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Chapter

An Advanced Evapotranspiration 
Method and Application
Homin Kim and Jagath J. Kaluarachchi

Abstract

Estimating evapotranspiration is an important component in the monitor-
ing of agricultural and environmental systems. This chapter will focus on the 
developing evapotranspiration method using general meteorological data and 
Normalized Difference Vegetation Index (NDVI). The proposed model in this 
chapter will be refined by using both the complemen tary relationship and the 
Budyko framework. The relative evaporation parameter in the complementary 
relationship will be derived by using precipitation, potential evapotranspiration, 
and NDVI based on that the Budyko framework can support the complementary 
relationship. It is also important to determine whether the proposed model can 
compete and deliver accuracy similar to remote sending method in the aspect of 
application. The results in the first phase showed the proposed model could be a 
powerful methodology to estimate ET among the ground-based method. In the 
second phase, a nonlinear correction function was proposed to better describe 
the complementary relationship. We will also demonstrate that the use of ET is 
a better approach for drought estimations than considering reference ET. More 
importantly, the advantage of the proposed model is that it can comprehensively 
consider both effects of precipitation and vegetation information. Taken together, 
this chapter has extended our knowledge of ET to support water resource 
management.

Keywords: evapotranspiration, complementary relationship, Budyko framework, 
Normalized Difference Vegetation Index (NDVI), drought monitoring

1. Introduction

Land surface evapotranspiration (ET) is an essential part of agricultural 
water management, and there are many classical methods including the Penman 
[1]. In the recent years, the Food and Agriculture Organization (FAO) version 
of Penman-Monteith Equation [2] is widely used to estimate ET. However, this 
method is limited for hydrologic purpose. For example, meteorological data 
need to be measured at 2-m elevation, and the FAO method is mainly used 
to estimate crop ET from agricultural lands using crop coefficients which are 
derived from unlimited water conditions and specific times of the growing 
cycle. As an alternative, the complementary relationship (CR) developed by 
Bouchet [3] can be used to estimate ET using general meteorological data. 
This approach proposed the first complementary function of potential evapo-
transpiration (ETP) and wet environment evapotranspiration (ETW) for a 
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wide range of available energy to estimate ET. Bouchet [3] postulated that the 
decrease in ET is matched by an equivalent increase in ETP as a surface dries. 
Later, Granger and Gray [4] model named as the GG model is one of the widely 
known models using the CR because it requires only meteorological data. 
Recently, Ref. [5] modified the GG model with meteorological data from 34 
global eddy covariance sites. While the results were very good as compared other 
published ET methods, they mentioned that further refinements can improve 
performance under dry conditions. A probable reason is that the original GG 
model was empirically derived from wet biased environments in Canada. Taking 
this limitation into account, the model development was designed to extend 
the latest CR model using both meteorological data and NDVI. We then will 
validate the proposed model with other ET methods including a remote sensing 
model. Finally, we will address the possibility of using ET as a proxy for drought 
monitoring through a new drought index.

2.  Development of complementary relationship model for estimating 
evapotranspiration

2.1 Introduction

ET is an important component in the climate system, and development of 
ET method has been studied by many researchers. As a result, there are many 
classical methods available for ET estimation based on data availability and 
required accuracy. One approach to estimate ET directly is the complementary 
relationship (CR) developed by [3]. Ref. [3] postulated that the decrease in 
evapotranspiration is matched by an equivalent increase in potential evapo-
transpiration (ETP) which is evaporation from a saturated surface, while energy 
and atmospheric conditions do not change. This idea has been widely tested in 
conjunction with the models of Priestley and Taylor [6] and Penman [1]. Among 
examples of widely known models, this study has focused on Granger and Gray 
[4] model because their model can directly estimate ET without the surface 
parameters or prior estimates of ETP. Furthermore, Ref. [5] extended the 
Granger and Gray [4] model to propose refinements to better predict regional 
ET especially under dry conditions and different land cover conditions. While 
the results of Anayah and Kaluarachchi [5] were very good, the authors also 
showed that further refinements can improve performance under dry condi-
tions. In addressing the limitation of Anayah and Kaluarachchi [5] model which 
is named as the modified GG hereafter, this chapter is therefore to extend the 
modified GG model using a remote sending data, and this study is still commit-
ted to use minimal data such as meteorological data and other readily accessible 
information with no local calibration.

2.2 Methodology

In the CR developed by [3], ET is usually calculated by Eq. (1):

  ET + ETP = 2ETW  (1) 

where ETP is evaporation from a saturated surface and ETW is the value of 
potential evaporation when ET is equal to the potential rate. Based on the idea 
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of [3], Anayah and Kaluarachchi [5] developed their model using a three-step 
approach. First, they evaluated the original complementary methods under a 
variety of physical and climate conditions and developed 39 different model com-
binations. Second, three model variations were identified based on performance 
compared to observed data from a set of global sites. Third, a statistical analysis 
was conducted to contrast and compare the three models to identify the best (see 
detail in reference). Most importantly, the performance of the modified GG model 
increased by using the Priestley and Taylor [6] equation as shown in Eq. (2) to 
calculate EWT instead of the Penman [1] equation:

  ETW = α    Δ ____ 
γ + Δ

   ( R  n   −  G  soil  )   (2)

where ETW is in mm/d,  α  is a coefficient equal to 1.28,   R  n    is net radiation in 
mm/d,  γ  is the psychrometric constant in kPa/°C,  Δ  is the rate of change of satura-
tion vapor pressure with temperature kPa/°C, and   G  soil    is soil heat flux density in 
mm/d.

Also, there are two parameters: relative drying power (D) and relative evapora-
tion (G). D and G are described in Eqs. (3) and (5), respectively:

  D =    E  a   ___________  
 E  a   +  (Rn −  G  soil  ) 

    (3)

where   E  a    is drying power of air in mm/d given in Eq. (4)

   E  a   = 0.35 (1 + 0.54U)  ( e  s   −  e  a  )   (4)

where U is wind speed at 2 m above ground level that needs adjustments and 
conducted using the procedure described by [2],   e  s    is saturation vapor pressure in 
mmHg, and   e  a    is vapor pressure of air in mmHg:

  G =   ET ____ 
ETP

   =   1 _______ 
 c  1   +  c  2    e    c  3  D 

    (5) 

where   c  1    is 1.0,   c  2    is 0.028, and   c  3    is 8.045. The effect of   G  soil    is negligible com-
pared to   R  n    when calculated at monthly or higher time scale [7].

Solving Eq. (5) for ETP and substituting in Eq. (1), the modified GG model is 
given in Eq. (6):

  ET =   2G ____ 
G + 1

   ETW  (6)

Therefore, the modified GG model of Anayah and Kaluarachchi [5] can estimate 
ET directly without calculating ETP.

In the modified GG model, the ratio of ET to ETP is defined as relative evapora-
tion, G, as shown in Eq. (5), and parameter G was empirically derived using limited 
data from wet environments in Western Canada [4]. This bias towards wet region 
data may be the reason for relatively poor estimations with the modified GG model 
under dry conditions. In order to improve the ET predictions of the modified GG 
model, parameter G needs improvement. For this purpose, we use the theoretical 
framework of Budyko [8] on the basis of that the CR is consistent with the Budyko 
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hypothesis through the Fu equation [9, 10]. The analytical solution of the Budyko 
framework is given in Eq. (7):

    ET ____ 
ETP

   = 1 +   P ____ 
ETP

   −   [1 +   (  P ____ 
ETP

  )    
ω

 ]    
1/ω

   (7)

where P is precipitation in mm and ETP is estimated using the Priestly and 
Taylor equation [6]. Parameter  ω  is constant and represents the land surface 
conditions, especially the vegetation cover [11]. Parameter  ω  is linearly correlated 
with the long-term average annual vegetation cover, and a model using NDVI can 
improve the estimation of ET (see details in [5]). Thus, Eq. (8) shows the Fu equa-
tion where parameter G is now defined as   G  new   :

   G  new   =   ET ____ 
ETP

   = 1 +   P ____ 
ETP

   −   [1 +   (  P ____ 
ETP

  )    
ω

 ]    
1/ω

   (8)

Note   G  new    in Eq. (8) is required and can be estimated using the Penman [1] given 
in Eq. (9):

  ETP =   Δ ____ 
Δ + γ

   ( R  n   −  G  soil  )  +   γ ____ 
γ + Δ

    E  a    (9)

Having found   G  new    from Eq. (8) and estimating ETW from Eq. (2), we can 
estimate ET from Eq. (10):

  ET =   2  G  new   ______ 
 G  new   + 1

   ETW  (10)

Hereafter, this proposed model will be referred as the GG-NDVI model. This 
chapter used two phases to evaluate the performance of the proposed model. In 
phase 1, the GG-NDVI model compared with two CR models: the complemen-
tary relationship areal evapotranspiration (CRAE) model of [12] and the modi-
fied GG model of [5]. Moreover, comparisons are made between a commonly 
used remote sensing model and GG-NDVI model. In phase 2, a comparison 
of estimated ET from GG-NDVI with observed data from phase 1 will be per-
formed to identify the weaknesses of the CR model, and appropriate corrections 
will be proposed.

2.3 Data

ET estimation from GG-NDVI was generated using meteorological data and 
NDVI. Meteorological data required are temperature, wind speed, precipitation, 
net radiation, and elevation (pressure). Among these, net radiation (  R  n   ) was 
calculated using the equations by [2]. This chapter proposes to use data from 
AmeriFlux eddy covariance sites in the United States because the US sites have 
wide variety of climate and physical conditions and land cover especially in dry 
regions. In phase 1, although we selected 75 sites of Level 2 data of AmeriFlux 
with fewer than 50% missing data and these data were obtained from the Oak 
Ridge National Laboratory’s website (http://ameriflux.ornl.gov/), we used only 
59 sites since only these sites have incident global radiation data required by the 
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CRAE model. After we validated GG-NDVI with ground-based ET models, we 
also compared with a remote sensing model. Air temperature, elevation, and 
precipitation data were obtained from the Parameter-elevation Regressions on 
Independent Slopes Model (PRISM, http://www.prism.oregonstate.edu). As 
part of the input data for the GG-NDVI model, we used the 16-day NDVI data 
from MODIS (http://daac.ornl.gov/MODIS/modis.shtml). We also collected the 
lever 4 meteorological data including latent heat flux (LE) from 76 AmeriFlux 
stations, and then we excluded those stations with actual vegetation type differ-
ent from the MODIS global land cover product (MOD12) at any of surrounding 
500 m by 500 m spatial resolution. Also, we further excluded those stations 
with fewer than half a year of measurements during 2000–2007. As a result, 60 
AmeriFlux stations were used in the comparison of the remote sending model as 
shown in Figure 1.

We defined the climate class of each site using the aridity index of the United 
Nations Environment Programme (UNEP) proposed by [13]. The aridity index 
divided climate conditions to six classes: hyper-arid, arid, semiarid, dry subhumid, 
wet subhumid, and humid. However, this work simplified the climate class defini-
tion to two classes, dry and wet.

2.4 Results

2.4.1 Phase 1: validation

The CRAE model is considered as a simple, practical, and reliable model to 
estimate monthly ET [7]. The modified GG model had been validated by [5] that it 
showed better performance compared to the recently published works. Therefore, 
the phase 1 provides the opportunity to test both models compared to the proposed 
GG-NDVI model. The results of the comparison are given in Table 1 and Figure 2.  
The GG-NDVI model showed the lowest mean RMSE across all models about 
15 mm/month in dry sites and about 12 mm/month in wet sites. The results in gen-
eral indicate that GG-NDVI can perform well in the dry conditions and even better 

Figure 1. 
Locations of 60 AmeriFlux sites used in phase 2 with number.
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in the wet conditions. These results also confirm that the estimation capability of 
ET reduces with increased aridity [5, 7, 14].

Overall, these results indicate that, among the ground-based methods, the 
GG-NDVI model can be used as a powerful methodology to estimate ET (see [15]).

While these findings are good within the realm of CR methods, some of 
the more commonly used ET estimation model now use remote sensing data. 
Therefore, we selected the operational Simplified Surface Energy Balance 
(SSEBop), which is one of the widely used remote sensing model developed 
by [16], and SSEBop can be easily retrieved from the USGS Geo Data Portal 
(http://cida.usgs.gov/gdp/). Table 2 presents the yearly comparison of results 
between the SSEBop and GG-NDVI estimates. Compared with measured ET, 
the results indicate that the accuracy of SSEBop and GG-NDVI estimates 
show satisfactory R-square and RMSE values. R-square values for SSEBop and 
GG-NDVI are 0.65 and 0.61, respectively. The results demonstrate that the ET 
estimates from GG-NDVI ET at an annual time scale are reasonable.

According to Table 2 and Figure 3, the mean RMSE of GG-NDVI ranged 
between 15 and 20, and GG-NDVI showed lower RMSE than SSEBop every year 
from 2000 to 2007. Although the magnitude of agreement (overestimation or under-
estimation) seems to vary from site to site and from season to season, Figure 3  
confirms that the occurrence of an RMSE less than 20 mm/month with GG-NDVI is 
more frequent than with SSEBop in both dry and wet sites. The mean RMSE across 
24 dry sites for GG-NDVI and SSEBop is 19 and 22 mm/month, respectively.

Based on these results, we could conclude that GG-NDVI is a reliable approach 
for estimating ET showing a reasonable match with measured ET of AmeriFlux 
sites. However, GG-NDVI may not predict ET accurately when the vegetation cover 

29 dry sites 30 wet sites

Min Mean Max Min Mean Max

Modified GG 1.7 21.4 42.7 0.6 12.9 36.0

GG-NDVI 0.4 14.7 56.6 0.3 11.6 28.5

CRAE 0.5 18.9 53.9 0.8 22.3 62.3

Table 1. 
Comparison of RMSE (mm/month) between different complementary relationship models.

Figure 2. 
Comparison of RMSE (mm/month) between different complementary relationship models for 29 dry and 30 
wet sites in the United States [15].
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changes significantly or is dense. A possible reason is that the relationship between 
NDVI and vegetation can be based where a Leaf Area Index (LAI) is less than 3. 
According to [7], a Soil-Adjusted Vegetation Index (SAVI) is recommended instead 
of NDVI when the LAI is less than 3. Thus, the limitations of NDVI to represent 
vegetation under specific conditions may be the reason for the decreased perfor-
mance of GG-NDVI.

Year AmeriFlux mean 

[mm/month]

R-square RMSE [mm/month]

SSEBop GG-NDVI SSEBop GG-NDVI

2000 43 0.82 0.79 16 15

2001 44 0.54 0.58 23 20

2002 41 0.73 0.67 19 16

2003 42 0.68 0.65 21 17

2004 42 0.68 0.60 18 18

2005 42 0.37 0.57 28 18

2006 41 0.61 0.55 20 18

2007 34 0.40 0.40 18 17

All years 44 0.65 0.61 19 18

Table 2. 
Comparison of monthly ET estimates between SSEBop and GG-NDVI using AmeriFlux data from 2000 to 
2007.

Figure 3. 
Histogram of RMSE (mm/month) of SSEBop and GG-NDVI for (a) 24 dry and (b) 36 wet sites.
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2.4.2 Phase 2: enhancement of GG-NDVI

GG-NDVI increases the predictive power with increasing humidity similar 
to other CR models. One interesting finding is the RMSE of GG-NDVI increases 
slightly with the relative evaporation, parameter G, as shown in Figure 4. 
Considering this observation, phase 2 focused on the relationship between the 
performance of GG-NDVI and parameter G. Within the complementary rela-
tionship, increasing G means that climate is becoming wetter and ET is closer to 
ETW. When ET equals to ETW, surface has access to unlimited water as shown in 
Figure 5. However, natural surfaces in even the wettest regions may not approach 
complete saturation. Consequently, the magnitude of difference between ET and 
ETW is important in estimating ET. A possible explanation could be that the CR 
between ET and ETP is not symmetric. GG-NDVI has improved the performance 
of the Granger and Gray [4], but Eq. (10) still contains the value of two meaning of 
a symmetric complementary relationship as first developed by [3]. Furthermore, 
other studies question the use of the symmetric relationship [15, 17, 18]. Taking 
this into account, a correction function as a function of G is proposed as shown in 
Figure 5 and Eq. (11):

    ET =   2Gnew _______ 
Gnew + 1

   × f (G)  × ETW    (11)

We expect the correction function to be nonlinear, similar to an exponential 
function, since the magnitude of the difference between ET and ETP decreases 
exponentially. The correction function can be calculated by Eq. (12), and we fitted 
2772 data points to compute the values of  α  and  β  coefficients:

  f (G)  = α  exp   β⋅G   (12)

Regression analysis found  α  is 0.7895 and  β  is 0.9655. Hereafter, the GG model 
with the correction function given as Eq. (11) is called the Adjusted GG-NDVI 
model.

To evaluate the performance of Adjusted GG-NDVI, we compared the monthly 
ET estimations with SSEBop across 60 sites. Figure 6 presents a histogram of RMSE 
from three models and shows a significant improvement attributed to the Adjusted 
GG-NDVI model. With the correction function, 38 sites have less than 15 mm/
month of RMSE, compared to 26 sites with GG-NDVI and 20 sites with SSEBop. 
The results demonstrate that the use of the correction function can significantly 
improve accuracy in estimation ET. In addition, Eq. (11) can be updated with the 
new definition of G as

  ET + ETP = 2f (G) ETW  (13)

The new formulation of the Adjusted GG-NDVI model described in Eq. (13) 
clearly shows that the relationship between ET and ETP is not symmetric with 
respect to ETW, further confirming the earlier conclusions that the idea of [3] 
needs to be extended and applied with appropriate corrections.

With an advanced ET model, we address the possibility of using ET as a proxy 
for drought monitoring through a new and reliable drought index than using 
potential evaporation in the next chapter.
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3. Application of the evapotranspiration model in drought monitoring

3.1 Introduction

Many operational drought indices focus on the effects of precipitation and 
temperature for drought monitoring, and the state-of-the-art drought monitor-
ing indices were developed to address vegetation condition with advanced remote 
sensing technology. However, only a few are focused on the use of actual ET when 
a drought index is defined. The Standardized Evapotranspiration Deficit Index 

Figure 5. 
A schematic representation of the complementary relationship between ET, ETP, and ETW with the proposed 

correction function,  f (G)  .

Figure 4. 
RMSE of GG-NDVI versus the relative evaporation, parameter G (ET/ETP).

Figure 6. 
Comparison of RMSE between different ET models.
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(SEDI, [19]) was developed by using actual ET based on [3] and a structure of the 
SPI. They estimated ET using the modified GG model of Anayah and Kaluarachchi 
[5] and ETW minus ET to measure drought conditions. As a result, the spatial pat-
terns of the SEDI were consistent with the PDSI and SPI over the contiguous United 
States (CONUS), and this index could roughly identify vegetative droughts such as 
a Vegetation Health Index (VHI). Although the results of SEDI demonstrated that 
the use of actual ET can provide a reliable measure for drought monitor, it would 
have been much more useful if the authors addressed the precipitation and used the 
accurate ET model. Taking these limitations into account, this chapter has focused 
on developing a drought index with an advanced ET model including precipitation 
and remote sending vegetation information. The specific object is to evaluate the 
applicability of the proposed drought index over the CONUS by comparing it with 
US Drought Monitor (USDM) which is most widely used tool in the United States.

3.2 Methodology

We propose to develop a simple drought index called the evapotranspiration 
Water Deficit Drought Index (EWDI), which is derived from precipitation, meteo-
rological data, and vegetation information. EWDI uses the structure of SPI with the 
monthly difference between ETW and ET. This value represents water deficit using 
the complementary relationship. The complementary relationship to estimate ET 
was addressed in the previous sections and a nonparametric approach to calculating 
the probability-based drought index will be addressed in this sector.

3.2.1 EWDI formulation

With a known ET value, the difference between ETW and ET for the month  i  is 
calculating using Eq. (14):

   D  i   =  ETW  i   −  ET  i    (14)

Given the monthly time series of   D  i   , EWDI uses a nonparametric approach in 
which empirically derived probabilities are obtained through an inverse normal 
approximation [20] because this probabilities approach allows a consistent com-
parison between EWDI against other standardized indices [21, 22].

The probability distribution function of the   D  i   , according to the Tukey distribu-
tion, is given by Eq. (15):

  P ( D  i  )  =   i − 0.33 ______ 
n + 0.33

    (15)  

where  P ( D  i  )   is the empirical probability of   D  i    which is aggregated across the period 
of interest. In this study, we used 12-month duration for accumulating   D  i    because 
9- to 12-month time scale is the most useful in estimating the extreme drought condi-
tions [23]. For example, to calculate a 12-month EWDI in December,   D  i    is summed 
over the period from January to December.  i  is the rank of the aggregated   D  i    in the 
historical time series ( i = 1  is the maximum   D  i   ), and  n  is the number of observations 
in the series being ranked. EWDI then can be easily derived following the classical 
approximation of [20] as shown in Eq. (16):

  EWDI = W −    C  0   +  C  1   W +  C  2    W   2   ________________  
1 +  d  1  W +  d  2   W   2  +  d  3   W   3 

    (16)
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where

  W =  √ 
__________

 − 2 ln P ( D  i  )    for P ( D  i  )  ≤ 0.5  (17)

If  P ( D  i  )  >0.5 , replace  P ( D  i  )   with   [1 − P ( D  i  ) ]   and the sign of EWDI is reversed. The 
constants are   C  0   = 2.515517,   C  1   = 0.802853,   C  2   = 0.010328,   d  1   = 1.432788,   d  2   = 0.189269,  and  
  d  3   = 0.001308 . The average value of EWDI is 0, and the standard deviation is 1. A zero 
EWDI means that   D  i    accumulated over the aggregation period in the year of interest is 
equal to the median value, positive value indicates drought, and negative is wet condition.

Hereafter, drought index EWDI estimated from the modified GG [5] is called 
EWDI-MOD. Similarly, drought index EWDI estimated from GG-NDVI [24] is 
called EWDI-NDVI.

3.3 Data

Required meteorological data to calculate both ET values (modified GG or 
GG-NDVI) are air temperature, precipitation, elevation (pressure), net radiation, 
wind speed, and NDVI. Net radiation was estimated using the equations suggested 
by [25]. Air temperature and precipitation data are from the PRISM (Parameter-
elevation Regressions on Independent Slopes Model) climate group (available at 
http://prism.oregonstate.edu/) at 4-km resolution for the period 2000–2015 cover-
ing the CONUS. Wind speed was collected from the Climate Monitoring at NOAA’s 
National Centers for Environmental Information (available at https://www.ncdc.
noaa.gov/societal-impacts/wind/). Monthly NDVI data required for the GG-NDVI 
method are from the NASA Earth Observations (NEO, available at http://neo.sci.
gsfc.nasa.gov/).

To assess the capability of EWDI, we used USDM to compare the differences 
between the two indices during the evolution of drought through time and space. 
USDM is derived from measurements of climatic, hydrologic, soil conditions, and 
regional expert comments [26]. USDM is not a forecast instead it assesses the cur-
rent drought conditions. USDM divides drought severity into five classes: abnor-
mally dry (D0), moderate drought (D1), severe drought (D2), extreme drought 
(D3), and exceptional drought (D4). All drought indices used in this study were 
converted to USDM classes as presented in Table 3. Additionally, we compared 
EWDI against PDSI and SPI which were retrieved from the WestWide Drought 
Tracker (WWDT, available at http://www.wrcc.dri.edu/wwdt/about.html). 
USDM data from 2000 to 2015 were collected from the USDM website (http://

Drought condition USDM PSDI SPI EWDI

Abnormally dry D0 −1.0 −0.5 −0.5

Moderate drought D1 −2.0 −0.8 −0.8

Severe drought D2 −3.0 −1.3 −1.3

Extreme drought D3 −4.0 −1.6 −1.6

Exceptional drought D4 −5.0 > −2.0 > −2.0 >

All indices data from 2001 to 2015 were collected.

Table 3. 
Drought classes of USDM and corresponding threshold value for classifying drought with PDSI, SPI, and 
EWDI.
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Figure 7. 
Correlation coefficient between two EWDIs and USDM. EWDI-MOD (left) represents EWDI using the 
modified GG [5], and EWDI-NDVI (right) represents EWDI using GG-NDVI [15]. The area-averaged 
correlation coefficient over all pixels for EWDI-MOD and EWDI-NDVI is 0.58 and 0.72, respectively.

droughtmonitor.unl.edu/Home.aspx), and four indices are resampled to match the 
4-km resolution of EWDI using bilinear interpolation in the ArcMap software.

We also used EC flux tower data (in mm/month) from FLUXNET stations to 
perform a comparison of modified GG and GG-NDVI ET products. The latent 
heat flux data were collected from the Oak Ridge National Laboratory’s AmeriFlux 
website (http://ameriflux.ornl.gov/, last accessed on November 23, 2016). The 
tower-measured monthly latent heat flux data were calculated using the equation 
as  ET = LE / λ , where LE is the latent heat flux (W/m2) and λ is the latent heat of 
vaporization (2.45 MJ/kg).

3.4 Results

The Pearson correlation coefficient was used to determine which ET method 
is the best estimating drought. Like SPI and other drought indices, EWDI can be 
estimated at different time scales from which specific time aggregated versions are 
selected. Figure 7 provides the results obtained from the correlation coefficient 
between two EWDI results and USDM for years 2001–2015. EWDI using the 
GG-NDVI ET model generally shows a stronger relationship with UDSM across 
CONUS. The area-averaged correlation coefficient over all pixels for EWDI-MOD 
is 0.58, whereas EWDI-NDVI produced 0.72. Also, correlations between EWDI-
NDVI and USDM are strongest over much of the southern and northern rockies and 
plains of the US climate regions and highest in Texas (r > 0.8). This observation is 
consistent with the regions where soil moisture on land surfaces makes the largest 
contributions to ET, referred as “hot spot” of land-atmosphere coupling by [27]. 
It can be clearly seen from Figure 7 that a significant improvement is attributed to 
the GG-NDVI model in northwest, upper midwest, and northeast climate regions 
of the United States. Moreover, the improved performance of EWDI-NDVI over 
the CONUS can be seen from Figure 8. The drought conditions of EWDI-NDVI 
are similar to that estimated by USDM as shown in Figure 8(a). Also, EWDI-NDVI 
produced extreme drought conditions much better than EWDI-MOD as shown in 
Figure 8(b). It is very much plausible that these improved results are due to the use 
of an accurate ET model.

To further study these results, the San Bernardino County in California was 
selected as shown in Figure 9. The area-averaged correlation coefficient over all 
pixels in California is 0.55 for EWDI-MOD and 0.70 for EWDI-NDVI. The EWDI-
MOD showed lower correlation (0.4–0.6) for most of San Bernardino County, 
and even the northern county values (r < 0.2) were much lower than the county 
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area-averaged correlation coefficient of 0.51. However, the correlation coefficients 
of EWDI-NDVI were between 0.6 and 0.8 for most of California, and the county 
area-averaged values increased by 40% compared to EWDI-MOD.

To compare the temporal drought patterns of EWDI-MOD and EWDI-NDVI, 
Figure 10 presents percent area of San Bernardino County covered by D0 from 2012 
to 2015. This time period was selected because observed ET data are only available 
from 2012 to 2015. As shown in Figure 10(a), both produced similar drought condi-
tions until the middle of 2012. Thereafter, EWDI-MOD overestimated drought until 
May 2013 and underestimated compared to USDM in 2014 and 2015. It is therefore 

Figure 8. 
Percent area of CONUS (a) covered by D0 (abnormally dry) and (b) covered by D4 (exceptional drought) 
from 2001 to 2015.

Figure 9. 
Correlation coefficient for EWDI-MOD (left) and EWDI-NDVI (right) for California and San Bernardino 
County (black line).
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Figure 10. 
(a) Percent area of San Bernardino County covered by D0 and (b) monthly estimated ET values from the 
modified GG and GG-NDVI models and mean monthly observed ET from 2012 to 2015.

possible to state that EWDI-NDVI estimated the drought condition better than 
EWDI-MOD. These results may be explained by comparing ET values shown in 
Figure 10(b). The plot shows GG-NDVI ET against observed ET and the same with 
the modified GG estimates from 2012 to 2015. The results show that the pattern of 
ET from modified GG is much higher than observed ET, whereas GG-NDVI shows 
similar patterns with observed ET. The mean RMSE is 37 mm/month for modified 

Figure 11. 
Spatial distributions of USDM, EWDI, SPI, and PDSI results for major drought months in the CONUS. The 
quantity of r shown in figure means the correlation coefficient with USDM from 2001 to 2015.
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GG and 7 mm/month for GG-NDVI. The overestimated ET from modified GG, which 
brings a small water deficit, results in a corresponding drought that is underestimated 
compared to USDM. Taken together, these results indicate that the water deficit 
derived from the complementary relationship can be used as a drought index and the 
use of an accurate ET method can improve the performance of EWDI (Figure 11).

4. Summary and conclusions

This study proposed an improved version of the Granger and Gray [4] using 
both the complementary relationship and the Budyko framework in Chapter 2. 
Then, existing limitation of the complementary relationship was identified by 
comparing remote sensing ET product. Lastly, the applicability of using accurate ET 
model as a drought index was addressed in Chapter 3.

In Chapter 2, the modified GG model developed by [5] was refined by using 
the Budyko framework based on [11]. The relative evaporation parameter in the 
original GG model was derived from limited sites under wet conditions in Canada 
[4]. To overcome this limitation, the Fu equation [11] was used instead of the 
relative evaporation parameter on the basis that the Fu equation can support the 
complementary relationship [9, 10]. This chapter used AmeriFlux eddy covariance 
tower sites in the United States to retrieve required meteorological data including 
precipitation. Also, NDVI were from the MODIS land subsets. Sites were divided 
into dry and wet climate conditions based on an aridity index from UNEP [13]. 
The proposed model, denoted as GG-NDVI, showed much lower RMSE in both 
dry and wet sites compared to the modified GG model (see details in [5]). More 
importantly, the validation in Chapter 2 provided an inherent limitation of the 
complementary relationship and validation through a direct comparison with the 
SSEBop (Operational Simplified Surface Energy Balance, [16]). The SSEBop ET 
data set retrieved from the USGS Geo Data Portal for the period 2000–2007 cover-
ing the United States and 60 AmeriFlux stations were used for validation of ET 
results from SSEBop and GG-NDVI. The results showed that GG-NDVI can produce 
similar or better accuracy than SSEBop. Based on the results, this study observed 
that the assumption of symmetric complementary relationship was a deficiency in 
GG-NDVI that produced poor results under certain condition. Under the symmetric 
complementary relationship, ET is close to ETW with increasing humidity, but 
natural surfaces even in the wettest regions will not approach saturation. Therefore, 
this study proposed a nonlinear correction function to the GG-NDVI to better 
describe the complementary relationship. This correction function improved the 
GG-NDVI model significantly especially, under conditions of high humidity and 
dense vegetation.

In Chapter 3, ET calculated from the latest version of GG-NDVI, denoted as 
Adjusted GG-NDVI, used to estimate drought conditions across the United States 
for the period of 2001–2015. The proposed drought index, EWDI, was calculated by 
using the difference between ETW and ET with the probability distribution func-
tion of [20] because this probabilistic approach allowed a consistent comparison 
between EWDI and other standardized indices. Also, the drought severity of EWDI 
was divided into five classes that are the same classes with the US Drought Monitor 
(USDM). Required meteorological data were from the PRISM at 4-km resolution 
covering the CONUS, and monthly NDVI data were retrieved from the NASA Earth 
Observations. The results of this chapter supported that the EWDI could capture 
drought conditions and using an accurate ET model can help to improve drought 
monitoring performance. One unanticipated finding was that within the comple-
mentary relationship when energy-limited conditions are present, ET and ETW 
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varied in a parallel trend and ET is closer to ETW, resulting in decreasing EWDI 
performances such as Minnesota (not shown in this study). Despite this limitation, 
EWDI could identify droughts over CONUS consistent with USDM from the major 
drought incidents of August 2007, November 2009, and July 2011.
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