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Simplicity, genericness, soil-plant-atmosphere-basis, and computability at high 

temporal resolution are basic requirements of an agricultural drought index. The index 

should be able to quantify drought and the effect of drought on crop yields. However, no 

index was found that could meet all these requirements. The objectives of this study 

were to develop a new index with all these features, evaluate its ability to quantify 

drought and estimate yield loss from drought, explore its uncertainties as a simple and 

generic index, and explore ways of forecasting it. The new index, Agricultural Reference 

Index for Drought (ARID), was evaluated by comparing it with several other drought 

indices and the water deficit index (WSPD) computed by DSSAT CERES-Maize, a 

widely-tested crop simulation model. Among the indices compared, ARID mimicked 

WSPD most closely with largest correlations and smallest departures. The uncertainty 

ranges in ARID were generally small – less than 30% of the whole range. Even in cases 

with large uncertainty ranges of up to 50% of the entire possible range, values of ARID 

concentrated around its nominal values. Sensitivity analyses showed that ‘available 

water capacity’ and ‘root zone depth’ are the most important parameters and explain 
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about 90% of the total variability in ARID, whereas ‘runoff curve number’ and ‘drainage 

coefficient’ have no significant influence on ARID. Various climate indices and statistical 

models were investigated for forecasting ARID. Values of the Nash and Sutcliffe index 

(NSI) indicated that the current level of forecasting, which is El Niño-Southern 

Oscillation (ENSO)-based, may be improved especially for the southern part of the 

southeast USA, such as Florida, using artificial neural network models and climate 

index-based indices. According to the NSI values, artificial neural network performed 

better then the other models for most locations in the region. Finally, the performance of 

ARID to estimate yield loss from drought was evaluated by comparing the ARID-

estimated yields with observed yields of cotton, maize, peanut, and soybean. The ARID-

based yield models provided reasonable estimations of yield loss from drought for these 

crops (with mean absolute error of less than 15%, and the NSI values ranging from 0.03 

to 0.63).
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CHAPTER 1 
INTRODUCTION 

Drought 

Drought may be defined as a temporary condition where the amount of water due 

to precipitation falls short of a threshold value (Figure 1-1). From meteorological point of 

view, water can be precipitation and the threshold value can be normal precipitation. 

From hydrological perspective, water can be surface or subsurface water and the 

threshold value can be normal ground or underground water level. From an agricultural 

viewpoint, water is the plant available water in the soil and the threshold value is the 

atmospheric demand for evapotranspiration (ET). From socioeconomic standpoint, 

water is the water that is available to a society and the threshold value is the water 

needed by the society. Drought basically starts from a deficiency of precipitation 

resulting in water shortage for a certain activity. Drought is a recurring, complex, 

insidious, creeping, and the least understood natural hazard (AMS, 1997) that has 

plagued civilization throughout history (Heim, 2002). Agriculture is often the first sector 

to be affected by the onset of drought due to dependence on precipitation and soil 

moisture reserve needed to support plant growth (Narasimhan and Srinivasan, 2005). 

Because drought affects different sectors with varying frequency, duration, and 

magnitude, operationally, it is often categorized into four types: meteorological, 

agricultural, hydrological, and socio-economic (Subrahmanyam, 1967; Dracup et al., 

1980; Wilhite and Glantz, 1985; AMS, 1997). Meteorological drought is the departure of 

precipitation from normal, whereas hydrological drought is an expression of precipitation 

shortfall on surface or subsurface water supply (AMS, 1997). Socio-economic drought is 

the period of low water supply that affects society’s activities (Dracup et al., 1980). An 
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agricultural drought occurs when the amount of water in the root zone is not sufficient to 

meet the need of a particular crop at a particular time (WMO, 1975; Wilhite and Glantz, 

1985; Maracchi, 2000).  

Drought Index 

The severity of drought may be quantified using a drought index. A drought index 

integrates all meteorological, hydrological, and agricultural information typically into a 

single number and gives a comprehensible big picture on drought conditions for 

decision making (Hisdal and Tallaksen, 2000; Narasimhan and Srinivasan, 2005; 

Hayes, 2006).  

Numerous drought indices are available to quantify drought, which can be 

categorized into three groups: meteorological, hydrological, or agricultural. 

Meteorological drought indices do not easily capture the effects of soil properties and 

crop growth characteristics that are critical for agricultural drought monitoring (Keating 

et al., 1996). Similarly, hydrological drought indices are not suitable indicators for 

agricultural drought because the hydrological drought is out of phase from agricultural 

drought as there is a time lag before precipitation deficiencies are detected in surface 

and subsurface water sources (Narasimhan and Srinivasan, 2005) and in recovery from 

hydrological drought. Because an agricultural drought index reflects the interactions 

among precipitation, other meteorological variables, and plant available water in the soil 

profile in relation to crop growth and development (Lourens, 1995), agricultural drought 

indices are used in preference to meteorological and hydrological indices for measuring 

crop water deficit (Pisani et al., 1998). Currently, many drought indices are available for 

quantifying agricultural drought. Some of the major drought indices that are being 
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applied to agricultural systems are presented in Table 1-1, along with some of their 

features that are important for agriculture. 

The available drought indices vary among themselves in many respects, such as 

applicability (regions and conditions), basic concept (energy-balance- or water-balance-

based), input requirements, purpose (monitoring crop water deficit or estimating crop 

yield), and target use (agricultural, hydrological, or socioeconomic). They also vary in 

terms of complexity, genericness (whether the parameters of these indices are crop-

specific or not), and spatio-temporal resolutions. Each index has been developed for a 

particular purpose and has specific features. This study is concerned with the possibility 

for developing a new agricultural drought index that is simpler and may perform better 

than the many other drought indices that are available now.  

New Drought Index 

The list of drought indices currently available for application in agriculture (Table 1-

1) shows the possibility for developing a drought index that is soil-plant-atmosphere 

(SPA)-based, simple, and generic and has potential for monitoring at high spatial and 

temporal resolutions. For the new drought index, these features are chosen for the 

following reasons: 

SPA-basis: Plant water status is governed by atmospheric evaporative demand, 

soil water conditions, and plant characteristics. Water moves from the soil, through the 

plant, to the leaves where it evaporates and is released into the atmosphere. Plant 

water deficit occurs when absorption of water by roots falls short of the atmospheric 

demand for transpiration. To quantify plant water deficit, an agricultural drought index 

should take into account all three components of the SPA continuum (Lourens and 

Jager, 1997; Pisani et al., 1998; Narasimhan, 2004; Narasimhan and Srinivasan, 2005). 
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Moreover, because crop yield is often the most important factor for a producer, an 

agricultural drought index should be related to yield loss caused by drought. As 

transpiration affects carbon dioxide assimilation and ultimately crop yield, only a SPA-

based drought index can estimate drought-induced yield loss. 

Simplicity: Water deficit and its effect on crop yield can be estimated accurately 

using crop simulation models. However, crop simulation models are difficult to apply 

because they require a large numbers of crop-specific inputs and parameters that are 

difficult for users to obtain or to justify because of the spatial variability of soils and 

diverse crop management practices. Thus, a complex drought index derived from a crop 

simulation model is impractical for broad application. 

Genericness: Water stress estimated by a crop model or a drought index that is 

crop-specific cannot generally indicate water deficit for other crops. Moreover, crop-

specific indices or models do not exist for many crops. In this situation, a generic index 

is needed to serve as a general indicator of agricultural drought. Because a generic 

index provides general information to all crops without requiring their specific inputs and 

parameters, a generic index is both simpler and more informative than a crop-specific 

index (Forrester, 1970). A generic index also provides economy in both modeling and 

understanding (Reynolds and Acock, 1997). 

Daily resolution: Because the time scale of crop responses to water deficits is 

closer to one day than to one week or month, an agricultural drought index should be 

computed daily (Acevedo et al., 1971; Steduto et al., 2009). A daily time step or less is 

essential to realistically account for variability related to daily changes in weather and 

soil conditions (Raes et al., 2009) and the dynamic nature of water deficit effects and 
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crop responses (FAO, 2009). A daily time step is most practical because weather data 

are typically collected or reported daily.  

It is hypothesized that the proposed SPA-based, simple, generic, and high-

resolution drought index may characterize agricultural drought better than do many 

other drought indices that are available now and that, being simple and generic, the 

index may be more convenient for users. If the new index could mimic complex and 

crop-specific indices that are widely-used or trusted, not only would it be more 

convenient for the users to apply the index but, being relatively simpler, the chance of 

its application as a decision support system would increase as well.  

With the development of the new index, however, several questions arise. How 

does it compare with others that are complex, crop-specific, and not SPA-based? Does 

it mimic the estimations of complex indices? Does it provide a general indicator of 

drought for all crops? How does it compare with indices that are not based on water 

balance?  What are the uncertainties associated with generic parameters having fixed 

values? For what conditions would the index be more or less applicable? Could the 

index be used in forecasting drought? If so, how or on what basis could drought be 

forecast? Could the index be used to estimate crop yields? Does it make reasonable 

estimations of yield losses for specific crops?  

Dissertation Objectives 

The purpose of this dissertation is to formulate a simple, generic, and SPA-based 

agricultural drought index that can be used by farmers or people involved in crop 

production systems as a decision support tool to monitor and or forecast agricultural 

drought and its effect on yields. The specific objectives are:  
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• To design a new agricultural drought index to be used as a generic tool for 
quantifying water deficit for crops, that is, agricultural drought in general. 

• To evaluate the index by comparing it with several other drought indices that have 
been applied to agricultural systems and with the water deficit index computed by 
Decision Support System for Agrotechnology Transfer (DSSAT) CERES-Maize 
(Jones et al., 2003), a widely-used and tested crop model, to assess how the new 
index would mimic the work of a complex, crop-specific drought index. 

• To quantify the uncertainties in the index associated with its parameters and to 
estimate the importance of individual parameters with respect to the uncertainties 
in the index. 

• To explore methods and techniques for forecasting the index as it could be used to 
forecast agricultural droughts and compare those approaches in terms of 
forecasting efficiency. 

• To test the ability of the index, as a generic index, to estimate yield loss from 
drought for peanut, cotton, soybean, and maize through exploring associations 
between the index and crop yields. 

Dissertation Organization 

This dissertation is organized around the five objectives set forth above. Chapter 2 

describes the formulation of a new drought index called the Agricultural Reference 

Index for Drought (ARID), followed by an evaluation of the index by comparing it with 

other drought indices that have been widely used for agricultural purpose and with the 

water deficit index computed by a widely-used crop growth model, DSSAT CERES-

Maize. Chapter 3 presents the uncertainties in ARID associated with the uncertainties in 

its parameters and the sensitivity of the index to its parameters. Chapter 4 describes 

various approaches and statistical techniques that could be used to forecast ARID as a 

predictor of agricultural droughts and then compares those approaches and techniques 

in terms of modeling efficiency.  Chapter 5 presents a general ARID-yield relationship, 

ARID-based crop-specific yield models for major rainfed crops grown in the southeast 

USA, and the performance of ARID to estimate crop yields. Finally, Appendix A, a 
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byproduct of this dissertation, introduces the Lawn and Garden Moisture Index, a 

drought index that is being used to monitor and forecast droughts in the southeast USA, 

and discusses its performance across various seasons and locations in the region.
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Table 1-1.  Drought indices that have been reported to quantify agricultural drought 
Abbr. Drought Indicator Author(s) Time-step Sa Pb Ac Gd 
CMI Crop Moisture Index Palmer (1968) Weekly Ye Nf Y Y 
CSDI Crop Specific Drought Index Meyer et al. (1993a) Seasonal Y Y Y N 
CWSI Crop Water Stress Index Idso et al. (1981a) Instantg N N Y N 
ETDI Evapotranspiration Deficit Index Narasimhan and Srinivavan (2005) Weekly Y Y Y N 
KBDI Keetch and Byram Drought Index  Keetch and Byram (1968) Daily N N Y Y 
LGMI Lawn and Garden Moisture Index Christy (2004) Daily N N Y Y 
PDSI Palmer Drought Severity Index  Palmer (1965) Monthly Y N Y Y 
PZI Palmer Z-index  Palmer (1965) Monthly Y N Y Y 
SMDI Soil Moisture Deficit Index Narasimhan and Srinivasan (2005) Weekly Y Y Y N 
SDI Stress Day Index Hiler and Clark (1971) Daily Y Y Y N 
SPI Standardized Precipitation Index  McKee et al. (1993) Monthly N N Y Y 
WRSI Water Requirement Satisfaction Index  Frere and Popov (1986) Dekadal  Y Y Y N 
WSPD Water stress index of the DSSATh  Jones et al. (20003) Daily Y Y  Y  N 

a S = soil water balance-based; b P = plant physiology-based; c A = atmosphere-based; d G = generic, not requiring crop-
specific parameters; e Y = yes; f N = no; g Instant = instantaneous, based on the vapor pressure deficit of a transpiring 
crop; h Based on Decision Support System for Agrotechnology Transfer (DSSAT) CERES-Maize model. 
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Figure 1-1.  The schematic representation of drought and its components. The solid line indicates the amount of available 

water, whereas the dashed line shows the threshold level. Drought occurs when the threshold level is greater 
than the available water.  The greater the deficit of available water relative to the threshold, the greater the 
intensity of drought. 
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CHAPTER 2 
DEVELOPING AGRICULTURAL REFERENCE INDEX FOR DROUGHT 

Introduction 

Simplicity, genericness, soil-plant-atmosphere-basis, and computability at high 

temporal resolution are basic requirements of an agricultural drought index. The index 

should be able to quantify crop water deficit and the effect of the deficit on crop yields. 

However, no drought index was found that could meet all these requirements (Table 1-

1). So, a new agricultural drought index – Agricultural Reference Index for Drought 

(ARID) – was developed with all these features. The purpose of ARID is to help crop 

producers or those involved in crop production or related fields to quantify the status of 

plant water deficit relative to supply and demand for water and ultimately to estimate 

yield loss from drought. The anticipation of drought-induced yield loss may help users 

minimize the losses through taking proactive measures and setting out drought 

mitigation strategies.    

ARID is based on a reference crop, grass, that is actively growing in a well-

drained, medium-textured soil and completely covers the soil surface. ARID uses a 

simple soil water balance for the reference grass having a 400 mm soil layer with evenly 

distributed roots. A single soil layer was chosen because single-layer models require 

few assumptions about the root zone, adequately estimate soil water status for 

established plants, and are relatively simple to derive and apply (Porteous et al., 1994; 

Eilers et al., 2007). Water from irrigation and the precipitation that remains on the soil 

surface after runoff enters the root-zone and exits it through transpiration, and drainage 

(Figure 2-1). Soil evaporation and upward flow of water from deeper layers are 

assumed to be insignificant. Considering complexities associated with distributed 
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models (Arora et al., 1987; Yokoo et al., 2001) and the dominance of vertical gradients 

of soil water potential as the driving force of water movement (Wheater and Sherratt, 

1983), the lumped modeling approach was adopted for ARID. Although the effective 

rooting depth of grass depends on several factors, a 400 mm deep root-zone is 

reasonable (Wu, 1985; De Jong and Kabat, 1990; Haman et al., 2008; Zazueta et al., 

2008). 

Materials and Methods 

ARID Formulation 

Because transpiration is directly related to stomatal opening, which in turn, affects 

carbon dioxide assimilation, the amount of biomass or marketable yield produced can 

be estimated by the amount of water transpired during the growing season (de Wit, 

1958). Plant water deficit occurs when there is insufficient water in the root zone to meet 

plant needs, that is, when transpiration is less than potential transpiration:  

TRTRDeficit p −=  (2-1) 

where TRp is the potential transpiration (mm d-1), and TR is transpiration (mm d-1). The 

definitions of major variables and parameters of ARID are presented in Table 2-1. 

An index can be used to quantify the water stress experienced by a crop on a 

particular day or during the growing season due to water deficit (Hiler et al., 1974). A 

plant water deficit index can be expressed as the ratio of water deficit to water need 

(Thornthwaite, 1948). Defining need as potential transpiration (TRp), the water deficit 

index (WDI) can be expressed as: 

p

p p

TR TRDeficit TRWDI 1
Need TR TR

−
= = = −  (2-2) 
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Based on the approach adopted to estimate TR for Equation 2-2, crop water deficit 

indices can be categorized into two groups: surface energy balance-based and soil 

water balance-based. The energy balance approach requires many variables that are 

not readily available or parameters that are hard to calibrate (Bouwer et al., 2008). For 

instance, a surface energy balance approach uses difficult-to-measure windspeed and 

canopy and aerodynamic resistances (Jalali-Farahani et al., 1993; Yazar et al., 1999). 

Moreover, this approach has limited application because of the need for sensors, which 

have fixed spectral bands, coarse spatial resolutions, inadequate repeat coverage, and 

long acquisition to delivery period (Moran, 1994; Moran et al., 1997). Similarly, dynamic 

or semi-dynamic water transport-based water balance models require a wide range of 

data that are not readily available and parameters that are difficult to calibrate (Wheater 

and Sherratt, 1983; Rao, 1987; Arora and Gajri, 1996; Sanchez-Cohen et al., 1997; 

Verdoodt et al., 2005; Raes et al., 2006). Considering the problems associated with 

energy balance models as well as physically-based dynamic soil water balance models, 

a simple budget-based soil water balance approach was adopted in ARID. The budget-

based water balance approach is relatively simple and requires minimal inputs (de Jong 

and Bootsma, 1996) and few parameters, which are easy to estimate (Panigrahi and 

Panda, 2003). 

ARID is generic due to its use of a reference crop that only requires site-specific 

weather data. Grass was chosen as the reference crop for the following reasons:  

• Grass has been used previously as a reference crop to compute crop reference 
ET (ETo) (Allen et al., 1998). ETo is equal to the potential ET of the reference grass 
(Allen et al., 2005).  

• Grass is assumed to be perennial, thus allowing ETo to be computed throughout 
the year. A specific crop, on the other hand, is limited to a particular period of the 
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year, thus allowing ETo to be computed only for that period. To compute ETo for 
the entire year, a number of crops are needed, which makes ARID not only crop-
specific but also complex. 

• Grass that is well established typically is dense and has a uniform canopy that 
mostly covers the soil surface. 

• TR and TRp in Equation 2-2 vary with crops and their phenological stages. For a 
generic index, transpiration needs to be independent of crops and stages. 
Because grass is an indeterminate crop and has a uniform canopy throughout the 
growing season, this independency may be achieved by using grass. 

• To estimate ETp for a crop at a particular growth stage, ETo needs to be used 
along with crop coefficients. If a crop other than a grass is used, several dynamic 
values of crop coefficients would be needed, which would make ARID crop-
specific and increase the complexity of computations. Because the ETp of grass is 
ETo, grass does not need crop coefficients to estimate its ETp. So using grass not 
only makes the index generic but also simple. 

For the reference grass, which is dense and actively growing (Allen et al., 2005), 

transpiration may be assumed to be approximately equal to evapotranspiration (Ritchie 

and Burnett (1971). So, replacing TRp by ETo and water deficit index (WDI) by ARID in 

Equation 2-2 produces the following relationship: 

o

TRARID 1
ET

= −  (2-3) 

When there is no transpiration, ARID equals one, the maximum water deficit. 

When transpiration occurs at the potential rate, ARID is zero, indicating no water deficit. 

Between these two extremes, water deficit decreases linearly with an increase in actual 

transpiration when ETo is constant. Considering the time scale of crop responses to 

water deficits and daily variations in weather data (Allen et al., 1998; Steduto et al., 

2009), ARID is computed daily.  
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Reference ET  

The FAO-56 Penman-Monteith model (Allen et al., 1998) is used to estimate ETo 

in ARID. This method has been recommended as the sole method of calculating ETo 

(Allen et al., 1998). The Penman-Monteith equation, which estimates ET realistically 

from various surfaces, climatic conditions, and at different scales (Jensen et al., 1990; 

Fontenot, 1999; Tamm, 2002), is as follows: 

N 2 s a

o
2

9000.408Δ(R G) γ μ (e e )
T 273ET

Δ γ(1 0.34μ )

 − + − + =
+ +

 (2-4) 

 
where ETo is the reference ET (mm d-1), Δ is the slope of vapor pressure curve  

(kPa °C-1), RN is the net radiation at the grass surface (MJ m2 d-1), G is the soil heat flux 

density (MJ m2 d-1), γ is the psychrometric constant (kPa °C-1), T is average daily 

temperature (°C), μ2 is the wind speed at 2 m height (m s-1), es is saturated vapor 

pressure (kPa), and ea is the ambient vapor pressure (kPa). 

Transpiration 

The rate of transpiration is affected by ETo and the ability of roots to extract soil 

water. Annual plants transpire almost all water absorbed by their roots (Jensen, 1968; 

Hopkins, 1999; Ingram, 2005), thus transpiration is approximately equal to root water 

uptake (Wu et al., 1999). To estimate transpiration, ARID uses a macroscopic modeling 

approach – treating the entire root system as a single unit and assuming the removal of 

water from the root zone as a whole. Such macroscopic models need soil and plant 

parameters that are readily available (Li et al., 2006) and do not require complete 

representation of all physical processes of water uptake, thus eliminating the need for 

difficult-to-obtain soil and plant parameters (Li et al., 2001). Macroscopic models are 
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basically of two types: water potential-based and water content-based. Because the 

water potential-based approach requires detailed information about root and soil 

properties that are difficult, time-consuming, and costly to evaluate (Taylor and Klepper, 

1973; Zuo et al., 2006), ARID is based on the water content approach.  

A simple root water uptake model that is not based on root length density, but 

based on generalizations from measured soil water, might overcome several limitations 

of more complex physically-based models (Dardanelli et al., 2004). Based on the 

exponential decay relation described by Passioura (1983), Meinke et al. (1993) 

developed the following simple root water uptake model: 

 (2-5) 
where RWU is the soil-limited root water uptake rate (mm d-1), α is a generic root 

water uptake constant, representing the maximum fraction of available water extracted 

in a day, and ad
aθ is the plant available water content after deep-drainage at the end of 

the previous day (mm mm-1). 

Several researchers, such as Robertson et al. (1993a), Robertson et al. (1993b), 

Dardanelli et al. (1997), and Dardanelli et al. (2004), have applied the water uptake 

model of Meinke et al. (1993). Equation 2-5 produces an exponential decline in soil 

water content over time. Dardanelli et al. (2004) found 0.096 to be a good 

approximation for α in a wide range of crops and soil types when roots are fully 

developed and uniformly distributed in the soil. Using the relations suggested by 

Passioura (1983) and Meinke et al. (1993), transpiration (mm d-1) can be estimated as: 

 (2-6) 
where ζ is the root zone depth (400 mm) and the other variables as defined previously. 
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The use of TRp in Equation 2-6 is because transpiration occurs at the potential 

rate under non water-limiting conditions, whereas Equation 2-5 is for water-limited 

conditions. Assuming that TRp approximately equals the potential ET of the reference 

grass (ETo), which is dense and actively growing, the actual transpiration in ARID is 

estimated as:  

 (2-7) 

Soil water balance 

To estimate daily TR using Equation 2-7, the available soil water content in the 

root zone ( ad
aθ ) has to be known. The ad

aθ in a specific day is calculated by dividing the 

amount of available water in the root zone (W, mm) in that day by the root zone depth: 

ad
aθ  = W/ζ. ARID computes W as: 

iiiiiii RDTRIPWW −−−++= −1  (2-8) 
 

where Wi and Wi-1 are the amount of available water (mm) in the root zone in day ‘i' and 

‘i-1', respectively; and Pi, Ii, TRi, Di, and Ri are precipitation, irrigation, transpiration, 

deep drainage, and surface runoff, respectively, occurred in day ‘i' (mm). Whereas 

precipitation and irrigation are inputs to the model (Equation 2-8); the model computes 

transpiration, drainage, and surface runoff. 

Deep-drainage 

Water is subject to deep-drainage from the root zone only when the soil water 

content exceeds field capacity (Williams et al., 1991; Ritchie, 1998). In other words, 

water is drained when available water content is greater than a threshold value, called 

the available water capacity (θm). Drained water is considered to be lost from the 

system. ARID estimates deep-drainage as: 
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( ) bdbd
a ma m if θ θβζ θ θ

D
else0

 >−= 


 (2-9) 

where D is the amount of water drained (mm d-1), β is the drainage coefficient – the 

fraction drainable water that can be drained in a day, bd
aθ is the available soil water 

content in the previous day before drainage (mm mm-1), and θm is the available water 

capacity (mm mm-1).  

Values of β as well as θm may vary with soil type. As a generic indicator of crop 

water status, however, ARID uses a constant value for β and θm each. For simplicity, 

ARID assumes β to be 0.55, which Ritchie (1998) found to be suitable for well drained 

medium textured soils. Similarly, ARID uses 0.13 mm mm-1 for θm because the water 

holding capacities of many soil types, except the ones having more than 65% sand, is 

about 0.13 mm mm-1 (Ratliff et al., 1983; Legowo, 1986; Ritchie et al., 1999). Although 

soils may vary considerably over space and their water holding capacities and rooting 

depths also could be very different, experience in using ARID will allow users to 

interpret the index values relative to their own soils. For instance, ARID, a medium 

textured soil-based index, would likely underestimate the true level of water deficit for a 

light soil. Similarly, for a heavy soil, ARID may overestimate the actual deficit. The 

sensitivity of ARID to differing water holding capacities is presented in Chapter 3.   

Many soil water balances also take into account saturation for estimating drainage. 

That is, they drain the available water between field capacity and saturation point 

through unsaturated flow and that above saturation through saturated flow. In the case 

of ARID, however, the saturation component is not included in the deep-drainage model 

because the index is based on a well drained soil with β = 0.55. The inclusion of 
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saturation component actually does not make any significant effect in ARID, but 

increases the complexity in the index, instead. 

Surface runoff 

To estimate surface runoff, ARID uses the runoff curve number method developed 

the USDA Natural Resources Conservation Service (NRCS), formerly known as the Soil 

Conservation Service (SCS). The SCS runoff curve number method is computationally 

efficient and soil and weather data inputs are generally available (Williams et al., 1991). 

This method is based on the assumption that runoff occurs when the rate of rainfall is 

greater than that of infiltration. Runoff takes place after the initial demands of 

interception, infiltration, and surface storage have been satisfied. Using the USDA-SCS 

(1972) method, the daily runoff is estimated as: 

( )
( )

else

IPifSIP
IP

R aa

a
>










+−
−

=

0

2

 (2-10) 

 
where R is surface runoff (mm d-1); P is precipitation (mm d-1); Ia is initial abstraction, 

including interception, retention, and infiltration (mm d-1); and S is the potential 

maximum retention (mm d-1), which is computed as S = 25400/η - 254 (where η is the 

runoff curve number). 

Using 65 as the reference η for a meadow of well-managed, protected, and 

frequently mowed continuous grass (similar to the reference grass) growing in a soil that 

has an average antecedent moisture condition and falls in between the hydrologic 

groups B and C (USDA-NRCS, 1986) and calculating Ia as 0.2S (USDA-SCS, 1972), the 
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amount of initial abstraction is estimated to be 27.4 mm. Thus, no runoff occurs unless 

precipitation exceeds this amount.  

ARID Evaluation 

Like the DSSAT crop simulation models, ARID is SPA-based; so it can also 

estimate water deficit and its effect on crop yield. However, ARID is much simpler than 

a crop simulation model because ARID requires fewer inputs and parameters than do 

crop models. It was hypothesized that ARID, a simple, generic index, might adequately 

represent the water deficit calculated by a crop model that is complex and crop-specific.  

From available crop models, the DSSAT CERES-Maize (Jones and Kiniry, 1986; 

Jones et al., 2003; Hoogenboom et al., 2004) was chosen because it has been widely-

tested and used (Hodges et al., 1987; O’Neal et al., 2002; Asadi and Clemente, 2003; 

de Faria and Bowen, 2003; Lopez-Cedron, 2005). The DSSAT CERES-Maize model 

assumes that when root water uptake is unable to meet transpirational demand of the 

foliage, photosynthesis and transpiration are reduced in direct proportion to decreased 

water uptake. This phenomenon is expressed in terms of an index called the water 

deficit index for photosynthesis (WSPD). ARID was evaluated in terms of how 

accurately it could mimic the WSPD. The comparison of ARID with a crop simulation 

model can only be done during the growing season of a crop. 

Also, ARID and WSPD were compared with seven other indices that have been 

used to quantify agricultural drought, namely Crop Moisture Index (CMI), Keetch-Byram 

Drought Index (KBDI), Lawn and Garden Moisture Index (LGMI), Palmer Drought 

Severity Index (PDSI), Palmer Z-index (PZI), Standardized Precipitation Index (SPI), 

and Water Requirement Satisfaction Index (WRSI). The purpose of this comparison was 

to find out how well each index would approximate WSPD and thus quantify crop water 
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deficit, given the differences in their derivations and input requirements. The eight 

indices were also compared among themselves in terms of the response to fluctuations 

in precipitation over time. 

Comparisons of indices with WSPD 

The ability of each of the eight drought indices to quantify crop water deficit was 

assessed in terms of its correlation with WSPD and the root mean squared error 

(RMSE). While correlation (r) was used to explore the strength and the direction of 

association between a drought index and WSPD, RMSE was used to assess the error 

associated with estimating WSPD. Values of r would show the closeness of the points 

to the regression line, whereas those of RMSE would depict the average proximity of 

the points to the line of model perfection (1:1 line). So, a larger correlation with a smaller 

RMSE value would imply a better performance than would any of the other 

combinations of r and RMSE values, such as a smaller r with a larger RMSE, a larger r 

with a larger RMSE, a smaller r with a larger RMSE, and so on.  

Because WSPD values of DSSAT are crop-specific, maize was chosen as the 

study crop because it is widely grown across the southeast USA under rain-fed 

conditions and also is simulated well by the DSSAT CERES-Maize model (Hodges et 

al., 1987; O’Neal et al., 2002; Asadi and Clemente, 2003; de Faria and Bowen, 2003; 

Lopez-Cedron, 2005).  As ARID is a grass-based index, a perennial grass could also be 

used as the study crop. However, grass was not used because the DSSAT grass 

models have not been as widely-tested and used as has been the CERES-Maize. 

Moreover, the objective was to explore how accurately ARID, a generic index, could 

estimate water deficit for a crop other than the grass. 
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Sixteen locations were selected in the southeast USA: Huntsville, AL; 

Montgomery, AL; Birmingham, AL; Mobile, AL; Rome, GA; Midville, GA; Plains, GA; 

Griffin, GA; Blairsville, GA; Folkston, GA; Elberton, GA; Live Oak, FL; Citra, FL; La 

Belle, FL; Bartow, FL; and Miami, FL (Figure 2-2). Sites were selected to give a range of 

geographical locations and were based on availability of historical weather data. All 

locations had at least 50 years of weather data, including precipitation, maximum and 

minimum temperatures, windspeed, and dewpoint temperature. The other criterion 

considered for site selection was the availability of KBDI values computed by the Florida 

Climate Center. 

Daily historical weather data were obtained from various sources: The Florida 

Climate Center (ftp://coaps.fsu.edu/pub/griffin/SECC/AgroClimate/raw/ascii/) for 

locations in Florida, the Georgia Automated Environmental Monitoring Network (G. 

Hoogenboom, personal communication, 9 March 2009) for locations in Georgia, and the 

National Climatic Data Center (http://www.ncdc.noaa.gov/oa/climate/stationlocator.html) 

for locations in Alabama. Values of KBDI for all locations were obtained from the Florida 

Climate Center (ftp://coaps.fsu.edu/pub/griffin/SECC/Research/KBDI/). 

To calculate values of WSPD, a crop management fi le for maize and a weather file 

were created for each location. Taking into account the effect of latitude on maize 

growing season, different planting dates were used for different locations as suggested 

by Bauske et al. (1996), Lee (2007), and Wright et al. (2008) (Table 2-3). For simplicity, 

only one planting date for each location was used. Even with multiple planting dates, the 

drought indices would behave similarly because the inputs (weather variables) for each 

of the drought indices would be the same. For each location and season, plant density 
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was 5 plants m-2 and the cultivar was McCurdy 84aa. After creating all necessary files 

and entering necessary inputs, DSSAT was run with the not irrigated option, thus 

calculating daily values of WSPD during a crop season for each year (from year 1958 

through 2005) and location. Then, periodic values of WSPD were computed by 

averaging the daily values for the fully established (dense) period of the crop, which was 

assumed to comprise of the last three months of the season. This period, here in after, 

is referred to as the full canopy period. For comparisons, the periodic values were used 

because crop water requirement is generally largest and the crop is most sensitive to 

water deficit during the full canopy period. 

Similarly, the periodic values of each drought index were computed for the full 

canopy period of maize by averaging the daily, weekly, or monthly values of the indices 

computed. The time and duration of the full canopy period for each season and location 

were estimated by the DSSAT CERES-Maize model while computing WSPD. Monthly 

values of PDSI, PZI, and SPI and weekly values of CMI were computed using PDSI and 

SPI software developed by the National Agriculture Decision Support System (NADSS), 

University of Nebraska, Lincoln (Wells, 2003; NADSS, 2008). Before computing monthly 

or weekly values of these indices, daily weather data were converted to mean monthly 

or weekly values as appropriate. For ARID, LGMI, and WRSI, daily values were 

computed from daily historical weather data.  

Because different drought indices had different ranges, values of all drought 

indices were transformed so that all the indices would have the same numerical range 

as WSPD (0.0 to 1.0). After transformation, 0 would mean no stress and 1 would mean 

maximum stress in each drought index. Transformations were carried out as follows: 
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where the subscript T denotes the transformed index, and LET is the ET function of 

LGMI, whose values are dynamic. Each index was computed before transformation. To 

transform LGMI computed for a particular day, the index was divided by LET of that 

particular day. The negative denominators in many equations are based on the 

minimum possible values of the corresponding indices. For comparisons, the periodic 

values of these transformed indices were used. 

Comparisons of indices against precipitation 

To explore the temporal variability and the differential response of each drought 

index to fluctuations in precipitation, the time series of each index computed with its 

time-step, that is, monthly values of PDSI, PZI, and SPI, weekly values of CMI, and 

daily values of ARID, KBDI, LGMI, and WRSI, were compared with daily values of 
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precipitation. For the comparisons, one location was chosen: Huntsville/Madison 

County, one of the major corn growing regions in Alabama. Using historical weather 

data of this location over 3.5 years (1998 January through 2001 July), values of the 

indices were computed. The period of 1998-2001 was chosen because it included one 

of the worst droughts in this region. For exploring the dynamic response of a drought 

index to precipitation fluctuations, the dataset of 3.5 years’ historical weather data of 

one location was considered enough as it included both short- and long-term wet and 

dry periods. This dataset was used only for comparing the indices against precipitation. 

For comparing the indices with WSPD, however, the whole dataset of 48 years (1958 

through 2005) was used.   

Results and Discussion  

Comparisons of Indices with WSPD 

ARID vs. WSPD 

Of the eight drought indices compared, ARID had the largest correlation with 

WSPD, the water deficit factor calculated by the DSSAT CERES-Maize model, for the 

period when the canopy fully covered the soil for all 16 locations (Table 2-3). Similarly, 

RMSE values between ARID and WSPD were the smallest in all locations (Table 2-4). 

Although ARID differs from WSPD in that the former adopts a much simpler approach 

for computing soil water balance than does the latter, they are based on similar soil 

water balance approaches and use similar methods for estimating surface runoff, 

infiltration, deep-drainage, and potential ET. Both ARID and WSPD are SPA-based and 

incorporate a ratio of actual to potential transpiration (Equation 2-2), which may explain 

the good correlations between ARID and WSPD. 
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Although the correlations between ARID and WSPD were good, values of ARID 

were mostly greater than those of WSPD (Figure 2-3). ARID estimated comparatively 

more water deficit because the soil in ARID is shallow (40 cm) compared with soils used 

in the DSSAT CERES-Maize simulations and thus had less available water in the root 

zone. For WSPD, however, the root zone could go as deep as 215 cm depending upon 

the depth of the profile at each location – Birmingham: 168 cm, Bartow: 203 cm, 

Blairsville: 178 cm, Citra: 183 cm, Elberton: 107 cm, Folkston: 203 cm; Griffin: 107 cm, 

Huntsville: 152 cm, La Belle: 171 cm, Live Oak: 200 cm, Miami: 90 cm, Montgomery: 

215 cm, Mobile: 173 cm, Midville: 165 cm, Plains: 183 cm, and Rome: 140 cm. 

WRSI vs. WSPD and ARID 

The WRSI showed relatively good correlations with WSPD for some locations 

(Table 2-3), which could be because, like WSPD or ARID, WRSI is based in part on the 

ratio of actual to potential transpiration. However, the correlation between WRSI and 

WSPD was not as strong as that of ARID. One of the possible reasons for the weaker 

association between WRSI and WSPD was the use of arbitrary values for a WRSI 

variable called critical soil water content, above which ET is assumed to take place at a 

potential rate and below which ET rate depends on soil water content (Verdin and 

Klaver, 2002). For WSPD, however, ET is calculated based on daily simulated values of 

leaf area index and root length density. Another reason for the weaker association was 

that WRSI considers all precipitation to be available to the plant without considering 

losses as run-off or drainage. WSPD, on the other hand, considers precipitation as 

available to the plant only after accounting for losses. This consideration resulted in 

relatively more available water in the soil and WRSI values mostly remained smaller 

than those of WSPD (Figure 2-4A) and ARID (Figure 2-4B). 
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LGMI vs. WSPD and ARID 

Although the correlations between WSPD and LGMI were not as large as those 

between WSPD and ARID, LGMI showed relatively large correlations with WSPD in 

many locations (Table 2-3). LGMI is not explicitly based on plant transpiration and soil 

water storage, yet it accounts for seasonal trends in ET by using the concept of effective 

precipitation – rainfall that is sufficient to offset ET and maintain soil water above the 

wilting point. Similarly, LGMI considers soil water losses by assuming that all 

precipitation that occurred in the previous week is available to plants while that from 1 to 

3 weeks previously declines linearly in availability.   

Although LGMI correlated relatively well with WSPD, its values were larger than 

those of WSPD (Figure 2-4C) and ARID (Figure 2-4D) for all locations and times. The 

larger stress estimated by LGMI was mainly because of its ET function, whose 

estimations are always larger than those of other methods, such as the FAO-56 

Penman-Monteith (see Appendix A for details).  

KBDI vs. WSPD and ARID 

Generally, the correlation of KBDI with WSPD was not as good as were those of 

ARID, LGMI, or WRSI (Table 2-3). The weak correlation was likely because soil and 

plant processes such as root water uptake and soil water balance are not considered 

and also because KBDI was developed for drought status representing wildfire threat to 

forests, not for field crops. The index is not wholly SPA-based, but it does take into 

account atmospheric variables such as daily maximum temperature and daily and 

annual mean precipitation. Values of KBDI were mostly larger than WSPD (Figure 2-4E) 

and ARID (Figure 2-4F). The larger values were likely due to smaller estimates of 

available water caused by canopy interception of some precipitation and larger 
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estimates of ET caused by large daily maximum temperatures and small mean annual 

rainfall. The KBDI assumes that 5 mm of rainfall in every event is intercepted by the tree 

canopy, whereas WSPD and ARID assume that intercepted rainfall is negligible. KBDI 

assumes evaporation rate to be an exponential function of daily maximum temperature 

and transpiration rate to be an inverse exponential function of mean annual rainfall. 

Because the maize growing season in the southeast has generally larger maximum 

temperatures and smaller mean annual rainfall, KBDI values were likely to be greater 

than those of WSPD or ARID during this season. 

PDSI vs. WSPD and ARID 

Compared with other drought indices, correlations of PDSI with WSPD were small 

because the former is based more on weather variables and less on soil and plant 

processes (Table 2-3). The PDSI is more useful as a meteorological than an agricultural 

drought index because it is based on precipitation departure from the long-term mean 

and soil water anomaly. The PDSI indicates only long-term droughts by calculating 

severe or abnormal departures, whereas WSPD and ARID reflect short-term droughts 

by estimating water deficit based on the demand and supply, taking into consideration 

several weather variables as well as soil and plant processes. Because values of PDSI 

are drought severity values, they remained mostly smaller than those of WSPD (Figure 

2-4G) and ARID (Figure 2-4H).  

CMI vs. WSPD and ARID 

Similarly, CMI had a relatively small correlation with WSPD for all locations (Table 

2-3, Figure 2-4I). The CMI is an index of ET anomaly, which is a measure of the 

cumulative severity of an agricultural drought. Both PDSI and CMI are the measures of 

severity of drought and belong to the same family of Palmer Indices. Whereas PDSI 
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quantifies the severity of a meteorological drought, CMI quantifies the severity of an 

agricultural drought. Because CMI is a measure of abnormally deficient ET, it shows 

only severe water deficit. WSPD and ARID, on the other hand, are measures of water 

deficit based on the demand for and supply of water for crops; so they show a wide 

range of water deficits, mild or severe. Because of this difference, a small correlation 

was found between CMI and WSPD or ARID. Because CMI shows only severe 

droughts, values of CMI were less frequent and always smaller than those of WSPD 

(Figure 2-4I) and ARID (Figure 2-4J). 

PZI and SPI vs. WSPD and ARID 

The PZI and SPI are meteorological drought indices based on precipitation 

anomalies. Because these indices are not SPA-based, they were both weakly 

correlated with WSPD (Table 2-3). These indices depend more on precipitation anomaly 

than on ET, and they generally estimate more available water and thus less water deficit 

relative to WSPD (Figure 2-4K and Figure 2-4L) and ARID (Figure 2-4M and Figure 2-

4N).  

Comparisons of Indices against Precipitation 

Of the eight drought indices compared, CMI generally responded least to small 

rainfall amounts in many months (Figure 2-5B). However, its responses were similar to 

ARID in severe drought conditions (Figure 2-5C). For instance, CMI responded to the 

small amounts of precipitation during the summer of1998, 1999, and 2000 as did most 

of the other indices. CMI responded mostly only to severe water deficit because it is a 

measure of abnormally deficient ET and cumulates the severity of drought over time. 

Like CMI, values of PDSI were larger particularly when severe drought conditions 

existed (Figure 2-5A). The large response was likely because PDSI also is a measure of 



 

44 

abnormal droughts. The magnitude of water deficit shown by PDSI, PZI, and SPI each 

was larger than that shown by ARID for winter months but smaller for summer months 

(Figure 2-5A vs. Figure 2-5C). These seasonal differences were because PDSI, PZI, 

and SPI are mainly precipitation-based indices and not influenced by temperature, so 

their values fluctuate depending only on the amount of precipitation. ARID, on the other 

hand, is affected by temperature. In winter months, values of ARID were generally 

smaller than those of PDSI, PZI, and SPI because of less evaporative demand of the 

atmosphere. So, in the winter, even a small amount of precipitation fulfilled the water 

need of plants, thus leading to smaller values of ARID. Similarly, during summer, ARID 

was likely to have relatively larger values even with a significant amount of precipitation 

because of large ET losses. Precipitation-based indices did not account for these 

phenomena, so their values were solely governed by the amount of precipitation. 

Although the overall magnitude of water deficit shown by KBDI for many occasions 

was about the same as that shown by ARID, the response of KBDI to precipitation 

fluctuations lagged by few days to a month as compared with that of ARID (Figure 6). 

The slow response of KBDI was probably because of its long memory. In fact, KBDI is 

affected significantly by past values as it is an index based on an accrual system. 

Generally, LGMI and WRSI responded to precipitation fluctuations in a fashion similar to 

ARID. However, LGMI always calculated more stress than ARID because it estimated 

greater ET losses. WRSI, on the other hand, mostly estimated less stress because it 

assumes greater amount of plant available water in the root zone (for instance, 68 mm 

for Huntsville) than assumed by ARID (52 mm). When the same value for water holding 

capacity was used, both indices estimated about the same magnitude of deficit (data 
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not shown). This similarity was mainly because both are SPA- and soil water balance-

based and used the same method to calculate potential ET. Also, the water deficit 

estimated by both indices was for grass that completely covers the ground. 

The PDSI showed droughts lasting more than 3 years, whereas the other indices 

indicated short-term droughts - monthly to seasonal (Figure 2-5). Of the daily time-step-

based indices, the periods of droughts identified by KBDI and LGMI were longer by few 

days to a week than the period of droughts identified by ARID or WRSI (Figure 6). The 

identification of longer droughts by PDSI, KBDI, and LGMI was mainly due to their long 

memory. In fact, PDSI and KBDI are affected by their past values as these indices are 

based on an accrual system, and LGMI takes into account the precipitation that 

occurred during the previous 21 days. Droughts identified by WRSI were similar to 

those identified by ARID as both indices followed similar approaches and estimated 

water deficit for grass.  

A good agricultural drought index should capture the effects of fluctuations in 

precipitation and temperature and reflect both short- and long-term droughts. Of the 

eight drought indices compared, the SPA-based indices, namely ARID and WRSI, were 

better than the other indices for these attributes. The weekly or monthly time-step-based 

indices, namely CMI, PDSI, PZI, and SPI, underestimated the magnitude of crop water 

deficit, especially during the winter and when drought is not so severe (Figure 2-5). 

Conclusions 

ARID is computationally simple, physically and physiologically sound, and 

generally applicable to characterize agricultural drought. The index approximated the 

water deficit values calculated by the DSSAT CERES-Maize model more accurately 

than did the seven other drought indices as the RMSE values between ARID and 
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WSPD were smaller than those comparing WSPD with all other drought indices by, on 

an average, 38%, the range being 1% to 83%. Similarly, the r values between ARID and 

WSPD were larger than those comparing WSPD with all other indices by, on an 

average, 41%, the range being 1% to 630%. In addition, ARID captured the effect of 

fluctuations in precipitation and temperature and estimated the magnitude of water 

deficit on crops more accurately than the other indices. Results suggest that ARID is a 

suitable index for characterizing drought for a crop that fully covers the soil. 
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Table 2-1. Definitions of variables and parameters of various functions used in ARID 
Variable Definition Units 
D Deep-drainage mm d-1 
ET Evapotranspiration mm d-1 
ETp Potential evapotranspiration mm d-1 
ETo Grass reference evapotranspiration mm d-1 
I Irrigation mm d-1 
P Precipitation mm d-1 
R Surface run-off mm d-1 
TR Transpiration mm d-1 
TRp Potential transpiration mm d-1 
W Amount of available water in the root zone mm 
α Maximum fraction of available water extracted in a day - 
β Fraction of free water in soil  that can be drained in a day - 
θa Available soil water content in a particular day mm mm-1 
θm Maximum plant available water capacity mm mm-1 
ζ Root zone depth mm 
 
Table 2-2. Planting dates of maize for various locations as used in the DSSAT CERES-

Maize model 
Location Latitude (°N) Longitude (°W) Planting date 
Miami, FL 25.77 80.19 March 01 
La Belle, FL 26.75 81.44 March 10 
Bartow. FL 27.90 81.84 March 20 
Citra, FL 29.08 82.11 March 30 
Live Oak, FL 30.28 82.98 April 10 
Mobile, AL 30.68 88.04 April 15 
Folkston, GA 30.73 82.02 April 15 
Plains, GA 32.05 84.23 April 20 
Montgomery, AL 32.30 86.30 April 20 
Midville, GA 32.88 82.24 April 25 
Griffin, GA 33.27 84.26 May 01 
Birmingham, AL 33.57 86.80 May 05 
Elberton, GA 34.15 82.87 May 10 
Rome, GA 34.25 85.16 May 10 
Huntsville, AL 34.65 86.62 May 15 
Blairsville, GA 34.85 83.94 May 20 
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Table 2-3.  Correlations between WSPD and the tested drought indices for several locations for the period when the 
maize canopy fully covered the soil  

 Location 
Index Aa B C D E F G H I J K L M N O P 
ARID 0.91 0.93 0.91 0.94 0.90 0.76 0.94 0.86 0.73 0.87 0.92 0.85 0.92 0.93 0.95 0.84 
CMI 0.60 0.61 0.56 0.63 0.71 0.70 0.77 0.70 0.63 0.67 0.76 0.71 0.74 0.68 0.75 0.71 
KBDI 0.52 0.62 0.57 0.72 0.68 0.43 0.75 0.76 0.51 0.63 - 0.67 0.75 0.82 0.85 0.68 
LGMI 0.87 0.84 0.85 0.88 0.83 0.65 0.88 0.84 0.65 0.79 0.86 0.77 0.83 0.87 0.90 0.66 
PDSI 0.42 0.39 0.46 0.55 0.48 0.22 0.78 0.54 0.10 0.36 0.51 0.45 0.56 0.59 0.55 0.75 
PZI 0.80 0.64 0.66 0.84 0.66 0.48 0.72 0.64 0.49 0.87 0.88 0.77 0.73 0.76 0.81 0.83 
SPI 0.72 0.55 0.57 0.80 0.55 0.52 0.66 0.58 0.27 0.80 0.79 0.73 0.65 0.73 0.73 0.83 
WRSI 0.90 0.84 0.77 0.87 0.80 0.50 0.84 0.68 0.54 0.70 0.89 0.64 0.85 0.82 0.91 0.71 

a A = Miami, FL; B  = La Belle, FL; C = Bartow, FL; D = Citra, FL; E = Live Oak, FL; F = Mobile, AL; G = Folkston, GA; H = 
Plains, GA; I = Montgomery, AL; J = Midville, GA; K = Griffin, GA; L = Birmingham, AL; M = Elberton, GA; N = Rome, GA; 
O = Huntsville, AL; P = Blairsvi lle, GA. 
 
Table 2-4.  RMSE values between WSPD and the tested drought indices for several locations for the period when the 

maize canopy fully covered the soil  
 Location 
Index Aa B C D E F G H I J K L M N O P 
ARID 0.16 0.19 0.21 0.19 0.17 0.35 0.16 0.09 0.13 0.16 0.12 0.10 0.14 0.06 0.06 0.12 
CMI 0.24 0.23 0.22 0.21 0.19 0.39 0.21 0.25 0.23 0.21 0.22 0.20 0.20 0.27 0.35 0.21 
KBDI 0.31 0.28 0.33 0.31 0.31 0.52 0.31 0.24 0.30 0.28 N/A 0.31 0.32 0.24 0.18 0.29 
LGMI 0.29 0.24 0.25 0.32 0.20 0.47 0.30 0.20 0.28 0.24 0.30 0.32 0.34 0.28 0.20 0.30 
PDSI 0.30 0.28 0.25 0.28 0.25 0.37 0.25 0.22 0.19 0.21 0.19 0.16 0.22 0.22 0.28 0.22 
PZI 0.28 0.27 0.27 0.24 0.22 0.50 0.28 0.14 0.19 0.18 0.16 0.15 0.19 0.15 0.26 0.26 
SPI 0.29 0.26 0.28 0.25 0.21 0.51 0.28 0.21 0.22 0.20 0.16 0.16 0.19 0.19 0.30 0.27 
WRSI 0.20 0.22 0.21 0.23 0.18 0.38 0.19 0.10 0.15 0.20 0.19 0.12 0.18 0.15 0.09 0.17 

a Locations as listed in the footnote to Table 2-3. 
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Figure 2-1.  Diagram for the reference crop grass soil water balance 
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Figure 2-2.  Sixteen locations selected for the study 
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Figure 2-3.  Association of ARID and WSPD for Huntsville/Madison County, a corn 

growing region in Alabama, over a period of 48 years (1958 through 2005). 
Index values are means for the period when the maize canopy fully covered 
the soil (3 months), and the solid line is the 1:1 line. 
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Figure 2-4.  Association of WSPD with: A) WRSI, C) LGMI, E) KBDI, G) PDSI, I) CMI, 

K) SPI, and M) PZI for Huntsville during 1958 through 2005. Similarly, 
association of ARID with: B) WRSI, D) LGMI, F) KBDI, H) PDSI, J) CMI, L) 
SPI, and N) PZI. 
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Figure 2-5.  A) Monthly values of PDSI, PZI, and SPI; B) weekly values of CMI; and C) 

daily values of ARID and rainfall for Huntsville, AL, during Jan 1998 through 
Jul 2001 
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Figure 2-6.  Daily values of ARID, KBDI, LGMI, and WRSI for Huntsville, AL, in year 

1998 
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CHAPTER 3 
UNCERTAINTIES IN AGRICULTURAL REFERENCE INDEX FOR DROUGHT 

Introduction 

Because a model is a simplification of reality, uncertainties in model outputs 

always exist. Structure, parameters, and input variables are three basic sources of 

uncertainty in a model. Choices made on the structure and functional relationships 

among components may be subjective. Because parameter values may be from 

estimations, literature reviews, or expert opinions, they may vary considerably in both 

space and time. Similarly, imprecise measurements or estimations may cause 

substantial variability in the values of input variables.    

As a model, ARID may have the three sources of uncertainty mentioned above. In 

this study, however, only the influence of parameters was investigated for the following 

reasons. Inputs of ARID are weather variables, namely precipitation, solar radiation, 

temperature, and wind speed, whose values for a specific time and location are given. 

Values of weather variables vary in space, but ARID allows users to use location-

specific values of these variables. So, no uncertainty in ARID is assumed to be 

associated with input variables. ARID has been designed for a specific purpose. Users 

who need a drought index that is simple, generic, SPA-based and has high temporal 

resolution may choose to use ARID because no other drought index is available that 

can meet all these specifics. Similarly, viable alternative structures for ARID are not 

currently available that meet the same objectives as ARID. So, with respect to meeting 

the specific objectives for which ARID was developed, no uncertainty in ARID is 

assumed to be related with its structure. However, values of the parameters of ARID 

may vary by time, location, or management.  
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ARID has five parameters: water uptake coefficient (α), drainage coefficient (β), 

runoff curve number (η), available water capacity (θm), and root zone depth (ζ). ARID 

uses a fixed value for each parameter, while its value may vary depending on a 

situation. For instance, η is influenced by soil texture, land use, land type, ground cover, 

slope, antecedent soil moisture conditions, and management. Similarly, values of β may 

vary with soil type and management. Soil texture, ground water table, and management 

may affect θm. Likewise, α and ζ may vary with topsoil depth and crop. Because soil 

texture, land type, water table, crop, and management may vary across locations, 

values of parameters may also vary accordingly, thus causing uncertainty in ARID. In 

this study, therefore, only parameters were considered the source of uncertainty. Based 

on literature review, the uncertainty ranges and nominal values of the parameters of 

ARID are presented in Table 3-1.  

The objectives of this study were to determine the uncertainties in ARID 

associated with its parameters and to find out the importance of individual parameters 

with respect to the uncertainties in ARID. Specifically, this study was performed to seek 

answers to the following questions. What are the uncertainties in ARID as a simple and 

generic index? How sensitive is ARID to each of its parameters? How does uncertainty 

in ARID vary across locations or seasons? Does the sensitivity of ARID to its 

parameters vary by location or season? Answers of these questions could be helpful to 

users in understanding the behavior of ARID as a predictor or decision support tool and 

in applying or interpreting the index for their particular set of conditions.  

Uncertainty / Sensitivity Analysis Methods 

Uncertainty analysis (UA) involves deducing an uncertainty distribution for an 

output variable by evaluating the uncertainty or variability in the model components for a 
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given situation quantitatively. Sensitivity analysis (SA), on the other hand, consists of 

determining how sensitive the model output is with respect to the components of the 

model that are subject to uncertainty or variability. While UA is performed to determine 

the uncertainty in model outputs given the uncertainty in its parameters, SA is carried 

out to ascertain how a given model depends on its parameters (Saltelli et al., 1999). The 

basic purposes of performing uncertainty / sensitivity analysis are to identify parameters 

that are important in terms of influencing the output and to detect and quantify 

interaction effects among the parameters. 

Typically, uncertainty / sensitivity analysis is carried out in four steps: 1) selecting 

the domain and distribution for each parameter; 2) generating a sample of points from 

the distribution of the parameters; 3) computing a set of model outputs after feeding the 

model with the sample elements; and 4) performing UA or SA analysis based on the 

results of model evaluations. Thus UA and SA differ only in the fourth step. For UA, 

output distributions are analyzed by computing means and variances; for SA, sensitivity 

indices are computed for each parameter by varying the parameters over their whole 

uncertainty ranges. Because both UA and SA follow the same procedures through the 

third step, a method that is used for performing SA also works for UA. That is, UA does 

not require a separate method to generate samples and evaluate models. So, a method 

is chosen based on the objective of SA.    

For SA, two perspectives are used: local and global. Whereas local perspective 

focuses on the local (point) impact of parameters on the model, global perspective 

emphasizes on apportioning the output uncertainty to the uncertainty in the parameters. 

In local SA, the local response of a model output is investigated by varying parameters 
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one at a time while holding the others to their nominal values. Local SA indicates how 

fast the output changes locally around given values of the parameter. Although local SA 

can provide the role of some parameters, it is less useful than global SA when the 

purpose of the analysis is to explore the effect of uncertainty of several factors on model 

outputs (Monod et al., 2006). Local methods are not usable for a quantitative analysis; 

that is, they cannot find the relative importance of parameters with respect to 

uncertainty in the output (Ekstrom, 2005). Global SA, on the other hand, determines the 

importance of each parameter with respect to the uncertainty in the model output. 

Global SA evaluates the variability of output for the whole uncertainty domains of the 

parameters, thus providing a more realistic view of the model behavior when used in 

practice. Several methods are available for carrying out global SA that can be 

categorized further into screening-, factorial design-, correlation-, regression-, and 

variance-based methods (Saltelli et al., 2000a; Monod et al., 2006).  

Screening methods isolate the set of parameters that are most important. 

However, they cannot quantify by how much a given parameter is more important than 

the others (Ekstrom, 2005).  Two major screening methods are one-factor-at-a-time and 

Morris design (Morris, 1991). The one-factor-at-a-time method prevents interactions 

from being detected and quantified, whereas taking interactions into account is a key 

aspect of most global SA methods. Similarly, although Morris design can indicate 

whether or not interactions exist, it cannot identify which interactions are the most 

important, thus providing only qualitative information (Saltelli et al., 2000b).  

Methods based on correlation measures, regression analysis, and factorial 

designs perform sensitivity analyses with intensive sampling. They rank factors in order 
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of importance on the basis of input-output relationships. However, they do not provide 

relative weights or quantify the percentage of output variance that is accounted for by 

each factor. Regression-based methods give information on the model that is used to 

describe the system model, not the system model itself (Saltelli et al., 1999). Also, 

regression techniques are not good at capturing nonlinear relationships between input 

and output and can be totally misleading for nonmonotonic models (Saltelli et al., 2004). 

The suitability of factorial designs to quantify the influence of multiple parameters is 

limited as they provide information on the model behavior only for specific values of the 

parameters (Monod et al., 2006). Examples of these types of methods are Pearson 

correlation coefficient, partial correlation coefficient, standardized regression coefficient, 

complete factorial design, and fractional factorial design. The rank-transformed versions 

of the correlation- and regression-based measures, namely rank correlation coefficient, 

partial rank correlation coefficient, and standardized rank regression coefficient, are 

even more qualitative than the original ones because the transformation modifies the 

model under analysis (Saltelli et al., 1993; Saltelli and Sobol, 1995).  

Variance-based methods quantify the amount of variance that each parameter 

contributes to the total variance of the output. They account for nonlinear, nonmonotonic 

problems as they do not rely on model approximations and explore the full uncertainty 

ranges of the parameters (Monod et al., 2006). Variance-based methods are truly 

quantitative as the factors can be ranked in the order of their relative importance (Chan 

et al., 1997). They are model-independent, can cope with the influences of scale and 

shape of parameter distributions, can treat grouped factors, and include 

multidimensional averaging; whereas other methods such as local, regression-based, 
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Morris, and Monte Carlo filtering do not meet all of these properties (Saltelli et al., 

2004). Some of the popular variance-based methods are importance measure (Hora 

and Iman, 1986; Ishigami and Hora, 1989; Iman and Hora, 1990), correlation ratio 

(McKay, 1995), Sobol sensitivity indices (Sobol, 1990), Jansen winding stairs (Jansen et 

al., 1994), and Fourier amplitude sensitivity test (FAST: Cukier et al., 1973,1975,1978; 

Schaibly and Shuler, 1973; Koda et al., 1979; Saltelli et al., 1999). 

The importance measure and correlation ratio methods compute only main-effect 

contributions of parameters to the variance of output. They do not provide total-effect 

contributions. Moreover, they either lack robustness or are not easily interpreted (Saltelli 

et al., 2000b). The Sobol sensitivity index method is computationally more intensive and 

much more dependent on sample size (Saltelli and Bolado, 1998). It needs too many 

model evaluations to be practical (Ekstrom, 2005). The Jansen winding stairs method 

makes multiple uses of model evaluations. However, the reduction of model evaluations 

in the Jansen winding stairs method might affect the accuracy of the estimates (Chan et 

al., 2000b). Also, it needs a large number of model evaluations per parameter to obtain 

accurate results (Makowski et al., 2006).  

The FAST, on the other hand, is one of the most elegant methods and 

computationally more efficient than the method of Sobol (Saltelli and Bolado, 1998; 

Saltelli, et al., 1999; Saltelli et al., 2000b) or Jansen winding stairs (Makowski et al., 

2006). FAST is more robust than other methods as its estimates converge more rapidly 

even with a small sample size (Chan et al., 1997; Saltelli et al., 1999; Wang et al. 

(2005). FAST is fairly stable and relatively independent of sample size once the Nyquist 

criterion (Nyquist, 1932) is satisfied (Saltelli and Bolado, 1998). The FAST sensitivity 
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estimates can be evaluated independently for each factor as all the terms in a Fourier 

expansion are mutually orthogonal (Chan et al., 1997). FAST is good for models with no 

important or significant interactions among factors (Saltelli and Bolado, 1998). 

Moreover, FAST does not produce negative values, whereas the Jansen winding stairs 

and Sobol methods do so for the parameters that have a small influence on the model 

due to numerical errors (Makowski et al., 2006). Unlike other methods, the FAST 

estimates can never be greater than 1. Considering the strengths of FAST and the 

shortcomings of other methods as mentioned above, FAST was chosen for uncertainty / 

sensitivity analyses in this study. 

FAST: An Overview 

Sampling Approach 

The key feature of FAST is that the multidimensional space of the parameters is 

systematically explored by a suitably defined search curve. The search curve is based 

on the search variable Si (Cukier et al., 1978), which can be interpreted as the 

coordinate on the search curve:  

π
N

iπSi
12 −

+−=  (3-1) 

 
where the subscript i stands for a scenario or solution point (i = 1, …, N), and N is the 

number of solution points that are selected along the search curve. 

The search variable Si forms a regularly-spaced sample on the interval (-π, π). 

Using values of Si, the levels of parameter Fj are given by the following equation, which 

defines the search trajectory (Saltelli et al., 1999): 
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where Fi,j denotes a level for the i-th solution point and j-th parameter (j = α, β, η, θm, ζ); 

ωj is the frequency associated with the parameter Fj; and jφ is a random phase-shift 

parameter taking values on [0, 2π]. 

As Si varies, the value of Fi,j changes simultaneously along the search curve that 

systematically explores the parameter space. Equation 3-2 produces a sample for the 

parameter Fj on the interval [0, 1], ensuring that levels of each parameter are uniformly 

sampled (Monod et al., 2006).  

Sensitivity Indices 

A variance-based method, such as FAST, is based on the concept that variance 

can indicate importance for parameters. Variance-based methods assume that all 

information about uncertainty in output is captured by its variance. So, the basic idea of 

variance-based methods is to quantify the variance that each parameter contributes to 

the unconditional variance of the output.  

The total variance of model output can be decomposed as a sum of terms of 

increasing dimensionality (Cukier et al., 1978). For instance, the total variance of a 

model that has five parameters is decomposed as: 

j 1 j 1 j 1 j 1n n n k 1 n k 1 l 1 n k 1 l 1 m 1

j jk jkl jklm jklmn
j 1 j 2 k 1 j 3 k 2 l 1 j 4 k 3 l 2 m 1 j 5 k 4 l 3 m 2 n 1

V V V V V V
− − − −− − − − − −

= = = = = = = = = = = = = = =

= + + + +∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑  (3-3) 

where V is total variance; n is the number of parameters, which is 5; j, k, l, m, and n are 

parameters; Vj is the variance contributed by parameter j; and Vjk is the variance 

contributed by the interaction of parameters j and k , and so on. 

A complete sensitivity analysis can be obtained by estimating all terms in the 

decomposition (Equation 3-3). However, depending on the number of parameters (p), 

terms may become too cumbersome for practical use as there will be as many as (2p – 
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1) sensitivity indices. This problem is referred to as the curse of dimensionality 

(Bellman, 1957) because the computational cost of estimating all effects is exceptionally 

large. So, computing the set of first-order, also called main-effect, indices plus the set of 

total-effect indices is customarily preferred (Saltelli et al., 2004; Ekstrom, 2005; SimLab, 

2009). The main- and total-effect indices provide a fairly good description of model 

sensitivities at a reasonable cost. These indices are enough to investigate the relative 

importance of each parameter with respect to model output variation, which is the 

ultimate goal in performing SA (Chan et al., 2000a). 

The first term in the decomposition, Vj, corresponds to the part of total variance V 

arising from parameter Fj alone. Then, the ratio of Vj to V is the fraction of total variance 

contributed by parameter Fj. This ratio is referred to as the first-order sensitivity index of 

parameter Fj. 

V
V

S j
j =   (3-4) 

where Sj is the first-order sensitivity index. 

Because Sj is related to the contribution of Fj alone, it is also called the main-effect 

index of Fj. The Sj is a measure of average influence of parameter Fj on the model 

output and can be thought of as the expected fractional reduction in variance that would 

be achieved if Fj were known. In many cases, the first-order indices represent an 

important fraction of the total indices.  

If the variance of the model output arising from all-but-Fj is denoted as V~j, the ratio 

of V~j to V may be considered as the fraction of total variance contributed by parameters 

other than Fj. If this ratio is subtracted from 1, the total variance, the remainder can be 

interpreted as the fraction of total variance contributed by parameter Fj (including the 
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interactions between Fj and the other parameters) and called the total-effect sensitivity 

index ( T
jS ) because it gives a comprehensive measure of the influence of parameter Fj 

comprising of both main-effects and interactions. 

V
V

S j~T
j −= 1  (3-5) 

Total-effect index ( T
jS ) is equal to the sum of all parameter indices involving 

parameter Fj and can be interpreted as the expected fraction of variance that would be 

left if only Fj were undetermined (Sobol, 1990; Homma and Saltelli, 1996; Saltelli et al., 

1999). The difference between total-effect and main-effect sensitivities reflects the 

interaction between Fj and the other parameters. A difference of zero implies no 

interaction. 

Estimating Variances 

The basic principle of FAST is that if a response variable Y is sensitive to a given 

parameter Fj, both Y and Fj should vary simultaneously over the solution points. If 

parameter Fj has a strong influence on Y, oscillations of Y at frequency ωj will be of high 

amplitude, which is the basis for computing a sensitivity measure. 

By evaluating the spectrum for ωj – the frequency associated with parameter Fj – 

and its higher harmonics, pωj, the portion of the output variance V arising from 

uncertainty of parameter Fj is estimated as: 

 (3-6) 

where Vj is the partial variance arising from parameter Fj, and M is the order of 

interference which arises when ωj can combine to form another frequency of the set 
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(Cukier et al., 1978). In other words, M is the maximum number of Fourier coefficients 

that may be retained in calculating the partial variances without interferences between 

the assigned frequencies (McRae et al., 1982). 
jpA ω and 

jpB ω are Fourier coefficients of 

the model output at frequency ωj and its higher harmonics pωj. The other frequencies 

that are not used for computing Vj give information on the interaction effects among 

parameters. 

Partial variance arising from all-but-Fj, denoted as V~j, is estimated by assigning a 

frequency ωj to parameter Fj and a different frequency ω~j to all remaining 

(complementary) parameters. By evaluating the spectrum at frequency ω~j and its 

higher harmonics kω~j, partial variance in the complementary set V~j is estimated by 

assigning usually a large value for frequency ωj and usually small and almost identical 

values for the complementary set of frequencies ω~j. Partial variance of the 

complementary set is computed as: 

( )∑
ω

=
ωω +=

2

1

222

j

j~j~
k

kkj~ BAV  (3-7) 

where ωj/2 is the frequency range of the spectral components associated with V~j which 

does not overlap the region of Vj. 
j~kA ω and  

j~kB ω are Fourier coefficients of model output 

at ω~j – the fundamental frequency of the complementary set – and all its higher 

harmonics kω~j. 

Principally, a small value is assigned to ω~j, the best possible value being 1 

(Saltelli et al., 1999). M is usually set to 4 (Saltelli, et al., 1999; Monod et al., 2006). By 

summing all the spectrum of the Fourier series expansion, total variance (V) is 

computed as: 
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( )∑
ω

=

+=
jM

k
kk BAV

1

222  (3-8) 

where Mωj = (N-1)/2, the number of solution points that fall on (0, |π|); and N is the 

actual number of solution points that are selected along the search curve and is derived 

from the Nyquist criterion (Nyquist, 1932) as N = 2Mωj +1. So, the number of points 

along the curve is determined after fixing ωj. Ak and Bk are the Fourier coefficients of the 

model output at frequency k. 

Estimating Fourier Coefficients 

The Fourier coefficients Ak and Bk are numerically evaluated using the following 

difference expressions derived through a simple numerical quadrature technique 

(McRae et al., 1982): 

( )
N

N N q N q
q 1

k

1 k qY Y Y cos
N N if k is even

A

0 if k is odd

′

′′ ′′ ′′+ −
=

   π + +    
   

= 





∑

  (3-9) 

( )
N

N q N q
q 1

k

1 k qY Y ) sin
N N if k is odd

B

0 if k is even

′

′′ ′′+ −
=

   π −    
   

= 





∑

 (3-10) 

In Equations 3-9 and 3-10, N is the number of solution points selected on the 

search curve; N′  = (N - 1)/2, the number of solution points that fall on (0, |π|); 

1+′=′′ NN ; qNY −′′  is model output associated with negative (0, -π) values of the 
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search variable Si; NY ′′ is model output associated with 0 value of Si; and qNY +′′ is model 

output associated with positive (0, π) values of Si (Equation 3-1). Values of Si are 

negative when i (i = 1, …, N) ranges from N′  to 1, zero when i =  N ′′ , and positive when 

i ranges from  1+′′N  to N.     

For computing Vj in Equation 3-6, which can also be written as 

 (3-11), 

values of k in Equations 3-9 and 3-10 range from 1ωj to Mωj. For V~j in Equation 3-7, k 

ranges from 1 to ωj/2, and for V in Equation 3-8, k ranges from 1 to Mωj. 

Materials and Methods 

The Dynamic Nature of ARID 

Before uncertainty and sensitivity analyses, a preliminary study was carried out to 

explore how ARID with different sets of parameter values would respond to fluctuations 

in weather variables, especially precipitation, over a period of one month. For this study, 

daily values of ARID were computed for Gainesville, Florida, for January and July 2009. 

Only Gainesville was chosen because one location is enough to show the dynamics in 

ARID. The two months were selected as they have different patterns of temperature and 

precipitation. For instance, January was relatively dry, whereas July was relatively wet.  

To explore the effect of different sets of parameter values on the response of ARID 

to precipitation fluctuations, ARID was computed for each of the three values chosen for 

each parameter: α = 0.08, 0.10, and 0.12; β = 0.30, 0.55, and 0.80; η = 40, 65, and 90; 

θm = 0.08, 0.13, and 0.18; and ζ = 300, 400, and 500 mm. The computations were 

carried out using one of the three values of the given parameter and the default 
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(nominal) values of the other parameters. Of the three values of each parameter given 

above, the middle one is the nominal value. The other two values of each parameter are 

from their respective uncertainty ranges (Table 3-1).   

After exploring the dynamic behavior of ARID, the uncertainty in the index 

associated with its parameters and the sensitivity of the index to its parameters were 

analyzed. The following sections deal exclusively about the material and methods for 

uncertainty and sensitivity analyses.    

Study Area and Data 

To assess the effect of location on the sensitivity of ARID to its parameters, five 

locations in the southeast USA, namely Miami, Bartow, and Live Oak,  FL, and Plains 

and Blairsville, GA, were selected taking into consideration geographical representation 

(latitude) and the avai lability of daily historical weather data for the current climate 

normal period of 1971-2000 that included the weather variables dew point temperature 

and winds peed in addition to solar radiation, precipitation, and maximum and minimum 

temperatures (Figure 2-2). 

Daily historical weather data for the current climate normal period for locations in 

Florida were obtained from ftp://coaps.fsu.edu/pub/griffin/SECC/AgroClimate/raw/ascii/, 

the Florida Climate Center website, and those for locations in Georgia were obtained 

from the Georgia Automated Environmental Monitoring Network (G. Hoogenboom, 

personal communication, 9 March 2009). Then, using the weather data and a given set 

of generated parameter values, daily values of ARID were computed for the current 

climate normal period of 1971-2000. To explore the effect of season on the sensitivity of 

ARID to its parameters, the daily values of ARID over the normal period of 30 years 

were separated into 4 seasons – winter (December, January, and February), spring 
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(March, April, and May), summer (June, July, and August), and fall (September, 

October, and November) – and averaged by season to compute seasonal normal 

values. Season was used as a temporal scale because seasonal variations in weather 

could be more distinct than daily or monthly differences. For the study, the weather data 

of the current normal period was used because the 3-decade interval is long enough to 

filter out many of the short-term interannual fluctuations and anomalies, but short 

enough to reflect long-term climatic trends (WSCO, 2003). The seasonal normal value 

of ARID was computed for each iteration, season, and location. 

Uncertainty / Sensitivity Analysis 

Parameter distributions 

The range and distribution selected for each parameter based on literature review 

are presented in Table 3-2. Of the five parameters, β, η, and θm had variability in their 

distributions. For instance, He (2008) found that these parameters are normally 

distributed. Wang et al. (2005), on the other hand, concluded that η and θm have 

triangular distributions. Similarly, Aggarwal (1995) claimed θm to have a beta 

distribution. Muleta and Nicklow (2005) opined that the distribution of η is uniform or 

triangular. Taking into account the uncertainty in the distributions of β, η, and θm, 

therefore, three distributions were considered for each one of these parameters in this 

study: uniform, triangular, and normal. So an additional objective of this study was to 

assess how the uncertainty in ARID would vary with the type of distribution of these 

parameters and if the distribution type would affect the sensitivity of ARID. 

For ζ, the distribution was assumed to be uniform because turfgrass can have any 

value for the rooting depth within the selected range depending on management, 

cultivar, and soil type. For α, the distribution was selected based on the results of 
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Dardanelli et al. (2004). Using data from various experiments, they had computed 

several values for α ranging from 0.06 to 0.11, 0.096 being the mode (Figure 3-1). 

Parameter samples 

Setting M to 4 (Saltelli et al., 1999; Ekstrom, 2005; Monod et al., 2006) and 

assigning 48 for ωj, the required number of solution points along the search curve (N) 

was derived as N = 2Mωj +1 = 385. Because the minimum value that can be assigned 

for ωj is 2Mω~j and the maximum value that can be assigned for ω~j for a 5-parameter 

model is 4 (Saltelli et al., 1999), the minimum value required for ω j was estimated as 32. 

However, for better results (convergence), 48 (i.e., 1.5 times the minimum) was used 

instead of the minimum itself. Then, using Equation 3-2, N solution points (where N = 

385) were generated on the interval (0, 1) for each parameter. 

Finally, the i-th sample point (where i = 1, …, N) for the j-th parameter (where j = β, 

η, θm, or ζ) for a given distribution was generated using the inverse of the cumulative 

distribution function (CDF), which comprised of a solution point Fi,j (computed using 

Equation 3-2) and the parameter values of the inverse CDF (Table 3-3). For α, however, 

samples were generated not based on the theoretical probability density functions as 

assumed for the other parameters, but based on the empirical distribution presented in 

Figure 3-1. From the empirical frequency distribution, the CDF of α was created (Figure 

3-2). Then, from the inverse of the CDF, a sample of N values of α was generated 

following the procedure presented in Table 3-4. For instance, if an i-th solution point of α 

(Fi,α) were less than or equal to 0.10, the i-th value for α, αi, would be selected randomly 

from the range of 0.06 to 0.07 assuming a uniform distribution within the range. 
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Model evaluations 

Once the i-th sample point for each parameter was generated, the sample set {αi, 

βi, ηi, θmi, ζi} was used in the model and ARIDi was computed. Accordingly, ARID was 

computed N times (N = 385) using N sample sets. Similar computations were made for 

each season and location. 

Uncertainty / sensitivity analyses 

Uncertainty and sensitivity analyses were performed for each season and location, 

and their effects on the uncertainty in ARID and the sensitivity of the index to its 

parameters were explored. Uncertainties in ARID were determined in terms of the 

shape and scale of the distribution of ARID over the uncertainty ranges of its 

parameters and the deviation of the index from its nominal value.  

Finally, implementing the FAST method, the main- and total-effect sensitivity 

indices (Equations 3-4 and 3-5) were computed for each parameter and the sensitivity 

of ARID to its parameters was analyzed based on these sensitivity indices. Effects of 

season and location on the sensitivity were assessed by computing the sensitivity 

indices for each season and location.  

Results and Discussion 

The Dynamic nature of ARID 

Overall, ARID fluctuated inversely with precipitation. When precipitation occurred, 

values of ARID fell down, and during dry period, ARID went up (Figure 3-3). The index 

was also influenced by temperature. For instance, on January 3, ARID decreased due 

to less ETo loss than the previous day; on January 20, it increased because of more ETo 

loss; and on January 21, it fell down back to 0 due to less ETo loss than the previous 
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day (Figure 3-3A). These changes in ARID are obvious because precipitation and ETo 

are the only inputs of ARID.  

Of the two months compared, January was relatively dry because it had only a few 

rainy days, whereas July was relatively wet as there were a number of rainy days in this 

month (Figure 3-3). The January and July conditions are referred to, here, as the wet 

and dry conditions, respectively.  

Under dry conditions, soils with small θm, such as sandy, generally had larger 

values of ARID than did the ones with large θm, such as loam or clay (Figure 3-3A). 

ARID decreased with a decrease in θm from 0.08 to 0.13 and did not change thereafter. 

The phenomenon of no change in ARID above θm = 0.13 was because the amount of 

available water in the soil was never greater than 52 mm, the maximum available water 

content at θm = 0.13, due to dry condition. So, when θm was 0.13 or greater, there was 

no drainage loss and, thus, the amount of available water remained the same. Below θm 

= 0.13, however, less and less water drained with an increase in θm due to increase in 

maximum available water in the soil. The increase in available water led to an increase 

in transpiration and decrease in ARID. Under wet conditions, however, ARID decreased 

with an increase in θm for all values of θm (Figure 3-3B). Under wet conditions, the 

amount of available water in the soil sometimes crossed 72 mm, the maximum available 

water at θm = 0.18. Because each of the three soil types had different available water 

capacities – 32 mm, 52 mm, and 72 mm with θm equal to 0.08, 0.13, and 0.18, 

respectively – the amount of water lost through deep-drainage in these soils varied 

accordingly. Available water is subject to drainage when it is greater than that at θm, the 

threshold value. Because more water drained from the soil with smaller available water 
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capacity relative to the one with larger capacity, the amount of available water in the soil 

increased with an increase in θm, thus leading to increased transpiration and decreased 

ARID. At large precipitation, however, ARID was 0 for all soils because water was not 

limiting. 

As normally occurs, ARID decreased with an increase in ζ from 300 mm to 400 

mm (Figure 3-3C) also under dry conditions because of more and more available water 

in the soil. However, the index remained the same for the soils having the ζ value 

deeper than 400 mm because the amount of available water in the soil was never 

greater than 52 mm, the maximum available water content at ζ = 400 mm, due to dry 

condition. So, when ζ was deeper than 400 mm, there was no drainage loss and thus 

the amount of available water remained the same. For ζ = 300 to 400 mm, however, 

less and less water drained with an increase in ζ due to increase in maximum available 

water from 39 mm to 52 mm. So, more and more available water remained in the soil, 

thus leading to increased transpiration and decreased ARID. Under wet conditions, 

however, the amount of available water in the soil was often greater than 65 mm, the 

maximum available water at ζ = 500 mm. Because soils with ζ = 300 mm, 400 mm, and 

500 mm had different available water capacities, namely 39 mm, 52 mm, and 65 mm, 

respectively, the amounts of water lost through deep-drainage in these soils were also 

different. Because more water drained from the soil with shallower rootzone relative to 

the one with deeper rootzone, the amount of avai lable water in the soil increased with 

an increase in ζ, thus leading to an increase in transpiration and decrease in ARID 

(Figure 3-3D). At large rainfall, however, there was no difference among ζ values due to 

no water limitation. 
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ARID increased, although slightly, with an increase in α under dry conditions 

(Figure 3-3E). This increase was because the available water in the soil at α = 0.08 was 

more than 
080
100
.
.  times the available water at α = 0.10, and the available water at α = 

0.10 was more than 
100
120

.

.  times the available water at α = 0.12. In other words, with an 

increase in α, more and more water transpired in a given day, and thus less and less 

water remained in the soil and became available for transpiration for the following day, 

leading to the larger values of ARID. Under wet conditions, however, ARID decreased 

with an increase in α (Figure 3-3F) because the available water at α = 0.08 was less 

than 
080
100
.
.  times the available water at α = 0.10, and the available water at α = 0.10 was 

less than 
100
120

.

.  times the available water at α =0.12. In other words, with an increase in 

α, more and more water transpired because of the availability of a large amount of water 

in the soil under wet conditions. At large rainfall, no difference in ARID was found with 

different values of α due to no water limitation in each case. 

The number of rainy days over a given period as well as the amount of rainfall per 

day is smaller under dry conditions. When η was large, for instance 90, a large portion 

of even the scanty rainfall drained through surface runoff and only a small portion 

infiltered into the soil, leading to a smaller amount of available water and less 

transpiration. When precipitation was less than 27.4 mm but greater than 5.6 mm, run-

off occurred only in the soil with η = 90. So, this soil became drier than the ones with η = 

40 and 65. As this situation continued for some days, a significant difference occurred 

between the moisture contents of the soils with η = 90 and η = 40 or 65 (Figure 3-4A). 



 

75 

Under wet conditions, where the number of rainy days over a month as well as the 

amount of rainfall in each event is relatively larger, soils with different values of η did not 

vary significantly in terms of the amount of available water in the soil even though soils 

with larger η drained more water per event and more frequently over a month than did 

the ones with smaller η. So, the difference in ARID due to the difference in η was 

negligible although soils with greater η removed more water (Figure 3-4B). At large 

rainfall, for instance on January 13, the difference in ARID associated with different 

values of η was zero because of no water limitation.   

The amount of available water in the soil throughout the month was too small for 

the deep-drainage to occur in each soil with β = 0.30, 0.55, and 0.80 under dry 

conditions (Figure 3-4C). The minimum amount of available water needed to be in the 

soil for the drainage to occur was 52 mm, which never occurred. So, the amount of 

available water in each soil remained the same, thus leading to the same magnitude of 

ARID. Under wet conditions, however, the amount of available water above the 

threshold value was subject to drainage. With an increase in β from 0.30 through 0.80, 

more and more water drained and thus less and less water remained in the soil, leading 

to an increase in ARID (Figure 3-4D). However, the differences in available water 

among the soils with different β values were so insignificant that values of ARID 

remained almost the same across β values. At large rainfall, ARID remained the same 

(zero) with different β values due to no water limitation.  

Inputs and Parameters 

ARID has basically two input variables: precipitation (P) and the potential ET of the 

reference grass, called the grass reference ET (ETo). The seasonal total values of P 

and ETo for each of the four seasons and five locations are presented in Figure 3-5. In 
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the winter, precipitation increases from south to north on the order of Miami (MI), Bartow 

(BT), Live Oak (LO), Plains (PL), and Blairsville (BV), whereas in the summer it 

increases from north to south (Figure 3-5A). While spring follows the pattern of winter, 

fall follows that of the summer. After spring and fall, the precipitation pattern is reversed. 

The ETo increases from north to south in each season and is minimum in the winter and 

maximum in the summer in each location (Figure 3-5B). 

Distributions of each parameter after sample generations based on the information 

in Table 3-2 are presented in Figure 3-6. As stated earlier, three types of distributions 

were considered for β, η, and θm – uniform, triangular, and normal. For ζ and α, 

however, only uniform and empirical distributions were selected, respectively. With 

change in the type of distribution from uniform to triangular to normal, values of β, η, 

and θm each concentrated more and more towards the center (nominal values) of the 

uncertainty range (Figure 3-6). 

The parameters showed no significant correlations among themselves in each 

location and season, indicating that they are independent of each other (Table 3-5). 

These results ascertained the use of FAST, a variance-based technique for sensitivity 

analysis, where the independence of parameters is a requirement. 

Uncertainty in ARID 

Effect of distribution 

With change in the type of distribution for parameters β, η, and θm from uniform to 

triangular to normal, the uncertainty range in ARID decreased significantly in each 

change for all locations and seasons (Figure 3-7). The decrease in uncertainty range 

was from 15 to 50%, depending on season and location. The decrease was because as 

the distributions moved from uniform towards normal, more and more samples of the 
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parameters concentrated towards the centers or nominal values (Table 3-1) of their 

uncertainty ranges. So, values of ARID concentrated more and more towards nominal 

values, thus producing smaller uncertainty ranges. The results indicated that choice for 

parameter distributions can have a significant impact on the uncertainty ranges of an 

output variable. 

Effects of location and season 

The variability in ARID across locations and seasons was found to be associated 

with the variability in its input variables – precipitation and ETo. For instance, in winter 

and spring, precipitation increased northwards from Miami. Accordingly, the uncertainty 

ranges of ARID stretched more and more towards zero when moved from south to north 

(Figure 3-8). In these seasons, as the amount of ETo decreased northwards (Figure 3-

5), the ranges of ARID shifted more and more towards zero from southern to northern 

locations. The end result was that the uncertainty ranges shifted as well as stretched 

more and more towards zero and became wider and wider when moved from south to 

north (Figure 3-8).  In summer and fall, on the other hand, the pattern of precipitation 

was inverse (Figure 3-5A). That is, the level of precipitation increased southwards from 

Blairsville. Accordingly, the uncertainty ranges of ARID extended more and more 

towards zero southwards. As the amount of ETo also increased towards south, ARID 

values tended to move farther and farther from zero towards one. However, because of 

the increasing amounts of precipitation southwards, effects of ETo were offset by those 

of precipitation. The consequence was that the upper values of the ranges remained 

about the same across locations, but the ranges extended more and more towards zero 

southwards. However, due to more ETo in lower latitudes than in northern ones, the 

ranges of ARID in southern locations in large precipitation seasons were not as close to 
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zero as were the northern ones. So, the change in the uncertainty range of ARID across 

locations and seasons was mainly due to the change in precipitation and ETo levels. 

Overall, the uncertainty in ARID was small in comparison with its entire possible 

range on the interval [0, 1] (Figure 3-8). Uncertainty ranges of ARID were mostly small 

(less than 30% of the whole possible range of [0, 1]), except for some locations and 

seasons that had large amounts of precipitation (seasonal total of more than 400 mm). 

Even in the cases with large uncertainty ranges of up to 50% of the entire possible 

range of [0, 1], ARID concentrated around nominal values with small uncertainty ranges 

(Figure 3-8, Table 3-8). A nominal value of ARID is the one computed with its fixed set 

of parameters. 

The uncertainty ranges presented in Figure 3-8 are based on triangular 

distributions of η, β, and θm. If beta or normal distributions were used for these 

parameters, as Aggarwal (1995) and He (2008) suggest, the uncertainty ranges would 

further decrease (Figure 3-7). Furthermore, the uncertainty ranges were relatively large 

especially under wet conditions, but were usually small under dry conditions. Because 

monitoring or forecasting moderate to severe droughts is perhaps more important than 

monitoring near-normal to mild droughts, estimating severe droughts with less 

uncertainty is more important than estimating mild droughts with more certainty. 

Sensitivity of ARID 

In terms of importance, Chan et al. (1997) categorizes parameters with 80.ST
j >   

as very important, with 8050 .S. T
j <<  as important, with 5030 .S. T

j <<  as 

unimportant, and with 30.ST
j <  as irrelevant, where T

jS  is the total-effect sensitivity 

index for parameter j. According to this classification, none of the parameters of ARID 
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was found to be very important, and the only parameter that is important is θm (Table 3-

6). Parameter ζ is unimportant, whereas α, β, and η are irrelevant. Makowski et al. 

(2006) considers a parameter to be significantly influential only when its total sensitivity 

index is greater than 0.1. Based on this definition, only α, θm, and ζ have significant 

influence on ARID (Table 3-6). Of the five parameters, the T
jS  values of θm and ζ were 

significantly greater than those of the other parameters in each location and season 

(Table 3-6), indicating that ARID is more sensitive to θm and ζ than to the others. 

Parameters β and η, on the other hand, were found to be least influential in all the 

cases, which was due to insignificant difference in the amount of available water in the 

soil with a change in these parameters. This insignificant difference was mainly because 

runoff and drainage do not always occur; that is, they occur only when there is 

precipitation. Moreover, runoff occurs only when the amount of precipitation is greater 

than a threshold called initial abstraction and drainage occurs only when the amount of 

available water is greater than a threshold called available water capacity. In most 

locations and seasons, α was also less influential.  The sensitivity to α was relatively 

more in the seasons and locations that had more precipitation than the others. Based 

on relative importance, the parameters could be ranked as θm > ζ > α > β > η, where the 

symbol > is pointed to the direction of less influence.  

The main-effect sensitivity indices of θm, the most influential parameter, indicated 

that θm alone (without any interaction) contributes about 50 to 60% of the total variability 

in ARID, depending on location and season (Figure 3-9). This means that about 50 to 

60% of variance in ARID would be left if only θm were to stay undetermined. Similarly, ζ, 

the second most influential parameter, was found to contribute from 25 to 37% of the 
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total variance. The third most influential parameter, α, contributes about 3 to 15% of the 

total variance in ARID, whereas β and η, the least influential parameters, each 

contribute less than 3% of the total variance in ARID. As the sum of all order (first and 

higher) indices is equal to 1, the interaction among the parameters, computed as 1 

minus the sum of first-order indices, contribute about 3 to 20% of total variance 

depending on location and season (Figure 3-9). 

Effect of distribution 

With change in the type of distribution for β, η, and θm from uniform to triangular to 

normal, values of the first- as well as total-effect sensitivity indices of these parameters 

decreased considerably in each location and season (Figure 3-10). The decreasing 

influence of distribution type in the direction of normal distribution was due to 

concentrating more and more values of these parameters towards the centers (nominal 

values) of their uncertainty ranges. Because sensitivity index values are relative and the 

sum of indices of all orders equals to 1, the sensitivity indices of α and ζ, the parameters 

whose distributions were kept fixed, increased towards normal distribution to 

compensate for the decreased values of β, η, and θm, the parameters with variable 

distributions (Figures 3-10C and 3-10D). 

Effects of location and season 

For η and β, the effects of location and season on the sensitivity of ARID to these 

parameters were very small. Similarly, the sensitivity of ARID to α was small in most 

cases. However, for some locations and seasons, the sensitivity was considerable (TSI 

up to 0.09) (Figure 3-11A). In general, the sensitivity to α was influenced by the 

amounts of precipitation and ETo (Figure 3-5). With increase in precipitation and 

decrease in ETo, the sensitivity increased northwards in the winter and southwards in 
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the summer (Figure 3-11A and Figure 3-5). For most locations, the sensitivity was 

greatest in the summer and least in the fall. These results indicated that the sensitivity 

of ARID to α increases with an increase in the amount of water in the soil. That is, the 

amount of water taken up by plants through the process of transpiration (TR) fluctuates 

more with changes in α values in wetter conditions than in drier conditions. These 

indications are obvious because ARID computes TR as a linear function of available 

water (W) as: TRαW= . So, when W is large, the TR
α  ratio is also large, and thus the 

uncertainty range of TR becomes wider. Because the amounts of precipitation and ETo 

in a particular season change across locations and those in a specific location change 

across seasons, the effects of season and location on the sensitivity of ARID to α was 

actually due to the variability of precipitation and ETo across locations and seasons. If 

all locations and seasons had the same amounts of precipitation and ETo, no difference 

would be found in the sensitivity across locations and seasons. 

The sensitivity of ARID to ζ varied with W, which is influenced by the amounts of 

precipitation and ETo. However, the effect of W on the sensitivity was negative. That is, 

the sensitivity to ζ was more in drier conditions than in the wetter conditions. For 

instance, Plains was drier than other locations for most of the seasons due to less 

precipitation and more ETo (Figure 3-5). So, the sensitivity of ARID to ζ was more in this 

location (Figure 3-11B). On the other hand, the sensitivity was least in Blairsville for all 

seasons due to more precipitation and less ETo (Figure 3-5A and 3-11B). Compared 

with other seasons, generally the sensitivity to ζ in the summer was least for all 

locations because of wetter conditions in this season. The smaller sensitivity in wetter 

conditions was because plant water uptake is relatively less soil-limited unlike under dry 
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conditions. In wet conditions, the amount of water even in a shallow rootzone may be 

sufficient to meet the evaporative demand of the atmosphere. In dry conditions, 

however, plant water uptake is more soil-limited. So, with an increase in the root zone 

depth, more and more amount of water is available for plant uptake.  

As for ζ, the sensitivity of ARID to θm was influenced by the amount of water in the 

rootzone for all locations and seasons. In general, the sensitivity to θm was larger in 

drier conditions and smaller in wetter conditions. For instance, the amount of 

precipitation increased southwards from Blairsvi lle to Miami during summer and fall 

(Figure 3-5A). Accordingly, the sensitivity to θm decreased from Blairsville to Miami 

(Figure 3-11C). Because of more precipitation and thus more amount of water in the 

soil, the sensitivity in the summer was less than that in other seasons for most locations 

(Figure 3-11C). Under wet conditions, soils with any water holding capacity may have 

enough water in the root zone for plant uptake or are less deficient to the evaporative 

demand of atmosphere. So, the rate of transpiration does not vary much among the 

soils that have different water holding capacities. Under dry conditions, however, plant 

water uptake is soil-limited. That is, plant water uptake is directly proportional to the 

amount of available water in the soil under dry conditions. Because the amount of 

available water in a soi l varies with its water holding capacity, the rate of plant water 

uptake varies considerably among the soils that have different water holding capacities. 

Interaction effects 

In general, the interaction effects of the parameters were insignificant as the 

values of the interaction-effect indices, which were computed as ( )jT
j SS − , were less 

than 0.1 for most of the locations and seasons (Table 3-7). The significant interactions 
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were found only among α, θm, and ζ for Plains and Blairsville in the winter, which is 

discussed in the following paragraphs. 

The effect of interaction among parameters was less with uniform distribution than 

with triangular or normal distribution (data not shown). The less interaction effect with 

uniform distribution was likely because samples of each parameter are uniformly 

distributed over the parameter space. With triangular or normal distribution, however, 

samples are more centered towards the nominal value of each parameter. So, the 

process of central orientation of the samples might be responsible for more interaction 

effects. 

For most locations and seasons, the interaction effects were insignificant 

( )T
j j(S S ) 0.1− <  (Table 3-7). Also, no significant difference in interaction was found 

across most locations and seasons. Considerable interaction effects were found only for 

Plains and Blairsville in the winter, which was probably because these locations 

received a considerably large amount of precipitation and lost a small amount of water 

through ETo in this month. Because under wet conditions ARID is more sensitive to α, 

but less sensitive to θm and ζ, the large amount of water in the root zone could have 

caused more interactions among α, θm, and ζ. For other seasons and locations, 

differences in the interaction effects were insignificant as their precipitation gains as well 

as ETo losses did not differ substantially.  

Conclusions 

Sensitivity analyses showed that β and η are relatively the least important 

parameters of ARID and that the influence of each of these parameters is insignificant 

).S( T
j 10< . Results indicated that even if η and β are set to any value within their 
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uncertainty ranges, the difference in the uncertainty in ARID is negligible. Results 

further implied that from the view point of estimating runoff, ARID is applicable to a wide 

range of conditions that are represented by η ranging from 15 to 90. That is, ARID is 

applicable to any soil type, land use, landscape, crop, antecedent moisture condition, 

and management. Similarly, from a deep-drainage point of view, ARID is valid for a wide 

range of soil textures and management. The influence of α is also insignificant for 

locations or seasons that do not get large amount of precipitation although, in principle, 

its influence is proportional to the amount of water in the soil. Even for the significant 

cases, the percent of variance α contributes to the total variance in ARID is at most 15. 

Results indicated that except for soils that have large soil moisture content, ARID can 

be applied to a wide range of crops, rootzone depths, and management. Of the two 

most influential parameters, ζ is important, but not as influential as θm. The effect of ζ is 

significant for all locations and seasons, and its contribution to the total variance of 

ARID is about 30%. The most influential parameter is θm and contributes about 60% of 

the total variance in ARID. So, θm is the parameter that might be of most interest to the 

users. As a generic index, ARID provides a general indicator for crop water status for a 

wide range of conditions, and, as the results showed, the index works fairly well in most 

cases. However, if users want precise information about the water deficit for their 

specific soils, θm is the parameter whose value they may manipulate.  

Results indicated that although ARID uses a fixed set of parameter values for a 

wide range of conditions, it has fairly small uncertainties, except for soils that have large 

moisture content. Even for wet conditions, the distributions of ARID peaked at nominal 

values with small uncertainty ranges, indicating more probability of less uncertainty. 
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Because θm is the most influential parameter, the uncertainty in ARID is mostly due to 

θm. The uncertainty is also influenced by the type of parameter distribution considered. 

If β, η, and θm are really normally distributed (He, 2008), the uncertainty in ARID 

decreases even further by about 10 to 30% depending on locations or seasons. Values 

of uncertainty ranges presented in Figure 3-9 are based on triangular distributions. 

 The type of distribution selected for parameters can make a significant difference 

in the sensitivity of and the uncertainty in ARID. By moving from uniform to normal 

distribution, about 15 to 50% uncertainty in ARID can be reduced. Similarly, shifting to 

normal from uniform distribution can alter the relative importance of each parameter and 

its sensitivity index values. So, caution is needed while selecting parameter 

distributions. 

The sensitivity of and uncertainty in ARID seemed to vary by season and location. 

Actually, it was precipitation and ETo, the input of ARID, that varied across locations and 

seasons, thus causing ARID to vary accordingly. If all locations and seasons had the 

same amounts of precipitation and ETo, the uncertainty range of ARID would remain the 

same in all cases. So, ARID is independent of locations and seasons. 

Finally, the uncertainty / sensitivity results related to ζ apply only to the grasses or 

crops whose effective root zone lie within the range [30 cm, 60cm]. For other ranges of 

ζ, the uncertainty ranges of ARID and the relative importance of each parameter could 

be substantially different. Similarly, the results apply only to the landscape whose water 

table is so deep that the upward flow of water through capillary rise does not make any 

significant contribution to the amount of water in the root zone considered. Generally, 

rainfed agricultural lands have considerably deep water table (deeper than 60 cm), so 
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ARID is applicable to these lands. However, if water table is shallow enough to make a 

significant contribution to soil water balance, drought never exist there. For such a case, 

no drought index is needed, actually.
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Table 3-1.  Uncertainty ranges and nominal values of various parameters of ARID 
Parameter Unit Uncertainty range Nominal value (what ARID uses) 
  Range Source Value Source 
Water uptake 
coefficient (α) 

mm mm-1 [0.06, 0.11] Dardanelli et al. (2004), 
Dardanelli et al. (1997) 

0.096 Dardanelli et al. (2004) 

Drainage 
coefficient (β) 

mm mm-1 [0.25, 0.75] Ratliff et al. (1983),  
Suleiman and Ritchie (2004) 

0.55 Ritchie (1998),  
Suleiman & Ritchie (2004) 

Runoff curve 
number (η) 

number [15, 90] USDA-SCS (1972) 65a USDA-SCS (1972) 

Available water 
capacity (θm) 

mm mm-1 [0.05, 0.18] Ratliff et al. (1983) 0.13 Ratliff et al. (1983),  
Ritchie et al. (1999) 

Root zone 
depth (ζ) 

mm [300, 600] USDA-NRCS (1997) 400 Haman et al. (2008), 
Zazueta et al. (2008) 

a For a grass landscape that is well managed and has medium-textured soil with average antecedent moisture condition. 
 
Table 3-2.  Ranges and distributions selected for various parameters of ARID 

Parameter Distribution Value Reference 
  Min Max Mode Mean St. dev.  
α Empiricala 0.60 0.11 0.096 - - Dardanelli et al. (2004) 
 
β 

Uniform  0.25 0.75 - - -  
Ritchie (1998), Suleiman and Ritchie (2004) Triangular  0.25 0.75 0.55 - - 

Normal  - - - 0.55 0.06 
 
η 

Uniform  15 90 - - -  
USDA-SCS (1972) Triangular  15 90 65 - - 

Normal  - - - 65 8 
 
θm 

Uniform  0.05 0.18 - - -  
Ratliff et al. (1983), Ritchie et al. (1999) Triangular  0.05 0.18 0.13 - - 

Normal  - - - 0.13 0.015 
ζb Uniform 300 600 - - - USDA-NRCS (1997), De Jong and Kabat 

(1990) 
a Based on the observations of Dardanelli et al. (2004). b For well-managed and frequently-clipped turf grasses, such as 
those grown in lawns and gardens, on which ARID is based.
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Table 3-3.  Inverse cumulative distribution functions used for generating samples for various parameters of ARID 
Parameter Distribution Inverse cumulative distribution function (CDF)  Parameters of inverse CDF 
 
 
β  

Uniform  i i, = a + (b - a)F ββ  a = 0.25, b = 0.75 
Triangular  ( )( )

( )( )
i i, i,

i, i,

 = F < (c-a)/(b-a) a+ F (b-a)(c-a) +

       F (c-a)/(b-a) b- (1-F )(b-a)(b-c)

β β

β β

β

≥
 

 
a = 0.25, b = 0.75, c = 0.55 

Normal  ( ) ( )i i, = - 2 erfcinv 2F  + ββ µ σ  μ = 0.55, σ = 0.06 

 
 
η 

Uniform  i i, = a + (b - a)F ηη  a = 15, b = 90 
Triangular  ( )( )

( )( )
i i, i,

i, i,

 = F < (c-a)/(b-a) a+ F (b-a)(c-a) +

       F (c-a)/(b-a) b- (1-F )(b-a)(b-c)

η η

η η

η

≥
 

 
a = 15, b = 90, c = 65 

Normal  ( ) ( )i i, = - 2 erfcinv 2F  + ηη µ σ  μ = 65, σ = 8 

 
θm 

Uniform  
mm,i i, = a + (b - a)F θθ  a = 0.05, b = 0.18 

Triangular  ( )( )
( )( )

m m

m m

m,i i, i,

i, i,

 = F < (c-a)/(b-a) a+ F (b-a)(c-a) +

         F (c-a)/(b-a) b- (1-F )(b-a)(b-c)

θ θ

θ θ

θ

≥
 

a = 0.05, b = 0.18, c = 0.13 

Normal  ( ) ( )mm,i i, = - 2 erfcinv 2F  + θθ µ σ  μ = 0.13, σ = 0.015 

ζ Uniform i i, = a + (b - a)F ζζ  a = 300, b = 600 
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Table 3-4.  Procedure followed for generating samples for water uptake coefficient (α) 
Solution point (Fi,α) Parameters of inverse cumulative distribution 

function (CDF) 
Inverse CDF 

i,0.00 F 0.10α< ≤  a = 0.06, b = 0.07  
 

i i,a (b a)F αα = + −  i,0.10 F 0.20α< ≤  a = 0.07, b = 0.08 

i,0.20 F 0.28α< ≤  a = 0.08, b = 0.09 

i,0.28 F 0.73α< ≤  a = 0.09, b = 0.10 

i,0.73 F 1.00α< ≤  a = 0.10, b = 0.11 
 
Table 3-5.  Correlations among parameters for several locations (with triangular 

distributions of η, β, and θm) 
Location Parameter Parameter 
  η β α ζ 
 
Miami 

β 0.01 1.00   
α 0.07 0.03 1.00  
ζ 0.01 0.00 0.00 1.00 
θm 0.00 0.00 0.04 0.00 

 
Bartow 

β 0.01 1.00   
α 0.07 0.04 1.00  
ζ 0.00 0.00 0.00 1.00 
θm 0.00 0.00 0.02 0.00 

 
Live Oak 

β 0.00 1.00   
α 0.03 0.02 1.00  
ζ 0.00 0.00 0.02 1.00 
θm 0.00 0.00 0.02 0.00 

 
Plains 

β 0.00 1.00   
α 0.06 0.03 1.00  
ζ 0.00 0.00 0.02 1.00 
θm 0.00 0.00 0.02 0.00 

 
Blairsville 

β 0.00 1.00   
α 0.06 0.00 1.00  
ζ 0.00 0.00 0.01 1.00 
θm 0.00 0.00 0.02 0.00 
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  Table 3-6.  Main- and total-effect sensitivity indices of various parameters for different locations and seasons (with 
triangular distributions of η, β, and θm). Values of the total-effect sensitivity index less than 0.10 indicate 
insignificant influence on ARID. 

Season Parameter Location 
  Miami Bartow Live Oak Plains Blairsville 
  

jS a T
jS b jS  T

jS  jS  T
jS  jS  T

jS  jS  T
jS  

 
 
Winter 

η 0.01 0.03 0.00 0.03 0.00 0.02 0.00 0.04 0.00 0.04 
β 0.01 0.03 0.01 0.04 0.01 0.03 0.01 0.04 0.01 0.06 
α 0.03 0.05 0.03 0.06 0.05 0.07 0.08 0.19 0.04 0.11 
ζ 0.36 0.39 0.34 0.39 0.30 0.33 0.26 0.38 0.25 0.34 
θm 0.55 0.61 0.56 0.62 0.55 0.61 0.51 0.65 0.54 0.69 

 
 
Spring 

η 0.01 0.02 0.00 0.03 0.00 0.02 0.00 0.02 0.00 0.02 
β 0.01 0.03 0.01 0.03 0.01 0.02 0.01 0.02 0.01 0.03 
α 0.09 0.11 0.06 0.08 0.05 0.06 0.07 0.10 0.08 0.10 
ζ 0.32 0.36 0.36 0.38 0.35 0.36 0.36 0.38 0.31 0.34 
θm 0.52 0.57 0.54 0.57 0.54 0.57 0.55 0.58 0.54 0.59 

 
 
Summer 

η 0.00 0.01 0.00 0.02 0.00 0.02 0.00 0.02 0.00 0.02 
β 0.02 0.04 0.02 0.05 0.01 0.03 0.01 0.03 0.01 0.03 
α 0.15 0.18 0.14 0.16 0.11 0.14 0.09 0.13 0.08 0.10 
ζ 0.31 0.34 0.31 0.34 0.31 0.33 0.33 0.36 0.32 0.34 
θm 0.50 0.53 0.50 0.52 0.51 0.55 0.53 0.57 0.54 0.59 

 
 
Fall 

η 0.00 0.01 0.00 0.02 0.00 0.01 0.00 0.02 0.00 0.02 
β 0.01 0.03 0.01 0.03 0.01 0.02 0.01 0.02 0.01 0.03 
α 0.05 0.08 0.04 0.05 0.02 0.03 0.02 0.06 0.03 0.06 
ζ 0.35 0.37 0.37 0.39 0.36 0.38 0.37 0.40 0.32 0.35 
θm 0.55 0.59 0.55 0.58 0.56 0.58 0.58 0.62 0.57 0.62 

a Main-effect sensitivity index for parameter j, where j = η, β, α, ζ, or θm. b Total-effect sensitivity index for parameter j.   
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Table 3-7.  Interaction-effect indices, computed as the difference between total-effect 
sensitivity index and main-effect sensitivity index, of various parameters for 
different locations and seasons. Values of the interaction-effect index less 
than 0.10 indicate insignificant interactions. 

Season Parameter Location 
  Miami Bartow Live Oak Plains Blairsville 
 
 
Winter 

η 0.02 0.03 0.02 0.04 0.04 
β 0.02 0.03 0.02 0.04 0.05 
α 0.02 0.02 0.03 0.10 0.09 
ζ 0.03 0.05 0.03 0.12 0.10 
θm 0.05 0.06 0.07 0.14 0.15 

 
 
Spring 

η 0.02 0.02 0.01 0.02 0.02 
β 0.02 0.02 0.01 0.01 0.02 
α 0.02 0.02 0.01 0.03 0.03 
ζ 0.04 0.03 0.01 0.02 0.03 
θm 0.05 0.04 0.02 0.03 0.05 

 
 
Summer 

η 0.01 0.02 0.02 0.02 0.02 
β 0.02 0.03 0.02 0.02 0.02 
α 0.03 0.03 0.02 0.03 0.03 
ζ 0.03 0.03 0.02 0.03 0.03 
θm 0.04 0.04 0.04 0.04 0.05 

 
 
Fall 

η 0.01 0.02 0.01 0.02 0.02 
β 0.02 0.02 0.01 0.01 0.02 
α 0.02 0.02 0.01 0.04 0.03 
ζ 0.03 0.02 0.01 0.03 0.03 
θm 0.04 0.03 0.02 0.04 0.05 

 
Table 3-8.  Nominal values of ARID for different locations and seasons 
Season Location 
 Miami Bartow Live Oak Plains Blairsville 
Winter 0.55 0.42 0.24 0.06 0.00 
Spring 0.60 0.54 0.34 0.30 0.14 
Summer 0.22 0.25 0.30 0.38 0.25 
Fall 0.27 0.30 0.34 0.39 0.17 
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Figure 3-1.  The distribution of parameter water uptake coefficient as observed by 

Dardanelli et al. (2004) 

 

0.10
0.20

0.28

0.73

1.00

0.0

0.2

0.4

0.6

0.8

1.0

0.06-0.07 0.07-0.08 0.08-0.09 0.09-0.10 0.10-0.11
Water Uptake Coefficient (α)

C
um

. P
ro

b.

 
 
Figure 3-2.  The probability histogram for the cumulative distribution of parameter water 

uptake coefficient 
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Figure 3-3.  Response of ARID to precipitation in: A) January with 3 values of θm, B) July with 3 values of θm, C) January 

with 3 values of ζ, D) July with 3 values of ζ, E) January with 3 values of α, and F) July with 3 values of α. The 
ARID and precipitation values are for Gainesville, FL, in January and July 2009. θm = available water capacity, ζ 
= rootzone depth, α = water uptake coefficient. 



 

94 

   

0.0
0.2
0.4
0.6
0.8
1.0

1 6 11 16 21 26 31
Day

AR
ID

0
10
20
30
40
50

Ra
in

fa
ll (

m
m

)η = 90 Rainfall

η = 40, 65

A

0.0
0.2
0.4
0.6
0.8
1.0

1 6 11 16 21 26 31
Day

AR
ID

0
10
20
30
40
50

Ra
in

fa
ll (

m
m

)

C

β = 0.30, 0.55, 0.80

0.0
0.2
0.4
0.6
0.8
1.0

1 6 11 16 21 26 31
Day

AR
ID

0
10
20
30
40
50

Ra
in

fa
ll (

m
m

)

Rainfall

B

η = 40, 65

η = 90

0.0
0.2
0.4
0.6
0.8
1.0

1 6 11 16 21 26 31
Day

AR
ID

0
10
20
30
40
50

Ra
in

fa
ll (

m
m

)

D

β = 0.80

β = 0.30

β = 0.55

 
 
Figure 3-4.  Response of ARID to precipitation in: A) January with 3 values of η, B) July with 3 values of η, C) January 

with 3 values of β, and D) July with 3 values of β. The ARID and precipitation values are for Gainesville, FL, in 
January and July 2009. η = runoff curve number, β = drainage coefficient. 
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Figure 3-5.  Amounts of: A) Precipitation (P) and B) ETo for Miami (MI), Bartow (BT), 

Live Oak (LO), Plains (PL), and Blairsville (BV) in different seasons during the 
normal period 1971-2000 
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Figure 3-6.  A) Uniform, B) triangular, and C) normal distributions of parameters runoff 

curve number (CN), drainage coefficient (DC), and available water capacity 
(WC) 
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Figure 3-7.  Uncertainty ranges of ARID for Miami with: A) uniform, B) triangular, and C) 

normal distributions of parameters drainage coefficient, curve number, and 
available water capacity 
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Figure 3-8.  Variability in ARID in different seasons for: A) Miami, B) Bartow, C) Live 

Oak, D) Plains, and E) Blairsville with triangular distributions of parameters 
drainage coefficient, curve number, and available water capacity
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Figure 3-9.  The relative proportion of the total main-effect sensitivity across parameters 

(η = curve number, β = drainage coefficient, ζ = rootzone depth, α = water 
uptake coefficient, and θm = available water capacity) for: A) winter, B) spring, 
C) summer, and D) fall for Miami (far south in the southeast USA) and for E) 
winter, F) spring, G) summer, and H) fall for Blairsville (far north in the 
southeast USA).
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Figure 3-10.  Total sensitivity index (TSI) values of: A) available water capacity, B) 

drainage coefficient, C) rootzone depth, and D) water uptake coefficient for 
different seasons and distributions for Miami 
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Figure 3-11.  Values of the total-effect sensitivity index (TSI) of: A) water uptake 

coefficient, B) rootzone depth, and C) available water capacity for various 
locations (BT = Bartow, BV = Blairsville, LO = Live Oak, MI = Miami, and PL = 
Plains) and seasons with triangular distributions 
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CHAPTER 4 
FORECASTING DROUGHT USING AGRICULTURAL REFERECE INDEX FOR 

DROUGHT 

Introduction  

Drought is a creeping and the costliest natural hazard, causing tremendous losses 

worldwide. In the USA, about $6 - $8 billion is lost every year through drought alone 

(FEMA, 1995; SDR, 2005). Although drought cannot be prevented, its losses can be 

minimized through taking proactive measures and setting out drought mitigation 

strategies if it is forecast well in advance. Because it evolves slowly, mitigation plans 

can be carried out more effectively for drought than for those of other natural hazards. 

The benefits of reliable forecasting are tremendous (Campbell, 1973). 

Drought may be forecast using drought variables (Hastenrath and Greischar, 

1993; Chiew et al., 1998; Cordery and McCall, 2000) or drought indicators (Nicholls, 

1985; Chiew et al., 1998; Lohani et al., 1998; Mishra and Desai, 2005; Cancelliere et al., 

2007; NIDIS, 2007; D’Arrigo and Wilson, 2008; Mendicino et al., 2008; Vasiliades and 

Loukas, 2008). A drought variable is a key element that defines drought, such as 

precipitation for a meteorological drought or soil moisture and ET for an agricultural 

drought. A drought indicator is a measure used to quantify and characterize drought 

conditions. For forecasting a meteorological drought, the forecasting of precipitation 

may suffice. However, for forecasting an agricultural drought, a shortage of water in the 

root zone to meet the consumptive use of plants, forecasting all associated variables is 

required. This is difficult, because these variables are controlled by several plant and 

soil processes. Therefore, for agricultural drought, the use of a drought indicator, such 

as a drought index, seems more appropriate than using a drought variable.  
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A drought index may be forecast based on various approaches. One approach is 

to estimate the index as a function of its own past values (Panu and Sharma, 2002; Kim 

and Valdes, 2003; Nayak et al., 2004; Bordi et al., 2005; Mishra and Desai, 2005; 

Cancelliere et al., 2007; Mendicino et al., 2008; Vasiliades and Loukas, 2008). This 

approach involves quantifying a relationship between the present and past values of the 

index by fitting the data to a time series model, such as an autoregressive moving 

average (ARMA) model. Another approach is to estimate the index as a function of the 

past values of its predictor variables. Climate or teleconnection indices may be used as 

predictors of drought because atmospheric circulation patterns have been shown to 

exert influence on the occurrence of droughts (Stahl and Demuth, 1999). The linkage 

between changes in the atmosphere in one place and effects on the weather in another, 

widely separated place is called teleconnection and is a consequence of the large-scale 

dynamics of the ocean and atmosphere. The indices of large-scale oceanic and 

atmospheric teleconnection patterns, or oscillations, are called climate or teleconnection 

indices. Climate indices combine many details into a generalized, overall description of 

the atmosphere or ocean, and this can be used to characterize the factors that affect a 

local or global climate system. Although climate indices are generally calculated based 

on measurements from a localized area, they can be statistically related with climate 

variables of other areas around the globe (Bond et al., 2007). Because large-scale 

teleconnection patterns affect weather variables such as temperature and precipitation, 

the key factors governing a drought index, a plausible relationship may exist between a 

drought index and climate indices. Some of the major, large-scale teleconnection 

patterns that are reported to have significant impacts on the weather conditions or 
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agriculture in southeastern USA are the Atlantic Multi-decadal Oscillation (AMO) 

(Gershunov and Barnett, 1998b; Enfield et al., 2001; Kelly, 2007), the North Atlantic 

Oscillation (NAO) (Rogers, 1984; Yin, 1994; Hagemeyer, 2006; Kelly, 2007), the Pacific 

Decadal Oscillation (PDO) (Gershunov and Barnett, 1998b; Enfield et al., 2001; Kelly, 

2007), the Pacific-North American (PNA) pattern (Leathers et al., 1991; Yin, 1994; 

Konrad, 1998; Hagemeyer, 2006; Martinez et al., 2009), the sea surface temperature 

(SST) in the Niño 3.4 region (Trenberth, 1997; Gershunov and Barnett, 1998b; Schmidt 

et al., 2001; Hanley et al., 2003; Hagemeyer, 2006), and the SST over the region of 

(4°N-4°S, 150°W-90°W) (Hansen et al., 1998). The AMO index is basically an index of 

ongoing series of long-duration changes in the sea surface temperature of the North 

Atlantic Ocean over 0°N-70°N. The NAO index is the difference of sea-level pressure 

between two stations situated close to the centers of the Icelandic Low and Azores 

High. The PNA index is a linear combination of the normalized geopotential height 

anomalies at the 700 hPa level at four locations, namely, Hawaii (20°N, 160°W), the 

North Pacific Ocean (45°N, 165°W), Alberta (55°N, 115°W), and the Gulf Coast of the 

USA (30°N, 85°W). The PDO Index is the spatial average of the monthly sea surface 

temperature of the Pacific Ocean north of 20°N. The Niño 3.4 index is the departure in 

monthly sea surface temperatures from their long-term means over the Niño 3.4 region, 

i.e., the east central tropical Pacific (5°N-5°S, 170°W-120°W). The Japanese 

Meteorological Agency (JMA) index is a 5-month running mean of the departure in 

monthly sea surface temperatures from their long-term means over the region of (4°N-

4°S, 150°W-90°W). The definitions of these and other abbreviations that are frequently 

mentioned in the following paragraphs are presented in Table 4-1. 
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The most commonly used approach for forecasting precipitation or drought in 

southeastern USA is based on the El Niño/Southern Oscillation (ENSO). The strong 

teleconnection between ENSO and the weather conditions in this region has enabled 

skillful forecasting of seasonal temperature and precipitation up to one year in advance 

(Steinemann, 2006; Brolley et al., 2007). However, the drought-forecasting ability of the 

ENSO approach varies across months and locations because the impact of ENSO 

differs from region to region and from season to season. That is, the ENSO-based 

approach might produce plausible forecasts for some months of the year and inaccurate 

forecasts for other months. This situation necessitates the search for other approaches. 

The principal objective of this study was to find out if the present level of forecasting, 

which is mainly ENSO-based, could be improved using the other approaches, namely, 

the use of ARMA models and climate indices. That is, could any of these approaches / 

models produce more accurate forecasts than those produced using the ENSO 

approach at least for the months or locations for which the predictability of ENSO is not 

good? 

To quantify the relationship between a predictand and its predictors, various 

statistical models have been used, such as linear regression (LR) (Yin, 1994; Kumar 

and Panu, 1997; Panu and Sharma, 2002; Wood and Lettenmaier, 2006; D’Arrigo and 

Wilson, 2008; Vasiliades and Loukas, 2008), artificial neural network (ANN) (Werbos, 

1974; Sharda and Patil, 1990; Hastenrath and Greischar, 1993; Wilpen et al., 1994; 

Zhang et al., 1998; Panu and Sharma, 2002; Samarasinghe, 2007; Bacanli et al., 2008; 

Vasiliades and Loukas, 2008), and the adaptive neuro-fuzzy inference system (ANFIS) 

(Nayak et al., 2004; Chang and Chang, 2006; Bacanli et al., 2008; Firat and Gungor, 
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2008). Several researchers have used these models, either individually or in 

combination, to forecast various hydrological variables. However, no agricultural 

droughts or their indicators were forecast using these models. The other purpose of this 

study was to assess the performances of the ANFIS, ANN, ARMA, and LR models 

relative to that of the ENSO approach in forecasting ARID. To evaluate the performance 

of these models, the ENSO-based forecasting approach was used as the benchmark. 

The assumption was that if the forecasts of any of these models were better than those 

of the ENSO approach for any month or location in the southeast USA, drought 

forecasting could be improved for that month or location in this region. 

Overview of the Models 

Autoregressive Moving Average Models 

An ARMA model (Box and Jenkins, 1970) consists of two parts: autoregression 

(AR) and a moving average (MA). The AR model estimates the current value of a 

series, e.g., ARIDt, as a function of p past values: ARIDt-1, ARIDt-2, …, ARIDt-p, where p 

determines the number of steps into the past needed to forecast the current value. The 

autoregressive model of order p, i.e., AR(p), is of the form: 

φ + φ φ εt 1 t-1 2 t-2 p t-p tARID  = ARID ARID  + ... + ARID +  (4-1) 

where 1φ , 2φ , …, pφ  are the modal parameters and tε is Gaussian white noise (a 

random process). 

The MA model of order q, i.e., MA(q), which assumes that the white noise tε can 

be combined linearly to form the observed data, is of the form: 

qtqtttt εθ...εθεθεARID −−− ++++= 2211  (4-2) 
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where there are q lags in the moving average; θ1, θ2, …, θq are parameters; and tε is 

the Gaussian white noise. 

Combining Equations 4-1 and 4-2 produces the autoregressive moving average 

(ARMA) model of order p and q, i.e., ARMA(p,q): 

t 1 t-1 2 t-2 p t-p t 1 t-1 2 t-2 q t-qARID  = ARID  + ARID  + ... + ARID  +  +  +  + ... + φ φ φ ε θ ε θ ε θ ε  (4-3) 

Rearranging Equation 4-3 and applying a backshift operator to denote t kARID −  as 

k
tB ARID and ktε − as k

tB ε produces the following equation:  

2 p 2 q
1 2 p t 1 2 q t(1 - B - B  - ... - B )ARID  =  (1 + B + B  + ... + B )φ φ φ θ θ θ ε  (4-4) 

Defining (1 - 1φ B - 2φ B2 - … - pφ Bp) as φ (B) and (1 + θ1B + θ2B2 + … + θqBq) as 

θ(B) produces the ARMA(p,q) model in concise form as: 

tt )B(ARID)B( εθ=φ  (4-5) 

Equation 4-5 does not account for seasonality. Most natural phenomena have 

strong seasonal components. Often, the dependence on the past tends to occur most 

strongly at multiples of some underlying seasonal lag, s. This necessitates the 

introduction of ARMA polynomials that identify with the seasonal lags. Then, the pure 

seasonal ARMA model, i.e., ARMA(P,Q)s, takes the form 

s s
P t Q t(B )ARID  =  (B )Φ Θ ε  (4-6) 

To account for both seasonal and nonseasonal behaviors, Equations 4-5 and 4-6 

can be combined to produce a multiplicative seasonal ARMA model, denoted by 

ARMA(p,q) x (P,Q)s: 

s s
P t Q t(B ) (B)ARID  =  (B ) (B)Φ φ Θ θ ε  (4-7) 
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A time series process can have a nonstationary trend component. Differencing 

such a process leads to a stationary process. The inclusion of differencing broadens an 

ARMA model to an integrated ARMA model, called an ARIMA model. The nonseasonal 

ARMA(p,q) extends to ARIMA(p,d,q) and takes the form: 

d
t t(B) ARID (B)φ ∇ = θ ε  (4-8) 

where d∇  is the difference of order d, defined as d d(1 B)∇ = − . 
 

Similarly, the pure seasonal ARIMA(P,D,Q)s has the form: 

s D s
P s t Q t(B ) ARID (B )Φ ∇ = Θ ε  (4-9) 

where D
s∇  is the difference of order D with seasonal lag, s, defined as D s D

s (1 B )∇ = − . 
 

Combining Equations 4-8 and 4-9 produces the multiplicative, seasonal, 

autoregressive, integrated, moving average model, called the SARIMA model, denoted 

by ARIMA(p,d,q) x (P,D,Q)s. The SARIMA model accounts for both seasonal and 

nonseasonal behaviors and is stationary. 

s D d s
P s t Q t(B ) (B) ARID (B ) (B)Φ φ ∇ ∇ = Θ θ ε  (4-10) 

The ARMA models have several strengths. They provide systematic procedures 

for modeling the behavior of uncertain systems and quantifying the expected inaccuracy 

of the forecasts (Mishra and Desai, 2005). They can model the periodicity and 

nonstationarity of time series data (Mishra et al., 2007), effectively take into account 

serial correlations among observations, and require few parameters. As stochastic 

models, they can quantify the stochastic nature of drought (Modarres, 2006).  

Use of the ARMA models also has some limitations. They assume that the time 

series are generated from linear processes. This assumption is inappropriate if the 

underlying mechanism is nonlinear, and drought time series are rarely linear and often 
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seasonal (Granger and Terasvirta, 1993; Zhang et al., 1998). They have limited ability 

to capture nonstationarity and nonlinearity in the data and are unsuitable for long-term 

forecasting (Tokar and Johnson, 1999; Kim and Valdes, 2003; Mishra et al., 2007). 

They are also difficult to implement and require more training in their use (Marce et al., 

2004). 

Linear Regression 

Linear regression models the relationship between a regressand and one or more 

of its regressors. A LR model assumes the relationship between dependent and 

independent variables to be approximately linear. One of the strengths of a LR model is 

that it explicitly addresses causal relationships and shows optimal results when the 

underlying mechanism is linear. A LR model is useful in estimating and testing the 

parameters, testing the residuals, and carrying out diagnostics (Belsley et al., 1980). 

The use of a LR model is inappropriate, however, when the relationship is 

nonlinear. It is limited to estimating numeric outputs and has a limited ability to capture 

the underlying mechanism of a complex system (Zhang et al., 1998). A LR model does 

not quite capture the trend of the data and is inadequate in providing good 

prognostication of a variable characterized by a highly nonlinear physics (Ramirez et al., 

2005). 

Artificial Neural Network 

An artificial neural network is a system of interconnected neurons, where each 

neuron processes data using the concepts of learning in the brain. ANNs are adaptive 

learning systems that follow the observed data freely to find patterns in the data and 

develop nonlinear system models to make estimations. Of a variety of existing ANNs, 

multilayer perceptron (MLP) is the most well-known, widely-used, and influential 
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network for nonlinear estimation (Hornik et al., 1989; Zhang et al., 1998; Furukawa et 

al., 2007; Samarasinghe, 2007; Abbasi, 2009). It contains many links connecting inputs 

to neurons, and neurons to outputs. Figure 4-1 illustrates the structure of a simple MPL 

network that has one input layer, one hidden layer, and one output layer; each 

containing one neuron. These layers are linked by connection strengths termed weights. 

The 1-1-1 MLP network has one hidden layer weight, a, and one output layer weight, α. 

The network-input is PC1 and the network-output is ARID


. The hidden neuron has a 

bias input of +1 with an associated weight of b, and the output neuron has a bias weight 

of β. The hidden-layer neuron uses a hyperbolic tangent sigmoid function as the 

transfer function, whereas the output neuron uses a linear function. 

The network computes the final output, ARID


, as follows:  

Step 1: The input, PC1, is fed into the network. The most important part of 

processing takes place in the hidden neuron. The hidden neuron, first, calculates its 

weighted input, m. The result of this operation is to map PC1 linearly onto m with slope 

a and intercept b. As the intercept b can be visualized as incorporating the effects of all 

inputs other than PC1 that are not explicitly involved in the model, it may be called the 

bias weight. 

m = aPC1 + b (4-11) 

Step 2: The hidden neuron passes its input m through an input transfer function, 

e.g., the hyperbolic tangent function, to produce the hidden-neuron output, h. 

m m

m m

e eh
e e

−

−

−
=

+
 (4-12) 
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Step 3: The hidden-neuron output h is fed as input into the output-neuron. The 

output neuron calculates its weighted input, n , first. As in the hidden neuron, h is linearly 

mapped to n with a slope α and the intercept β (the bias weight).  

n = αh + β (4-13) 

Step 4: The output neuron now passes its input n through an output transfer 

function, such as a linear function, to produce the output-neuron output, ARID


, which is 

the network output. The linear transfer function produces the same output as its input.  

ARID n=


 (4-14) 

This concludes forward processing in the 1-1-1 network. The network output, 

ARID


, is linear with respect to n, but is nonlinear with respect to the original input, PC1, 

due to the nonlinear processing in the hidden neuron: 

aPC1 b (aPC1 b)

aPC1 b (aPC1 b)

e eARID
e e

+ − +

+ − +

 −
= α + β + 


 (4-15) 

This structure is trained to learn through supervised learning by repeated exposure 

to the training dataset until the network produces the correct output. During training, the 

transfer functions undergo transformations in shape and position through changes in the 

corresponding weights until the network produces the output at the desired degree of 

accuracy. The MLP output ( ARID


) is compared with the target output (ARID) and the 

error is calculated. If the absolute error is larger than the given threshold, the error is 

backpropagated through the network. This process adjusts the weights, i.e., a, b, α, and 

β, using an appropriate learning method, such as gradient descent (backpropagation), 

to minimize the error in the repeated processing of the inputs by the network. The error 

threshold defines the accuracy of the model. 
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ANN is gaining tremendous momentum for forecasting because of its non-linearity, 

adaptability, generalization, model-independence, and arbitrary function-mapping ability 

(Wilpen et al., 1994; ASCE, 2000; Kim and Valdes, 2003; Sahoo et al., 2005). It is 

capable of acquiring a knowledge of complex processes, especially when the underlying 

physical relationships are not fully understood (Wilpen et al., 1994; Bacanli et al., 2008). 

ANN is a universal approximator due to its ability to approximate any nonlinear 

relationship between inputs and outputs to any degree of accuracy (Hornik et al., 1989; 

Smith, 1996; Zhang et al., 1998; Samarasinghe, 2007). It does not require prior 

knowledge of the process or a prior model structure (Zhang et al., 1998; Kim and 

Valdes, 2003; Nayak et al., 2004). The performance of ANN is not affected by the 

seasonality of time series; this is incorporated (Sharda and Patil, 1992). It performs 

better under less ideal conditions, such as when outliers, multicollinearity, and model 

misspecification are present (Zhang et al., 1998). 

However, ANN acts as a black-box inference machine as there is no explicit form 

to explain and analyze the relationship between the inputs and outputs (Zhang et al., 

1998; Marce et al., 2004). An ANN model is prone to overfitting because of the 

presence of a large number of parameter sets or to underfitting because its optimization 

algorithm may converge to a local minimum instead of the global minimum (Wilpen et 

al., 1994). It has no structured methods to identify the best structure (Bacanli et al., 

2008). In cases where there is no underlying systematic pattern in the data, ANN does 

not perform any better than simpler models such as LR. The power of ANN increases 

only in cases where there are a large number of relevant explanatory variables with a 

larger sample size (Wilpen et al., 1994). If the underlying mechanism is linear and 
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without much irregularity, ANN performs worse than linear statistical methods (Zhang et 

al., 1998). 

Adaptive Neuro-Fuzzy Inference System 

Another artificial intelligence-based technique that has potential to make forecasts 

is an approach based on fuzzy logic propounded by Zadeh (1965). Fuzzy logic 

considers the truth of any statement as a matter of degree. In fuzzy logic, the crisp logic 

of yes-no is generalized. In contrast to classical binary logic, which considers the truth 

as yes or no, that is, 1 or 0, fuzzy logic replies to a yes-no question with a not-quite-yes-

or-no answer, thus also permitting intermediate values between 0 and 1. When asked 

whether X is a member of set A, the answer of fuzzy logic might be yes, no, or any in-

between value. Therefore, X can have partial membership in A. The degree of 

membership of any value of an input variable is defined by a curve, called a 

membership function (MF), which maps each element in the input space to a 

membership value between 0 and 1. The shape of a MF is defined taking into 

consideration simplicity, convenience, speed, and efficiency. The system of formulating 

the mapping from a given input to an output using fuzzy logic is called a fuzzy inference 

system (FIS). A FIS involves two types of MF, namely an input MF and an output MF, 

various logical operations, and several if-then rules. Whereas logical operations are 

used to combine two or more fuzzy sets, if-then rules are used to formulate the 

conditional statements that comprise fuzzy logic (for details, see MathWorks, 2009). 

Figure 4-2 i llustrates the structure of a simple FIS with PC1 as an input and öARID as an 

output. For simplicity, only one input variable is used in Figure 4-2. 
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The fuzzy logic approach has the ability to draw conclusions and generate 

responses based on vague, ambiguous, incomplete, and imprecise information (Lee et 

al., 2007). A FIS establishes a practical framework to include the qualitative aspects of 

human experience and reasoning processes in modeling (Jang, 1993; Borri et al., 

1998). It is a promising tool for modeling complex, non-linear systems (Marce et al., 

2004; Lee et al., 2007; Bacanli et al., 2008; Altun et al., 2009). FIS is a model-free 

approach that is easy to implement (Marce et al., 2004).  

However, fuzzy logic does not have a systematic procedure to define MF 

parameters and fuzzy rules (Nayak, et al., 2004; Bacanli et al., 2008). The MFs and 

their parameters are determined arbitrarily from looking at the data or by trial and error 

(MathWorks, 2009).  

To eliminate the requirement for manual optimization of MFs and their parameters 

in a conventional FIS as mentioned in previous paragraphs, Jang (1993) developed the 

Adaptive Neuro-Fuzzy Inference System (ANFIS) by merging the fuzzy logic approach 

with an artificial neural network that has automatic learning ability. The combination of 

fuzzy logic and a neural network enables the system to learn and improve, based on the 

data. Like a neural network, an ANFIS learns information about the data and 

automatically selects MFs and tunes their parameters. As in an MLP network, an ANFIS 

has multiple layers with signals passing from inputs to outputs via the neurons of 

several intermediate layers through connections. Once an output has been estimated, it 

is compared with the target value and the error is calculated. The error is then 

backpropagated through the network to adjust the parameters of an input MF using the 

backpropagation (gradient descent) learning method. The parameters of an output MF, 
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however, are updated using the least squares estimate (LSE) during the forward pass of 

the network. Figure 4-3 illustrates the structure of an ANFIS with PC1 as an input and 

ARID


as an output. 

Using PC1 as an input variable, the ANFIS computes the final output, ARID


, in 

the following order:  

Fuzzification:  The crisp values of the input variable are transformed into fuzzy 

membership values using a generalized bell input MF. This is done in the node of layer 

1 (Figure 4-3). 

ii 2b

i

i

1f
PC1 c1

a

=
−

+

 (4-16) 

The subscript i in Equation 4-16 stands for the i-th rule; f is the input MF; PC1 is the 

input; and a, b, and c are the antecedent parameters, whose values are updated in 

every backward pass of the ANFIS using the backpropagation algorithm (which uses 

the gradient descent approach of error minimization). 

Integration: In this step, usually the firing strength, also called the weight, is 

computed for rule i by integrating the input MFs of various input variables using the 

fuzzy intersection/conjunction, fuzzy union/disjunction, or fuzzy complement operators 

(for details, see MathWorks, 2009). This operation is done inside the nodes of the 

second layer. However, for the single input variable used in this example, no integration 

of the various MFs in each rule is needed. Therefore, the same values of MF are used 

also for the weight: 

i iw f=  (4-17) 

where wi is the firing strength of rule i. 
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Normalization: For each node in the third layer, the normalized firing strength is 

calculated as the ratio of the i-th rule’s weight to the sum of the weights of all n rules: 

* i
i n

i
i 1

ww
w

=

=

∑
 (4-18) 

where w*i is the normalized firing strength of rule i and n is the number of rules. 

Defuzzification: The fuzzy input membership values are transformed back to crisp 

output values using a linear output MF. 

i i ig PC1= α + β  (4-19) 

The term g in equation 4-19 is the output MF; PC1 is the input; and α and β are 

the consequent parameters whose values are updated during every forward pass of the 

ANFIS algorithm using the LSE. Then, using the output MF and the normalized firing 

strength, the contribution of each rule towards the model output is computed in each 

node of the fourth layer:  

*
i i iO w g=  (4-20) 

where Oi is the output contributed by the i-th rule towards the overall ANFIS output. 

Summation: Finally, the overall output of the model is computed as the 

summation of outputs contributed by all rules. This operation is performed in the fifth 

layer, which has a single node. 

n

i
i 1

ARID O
=

= ∑


 (4-21) 
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ARID


is the overall output of the ANFIS. This step concludes the forward processing in 

the ANFIS network. The network is trained to learn by repeated exposure to the training 

dataset until the correct output is produced. 

An ANFIS removes the basic problem of conventional FIS, i.e., defining MF 

parameters and fuzzy if-then rules (Lee et al., 1997). An ANFIS also has an advantage 

over ANN in that the latter needs to perform a trial and error procedure to develop the 

best network structure, whereas the former does not (Bacanli et al., 2008). Therefore, 

an ANFIS combines the benefits of both FIS and ANN in a single framework (Nayak, et 

al., 2004). An ANFIS has the potential to capture the essential components of the 

underlying dynamics of complex systems with unclear input-output relationships (Nayak 

et al., 2004). 

However, ANFIS is not free from limitations. The performance of ANFIS depends 

on the completeness of the database because sufficient samples are needed to have 

significant results (Costa Branco and Dente, 2001). The scarcity of data may lead to 

information holes and ultimately nonsense values (Marce et al., 2004). Moreover, if the 

training and checking datasets are not sufficiently distinct, ANFIS renders trivial results 

(Sahoo et al., 2005).  

Overview of the ENSO 

In the tropical Pacific Ocean, normally, the persistent easterly trade winds blow 

westward from the eastern Pacific, a region of higher pressure, toward Indonesia, a 

region of lower pressure. The trade winds create upwelling that brings cold water to the 

surface in the eastern Pacific. As this water moves westward, it is heated by sunlight 

and the atmosphere. Consequently, surface water along the equator is usually cool in 
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the eastern Pacific and warm in the western Pacific. In addition, the dragging of surface 

water by the trade winds raises the sea level and produces a thick layer of warm water 

in the western Pacific.  

Every two to seven years, air pressure rises over the western Pacific and falls over 

the eastern Pacific (Yin, 1994). This change in pressure weakens the easterly trade 

winds, which are then replaced by westerly winds which strengthen the countercurrent. 

Surface water warms over the tropical Pacific and heads eastward towards South 

America, causing a remarkable increase in the equatorial sea surface temperatures 

over the eastern Pacific. Because the warming in the eastern Pacific peaks around the 

Christmas season, this phenomenon is called El Niño, referring to the Christ child. 

Toward the end of the warming period, atmospheric pressure over the eastern Pacific 

reverses and begins to rise; whereas, over the western Pacific, it falls (Maunder, 1992). 

This seesaw pattern of reversing surface air pressure at opposite ends of the Pacific 

Ocean is called the Southern Osci llation (Philander, 1990; Glantz et al., 1991). Because 

the pressure reversals and ocean warming are more or less simultaneous, scientists 

term this phenomenon as the El Niño-Southern Oscillation.  

Following an El Niño event, the trade winds usually return to normal. However, if 

the trades are exceptionally strong, unusually cold surface water moves over the 

eastern Pacific, and the warm water is confined mainly to the western Pacific. This cold-

water episode, which is the opposite of El Niño conditions, is given the feminine name 

La Niña in contrast to the masculine El Niño. Because El Niño and La Niña are two 

faces of the same large-scale ocean-atmosphere interaction, the ENSO phenomenon 

comprises of three phases: El Niño, La Niña, and neutral conditions. 
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The impact of ENSO varies across regions and seasons. Generally, the impacts 

are stronger in tropical regions than in the mid-latitudes (NDMC, 2006). In southeastern 

USA, fall, winter, and spring are generally wetter than usual during El Niño events 

(Ropelewski and Halpert, 1986; Green et al., 1997; Smith et al., 1998; Brolley et al., 

2007; Kelly, 2007). La Niña events, in contrast, typically involve wetter summers and 

falls, and drier winters and springs (Gershunov and Barnett, 1986a; Green et al., 1997; 

Smith et al., 1998). These ENSO phenomena indicate that drought, a drier condition 

than normal, might be forecast for this region for any month of the year if an ENSO 

episode could be forecast for that month. In fact, the use of sophisticated predictive 

numerical models and the availability of expanded datasets collected through an array 

of moored buoys in the equatorial Pacific Ocean has allowed for skillful forecasts of 

ENSO episodes for this region up to a year in advance (Steinemann, 2006; Brolley et 

al., 2007; NDMC, 2009).    

An ENSO episode is generally characterized using an indicator. Some indicators, 

such as the Japanese Meteorological Association Index (JMAI), are based on sea 

surface temperature. Others, such as the Southern Oscillation Index (SOI), are based 

on atmospheric pressure. In comparison to other indicators, the JMAI is more widely-

used because it is more sensitive to both El Niño and La Niña conditions (Trenberth, 

1997; Hanley et al., 2003; P. G. F. Gerard-Marchant, personal communication). The 

Southeast Climate Consortium (SECC) also uses JMAI for its own ENSO outlook 

(Trenberth, 1997; Hanley et al., 2003). The JMAI is a 5-month running mean of spatially 

averaged sea surface temperature anomalies over the tropical pacific region (4°S-4°N, 

150°W-90°W). In its standard application, an El Niño (or La Niña) episode is defined 
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when the JMAI is greater than or equal to 0.5°C (or less than or equal to -0.5°C) for six 

consecutive months, including October through December (Hanley et al., 2003). The 

episode then lasts from October through the following September. The episode for all 

other values of JMAI is termed Neutral. 

Materials and Methods 

Study Area and Data 

Five locations in southeastern USA, namely Miami, Bartow, and Live Oak , FL, 

and Plains and Blairsvi lle, GA, were selected taking into consideration the geographical 

representation (latitude) and the availability of daily historical weather data for more 

than 50 years that also included the weather variables: dewpoint temperature and 

windspeed (Figure 2-2). 

For locations in Florida, daily historical weather data spanning 56 years (1951 

through 2006) were obtained from the website of the Florida Climate Center 

(ftp://coaps.fsu.edu/pub/griffin/SECC/AgroClimate/raw/ascii/). For Georgia, the weather 

data for the same years were obtained from the Georgia Automated Environmental 

Monitoring Network (G. Hoogenboom, personal communication, 9 March 2009). 

Similarly, values of various climate indices for the same years were collected from their 

respective websites (Table 4-2). 

Basic Computations 

Using the historical weather data, daily values of ARID were computed and later 

converted to monthly average values. The computations were carried out monthly, 

because the monthly time scale is more appropriate for monitoring drought from a farm 

management viewpoint and the sensitivity of crop growth stages to water deficit than 



 

121 

are daily or weekly time steps (Panu and Sharma, 2002). Moreover, most of the climate 

indices used in the study recorded only monthly values.  

Of the five methods used to forecast ARID, namely ANFIS, ANN, LR, ARMA, and 

ENSO, only the first three methods used climate indices as regressors. Out of the six 

climate indices selected, only four were used in a set of predictor variables: AMO or 

NAO; JMA or Niño 3.4; PDO; and PNA. From NAO and AMO, generally the former was 

chosen. But in the cases where ARID was not significantly correlated with NAO, but was 

correlated with AMO, the latter was used. Similarly, from Niño 3.4 and JMA, the former 

was chosen. But JMA was used when Niño 3.4 was not significantly correlated. Such 

selections were carried out because AMO and NAO are similar, as are JMA and Niño 

3.4 (J. O’Brien, personal communication, 7 May 2009). Because the predictor variables 

might be correlated to each other, whereas the use of regression techniques requires 

them to be independent (Cordery and McCall, 2000), the principal component analysis 

(PCA) was carried out on the four predictor variables, and the first principal component 

(PC1) was used as the predictor of ARID. Before applying PCA, each input variable was 

normalized individually by dividing the difference of each of its observations from its 

mean by its standard deviation (Weigend et al., 1992) to avoid computational problems, 

meet algorithm requirements, and facilitate network learning (Zhang et al., 1998).  

To assess the predictability of ARID using different lead-times, ARID was forecast 

with 1-month to 3-month lead-times using the past values of PC1. Therefore, to forecast 

ARID for month t, denoted as ARIDt, three series of PC1 were created: PC1t-1, PC1t-2, 

and PC1t-3. Each of the three series was used individually as the predictor of ARIDt. 

Assuming that the degree of linkage between large-scale teleconnection patterns and 
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the weather in this region varies across months, the dataset of each predictor and 

predictand, namely ARIDt, PC1t-1, PC1t-2, and PC1t-3, were separated by months, thus 

creating 12 subsets, one for each month. These monthly datasets were then used in 

ANFIS, ANN, and LR models to forecast ARID with 1-, 2-, and 3-month lead-times. 

Finally, the performance of each of these models was evaluated using the technique as 

explained in the Specific Computations section below. 

Specific Computations 

Autoregressive moving average models 

For each location, 12 time series were created, one for each month, from the 

original time series of ARID that were constructed in the Basic Computations section 

above. For instance, the time series for January comprised the ARID values from 

January 1951 through December 2005. Similarly, the February time series started from 

February 1951 through January 2006 and so on. These monthly time series were 

created assuming that meteorological processes vary across months. 

To compute the root mean squared error of prediction (RMSEP) for each monthly 

model, a range of model-estimated values were needed. Probably the best approach is 

to use the leave-one-out technique of cross-validation. However, this technique would 

discontinue the time series. Therefore, from each monthly time series created above, 16 

sub-series were created by truncating the original time series by 1 to 15 years. For 

instance, the first time series of January ended in December 2005, the second in 

December 2004, and the sixteenth in December 1990. Similarly, 16 time series were 

created for each month, and 16 ARMA models were developed for each month, 

accordingly. The number 16 was chosen, that is, truncating was stopped after the 16th 
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truncation, considering 40 years as the minimum length of the time series required to 

reflect any long-term periodicity in the data.  

To observe the relationships between present and past values of ARID, 

autocorrelation functions (ACF) and partial autocorrelation functions (PACF) were 

calculated for each of the 16 time series for each month in each location. In each series, 

the values of ACF and PACF exhibited periodicities corresponding to the positive 

correlation between values separated by 12 months, indicating a need for seasonal 

differencing (Figure 4-4). Thus, each time series was seasonally differenced as: 

D s D 12
s t t t t t 12ARID (1 B ) ARID (1 B )ARID ARID ARID −∇ = − = − = −  (4-22) 

where D
s tARID∇  is the ARID series seasonally differenced by order D, which is 1. 

To study the behavior of the seasonally differenced ARID series, 1
12 tARID∇ , values 

for the ACFs and PACFs of the differenced series were calculated and analyzed in 

terms of finding any correlation among the ARID values (Figure 4-5). Because the 

values of ACF and PACF of the first-differenced series did not exhibit any periodicities, 

no further differencing was needed. Therefore, the value of D was set to 1. However, 

the characteristics of the ACF and PACF of the seasonally differenced series showed a 

strong peak at a lag, h, of 12 months in the autocorrelation function. Smaller peaks 

appeared at 24 and 36 h in the ACF, combined with peaks at 12, 24, 36, and 48 h in the 

PACF (Figure 4-5). The cutting off of ACF after lag h = 12 months, that is, a seasonal 

lag of 1 year, and the tailing off of the PACF of the seasonally differenced series 

indicated a seasonal moving average (MA) of order Q = 1. Therefore, the orders of P, D, 

and Q for the seasonal part were 0, 1, and 1, respectively. The same orders were found 

for each series, month, and location. 
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For the non-seasonal component, values of ACF and PACF of the seasonally 

differenced series within seasonal lags, h = 1, 2, …11, did not show any periodicities. 

Therefore, no non-seasonal differencing was needed (d = 0). Because the non-

seasonal behavior of ACF and PACF was the same in each series for each month and 

location, the order of d was also the same for all cases. For the order of p and q, 

inspection of the ACF and the PACF within seasonal lags suggested three possibilities 

in each series of each month and location (Figure 4-5): 

• The tailing off of ACF and the cutting off of PACF after lag h = 1 indicated a non-
seasonal AR of order p = 1. 

• The cutting off of ACF after lag h = 2 and the tailing off of PACF indicated a non-
seasonal MA of order q = 2.  

• The tailing off of both ACF and PACF suggested, at first, p = 1 and q = 1. 

These observations suggested three plausible SARIMA models for each month 

and location: ARIMA(1, 0, 0) x (0, 1, 1)12, ARIMA(0, 0, 2) x (0, 1, 1)12, and ARIMA(1, 0, 

1) x (0, 1, 1)12. From the three SARMIA models, ARIMA(1, 0, 0) x (0, 1, 1)12, the most 

appropriate model, was selected for each month and location based on the lowest 

values of the Akaike’s Information Criterion (AIC: Akaike, 1969) of the fitted models. The 

preferred SARIMA models and their fitted versions for various locations in the region are 

presented in Table 4-3. The diagnostic analysis of these models led to the conclusion 

that the models were adequate, that is, fit well to the data. 

Using the 16 SARIMA models, one for each time series, for each month, ARID 

was forecast with 1-, 2-, and 3-month lead times. Finally, to evaluate the performance of 

the SARIMA models, values of the cross-validated RMSEP and ME were computed for 

each month and each lead-time forecasting using these 16 forecasts and the 
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corresponding 16 original values of ARID. The same procedure was followed for each 

location. 

Linear regression models 

To generate the forecast of ARID m months ahead with a validation dataset using 

Equation 4-23, the training dataset comprised of the current values of ARID, denoted as 

ARIDt, and the past values of PC1, denoted as PC1t-m, were used in the regression to 

estimate the coefficients α and β for the validation dataset as:  

t t mARID PC1−= α + β  (4-23) 

where the subscripts t and m stand for the month and lead-time, respectively. The 

values of m ranged from 1 to 3 months. 

The performance of a LR model was evaluated applying the leave-one-out 

technique of cross-validation, for which each monthly dataset was divided into two 

parts: one for training and the other for validation. That is, of the total 56 input-output 

combinations, 55 combinations were used as the training set for parameter estimation 

and one combination as the validation set for output estimation. Leaving one 

combination out and adding one combination in, this procedure was repeated 56 times 

such that each of the 56 input-output combinations was used as the validation set. 

Finally, the values of RMSEP and ME were computed using the 56 model-estimated 

and 56 original values of ARID. The same procedure was followed for each month, 

location, and lead-time forecast. 

Artificial neural network models 

In this study, a 3-layer MLP (Figure 4-1) was used as it can provide a general 

framework for representing the nonlinear functional mapping of a set of input and output 
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variables (Kim and Valdes, 2003). In the MLP architecture, a single hidden layer was 

used because one hidden layer is sufficient to approximate any complex nonlinear 

function to any desired accuracy (Cybenko, 1989; Hornik et al., 1989; Zhang et al., 

1998; Maier and Dandy, 2000). The number of hidden nodes in the hidden layer was set 

to one because the networks whose hidden nodes are equal to the input nodes provide 

better forecasting results (De Groot and Wurtz, 1991; Chakraborty et al., 1992; Sharda 

and Patil, 1992; Tang and Fishwick, 1993; Zhang et al., 1998). For the hidden layer 

transfer function, a hyperbolic tangent function was used as it learns more quickly 

(Maier and Dandy, 1998), produces better forecasts (Klimasauskas, 1991) and is 

widely-used (Samarasinghe, 2007). For the output layer, a linear transfer function was 

used because it is appropriate for a forecasting problem that involves continuous target 

values (Rumelhart et al., 1995; Zhang et al., 1998; Sahoo, et al., 2005).  

For training the network, backpropagation was used because it is the most popular 

learning algorithm (Zhang et al., 1998; ASCE, 2000a; Mishra and Desai, 2006; Altun et 

al., 2009). Backpropagation uses the gradient descent approach, which is an efficient 

method to find the bottom of the error surface more quickly during training 

(Samarasinghe, 2007). Also, it provides effective solutions as it allows a comprehensive 

search in the weight space. The learning rate, which indicates how far in the direction of 

the steepest descent the weights must be shifted per epoch, was set to a small value of 

0.01, assuming that the input-output relationships were complex (Tang et al., 1991; 

Hagan et al., 1996; Principe et al., 1999; Mishra and Desai, 2006; Mishra et al., 2007; 

MathWorks, 2009). To improve the gradient descent method by allowing larger learning 

rates to result in faster convergence while minimizing the tendency to oscillate, an 
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additional parameter, the momentum, was used. The momentum indicates the relative 

importance of the past weight change on the new weight increment and forces the next 

weight change in the same direction as the previous one. In this study, the momentum 

was set to 0.9, assuming that the input-output data were complex (Tang et al., 1991; 

Mishra and Desai, 2006; Mishra et al., 2007; MathWorks, 2009). For training, the batch 

learning approach was used because it is the most preferred method and forces the 

search to move in the direction of the true gradient at each weight update (Maier and 

Dandy, 2000). It also avoids oscillations or instability (Samarasinghe, 2007). 

Before feeding the data into the artificial neural network, each monthly dataset of 

56 input-output combinations was divided into three subsets: 44 combinations for 

training, 11 combinations for testing, and 1 combination for validation (Granger, 1993). 

Leaving one combination out and adding one combination in, the validation set and the 

window of each training and testing dataset were moved a further 55 times to produce 

56 estimates. The testing set was used to avoid overfitting the data through early 

stopping, whereas the validation set was used to evaluate the model. The performance 

of an ANN model was evaluated applying the leave-one-out technique of cross-

validation as mentioned above. Finally, the values of RMSEP and ME were computed 

using the 56 model-estimated and 56 original values of ARID. The same procedure was 

followed for each month, location, and lead-time forecast. 

Adaptive neuro-fuzzy inference system models 

Of the three types of fuzzy inference system that are available for implementation, 

namely, Mamdani (Mamdani and Assilian, 1975), Sugeno (Takagi and Sugeno, 1985), 

and Tsukamoto (Tsukamoto, 1979), the Sugeno-type was used because it is 

computationally efficient, works well with linear and adaptive techniques, has a 
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guaranteed continuity of the output surface, and is well suited for modeling non-linear 

systems (Lee et al., 2007; MathWorks, 2009). Moreover, the Sugeno-type is specifically 

used in ANFIS to fit parameters (Jang, 1993). Of the various orders of the Sugeno-type, 

the first order was used because higher orders often add an unwanted level of 

complexity (Lee et al., 2007). For the input MF, the generalized bell function was used 

because it is smooth and nonzero at all points (Marja and Esa, 1997; Lee et al., 2007; 

MathWorks, 2009). For the output MF, a linear function was used. Of the several 

methods used for partitioning the input space into a number of fuzzy regions, grid 

partitioning was used because it generates a single-output fuzzy inference system and 

usually gives more precise modeling (Altun et al., 2009). For training ANFIS, the 

combination of LSE and backpropagation methods, called the hybrid optimization 

method, was used (Figure 4-3) because it speeds up the learning process substantially 

(Jang, 1993; Lee et al., 1997). 

As for ANN, each monthly dataset was divided into three subsets – a training set 

(44/56), a testing set (11/56), and a validation set (1/56) – before feeding the data into 

the system. Similarly, 56 model estimations were made for each month in each location 

and each lead-time forecast. Accordingly, the values of RMSEP and ME were computed 

using the 56 model-estimated and 56 original values of ARID to evaluate the 

performance of an ANFIS model. 

El Niño-Southern Oscillation approach 

For the ENSO-based forecasting of ARID, the historical monthly time series of 

ARID was separated into three ENSO categories as characterized by the modified JMA 

index (D. Zierden, personal communication, 7 May 2009). In this study, a modified 

version of the JMA index was used because it gives more significant results than the 
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original index (P. G. F. Gerard-Marchant, personal communication, 7 May 2009). In the 

modified version, the El Niño (or La Niña) episode stops as soon as the temperature 

conditions are no longer met (D. Zierden, personal communication, 7 May 2009). In 

each ENSO category, the ARID values were further separated into 12 months and then 

averaged individually. The monthly average value of ARID in a particular month and 

ENSO phase was considered as the forecast for that month during that ENSO phase. 

For instance, the average value of ARID in the month of January during an El Niño 

phase was considered as the forecast value of ARID for this month during this ENSO 

phase. 

Comparison 

The predicting abilities of ANFIS, ANN, ARMA, ENSO, and LR models were 

evaluated in terms of the modeling efficiency (Nash and Sutcliffe, 1970). The ME, which 

assesses the predictive power of a model, is defined as:  
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where ARID, ARID


, and ARID  are the observed, estimated, and mean observed 

values of ARID, respectively, and n is the total number of observations. 

An ME denotes the average distance between the observed and estimated values 

relative to the average distance between the observed and the mean observed values. 

A greater ME value indicates that the estimated values are closer to the observed 

values relative to the mean observed values; that is, the average relative distance is 

shorter. Values of ME can range from -∞ to 1. Whereas a negative value indicates that 



 

130 

the observed mean is a better predictor than the model, a positive value signifies that 

using model estimations is better than using the observed mean. An ME of 0 indicates 

that the model estimations are as accurate as the mean of the observed data, whereas 

an ME of 1 corresponds to a perfect match of the modeled values to the observed data. 

In fact, the closer the ME is to 1, the more accurate is the model. To evaluate the 

performance of the various models used in this study, ME was chosen because it is 

very commonly used in describing the predictive accuracy of models that simulate 

hydro-meteorological systems (Moriasi et al., 2007) and also because it is 

recommended by several researchers, including Sevat and Dezetter (1991), ASCE 

(1993), Legates and McCabe (1999), and Moriasi et al. (2007), for validating hydrologic 

and hydroclimatic models. 

To assess the predictability of ARID for different lead-times, the forecasts of ARID 

with one-, two-, and three-month lead times were compared using RMSEP. These 

comparisons were carried out for each model, month, and location. 

Probabilistic Forecasting of ARID 

Basically, forecasting approaches are of two types: deterministic and probabilistic. 

A deterministic approach specifies a point estimate of the variable that is forecast, 

whereas a probabilistic approach specifies a probability distribution function of forecast 

variable. A deterministic forecast may create the illusion of certainty in a user’s mind, 

which can easily lead the user to suboptimal action, whereas a probabilistic forecast is 

scientifically more honest as it allows the forecaster to admit the uncertainty and to 

express the degree of certitude, enables risk-based warning with explicitly-stated 

detection probabilities, apprises the user of the uncertainty and provide information 

necessary for making rational decisions, and offers potential for additional economic 
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benefits of forecasts (Krzysztofowicz, 2001). As long as the forecast is not given a 0% 

or 100% chance of occurring, a probabilistic forecast can never be wrong (Mason, 

2002). Although deterministic forecasts are more useful for users, they are more difficult 

for forecasters to produce. Therefore, most forecasts are probabilistic. 

Probabilistic forecasting needs the probability distribution function of the variable 

that is forecast. The distribution of prediction error, computed as observed minus 

predicted ARID, can be used to make the probabilistic forecasts of ARID. Using values 

of a forecast (F), a prediction error threshold ( ε ), P(ARID < F+ ε ), and P(ARID < F- ε ), 

P(F- ε < ARID < F+ ε ) can be computed as P(ARID < F+ ε ) minus P(ARID < F- ε ). The 

term P(…) means the probability of (…). 

Based on the values of ME as computed in the preceding section, three best 

performing models were selected for the probabilistic forecasting purpose. From the 

distribution of the 56 (or 16 in the case of SARIMA) values of prediction error, a 

cumulative probability distribution function was created, from which P(-0.1 < ε  < 0.1) 

was computed by subtracting P( ε  < -0.1) from P( ε  < 0.1). Such computations were 

made for each location, month, and model, thus producing a table of the probability of 

prediction error values which can be used to make the probabilistic forecasting of ARID. 

The prediction error threshold 0.1 was chosen to indicate a small error. In place of 0.1, 

any value could be used for indicating a small error. If, for instance, 0.05 were used, the 

width of the forecast would be narrower. If 0.15 were used, the forecast would have a 

wider range. The idea of using the error threshold was not to show the forecasts in 

absolute terms, but to demonstrate a way for making the probabilistic forecasts of ARID 

using the climate indices and forecasting models discussed in the Introduction section.        
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Results and Discussion 

Comparing Models with ENSO 

The modeling efficiency of each of the four models, namely ANFIS, ANN, LR, and 

SARIMA, varied depending on the month and location (Figure 4-6). The variation in 

efficiencies of the models gave an indication that for a specific month at a specific 

location, one specific model may be more appropriate than the others. In general, the 

efficiencies of the climate index (CI)-based models (namely, ANFIS, ANN, and LR) and 

the ENSO approach were large during the winter and small during the summer in most 

of the locations. Furthermore, these models indicated an acceptable level of 

performance during the winter as their ME values were generally positive. During the 

summer, they indicated an unacceptable level of performance as their ME values were 

mostly negative. This seasonal difference was possibly due to the stronger signals of 

ENOS and large-scale teleconnections during winter than in the summer. The time 

series-based model, SARIMA, however, did not show this pattern. Its efficiency largely 

depended on the periodicity of the time series data. For instance, SARIMA would be 

highly efficient for a month that received a large amount of precipitation in each year of 

the time series. 

Generally, the efficiency of each model, including the ENSO approach, was larger 

in southern locations, such as Miami, Bartow, and Live Oak than in the northern ones, 

such as Plains and Blairsville (Figure 4-6). The modeling efficiencies decreased in the 

direction of south to north. Miami, south Florida, had the largest efficiencies, whereas 

Blairsville, north Georgia, showed the lowest efficiencies. This differential efficiency 

probably arose because of stronger ENSO and teleconnection signals and larger 

precipitation periodicities in the south than in the north.   
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In terms of modeling efficiency, ANN generally ranked number 1 (the largest 

efficiency) for southern locations such as Miami, Bartow, and Live Oak (Table 4-4). For 

northern locations, SARIMA ranked number 1 for Plains and ENSO ranked number 1 for 

Blairsville. Of the five approaches compared, the performances of LR and ANFIS were 

generally poor for all locations. The poor efficiency of LR was likely the result of its 

being a linear model, such that it could not represent the nonlinearity that possibly exists 

between ARID and climate indices. For ANFIS, even though it is supposed to account 

for nonlinearity in a system, it performed poorly. This was most probably due to limited 

data. The total number of parameters associated with an ANFIS model was 15, 

whereas the number of samples in the training data set was only 44. Because the 

training data points were fewer than four times the number of model parameters (a 

threshold value (Marce et al., 2004)), the small training dataset probably caused 

overfitting so that the generality was lost. Because of limited data, ANFIS probably 

could not generate proper fuzzy rules and derive all the complex information of the 

system properly. The use of ANN, on the other hand, does not necessarily require a 

large sample size (Zhang et al., 1998). The ANN models perform well even with a 

sample size of less than 50 (Kang, 1991). Being a universal approximator due to its 

ability to approximate any nonlinear relationship between inputs and outputs to any 

degree of accuracy (Hornik et al., 1989; Smith, 1996; Zhang et al., 1998; 

Samarasinghe, 2007), ANN performed better than the other CI-based models, namely 

ANFIS and LR. The better performance of ANN for southern locations than for northern 

locations indicated that the relationships between climate indices and ARID are stronger 

in the southern locations. Probably because of weak teleconnections between the 
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precipitation pattern in northern locations and the climate indices, ANN performed 

poorly for Plains and Blairsvi lle. Generally, both ENSO- and teleconnection-based 

methods performed poorly for the northern part of the region. The performance of 

teleconnection-based methods was even poorer than that of the ENSO approach, 

indicating that the signals of large-scale teleconnection are even weaker than those of 

the ENSO in northern locations. Also in southern locations, the ENSO approach 

performed better than the other models for some months: February and April for Miami; 

January, April, and October for Bartow; and July through October for Live Oak. These 

results indicated that the ENSO signal is stronger in these months and locations than 

are the teleconnections represented by the climate indices. For the other months, 

signals represented by the climate indices seemed stronger than that of the ENSO.  The 

efficiency of SARIMA models also varied depending upon month and location. 

Generally, the performance of SARIMA was smaller than those of ANN and ENSO for 

most of the months in southern locations. The poor performance probably resulted 

because a SARIMA model assumes that time series are generated from linear 

processes, whereas the drought time series are often nonlinear and seasonal (Granger 

and Terasvirta, 1993; Zhang et al., 1998). Generally, SARIMA performs better when 

periodicity exists in the data, as it effectively takes into account the serial correlation 

among observations (Mishra et al., 2007). Probably because of the lack of seasonality 

in the data in these months, the SARIMA models performed poorly. In the northern 

region, however, especially at Plains, SARIMA performed better than the other models. 

Even in southern locations, the performance was better than those of the other 

approaches for some months, namely, January, August, September, and December for 
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Miami; June and November for Bartow; and April and June for Live Oak. The better 

performance in these months was probably due to the existence of seasonality and 

nonstationarity in the time series data. For instance, December and January of Miami 

are dry months as they usually receive less precipitation, whereas August and 

September are wet months, the period of hurricanes. Therefore, the SARIMA models 

performed better when periodicity existed in the time series. 

The results indicated that ARID may be forecast more accurately for several 

months in most locations using one or more models than using the current ENSO 

approach (Table 4-5). For instance, whereas the forecasting of ARID could be improved 

for January in Miami using the time series-based SARIMA models, the index could be 

better forecast for March and May through December using the CI-based ANN models. 

Similarly, forecasting for December in Miami could be improved with any of the following 

models: ANFIS, ANN, LR, or SARIMA. Forecasting of ARID could not be improved with 

the CI-based models for the other months, probably because of the weaker signals of 

the large-scale teleconnections than that of the ENSO. Similarly, the SARIMA models 

could not generate more accurate forecasts than that of ENSO due to the lack of strong 

periodicity in the time series data in these months. 

Comparing Models in terms of Lead-Time Forecasting 

The error of prediction (RMSEP) associated with 1-, 2-, and 3-month ahead 

forecasting for each month and location varied depending on the models used. For the 

CI-based models, namely ANFIS, ANN, and LR, the occurrence of RMSEPt+1 < 

RMSEPt+2 < RMSEPt+3 was less than 25% (Figure 4-7). The terms RMSEPt+1, 

RMSEPt+2, and RMSEPt+3 denote the RMSEP associated with 1-, 2-, and 3-month 

ahead forecasting, respectively. The percentage of occurrence shows the number of 
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times RMSEPt+1 < RMSEPt+2 < RMSEPt+3 occurred out of the total 60 cases (5 locations 

x 12 months). For SARIMA, the occurrence of RMSEPt+1 < RMSEPt+2 < RMSEPt+3 was 

50% (i.e., 30 out of 60). 

Although RMSEPt+1 < RMSEPt+2 < RMSEPt+3 did not occur for 100% of the cases 

with each model, the results gave an indication that short-term forecasting (for one 

month in advance, for instance) can generally make more accurate estimations than 

can long-term forecasting (for two or three months in advance, for instance). The 

SARIMA models produced less accurate forecasts than the CI-based models for the 

months that were more distant because of weaker auto-correlations in the time series 

data with increasing lag times. The occurrence of RMSEPt+1 < RMSEPt+2 < RMSEPt+3 

for fewer cases with the CI-based models than with the SARIMA models gave an 

impression that, although ARID is slightly more correlated with climate indices with 

shorter lags, the correlations between ARID and the climate indices with longer lags are 

also possible. 

Probabilistic Forecasts of ARID 

The distribution of error in terms of box and whisker plots for each of the 12 

months, 5 locations, and the three methods, namely ANN, ENSO, and SARIMA, whose 

performances were better than those of the others as shown by the ME values 

presented in the Comparing Models with the ENSO section above, are presented in 

Figure 4-8. In line with the modeling efficiency results, the performance of each of the 

methods in terms of small errors varied depending on months and locations. For 

instance, the interquartile range of errors for Miami in January was smallest with the 

ENSO approach, whereas that for Miami in March was smallest with ANN. Similarly, 

ANN produced the smallest errors for Miami in June and July, whereas SARIMA 
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produced the smallest errors in August and September. Why different methods behaved 

differently in different months or locations has already been discussed in the Comparing 

Models with the ENSO section above. 

The probability of prediction error falling inside -0.1 and 0.1, denoted as P(-0.1 < ε  

< 0.1), computed for each location, month, and method is presented in Table 4-6. Using 

this table, the probabilistic forecasting of ARID could be carried out for a given each 

location, month, and method. For instance, P(-0.1 < ε  < 0.1) for Miami in January as 

estimated by the ENSO approach was 0.39 (Table 4-6). If the forecast (F) made this 

approach for Miami in January were 0.26, P(F-0.1 < ARID < F+0.1), that is, P(0.16 < 

ARID < 0.36) for this month and location would be 0.39. That is, there was 39% chance 

that the forecast of ARID would fall inside 0.26±0.1. Similarly, if the forecast made by an 

ANN model for Bartow in July were 0.27, P(F-0.1 < ARID < F+0.1), that is, P(0.17 < 

ARID < 0.37) for this month and location would be 0.82 (Table 4-6).  

The large probability values in Table 4-6 may be due to extremely wet conditions, 

extremely dry conditions, or good teleconnections between the large-scale oceno-

atmospheric signals (climate indices) and ARID in this region. Under extremely wet 

conditions, almost all values of ARID are 0, such as those in January, February, and 

December in Plains and Blairsvi lle (Figure 4-9d and 4-9e). Under extremely dry 

conditions, values of ARID concentrate at 1. So, the width of prediction error is almost 

zero, and P(-0.1 < ε  < 0.1) is high in both severely wet and dry conditions. When the 

distribution of ARID is not close to 0 or 1, such as those in July, August, and September 

in Miami (Figure 4-9a); July and August in Bartow (Figure 4-9b); and February in Live 

Oak (Figure 4-9c), the large value of P(-0.1 < ε  < 0.1) indicates a strong teleconnection 
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between climate indices and ARID and the good performance of the forecasting model 

such as ANN. 

Figure 4-9 also illustrates 75% probability that the mean value of ARID as forecast 

by an ANN model would fall inside a certain range. For January in Miami, for instance, 

there was 75% chance that the forecast of ARID would fall inside 0.30 and 0.63 (Figure 

4-9). The 75% probability was computed as the difference between the 87.5th percentile 

and the 12.5th percentile (Figure 4-9).  

Conclusions 

The performance of the ANFIS, ANN, ENSO, LR, and SARIMA models varied 

depending upon month and location. Generally, the CI-based models and the ENSO 

approach performed better during the winter than the summer due to stronger signals of 

the ENSO and large-scale teleconnections in the winter than in the summer. The 

efficiency of SARIMA models depended largely on the periodicity of precipitation in the 

time series data. In general, the efficiency of each model was larger in southern 

locations than in northern locations due to stronger ENSO and teleconnection signals 

and more distinct precipitation periodicities in the south than in the north. Whereas ANN 

generally outperformed the other models for the southern region, the ENSO approach 

performed better than the other models for the north. In general, LR and ANFIS 

performed poorly as the former could not represent the nonlinearity between ARID and 

the climate indices, and the latter lost generality mainly because of limited data. The 

relatively better performance of ANN was due to its ability to approximate the nonlinear 

relationship between the climate indices and ARID. The CI-based models performed 

worse than the ENSO approach for northern locations because of the weaker signals of 

the teleconnections relative to those of the ENSO in this region.  
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The results gave an indication that the current level of forecasting, which is 

essentially ENSO-based, may be improved for several months in most locations in the 

southeast USA using one or more of the CI-based and SARIMA models. The results 

further indicated that the climate indices used in this study have good potential for use 

in forecasting drought for both winter and summer months, especially in the southern 

part of the region. 
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Table 4-1.  Definitions of various abbreviations that have been mentioned frequently in 
Chapter 4 

Abbreviation Definition 
ACF Auto-correlation Function 
AMO Atlantic Multi-decadal Oscillation 
ANFIS Adaptive Neuro-Fuzzy Inference System 
ANN Artificial Neural Network 
AR Autoregression, Autoregressive 
ARID Agricultural Reference Index for Drought 
ARIMA Autoregressive Integrated Moving Average 
ARMA Autoregressive Moving Average 
ENSO El Niño-Southern Oscillation 
FIS Fuzzy Inference System 
JMA Japanese Meteorological Agency 
LR Linear Regression 
LSE Least Squares Estimate 
MA Moving Average 
ME Modeling Efficiency 
MF Membership Function 
MLP Multi-Layer Perceptron 
NAO North Atlantic Oscillation 
PACF Partial Auto-correlation Function 
PC1 First Principal Component 
PDO Pacific Decadal Oscillation 
PNA Pacific North American pattern  
RMSE Root Mean Squared Error 
SARIMA Seasonal Autoregressive Integrated Moving Average 
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Table 4-2.  Various URL sources from where the data of the various climate indices were obtained 
Climate index Website Source 
AMO http://www.esrl.noaa.gov/psd/data/correlation/amon.us.data Earth System Research 

Laboratory, NOAA 
JMA ftp://www.coaps.fsu.edu/pub/JMA_SST_Index/jmasst1949-today.filter-5 COAPS, Florida State 

University 
NAO ftp://ftp.cpc.ncep.noaa.gov/wd52dg/data/indices/tele_index.nh Climate Prediction Center, 

NOAA 
Niño 3.4 http://www.cpc.ncep.noaa.gov/data/indices/sstoi.indices Climate Prediction Center, 

NOAA 
PDO http://jisao.washington.edu/pdo/PDO.latest JISAO, University of 

Washington 
PNA ftp://ftp.cpc.ncep.noaa.gov/wd52dg/data/indices/tele_index.nh Climate Prediction Center, 

NOAA 
 
Table 4-3.  The preferred SARIMA models and their fitted versions for various locations in the southeast USA 
Location SARIMA Model Equivalent Fitted Model 
Miami ARIMA (1, 0, 0) x (0, 1, 1)12 ARIDt = 0.31ARIDt-1 + ARIDt-12 – 0.31ARIDt-13 + tε  – 1.00 12−tε  
Bartow ARIMA (1, 0, 0) x (0, 1, 1)12 ARIDt = 0.30ARIDt-1 + ARIDt-12 – 0.30ARIDt-13 + tε  – 1.00 12−tε  
Live Oak  ARIMA (1, 0, 0) x (0, 1, 1)12 ARIDt = 0.20ARIDt-1 + ARIDt-12 – 0.20ARIDt-13 + tε  – 0.99 12−tε  
Plains ARIMA (1, 0, 0) x (0, 1, 1)12 ARIDt = 0.19ARIDt-1 + ARIDt-12 – 0.19ARIDt-13 + tε  – 1.00 12−tε  
Blairsville ARIMA (1, 0, 0) x (0, 1, 1)12 ARIDt = 0.18ARIDt-1 + ARIDt-12 – 0.18ARIDt-13 + tε  – 0.95 12−tε  
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Table 4-4.  The ranks of various models for different months and locations based on modeling efficiency. Whereas rank 1 
indicates the largest efficiency, rank 5 indicates the smallest efficiency. 

Month Miami Bartow Live Oak Plains Blairsville 
 Ea A N L S E A N L S E A N L S E A N L S E A N L S 
Jan 2 4 3 5 1 1 4 3 2 5 2 4 1 3 5 2 3 4 5 1 1 3 5 4 2 
Feb 1 4 3 5 2 2 4 1 3 5 5 2 1 3 4 2 5 3 4 1 1 5 4 2 3 
Mar 4 2 3 1 5 2 5 1 3 4 4 2 3 1 5 1 3 2 4 5 1 2 3 4 5 
Apr 1 3 2 4 5 1 3 4 5 2 3 5 2 4 1 2 5 3 4 1 1 5 2 4 3 
May 4 1 2 3 5 2 3 1 4 5 2 4 1 3 5 1 5 3 4 2 1 5 3 4 2 
Jun 3 5 1 2 4 3 5 2 4 1 2 5 3 4 1 1 5 3 4 2 1 5 3 4 2 
Jul 2 4 1 3 5 2 4 1 3 5 1 3 4 5 2 2 5 3 4 1 1 5 2 4 3 
Aug 2 5 3 4 1 2 4 1 3 5 1 5 3 4 2 1 4 2 5 3 1 5 3 4 2 
Sep 4 2 3 5 1 2 4 1 3 5 1 5 3 4 2 2 4 3 5 1 1 5 3 4 2 
Oct 2 5 1 4 3 1 4 2 3 5 1 4 2 3 5 4 2 5 3 1 1 3 2 4 5 
Nov 2 3 1 4 5 3 4 2 5 1 4 3 1 2 5 4 5 2 3 1 2 4 3 5 1 
Dec 5 3 2 4 1 3 4 1 5 2 5 4 1 3 2 3 4 1 2 5 1 3 4 5 2 
Overall 2 4 1 5 3 2 5 1 3 4 2 5 1 4 3 2 5 3 4 1 1 5 3 4 2 
a E = ENSO, A = ANFIS, N = ANN, L = LR, S = SARIMA 
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Table 4-5.  Months and locations for which ARID was forecast better using the given one or more models than using the 
ENSO approach. 

Month Miami Bartow Live Oak Plains Blairsville 
Jan SARIMA - ANN SARIMA - 
Feb - ANN ANN SARIMA - 
Mar ANFIS / ANN / LR ANN ANFIS / ANN / LR - - 
Apr - - ANN / SARIMA SARIMA - 
May ANFIS / ANN / LR ANN ANN - - 
Jun ANN ANN / SARIMA SARIMA - - 
Jul ANN ANN - SARIMA - 
Aug ANN / SARIMA ANN - - - 
Sep ANN / SARIMA ANN - SARIMA - 
Oct ANN - - ANFIS / LR/ SARIMA - 
Nov ANN ANN / SARIMA ANFIS / ANN / LR ANN / LR / SARIMA SARIMA 
Dec ANFIS / ANN / LR / SARIMA ANN / SARIMA ANFIS / ANN / LR / SARIMA ANN / LR - 
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Table 4-6.  Values of the probability of prediction error falling inside -0.1 and 0.1 as estimated by ANN, ENSO, and 
SARIMA models for various months and locations in the southeast USA 

 Miami Bartow Live Oak Plains Blairsville 
Month Ea A S E A S E A S E A S E A S 
Jan 0.39 0.29 0.16 0.23 0.14 0.36 0.44 0.48 0.56 0.94 0.91 0.96 0.99 0.98 0.96 
Feb 0.32 0.34 0.36 0.30 0.30 0.16 0.45 0.64 0.44 0.89 0.88 0.92 0.99 0.98 0.96 
Mar 0.32 0.38 0.36 0.34 0.27 0.20 0.39 0.43 0.24 0.53 0.55 0.52 0.94 0.91 0.84 
Apr 0.49 0.48 0.60 0.33 0.36 0.28 0.31 0.34 0.32 0.37 0.29 0.40 0.56 0.54 0.52 
May 0.45 0.46 0.28 0.35 0.39 0.40 0.35 0.38 0.44 0.37 0.36 0.32 0.49 0.45 0.40 
Jun 0.52 0.50 0.32 0.42 0.50 0.36 0.46 0.41 0.40 0.39 0.38 0.28 0.46 0.41 0.40 
Jul 0.67 0.75 0.60 0.72 0.82 0.60 0.53 0.54 0.64 0.51 0.38 0.52 0.38 0.34 0.28 
Aug 0.59 0.63 0.68 0.67 0.64 0.56 0.49 0.52 0.52 0.42 0.43 0.40 0.44 0.45 0.36 
Sep 0.80 0.77 0.84 0.46 0.46 0.32 0.46 0.36 0.40 0.34 0.36 0.20 0.35 0.27 0.32 
Oct 0.38 0.36 0.28 0.34 0.32 0.12 0.33 0.29 0.32 0.30 0.30 0.32 0.18 0.38 0.28 
Nov 0.22 0.23 0.16 0.24 0.30 0.24 0.24 0.27 0.20 0.28 0.38 0.32 0.51 0.68 0.76 
Dec 0.32 0.32 0.28 0.23 0.23 0.32 0.20 0.20 0.04 0.73 0.73 0.84 0.97 0.98 0.96 

a E = ENSO, A = ANN, S = SARIMA
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Figure 4-1.  The architecture of a Multi-layer Perceptron (MLP) with one input layer, one 

hidden layer, and one output layer; each with one neuron 
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Figure 4-2.  A first-order Sugeno-type Fuzzy Inference System with one input variable, 

PC1 
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Figure 4-3.  The architecture of an Adaptive Neuro-fuzzy Inference System (ANFIS) with 

one input variable, PC1 

 

 
 
Figure 4-4.  The autocorrelation function (ACF) and the partial autocorrelation function 

(PACF) of ARID for Miami in January 

 

 
 
Figure 4-5.  The autocorrelation function (ACF) and the partial autocorrelation function 

(PACF) of the differenced ARID for Miami in January 
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Figure 4-6.  Values of modeling efficiency (ME) of various models associated with 1-month ahead forecasting across 

months for: a) Miami, b) Bartow, c) Live Oak, d) Plains, and e) Blairsville. Note: J = January, …, D = December.
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Figure 4-7.  The percentage of occurrence of RMSEPt+1 < RMSEPt+2 < RMSEPt+3 for 

different forecasting models, where RMSEPt+1, RMSEPt+2, and RMSEPt+3 
denote the RMSEP values associated with 1-, 2-, and 3-month ahead 
forecasting, respectively. There were 60 cases in total (5 locations x 12 
months), so 50% means 30 cases.
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Figure 4-8.  Box and whisker plots of errors, computed as the difference between observed and estimated ARID by ANN, 

ENSO, and SARIMA models, for various months and locations. E = ENSO, N = ANN, and S = SARIMA. 
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Figure 4-9.  Distributions of ARID with mean and the 12.5th and 87.5th percentile values as estimated by ANN models 

across months for: a) Miami, b) Bartow, c) Live Oak, d) Plains, and e) Blairsville. Also shown are values of P(-
0.1 < prediction error < 0.1). Note: J = January, F = February, …, D = December.
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CHAPTER 5 
ESTIMATING CROP YIELDS WITH AGRICULTURAL REFERENCE INDEX FOR 

DROUGHT  

Introduction 

One of the intended, and probably the most important, uses of an agricultural 

drought index is to estimate yield loss from drought (Sakamoto, 1978; Kumar and Panu, 

1997; Quiring and Papakryiakou, 2003). The purpose of this study was to test the ability 

of ARID to estimate yield loss from drought for some of the major crops grown under 

rainfed conditions, such as cotton, maize, peanut, and soybean, through exploring 

associations between ARID and crop yields. Specifically, this study was carried out to 

seek answers to the following questions. How to estimate crop yields or the yield losses 

caused by drought using ARID? Can ARID, a generic index, make accurate estimations 

of yields or yield losses from drought for specific crops?   

Materials and Methods 

Deriving ARID-Yield Relationship 

Briggs and Shantz (1913a) found a close relationship between crop transpiration 

and crop dry matter production, which they quantified using the transpiration ratio, 

defined as the ratio of transpiration to dry matter yield. This work was probably the most 

widely recognized investigation of water use by crop plants at the time (Shantz and 

Piemeisel, 1927; Jensen, 1968). The relationship used to model crop yield vs. ARID is 

based on this relationship, which is: 

DMY
TRTRR =  (5-1) 

where TRR is the transpiration ratio (mm kg-1), TR the transpiration (mm), and YDM the 

crop drymatter produced (kg dry matter or simply kg dm). 
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The Briggs and Shantz equation can be rearranged with TRR-1 replaced by α to 

result in the following relation between dry matter yield and transpiration: 

TRκYDM =  (5-2a) 

where κ is a proportionality constant (kg dm mm-1), a parameter that depends on crop 

species and growing conditions. 

Because κ is the reciprocal of transpiration ratio, it can be regarded as water use 

efficiency (Viets, 1962), which is the amount of dry matter produced per unit of water 

transpired. The dry matter water use efficiency, κ, depends on climatic factors that are 

associated with evaporative demand and is controlled to a large extent by atmospheric 

relative humidity (Arkley, 1963). 

The ratio of economic yield, such as grain yield, to total dry matter yield is called 

harvest index. Multiplying both sides of Equation 5-2a by harvest index produces: 

TRχκYχ DM =  (5-2b) 

where χ is the harvest index (kg economic yield per kg dm yield). 
 

Defining the product of harvest index and total dry matter yield as economic yield 

(or, simply, yield) and defining the product of χ and κ as ψ, yield can be estimated as: 

TRψY =  (5-3a) 

where Y is economic yield (kg); and ψ is the water use efficiency for economic yield (kg 

Y mm-1), also known as net water use efficiency (Jensen et al., 1990). 

Equation 5-3a also shows the relationship between potential yield – the yield when 

soil moisture does not limit growth – and potential transpiration, the transpiration that 

occurs when soil water is not limiting: 

pTRψP =  (5-3b) 
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where P is potential yield (kg), and TRp is potential transpiration (mm). 

Because ψ is assumed to be constant for a given crop (Hanks, 1974), the 

following general relationship between relative yield and relative transpiration can be 

obtained for a given crop and year by dividing Equation 5-3a by Equation 5-3b. 

pTR
TR

P
Y

=  (5-4) 

where Y/P is the relative yield of a crop, and TR/TRp is the relative transpiration 

occurred during the crop season. Equation 5-4 does not contain ψ as it cancels out.  

Equation 5-4 is applicable only if the quantities on both sides of the equality sign 

belong to the same set of conditions such as of weather, soil, genotype, and 

management. For instance, the relative yield of a crop growing in a fertile soil is directly 

proportional to the relative transpiration of the crop growing in the same soil, other 

variables other than water remaining constant.  

Because plant physiological processes are different during different crop 

phenological stages, a differential yield response to water deficiency occurs during each 

stage of the growing season (Jensen, 1968; Hiler and Clark, 1971; Hiler et al., 1974; 

Doorenbos and Kassam, 1979). A yield model that takes into account a series of stages 

within the growing season can reflect the effect of water deficit on yield better than the 

one that considers the whole season as a single stage (Jensen, 1968; Doorenbos and 

Kassam, 1979). Because crop yield depends on many factors besides drought, relative 

yield may be more reliably estimated than absolute yield based on a series of stage-

specific relative transpiration ratios during the season. Generally, the effect of water 

deficit on crop yield at different growth stages can be expressed using either geometric 

or arithmetic principles (Tsakiris, 1982). The geometric method combines effects of 



 

154 

deficiencies occurring during different stages in a multiplicative form; the arithmetic 

method combines effects in an additive form. Recognizing that crop yield may not be 

linearly related to total water use when plants are stressed, Jensen (1968) chose the 

geometric method to reflect the possible drastic reduction of crop yield if a severe water 

deficit occurs during a particularly sensitive crop stage. He applied this approach for 

determinate, flowering crops, such as grain crops, which have several distinct growth 

stages with differing drought sensitivities. Applying the geometric approach, Equation 5-

4 can be extended to the following relation to compute the relative yield for determinate 

crops: 

mλ

m

M

m pTR
TR

P
Y

∏
=











=

1

 (5-5) 

In Equation 5-5, the symbol Π indicates a product, ‘m’ is a crop stage, ‘ M’ is the 

number of stages considered in the crop growing season, and λm is the relative 

sensitivity of the crop to water deficit during the m-th stage of growth. Using Equation 5-

5, yield of a determinate crop may be estimated if potential yield and ratios of actual to 

potential transpiration and sensitivity coefficients for the different crop growth stages are 

known.  

As explained in Chapter 1, ARID is calculated as a function of TR to ETo ratio. In 

ARID, the ETo is assumed to be approximately equal to TRp for the reference grass 

which is dense and actively growing (Ritchie and Burnett, 1971). 

pO TR
TR

ET
TR

ARID −=−= 11  (5-6) 
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Combining and rearranging Equations 5-5 and 5-6 results in the following general 

equation for estimating yield for a determinate crop based on the stage-specific average 

values of ARID: 

∏
=

λ−=
M

m
m

m)ARID(PY
1

1  (5-7) 

Equation 5-7 may be used to estimate yields from ARID if values of the 

parameters, namely potential yield (P) and stage-specific sensitivity coefficients (λm), 

are avai lable. This equation, after linear transformation, may also be used for estimating 

P and λm using regression methods.  

Sometimes, however, P may be estimated from observed values of non-water 

limited yield rather than having to estimate it as a parameter. In such cases, P can be 

used to compute relative yield (R) as a ratio of Y to P. Relative yield is defined as the 

yield that is produced under water-stress condition relative to the one that could be 

produced under non-water-stress condition, the other inputs remaining the same. For 

instance, the relative yield of 0.7 means if a crop yields 1.0 Mg ha-1 under irrigated 

conditions, it would yield 0.7 Mg ha-1 under rainfed conditions. The fraction of yield loss 

due to water deficit during the crop season is then computed by (1-R). To estimate 

relative yield (R), Equation 5-7 can be modified to: 

∏
=

λ−=
M

m
m

m)ARID(R
1

1  (5-8) 

Data 

For exploring associations between ARID and crop yields, four major crops grown 

in the southeast USA were studied – maize, cotton, soybean, and peanut. Locations in 

this region were selected based on the availability of both rainfed and irrigated yield 
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data from previous studies. While rainfed yields were needed for testing ARID, irrigated 

yields were used, when available, to estimate potential yields for each crop and season, 

and these values were used to compute relative yields. The rainfed crop yield data used 

in this study were obtained from the University of Georgia’s Statewide Variety Testing 

(SWVT) program and from the database of the DSSAT crop growth model 

(Hoogenboom et al., 2004). For cotton, maize, and peanut, the SWVT website was the 

sole data source (www.swvt.uga.edu/index.html). The maize data were obtained for two 

locations in Georgia, whereas the cotton and peanut yields were from three locations 

each (Table 5-1). None of the studies had both irrigated and rainfed soybean yields for 

a given year in any location in the region. However, the locations with rainfed yields had 

irrigated yields but in different years. The soybean yield data for seven locations in 

Georgia were obtained from SWVT. The data for 1987 through 1996 were obtained 

through Mavromatis et al. (2001), whereas those for 1997 through 2008 were obtained 

from the SWVT website. The soybean data for one more location, Gainesville, FL, were 

obtained from the DSSAT database (Zur et al., 1982; Wilkerson et al., 1983; 

Hoogenboom et al., 2004; K. J. Boote, personal communication, 14 January 2009). 

Although the yield data were available, cultivars were not consistent across 

locations and years. That is, for each crop, there was no common cultivar grown in all 

locations and years, and management was also different across locations and years. 

The SWVT website, the principal data source, consisted of a sheet of data for each 

crop, location, and year, each containing a range of yield records obtained from several 

trials conducted for a number of cultivars available in a year 

(http://www.swvt.uga.edu/2009/cn09/AP101-Coastal.pdf). To minimize the variability 
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and maximize consistency in the data and to make sure that the data reflect standard 

management, except water, the varieties that were within 95% of the highest yield each 

year were used as the rainfed yield data. Like rainfed data, the irrigated crops also had 

a range of yields for several cultivars and management. The highest two irrigated yields 

were averaged to approximate the potential yield for a given crop, year, and location in 

order to reduce observation errors. The observed data for cotton, maize, and peanut 

each had combinations of rainfed and irrigated yields each year and location. 

Along with the rainfed yields, the planting and harvesting dates of each crop in 

each location and year were obtained and, from them, the duration of each crop 

growing season was computed. In general, each crop season had a duration of about 

five months across locations and years. To account for the differential responses of 

crops to water deficit in different periods of time during the growing seasons, each crop 

season was divided into five periods, each with 30 days. The first 30-day period was 

counted from the day of planting. The five months were used to approximate five 

growing stages, namely juvenile, vegetative development, flowering, grain-filling, and 

ripening. 

To compute ARID values, daily historical weather data for the corresponding 

locations and years were collected from two different sources: the Florida Climate 

Center (ftp://coaps.fsu.edu/pub/griffin/SECC/AgroClimate/raw/ascii/) for locations in 

Florida and the Georgia Automated Environmental Monitoring Network (G. 

Hoogenboom, personal communication, 9 March 2009) for locations in Georgia.  

Computations 

Using the historical daily weather data, values of ARIDj,k,t were computed for every 

location j, year k, and day t and later converted to (1-ARIDj,k,t) values. Definitions of 



 

158 

these and the other variables are presented in Table 5-2. Then, starting from the day of 

planting, daily values of (1-ARIDj,k,t) for each location and crop growing season were 

averaged to create five successive 30-day (monthly) mean values, one for each 

designated crop stage m (1-ARIDj,k,m). These values and the corresponding observed 

yields for crop i (Yi,j,k) were regressed using Equation 5-9, 5-10, 5-11, or 5-12, 

depending upon the case described below, to estimate the potential yield (Pi,j,k) and 

stage-specific sensitivity coefficient parameters (λ i,j,m). 

Equations 5-7 and 5-8 are based on Equation 5-4, which expresses the 

relationship between relative yield and relative transpiration. Two approaches were 

used to estimate potential yield (P) for the regression analyses:  

• Using Equation 5-7. In this case, potential yield (Pi,j) was assumed to be a 
parameter and estimated using the regression analysis. 

• Using Equation 5-8. In this case, potential yield (Pi,j) was not assumed to be a 
parameter. Using rainfed yields as actual yields (Yi,j,k) and irrigated yields as 
potential yields (Pi,j,k), relative yields (Ri,j,k) were computed as the ratio of actual to 
potential yields. Values of Ri,j,k were then used in the regression analysis. 

Considering physiological processes, values of sensitivity coefficients of a crop 

may be the same across locations. However, because of the absence of solid evidence 

to support this assumption, two more analyses were carried out:  

• Assuming that stage-specific sensitivities are local. That is, they vary across 
locations. In this case, λi, j,m were estimated. 

• Assuming that stage-specific sensitivities are global. That is, they do not vary 
across locations. In this case, λi,m were estimated. 

The four cases mentioned above were analyzed as explained in the following 

paragraphs. Because basic plant physiological processes are expected to be 

independent of year, the stage-specific sensitivities to water deficit were assumed to be 

the same across years in all cases. They were assumed to depend only on the crop, 
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location, and phenological stage in case one and three and only on crop and 

phenological stage in cases two and four.  

Case one  

In this case, Pi,j was assumed to be a parameter, and sensitivity coefficients (λi, j,m) 

were assumed to vary from location to location (Table 5-3). The parameters Pi,j and λ i,j,m 

were estimated by fitting the data using Equation 5-9, the linearized form of Equation 5-

7. In the equation, Pi,j was assumed to be the same across years for each location. 

( ) ( ) ( )
5

i,j,k i,j i,j,m j,k,m
m 1

ln Y ln P ln 1 ARID
=

 = + λ − ∑  (5-9) 

Case two 

In this case, potential yield (Pi,j) was assumed to be a parameter that varies by 

crop and location but remains the same across years (Table 5-4). Sensitivity coefficients 

(λi,m) were assumed to be the same for all locations in the region. The parameters, Pi,j 

and λ i,m, were estimated using Equation 5-10, a variant of Equation 5-9. 

( ) ( ) ( )
5

i,j,k i,j i,m j,k,m
m 1

ln Y ln P ln 1 ARID
=

   − = λ −   ∑  (5-10) 

For regression, Equation 5-10 was used instead of Equation 5-9 because the latter 

with λi,m, which was assumed to be the same for all locations, would provide not Pi,j, but 

Pi, a single value for potential yield for the entire region, which is unrealistic. Because 

potential yield of a crop is defined by climatic factors that vary from location to location, 

P is expected to vary by location (Pi,j). So, using Equation 5-10, the location-specific 

potential yields (Pi,j) were estimated through an iterative non-linear regression 

procedure described in the following paragraph.  
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Using values computed from irrigated yields for initial estimates, the optimum 

values for Pi,j were obtained through iterative regression. The highest irrigated yield of 

crop i observed in location j over a period for which the data were available was used as 

an initial estimate for Pi,j, denoted as (Pi,j)1, where the subscript 1 stands for the first 

(initial) estimate (Table 5-5). The initial estimate for crop i in location j – the first set – 

was (Pi,j)1, for j = 1 to J, the total number of locations for crop i. Using the multiplier 

1±0.5, two other values were created from (Pi,j)1, namely (1-0.5)x(Pi,j)1 and 

(1+0.5)x(Pi,j)1. Using the three values of each of J locations – [0.5(Pi,j)1, (Pi,j)1, 1.5(Pi,j)1], 

– 3J combinations of (Pi,j)1 were created, where each combination had J elements, one 

for each location. Then, each combination was used in Equation 5-10 to estimate the 

parameters and calculate the root mean squared error (RMSE). From the 3J 

combinations, the one with the least RMSE was selected as the second set of estimates 

with elements (Pi,j)2,. For this case, the multiplier 1±0.5 was reduced by 0.001to 

1±0.499. Using the new three values of Pi,j for each of J locations – 3J combinations of 

(Pi,j)2 were created, applied in Equation 5-10, and RMSE values calculated. From these 

3J combinations, the one with the least RMSE was selected as the third set of 

estimates, and this process was continued 500 times. The RMSE values reached the 

global minimum and the estimates became stable by the 500th iteration. The final set of 

estimates – (Pi,1)500, (Pi,2)500, … , (Pi,j)500 – was selected as the optimum set of estimates 

for Pi,j for J locations, and the corresponding coefficients, λ i,m, were the estimates for the 

stage-specific sensitivity coefficients. 

Case three 

In this case, P was not a parameter, and sensitivity coefficients were assumed to 

be different across locations (Table 5-6). Because Equation 5-8 does not contain P, only 
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sensitivity coefficients (λi,j,m) were estimated using Equation 5-11, the linearized form of 

Equation 5-8. The relative yield (Ri,j,k) was calculated as the ratio of rainfed to irrigated 

yield (Yi,j,k/Pi,j,k), considering the irrigated yield as the potential yield. From the observed 

values of rainfed yield (Yi,j,k) and irrigated yield (Pi,j,k), values of Ri,j,k were computed for 

crop i in location j and year k. 

( ) ( )
5

i,j,k i,j,m j,k,m
m 1

ln R ln 1 ARID
=

 = λ − ∑  (5-11) 

Case four 

In this case, P was not a parameter, and sensitivity coefficients were assumed to 

be the same across locations (Table 5-7). The sensitivity coefficients, λi,m, were 

estimated using Equation 3-12. As in case three, Ri,j,k was computed as the ratio of 

rainfed yield to irrigated yield (Yi,j,k/Pi,j,k), both of which were observed values. 

( ) ( )
5

i,j,k i,m j,k,m
m 1

ln R ln 1 ARID
=

 = λ − ∑  (5-12) 

Once the values for the parameters of Equations 5-7 and 5-8 were estimated for 

each of the four cases, four ARID-based empirical yield models, one for each case, 

were developed for each crop. Then, using stage-specific monthly (30-day) values of 

ARIDi,j,m in the empirical yield models, absolute (Yi,j,k) and relative (Ri,j,k) crop yields for 

the same locations and years belonging to the observed yields were estimated for each 

crop and case. Finally, to evaluate the performance of the yield models, estimated 

relative yields (Ri,j,k) were compared with computed relative yields (Yi,j,k / Pi,j,k) using the 

root mean squared error (RMSE), the mean absolute error (MAE), the Willmott Index (d-

index: Willmott, 1981), and the modeling efficiency (ME: Nash and Sutcliffe, 1970) as 

measures of goodness-of-fit. 
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Results and Discussion 

Figure 5-1 shows trends in ARID values that were used to estimate parameters for 

various crop yield models. For cotton, the mean growing season extended from the last 

week of May through the first week of October, and the values of ARID were greatest in 

the first month and decreased afterwards in each location.  For maize, the ARID values 

were almost same in each month in Tifton, whereas those in Calhoun increased from 

the first month, April, through the last month, August. For peanut, whose growing 

season generally fell in between May and mid October, values of ARID in each location 

decreased from May to September and increased afterwards. For soybean, the planting 

date varied from late May to late June and the harvesting date from late October to late 

November depending upon the latitude of the locations. The ARID values for soybean in 

Tifton and Blairsville were nearly same across months, whereas those in Midville, 

Griffin, and Calhoun decreased in every month from planting to harvesting. However, 

the values in Gainesville, Quincy, and Plains fluctuated with no apparent pattern. In 

general, values of ARID for each crop and month in northern locations were greater 

than those in southern locations. This variation was mainly because of the difference in 

precipitation and temperature across locations. 

Case One 

The estimated values for Pi,j for each crop and location were considerably different 

from the observed values, indicating that the approach used in case one was not 

appropriate for estimating potential yields (Table 5-8). In some cases, the estimates 

were unrealistic: 117174 kg ha-1 for soybean in Tifton, 11854 kg ha-1 for soybean in 

Plains, 904 kg ha-1 for cotton in Plains, and 172 kg ha-1 for cotton in Midville. These 
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unrealistic values of Pi,j indicated that Equation 5-7 does not express the relationship 

between ARID and crop yields.  

The λi, j,m values for cotton in most of the months in Midville and Plains were 

negative (Table 5-9) for case one, in which location-specific coefficient estimates were 

made. Similarly, negative values of λi, j,m were found for each of the four crops in most 

locations during their early development, pre-flowering, or full development stages. A 

negative value of the sensitivity coefficient during any stage indicates that water deficit 

has a positive effect on yield, which may occur to a small extent in some crops (de 

Bruyn, 1964; Singh, 1975). But it is unlikely that this effect would be large. For cotton, 

the fourth month is the most sensitive period as peak flowering and boll development 

occur during this period (Salter and Goode, 1967; Grimes et al., 1970; Hiler and Clark, 

1971; Hiler et al., 1974; Doorenbos and Kassam, 1979). However, case one results 

showed that the second month – during vegetative development – and the fifth month – 

during crop maturation – are the most sensitive stages for Tifton and Plains, 

respectively. For peanut, the second month has the largest susceptibility to drought 

when peak flowering and early pegging stages occur (Salter and Goode, 1967; Hiler et 

al., 1974; Doorenbos and Kassam, 1979; Boote and Ketring, 1990). In contrast, the 

fourth month – when the crop is maturing – is the most sensitive stage for peanut grown 

in Midville and Tifton. For soybean, the largest sensitivity to drought occurs during the 

fourth month during the pod filling stage (Salter and Goode, 1967; Doss et al., 1974; 

Brown et al., 1985; Reicosky and Heatherly, 1990). Parameters estimated using the 

case one method were inconsistent relative to the most sensitive stage. The most 

sensitive month for Calhoun, Griffin, and Tifton was shown to be the first month – when 
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the crop is in the juvenile stage – and that for Plains to be the third month. Moreover, 

the λi,j.m values for soybean ranged from -3.54 to 7.02 and were inconsistent across 

locations. Thus, these unrealistic λi,j.m values, based on previous findings, estimated in 

case one did not support the hypothesis that the stage-specific sensitivity of a crop to 

water deficit varies across locations. 

Case Two 

As in case one, the potential yields estimated for various crops and locations, Pi,j, 

in case two were significantly different from the corresponding observed potential yields 

(Table 5-10). The estimated regional λ i,m values were negative in the first, third, and fifth 

months for cotton and in the first and fifth months for peanut, indicating that water 

scarcity during each of these months has a positive effect on yield (Table 5-11). 

Because water is essential during each of these months for good crop growth and 

development, it is likely that these negative values were caused by the statistical 

methods used to estimate potential yield. Maize was shown to be insensitive to water 

deficit except in the third month when flowering and pollination occur. Although the third 

month is the most critical, the second and fourth months are also susceptible to water 

deficit (Musick and Dusek, 1980). For soybean, the same level of sensitivity was shown 

for each of the first four months, contrary to the findings of Salter and Goode (1967), 

Doss et al. (1974), Brown et al. (1985), and other researchers that the pod filling stage, 

which occurs in the fourth month, is the most sensitive followed by flowering and 

vegetative stages, which fall in the third and second month, respectively. The unrealistic 

values of Pi,j and λi,m were probably because Equation 5-7 does not express the 

relationship between crop yields and ARID as P can vary across years. Accordingly, λi,m 

estimated based on unlikely relationship were also unrealistic. 



 

165 

Results of cases one and two suggested that reasonable values for the parameter 

Pi,j cannot be estimated either through linear regression using Equation 5-9 or through 

iterative regression using Equation 5-10. The results further indicated that reasonable 

absolute yields (Yi,j,k) cannot be estimated using the ARID-based absolute yield model – 

Equation 5-7. In other words, P cannot be a parameter because P in Equation 5-4, from 

where Equation 5-7 was derived, is, in fact, not constant across years. Instead, every P, 

non-water-limited yield, is associated with the corresponding Y, rainfed yield, both of 

which belong to a given production environment except water. Since P in (Y/P) is not 

from an environment that is different from Y, it cannot take values from a different 

environment. In other words, potential yields cannot be the same across years due to 

variation in weather variables such as temperature and solar radiation. 

Case Three 

Cases three and four were based on relative yields (R) and were used to test the 

validity of Equation 5-8 only. Because this equation does not have P as a parameter, 

only sensitivity coefficients were analyzed in these cases. 

The location-specific sensitivity coefficients (λi, j,m) estimated in case three for 

Equation 5-8 are presented in Table 5-12. For each of the four crops, the λi,j,m values 

were negative for at least one month in each location. For instance, the λ i,j,m values for 

cotton were negative in the third month in Plains and Tifton and in the fourth month in 

Plains when the crop was in the preflowering and boll formations stage, respectively. 

For soybean, the negative values were estimated for several locations in the fourth 

month, the most sensitive period (Reicosky and Heatherly, 1990). For cotton, the 

second, third, and fifth months were shown to be the most sensitive for Tifton, Midville, 

and Plains, respectively, in contrast to previous findings that the most sensitive month is 
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the fourth month (Salter and Goode, 1967; Grimes et al., 1970; Hiler and Clark, 1971; 

Hiler et al., 1974; Doorenbos and Kassam, 1979). Moreover, the location-specific 

differences were not supported by any differences in precipitation, temperature, or soil 

type across locations. For maize, the fourth month was depicted as the most 

susceptible for Calhoun, whereas other researchers have demonstrated that the third 

month, which approximates the flowering stage, is the most susceptible (Salter and 

Goode, 1967; Musick and Dusek, 1980). For peanut, the most sensitive month was 

shown to be the first month for Tifton, the third month for Midville, and the fourth month 

for Plains, which was inconsistent with the results of other researchers that the second 

month, which approximates the pegging stage, is the most sensitive to water deficit 

(Salter and Goode, 1967; Hiler et al., 1974; Doorenbos and Kassam, 1979; Boote and 

Ketring, 1990). For soybean, case three results showed months other than the fourth to 

be the most sensitive in contrast to the findings of other researchers that the fourth 

month is the most sensitive (Salter and Goode, 1967; Doss et al., 1974; Brown et al., 

1985). The unreasonable values of λi, j,m indicated that stage-specific sensitivity 

coefficients are not likely to exist at a location level. 

Case Four 

Values for the stage-specific sensitivity coefficients at a regional level (λ i,m) 

estimated in case four are presented in Table 5-13. In this case, crop stage during the 

second month – from 31 through 60 days after planting (DAP) – was found to be the 

most sensitive to drought for peanut. For maize, the third month – from 61 through 90 

DAP – was the most sensitive. Both cotton and soybean were found to be most 

sensitive to water deficit during the fourth month – from 91 through 120 DAP. These 
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results were consistent with those of other researchers as described in the following 

paragraphs. 

Peak flowering and boll development stages are the most susceptible stages to 

water deficit for cotton, and the stress occurring during this period causes severe yield 

loss (Salter and Goode, 1967). Grimes et al. (1970), Hiler and Clark (1971), Hiler et al. 

(1974), and Doorenbos and Kassam (1979) also found that peak flowering is the most 

sensitive stage. Because peak flowering and boll development stages fall in the fourth 

month of the growing season (Grimes and El-Zik, 1990), results of my study were in 

good agreement with those of the previous studies. Some researchers also suggested 

that a mild water deficit stimulates flower production (Cothren, 1999). Water stress 

during the preflowering period (square to first bloom), which falls in the second month of 

the season in the southeast USA (Grimes and El-Zik, 1990), increases the number of 

flowers and bolls per plant in some cultivars causing increased yield (de Bruyn, 1964; 

Singh, 1975). This phenomenon was reflected by the negative value of the sensitivity 

coefficient (-0.10) estimated by the present study for the second month.  

For maize, Salter and Goode (1967) found flowering and early grain formation 

stages to be the most critical period for water deficits, followed by the yield formation 

stage. Similarly, Hiler and Clark (1971) and Hiler et al. (1974) found reproductive stage 

– silking and tasseling to soft dough – the most sensitive of all stages, followed by the 

maturity stage – after soft dough and ear development. Later, Doorenbos and Kassam 

(1979) found that flowering is the most sensitive to water deficit period. Because water 

deficit at silking, tasseling, and pollination are most detrimental to yield, the sensitivity of 

crop growth stages to water deficit occurs in the following order: flowering and 
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pollination, grain fi lling, and vegetative stress (Musick and Dusek, 1980). Because the 

vegetative stage falls in the second month; the silking, tasseling, and pollination stages 

in the third month after planting (Rhoads and Bennett, 1990; Nielson et al., 2002); and 

grain fi lling in the fourth month, this study showed the same phenomena as found by 

previous researchers. 

For peanut, Salter and Goode (1967) found that the period between flowering and 

beginning of seed, which falls between 35 and 65 DAP, is the most critical growth 

period for water deficit. Similarly, Hiler et al. (1974) found the vegetative to peak 

flowering and early pegging stages, which fall from 37 through 57 DAP, to be the most 

susceptible stages to drought. Doorenbos and Kassam (1979) also found that the most 

critical stage of peanut crop to water deficit is flowering, which starts at about 35 DAP 

and peaks around 63 DAP (Boote and Ketring, 1990). The flowering and pegging stage 

is the most sensitive stage; water deficit at this stage causes greater yield loss than that 

at other growth stages (Boote and Ketring, 1990). Generally, the greatest effect of water 

deficit on economic yields has been reported to have been during flowering or anthesis 

because of the reduction in grain numbers (Howell, 1990). These findings indicate that 

the sensitivity coefficients estimated based on case four are consistent with those of 

previous studies.  

The most sensitive stages of soybean to water deficit are peak flowering and pod 

set (Salter and Goode, 1967; Hiler and Clark, 1971; Hiler et al., 1974; Doorenbos and 

Kassam, 1979). Brown et al. (1985) found the crop to be most sensitive to water deficit 

around 100 DAP, with both weight and number of seed reduced.  Doss et al. (1974) 

concluded that the pod filling stage, which falls around 90 to 120 DAP (Reicosky and 
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Heatherly, 1990), is the most critical period in terms of obtaining maximum yield. Our 

study showed similar phenomenon as peak flowering and podfill stages fall during the 

fourth month of the season.   

Because the information given by the regional sensitivity coefficients estimated in 

case four was in line with the findings of other researchers, the hypothesis that all 

locations in a region have the same stage-specific sensitivities of a crop to water deficit 

was not rejected. The reasonable values of λi,m led to the conclusion that Equation 5-8 

expresses the relationship between ARID and relative crop yields. The likelihood of 

regional sensitivity coefficients also supported the results in cases one and two that 

Equation 5-7 does not express the relationship between ARID and absolute crop yields. 

The results further indicated that ARID can be used as a useful tool to detect the stage-

specific sensitivity of crops to water deficit as well as the yield loss from drought. 

Relative Yield and ARID Performance  

The potential yield values for case four were estimated using observed irrigated 

data instead of estimating them using regression methods. And, there was only one set 

of sensitivity coefficients across locations for each crop. The relative yield model, 

Equation 5-8, of each of the four crops depicted the stage-specific sensitivities of the 

corresponding crop to water deficit fairly well. The yield models produced reasonable 

estimates of relative yields (Ri,j,k) of different crops (Figure 5-2). 

To evaluate the performance of the ARID-based relative yield models, various 

measures of goodness-of-fit, such as RMSE, MAE, d-index, and ME were used. Values 

of RMSE, which denotes the average distance of a data point from the fitted line 

measured along a vertical line, were 0.18, 0.10, 0.11, and 0.17 kg ha-1 Y/ kg ha-1 P for 

the cotton, maize, peanut, and soybean models, respectively (Table 5-14). Values of 
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MAE, a measure of the average magnitude of the error that is not influenced by extreme 

outliers, also suggested that the yield models performed reasonably well. The difference 

of RMSE and MAE revealed that peanut had the smallest variance in individual errors, 

whereas soybean had the largest. The value of percent error of the model, computed as 

the ratio of RMSE to mean relative yield, was less than 27% for all crops. Values of the 

Willmott Index, a measure of the degree to which the observed values are approached 

by the model estimated values, indicated that the maize model agreed most closely with 

the observed data (d-index = 0.87), whereas the cotton model agreed the least (d-index 

= 0.55). Values of ME, a measure to assess the predictive power of models, also 

indicated that the agreement between the model-estimated and observed values was 

best for the maize model (ME = 0.63) and worst for the cotton model (ME = 0.03). 

Although modeling efficiency varied across the yield models, all yield models, except for 

cotton, performed well. Positive value of ME indicated that even the model estimated 

corn yields were more accurate than taking the mean of the observed data. Figure 5-2 

illustrates the performance of the relative yield models. Of the four crop yield models, 

the performance of maize model was the best probably because maize is relatively 

more sensitive to water deficit than are the other crops compared. The performance of 

cotton model was relatively poor because cotton is the most drought-tolerant crop 

among the four crops compared. These results indicated that ARID-based yield models 

perform better especially for the crops that are sensitive to water deficit. In general, 

each of the four yield models did fairly well at estimating relative yields. The ARID-

based yield models estimated relative yields of the crops with mean absolute errors of 

0.08-0.15 kg ha-1 Y/ kg ha-1 P.  
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Conclusions 

Despite large variations in observed yield data due to location differences in 

weather, soil, management, cultivars, and dates of planting and harvesting (Table 5-1, 

Figure 5-1), the ARID-based relative yield models quantified the overall effects of 

drought on yields of cotton, maize, peanut, and soybean. The results indicated that 

ARID has potential to estimate relative yields or the yield loss from drought for several 

crops. The ARID-based relative yield models estimated yields better than did the 

absolute yield models. The absolute yield models could not express the relationship 

between ARID and crop yields because the regression analysis was not able to 

estimate potential yield in addition to the sensitivity parameters in the models. Also, the 

poor performance of absolute yield models was probably because potential yields vary 

across years due to variation in temperature and solar radiation.  

The stage-specific sensitivities of each of the four crops to water deficit were not 

found to vary by location. These results were likely because the sensitivity of a plant to 

water deficit, a physiological phenomenon, is expected to be influenced more by internal 

characteristics of the plant, which remains the same everywhere, than by external 

environmental factors, which vary from location to location. 
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Table 5-1.  Number of rainfed crop growing seasons for cotton, maize, peanut, and soybean grown in several locations in 
the southeast USA 

  Crop (i) 
 Cotton Maize Peanut Soybean 
Location(j) Seasons DOPa Seasons DOP Seasons DOP Seasons DOP 
Gainesville, FL       4 (78-85) Jun 28 [14] 
Quincy, FL       5 (98-00) Jun 14 [15] 
Tifton, GA 25 (99-08) b Apr 27 [3] c 47 (97-08) Mar 24 [14] 15 (97-08) Apr 22 [15] 20 (87-92) May 23 [5] 
Plains, GA 17 (99-08) May 02 [2]   27 (97-08) May 07 [8] 10 (94-98) May 14 [3[ 
Midville, GA 20 (99-08) May 11 [12]   13 (97-08) May 17 [10] 24 (87-00) May 22 [8] 
Griffin, GA       28 (87-00) May 15 [4] 
Calhoun, GA   17 (98-08) Apr 16 [4]   24 (90-00) May 20 [3] 
Blairsville, GA       15 (87-95) May 26 [3] 
Total 62  64  55  130  

a Date of planting, mean values. b Figures in parentheses are years during which the yield data were available [(99-08) 
means ‘from 1999 through 2008’]. c Figures in square brackets are standard deviation of planting dates. 
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Table 5-2.  Definitions of the subscripted variables used in Chapter 5 
Variable Definition 
ARIDj,k,m Values of ARID for location j, year k, and month m (independent of crop). 
ARIDj,k,t Values of ARID for location j, year k, and day t (independent of crop). 
ARIDm Values of ARID for month m (independent of crop). 
i Subscript referring to crops (1=cotton, 2=maize, 3=peanut, 4=soybean). 
j Subscript referring to location (1= Gainesvi lle, 2=Quincy, 3=Tifton, 4=Plains, 5= Midville, 6=Griffin, 

7=Calhoun, 8=Blairsville). 
J Total locations used in the study for a particular crop (2=maize, 3=cotton and peanut, 8=soybean). 
k Subscript referring to year, which vary depending on crop and location (see Table 5-1). 
m Subscript referring to crop stage of growth; m=1, 2,…, 5. 
M Total number of phenological stages considered in the crop growing season, which is 5. 
n Subscript referring to an iteration of potential yield (Pi,j) in Case two; n=1, 2,…, 5000. 
Pi,j Potential yield for crop i and location j (assumed not to vary across years). 
Pi,j,k Potential yield for crop i, location j, and year k. 
(Pi,j)n An estimate for Pi,j for the nth iteration in Case two. 
Ri,j,k Relative yield for crop i, location j, and year k. 
Yi,j,k Absolute yield for crop i, location j, and year k. 
λi,j,m Sensitivity coefficient for crop i, location j, and month m (assumed not to vary across years). 
λi,m Sensitivity coefficient for crop i and month m (assumed not to vary across locations or years). 
λm Sensitivity coefficient for month m. 

 
Table 5-3.  Summary of the technique used to estimate location-specific Pi,j and λ i,j,m for yield models in Case one 

Particular Description 
Purpose To estimate parameters for Equation 5-7 for computing yields (Yi,j,k) using location-specific 

sensitivity coefficients  
Hypothesis Potential yield (Pi,j) and sensitivity coefficients (λ i,j,m) are parameters that vary across 

locations. 
Fitting method Multiple linear regression using Equation 5-9. 
Regression analysis Parameters are fit for each crop i and location j, individually. 
Data used in regression Yi,j,k and ARIDj,k,m. 
Parameters estimated Pi,j: crop- and location-specific but assumed to be the same for all years. 

λi,j,m: crop-, location-, and stage-specific but assumed to be the same for all years. 
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Table 5-4.  Summary of the technique used to estimate location-specific Pi,j  and regional λ i,m for yield models in Case two 
Particular Description 
Purpose To estimate parameters for Equation 5-7 for computing yields (Yi,j,k ) using regional level 

sensitivity coefficients.  
Hypothesis Potential yield (Pi,j) is a parameter, and sensitivity coefficients (λi,m) do not vary across 

locations. 
Fitting method Iterative regression using Equation 5-10, varying Pi,j until best fit was obtained. 
Regression analysis Parameters are fit for each crop i individually, using the data of all locations in the region. 
Data used in regression Yi,j,k, and ARIDj,k,m. Values used for Pi,j in Equation 5-10 were the initial estimates using 

irrigated yields for the iterative procedure.  
Parameters estimated Pi,j: crop- and location-specific but assumed to be the same for all years. 

λi,m: crop- and stage-specific but assumed to be the same for all locations and years. 
 
Table 5-5.  The highest irrigated crop yields (kg ha-1) observed in several locations in the southeast USA over the periods 

for which data were available. These were used as initial estimates for Pi,j  and assumed to be the same across 
years for crop i and location j. 

 Crop (i) 
Location (j) Cotton Maize Peanut Soybean 
Gainesville, FL - - - 4350 (533) 
Quincy, FL - - - 4320 (681) 
Tifton, GA 2339 (343)a 14746 (1597) 6850 (783) 5003 (816) 
Plains, GA 2303 (226) - 6941 (679) 4465 (717) 
Midville, GA 2539 (409) - 6999 (1018) 4513 (722) 
Griffin, GA - - - 4055 (602) 
Calhoun, GA - 12841 (1436) - 4270 (528) 
Blairsville, GA - - - 4371 (271) 
No. of locations (n) 3 2 3 8 

a Figures in parentheses are standard deviation values (kg ha-1). 
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Table 5-6.  Summary of the technique used to estimate location-specific sensitivity coefficients (λi,j,m) for yield models in 
Case three 

Particular Description 
Purpose To estimate parameters for Equation 5-8 to compute relative yields (Ri,j,k) with location-

specific sensitivity coefficients  
Hypothesis P is not a parameter, and sensitivity coefficients (λi, j,m) vary across locations. 
Fitting method Multiple linear regression using Equation 5-11. 
Regression analysis Parameters were fit for each crop i and location j, individually. 
Data used in regression Ri,j,k and ARIDj,k,m. 
Parameters estimated λi,j,m: crop-, location-, and stage-specific but assumed to be the same for all years. 

 
Table 5-7.  Summary of the technique used to estimate regional level sensitivity coefficients (λi,m) for yield models in Case 

four 
Particular Description 
Purpose To estimate parameters for Equation 5-8 to compute relative yields (Ri,j,k) with regional level 

sensitivity coefficients  
Hypothesis P is not a parameter, and sensitivity coefficients (λi,m) do not vary across locations. 
Fitting method Multiple linear regression using Equation 5-12. 
Regression analysis Parameters were fit for each crop i individually, using the data of all locations in the region. 
Data used in regression Ri,j,k and ARIDj,k,m. 
Parameters estimated λi,m: crop- and stage-specific but assumed to be the same for all locations and years. 
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Table 5-8.  Observed and estimated potential yields (Pi,j: kg ha-1) in Case one for various crops and several locations in 
southeast USA. In Case one, it was assumed that potential yield is a parameter and sensitivity coefficients are 
local. 

 Crop (i) 
 Cotton Maize Peanut Soybean 
Location (j) Observed Estimated Observed Estimated Observed Estimated Observed Estimated 
Gainesville, FL - - - - - - 4350 - 
Quincy, FL - - - - - - 4320 - 
Tifton, GA 2339 1514 14746 9171 6850 5875 5003 117174 
Plains, GA 2303 904 - - 6941 3602 4465 11854 
Midville, GA 2539 172 - - 6999 7400 4513 6284 
Griffin, GA - - - - - - 4055 4094 
Calhoun, GA - - 12841 15353 - - 4270 5956 
Blairsville, GA - - - - - - 4371 2508 

 
Table 5-9.  Values of location level sensitivity coefficients (λi, j,m) for various crops and their stages as estimated in Case 

one, where it was assumed that potential yield is a parameter and sensitivity coefficients are local. 
 Crop (i) 
 Cotton Maize Peanut Soybean 
Stage/month (m) Ma P T C T M P T B C G M P T 
First (m=1) -0.56 0.13 -0.11 -0.22 0.00 0.10 -0.27 -0.10 -0.41 0.70 0.36 0.23 -3.54 2.21 
Second (m=2) -0.22 -0.05 0.82 0.28 -0.02 0.59 0.09 0.33 0.01 -0.08 -0.08 0.23 0.76 1.59 
Third (m=3) -1.83 -1.01 -1.28 0.63 0.27 0.44 0.00 -0.06 -0.37 0.48 0.09 0.56 7.02 0.10 
Fourth (m=4) 1.39 -0.09 0.38 0.53 0.01 0.67 0.21 0.18 0.29 0.13 0.17 0.61 -0.67 2.07 
Fifth (m=5) -0.72 0.46 0.01 0.10 -0.18 -0.70 -0.04 -0.08 0.01 0.00 -0.34 0.14 5.33 -0.03 

a Location (j): M = Midville, P = Plains, T = Tifton, C = Calhoun, G = Griffin, and B = Blairsville 
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Table 5-10.  Observed and estimated potential yields (Pi,j: kg ha-1) in Case two for various crops in several locations in 
southeast USA. In Case two, it was assumed that P is a parameter and sensitivity coefficients are global. 

 Crop (i) 
 Cotton Maize Peanut Soybean 
Location (j) Observed Estimated Observed Estimated Observed Estimated Observed Estimated 
Gainesville, FL - - - - - - 4350 4371 
Quincy, FL - - - - - - 4320 5726 
Tifton, GA 2339 1257 14746 12500 6850 5429 5003 5003 
Plains, GA 2303 973 - - 6941 4429 4465 3661 
Midville, GA 2539 825 - - 6999 4060 4513 4739 
Griffin, GA - - - - - - 4055 6447 
Calhoun, GA - - 12841 10417 - - 4270 5551 
Blairsville, GA - - - - - - 4371 4371 

 
Table 5-11.  Values of regional level sensitivity coefficients (λi,m) for various crops and stages as estimated in Case two, 

where it was assumed that potential yield is a parameter and sensitivity coefficients are global. 
 Crop (i) 
Stage/month (m) Cotton Maize Peanut Soybean 
First (m=1) -0.02 0.00 -0.21 0.27 
Second (m=2) 0.02 0.00 0.22 0.18 
Third (m=3) -0.43 0.39 0.08 0.29 
Fourth (m=4) 0.46 0.05 0.08 0.26 
Fifth (m=5) -0.29 0.05 -0.01 0.01 

 
Table 5-12.  Values of location level sensitivity coefficients (λi,j,m) for various crops and stages as estimated in Case three, 

where it was assumed that potential yield is not a parameter and sensitivity coefficients are local. 
 Crop (i) 
 Cotton Maize Peanut Soybean 
Stage/month (m) Ma P T C T M P T B C G M P T 
First (m=1) 0.18 0.23 -0.03 -0.22 -0.01 -0.31 -0.14 0.20 0.12 0.58 0.35 0.04 10.17 -1.44 
Second (m=2) 0.00 0.01 0.40 0.02 0.13 0.09 0.23 0.08 -0.53 -0.25 -0.08 0.16 -0.04 0.50 
Third (m=3) 0.51 -0.04 -0.58 0.41 0.26 0.62 0.17 -0.05 0.42 0.46 0.09 0.43 14.96 2.24 
Fourth (m=4) 0.21 -0.03 0.27 0.74 0.14 0.21 0.31 0.17 0.78 -0.19 0.16 0.65 -3.22 -0.02 
Fifth (m=5) -0.12 0.46 0.20 -0.09 -0.11 0.26 0.09 -0.14 0.16 0.11 -0.33 0.10 16.97 0.32 

a Location (j): M = Midville, P = Plains, T = Tifton, C = Calhoun, G = Griffin, and B = Blairsville 
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Table 5-13.  Values of regional level sensitivity coefficients (λi,m) for various crops and 
their stages as estimated in Case four, where it was assumed that potential 
yield is not a parameter and sensitivity coefficients are global. 

 Crop (i) 
Stage/month (m) Cotton Maize Peanut Soybean 
First (m=1) 0.12 0.05 0.04 0.16 
Second (m=2) -0.10 0.09 0.27 0.15 
Third (m=3) 0.17 0.36 0.13 0.21 
Fourth (m=4) 0.34 0.11 0.08 0.30 
Fifth (m=5) 0.04 0.03 0.07 0.01 

 
Table 5-14.  Values of the goodness-of-fit measures that were used to evaluate the 

performance of ARID-based relative yield models for various crops in Case 
four, where it was assumed that potential yield is not a parameter and 
sensitivity coefficients are global 

 Crop 
Measure Cotton Maize Peanut Soybean 
RMSE(kg ha-1 Y/ kg ha-1 P) 0.18 0.10 0.11 0.17 
MAE (kg ha-1 Y/ kg ha-1 P) 0.15 0.08 0.09 0.14 
RMSE minus MAE 0.029 0.026 0.021 0.034 
Willmott d-index (-) 0.55 0.87 0.78 0.72 
Modeling efficiency (-) 0.03 0.63 0.42 0.32 
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Figure 5-1.  Average values of ARID across locations and months for: A) cotton, B) 

maize, C) peanut, and D) soybean. These are the means of all seasons (see 
Table 5-1). While the bars in each panel denote the mean values, the boxes 
and whiskers reflect the variability.  Abbreviations: Ga = Gainesville, Q = 
Quincy, T = Tifton, P = Plains, M = Midvi lle, Gf = Griffin, K = Calhoun, B = 
Blairsville. 
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Figure 5-2.  Model-estimated relative yields versus observed relative yields: A) cotton, 

B) maize, C) peanut, and D) soybean. The solid lines are the 1:1 lines. 
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CHAPTER 6 
SUMMARY AND CONCLUSIONS 

This study formulated a relatively simple, generic, and SPA-based drought index 

that can be used by farmers, lawn and garden managers, or people involved in crop 

production or similar systems as a decision support tool to monitor and forecast drought 

and estimate drought effects on yields. Specifically, this study: A) designed a generic 

drought index, called Agricultural Reference Index for Drought (ARID), for quantifying 

water deficit and its influence on crop yields; B) evaluated ARID by comparing it with the 

water deficit index computed by DSSAT CERES-Maize, a widely-tested and used crop 

model, and with eight other drought indices that have been applied to agricultural 

systems; C) quantified the uncertainties in ARID associated with its parameters and the 

importance of individual parameters with respect to the uncertainties of the index; D) 

explored methods for forecasting ARID as a predictor of agricultural droughts and 

compared their performances; and E) developed ARID-based yield models for several 

crops and assessed the ability of the index to estimate yield loss from drought. This 

chapter summarizes the conclusions of each of these phases. 

ARID is expressed as the ratio of plant water deficit to plant water need. The latter, 

also called potential transpiration (TRp), is estimated using the FAO-56 Penman-

Monteith model. The former is computed as the difference between TRp and actual 

transpiration (TR). In turn, TR is estimated based on simple soil water balance and a 

simple water uptake model, which gives ARID its simplicity. The genericness of ARID, 

on the other hand, comes from the use of grass, a reference crop that only requires site-

specific weather data. Considering the time scale of crop responses to water deficits 

and daily variations in weather data, ARID is computed daily. 
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Results showed that ARID can mimic a complex, crop-specific crop simulation 

model. The index accurately approximated WSPD, the water deficit index calculated by 

the DSSAT CERES-Maize model. Values of ARID were better correlated with WSPD 

than were values of the other drought indices tested. Root mean squared errors 

between ARID and WSPD were smaller than those comparing WSPD with all other 

drought indices. Moreover, by capturing the effect of fluctuations in precipitation, 

temperature, solar radiation, and windspeed, ARID estimated the absolute magnitude of 

water deficit effects on crops more accurately than did the other indices. ARID is 

computationally simple, physically and physiologically sound, and generally applicable 

to characterize agricultural drought.), except for some locations and seasons that had. 

Even in the cases with large uncertainty ranges, 

In general, uncertainty ranges in ARID were small, that is, less than 30% of the 

entire possible range of [0, 1]. Even when the index had relatively large uncertainty 

ranges of up to 50% of the total range at large amounts of precipitation (seasonal total 

of more than 400 mm), distributions of ARID peaked at its nominal values. That is, the 

majority of the values of ARID concentrated around its nominal values with small 

uncertainty ranges, thus indicating less uncertainty. Uncertainty was considerably 

influenced by the parameter distribution. With a change from uniform to normal 

distribution, uncertainty in ARID decreased as much as 50 percent depending on 

location and season. Sensitivity analysis showed that available soi l water capacity was 

the most influential parameter and explained about 60% of the total variance in ARID. 

The second most important parameter was rootzone depth, which contributed about 

30% to the total variability in ARID. Of the five parameters, runoff curve number and 
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drainage coefficient were the least influential due to insignificant difference in the 

amount of available water in the soil with a change in these parameters. The influence 

of uptake coefficient was also unimportant in most cases. This parameter never 

contributed more than 15% to the total variance in ARID. Being the most influential, 

available water capacity is the parameter that might be of most interest to users. If they 

want precise information about water deficit for their specific soils, they can adjust the 

value of this parameter.  

Results related to the predictability of ARID showed that the index can be forecast 

using ENSO and teleconnection signals as inputs and artificial neural network and 

SARIMA models as forecasting methods. However, performances of these models 

varied depending on months and locations.  Generally, climate index-based models and 

ENSO-based approaches performed better in the winter than in the summer due to 

stronger signals of ENSO and large-scale teleconnections in the winter. The efficiency 

of time series-based models depended largely on the periodicity of precipitation. 

Modeling efficiencies of ENSO-based and climate index-based models were larger in 

southern locations, such as Miami and Bartow, FL, than in the northern ones, such as 

Plains and Blairsville, GA, due to stronger signals of ENSO and teleconnections in the 

southern part of the region. The SARIMA models also performed better in southern 

locations due to more distinct periodicities of precipitation in the south. Of methods 

compared, artificial neural network performed best for most locations and seasons due 

to its ability to approximate the nonlinear relationship between inputs and outputs, 

whereas linear regression performed most poorly as it could not represent the 

nonlinearity between ARID and climate indices. Generally, both ENSO- and 
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teleconnection-based methods performed poorly for the northern part of the region. The 

performance of teleconnection-based methods was even poorer than that of the ENSO 

approach, indicating that the signals of large-scale teleconnection are weaker than 

those of ENSO in northern locations. Using one or more climate index- and time series-

based models, the current level of forecasting, which is essentially ENSO-based, can be 

improved for several months, including summer, especially for the southern locations in 

the southeast USA. The climate indices used in this study have good potential to be 

used in forecasting drought particularly for the southern part of the region not only in the 

winter but also in the summer. 

ARID-based crop yield models provided reasonable estimations of yield loss from 

drought for cotton, maize, peanut, and soybean even though ARID is not a crop-specific 

drought index. Compared with absolute yield models, which estimate drought-impaired 

yields, relative yield models, which estimate drought-impaired yields relative to non-

water-limited yields, made better estimations. Stage-specific sensitivities of each of the 

four crops to water deficit did not vary by location, indicating that the sensitivity of a 

plant to water deficit in each specific stage is influenced more by genotype than 

environmental factors. 

The findings of this study are summarized as follows:  

• ARID, a simple, generic index, can mimic the water deficit estimations of the 
DSSAT CERES-Maize, a complex, crop-specific simulation model, which is 
widely-tested. 

• ARID is able to estimate yield loss from drought for specific crops. 

• ARID can quantify plant water deficit better than can other available drought 
indices. 

• ARID provides a general indicator of water deficit for crops and is generally 
applicable to a wide range of conditions. However, if users want precise 
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information for their specific conditions, they can change values of available soil 
water capacity, the most influential parameter. 

• Choice for parameter distributions can significantly affect the uncertainties in 
ARID. 

• Stage-specific sensitivities of a crop to water deficit do not vary by location. 

• Relative yield models give more accurate estimations of yield loss from drought 
than do absolute yield models. 

• Using SARIMA and artificial neural network models and climate indices, namely 
AMO, NAO, JMA, Niño 3.4, PDO, and PNA, forecasting of drought can be 
improved especially for the southern part of the region both in winter and summer 
months. 

Finally, ARID, an outcome of the study, may be used as a decision support tool by 

crop producers, lawn and garden managers, or people involved in plant production 

systems:  

• To monitor plant water deficit by computing daily values of ARID, 

• To forecast drought by computing monthly lead-time values of ARID using artificial 
neural network and past values of climate indices and ARID, and 

• To estimate yield loss from drought for crops using the ARID-based yield models.
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APPENDIX A 
ASSESSING THE LAWN AND GARDEN MOISTURE INDEX AS A TOOL FOR 

MONITORING DROUGHT 

Introduction 

The Lawn and Garden Moisture Index (LGMI) is a drought index that is being used 

in the southeastern U.S. to monitor (http://nsstc.uah.edu/aosc/lawn_garden_se.html) 

and forecast (http://agroclimate.org/forecasts/LGMI/) droughts. The LGMI is calculated 

daily from Doppler radar estimates of precipitation with a 4 km × 4 km resolution. 

The LGMI is a weighted estimate of the difference between available soil water 

and evaporative demand of shallow-rooted plants. Positive values indicate adequate 

precipitation or water surplus, negative values indicate water deficit. 

iii ET - SM  LGMI =  
 (A-1) 

where LGMIi is the index for the i-th day; SM is the available soil moisture; and ET is the 

ET of shallow-rooted plants. 

The SM is calculated as the weighted sum of precipitation over the previous three 

weeks. For the previous week, all precipitation is considered to be effective; for 2 and 

weeks previous, effective precipitation is reduced from actual precipitation by a linear 

scale (Figure A-1): 
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where b is the previous day, whose values range from 1 to 21; ‘i’ is the current day; and 

Pi is the amount of precipitation on the i-th day. 

For instance, if precipitation in each day were 1 mm and uniform throughout the 

previous 21-day period, the total precipitation amount for the period would be 21 mm, 
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and the SM for day i would be 14 mm, comprised of 7 mm for the 7 days before present 

and 7 mm for 8 to 21 days before present. 

While SM changes daily in response to precipitation amount, ET does not change 

with precipitation or environmental conditions. To keep LGMI simple and allow it to be 

computed from daily rainfall data, LGMI assumes the same ET function for every 

location, year, crop, and soil type (Figure A-2): 

i

31.75 19.05cos[( /120)(D 1)] for 1 D 120

ET 50.80 for 121 D 250

31.75 19.05cos[( /115)(D 250)] for 251 D 365

− π − ≤ ≤
= ≤ ≤


− π − ≤ ≤

 (A-3) 

where ETi is the ET of plants on the i-th day (mm), and D is the day of year. 

The curve in Figure A-2 shows the amount of moisture considered to be adequate 

for a specific day to sustain shallow-rooted plants. In winter, about 12.7 mm of rainfall 

per week is assumed sufficient to meet plant needs; whereas during the hottest time of 

the year, the requirement is assumed to be 50.80 mm per week.  

Generally, a good agricultural drought index should be both easily computed and 

relevant for agricultural management. To make rational decisions based on an index, it 

is important to understand its predictability (Chen et al., 1997). The simplicity, high 

temporal (daily) and spatial (4 km × 4 km) resolutions, as well as the potential to 

forecast LGMI, make it attractive as a tool for monitoring agricultural drought. Although 

the LGMI was being used for monitoring drought in Alabama, Florida, Georgia, and 

South Carolina, its response to latitude, longitude, season, and ENSO phase were not 

quantified yet. The objectives of this study were to find out the relationships of LGMI 

with latitude and longitude and the responses of the index to changes in seasons and 

ENSO phases. 
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Materials and Methods 

Locations and Precipitation Data 

Seven counties were selected in the southeast U.S.: Cullman and Dallas, AL; 

Floyd, Jefferson, and Sumter, GA; and Columbia and Lee, FL (Figure A-3). The 

locations were chosen to represent the broad geographical region, at least 100 years of 

historical weather data, minimum missing precipitation data, and significant production 

area of corn, cotton, and peanut.  

Selected locations had historical precipitation data for 112 years from 1893 to 

2004.  The dataset of each location was split into three categories based on ENSO 

phase: El Niño, Neutral, and La Niña, as defined by Japan Meteorological Agency 

(http://www.coaps.fsu.edu/products/jma_index.php). Of the 112 years, 25 were El Niño, 

60 were Neutral, and 27 were La Niña.  For any location, no more than 5% of the total 

days were missing precipitation data. These data gaps were filled in with the 

corresponding precipitation values from computer-generated bootstrapped data 

(Preston Leftwich, personal communication). 

LGMI Computation 

Using Equation A-2 and the gap-filled historical precipitation data, daily SM values 

were calculated for each year of each location. The SM for each location was first 

calculated for 22 January 1893 from the precipitation records of 1 to 21 January 1893 

and then daily thereafter for the remainder of the dataset. Then, daily values of LGMI 

were computed by subtracting the daily values of ET calculated with Equation A-3 from 

the corresponding daily values of SM. The LGMI computation was made before dividing 

the dataset into ENSO phases.  
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After calculating daily LGMI for all the years of each ENSO phase and location, the 

index dataset of each location was split by month. For each month, there were 60 

neutral, 25 El Niño, and 27 La Niña values. Then, daily LGMI values for each month 

were averaged and used for the analysis. 

Analysis 

Regression analyses were conducted to study the relationship of LGMI with 

latitude and longitude. Spatial variation in the index was determined using an analysis of 

variance (ANOVA) test. The hypothesis was whether or not mean LGMI values of the 

seven locations were different.  

To identify seasonal effects on the relationships between the index and latitude or 

longitude, 3-month seasonal means were used in regression analyses: winter (January, 

February, and March); spring (April, May, and June); summer (July, August, and 

September); and fall (October, November, and December). For analyzing temporal 

variation in the index, the ANOVA was used to test the hypothesis that mean LGMI 

values of the four seasons differed significantly. 

To explore the ENSO-phase based variation in LGMI, testing was carried out at 

two levels: phase-wise and month-wise. Thus, a test contained three phases: El Niño, 

La Niña, and neutral. As the test was conducted for each month-location combination, 

there were a total of 84 tests (12 months times 7 locations).  

The driving variable for the index is precipitation, which is the only input. To 

understand how the index would behave with changes in precipitation, LGMI values 

were compared with corresponding precipitation. Comparisons were made for each 

location, season and ENSO phase. 
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When LGMI is negative, water deficit is indicated for shallow-rooted plants. Based 

on monthly average values of the index, the probabilities of water deficit as calculated 

by the index were computed for two locations, one in southern Florida and the other in 

northern Alabama; and for two months, one in summer and the other in winter. 

Results and Discussion 

Spatial Variation 

In the winter, LGMI correlated positively with latitude; in the summer, the 

correlation was negative (Figure A-4). During the spring and fall seasons, no significant 

correlations were found. Similarly, LGMI correlated positively with longitude in the fall 

and winter, but there was no significant correlation in the winter or summer (Figure A-5).  

The increase in LGMI with latitude in the winter was due to an increase in precipitation 

from south to north in the winter. Conversely, precipitation appeared to follow the 

opposite trend in the summer (Figure A-6A).  These results were in agreement with 

monthly mean historical precipitation values (Figure A-6B). Increase in LGMI with 

longitude in the fall and winter was due to an increase in precipitation from east 

(Jefferson) to west (Dallas) in winter months. 

Temporal Variation 

In general, LGMI values were smallest in the spring and greatest in the winter. 

This variation was because the precipitation was less than ET in the spring but greater 

than ET the winter. The ANOVA test further showed that mean LGMI values among the 

four seasons differed significantly (P < 0.0001). This difference was because of the 

direct influence of precipitation as seasonal mean precipitation values were also 

significantly different from each other.  The positive correlation between LGMI and 

latitude during winter and the negative correlation during summer were due to the 
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southern locations receiving less precipitation in winter time but more in summer time. 

Similarly, the positive correlation between the index and longitude in winter was 

because of the western locations receiving comparatively more precipitation than the 

eastern locations. 

ENSO Phase-Based Variation 

The overall phase-wise comparison showed that LGMI differed significantly among 

ENSO phases (P < 0.0001). Among monthly mean values, LGMI was usually largest in 

El Niño years and smallest in La Niña years (Figure A-7), which reflects the fact that 

ENSO phases vary significantly in the amount and distribution of precipitation 

(Winsberg, 2003). Except for a few summer months, precipitation was generally 

greatest in El Niño phase and least in La Niña, which caused the index to vary 

accordingly. These results agree with the well established knowledge that the southern 

part of the region gets more precipitation in El Niño years and less in La Niña years than 

in the normal years, especially in winter months (Ahrens, 2003). 

Month-wise comparisons showed significant LGMI differences among ENSO 

phases, especially in fall and winter months of November through March, and 

comparatively more so in southern locations (Table A-1). There were no significant 

differences among ENSO phases from May through October (Figure A-8). A month-

wise comparison of precipitation showed the same pattern, with more significant 

differences in winter months and in southern locations. Significant differences in LGMI 

across ENSO phases reflect precipitation anomalies during El Niño or La Niña episodes 

(Figure A-9). During El Niño, precipitation was generally above normal – the long-term 

average of 112 years; whereas during La Niña, it was below normal. This result shows 

that ENSO has a strong effect during the winter in this region. Similarly, the significant 
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differences in the southern locations were due to an ENSO amplification effect. 

Although the amplification is greatest in the winter, ENSO amplifies weather events also 

in the spring, summer, and fall (Winsberg, 2003). Because of the amplification effect, 

southern locations received more rainfall in El Niño years and less in La Niña years than 

in neutral years. Precipitation differences across phases in summer were greater in the 

southern locations, which led to greater ENSO phase effects in southern locations. 

Water Deficit Probability 

For Columbia County, Florida, LGMI showed larger probabilities of water deficit 

(LGMI < 0.0) in November relative to July in all the ENSO phases (Figures A-10A and 

A-10B). For instance, the probability of deficit during a La Niña November was 1.0, 

whereas in July it was 0.7. For Cullman County in northern Alabama, however, the 

probability was smaller in November but larger in July in each phase (Figures A-10C 

and A-10D). For example, the probability of deficit during an El Niño July was 0.9, 

whereas in November it was 0.5. Probability of water deficit in the southern location was 

greater than in the northern location in winter for each ENSO phase (Figures A-10A and 

A-10C). On the other hand, the water deficit probability in July was less in the southern 

U.S. than in northern locations (Figures A-10B and A-10D). For instance, in November, 

the probability of deficit in La Niña was 1.0 for Columbia, while for Cullman it was 0.9. 

But in July, the probability in the same phase was 0.7 for Columbia, whereas for 

Cullman it was 1.0. The larger probability of water deficit in the southern locations in 

winter and smaller probability in summer were because of less precipitation in winter 

and more so in summer (Figure A-6B). Similarly, smaller water deficit probabilities in the 

northern locations during winter and larger during summer were because they received 

more precipitation during winter and less so during summer. 
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Conclusions 

A positive correlation between LGMI and latitude was found in the winter; whereas 

in the summer, the correlation was negative. Similarly, a positive correlation between 

the index and longitude existed in the winter and the correlation was negative in the 

summer. The variations in LGMI with latitude and longitude over seasons were because 

of the corresponding differences in precipitation. Overall, the LGMI was significantly 

different across seasons and ENSO phases. At a monthly level, however, the variations 

across ENSO phases were significant mainly in winter months and in southern 

locations.  

These results suggest that forecasts of LGMI based on ENSO may be possible for 

some locations and seasons in the southeast U.S. The historical weather data of a 

specific ENSO phase can be used to forecast the index for a corresponding ENSO year 

as LGMI was significantly different across ENSO phases, especially during winter and in 

southern locations. Particularly, gardeners, lawn owners, and golf course managers 

may benefit from these forecasts.   

The LGMI, however, has some shortcomings. The ET function is vague and not 

dynamic; that is, it does not account for crop-specific differences in transpiration and the 

location-specific variations in weather. The SM function is also vague; that is, it does not 

take into consideration the specific soil processes and properties. Despite these 

limitations, its application might be continued after some improvement for quantifying 

water stress for lawns and gardens because it is simpler than many other drought 

indices and is also calculated daily. 

For quantifying water deficit for agricultural crops, however, developing a new 

index is recommended than fixing LGMI because it does not account for many aspects 
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that are important from agricultural point of view. For instance, LGMI cannot be used for 

estimating crop yield loss from drought, probably the most important use of an 

agricultural drought index, because this index is not SPA-based, or physiology-based in 

particular. Because incorporating these aspects into LGMI completely changes its 

structure, it is better to develop a new agricultural drought index than to improve LGMI.  
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Table A-1.  Monthly average LGMI values (mm) for seven locations in the southeast U.S. during different ENSO phases. 
Locations area arranged from southernmost (Lee) to northernmost (Floyd).  There were no significant 
differences among ENSO phases for May through October (Figure A-7), so those data are not presented here. 

Month ENSO Lee Columbia Sumter Dallas Jefferson Cullman Floyd 
Jan El Niño  2.03 a*   8.64 a  16.51 a  13.21 a  9.65 a  14.99 a  12.19 a  
 Neutral -4.57  b  5.08 a  12.19 a  14.22 a  7.37 a  18.80 a b 17.53 a  
 La Niña  -7.62  b  2.54 a  10.92 a  13.21 a  7.11 a  24.64  b 17.02 a  
                        
Feb El Niño  -7.37 a   5.59 a  7.11 a  5.84 a  3.05 a  2.03 a  4.32 a  
 Neutral -11.94 a   -3.56  b 5.08 a  6.35 a  1.02 a  8.38 a b 9.14 a  
 La Niña  -17.02  b  -8.89  b 0.76 a  0.51 a  0.00 a  11.68  b 6.86 a  
                        
Mar El Niño  -17.02 a   -6.86 a  -3.81 a  -1.02 a  -4.06 a  -3.56 a  -1.27 a  
 Neutral -25.65  b  -13.97 a  -10.92 a b -6.60 a  -14.99  b -5.84 a  -6.10 a  
 La Niña  -31.75   c -21.08  b -13.97  b -5.33 a  -16.26  b -4.06 a  -3.81 a  
                        
Apr El Niño  -31.50 a   -24.38 a  -23.62 a  -18.80 a  -26.16 a  -19.05 a  -15.49 a  
 Neutral -36.07 a b  -28.19 a  -23.11 a  -18.80 a  -26.92 a  -16.00 a  -18.03 a  
 La Niña  -38.10  b  -32.77 a  -26.92 a  -21.59 a  -31.24 a  -18.54 a  -18.80 a  
                        
Nov El Niño  -12.19 a   -9.65 a  -4.57 a  -5.59 a  -7.87 a  4.57 a  0.25 a  
 Neutral -17.02 a   -12.95 a  -12.19  b -7.62 a  -14.48  b -2.29 a b -6.60 a  
 La Niña  -15.24 a   -19.05  b -17.53  b -14.99  b -17.53  b -8.64  b -9.91  b 
                        
Dec El Niño  -3.05 a   7.62 a  12.45 a  13.72 a  6.86 a  15.75 a  14.99 a  
 Neutral -7.62  b  -0.76  b 7.62 a b 12.95 a  2.79 a b 16.00 a  12.19 a  
 La Niña  -9.40  b  0.00  b 2.54  b 7.62 a  0.00  b 14.99 a  8.13 a  

* Means followed by the same letter within a month and location are not significantly different at P < 0.05 by Tukey-
Kramer LSD test.
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Figure A-1.  Fraction of daily precipitation contributed to total available soil moisture 

(SM). While previous seven days contribute their whole amount, days from 8 
to 21 contribute according to a linear scale. 

 

0

20

40

60

0 73 146 219 292 365
DOY

P
re

ci
pi

ta
tio

n 
(m

m
)

 
 
Figure A-2.  The evapotranspiration (ET) function showing the amount of weekly 

effective precipitation considered to be enough for healthy lawns and gardens 
each day of the year. 
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Figure A-3.  Map of the SECC region showing the seven counties whose historical 

precipitation data were used for the study: Cullman and Dallas, AL; Columbia 
and Lee, FL; and Floyd, Jefferson, and Sumter, GA. 
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Figure A-4.  Relationship of LGMI with latitude (Lat) in different seasons 

 



 

199 

-40

-20

0

20

81 83 85 87

Longitude (°W)

LG
M

I (
m

m
)

Winter: LGMI = 2.94Lon - 247.27;  R2 = 0.71

Fall: LGMI = 1.49Lon - 133.31;  R2 = 0.77 

Spring: LGMI = 0.53Lon - 69.78;  R2 = 0.18

Summer: LGMI = -3.48Lon + 273.61;  R2 = 0.46

 
 
Figure A-5.  Relationship of LGMI with longitude (Lon) in different seasons



 

200 

0

2

4

6

8

10

J F M A M J J A S O N D
Month

Pr
ec

ip
ita

tio
n 

(m
m

) Lee

Columbia

Sumter

Floyd

B

-40

-30

-20

-10

0

10

20

J F M A M J J A S O N D

LG
M

I (
m

m
)

Lee

Columbia

Sumter

Floyd

A

 
 
Figure A-6.  A) Monthly mean LGMI and B) monthly mean precipitation for different 

locations over a year. Latitude of locations increases from Lee, Columbia, 
Sumter, to Floyd. 
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Figure A-7.  Monthly LGMI values for different ENSO phases 
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Figure A-8.  Mean monthly LGMI values for different ENSO phases in four locations: A) 

Lee, B) Sumter, C) Columbia, and D) Floyd 
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Figure A-9.  Departure of monthly precipitation in ENSO phases from normal - the mean 

monthly precipitation of 112 years 
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Figure A-10.  Probability of water deficit (LGMI < 0) in: A) Columbia in November, B) Columbia in July, C) Cullman in 

November, and D) Cullman in July. Cumulative probability values are based on monthly average LGMI.



 

205 

APPENDIX B 
FULLY-FUNCTIONAL MATLAB PROGRAM FOR COMPUTING ARID 

% Variables Defined 
% arid the ARID index 
% ARID arid transposed 
% CN runoff curve number 
% CSR clear-sky radiation 
% CWBD  change in water before drainage 
% DC drainage coefficient 
% DR drainage 
% ea  ambient vapor pressure 
% es  saturation vapor pressure 
% ETo  reference ET 
% extra extra-terrestrial radiation  
% FC water content at field capacity 
% IA  initial abstraction 
% IRDES Inverse relative distance Earth-Sun 
% IW initial water content    
% lat  latitude in radiation 
% LWR long-wave radiation 
% MUF water uptake coefficient 
% NRAD net radiation 
% PSC  psychrometric constant 
% RO  runoff 
% RRAD  relative radiation 
% S  maximum abstraction 
% SD  solar declination 
% slope slope of vapor pressure curve 
% SSA  sun-set hour angle 
% SWR  short-wave radiation 
% TR  transpiration 
% WAD  water after drainage 
% WAT  water after transpiration 
% W_AT  water after transpiration (temporary) 
% WBD  water before drainage 
% WP water content at wilting point 
% ws2  wind speed at 2 m 
% Z  rootzone depth 
%{ 
Inputs 
This program uses a dataset that has 7 columns – column 1: solar radiation (MJ m2 d-1), 
column 2: maximum temperature (°C), column 3: minimum temperature (°C), column 4: 
dewpoint temperature (°C), column 5: precipitation (mm), column 6: windspeed at 10 m 
height (m s-1), and column 7: day-of-year (number). If your dataset has different 
columns, change the column index of a variable accordingly. 
%} 
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load data.dat;    % Load data from a file named data.dat 
rain = data(:,5);    % the 5th column of the data is precipitation 
latitude = 28.102;     % latitude of the weather station (degree) 
elevation = 53.0;          % elevation of the weather station (m) 
% 
% Parameters     % the parameter values are the default values 
DC = 0.55;              
Z = 400;      
CN = 65;      
MUF = 0.096;     
WP = 0.06;     
FC = WP+0.13;     
IW = FC;        
S = 25400/CN-254;    
IA = 0.2*S;      
lat = latitude*pi/180;    
PSC = 0.665*10^-3*101.3*((293-0.0065*elevation)/293)^5.26; 
% 
%ARID Computation (computes a vector of ARID using the dataset) 
for i=1:length(data)   

% First, compute ETo (Allen et al., 1998). 
 if mod(data(i,7),4)==0 
          days = 366; 
     else 
          days = 365; 
     end 
     ws2 = data(i,6)*4.87/log(67.8*10-5.42);  
     es = ((0.6108*exp(17.27*data(i,2)/(data(i,2)+237.3)))+... 

(0.6108*exp(17.27*data(i,3)/(data(i,3)+237.3))))/2;  
     slope = (0.6108*exp(17.27*((data(i,2)+data(i,3))/2)/(((data(i,2)+... 

data(i,3))/2)+237.3))*4098)/((data(i,2)+data(i,3))/2+237.3)^2; 
     SWR = (1-0.23)*data(i,1); 
     IRDES = 1+0.033*cos(2*pi*data(i,7)/days); 
     SD = 0.409*sin(2*pi*data(i,7)/days-1.39); 
     SSA = acos(-tan(lat)*tan(SD)); 
     extra = 24*60*0.082/pi*IRDES*(SSA*sin(lat)*sin(SD)+... 

cos(lat)*cos(SD)*sin(SSA));  
     CSR = (0.75+2*10^-5*elevation)*extra; 
     RRAD = data(i,1)/CSR; 
     ea = 0.6108*exp(17.27*data(i,4)/(data(i,4)+237.3)); 
     LWR = 4.903*10^-9*((data(i,2)+273.16)^4+(data(i,3)+273.16)^4)/2*... 

(0.34-0.14*sqrt(ea))*(1.35*RRAD-0.35); 
     NRAD = SWR-LWR; 
     ETo = (0.408*slope*NRAD+PSC*(900/((data(i,2)+data(i,3))/2+273))*ws2*... 

(es-ea))/(slope+PSC*(1+0.34*ws2)); 
 % 
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     % Then, compute ARID. 
     if rain(i)>IA 
          RO = (rain(i)-0.2*S)^2/(rain(i)+0.8*S);  
     else 
          RO = 0; 
     end 
     CWBD = rain(i)- RO;   
     if i==1 
          W_AT = Z*IW;    
     else 
          W_AT = WAT(i-1); 
     end 
     WBD(i) = CWBD + W_AT; 
     if WBD(i)/Z > FC 
          DR = Z*DC*(WBD(i)/Z - FC);  
     else 
          DR = 0; 
     end 
     WAD = WBD(i) - DR;  
     TR = min(MUF*Z*(WAD/Z-WP),ETo);  
     WAT(i) = WAD - TR;  
     arid(i) = 1-TR/ETo;       
end 
ARID = arid';          
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