly value to a daily basis or
longer time bases. The accuracy of has been proved in
previous studies. However, the ratio-based equation
does not strongly affect ET to convert it to a daily
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