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ABSTRACT 

Drought characterization and forecasting are extremely important in the planning and 

management of water resources systems, since droughts cause significant damage both in 

the natural environment and human society. In a transboundary region, especially, 

sustainable water use and water rights are major issues among communities and countries 

during droughts. For instance, the drought of the 1990s in the Conchos River Basin in 

Mexico resulted in the severe reduction of its inflows into the Bravo/Grande River. 

Because the Conchos River supplies approximately 70-80% of the flow of the Lower 

Bravo/Grande River, droughts in the Conchos River Basin affect many communities in 

the Lower Bravo/Grande River Basin, and become a controversial issue between the 

United States and Mexico. 

This research focuses on the application of nonparametric methods to characterize 

and forecast droughts using a drought index like the Palmer Drought Severity Index 

(PDSI). Nonparametric methods allow more flexible approaches to hydrologic problems 

in practice by approximating a function of interest. Based on a nonparametric probability 

density function estimator, comprehensive approaches for the evaluation of drought 

characteristics at a site and over a region are proposed in this study. 

Using a kernel density estimator, a nonparametric methodology is proposed for the 

synthetic generation of hydrologic time series. Based on the synthetic data, a 

nonparametric approach is introduced for estimating the bivariate characteristics of 

drought. A kernel density estimator is useful in the estimation of the probability density 
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function (PDF) and the cumulative distribution function (CDF) in two dimensions of 

drought properties. A methodology for the regional characterization of droughts is 

developed using the point drought properties. 

The nonlinear and nonparametric features of artificial neural networks (ANNs) 

provide a useful framework in forecasting hydrologic time series. A conjunction model is 

presented in this study in order to improve forecast accuracy for time series of droughts. 

The conjunction model is a hybrid neural network model combined with dyadic wavelet 

transforms. 

The overall results presented in this study indicate that the proposed methods are 

useful for identification of droughts, evaluation of drought characteristics, and prediction 

of drought occurrence. The appropriate evaluation and accurate prediction of droughts 

allow water resources decision makers to prepare efficient management plans and 

proactive mitigation programs which can reduce drought-related social, environmental, 

and economic impact significantly. 
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CHAPTER 1 

IINTRODUCTION 

1.1 General Remarks 

Drought characterization and forecasting have been important subjects in the planning 

and management of water resources systems, because droughts cause significant damage 

both in natural environments and human lives. Droughts are more destructive than other 

climatic and hydrologic extreme events such as earthquakes, tornadoes, hurricanes, and 

floods. Droughts are the most costly natural disaster in the United States (Riebsame et al. 

1991). Losses in the United States average $6-8 billion for severe droughts that extend 

for 12% or more of the United States continent on average every year. In recent years, 

droughts in the United States caused damages as high as $39 billion for the 1987-1989 

drought (National Drought Policy Commission 2000). After reviewing a wide range of 

the paleoclimatic literature including a variety of data sources like tree-ring data and 

instrumental records, Woodhouse and Overpeck (1998) suggested that droughts more 

severe than those of the 1930s and 1950s, which had the most severe impacts on the 

continental United States, were likely to occur in the future. 

A drought generally describes an extreme deficiency of water availability in the 

hydrologic cycle over an extended period of time. However, the concept of drought refers 

to a relative deficit of water related to normal conditions, while aridity indicates a more 

or less permanent climatic condition. For example, the mean annual precipitation in 

Newark, New Jersey is 1117mm, while the mean annual precipitation in Tucson, Arizona 
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is 305mm. A drought in New Jersey with an annual precipitation of 700mm would make 

for wet condition in Arizona. Therefore, a drought should be considered as a relative 

condition to the long-term average state, which is often perceived as "normal" of the 

balance between precipitation and evapotranspiration in an area. 

There is no universal definition of drought due to conflicting concepts of drought 

characteristics. Many attempts have been made to develop a comprehensive definition of 

drought. For example, Salas (1993) defined a drought as a sustained period of 

significantly lower soil moisture levels and water supply relative to the normal level that 

the local environment or society has stabilized. Werick and Whipple, Jr. (1994) defined a 

drought as a period of time when natural or managed water systems do not provide 

enough water to meet established human and environmental uses because of natural 

shortfalls in precipitation or streamflow. Based on the nature of the water deficit, Dracup 

et al. (1980) defined three types of drought; meteorologic, hydrologic, and agricultural 

drought, in order to consider a set of decisions. 

A drought is the result of complex interactions of climatic and hydrologic systems 

influenced by many unknown factors. It occurs over long periods and large areas with 

irregular intervals. There are two methods used mainly to reduce damage caused by 

droughts. Quantitative forecasts allow people to prepare in advance for severe droughts. 

The other method is to characterize droughts based on their recurrence properties using 

statistical frequency analysis. If a sufficient lead-time for forecasting is provided or if a 

rehable recurrence interval of drought events is estimated, in general, drought planning 

and proactive mitigation programs can be made to reduce drought-related impacts. 
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1.2 Hydrologic Frequency Analysis 

The discussion in this section follows the references; Chow et al. (1988), Bedient and 

Huber (1992), and Haan (2002). 

Frequency analysis is a traditionally practical method to estimate recurrences of 

hydrologic extreme events. This is generally applicable to a wide range of problems in 

hydrology including peak flows, runoff volume, low flows, rainfall, water quality 

parameters, ground water levels, and other hydrologic variables. The goal of frequency 

analysis is to estimate the magnitude of an event having a given frequency of occurrence 

or to estimate the frequency of occurrence of an event having a given magnitude. The 

frequency is often stated in terms of a return period, T, usually in years, or the probability 

of occurrence in any year, p. 

P,{x,)=l-p = l-^ (1.1) 

where p is the exceedance probability. 

Frequency analysis requires data to be homogeneous and independent. The 

homogeneity assures that observations are from the same population, and independence 

ensures that data can be analyzed without regard to their order of occurrence. 

An empirical frequency analysis may be performed without distributional 

assumptions by plotting data on any kind of probability paper, while analytical frequency 

analysis needs to estimate a theoretical "best-fit" according to the assumed distribution. 

In an empirical frequency analysis, data are ranked to assign their cumulative probability 

and plotted on the probability paper. Some of the most common relationships for plotting 

positions are shown in Table 1.1. The probability paper can be developed so that the 
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cumulative distribution can be plotted as a straight line. If a set of data plots as a straight 

line on the probability paper, the data can be said to be distributed as the distribution 

corresponding to the probability paper. Since it would be rare for a set of data to plot 

exactly on a straight line, a decision must be made to verify that the deviations from the 

line are random. 

An analytical frequency analysis is accomplished by estimating parameters of the 

assumed distribution and then by estimating the relationship between magnitude and 

probability using the fitted distribution. Chow (1998) provided a general form for 

hydrologic frequency analyses. 

Xj-x{}. +CyKj) (1.2) 

where xt is the magnitude of an event having a return period of T, cy is a coefficient of 

variation, and is a frequency factor. This relationship comes from Eq. (1.3) stating that 

the deviation from the mean is the product of the standard deviation s and a frequency 

factor K. 

X = x  +  s K  (1.3) 

A frequency factor, Kt, depends on the probability distribution being used and the 

return period. Table 1.2 summarizes probability density functions commonly used in 

hydrology, and gives equations for estimating the distribution's parameters from sample 

moments. Although some analytical methods are proven to be superior to others by a few 

rationalizations and some case studies, there are no direct theoretical connections 

between any analytical forms of the frequency distribution and the underlying 

mechanisms governing extreme events except the limit theorems. The primary 
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consideration in selecting a particular analytical form for the frequency distribution is that 

the distribution "best-fits" the observed data. 

1.3 Hydrologic Time Series Analysis and Forecasting 

The discussion in this section follows the references; Box et al. (1994), Chatfield (1996), 

and Haan (2002). 

A time series is a sequence of values collected over time on a particular variable. An 

ensemble is a set of time series measuring the same variables, and covering the same time 

period. A realization is a single time series. In general, a hydrologic time series will be 

composed of stochastic components superimposed on deterministic components. 

"Stochastic" means involving an element of uncertainty with a certain probability, while 

"deterministic" means involving an element with certainty. The deterministic components 

in a time series may be classified as periodicity, trend, jump, or combination of them. 

Hydrologists are usually able to observe only one realization of the stochastic 

process of interest. A consistent estimate of the properties of a process can be obtained 

from a single finite realization by ergodic theorems. Ergodic theorems show that, for 

random variables (X) of the stationary process, the sample moments of an observed 

record (x) of length T converge to the corresponding population moments as T becomes 

infinite, as given in Eqs. (1.4) - (1.6). In other words, time averages for a single 

realization converge to ensemble averages. 

0 
(1.4) 
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1 ' 
Var{X ) = lim — [ [x(t)- Eix^^ dt 

7"->oo T J 
n 0 

(1.5) 

0 

(1.6) 

Ergodicity is theoretically defined, but practically impossible to prove for any natural 

series. Hydrologists usually use estimates of population moments from the mean, 

variance, and covariance of samples. 

There are some stochastic models, which are useful in modeling hydrologic time 

series. Their mathematical representations are presented in Table 1.3. A pure random 

process, called white noise, is a sequence of random variables {Z,}, which are mutually 

independent and identically distributed. Random walk is a random sequence with 

uncorrected increments. Markov process means a random sequence such that the 

conditional distribution of the random variable depends only the previous value. The 

future of the Markov process is determined only by its present state. 

A useful model for hydrologic time series can be formed by combining 

autoregressive processes (AR) and moving average processes (MA) with differencing a 

time series, if necessary. The process is generally expressed as integrated autoregressive 

moving average models (ARIMA(p,(i,g)), where p is the autoregressive order, d is the 

order of differencing, and q is the order of the moving average components. The 

stochastic models assume that the time series is stationary. If a time series, X,, is not 

stationary, the di\\ differencing is needed to make the time series stationary. 
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1.4 Nonparametric Approaches for Frequency Analysis 

Nonparametric approaches can analyze and present data without any prior assumption 

about data. The discussion in this section follows the references; Silverman (1986), 

Bowman and Azzalini (1997), Efromovich (1999), and Venables and Ripley (1999). 

The role of probability density function is to encapsulate the random patterns of 

variation in records, which are not explained by the other deterministic terms of model. 

Probability density estimation is the fundamental problem in statistical hydrology. A 

customary use of density estimates is to present a data set as well as to make a kind of 

informal investigations of properties of data. The hydrologic frequency estimation is 

based on the estimation of probability density function of data. Let us consider a 

univariate random variable X distributed according to probability density function/. 

fix) summarized in Table 1.2. A histogram is the most common form for representing 

relative frequencies of grouped data. A histogram is formed by dividing the real line into 

equally sized intervals, called bins. It is a step function that begins at the origin and 

whose heights are proportional to the number of sample points contained in each bins. 

The nonparametric estimation of probability density functions is mainly based on a 

kernel function method. A kernel density estimator is then of the form 

b 

(1.7) 
a 

The aim is to find an estimate f (x) based on observations that fits the underlying 

(1.8) 
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A kernel function AT is a probability density function in itself, whose variance is 

controlled by a parameter h. Figure 1.1 illustrates a histogram and a probability density 

function estimated by a kernel density estimator. The estimated density function is a 

weighted average of kernels of the small neighborhood of the point of estimation. A 

detailed discussion of the nonparametric kernel estimator will be presented in Chapter 4 

and 5. 

1.5 Neural Networks for Hydrologic Forecasting 

A detailed discussion will be presented in Chapter 7. Artificial neural networks are one of 

the most exciting topics in nonparametric curve estimation as well as nonlinear function 

estimation. The idea of artificial neural networks stems from attempts to model a human 

brain, while other nonparametric methods such as local regressions have been motivated 

by either mathematical or numerical experiments. The three-layered neural network 

model is the simplest but most common form used in hydrologic models. The 

nonparametric features of neural networks are achieved in the training process to estimate 

weight strengths without any assumptions of the relationship between inputs and outputs. 

The nonlinear characteristics of neural networks are attained in the use of the nonlinear 

activation function. 

After appropriate training, artificial neural networks are able to generate satisfactory 

results for many hydrologic prediction problems. However, they tend to be data intensive, 

and have no established methodology for their designs and successful implementations. 

Thrumalaiah and Deo (2000) indicated that the better performance of artificial neural 
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networks seen in their study is only in respect to the problem they involved and the 

particular methods of comparison they employed. There are still needs to be studied on 

important aspects of neural networks such as physical interpretation of neural network 

architecture, optimal training data set, adaptive learning, and extrapolation. 

1.6 Literature Review 

1.6.1 Applications of Nonparametric Methods 

In recent decades, nonparametric methods for hydrologic frequency analysis were 

introduced and examined as an alternative to parametric methods. Lall (1995) illustrated 

hydrologic applications of nonparametric function estimation to frequency analysis, time 

series analysis, and spatial analysis. He pointed out that the traditional parametric 

frequency estimators for hydrologic extreme events do not meet criteria that frequency 

estimator should hold in practice. For example, the "best-fit" parametric model often 

departs from the empirical distribution function in the upper tail. He anticipated further 

improvements of nonparametric frequency analysis with the recent growth in the related 

statistical literature. He asserted that nonparametric estimators would be available for 

estimating extremes from small samples, considering multivariate extremes, and 

recognizing nonstationary climatic and land surface factors controlling hydrologic 

extreme events. 

Adamowski and Labatiuk (1987) and Adamowski (1985, 1996) proposed 

nonparametric methods for floods and low-flow frequency analysis. They showed that the 

nonparametric method overcomes some of the limitations inherent in parametric methods 
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and gives more accurate results than parametric methods. Guo (1991) proposed a 

nonparametric method for estimating probability density functions incorporating 

historical flood and paleo-flood information into kernel density estimation. The results 

showed that quantiles estimated by the nonparametric method are better than those 

estimated by selected parametric models both in descriptive ability and in predictive 

ability. Moon and Lall (1994) presented a direct kernel estimator with special boundary 

kernels to extrapolate beyond the largest recorded flow. An automatic "plug-in" method 

was used to select a bandwidth that minimizes the mean integrated square error, and 

bootstrapping was used to estimate confidence intervals for estimated quantiles. Using 

Monte Carlo simulation, they showed that the quantile estimate of kernel estimator is 

superior to other tail estimators. Lall and Bosworth (1994) presented a nonparametric 

methodology for exploring multivariate hydrologic data using the joint probability 

density function. Rajagopalan and Lall (1995) presented a discrete kernel estimator for 

estimating probability mass functions. Guo et al. (1996) developed a nonparametric 

kernel estimation model for estimating low flow quantiles based on annual minimum low 

flow data and Monte Carlo simulation tests. Their results indicated that a nonparametric 

kernel estimation method has small bias and root mean square error in low flow 

estimates. Specific literature reviews are provided in the related chapters. 

1.6.2 Applications of Neural Networks 

Artificial neural networks (ANNs) have shown great ability in forecasting hydrologic 

time series during the last few decades. A comprehensive presentation on the concepts 
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and applications of artificial neural networks in hydrology is in a series paper prepared by 

the ASCE Task Committee on Application of Artificial Neural Networks in Hydrology 

(2000 a, b). They served as an introduction to ANNs for hydrologists and made a brief 

comparison of the nature of ANNs. After reviewing a large number of ANNs applications 

to hydrology and water resources engineering, they found that ANNs are robust tools for 

modeling many nonlinear hydrologic processes such as rainfall-runoff, streamflows, 

ground water management, water quality simulation, and precipitation. Maier and Dandy 

(2000) addressed factors that should be followed in the development of ANNs such as the 

choice of performance criteria, the division and pre-processing of data, the determination 

of appropriate model inputs and network architecture, optimization of the connection 

weights and model validation. They concluded that all those factors may result in non-

optimal model performance and recommended that further research efforts should be 

directed towards the development of guidelines. These developments will assist ANN 

models to extract the knowledge that is contained in the connection weights of trained 

ANN models. Examples of recent works to predict and forecast hydrologic variables can 

be found in Hsu et al. (1995), Jain et al. (1999), Tokar and Johnson (1999), Anmala et al. 

(2000), Silverman and Dracup (2000), and Thrumalaiah and Deo (2000). 

Hsu et al. (1995) presented a modified ANN procedure named Linear Least Squares 

Simplex (LLSSIM) to identify the structure and estimate the parameters of three-layered 

feed forward ANN models. They demonstrated the potential of such models for 

simulating the nonlinear hydrologic behavior of watersheds, and concluded that the ANN 

approach provides a superior alternative to the ARMAX approach for input-output 
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simulation. ANNs also have the potential to be used in the development of streamflow 

forecasting models with distributed precipitation inputs. Jain et al. (1999) applied ANNs 

for reservoir inflow prediction and operation. ANN-based models were fitted to monthly 

flows and compared with ARIMA model results. They found that the ANN model 

predicted high flows well, whereas low flows were better predicted by the ARIMA 

model. They concluded that the ANN model is a powerful tool for input-output mapping 

and may be used effectively for reservoir inflow forecasting and operation. Tokar and 

Johnson (1999) employed ANNs to forecast daily runoff as a function of precipitation, 

temperature, and snowmelt. They found that the ANN model provided a more systematic 

approach and reduced the length of calibration data and time spent in calibration of the 

model. Anmala et al. (2000) utilized ANNs for predicting monthly runoff using 

precipitation and temperature as inputs. They concluded that the inclusion of feedback 

with recurrent neural networks generally resulted in better performances. Silverman and 

Dracup (2000) used ANNs to make long-term predicts using large-scale climate 

parameters. Thrumalaiah and Deo (2000) applied ANNs to real-time forecasting of 

hourly flood runoff and daily river stages, as well as to prediction of monsoon rainfall. 

1.7 Objectives of This Study 

This research focuses on the application of nonparametric methods to characterize 

droughts and to forecast drought events. Droughts are typically determined from the 

historical record alone. A number of hydrologic variables have been widely used in the 

literature for characterizing droughts. For example, precipitation data have been 
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commonly used for meteorological drought analysis, while streamflows have been widely 

applied for hydrologic drought analysis. In this study, drought indices will be considered 

as the main variable of interest for drought characterization and forecasting. A detailed 

discussion on drought indices is presented in Chapter 3. 

Drought events that can be drawn from the historical records have a large degree of 

uncertainty in their characteristics. An important subject of the drought study is the 

estimation of the recurrence of drought events. Conventional approaches for estimating 

the recurrence of hydrological extreme events use parametric methods on the condition 

that samples are assumed to be drawn from a known parametric family of distributions. 

However, there is no universally accepted distribution for hydrologic variables. 

Nonparametric methods provide a comprehensive approach for estimating the density 

function by approximating a function of interest. Another important issue on drought 

studies is to forecast droughts, which is very important in water resources management. 

A well-predicted drought allows water resources decision makers to prepare efficient 

water management plans in order to reduce social, environmental, and economic impacts 

related to droughts. The objectives of this study are 

(1) To develop a meteorological drought index in order to measure the departure of the 

moisture supply from normal taking into account the precipitation deficit in an arid 

region. Point estimates of the drought index will be regionalized, and a practical 

methodology for developing a regional drought analysis will be developed. This 

regional analysis allows characterizing a regional drought and providing useful 

information for water management in a basin. 
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(2) To develop a synthetic generation model based on nonparametric random generation. 

The model will be used as a feasible alternative to parametric models for the 

generation of high persistent hydrologic variables. The synthetic data provide 

valuable sources of information for drought characterization. 

(3) To develop a methodology using a nonparametric density function estimator in order 

to estimate the return period of droughts in a basin. The univariate and bivariate 

behavior of droughts will be examined. The return period considering the univariate 

and bivariate behavior of droughts is useful for design and water management in a 

basin. 

(4) To develop a nonparametric and nonlinear model in order to forecast droughts based 

on artificial neural networks. This model will be a hybrid neural network model 

combined with dyadic wavelet transforms. Improved forecasts allow water resources 

decision makers to develop drought preparedness plans in advance to mitigate social, 

environmental, and economic costs. 

The methods proposed in this study are applied in the Conchos River Basin in 

Mexico, which is the most important tributary of the Lower Bravo/Grande River. 



31 

Table 1.1 Common plotting position relationships (Chow et al. 1988; Haan 2002) 

Name Relationship 

California 

Hazen 

Weibull 

Cunnane 

Gringorton 

Adamowski 

m 

n 

2m -1 

In 

m 

n - l  

m-0.4 

n + 0.2 

m - 0.44 

n + 0.12 

m-0.26 

n + 0.5 

where m is the rank of observations from the largest (smallest) to the smallest (largest) 

value, and n is the number of years of record or the number of observations. 
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Table 1.2 Probability density functions commonly used in hydrology (Chow et al. 1988; 

Bedient and Huber 1992; Haan 2002) 

Distribution 

Normal 

Log-Normal 

Pearson Type III 

Log-Pearson Type III 

Exponential 

Extreme Value Type I 
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Weibull 

Generalized Pareto 
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Table 1.3 Conventional stochastic models used in hydrology (Box et al. 1994; Chatfield 

1996; Haan 2002) 

Name Mathematical Form 

Purely Random Process Z, ~ n(o,(7J ) 

Random Walk = X,_, + Z, 

Markov Process X, - ctX,-! + Z, 

Moving Average (MA) X, 
j=o 

AutoRegressive Process (AR) X, = Xa,X,.,+Z, 
/ = l 

ARIMA 

ARMA X, = j^a.X,_. 
;=1 ;=0 

i= l  j=Q 

where W, =(l-5)''X, 

VX, = X, -

B X ,  = 
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Figure 1.1. Illustration of the construction of a histogram (a) and a probability density 

estimate from a nonparametric kernel estimator (b). A probability density function is 

estimated by weighted averages of kernel functions. 
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CHAPTER 2 

CONCHOS RIVER BASIN: AN OVERVIEW 

2.1 Introduction 

The Conchos River Basin, shown in Fig. 2.1, lies within 26°N-30°N and 104°W-108°W, 

and has an area of 72,000km^. The Conchos River originates in the arid/semiarid 

Tarahumara range in the Mexican state of Chihuahua. Before reaching the Bravo/Grande 

River near Ojinaga in Mexico, the river flows almost 560km through Lake La Boquilla, 

which was formed by La Boquilla dam, and receives flows from three major tributaries, 

Florido, San Pedro, and Chuviscar rivers. Topographically, the Conchos River Basin can 

be divided into three main zones. A mountainous region in the Chihuahua Sierra with 

massive plateaus has a mean altitude of 2,500m and an annual precipitation of around 

1,000mm. A transition zone formed by a series of valleys surrounded by mountainous 

zones has an annual precipitation of about 450mm. The Chihuahua desert at an altitude of 

about 1,200m has an annual precipitation of nearly 300mm. The average annual 

precipitation in the basin is about 360mm. 

The waters of the Conchos River are primarily used for irrigation of nearly 80,000 

hectare in three major irrigation districts and for use in hydroelectric power plants located 

at La Boquilla and other minor dams. Surface water irrigation is fed by waters stored in 

La Boquilla, Francisco 1. Madero, and Luis L. Leon dams. Additionally, about 70,000 

hectare is irrigated by groundwater. Important Mexican cities such as Chihuahua, 
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Hidalgo del Parral, and Delicias are in the basin and growing rapidly due to 

industrialization. 

2.2 Binational Issues 

The Conchos River is the most important tributary of the Bravo/Grande River system. 

The flow of the Conchos River supplies approximately 70-80% of flows of the Lower 

Bravo/Grande River above the mainstream binational reservoir of Amistad/Falcon. A 

binational treaty between the United States and Mexico signed in 1944 specifies the 

minimum flows of the Bravo/Grande River to be delivered by Mexico. This treaty allows 

the flows to be below the minimum in a five-year average under the condition of 

"extreme drought". However, the concept of "extreme drought" is not explicitly defined 

in the treaty (Kelly 2001). 

The public impetus for understanding of the Conchos River Basin is growing, and 

the sustainability of the expanding water uses and the water rights in this region are the 

main issues between the United States and Mexico. A prolonged drought in the 1990s in 

northeastern Mexico has reduced the Conchos River inflow into the Bravo/Grande River, 

as shown in Fig. 2.2. The severe reduction of the Conchos River flows since 1994 caused 

disputes over water deliveries under the 1944 U.S./Mexico treaty on the use of the 

Bravo/Grande River. During the period of 1992-1997, Mexico owed the United States 

about l,240Mm^ (1.024 M acre-feet) for the water delivery under the treaty. At the close 

of the third year of the five-year cycle from October 1997 to September 2000, Mexico 
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had delivered a total of 490Mm^ (0.407 M acre-feet), and the total deficit became 

l,670Mm^ (1.381 M acre-feet) (International Boundary and Water Commission 2002). 

2.3 Climatological Droughts in the Conchos River Basin 

The flows of the Conchos River to the Bravo/Grande River have declined substantially 

since 1994 due to an extended drought in Mexico. Liverman et al. (2001) pointed out that 

all northern Mexico and the southwestern United States experienced the worst drought on 

record in the 1950s, which suggested a large-scale forcing mechanism over the climate of 

subtropical North America. The basin was also under extreme drought conditions from 

the mid 1940s to early 1960s and wetter conditions began in the late 1970s and ended at 

the beginning of the 1990s. 

The climate of the Conchos River Basin ranges from dry subtropical in the north to 

semi-dry subtropical in the center and south. Since the Conchos River Basin is isolated 

from moisture sources and affected by the subtropical high-pressure belt, the basin has 

low rainfall and high variability of precipitation. During the monsoon season, however, 

the formation of thermal lows and the influence of maritime tropical air masses bring in 

moisture and convective activity (Cavazos 2001). Failure of the summer rains has a 

dramatic impact over the basin. Dry soil and high surface temperatures increase the 

evapotranspiration, which affects grassland and agriculture. The droughts in the Conchos 

River Basin due to lower than normal rainfall, resulted in irrigation cutbacks and severe 

agricultural losses on both sides of the border (Liverman et al. 2001). For example, as 

shown in Fig. 2.3, the 1990s rainfall has been significantly below the normal precipitation 
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in terms of the magnitude of annual precipitation and the distribution of monthly 

precipitation. In 1994, the annual precipitation reached only 48% of the normal 

precipitation and less than 11% of the annual precipitation fell in the first 5 months 

(January-May). The drought during the 1990s drove many small farmers off the land and 

produced a 30% reduction in the cattle inventory (Centro de Investigaciones sobre la 

Sequi'a 1997). 

Despite the enormous water management challenge in the Conchos River Basin and 

the strong interdependence between the availability of waters in the Lower Bravo/Grande 

River and flows from the Conchos River, there has been little investigation and public 

discussion of water use and trends in the Conchos River Basin (Kelly 2001; Liverman et 

al. 2001). 
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Table 2.1 Precipitation and temperature stations in the Conchos River Basin 

ID Name Latitude Longitude Data 

1 Camargo 27.68 -105.17 1957 - 2000 

2 Ciudad Delicias 28.20 -105.43 1957 - 2000 

3 Hidalgo Del Parral 26.88 -105.75 1957 - 2000 

4 La Boquilla 27.53 -105.40 1957-2000 

5 Las Burras 28.50 -105.42 1957 - 2000 

6 Chihuahua 28.05 -106.07 1960 - 2000 

7 Zaragoza 27.45 -105.80 1976 - 2000 

8 Ojinaga 29.57 -104.42 1957- 1998 

9 Ciudad Jimenez 27.13 -104.93 1957 - 1998 

10 Villa De Aldama 28.83 -105.18 1960- 1993 

11 Balleza 26.95 -106.17 1957 - 1993 
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Figure 2.1. Location of the Conchos River Basin. The numbers in the large scaled map 

indicate precipitation and temperature stations in Table 2.1. 
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Figure 2.2. Annual Conchos River inflows into the Bravo/Grande River at Ojinaga, 

Mexico, 1955-2000. 
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Figure 2.3. Cumulative precipitations in the 1990s for the Conchos River Basin, 1955-

2000. The solid line indicates the long-term (1955-2000) mean precipitation. 
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CHAPTER 3 

UNDERSTANDING DROUGHT INDICES 

3.1 Introduction 

It is difficult to develop a single definition of drought since droughts affect a wide variety 

of fields related to water resources systems. However, it is necessary to develop some 

numerical standard for comparing measures of past droughts and their spatial variability 

(Heim Jr. 2000, 2002). Some drought indices measure how much precipitation for a given 

time period has deviated from a historically established norm and the cumulative effects 

of a prolonged and abnormal moisture deficiency in soil and surface water. Several 

indices have been developed so far, for example. Percent of Normal Precipitation (PNP), 

Standardized Precipitation Index (SPI), Palmer Drought Severity Index (PDSI), Crop 

Moisture Index (CMI), Surface Water Supply Index (SWSI), and Reclamation Drought 

Index (RDI). Some indices are better suited than others for certain uses and locations 

even though none of them is superior to the rest (Heim, Jr. 2000, 2002). 

In the United States, the PDSI has been widely used by the U.S. Department of 

Agriculture to determine when to grant emergency drought assistance, and the SPI is used 

by the National Drought Mitigation Center (NDMC, http://drought.unl.edu/) to monitor 

moisture supply conditions on various time scales. The SPI is recommended since it is 

simple to calculate, spatially invariant, and interpretable for probabilistic analysis 

(Guttman 1998). The PDSI, however, is selected as a drought monitoring tool by several 

U.S. government agencies and successfully appHed in the world (Dalezios et al. 2000; 

http://drought.unl.edu/
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Heim Jr. 2002), since it assesses the long term meteorological drought, provides a 

measurement of the abnormality of recent weather conditions in historical perspective, 

and standardizes the spatial and temporal representation of droughts. In addition, the 

PDSI is more effective in measuring impacts sensitive to soil moisture conditions than 

other indices developed so far (Wileke et al. 1994). 

3.2 Palmer Drought Severity Index 

In 1965, Palmer proposed a meteorological drought index, called Palmer Drought 

Severity Index (PDSI), based on the water balance between moisture supply and demand. 

The index uses a monthly time series of precipitation and temperature to produce a single 

numerical value that represents the severity of wetness or dryness for a particular month. 

Based on analyses in western Kansas and central Iowa, classes for wetness and dryness 

were set up and given in Table 3.1. The folio wings are the procedure originally described 

in the report by Palmer (1965) and related papers (Alley 1984; Karl 1983, 1986). 

3.2.1 Available Water Capacity (AWC) of the Soil 

The PDSI sets a climatic water balance using historical records of monthly precipitation 

(P) and temperature (7). Soil moisture storage is represented by two soil layers. The 

upper layer, called the surface soil layer, is assumed to contain one inch of available 

moisture at field capacity, which Palmer originally used and the National Climatic Data 

Center (NCDC, http://www.ncdc.noaa.gov/oa/ncdc.html) recommends. The underlying 

layer has an available capacity that depends on the soil characteristics of the site being 

http://www.ncdc.noaa.gov/oa/ncdc.html
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considered. Palmer used an available water capacity (AWC) of nine inches for central 

Iowa and five inches for western Kansas. The AWC varies soil to soil and can be taken as 

a value, which is more or less representative of the area in general. 

Moisture cannot be removed from the underlying layer until all available moisture 

has been removed from the surface layer. Runoff is assumed to occur when both layers 

reach their combined moisture capacity. 

3.2.2 Potential Hydrologic Values (PHV) 

Four potential hydrologic values should be computed and used in computing climate 

coefficients. Potential evapotranspiration (PE) is defined as a quantity of water 

evaporated under existing atmospheric conditions. The evapotranspiration loss from the 

surface layer, Ls, is assumed to take place at the potential rate, and the evapotranspiration 

loss from the underlying layer, Lu, depends on the initial moisture content in the 

underlying layer, the potential evapotranspiration, and the combined available moisture 

capacity (AWC) in both soil layers. 

where Ss and Su are the amounts of available moisture stored at the beginning of the 

month in the surface and underlying layer, respectively. 

Potential recharge (PR) is the amount of moisture that could be absorbed by the soil 

expressed by the difference between the AWC and the current soil moisture. 

Lj = min[Sg, {PE - P)] (3.1a) 

(3.1b) 
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PR = AWC - (Ss + Su ) (3.2) 

Potential loss (PL) is the amount of moisture that could be lost from the soil to 

evapotranspiration provided that precipitation during the period is zero. 

PL = PLs + PL^ (3.3) 

where PL^ - min{PE,Ss ), PLy = (PE - PL^ , and PLy < 

Potential runoff (PRO) is the difference between potential precipitation and potential 

recharge. 

PRO = AWC-PR = Ss+Su (3.4) 

3.2.3 Precipitation for the CUmatically Appropriate For Existing Conditions (CAFEC) 

The climate coefficients are computed as the ratio among monthly averages of actual 

values versus monthly potential values, which are used to compute the amount of 

precipitation (P) required for the Climatically Appropriate For Existing Conditions 

(CAFEC). The difference, d, between the actual and CAFEC precipitation is an indicator 

of water deficiency for each month. 

d ^ P - P  =  P - ( a P E  +  / 3 P R  +  y P R 0  +  S P L )  (3.5) 

ET R RO L 
where a = =, B - •=, y = =, and S = = for 12 months. The value of d is 

PE PR PRO PL 

regarded as a moisture departure from normal, because the CAFEC precipitation is an 

adjusted normal precipitation. 
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3.2.4 Moisture Anomaly Index (MAI) 

A Palmer moisture anomaly index (PMAI), Z, is defined as 

Z = Kd (3.6) 

where Ki&a. weighting factor, which can be determined from the climate record. After 

considerable experiments. Palmer suggested an empirical relationship for K such that 

K, = 

f \ 

17.6 
12 _  , 

i=l 
\ 

Ki = 1.5 log 10 

K: 

PE + R+RO 

P + L 

(3.7a) 

+ 2.8 D + 0.5 (3.7b) 

where is the average of the absolute values of d, and is dependent on the average 

water supply and demand. 

3.2.5 Palmer Drought Index (PDI) 

Having established the values of K, the PDSI is given by 

Xi})^ 0.897X{i-l)+^Z{}) (3.8) 

where X{i) is the PDSI for ith month. 

The value of X in Eq. (3.8) has to approach zero when consistently normal, wet, or 

dry weather condition occurs after a dry or wet spell. The application of Eq. (3.8) requires 

the identification of the initial month of a dry or wet spell. In order to solve these 

problems. Palmer developed a percentage probability, Pe, that a dry or wet spell has 

ended. 
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j=0 
xlOO% (3.9) 

-2.691X{i-1)-1.5, inadryspell 

- 2.691X{i -1)+1.5, inawet spell 
(3.10) 

(3.11) 

where j* corresponds to the number of successive values of t/(/). 

Ze is the moisture required to reduce the severity of a drought to -0.5 in a dry spell 

and +0.5 in a wet spell. In a dry or wet spell, when Pg equals 100%, the dry or wet spell 

is over. However, the dry or wet spell does not end during the month when Pg reaches 

100%. The dry or wet spell is considered to end the first month when Pg becomes greater 

than 0%, and the changed spell (wet from dry or dry from wet) continues to remain above 

0% until it attains the value of 100%. For example, in a dry spell, if Pe is equal to 0, 5, 25, 

75, and 100% during a five consecutive month sequence, the dry is considered to end 

during the second month (when Pe is equal to 5%) in the sequence, and the wet spell 

continues until Pe is equal to 100%. 

The PDSI is no longer a meteorological index. Since the PDSI is associated with 

moist inflow (P), outflow {PE+RO), and a change in storage {R-L), it would be 

appropriately considered as the Palmer Hydrological Drought Index (PHDI). The PHDI 

does not change sign until Pe equals 100%. Therefore, the main difference between the 

PDSI and the PHDI is the treatment of the beginning and ending times of dry or wet 

periods. 
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The PDSI is a meteorological drought index since when the weather begins to return 

to a new regime, regardless of water storage conditions, the index will rapidly respond 

and return to near normal values. The PHDI reflects water availability more closely than 

the PDSI, however, when a dry or wet spell is ending. 

3.3 Critiques of the PDSI and Applicability in the Conchos River Basin 

The PDSI has a number of characteristics useful for drought monitoring. For example, it 

provides a measure of the abnormality of weather for a region and an opportunity to place 

current conditions in historical perspective. In addition, the PDSI is a standardized value 

available to compare and assess regional droughts. However, several researchers have 

presented limitations of the PDSI (Alley 1984; Guttman 1998; Heim Jr. 2000, 2002; 

Dalezios et al. 2000). The limitations of the PDSI result from the water balance model 

and the PDSI characteristics, in particular, 

(a) The use of the Thornthwaite method results in inappropriate estimates of the potential 

e vapotranspiration. 

(b) The arbitrary use of one inch of moisture capacity of the surface soil layer does not 

represent a wide variability of surface soil layers depending on the climate, the soil 

texture, and vegetation coverage of the area. 

(c) The assumption related to the runoff fails to explain the physical delay of generation 

of excess water and underestimates the recharge during wet seasons. 

(d) Ignoring the effect of snowmelt or frozen ground prevents the PDSI from being used 

in cold regions. 
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(e) The sensitivity of the PDSI to the calibration period requires a careful estimation of 

the CAFEC precipitation. 

Despite several assumptions and limitations, the PDSI can be a useful tool for both 

research and operational drought assessment, if it is used appropriately and the 

limitations are acknowledged (Karl et al. 1987; Dalezios et al. 2000). Since the PDSI was 

specifically designed to treat the droughts in semiarid and dry sub-humid climates where 

the local precipitation is the primary source of moisture (Heim Jr. 2002), the application 

of the PDSI to the Conchos River Basin is reasonable. Due to the lack of soil type 

information, it was assumed that the surface soil layer water capacity is one inch and the 

underlying soil layer water capacity is six inches in the Conchos River Basin. These 

values are adopted from the National Climatic Data Center (NCDC), which are the values 

of AWC used in the Texas Climatologic Region 5, which is in the immediate vicinity of 

the Conchos River Basin. 

The Thornthwaite method, which was developed for coastal condition using daily 

average air temperature, has been used in the PDSI calculation since the limited available 

data required a simple form for estimating the potential evapotranspiration when Palmer 

developed the PDSI. However, this method sometimes estimates inaccurate potential 

evapotranspiration compared with other methods developed so far. In this study the 

potential evapotranspiration is computed by the Hargreaves method. 
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3.4 Hargreaves Method for Potential Evapotranspiration 

The Hargreaves method is a temperature-based model estimating the energy availability 

for potential evapotranspiration. The energy available at the land surface controls 

evapotranspiration from open water and a well-watered reference crop (Shuttleworth 

1993). The following empirical equations account for measurements of solar energy. 

The extraterrestrial solar radiation can be calculated from 

Sq = 15.392<i^(w^ sin (ji sin 6 cos 0 cos 6 sinw^) (3.12) 

where dr is the relative distance between the earth and the sun given by 

= 1-1-0.033 coi' 
,365 , 

where / is the Julian day number. The solar declination in radians, 5, is given by 

In 

(3.13) 

J = 0.4093 5m -y-1.405 (3.14) 
365 

\ / 

and Ws is the sunset hour angle in radians given by 

= cos'^-tan^tanS) (3.15) 

where (j) is the site latitude. 

The potential evapotranspiration estimated by the Hargreaves method is given by 

/'£ = 0.0023Z°'5o(r + 17.8) (3.16) 

where T is the mean temperature of a day in °C, and Aj is the difference between mean 

monthly maximum and mean monthly minimum temperatures. The value estimated by 

Eq. (3.16) is the potential evapotranspiration in a day, and can by averaged over a month 

to be used in the PDSI calculation. 
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The Hargreaves equation has been shown to provide better estimates of 

evapotranspiration than the Thornthwaite method, which Palmer originally used. The 

improvements of the Hargreaves equation for evapotranspiration result from an explicit 

link to solar radiation, through the water equivalent of extraterrestrial radiation and the 

difference between maximum and minimum temperature (Hargreaves and Samani 1982; 

Mohan 1991). 

3.5 Drought Characteristics in the Conchos River Basin 

The regional PMAI, PDSI and PHDI are calculated using the areal mean of precipitation 

and temperature, and are shown in Fig. 3.1, 3.2, and 3.3, respectively. During the period 

of record, 1957-2000, the total drought occurrence probability is 60.8% (321 months 

below -0.5 of PDSI). Based on Palmer's classification of drought, the basin has 47 

months (8.9%) of incipient drought, 116 months (22.0%) of mild drought, 112 months 

(21.2%) of moderate drought, 42 months (7.9%) of severe drought, and 4 months (0.8%) 

of extreme drought. When a drought event is defined as a period during which the PDSI 

is consecutively below -0.5, 29 separate drought events are identified in the Conchos 

River Basin. The severest drought lasted 56 months from August 1961. In the 1990s the 

basin has experienced two severe droughts in terms of severity and duration. The first one 

started in July 1992 lasting for 47 months, and its intensity was -3 (severe drought). The 

second one started in June 1997 lasting for 43 months, and its intensity was -2.54 

(moderate drought). 
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Kim et al. (2002) developed a drought intensity - areal extent - frequency (DAF) 

curve, as shown in Fig. 3.4, to assess the severity of regional droughts in the basin. Based 

on the areal distribution of drought intensity for historical droughts, the DAF curve 

describes the spatial and recurrence characteristics of drought in the basin. The DAF 

curve shows that the droughts that occurred in the 1990s are associated with return 

periods of 80 to 100 years with large areal extents. 

Velasco et al. (2002) investigated spatial characteristics of droughts in the Conchos 

River Basin, as shown in Fig. 3.5. The moisture deficit prevailed over the basin in 

December 1998-2001. In 1998, only the south part had values near to long-term mean. 

This happened because the south region is topographically high. In 1999, the basin 

revealed a sharp and generalized deficit in the whole basin, reaching values of the PDSI 

as low as -5 (extreme drought). In 2000, there seemed normal conditions in most of the 

basin, and the humidity was more abundant in the mountainous area. This relatively high 

humidity in the basin was only because of abnormal rains in June 2000. In 2001, the 

basin had negative values of the PDSI for the whole area except for the western 

mountainous area. 
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Table 3.1 PDSI classes (Palmer 1965) 

X Class 

~ Extremely wet 

3.00 to 3.99 Very wet 

2.00 to 2.99 Moderately wet 

1.00 to 1.99 Slightly wet 

0.50 to 0.99 Incipient wet 

0.49 to -0.49 Near normal 

-0.50 to -0.99 Incipient drought 

-1.00 to -1.99 Mild drought 

-2.00 to -2.99 Moderate drought 

-3.00 to -3.99 Severe drought 

< _4 QQ Extreme drought 
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Figure 3.1 Palmer Moisture Anomaly Index (PMAl) in the Conchos River Basin 
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Figure 3.2 Palmer Drought Severity Index (PDSl) in the Conchos River Basin 
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Figure 3.3 Palmer Hydrological Drought Index (PHDI) in the Conchos River Basin 
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Figure 3.4 Drought ii\tensity - areal extent - frequency (DAF) curve for the Conchos 

River Basin with the historical droughts in the 1990s (Kim et al. 2002) 
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Figure 3.5 Spatial distribution of PDSI in the Conchos River Basin (a) December 1998 

(b) December 1999 (c) December 2000 (d) December 2001 (Velasco et al. 2002). All 

figures use the same label (PDSI) used in (d). 
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CHAPTER 4 

SYNTHETIC GENERATION OF HYDROLOGIC TIME SERIES BASED 

ON NONPARAMETRIC RANDOM GENERATION 

4.1 Introduction 

One of the purposes of stochastic hydrology is to generate sequences, which can be used 

to quantify uncertainty of a hydrologic system through Monte Carlo simulations. For 

water resources systems, Monte Carlo simulations enable more reliable evaluations of the 

performance of complex hydrologic systems, when restricted by short instrumental 

records of hydrologic variables. For instance, Monte Carlo simulations have been used 

for evaluating the performance of a reservoir and a water delivery system, determining 

drought properties, estimating the return period of floods and droughts, and studying the 

impacts of global climate change on water resources systems (e.g., Salas 1993; 

Srikanthan and McMahon 2001; Salas et al. 2003). 

Synthetic hydrologic time series may be generated from stochastic models, which 

execute mathematical models containing random components. Stochastic models are 

designed to preserve and reproduce the statistical characteristics of observations. The 

models employed in stochastic data generation are built under the assumption that the 

future will be statistically similar to the past. The statistically similarity is realized by the 

preservation of statistical characteristics like mean, variance, and skewness as well as 

persistence of data. 
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4.1.1 Literature Review 

Conventional parametric methods such as Autoregressive moving average (ARMA) 

models or Markovian models have been widely used for hydrologic applications in 

practice, since their mathematical descriptions have been well developed for stationary 

processes, and computer software has been available for practitioners (Salas 1993; 

Sharma et al. 1997). Although special programs for hydrologic modeling and simulation 

such as HEC-4, LAST, SPIGOT, CSUPACI, WASIM, and SAMS, are widely available, 

they mainly consider parametric model structures like the family of ARMA models 

(Salas 1993; Sveinsson et al. 2003). They require that an assumption should be made 

about the distribution. Most parametric models, especially the family of ARMA models, 

assume that the variable under consideration is normally distributed. To satisfy this 

assumption, hydrologic observations are often transformed, for example, using a power 

transformation or Box-Cox transformation, to make the data normally distributed. This 

assumption, however, is a shortcoming of parametric models (Sharma et al. 1997), and 

has motivated the development of nonparametric approaches. 

Applications of nonparametric methods to classic hydrologic problems in frequency 

analysis, time series analysis, forecasting and simulation, and spatial analysis have been 

an active research area (Lall 1995). In practice, nonparametric approaches are more 

flexible than parametric methods by locally approximating a function of interest. Since 

1993, Lall and his colleagues have developed a framework to simulate hydrologic 

variables based on nonparametric Markovian approaches (Lall et al. 1996; Rajagopalan et 
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al. 1994,1996,1997; Lall and Sharma 1996, Sharma et al. 1997; Rajagopalan and Lall 

1999). 

Rajagopalan et al. (1994,1996) and Lall et al. (1996) developed a nonparametric 

model for simulating daily precipitation regardless of successive dry and wet spell 

lengths, which may or may not be dependent. In their studies, a kernel function estimator, 

which is a weighting function primarily used in nonparametric function estimation, 

provided estimates of the required probability densities such as marginal, joint, 

conditional, and transition probabilities. Monte Carlo simulations show that features of 

real data are well reproduced by the model. This model scheme can be easily applied to 

daily weather variables including solar radiation, maximum and minimum temperature, 

average dew point temperature, and average wind speed, which is based on the smoothed 

conditional bootstrap and is equivalent to the nonparametric Markov process using a 

kernel density estimator (Rajagopalan et al. 1997; Rajagopalan and Lall 1999). 

A nearest neighbor bootstrap method was introduced for resampling monthly 

streamflows (Lall and Sharma 1996). This method uses multivariate nearest neighbor 

probability density estimation, which is driven from data to preserve the dependence 

structure of data while bootstrapping. Sharma et al. (1997) developed a nonparametric 

Markov model for simulation of monthly streamflows based on the multivariate density 

function such as joint and conditional probability function. Kernel methods are used to 

estimate the multivariate density function. The model has a Markovian structure to 

represent time dependent characteristics of streamflow. Simulation proceeds by 

sequentially resampling from the conditional density function estimated by the kernel 
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density estimator. The selection of the appropriate bandwidth, which is a smoothing 

parameter of a kernel function, affects model performance. Various bandwidth estimation 

methods were tested to evaluate the performance of bandwidth estimation for the 

nonparametric streamflow simulation model (Sharma et al. 1998). Results of their study 

provide guidance and insight of nonparametric multidimensional density estimation for 

small sampled hydrologic variables. 

4.1.2 Objectives of This Study 

Despite successful applications of nonparametric approaches to hydrologic frequency 

analysis, nonparametric approaches have the limitation that they do not extrapolate 

beyond the range of the record. Since this limitation is due to the locally weighted 

method in estimating density, bandwidth, and parameters, the required sample size for 

estimating the probability density function of interest is likely to be larger than for 

parametric estimation (Srikanthan and McMahon 2001). In addition, although 

nonparametric models for simulation have been successfully applied to hydrologic 

variables, nonparametric models are restricted to be applied to the highly persistent 

variable because the estimation of high dimensional density function is impossible due to 

so called the "curse of dimensionality" (Scott 1992), which is the difficulty to carry out 

density estimation in more than 4 dimensions due to the lack of human's ability in 

perception of high dimension. In addition, the sample size required to ensure that the 

relative mean square error is less than 0.1 is more than 10,000 (Silverman 1986). 
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This study focuses on the development of a synthetic model for hydrologic variables 

with high persistence. A short review of the first-order nonparametric model (NPl) is 

provided in Section 4.3. Then, a synthetic model based on nonparametric random 

generation is presented, which is developed through combining the parametric and 

nonparametric models for simulating monthly hydrologic variables. 

4.2 Kernel Density Function Estimator 

4.2.1 Probability Density Estimation 

The probability density function,/(x), represents the distribution of probability associated 

with random values (X) (Haan 2002) as follows; 

b 

P{a<X f ixy ix  for alia <& (4.1) 
a 

whereP{a <X<b)\s ,  the probability thatX lies between a and b.  

The parametric approach to density function estimation assumes that data are drawn 

from one of a known parametric family of distributions with mean /J, and variance c^. The 

density function is estimated by finding a set of parameters from data using parameter 

estimation methods like moments, L-moments, or maximum likelihood methods (Haan 

2002). The nonparametric approach makes it possible to estimate a density function using 

less rigid assumptions about data. In the nonparametric approach, a kernel function is 

used to generahze the density function estimation. 

Given a set of n observations xi ,  x„, a mathematical expression of a univariate 

kernel probability density estimator is 
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nh i=i 

^  X - X : ^  

h 
(4.2) 

where iiT is a kernel function, and his  a  bandwidth that controls the variance of the kernel 

function. A kernel function is usually a symmetric probability density function satisfying 

-f-OO 

I  K(x) ix  = 1 (4.3a) 

-TOO 

I  xK{x) ix  = 0 (4.3b) 

I x^K{x^X ^ 0 (4.3c) 

Table 4.1 shows examples of kernel functions typically used in hydrology and water 

resources engineering (Silverman 1986; Lall et al. 1996). The kernel efficiency is, in 

general, examined using the ratio of the kernel constant, which is given by Eq. (4.4), to 

the Epanechnikov kernel (Silverman 1986). The efficiency of each kernel in Table 4.1 is 

close to one. The choice of a kernel causes very small differences in estimating the 

density function as measured by the mean integrated squared error (Silverman 1986). 

C(K)= 
-t-oo +00 

^x^K{x) ix \  ^Kix^dx (4.4) 

4.2.2 Bandwidth Estimation 

The choice of the bandwidth, h,  is an important issue in estimating the probability density 

function, since the kernel estimator is very sensitive to bandwidth (Moon and Lall 1994; 

Adamowski 1996). The bandwidth h determines the smoothness of the estimated density 
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function. The optimal bandwidth can be estimated based on the statistical properties of 

the kernel function estimator. Since the jc/'s are assumed to be independent and 

identically distributed, the expected value of the estimated density function and bias are 

given by 

•|/W]= 1 

nh 

^x-x ,  ̂  

+00 

h 
=  - t \ E  

n ;=1 
K 

X - X : ^  

V h y. 
K 
/ \ 
'  X - X  

V ^ 

V h ,  
dy  

b ias{x)  =  E\ f{x^-  f {x)= j  f  { y )^k{dy- f  (x)  

(4.5) 

(4.6a) 

Let t  -  ——- , and use Eq. (4.3a), bias{x)  becomes 
h 

+00 -|-00 

bias{x) -  j  f {x-h t )K{t )d t  -  f{x)= jK{t ){ f{x-h t ) - f {x)} i t  

A Taylor series expansion gives 

f {x  -  ht )= f {x) -h t f ' {x )+^h^t^ f \x )+ • •  •  

and thus, 

+00 +00 ^ -

bias(x)= jK{ t ){ f{x-h t ) - f {x)] f l t  =  jK{t )^h t f ' {x )+ — h^ t^ f"{x)+-- -

+00 ^ +00 

=  - h f X x ) \ +  - h ^ f " { x ) j  +  • • •  

^h 'r{x) \ t 'K{t )dt  

dt  

(4.6b) 

(4.6c) 
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Similarly, the variance of f {x )  can be estimated as follows 

2 

= ̂  jK{t f  f {x -h t )d t - - \ f ix )+ 
nn n  

=  ̂ f { x ) j K i t f d t  +  0 ( n - ' )  

(4.7) 

From Eq. (4.6c) and (4.7), it is seen that the bias depends on the bandwidth, h,  while 

the variance depends directly on both the sample size, n, and bandwidth, h. When h is 

chosen too small, the integrated variance becomes large, while the bias is reduced. On the 

other hand, a large bandwidth reduces the variance, but introduces systematic bias into 

the estimation. For an asymptotically optimal choice for h, an overall measure of the 

A 

effectiveness of / is provided by the mean integrated squared error (MISE), described in 

Bowman and Azzalini (1997) and Silverman (1986) provide the approximate MISE 

based on the estimated bias (Eq. (4.6c)) and variance (Eq. (4.7)). 

Eq. (4.8). 

MISE = E 

(4.8) 
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1 +00 +00 1 +00 

MISE-^-h '  j f " (x fdx  jx 'K(x) lx  +—jK(xydx  (4.9) 

The optimal value of h is the one that minimizes the MISE.  

dh  
(MISE)=O 

-j-OO +00 ^ +00 

h ^ f f ^ i x f d x  \ x ^ K { x y , x  - \ K { x y d x  =  Q  
•"  • '  nh  ^  

I  Kixy  dx  
h'  = 

nj f"{xydx ^x^K{x) i .  

Kp, =• 

J Kix^dx 

1 / 5  

1 / 5  

1 / 5  

j  f "{xy  dx  ^x^K{x)dx  

2 / 5  
(4.10) 

The optimal bandwidth, hopt, defined in Eq. (4.10) is not tractable, since h„pi depends 

on the unknown density to be estimated. The problem of choosing a bandwidth is of 

crucial importance in density estimation (Silverman 1986). There is, however, no 

universally accepted approach to this problem. Silverman (1986) estimates the optimal 

bandwidth for a Gaussian (Normal) kernel as given by 

Kp,  = 
^  4  

cy (4.11) 

where cris the standard deviation of the records. The normal optimal smoothing 

represented by Eq. (4.11) requires very little calculation, and tends to reduce variance 
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(Bowman and Azzalini 1997). The use of the normal optimal smoothing provides 

advantages in the practical implementation in multi- as well as one-dimensional cases. 

4.3 First Order Nonparametric Model 

Sharma et al. (1997) developed the first-order nonparametric Markov model (NPl) to 

simulate seasonally nonstationary streamflow. The NPl model is based on the conditional 

distribution of Xt and its prior value Xt-i, given by 

(4.12) 

Since the conditional density is achieved by slicing the bivariate density function 

represented as a sum of slices, the NPl model generates synthetic values by selecting Xt 

as a random variate from the kernel slice. 

X , ^ b , +  ,  w h e r e  -  x , .  +  ( x , _ ,  -  x , . . ,  ( 4 . 1 3 )  
S22 

" S 22 

where x,'s are observations, S is the covariance matrix of (x,-, x;.y), S = 
5,1 S12 

^•^21 ^22 y 

, X is 

the bandwidth of the kernel function, and W, is a random component with N(0,1). 

Parameter ht is one of hi which is selected to have the maximum probability of 

contributing weights (w,) given by Eq. (4.14). 



70 

W: 

exp 

^exp 
;=i 

2 ^ 

2/1'5 22 
(4.14) 

2A^S 22 

The NPl model was more flexible than conventional parametric models in 

reproducing statistics such as the mean, standard deviation, lag 1 correlation, and 

skewness, as well as the marginal and joint distributions, when applied to the simulation 

of monthly streamflows of the Beaver River in Utah. The NPl model has been 

successfully applied to streamflow generation (Sharma et al. 1997), and its concept has 

been used to forecast streamflows (Sharma 2000). However, it is not effective when 

applied to the synthesis of persistent hydrologic time series, which may have a higher 

order dependent structure. 

4.4 Semi-Nonparametric Model 

4.4.1 Nonparametric Random Generation 

A random component in hydrologic simulation model controls the shape of the density 

function of generated data. In this section, a nonparametric random generation method is 

presented, which is based on the inverse transformation method (Feldman and Valdes-

Flores 1996; Haan 2002). 

Using the fact that the cumulative probability distribution function is uniformly 

distributed over the interval 0 to 1, a random number may be generated preserving its 

probability distribution. Let i? be a random variable with a continuous uniform 
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distribution over the interval 0 to 1, and F be an arbitrary cumulative distribution function 

(CDF). The inverse transformation of the CDF generates a random variable X defined by 

X = F'\r) (4.15) 

where P { X  < a }  =  F { a )  for Eq. (4.15), which demonstrates the inverse 

transformation method, provides a simple procedure for generating a random number for 

any arbitrary distribution. The CDF estimated by a nonparametric kernel estimator 

provides a basic scheme to generate random variables, which preserve a PDF 

corresponding to the CDF. Fig. 4.1 illustrates the nonparametric random generation based 

on the inverse transformation method. The PDF and CDF are estimated by a kernel 

density estimator. A random variable, X (=0.3), is generated by doing the inverse 

transformation {F\R=Q.1)) of a random value, R (=0.7), which is generated from the 

uniform distribution of the CDF. The density of the generated random variable is 0.4 

(/x(0.3) = 0.4). 

4.4.2 Semi-Nonparametric Model 

Serial correlation is an important property of hydrologic time series. For the most 

hydrologic processes, the value of the random variable of interest is correlated with 

previous values. Stochastic hydrologic models were developed to preserve the serial 

correlation as well as the mean and variance of observations. The first-order Markov 

process, defined by Eq. (4.16), provides a good model strategy for serially correlated 

hydrologic time series (Haan 2002). 

= ^ i x + P x  (iX^, - ^ x  )+ (4-16) 
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where Xi is the value of interest at time i, jUx is the mean of X, px{l) is the first-order serial 

correlation, and is a random component, which is assumed to be independent of Xi. 

In the Markov process, the variance of X is a function of and . 

Var{X^J=al 

= E\M,+p,( lXx, - / l , )+e,J-E'  [x,,, ] 

= sk + (iX^, - /'« )' + 4, ]- E' [x,„ ] 
(4.17) 

= £' [Z]+ pj (1)£[X, - /<, f + E\e^ ]- £' [X ] 

= pl(^yar{x)+Var{e)  

(4.18) 

Since /Xx and (7x can be estimated from observations, a model for generating X's, 

which follows the first-order Markov process, is 

= X + r, (iXx, - X )+ (4.19) 

where X is the sample mean, is the sample standard deviation, rx(l) is the sample 

first-order autocorrelation coefficient, and zt is a random component. 

The random value of zt is selected based on the distribution of X. If Zi is N(0, cr^), Z, 

is N(0, al). Thus Eq. (4.19) can be used to generate X's that have a specific distribution. 

For example, the first-order Markov model can also be used to generate gamma variates 

with mean X , variance Sl, and skewness Csx (Fiering and Jackson 1971, Haan 2002). 

A semi-nonparametric model (SNP) may be developed to generalize a synthetic 

model that preserves the distribution of observations. The random component in Eq. 
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(4.19) can be generated by the nonparametric method described in Section 4.4.1 using the 

PDF and CDF estimated by a kernel density estimator. The SNP model may also be 

generalized to include the high persistence of variables. The higher-order SNP model 

may be written as 

X,., = x + a , ( x , - x ) + a , { x , . ,  - x ) + • • •  +  £ , „  (4.20) 

where a,'s are multiple regression coefficients. 

A multiple coefficient of determination, R^, is estimated by the standard error of the 

regression and the variance of observations (Haan 2002). 

(4,21) 
( « - i K  

where n is the number of observations, and p is the number of parameters. 

If n is much greater than p,  

al - Vl-i?' (4.22) 

4.5 Applications of Semi-Nonparametric Model to Monthly Hydrologic Time Series 

The semi-nonparametric (SNP) model can be generalized to account for periodicity in 

hydrologic records. The periodicity affects not only the mean but also all sample 

moments as well as the serial correlation. 

To generalize the SNP model to monthly time series, the SNP model needs to adopt 

the seasonal and annual notation. The first-order SNP (SNP(l)) model becomes 
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X,J . .  = Xj„+rj„( lp^{x , . -x^)+z.„„sj„^l -r;„{l )  (4.23) 

where X .  is the sample mean of X in month j ,  s j  is the sample standard deviation of X in 

month j ,  r/1) is the sample lag 1 correlation between month (/-I) and month j ,  and z t j  is a 

nonparametric random component for year i and month j estimated from the distribution 

of  month j .  

The model given by Eq. (4.23) can be applied to higher-order models, which may be 

written as Eq. (4.20). Values generated by Eq. (4.20) or (4.23) are thus the sum of the 

mean for the season, the deviation from its mean of the value in the previous month, and 

a random component from the distribution estimated by the nonparametric method. 

In this section, the SNP model is applied to generate monthly precipitation and 

temperature in the Conchos River Basin. The monthly precipitation and temperature are 

essential hydrologic variables to calculate the PDSI to characterize droughts. The SNP 

model is applied based on 44-year (1957-2000) observations. The observations indicate 

that the monthly precipitation and temperature are significandy correlated with the 

previous values. For example, Fig. 4.2(a) shows the correlations of May precipitation, 

which has a significant lag one correlation. Fig. 4.2(b) shows the correlations of October 

temperature, which has significant correlations up to two lags. The SNP(l) model is 

applied to generate monthly precipitation and the SNP(2) model is used to generate 

monthly temperature. Figs. 4.3 and 4.4 shows PDFs and CDFs for standardized 

precipitation and temperature, which provide the nonparametric random component in 

the SNP model. 
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Fifty 100-year series were generated using the SNP model, the NPl model, and two 

parametric models, which have a normal and a gamma distribution, respectively. Results 

comparing the model performance for simulations are presented below. Fig. 4.5 shows 

the box plots of the simulated values from the SNP model with the monthly mean values 

of observations. The SNP model generally preserves the monthly mean values and the 

seasonal patterns of precipitation and temperature. The statistical properties of the 

generated time series are compared based on May precipitation and October temperature, 

since they have significant persistence and seasonality. Box plots of selected statistics are 

shown in Fig. 4.6 for the May precipitation and October temperature. For most statistics, 

the SNP model reproduces the sample statistics well. The Markov model with log-normal 

distribution (LN) reproduces the variances of statistics and the relative large differences 

in the skewness of precipitation and temperature. The Markov model with gamma 

distribution (GM) matches well the sample statistics but yields a higher variance of 

skewness for precipitation. The LN model needs to be log-transformed to be Gaussian-

distributed before constructing the synthetic model. This transformation may be 

problematic, since for short-length observations, statistical properties are unstable for 

identifying the distribution (Sharma et al. 1997). In the LN model, small variations in the 

transformed values produce larger changes in the generated values. 

The model abilities to preserve serial correlations are compared in Fig. 4.7 and 4.8. 

All models reproduce well the lag-1 correlation in the May precipitation. However, the 

NP model has a relatively low lag-2 correlation in generation of the October temperature, 

since the model does not explicitly include the higher-order dependence. Sharma et al. 
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(1997) insisted that it is possible to extend the NP model to a higher-order structure using 

cross-validatory procedures (Eubank 1988). 

The usefulness of the NP and the SNP models are in the ability of reproducing the 

probability density distribution of observations. The marginal distributions of monthly 

August and September precipitation are also compared in Fig. 4.9. In the figures, the 

PDFs of generated values from four models are plotted with the histogram of 

observations. For an unbiased comparison, the PDFs of generated values are estimated by 

a kernel density estimator with optimal bandwidth as specified by Eq. (4.11). Note that 

the NP and the SNP model are able to reproduce the multi-modality in the distributions, 

whereas the fitted parametric models do not. Table 4.2 provides the goodness tests and 

accuracy measurements for estimating the precipitation PDF. Most of the parametric 

models available for simulation should perform the goodness test to validate the assumed 

distribution. For the test, the LN (August) and the GM (September) model are rejected 

at the 10% significant level {xl.9,n -17.3). For the Kolmogorov-Smirnov test, the LN 

(August and September), the NP (August) and the GM (September) model are rejected at 

the 10% significant level (the K-S statistics is 0.122). The accuracy of models for 

reproducing the PDF is measured by the Relative Root Mean Squared Error (RRMSE) 

and the Relative Mean Absolute Error (RMAE), which are given in Eq. (4.24) and (4.25). 

The SNP model has the lowest accuracy error for synthetic generation preserving the 

PDF. 
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RMAE = - ^  

(4.24) 

(4.25) 

where n is the number of class intervals, PDFQ is the PDF of observations, and PDFM is 

the PDF of generated values. 

Fig. 4.10 shows the example of the generated 100-yr precipitation and temperature 

from the SNP model. As presented so far, the SNP model has a high potential to 

reproduce the monthly statistical properties as well as the first or higher-order serial 

correlation. 

4.6 Concluding Remarks 

A semi-nonparametric (SNP) model has been presented for the synthetic generation of 

hydrologic variables. A nonparametric kernel estimator is used for generating the random 

component in the SNP model. The results in this study support that the SNP model can be 

used to model hydrologic variables as a feasible alternative to conventional parametric 

models and nonparametric models for high persistence observed in hydrologic variables. 

Parametric models such as the AR model can be improved to have a better marginal 

distribution, and the nonparametric model developed by Sharma et al. (1997) has been 

shown to be effective in generating a lag-1 dependence structure. 
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The SNP model takes advantages of both nonparametric and parametric models. The 

SNP model adopts a consistent and robust scheme from the parametric model such as the 

Markov and the AR model, and possesses a mechanism to generate a distribution-free 

density function achieved from the nonparametric kernel estimator. The SNP model can 

reliably reproduce sample properties such as mean, variance, skewness, correlation as 

well as multimodality. 

The strategy of the SNP model can be useful when applied to the generation of 

paleoclimatologic variables. Significant efforts have been made in reconstructing 

hydrologic data from the paleoclimatologic proxy records such as tree rings, tropical 

coral reefs, ice cores, and laminated sediments (Cook et al. 1999; Cronin 1999; Gonzalez 

and Valdes 2003). The paleo-reconstructed data can provide information about the last 

thousands years, which are useful for establishing the range of natural climatic variability 

as well as human influence on the climatic system. 

It is necessary to note that the SNP model is a model in a transitional stage to the 

higher-order nonparametric model or to the next generation Markov model by combining 

advantages of parametric and nonparametric models. More feasible Markov models like a 

hidden state Markov model (Thyer and Kuczera 2000) can adopt the nonparametric 

random generation for the long-term persistence with a non-specific distribution. The 

first-order nonparametric model can be extended to include higher-order dependence with 

the development of nonparametric approaches to multivariate problems in stochastic 

hydrology. 
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Table 4.1. Examples of univariate kernel functions (Silverman 1986; Lall et al. 1996) 

Kernel K(x) 

Epanechnikov 
0.75(1-x') x<i 

A !'(A: ) = 0  otherwise 

Biweight 
K { X ) =  —  { \ - X ^  

^  ^  1 6 ^  
K ( X ) - 0  

J H < i  

otherwise 

Triangular 
(̂x) = i -|jc| H - 1  

K(X)=0 otherwise 

Gaussian (Normal) K { X )= }—exp 
V 2^ 2 

V J  

Rectangular 
/:(x)=0.5 \ x \< l  

K{X)-0 otherwise 
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Table 4.2. Goodness and accuracy of generating the PDF for monthly precipitation in 

August and September in the Conchos River Basin 

Month Measurement LND GD NP SNP 

x' 21.707 14.711 15.796 8.8960 

K-S 0.2073 0.1097 0.1469 0.0826 

August 

RRMSE 0.7279 0.5539 0.5706 0.4312 

RMAE 0.5675 0.4101 0.4316 0.3530 

x' 12.880 18.890 5.125 4.5590 

K-S 0.2121 0.1681 0.1003 0.0993 

September 

RRMSE 0.9049 0.6287 0.6151 0.5406 

RMAE 0.5854 0.4602 0.4194 0.4019 



Figure 4.1 Inverse transformation method with nonparametric kernel estimator 
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Figure 4.2 Correlations of May precipitation (a) and October temperature (b). The dotted 

lines indicate the 95% correlation confidence interval. 
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Figure 4.3 PDFs and CDFs for standardized precipitation (X) in the Conchos River Basin 
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Figure 4.4 PDFs and CDFs for standardized temperature (X) in the Conchos River Basin 
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Figure 4.5 Mean values of simulated and observed monthly precipitation (a) and 

temperature (b). The boxplots indicate the mean values generated by the SNP model and 

the solid line indicates the mean values of the observed precipitation. The boxplot used in 

this study shows the min (lower cap), max (upper cap), median (line in the box), and 

lower (bottom of the box) and upper (top of the box) quartiles of data. 
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Figure 4.6 Mean, standard deviation, and skewness of the simulated May precipitations 

and October temperatures. The boxplots indicate the statistics of generated data by the 

models and the solid line indicates the statistics of observations. 
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Figure 4.7 Lag-1 correlations (April-May) of the simulated precipitations. The boxplots 

indicate the correlations (lag 1) of generated data by the models, the solid line indicates 

the correlation (lag 1) of observations, and the dotted lines indicate the 95% confidence 

interval of correlation. 
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Figure 4.8 Lag-1 (September-October) (a) and lag-2 (August-October) (b) correlations of 

the simulated temperatures. The boxplots indicate the correlations of generated data by 

the models, the solid line indicates the correlation of observations, and the dotted lines 

indicate the 95% confidence interval of correlation. 
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Figure 4.9 Histogram (observations) and probability density estimates of the generated 

monthly precipitations in (a) August and (b) September 
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Figure 4.10 Simulated precipitations (a) and temperatures (b) based on the semi-

nonparametric model 
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CHAPTER 5 

NONPARAMETRIC APPROACH FOR ESTIMATING RETURN 

PERIOD OF DROUGHTS 

5.1 Introduction 

Hydrologic systems are impacted by extreme events such as floods and droughts, which 

cause severe damage to natural environments and human lives. Droughts, which are 

defined in the context of water deficiency in the water-related system, can produce 

serious agricultural, hydrologic, and socio-economic damages. Extreme hydrologic 

events are usually expressed by return periods. When the concept of return period is 

applied to drought-related variables, the return period will be the average time between 

the occurrence of events with a certain magnitude or less (Haan 2002). In general, a 

drought is defined as a sustained period of significantiy lower soil moisture levels and 

water supply relative to normal levels. During droughts, water supplies are inadequate to 

meet the water demand of management systems, and lack of rainfall adversely affects the 

environment and human society (Dracup et al. 1980). 

5.1.1 Literature Review 

A significant number of studies on droughts deal with the definition of droughts, low-

flow frequency analysis, and climatic impacts of droughts (Smakhtin 2001). The 

estimation of the return period of droughts is a practical issue in hydrology and water 

resources engineering. Lee et al. (1986) developed a practical approach for frequency 



analysis of multiyear drought durations based on annual streamflow series. A technique, 

which smoothes the frequency-curve irregularities of drought durations, was used to 

reduce the statistical uncertainties associated with sample-size limitations. Nathan and 

McMahon (1990) evaluated the appHcation of the Weibull distribution to low-flow 

frequency analysis. They investigated the differences between low-flow frequency 

estimates based on calendar and hydrologic years, and they made recommendations for 

the selection of an appropriate subset of data. 

In recent years, several papers have been published that address the methodology for 

estimating drought return periods (e.g., Fernandez and Salas 1999a, b; Chung and Salas 

2000). Fernandez and Salas (1999a,b) summarized the definitions of the return period and 

estimated the risk of failure of hydraulic structures, especially applied to drought events. 

They estimated the return periods and the associated risks of failure of hydrologic events 

related to meteorological droughts, low flows, annual maximum floods, and hydrological 

droughts, which are either dependent or independent. Chung and Salas (2000) dealt with 

drought occurrence probabilities, return periods, and risks of drought events for 

dependent hydrologic processes. Rather than using Markovian models, which 

traditionally have been used for modeling hydrologic processes, low-order discrete 

autoregressive moving average (ARMA) models were used for modeling wet and dry 

years, since they are adequate for processes exhibiting longer time dependence. They 

concluded that low order ARMA models are useful for representing the occurrence of 

wet and dry periods and, consequently, are capable of modeling and simulating drought 

conditions that are observed historically. 
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A general approach used in drought-related frequency analyses is to derive the 

distributions of drought durations and severities separately (Sen 1976; Mathier et al. 

1992; Stedinger et al. 1993). A drought event, however, is a multivariate event 

characterized by its duration, magnitude, and intensity (Salas 1993), which are mutually 

correlated. Separate analysis of drought characteristics cannot reveal the significant 

relationships among drought characteristics (Shiau and Shen 2001). Recent studies have 

applied bivariate distributions to hydrologic frequency analysis (Yue 1999; Yue et al. 

1999, 2001; Shiau and Shen 2001). Shiau and Shen (2001) suggested that a better 

approach for describing drought characteristics is to derive the joint distribution of 

drought durations and severities. Bivariate distributions have also been applied to flood 

frequency analysis providing examples showing that flood characteristics, such as flood 

peak, volume, and duration, can be successfully represented by bivariate distributions 

(Yue 1999; Yue et al. 1999, 2001). 

The Palmer drought severity index (PDSI) has an advantage in evaluating drought 

characteristics, since its value is standardized to classify drought severity. Kim et al. 

(2003) proposed a methodology for estimating bivariate drought return periods using the 

PDSI as an indicator of droughts. A nonparametric kernel estimator provided feasible 

estimates of the univariate and bivariate density function for drought characteristics by 

locally weighted moving averages of data in a small neighborhood around the point of 

estimation. The partial duration series method was used to convert series of individual 

drought properties to an equivalent distribution for an annual exceedance series. 

Gonzalez and Valdes (2003) evaluated the frequency and risk of the occurrence of 
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droughts, of which characteristics were defined based on the PDSI, using a bivariate 

drought characterization. The theory of runs was applied to model a drought recurrence 

as an alternating renewal process describing simultaneously drought durations and 

severities. 

5.1.2 Objectives of This Study 

Droughts are represented by their duration and severity. The drought duration is 

considered in terms of months and years. Drought severity is the deficit of available 

water as measured below a long-term mean. Since a drought lasts for several months or 

years, the historical record is too short to fully evaluate drought characteristics. The lack 

of record makes statistical analysis intractable in many cases. Therefore, synthetic 

generation may provide a valuable source of information for drought analysis and 

characterization. 

In this study, a methodology is introduced for estimating the return periods of 

droughts in the Conchos River Basin in Mexico, based on synthetic data generated using 

the nonparametric random generation method described in Chapter 4. The usefulness of a 

nonparametric kernel estimator for estimating the probability density function (PDF) and 

the cumulative distribution function (CDF) of drought properties in this study is 

evaluated. The return period of drought estimated by a nonparametric methodology 

proposed in this study explains the multivariate behavior as well as the univariate 

behavior. Evaluations of historical droughts in the basin are also discussed. 
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5.2 Definition of Drought Properties 

In this study, as illustrated in Fig. 5.1, a drought is defined as an event during which the 

PDSI is consecutively below a certain level. For a selected threshold level, a drought 

event is a set of runs below the threshold level. The drought duration (D,) is the length of 

a drought event, while the drought severity (5,) is the cumulative magnitude of the PDSI 

during a drought event as indicated by the area below the threshold level. The drought 

intensity (/,) is the ratio of severity over duration (/; = S/Di). In addition, a drought peak 

(Pi) is defined as the maximum deviation (minimum PDSI) during a drought event 

(Dracup et al. 1980; Gonzalez and Valdes 2003; Kim et al. 2003). 

5.3 Return Period of Droughts 

The objective of frequency analysis is to relate the magnitude of extreme events to their 

frequencies of occurrence through the use of probability distributions. It is usually 

assumed that the variables being analyzed are independent and identically distributed 

(Chow et al. 1988). The return period of an event in any observation is the inverse of its 

exceedance probability, P(X > XT), i.e., 

T = —r^ r = r (5.1) 
P { X > X j )  l - P { X < x ^ )  

where xt is a magnitude of the event having a return period T .  The random variable X  in 

Eq. (5.1) would be one of the drought properties defined in Fig. 5.1. 

Gonzalez and Valdes (2003) described the bivariate behavior of droughts based on 

the theory of runs and the recurrence interval of droughts. To describe the sequence of 
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droughts, the interarrival time is defined as the elapsed time (L) between the beginnings 

of two consecutive droughts, which is the sum of the length of a wet period (W) and the 

length of a dry period (D), as given by Eq. (5.2). 

L-^W + D (5.2) 

A drought is usually characterized by two principal properties; drought durations and 

severities. The joint cumulative distribution function for drought durations and severities 

is defined as {d,s) = P{p < d nS < s). The bivariate recurrence interval (Td.s) can be 

expressed as the sum of the elapsed time of exceedances and interarrival times of 

droughts that happen in that period, as shown in Fig. 5.2. 

'^d.s ~ ^D>duS>s ^'|D<</nS<j (5-3) 
1=1 

where ' ^D<dns<s = ̂ D<dns<s +W , and Nd,s is the number of 

drought events occurring until the occurrence of the next drought event with a duration 

equal to or greater than dor a. severity equal to or greater than s. 

Since droughts are independent, the expected value of the recurrence interval is 

D>duS>s D<dr\S<s ^ 

)+E(M')+(£(W,,)-IX£(D \D<dnS<.s )+ BCW)) (5.4) 

= E(N,^XW)+E(D \D>duS>s \D<dr^S<.i )  

Based on the assumption of independence, Gonzalez and Valdes (2003) 

demonstrated that the number of trials, at which the next drought occurs, follows a 

Geometric distribution, and the expected value of interest is 
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E{N ,,)=—, c (5.5a) 
^  P { D > d u S > s )  

^ l - P { D  =  l u S > s ) d l  

P { D > d u S > s )  
g(P|».,^....)=° (5.5b) 

jl  • P{D = l)dl + jl • P{D = lu S < s)dl 
d 

P { D  < d  n S  < S )  

The expected value of the recurrence interval becomes 

E{D^M,rs,.)= (5.5c) 

l l - P { D  =  l u S > s ) d l  

E ( T , ) ^  E ( N ,  ̂ )E(W )+ ^ 
\ d , /  \  d . s / ^ \  )  p ( p > d u S > s )  

+ 

d •» 

,  \ l - P ( D  =  l ) d l + [ l - P i D  =  l ^ S <  
P i D < d n S < s )  i  i  

)dl 

P { D > d ^ S > s )  P { D < d n S < s )  

= E{N,^XW) 

oo d oo 

^ l - P { D ^ l y j S > s ) d l ^ \ l - P { D  =  l ) d l  +  \ l - P { D  =  l ^ S < s ) d l  

+ 7 ^ (5.6) 
P { D > d ^ S >  s )  

= £K,)b(W)+-;^ 

\l-P{D = l)dl 

P{p > duS > s) 

= E{N,M^)+E{N,MD) 

= E{N,JE{W)+E{D)) 

The expected recurrence interval of droughts with a certain severity depends on both 

the number of events and the expected durations of interarrival times between droughts. 
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Shiau and Shen (2001) demonstrated that the expected value of Nd,s is a function of the 

cumulative distribution as 

^ (5.7) 

Therefore, the expected value of the recurrence interval of drought, which has 

duration equal or greater than d, or a severity equal or greater than 5, becomes 

E { L . ) = E { W Y E ( D )  

The expected value of the recurrence interval is equal to the return period (Haan 

2002). Eq. (5.8) indicates that the return period of droughts is dependent on the mean of 

drought interarrival times and the distribution of drought severities. Eq. (5.8) is derived 

analytically without assuming any specific distribution of droughts. In the following 

section, a nonparametric method is introduced for estimating the probability distribution 

of drought properties. 

5.4 Nonparametric Method for Estimating PDF/CDF of Droughts 

The estimation of the return period in Eq. (5.8) is based on the estimation of the CDF, 

which can be derived from the PDF. Basically, parametric methods for estimating the 

density function assume that samples come from a population with a given PDF. 

Nonparametric methods, however, are distribution-free. Many studies on droughts and 

low-flow frequency analysis indicate that there are not universally accepted distributions 

for drought-related variables (Smakhtin 2001). Further, the global assumption of 
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parametric methods sometimes results in strongly biased estimates of the high or low 

quantiles (Sharma 2000). 

Using weighted moving averages of the record from a small neighborhood of the 

estimation point, nonparametric function estimations have advantages that they always 

reproduce the attributes represented by samples (Lall 1995; Sharma 2000). In the last 

decades, nonparametric density function estimation has become an active research topic 

in hydrology for frequency estimation and time series analysis (Lall 1995). Most 

nonparametric density estimation methods can be expressed by a kernel density 

estimator, which entails a weighted moving average of the empirical frequency 

distribution of the sample (Scott 1992; Sharma 2000). The characteristics of the 

univariate kernel density estimator are described in Section 4.2. The following sections 

mainly focus on the multivariate kernel estimator. 

5.4.1 Multivariate Kernel Estimator 

A multivariate kernel density estimator can be constructed in a similar manner to the 

univariate kernel estimator described in Eq. (4.2). Silverman (1986) generalized the 

multivariate kernel density estimator. For a given multivariate data set, Xj, JC2, • • •, x„, the 

multivariate kernel density estimator with kernel K  and bandwidth h  is defined by 

where K is defined in for a J-dimensional x and i/-dimensional bandwidth h'' 

satisfying 

(5.9) 
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J K(x)dx = 1 (5.10) 

Usually, ^is a radially symmetric unimodal density function. Table 5.1 provides 

examples of multidimensional kernel functions. The value of q in the Epanechnikov 

kernel function is the volume of the unit c/-dimensional sphere. 

The discussions in Chapter 4 concerning the choice of kernel and bandwidth can be 

extended for multivariate cases. Wand and Jones (1993) compared the performances of 

alternative smoothing parameterizations, and indicated that the choice of appropriate 

bandwidths for each of the coordinate directions is more important than that of kernel 

functions. They assumed that the kernel ^ is a radially symmetric probability density 

function and the unknown density/has bounded and continuous second derivatives. 

Using a multidimensional form of Taylor's theorem, Silverman (1986) approximated the 

bias and variance estimation of a multivariate kernel estimator, as 

Combination of Eq. (5.11) and (5.12) gives the approximate MISE for the bivariate 

case, which is similar to Eq. (4.9) 

bias(x)~ f{x) (5.11) 

(5.12) 

where a = j xK(x)dx, and = J dx . 

MISE (5.13) 
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The optimal bandwidth for a multivariate kernel function is obtained by minimizing 

the MISE in Eq. (5.13) and given in Eq. (5.14). 

HF '  .  (5.14) 

The determination of optimal bandwidth in Eq. (5.14) is still problematic as it is with 

the optimal bandwidth for the univariate kernel function in Eq. (4.10), since hopt is 

strongly dependent on the unknown density to be estimated. Silverman (1986) suggested 

that the optimal bandwidth for the unit-J-variate normal kernel as given by 

(5.15) 

ND+A 

where A{K), which is tabulated in Table 5.2, is a constant depending on the kernel. 

Bowman and Azzalini (1997) provide a concise relationship between the optimal 

bandwidth and the dimension as given by 

KT.I 

1 
4 \d+2 

(T, (5.16) 
(<i + \)n 

where o;- is the standard deviation in dimension i. 

5.5 Applications 

In hydrologic frequency analysis, the probabilistic behavior is generally extrapolated to 

estimate the frequencies of occurrences of events beyond the set of observations. The 

lack of historical record restricts a reliable estimation of drought characteristics. For 100 

years of historical data, less than 50 drought events are usually found (Yevjevich 1967; 
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Dracup and Kendall 1990), which is obviously dependent on the threshold (Kim et al. 

2003). In the present work, using 50 traces of 1000 year-synthetic data generated by the 

nonparametric method described in Chapter 4, a Monte Carlo simulation technique is 

applied to evaluate the recurrence characteristics of droughts in the Conchos River Basin. 

The PDSI is the variable used as an indicator of a moisture deficit condition. Since the 

PDSI is a numerical value from the water balance model using precipitation and 

temperature, a synthetic PDSI can be achieved from synthetic precipitations and 

temperatures. Fig. 5.3 shows one trace of 1000 year-synthetic PDSI, which is generated 

by 1000 year-synthetic precipitation and temperature from the semi-nonparametric 

model. 

Fig. 5.4 shows the observed drought duration and severity in the Conchos River 

Basin, in which the x-axis indicates years of the beginning of a drought. The truncation 

level of PDSI = -0.5 is chosen, which is defined by Palmer (1965) as an incipient stage 

of drought. Fig. 5.4 indicates that the Conchos River Basin has experienced severe 

droughts in 1961,1992, and 1997 in terms of duration and severity. The evaluation of 

observed droughts is one of the major goals of this study. 

The expected value of the lapsed time between droughts in Eq. (5.8) is estimated 

from the expected values of the duration of excursions above or below the threshold 

values (Bras and Rodriguez-Iturbe 1984), as given in Eq. (5.15). 

E(^) = 
PjPDSI > -0.5) 

(5.15a) 
P{PDSI > -0.5)- P{PDSII > -0.5, PDSI2 > -0.5) 

£(D) = 
P{PDSI < -0.5) 

(5.15b) 
P(PDSI < -0.5)- P(PD5/i < -0.5, PDSI2 < -0.5) 
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where PDSIj and PDSh represent the consecutive values of PDSI. 

5.5.1 Univariate Analysis 

Eq. (5.8) is applied to the univariate analysis by substituting the marginal distribution for 

the joint probability distribution. Fig. 5.5 shows the marginal PDFs and CDFs for drought 

durations and severities in the Conchos River Basin. The dotted lines in Fig. 5.5 are 

estimated by a nonparametric kernel density estimator with the optimized bandwidth for 

synthesized drought properties. The observations are expressed by histograms and 

Gringorten plotting positions. Kim et al. (2003) estimated the PDF and the CDF of 

droughts based on 22 observed drought events using a nonparametric kernel estimator. 

The validation analyses in Kim et al. (2003) indicate that the kernel estimator provides 

less biased and more stable results for estimating the CDF than parametric models. 

Harrell and Davis (1982) and Lall and Moon (1993) argued that the nonparametric 

estimator is more useful for small samples than parametric models. However, a short 

record of observations will not represent all statistical features of the population. Monte 

Carlo simulations using the synthetic data provide alternative information necessary to 

analyze the stochastic properties. The marginal return periods of drought durations and 

severities are shown in Fig. 5.6. 

Gonzalez and Valdes (2003) indicated that a discrepancy exists between univariate 

analyses of drought in the case of high correlation. The high correlation between 

durations and severities tends to justify the traditional univariate drought analysis. The 

analysis of conditional quantiles, however, shows that high discrepancies occur in low or 
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high quantiles. Fig. 5.7 compares the return periods of observed droughts based on the 

marginal distribution of durations and severities. Severer droughts make higher 

discrepancies. For example, in 1961, drought duration of 56 months has a return period of 

249 years, while drought severity of 90 has a return period of 64 years. These 

discrepancies between drought properties from univariate analyses make the use of 

univariate characterization not desirable, since both duration and severity are indicators 

of a certain drought event. 

5.5.2 Bivariate Analysis 

Shiau and Shen (2001) presented a joint PDF of drought duration and severity, expressed 

as the product of the conditional distribution of drought severity given duration and the 

marginal distribution of duration. The derivation of the joint PDF of drought 

characteristics is not mathematically tractable, because no known analytical solutions are 

available. 

In this study, a bivariate kernel estimator is also employed to represent the bivariate 

behavior of droughts (duration-severity) in the Conchos River Basin. Fig. 5.8 shows the 

joint PDF (JPDF) of drought durations and severities estimated directly from 

observations using a bivariate kernel estimator. The high correlation between duration 

and severity (/Od,s=0.836) sometimes makes parametric models not appropriate for 

analysis. For example, in a Gumbel mixed model with standard Gumbel marginal 

distributions, the cross-correlation coefficient should have a value between 0.0 and 0.67 

(Oliveria 1975; Yue et al. 1999). 
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A procedure for estimating the joint distribution of durations and severities based on 

the JPDF estimated by a nonparametric kernel estimator is presented. First, the joint 

probability density function for severities corresponding to a certain duration value, P(S, 

D <do), is estimated from the JPDF by slicing the JPDF between 0 and do and summing 

up for each duration. Then, the joint cumulative distribution function for severities 

corresponding to a certain duration value, P(S <so, D <d),is constructed by integrating 

the joint probability density function, P{S, D <do). Finally, using Eq. (5.8) and (5.15), the 

joint return periods of Td,s are estimated. Fig. 5.9 shows the joint cumulative density 

function and the estimated bivariate return period of droughts based on Monte Carlo 

simulations. 

In Monte Carlo simulation studies, confidence intervals are helpful by providing an 

indication of the uncertainty associated with estimates of quantities of interest. The 

statistical difficulty lies in the estimation of the mean and variance of these estimates 

depending on the underlying population. The nonparametric PDF of a specific quantity is 

readily available for a confidence interval. Confidence limits give a probability that the 

confidence limits contain the true value. A 90% confidence limit indicates that 90% of 

the time intervals will contain the true estimate for quantity, Qt. (Haan 2002). 

P ( L , < Q r < U , ) = ^  ( 5 . 1 6 )  

where a is the degree of confidence, Lj and UT are the lower and upper confidence 

intervals, respectively. 



106 

Fig. 5.10 illustrates the estimations of confidence intervals for severity according to 

drought duration of 60 months and a return period of 100 years. The lower and upper 

confidence intervals are estimated for the area in the lower and upper tails to be {\-a)l2. 

In this case, the lower and upper confidence limits are 91.1 and 118.5, respectively. Fig. 

5.11 displays a variability of confidence intervals for drought severities according to the 

duration of 60 months associated with various return periods. The uncertainty of 

estimating severities associated with return period obviously increases as the return 

period increases, which indicates that the estimation of quantity in the low frequency 

contains a high uncertainty due to the number of data and the estimated probability 

density function. 

5.5.3 Historical Droughts in the Conchos River Basin 

Historical droughts occurring in the Conchos River Basin are evaluated based on their 

return periods. The climate of the Conchos River Basin is characterized by low 

precipitation and high variability, because the Conchos River Basin is isolated from 

moisture sources and affected by the subtropical high-pressure belt. The 1990s rainfalls 

in the Conchos River Basin were significantly below normal. Using the drought intensity 

- areal extent - frequency curve, Kim et al. (2002) indicated that droughts occurring in the 

1990s in this basin were associated with return periods of 80-100 years with large areal 

extents. In the Conchos River Basin, the 1990s droughts drove many small farmers off 

the land and resulted in a 30% reduction in the cattle inventory. In addition, due to the 

severe reduction of the Conchos River inflow to the Bravo/Grande River in the 1990s, 
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Mexico owed the United States about l,670Mm^( 1.381 M acre-feet) at the close of the 

third year of the five-year cycle (October 1997 - September 2000) with respect to water 

delivery under the 1944 U.S./Mexico Treaty on the use of the Bravo/Grande River (Kelly 

2001; International Boundary and Water Commission 2002). 

The statistics of observed drought durations and severities in the Conchos River 

Basin for the recording period of 1957-2000 are shown in Table 5.3. Based on the PDSI, 

the most severe drought lasted 56 months from August 1961 with severity of 90. As 

indicated in Fig. 5.4, droughts in the 1990s are comparable to the droughts in the 1960s in 

terms of duration and severity. More than 70% of the Conchos River Basin has 

experienced extreme drought conditions as indicated by the PDSIs less than -4.0 (Kim et 

al. 2002). Fig. 5.12 shows the bivariate return periods of historical droughts in the 

Conchos River Basin. The first drought in the 1990s started in July 1992 and lasted for 47 

months. After interruptions by short wet spells, the second drought started in June 1997 

and lasted for 43 months. The first drought has a return period of around 100 years, 

which is higher than that of the 1960s drought. The severity of the first drought of -118 is 

the most severe value of the Conchos River Basin. The second drought has a return 

period of around 53 years, but this drought is ongoing at the time of analysis in 2001. The 

severity and extent of this drought are expected to progress. 

5.6 Concluding Remarks 

A nonparametric methodology for frequency analysis to determine the return period of 

drought has been presented. The drought characteristics are defined using the PDSI, and 
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the univariate and bivariate behavior of drought characteristics are analyzed using the 

proposed methodology. The nonparametric kernel estimator used in this study is capable 

of constructing the PDF and the CDF as an alternative tool to parametric methods, since 

it provides local estimates using weighted moving averages of points of estimation. The 

nonparametric kernel estimator also allows the estimation of confidence intervals. The 

nonparametric method is shown to be competitive for frequency analysis, because it does 

not require any assumption of distribution and can also fit a multi-modal density function. 

In this study, using the PDSI, it is possible to consider drought severity as well as its 

duration. The methodology for estimating the univariate and bivariate return periods of 

drought properties, which can be estimated from the nonparametric kernel estimator, 

have been presented and applied to an arid region such as the Conchos River Basin in 

Mexico. Because droughts are characterized by highly correlated random variables, such 

as duration and severity, and the discrepancies between two variables may arise from the 

univariate analysis, their joint probabilistic behaviors need to be analyzed in order to 

understand drought behaviors. The drought that occurred in the Conchos River Basin in 

the 1990s was one of severe droughts in the region during the record period, 1957-2000. 

Using the bivariate analysis, around 100-year return period was identified for the drought. 

Using the bivariate distribution, the limitation of the univariate frequency analysis 

was overcome, and the multivariate behavior of droughts could be understood more 

thoroughly. Further, applying a nonparametric method to estimate the probability 

distribution of droughts eliminated some of the limitations of parametric methods. The 

overall results indicate that the proposed method is useful for determining the return 
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period of droughts and for evaluating past droughts. Since both drought duration and 

severity play an important role in drought characterization and management, the bivariate 

return periods estimated in this study are useful for both design and management of water 

resources. 
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Table 5.1. Examples of multivariate kernel functions (Silverman 1986) 

Kernel K(x) 

Epanechnikov 
K { X ) = +  2 ^ - X  ̂  ^ X < \  

A'(xj=0 otherwise 

Gaussian (Normal) ^ exp 
^ 1 ^ 1 T 

—  X  X  



I l l  

Table 5.2. Constant, A(K), for the optimal bandwidth estimation (Silverman 1986) 

Kernel Dimensionality AiK) 

1.77 

Epanechnikov 

2.78 

8rf(rf + 2Xrf + 4)(2^/g)' 

(2rf + lh 

D+4 

0.96 

Gaussian (Normal) 
i l+4 

2 d  +  l  



112 

Table 5.3. Statistics of observed drought durations and severities in the Conchos River 

Basin, 1957-2000 

Statistics Duration (month) Severity (PDSI) 

Max 56 -117.71 

Min 1 -0.14 

Mean 11.54 -17.33 

Standard deviation 14.21 30.29 

Skewness 2.15 2.42 

Kurtosis 4.10 5.15 
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Figure 5.1 Definition of drought properties using the PDSI and the concept of runs using 

a threshold (PDSI = -0.5). 
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Figure 5.2 Bivariate recurrence interval (TD,.,) and elapsed time (D+W) (Valdes et al. 

2003) 
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Figure 5.3 One trace of 1000-year generated PDSIs from the semi-nonparametric model 
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Figure 5.4. Observed drought properties in the Conchos River Basin (a) drought duration; 

(b) drought severity 
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Figure 5.5. Marginal PDF and CDF for duration and severity (a) PDF for duration (b) 

CDF for duration (c) PDF for severity (d) CDF for severity. The dotted lines indicate the 

estimated PDFs and CDFs of the synthesized drought properties. The open circles in the 

CDF plots are the empirical plotting position estimated by the Gringorten equation. 
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Figure 5.6. Marginal return periods of drought duration (a) and drought severity (b) 
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Figure 5.7. Marginal return periods of drought properties and observations 
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Figure 5.8. Joint probability density function of observed drought duration and severity 

estimated by the nonparametric kernel estimator 
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Figure 5.9. Joint cumulative density functions (a) and return periods (b) of drought 

duration and severity 
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CHAPTER 6 

SPATIAL CHARACTERIZATION OF DROUGHTS IN THE CONCHOS 

RIVER BASIN 

6. 1 Introduction 

Drought, which is generally represented by a persistent and abnormal moisture deficiency 

in a system, is a regional phenomenon. The 1930s drought in the United States, called 

"the Dust Bowl Drought", affected wide regions of the Great Plains. The 1950s drought 

covered the Southwestern United States. The drought of 1987-1989 spread over 36 

percent of the United States continent (NOAA Paleoclimatology Program 2000). 

Recently, drought conditions persisted worldwide, which have suffered from an ongoing 

drought since the late 1990s (Wapple and Lawrimore 2003). 

Since drought is a regional phenomenon, the spatial characterization of drought, 

including information on regional drought recurrence and its areal coverage, provides 

critical information for water resources management. Since drought is a recurrent 

persistent event, statistical frequency analysis is still needed for the characterization of 

droughts. 

6.1.1 Literature Review 

Considerable research has been carried out in hydrology and water resources engineering 

to analyze droughts in space and time. Karl (1983) showed that droughts have longer 

persistence in the interior of the United States than in the coastal regions in the East and 
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West. Rossi et al. (1992) performed a stochastic analysis using the theory of runs, which 

was successfully applied in Mediterranean areas for characterization of local and regional 

droughts. Clausen and Pearson (1995) presented a method for investigating the spatial 

and temporal variability of droughts by regional frequency analysis of annual minimum 

streamflows. Best regional estimates of mean drought severity were found for lower 

truncation levels, and the severities and the durations of the annual maximum droughts at 

a site were almost linearly related. Shin and Salas (2000) analyzed and quantified the 

spatial and temporal patterns of meteorological droughts based on annual precipitation 

data. By using a neural network algorithm, they determined the posterior probabilities of 

drought severity, and assigned a Bayesian drought index for a site, which is useful for 

constructing drought severity maps that display the spatial variability of drought severity 

on a yearly basis. 

Drought indices, which are developed as a standardized value to represent the 

drought condition, provide a useful measurement for drought evaluation. Using the 

drought index, especially the PDSI, useful drought frequency curves have been 

developed in semi arid regions. Dalezios et al (2000) examined the characteristics of 

drought and wet periods in Greece using the drought severity-duration-frequency (SDF) 

curve. Kim et al. (2002) developed drought intensity - areal extent - frequency (DAF) 

curve for the Conchos River Basin in Mexico. Based on analyses of the PDSI, the DAF 

curve contains the drought severity and drought-subjected area with respect to drought 

return periods, and provides useful information about the spatial and recurrence patterns 

of droughts. Loukas et al (2002) examined the hydroclimatic variability of regional 
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droughts in Greece using the Palmer Moisture Anomaly Index (PMAI). The variability of 

regional droughts can be assessed by various statistical methods such as cluster analysis 

and spectral analysis based on the quantitative description of the PMAI. 

6.1.2 Objectives of This Study 

In this study, the spatial characteristics of droughts are investigated using nonparametric 

frequency analysis to provide a framework for sustainable water resources management 

in a semi-arid region. A drought is initially considered as a meteorological phenomenon 

characterized by a prolonged and abnormal moisture deficiency as defined by Palmer 

(1965), who developed a measure of the departure of the moisture supply from the 

normal by accounting for the precipitation deficit at a certain location. Point estimates of 

the drought characteristics may then be regionalized using geostatistical techniques like 

kriging. In spatial analysis, kriging has been widely applied in a variety of fields such as 

mining engineering, hydrology, and soil science. A practical methodology for developing 

a regional drought frequency curve is proposed in this study in order to describe the 

characteristics of historical droughts over a region including areal coverage and, to 

estimate the drought characteristics in terms of probability of occurrence. This method 

would allow decision makers to characterize a regional drought and to provide useful 

information for water supply and management plans in a semi-arid basin. The 

methodology is applied to the Conchos River Basin in Mexico. 
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6.2 BCriging Technique for Regional Drought Analysis 

Although the estimation of drought severity at a point or as a regional measure generally 

gives useful information for water management, it may be interesting to assess the 

drought for the entire basin. This regional drought analysis is useful for declaring a 

drought condition or determining the drought intensity during a particular year (Shin and 

Salas 2000). One of the most useful methods to assess drought in a region is the drought 

severity - area - frequency curve (Henriques and Santos 1999; Kim et al. 2002). The 

estimation of area subjected to drought is performed by a statistical areal estimation 

based on optimal interpolation. 

Kriging is a geostatistical method using optimal interpolation by minimizing the 

variance of the interpolation error. The kriging estimator z*(xo) in Eq. (6.1) is a best linear 

unbiased estimator (BLUE) because the weights At are chosen to satisfy the conditions of 

unbiasedness and minimum variance (Borga and Vizaccaro 1997; Olea 1999). 

z * ( x o  ) = ^ A i Z ( X i )  ( 6 . 1 )  
i=l 

A kriging system of n+1 linear equations with n+I unknowns, i.e., A/, • • •, is 

i/l ^ = Yio' •••'N (6-2a) 
j=i 

i/l,. =i (6.2b) 
j=' 

where // is the Lagrange multiplier arising from the unbiasedness condition, and yis the 

semivariogram function, which represents the spatial correlation structure of regionalized 

variables. 
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Let z(x) is the observed value at point x. The experimental semivariogram can be 

estimated by 

1  T 2  
y ( h ) =  S [ z ( x i ) - z ( x i + h j f  (6.3) 

2N( h) i=i 

where N(h) is the number of pairs of observations separated by a distance, h. 

In practice, the experimental semivariogram can be determined by fitting the 

observations. By solving the kriging equations (Eqs. (6.1)-(6.3)) for estimates of the 

variable of interest throughout a region, a distribution map can be drawn. Lafleur (1998) 

provides a kriging estimation toolbox based on various kriging functions. 

6.3 Applications 

Effective regionalization of hydrologic variables requires homogeneous data to provide 

better estimations. The criteria often used to assign homogeneous data for regional 

drought analysis are based on the statistical characteristics of drought properties. In the 

Conchos River Basin, there are II gauge stations available for analysis as shown in Table 

2.1 and Fig. 2.1. Fig. 6.1 shows the consistency diagram for drought duration and drought 

severity based on the double mass curve, which is a common technique for detecting 

inconsistent precipitation data at a site. The diagram indicates that the patterns for the 

gauge stations of Aldama, Balleza, and Zaragoza differ significantly from the others. 

These stations have relatively short data recording periods, which can affect the pattern of 

spatial variations. Consequently, these gauge stations were eliminated from this analysis. 



130 

Based on the results of bivariate drought analyses (Appendix B), the return period 

corresponding to drought duration tends to converge to the marginal return period of 

duration as drought severity increases. The values of drought severities and return periods 

of convergence points corresponding to various durations are in Table 6.1 and 6.2, 

respectively. Fig. 6.2 shows the areal distributions of drought severity corresponding to 

various durations at the convergence point, and Fig. 6.3 shows the areal distributions of 

drought return periods associated with Fig. 6.2. Figs. 6.2 and 6.3 indicate that the 

southern region of the basin has higher drought severities and lower drought return 

periods for the same drought durations. 

The kriging technique is a good approach in estimating the distribution of drought 

properties, even though measuring stations are irregularly distributed, since kriging 

considers an implicit covariance structure within data. The stations in the basin are 

concentrated in the eastern region. The lack of the recording stations in the western 

region makes the reliable estimation of drought characteristics difficult. The effectual 

area of recording stations is considered within longitude of -104.0 and -106.5 and 

latitude of 26.0 and 29.0, as shown in Fig. 6.4. 

The unbiased estimator of kriging is useful in constructing the drought regional 

frequency curve as shown in Fig. 6.5. The solid line in Fig. 6.5 indicates the values of the 

entire areal average estimated by kriging, and the dotted line indicates the average values 

of effectual area shown in Fig. 6.4. Fig. 6.6 shows the regional drought frequency curve 

for duration of 60 months (5 years). 
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The historical droughts are examined using the bivariate regional analysis in this 

study. Previous studies indicated that the Conchos River Basin has experienced severe 

droughts with respect to duration and severity in the early 1960s and the 1990s, as 

indicated in Fig. 3.2 and 5.4. The observed drought properties and return periods in the 

1960s and the 1990s are presented in Table 6.3 and 6.4, respectively. Fig. 6.7 shows the 

areal distribution of drought in terms of duration, severity, and their return periods. Since 

areal coverage is a fundamental characteristic of a regional drought (Rossi et al. 1992), 

the investigation of the spatial variability of drought properties provides a basic 

description of drought characteristics. The areal extent curves in Fig. 6.8 show that 

droughts in the 1990s have affected large areas with longer durations and greater 

severities than those in the 1960s. Especially, the return period of drought at Burras is 

more than 800 years with an 8-years duration and severity of more than 200. After 

September 1999, the PDSI of Burras is classified as extreme drought (PDSl < -4.0). In 

the 1990s, most recording stations other than Burras and Boquilla had very short wet 

periods interrupting the drought. The long continuing droughts at Burras and Boquilla 

result in the remarkable return period of this episode. Fig. 6.9 shows the long 

continuances of lower precipitation than normal at Burras and Boquilla. The longer the 

drought persists without sufficient water recharges, the worse is the severity since 

evaporation from the surface soil layer continues to occur. 
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6.5 Concluding Remarks 

This study has focused on the analysis of the spatial extents of droughts in the Conchos 

River Basin using the PDSI as an indicator of drought severity and nonparametric 

frequency analysis to assess the recurrent drought characteristics. The PDSI provides 

decision makers with a measure of the abnormality of recent weather for a region and an 

opportunity to place current conditions in historical perspective. In addition, it provides 

spatial and temporal representations of historical droughts. The proposed drought 

analysis approaches were applied to the Conchos River Basin, which is one of the most 

important river basins in the United States and Mexico border region. The basin has 

experienced significant droughts in severity and duration in the 1960s and 1990s. In 

particular, the persistent droughts in the 1990s due to the reduction of precipitation have 

seriously affected urban water supply and agricultural irrigation, as well as the reduction 

of inflows into the Bravo/Grande River. 

A regional frequency analysis was presented as a method for investigating the spatial 

and temporal variability of droughts. The spatial distributions of drought characteristics 

were examined using kriging. The drought frequency curve constructed in this study 

contains drought severity and drought area with respect to drought return period so as to 

describe and characterize the spatial and recurrence patterns of droughts. It is shown that 

the drought that occurred in the 1990s is associated with a wide range of return periods 

with a large areal extent. 

The droughts in the Conchos River Basin and the related significant decrease in the 

flows of the Conchos River reaching the Bravo/Grande River have created strong 
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controversy in both the United States and Mexico. Characterization of the droughts in the 

Conchos River Basin will be useful not only for the development of drought preparedness 

plans in the basin but also for the provisions of the international treaty that regulates the 

flows of the Bravo/Grande River tributaries between the United States and Mexico. 
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Table 6.1. Drought severities (-PDSI) corresponding to duration 

Duration (month) 

Station 

6 12 24 36 48 60 

Camargo 19 31 61 96 121 141 

Delicias 26 30 66 101 127 145 

Parral 31 46 81 121 151 171 

Boquilla 24 40 71 105 131 147 

Burras 25 32 62 93 123 143 

Chihuahua 23 34 69 111 125 131 

Ojinaga 23 33 63 97 125 137 

Jimenez 22 36 72 117 136 139 
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Table 6.2. Drought return periods (year) corresponding to duration 

Duration (month) 

Station 

6 12 24 36 48 60 

Camargo 2.634 5.827 18.79 56.6 215.2 428.4 

Delicias 2.748 5.821 18.74 53.47 158.7 259.1 

Parral 2.731 5.201 13.35 31.18 64.07 153.6 

Boquilla 2.601 5.739 17.82 50.3 151.7 299.9 

Burras 2.593 5.348 15.08 39.45 113.5 238.4 

Chihuahua 2.668 5.594 16.6 45.3 121.6 185.1 

Ojinaga 2.735 6.069 20.43 62.54 192.5 325.1 

Jimenez 2.505 5.14 14.48 37 91.1 135.1 
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Table 6.3. Observed drought properties and return periods in the 1960s 

Date Duration Severity Return Period 

Station 
(year/month) (month) (PDSI) (year) 

Camargo 61/8 33 -38.63 14.1 

Delicias 61/9 51 -55.49 25.3 

Parral 61/7 34 -65.02 17.9 

Boquilla 61/1 32 -49.70 19.4 

Burras 61/8 22 -28.58 7.7 

Chihuahua 61/7 24 -47.73 13.9 

Ojinaga 61/12 6 -2.29 1.42 

Jimenez 61/12 10 -9.41 2.3 
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Table 6.4. Observed drought properties and return periods in the 1990s 

Date Duration Severity Return Period 

Station 
(year/month) (month) (PDSI) (year) 

Camargo 92/9 57 -91.40 114.9 

Delicias 93/10 32 -72.60 34.3 

Parral 92/6 48 -119.00 59.8 

Boquilla 92/6 59 -131.04 307.9 

Burras 92/6 96 -233.92 864.4 

Chihuahua 92/12 33 -89.63 34.5 

Ojinaga 94/4 28 -68.48 24.2 

Jimenez 94/5 53 -62.87 23.3 
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Figure 6.1. Consistency diagram of drought duration (a) and drought severity (b) for the 

11 gauge stations in the Conchos River Basin 
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Figure 6.2. Areal distributions of drought severity (-PDSI) for durations 
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Figure 6.3. Areal distributions of drought return period (year) corresponding to Fig. 6.2. 
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CHAPTER 7 

NONPARAMETIRC NONLINEAR MODEL FOR DROUGHT 

FORECASTING BASED ON ARTIFICIAL NEURAL NETWORKS 

7.1 Introduction 

Hydrologic drought forecasting plays an important role in the control and management of 

water resources systems. Hydrologic forecasting, which means predicting and estimating 

the time of occurrence and the magnitude of a hydrologic event before its actual 

occurrence, is usually used for operational and management purposes, while simulation is 

used for design and planning purposes (Valdes et al. 2003). Traditionally, statistical 

models have been used for hydrologic drought forecasting based on time series methods. 

Simple/multiple regression and autoregressive moving average (ARMA) models are 

typical models for statistical time series methods for forecasting. However, they are 

basically linear models assuming that data are stationary, and they have a limited ability 

to capture nonstationarities and nonlinearities in hydrologic data. Hydrologic variables of 

interest such as annual and monthly streamflow and precipitation have been extensively 

modeled by ARMA models, which have been generally accepted by practitioners during 

the past several decades. However, it is necessary for hydrologists to consider alternative 

models when nonlinearity and nonstationarity play significant roles in forecasting. 

In recent decades, artificial neural networks (ANNs) have shown great ability in 

modeling and forecasting nonlinear and nonstationary time series in hydrology and water 

resources engineering due to their innate nonlinear property and flexibility for modeling 
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(ASCE Task Committee 2000a,b). ANNs are nonlinear computational frameworks based 

on the massive interaction with neurons, whose components have direct analogs to 

components of an actual human neuron (Tang and Fishwick 1993; Tsoukalas and Uhrig 

1996). In general, the advantages of ANNs over other statistical models are that (1) the 

application of ANNs does not require prior knowledge of the process because ANNs 

have a black-box property, (2) ANNs have the inherent property of nonlinearity since 

neurons activate a nonlinear filter called an activation function, (3) ANNs can have 

multiple inputs with different characteristics, which can make ANNs able to represent the 

time-space variability, and (4) ANNs have the adaptability to represent change of 

problem environments. 

7.1.1 Literature Review of Recent Development of Neural Networks 

The training process of ANNs requires significant amounts of data so that the patterns 

embedded in the system are discovered (Zheng et al. 2000). In addition, Hsu et al. (1995) 

and Gupta et al. (2000) indicated that the objective function response surface of ANNs is 

typically nonconvex with extensive regions that are insensitive to the variations in values 

of the network weights. The ANN response surface contains numerous multilocal optima 

and generally has high dimensions making ANNs easily trapped by local optima and 

ineffective when searching the high dimensional weight space. They proposed the linear 

least square simplex (LLSSIM) method for network training by partitioning the weight 

space into its linear and non-linear components, which provides globally optimal weight 

estimates. 
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In statistical time series forecasting, decomposition approaches seek to decompose a 

time series into its major subcomponents. Forecasting using decomposition methods is 

often more useful in providing forecasts and information regarding the component of 

time series than trying to predict a single pattern (Makridakis et al. 1983). Recently 

wavelet transforms have become a common tool for analyzing local variations in time 

series (Torrence and Compo 1998), and hybrid models have been proposed for 

forecasting a time series based on a wavelet transform preprocessing (Aussem and 

Murtagh 1997; Aussem et al. 1998; Zheng et al. 2000; Zhang and Dong 2001). Wavelet 

transforms provide useful decompositions of original time series, so that wavelet-

transformed data improve the ability of a forecasting model by capturing useful 

information on various resolution levels. Aussem and Murtagh (1997) and Aussem et al. 

(1998) improved neural network prediction accuracy using a dynamic recurrent neural 

network (DRNN) and the "a trous" wavelet transform. Zheng et al. (2000) presented a 

wavelet transform method for load forecasting based on a decomposition scheme of 

multi-resolution analysis. They indicated that the wavelet coefficients are modeled as 

state variables of Kalman filters. Zhang and Dong (2001) proposed a short-term local 

forecast model based on neural networks and the multi-resolution wavelet-decomposed 

by autocorrelation shell representation. 

7.1.2 Objectives of This Study 

In this study, a conjunction model is presented in order to improve forecast accuracy for 

regional droughts. The conjunction model is a hybrid neural network model combined 
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with dyadic wavelet transforms. Improved forecasts allow water resources decision 

makers to develop drought preparedness plans in advance to mitigate social, 

environmental, and economic costs. The "a trous" algorithm for the dyadic wavelet 

transform is modified so that future information is not used when decomposing and 

reconstructing. Neural networks are used to forecast decomposed signals in various 

resolution levels and reconstruct the forecasted decomposed signals into the original time 

series. The performance of the model is measured using several forecast skill criteria and 

then compared with simpler models for drought prediction. 

7.2 Artificial Neural Networks 

7.2.1 Multilayered Feed Forward Neural Networks 

Artificial neural networks (ANNs) are massively parallel-distributed data processing 

systems consisting of a large number of highly interconnected artificial neurons with 

performance characteristics resembling biological neural networks of a human brain 

(Haykin 1994; Tsoukala and Uhrig 1996). Due to the advantages of ANNs in modeling 

they have become extremely popular for the prediction and forecasting of water resources 

variables. 

The ANNs used in forecasting hydrologic time series have usually three layers, 

called input, hidden, and output layer as shown in Fig. 7.1. Neurons in the input layer 

receive data from external sources to the network, neurons in the hidden layer send and 

receive data only from neurons in other layers in the network, and neurons in the output 

layer produce output values generated by the network. The data processing through 
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connections from one neuron to another is manipulated by weights that control the 

strength of a passing signal. When these weights are modified, the data transferred 

through the network are changed and the network outputs are altered. 

Feed forward neural networks (FFNN) provide a general framework for representing 

nonlinear functional mapping between a set of input variables and a set of output 

variables. This is achieved by representing the nonlinear function of many variables in 

terms of compositions of nonlinear functions of a single variable, called an activation 

function. The activation function most commonly used is a sigmoidal type function, 

which exhibits smoothness and asymptotic properties. Kalman and Kwasny (1992) 

insisted that the hyperbolic tangent function in Eq. (7.1), shown in Fig. 7.2, should be 

used as the activation function in the construction of ANNs, because it is fully 

differentiable and suitable for neurons being trained with the backpropagation algorithm. 

\  \  exp( a)- expi-a) 
f{a)=tanh{a)^—^—^{ (7.1) 

exp( a) + expi^ a) 

where a is an input variable of the activation function. 

Three-layered feed forward neural networks (FFNNs), as shown in Fig. 7.1, are 

based on a linear combination of the input variables, which are transformed by a 

nonlinear activation function. The explicit expression for an output value of FFNNs is 

given by 

M f N \ 

h  ̂ f o  
;=i 

JO 
y 

(7.2) 

where wp is a weight in the hidden layer connecting the ith neuron in the input layer and 

the jth neuron in the hidden layer, wjo is a bias for the7th hidden neuron,//, is an 
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activation function of the hidden neuron, Wkj is a weight in the output layer connecting the 

jth neuron in the hidden layer and the ̂ h neuron in the output layer, Wko is a bias for the 

^h output neuron, and/o is an activation function for the output neuron. The weights are 

different in the hidden and output layer and their values can be changed during the 

process of network training. 

7.2.2 Backpropagation Training Algorithm for Three-Layered Neural Networks 

Because there are no physical rules between inputs and outputs in designing ANNs, the 

relationship of the available input variables and output variables is generated by the 

training process. In this study, the process of training ANNs is accomplished by the 

backpropagation algorithm, as shown in Fig. 7.1. Introduced by Rumelhart et al. (1986), 

the backpropagation training algorithm for the multiple-layer FFNNs has been applied 

successfully to solve difficult and diverse problems. This algorithm is based on the error-

correction learning rule. Basically, the error-propagation process consists of two passes 

through the different layers of the network. In the forward pass, an input vector is applied 

to the neurons of the network, and its effect propagates through the network layer by 

layer. A set of output is produced as the actual response of the network. During the 

forward pass the weights of the network are fixed. During the backward pass, on the 

other hand, the weights are all adjusted in accordance with the error-correction rule. The 

error signal is then propagated backward through the network. The weights are adjusted 

so as to make the actual response () of the network closer to the desired response (jk). 
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The objective of the backpropagation training process is to adjust the weights of the 

network to minimize the sum of square errors of the network in Eq. (7.3), which 

approximate the model outputs to the target values with a selected error goal. 

E{n)=^Y,^kM-yk(n)J (7.3) 
^ k=\ 

where yk{n) is a desired target responses and (n) is an actual response of the network 

for the kth neuron at the nth iteration. 

To minimize E(n), a least squares algorithm is used in backpropagation networks. 

The gradient-descent method and the derivative chain rule are employed to modify the 

network weights (Rumelhart et al. 1986). For example, the correction Aw^/n) applied to 

Wkjin) is defined by the delta rule (Haykin 1994). 

w,j (n +1) = w,j {n)+ Aw,J {n +1) (7.4a) 

(n) = -T] + aAw,j (n -1) (7.4b) 
dw,j{n) 

where T] is the learning rate and A is the momentum parameter. 

The pure backpropagation is rarely used to solve practical problems. Momentum 

{aAw,j (n -1)) allows a network to respond not only to the local gradient, but also to 

recent trends in the error surface. Without momentum a network may get stuck in a local 

minimum, and with momentum a network can slide through such a minimum. An 

adaptive learning rate is one of the methods of implementing actions used with 

momentum. At each epoch new weights and biases are calculated using the current 

learning rate and new output and error are then calculated (Demuth and Beale 1994). The 
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momentum must be less than 1.0 for convergence (Dai and Macbeth 1997). The optimal 

learning rates are determined by trial and error (Maier and Dandy 2000). 

7.3 Wavelet Transforms 

7.3.1 Fourier Transforms and Wavelet Transforms 

In the last decade, wavelet transforms have been extensively tested in many fields such as 

signal processing, image processing, communications, computer science, and 

mathematics (Rao and Bopardika 1998). Grossmann and Morlet (1984) studied wavelet 

transforms motivated by the fact that certain seismic signals can be modeled suitably by 

combining translations and dilations of a simple oscillatory function called a wavelet. 

Fourier transforms can also break down a stationary signal into continuous sinusoids 

of different frequencies. In transforming to the frequency domain, time information is 

lost. When looking at a Fourier transform of a signal, it is impossible to tell when a 

particular event took place (Misiti et al. 2000). Using a sliding window, Gabor (1946) 

introduced a local Fourier transform to analyze a small section of the signal at a time. The 

Gabor's short-time Fourier transform maps a signal into a two-dimensional function of 

time and frequency, which can provide some information about both when and at what 

frequencies a signal event occurs. However, this method is only applicable to situations 

where the coherent time is independent of the frequency, and the limited precision is 

determined by the size of the window (European Southern Observatory 1998; Misiti et al. 

2000). 
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Wavelets are mathematical functions that give a time-scale representation of a time 

series and their relationships to analyze time series containing nonstationarities. Wavelet 

analysis allows the use of long time intervals for low frequency information and shorter 

intervals for high frequency information. Wavelet analysis is capable of revealing aspects 

of data like trends, breakdown points, and discontinuities that other signal analysis 

techniques might miss. Furthermore, it can often compress or de-noise a signal. 

7.3.2 Dyadic Wavelet Transforms 

The basic objective of wavelet transforms is to achieve a complete time-scale 

representation of localized and transient phenomena occurring at different time scales 

(Labat et al. 2000). The continuous wavelet transform is defined as the sum over all time 

of the signal (fix)) multiplied by scale and shifted versions of the wavelet function, yr, 

where a is a scale parameter, is a position parameter, and * corresponds to the complex 

conjugate. Several families of wavelets (W) that have proven to be useful for various 

applications are described in related references, e.g., Misiti el al. (1995, 2000), Mallat 

(1998), and Rao and Bopardika (1998). 

The coefficient plots of the continuous wavelet transform are precisely the time-scale 

view of the signal. However, calculating wavelet coefficients at every possible scale is 

time-consuming and generates an extremely large amount of data. Thus, the use of the 

continuous wavelet transform for forecasting is not practically possible. 

(7.5) 
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Discrete dyadic wavelet transforms are scale samples of the wavelet transform 

following a geometric sequence of ratio two (Mallat 1998). The scale is sampled along a 

dyadic sequence to simplify the numerical calculations. A discrete dyadic wavelet 

transform can be computed with a fast filter bank algorithm called "a trous" algorithm. In 

this algorithm, the distance between samples increasing by a factor of two from the scale 

(M) to the next one, Ci{k), is given by 

+ (7.6) 
/=-oo 

where Co(f)= x( t ) ,  h i s  a  low pass filter, and a distance wavelet transform, Wi(k ) ,  is 

W;{k)= c,._, (k)-c-(^). The coefficients, h{k), are derived from a scaling function (jiix) 

given by 

1 
-m 
2 v 2 y  

(7.7) 

where the sampled data, co(k) ,  are assumed to be scalar products at pixel k  of function/(x) 

with a scaling function ^x), which corresponds to a low pass filter (European Southern 

Observa tory  1998)  assoc ia ted  wi th  a  wavele t  y /{x) .  

7.4 Conjunction Model for Forecasting 

7.4.1 Conjunction Model and Forecasting System 

The aim of the conjunction model of artificial neural networks and dyadic 

decompositions (ANN-DD) is to predict the f-months ahead PDSI given the current and 

previous values of the PDSI, x{k), k= 1,2, The schematic representation for the 
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proposed conjunction model is shown in Fig. 7.3. The "a trous" algorithm for the dyadic 

wavelet transform, which has been used for time series forecasts (Aussem and Murtagh 

1997; Aussem et al. 1998; Zhang and Dong 2001), performs successive convolutions 

with the discrete low pass filter as shown in Eq.(7.6). In order to decompose the observed 

PDSI, the "a trous" wavelet transform with the Mallat's quadratic sphne, shown in Fig. 

7.4, as a low pass filter was used in this study. Daubechies and Morlet wavelet transforms 

have been widely introduced for signal and image processing. However, it is reported that 

they have weaknesses for prediction, since Daubechies wavelets have many different 

identical events across a given time series, and Morlet wavelets generate more inputs for 

the model (Aussem et al. 1998). The dyadic wavelet transforms have a more consistent 

response than Daubechies and Morlet wavelets by taking the mirror operation in the 

boundary region (Aussem and Murtagh 1997; Aussem et al. 1998). However, the 

inconsistency of the decomposed sub-signal still remains problematic in a forecasting 

model. An alternative approach is introduced to this issue by taking a convolution value 

in the "a trous" algorithm fixed to the beginning and the end of the signal, not symmetric 

like the original dyadic wavelet transform. 

In forecasting studies, careful attention must be given to the boundaries of the signal 

during decomposing and reconstructing to prevent the inclusion of the future information. 

In the proposed model, wavelet transforms were performed twice to produce input (step 

1) and target (step 2) values of ANNs in the training phase. This is the initial step in the 

forecasting model, which uses a transforming preprocess in order not to use the future 

information in the input data. In the forecasting phase, after training the network, ANNs 
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predict sub-signals with a specific lead-time. The forecasted decomposed sub-signal (c,.) 

can then be reconstructed by inverting the dyadic wavelet transform (Mallat 1998). The 

model uses previous values, x{t), xit-l), x(t-2), ..., and forecasts a value with a lead time, 

x(t+m). The predicted time series is impossible to be reconstructed, because successive 

convolutions in reconstruction wavelets cannot be carried out between x{t) and x(t+m). In 

the reconstructing phase, ANNs are used one more time for reconstructing predicted sub-

signals from forecasting ANNs. The ANNs used in the reconstructing phase have 

different architecture and weights from the ANNs used in the training and forecasting 

phase. 

7.4.2 Design of Artificial Neural Networks 

The ANNs used in this study are three-layered FFNNs, as shown in Fig. 7.1, which are 

typically used in water resources engineering. ANNs with one hidden layer can 

approximate any function, given that sufficient degrees of freedom are provided (Maier 

and Dandy 2000). Although the optimal number of hidden neurons is highly dependent 

on the problem of interest and a matter of experimentation, the architecture with a 

bottleneck structure, which has fewer neurons in the hidden layer than in the input layer, 

has worked well (Fletcher and Goss 1993; Maier and Dandy 2000; Zhang and Dong 

2001). In order to determine the optimal network architecture, the number of neurons in 

the input and hidden layer were determined by experimentations. In the training and 

forecasting phase (step 3-5), 11 combinations of input neurons (1, 0.5m, m, I.5OT) and 

hidden neurons (0.5n, n, I.5n) were examined to consider the nature of data and the 
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architecture of ANNs. The value m indicates the maximum lag within the 95% 

confidence level of the observed PDSI correlogram, and n is the number of input neurons. 

In the reconstruction phase (step 6 and 7), since the input neurons are fixed for the 

decomposition levels, three architectures of ANNs with different hidden neurons (0.5n, n, 

1.5n) were examined. 

ANNs were trained for 5000 epochs using the improved backpropagation algorithm 

with an initial learning rate of 0.01 to reach an error goal of 0.0. Fig. 7.5 shows training 

and forecasting results for one-month ahead forecasts with the wavelet transform (level 

one) using the root mean square error (RMSE) and training time. The training time 

increases as the number of input and hidden neurons increases. It is also shown that the 

RMSE for prediction increases as the RMSE for training decreases. When we choose the 

network architecture of (11,17) with the lowest RMSE for training, we have no guarantee 

that the model has sufficient competence for forecasting. When the network architecture 

of (1,1) with the lowest computing time for training is chosen, the model has no 

competence for training and forecasting. The RMSE and the normalized computation 

time (Ntime) for training a network can be considered together in the root of the sum of 

squared error and time (RSSET). 

The RSSET was used as criterion to select the optimal neural network architecture 

considering both the model competence and efficiency. The RSSET allows choosing the 

ANN architecture to reduce the risks of overfitting for unknown patterns. 

J^(RMSE^ + Ntime^) RSSET (7.8) 
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For each forecast lead-time, 11 combinations of input and hidden neurons performed 

the training process and their RSSETs were calculated. The architecture, which has the 

lowest RSSET, was chosen. Table 7.1 shows optimal architectures of the ANNs used in 

the conjunction model and their RMSEs for training and forecasting. For the training and 

forecasting phase, the number of hidden neurons of 0.5n was chosen in most cases. For 

the reconstructing phase, the number of hidden neurons was equal to the number of input 

neurons (decomposition level +1). 

7.5 Forecasting Results 

The proposed conjunction model (ANN-DD) was evaluated for four forecast lead times 

(1, 3, 6, and 12 months) and five wavelet decomposition levels (1-5). For each case, data 

sets during 1957-1990 were used to calibrate the ANNs so as to find efficient 

architectures of ANNs available for wavelet decomposition levels. The 1991-2000 

validation data sets were used to test the performance of the model. During the validation 

period, the basin has experienced severe droughts in terms of severity and duration as 

well as extreme wet conditions. 

The performance of the proposed conjunction model was measured using various 

forecast skill criteria and compared with conventional neural networks. Conventional 

artificial neural network model (ANN) has an ARX form and no particular data 

preprocessing except normalizing the input between 0.1 and 0.9. 

The RMSE was used to measure the forecast accuracy in this study. The RMSE 

increases from zero for perfect forecasts through large positive values as the 
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discrepancies between forecasts and observations become increasingly large (Wilks 

1995). Table 7.1 shows the selected architecture and wavelet decomposition level of the 

conjunction model (ANN-DD) and their RMSEs during calibration and validation period 

for four forecast lead times. Fig. 7.6 shows the time series of the observed and 1-, 3-, 6-, 

and 12-months ahead forecasted values of the Conchos regional PDSI by the conjunction 

model. The prediction RMSEs for the conjunction model (ANN-DD) are shown in Table 

7.2 compared with reference forecasts, regression, and ANN. The one-month ahead 

forecasts captured the interannual variability and turning points in the time series, which 

represent the end of dry and wet spells. 

Forecast skills related to climatologically average values (climatology) were used to 

evaluate the performance of forecasting models. The normalized root mean square errors 

(NRMSE) of the conjunction model referred to the climatology were compared with 

persistence forecasts (Fig. 7.7a), regression (Fig. 7.8a) and ANN (Fig. 7.9a). Persistence 

forecasts are values of the predictand in the previous time period (Wilks 1995). Liu et al. 

(1998) pointed out that the squared error of the forecast model asymptotically approaches 

the variance of the time series. In this study, the model held forecasting skill up to six 

months of lead-time. The forecasting skill of all models was lost at 12-months lead-time 

as shown in Table 7.2. At this situation, the forecast of the system is equivalent to 

randomly selecting a value from the past time series (Liu et al. 1998). 

The forecast skill is usually presented as a skill score (SS), which is interpreted as a 

percentage improvement over reference forecasts (Wilks 1995). In the forecasting study, 

the skill score is given by 
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R M S E , - R M S E ^ ^ ^ _ ^  ( 7 . 8 )  
RMSEp-RMSE^ RMSE^ 

where RMSEp (=0), RMSEr, and RMSEm are the RMSE achieved by perfect forecasts, 

reference forecasts, and forecast models, respectively. If SSr= 0, it indicates there is no 

improvement over reference forecasts, and if SSr< 0, the forecast model is inferior to 

reference forecasts. 

Figs. 7.7-7.9 also show the forecasting skill score of models referred to climatology 

compared with persistence, regression, and ANN. The conjunction model (ANN-DD) 

improved 32-60% for climatology forecasts and 1.7-5.6% for persistence forecasts. The 

conjunction model also improved 4.0-7.8% of the forecast performance achieved from 

ANN. There is clearly significant forecasting skill of the conjunction model above 

persistence in the forecasts even at long lead times as shown in Figs. 7.7-7.9. The high 

persistence of the PDSI forms the persistence barrier, which other forecasts are not able 

to overcome. The wavelet decomposition almost eliminated this barrier in the time series 

by capturing variations in long-term intervals for low frequency information and in shot-

term intervals for high frequency information. 

The PDSI is basically a first order autoregressive process. The long-term memory of 

the PDSI, highly dependent on antecedent soil and atmospheric moisture conditions, 

becomes an obstacle in making a valuable forecasting model. However, there are 

significant increases in the forecast skills for the new proposed model. The proposed 

conjunction model (ANN-DD) has the forecast skill up to six months, and, through 
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wavelet transforms, overcome the weakness of other forecasts for a high persistence 

drought index caused by the long-term memories. 

7.6. Concluding Remarks 

Droughts are more destructive events than other climatic extreme events, and quantitative 

drought forecasting remains a difficult but vitally important task for hydrometeorologists 

and water resources managers. Many researches have been devoted to improve the 

accuracy of forecasts using statistical and dynamic models. Traditional statistical 

forecasting methods like linear multiple regressions are unable to capture nonlinearities 

and nonstationarities in hydrologic variables related to droughts. In this study a 

forecasting strategy based on the conjunction of wavelet transforms and artificial neural 

networks is applied to forecast the Palmer drought severity index in order to investigate 

the predictability of regional drought at various lead times. 

The wavelet transform for the forecasting scheme was modified in this study based 

on the dyadic "a trous" algorithm. The ANNs were used to forecast sub-signals from the 

wavelet decomposition and to reconstruct the forecasted sub-signals. An experimental 

selection of the neural network architecture by the root of the sum of squared error and 

computing time provided a general design scheme in an application. Using ANNs 

allowed forecasting individual wavelet decomposed signals and then reconstructing the 

forecasts so as to generate a successfully predicted PDSI. 

For the applications presented here, the overall forecast accuracy of the conjunction 

model as measured by the RMSE is higher than traditional forecasting model. Moreover 
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the forecasting skill of the conjunction model tested using various skill scores referred to 

reference forecasts and other forecast models was improved dramatically ranged from 4 

to 60% up to six-months lead time. 

Although the linear regression model represents well the Markovian characteristics 

of the PDSI, and the improved backpropagation training algorithm provides an efficient 

computation for changing weights in FFNNs, and ANNs trained with this algorithm have 

been successfully applied to forecasting models, it is shown that there are restrictions to 

be applied to the highly persistent drought indexed time series. The results indicate that 

the wavelet transform is very useful to forecast time series by capturing the dynamics of 

signals with a multi-resolution, and the conjunction model can make valuable forecasts 

for the indexed regional drought through wavelet decompositions, when other forecasting 

models have limitations due to the embedded unpredictable components in a time series. 

Accurately predicted droughts allow water resources decision makers to prepare efficient 

management plans and proactive mitigation programs which can reduce drought-related 

social, environmental, and economic impact significantly. 
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Table 7.1. Optimal architectures of the conjunction model (ANN-DD) and their RMSEs 

during the calibration and validation period 

Lead Time (month) 

Content 

12 

Decomposition Level 

Architecture 

(Forecasting Phase) 

Architecture 

(Reconstructing Phase) 

RMSE for Calibration 

(1955-1990) 

RMSE for Validation 

(1991-2000) 

(4,2) (4,2) (4,2) (11,6) 

(3,3) (4,4) (4,4) (3,3) 

1.0767 1.7790 2.1256 2.9096 

1.0524 1.7544 2.3803 3.3126 
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Table 7.2. RMSEs of reference forecasts and forecasting models during the validation 

period, 1991-2000 

Lead Time (month) 

Model 

1 3 6 12 

Climatology 2.5676 2.5676 2.5676 2.5676 

Persistence 1.0952 1.8367 2.5202 3.3705 

Regression 1.1033 1.8596 2.4705 3.5557 

ANN 1.0962 1.9037 2.5530 3.2808 

ANN-DD 1.0524 1.7544 2.3803 3.3126 
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Figure 7.1. Typical three-layered feed forward neural networks (FFNNs) with a 

backpropagation training algorithm 
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Figure 7.2. Hyperbolic tangent activation function 
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Step 1; Decompose Signal for Input of ANNs 

c l{k )  =  WT{x{l:  k) ,h)  

Step 2: Decompose Signal for Target of ANNs 

cJ(k  +  t )=WT{x{l  :k  + t ) ,h)  

Step 3: Train ANNs for a lead time (t) 

c j ( k  +  t ) = f  { c j  

Training Phase 

Step 4: Decompose Signal for Input of ANNs 

c /  (m)  =  WT(X{1  :  m) h)  

Forecasting Phase 

Step 5: Predict Sub-Signal using ANNs (J) 

Ciim + t)= f(f! (m) c/ (m - 7) • • •) 

Step 6: Train ANNs for Reconstructing 

x(k)= g{cj{k),cl{k),---) 

Reconstructing Phase 

Step 7: Reconstruct Signal using ANNs (g) 

x{m + t)= g{c j{m + t),C2{m +1),- • 

Figure 7.3. Schematic representation of the forecasting model with a conjunction of 

wavelet transforms and neural networks 
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Figure 7.4. Mallat's quadratic spline wavelet (a) and scaling function (b) 
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Figure 7.6. Time series of observed and forecasted PDSIs in the Conchos River basin 

during the calibration and validation period, (a) one-month ahead forecasts (b) three-

months ahead forecasts (c) six-months ahead forecasts (d) twelve-months ahead 

forecasts. The high-low plot in the figure indicates the average 95% confidence interval. 
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Figure 7.6. Time series of observed and forecasted PDSIs in the Conchos River basin 

during the calibration and validation period, (a) one-month ahead forecasts (b) three-
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high-low plot in the figure indicates the average 95% confidence interval, (continued) 
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Figure 7.7. Normalized RMSE (NRMSE) (a) and forecast skill score (SS) (b) of models 

referred to climatology compared with persistence 
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Figure 7.8. Normalized RMSE (NRMSE) (a) and forecast skill score (SS) (b) of models 

referred to climatology compared with regression 



176 

1.2 

1.1 

1.0 

0.9 

0.8 

0.7 

0.6 

0.5 

0.4 

0.3 

CLIMATOLOGY 

^ ANN 

• ANN-DD 

3 6 
Lead Time (Month) 

(a) 

0.7 

0.6 

0.5 

0.4 

0.3 

0.2 

0.1 

0.0 

-0.1 

CLIMATOLOGY 

ANN 

• ANN-DD 

Lead Time (Month) 

(b) 

Figure 7.9. Normalized RMSE (NRMSE) (a) and forecast skill score (SS) (b) of models 

referred to climatology compared with conventional neural network model 
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CHAPTER 8 

SUMMARY AND CONCLUSIONS 

Droughts cause significant damage both in the natural environment and human society. In 

a transboundary region, where several communities and countries share the limited water 

resources, sustainable water use and water rights are an especially important issue among 

communities and countries. The severity of droughts depends on the magnitude of 

moisture deficiency, the duration of the relative dry conditions, and the extent of the 

affected area. A comprehensive approach for hydrologic drought study includes the 

identification of causes of drought, the evaluation of hydrologic drought characteristics at 

a site and a region, and the prediction of droughts. In addition to the scientific and 

engineering perspectives, the analysis of economic, environmental, and social effects of 

drought with the measurement for mitigating and controlling drought effects is needed to 

be performed in respect to the socio-economic aspects. 

This study has presented the application of nonparametric methods to the 

characterization and the prediction of droughts using the Palmer drought severity index 

(PDSI) in the Conchos River Basin in Mexico, which is the main tributary of the Lower 

Bravo/Grande River. Nonparametric methods allow more flexible approaches in practice 

by approximating a function of interest. Based on a nonparametric probability density 

function estimator, comprehensive approaches for the evaluation of drought 

characteristics at a site and over a region were presented in this study. Using a kernel 

density estimator, a nonparametric random generation procedure was proposed for 
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synthetic generation of hydrologic time series. Based on the synthetic generated traces 

from the nonparametric random generation, a methodology was introduced for estimating 

the bivariate recurrent characteristics of drought at a site and over a region. A forecasting 

strategy based on the conjunction of wavelet transforms and artificial neural networks 

was applied to forecast the PDSI in order to investigate the predictability of the regional 

drought at various lead times. The wavelet transform for the forecasting scheme was 

modified in this study based on the dyadic "a trous" algorithm. The ANNs were used to 

forecast sub-signals from the wavelet decomposition and to reconstruct the forecasted 

sub-signals. The following conclusions may be drawn from this study. 

(a) As a standardized index, the PDSI provides a valuable measurement of the water 

abnormality for hydrometeorologists and water engineers analyzing records for 

drought characteristics at a site and over a region. 

(b) The nonparametric density estimator provides a feasible alternative to the 

conventional parametric models in the generation of synthetic hydrologic variables. 

The semi-nonparametric model proposed in this study uses the advantages of both 

nonparametric and parametric models by adopting robust and distribution-free 

schemes, 

(c) The kernel estimator in the density estimation is useful for estimating the probability 

density function and the cumulative distribution function of two-dimensional drought 

properties. Using a bivariate distribution estimated by the kernel estimator, the 

limitations of the univariate frequency analysis could be overcome, and the 

multivariate behavior of droughts may be understood more thoroughly. 
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(d) The drought frequency curve based on nonparametric frequency analysis and kriging 

estimation contains the drought severity and area coverage to describe and 

characterize the spatial and recurrence patterns of droughts. 

(e) The forecasting model based on a conjunction of neural networks and wavelet 

transforms improves the forecasting performance of the neural network model by 

capturing the dynamics of signals and overcoming the weakness of traditional 

regression models. 

The overall results in this study indicate that the proposed methods are useful for 

determining the return period of drought and evaluating droughts that occurred in the 

past, and the overall forecast accuracy of the conjunction model is higher than that of 

traditional forecasting models. In particular, the bivariate return periods estimated in this 

study are useful for both design and water management, since both drought duration and 

severity may be determined more easily and simultaneously in the bivariate 

nonparametric method for frequency analysis. Accurately evaluated and predicted 

droughts allow water resources decision makers to prepare efficient water management 

plans and proactive mitigation programs for droughts, which can reduce drought-related 

social, environmental, and economic impact significantly. 

In recent years, there are two research topics worthy of note with respect to spatial 

analysis using satellite data and paleoclimatic analysis using paleo-reconstructed data for 

drought analysis. 
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Droughts are basically regional phenomena related to meteorological, hydrological, 

agricultural, and socio-economic perspective. Drought indicators like the PDSI assimilate 

information on rainfall, stored moisture, or water supply at a site, but have a significant 

drawback that they lack spatial detail (Brown et al. 2000). Promising research is taking 

place, which examines the possibility for using satellite and remote sensing data to 

monitor and assess droughts at the continental or global scale (Brown et al. 2000; Vogt et 

al 2000). The integration of satellite-derived information with the climate/local-based 

indicator overcomes the limited availability and spatial density of the necessary 

measurements related to droughts. 

Droughts are recurrent phenomena, of which frequency and severity are of critical 

importance to the growing population. The historical record of droughts is too short to 

make reasonable estimates of drought characteristics as the historical drought 

characteristics have a large degree of uncertainty. Recent advances in paleoclimatic 

analysis to represent precipitation and drought index like the PDSI provide more 

complete drought characterization at a point or in space (Woodhouse and Overpeck 1998; 

Cook et al. 1999; Cronin 1999; Gonzalez and Valdes 2003). The application of 

paleoclimatic data allows understanding of past long-term hydrologic trend and 

variability, and the determination of the regional-scale hydrologic variability over long

time intervals of 100 to 10,000 years. Furthermore, using modern developed techniques 

for statistical analysis, the long-term data such as paleo-data may be able to provide 

accurate characterization and prediction of droughts. 
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Figure A.l. PDSIs at gauging stations in the Conchos River Basin 
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Figure A.l. PDSIs at gauging stations in the Conchos River Basin (continued) 
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