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Mathematical models of the precipitation process are needed to

effectively use historical precipitation data in the design and

planning of engineering projects and for analysis of watershed

runoff behavior. Existing simple models based on the assumptions of

independent, identically-distributed random variables are

insufficient to describe several features of the historical

precipitation process. The objective of this research was to

develop a stochastic model of hourly precipitation that preserves

the pattern of occurrence of precipitation events throughout the

year as well as several characteristics of the duration, amount, and

intensity of precipitation within events.

Historical precipitation data for Salem, Oregon were analyzed

to identify the patterns of occurrence of precipitation events and

the dependence structure of the precipitation during events. The

results of this analysis were used to guide the development of a

general model of the precipitation process, based on the theory of



stochastic cluster processes.

The developed mode] consists of several parts. A Poisson

cluster process is used to describe the pattern of occurrence of

precipitation events. In this process, the time between clusters

and the number of events within clusters are exponentially

distributed random variables. The duration of events and the time

between events within clusters are described with identical

Logarithmic Negative Mixture distributions. The hourly

precipitation amounts within events are described with a

nonstationary, first-order autoregression model.

To test the precipitation model, parameters were estimated for

each month using 31 years of hourly precipitation data for Salem and

Pendleton, Oregon, two stations from very different climatic

regimes. The results of Monte Carlo simulations showed that the

model accurately reproduces the seasonal pattern of event occurrence

and the marginal and conditional distributions of the magnitude,

duration, and intensity of precipitation during events.

Autocorrelation functions for the historical and simulated data were

also similar. It is concluded that the model has potential for use

in many hydrologic applications that use historical precipitation

data.
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A STOCHASTIC PRECIPITATION EVENT MODEL

FOR USE IN EROSION SIMULATIONS

1. INTRODUCTION

1.1 Need for Accurate Predictions of Rates of Soil Erosion

A fundamental need exists for procedures that can accurately

predict rates of soil erosion from hydrologic variables such as

rates of rainfall and evapotranspiration and soil properties such as

infiltration rates. Several local, state, and federal agencies are

concerned with the prevention of loss of topsoil by the processes of

soil erosion. Because rates of soil erosion are difficult to

measure, predictive procedures are the basic tools used by many

agencies for assessing the severity and extent of erosion problems,

and for comparing alternative conservation management practices.

The Soil Conservation Service uses predicted rates of soil erosion

to develop conservation plans designed to reduce soil erosion on

individual farms (USDA, 1981). Predictions are made of expected

rates of soil erosion under alternative farm management systems and

financial assistance for conservation practices is made available on

the basis of predicted decreases in rates of soil erosion. On a

regional basis, the Soil Conservation Service and the Agricultural

Stabilization and Conservation Service have targeted funds for

conservation technical assistance using predicted rates of soil

erosion (USDA, 1981). Predicted rates of soil erosion have also
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been used to evaluate the economic consequences of soil conservation

practices, to assess the environmental impact of sediment inflow to

lakes and rivers, and to assist in the design of engineering

structures. Reliable, quantitative information on predicted rates

of soil erosion under a variety of management practices is needed if

rational decisions about soil erosion-related problems are to be

made.

At the present time, the most widely used method for making

these predictions is the Universal Soil Loss Equation (USLE). The

USLE is an empirical equation. This means that all of the

coefficients (i.e., the so-called soil loss factors) used in the

equation must be determined experimentally. In practice, however,

the necessary data are often not available. Therefore, the

reliability of the various coefficients in the USLE and the

reliability of predicted rates of soil erosion are uncertain

(Wischmeier and Smith, 1978). Because the only way to improve the

accuracy of erosion prediction with the USLE is to measure long-term

(5 to 20 years) rates of soil erosion for a variety of soils and

management practices and thereby determine local values of the soil

loss factors, adaptation of the USLE to regions where the necessary

data are unavailable will be slow (14cCool et al., 1982). Without

local data, however, the validity of calculations made with the USLE

cannot be determined (Wischmeier, 1976).



1.2 Recent Efforts to Make Predictions with Computer Models

An alternative approach is to use a predictive procedure that

does not require coefficients developed from long-term erosion

measurements. This approach attempts to develop a theoretical model

of erosion processes in terms of physical laws and readily

measurable soil properties (e.g., Foster, 1982). The various

interactions of rainfall, evaporation, infiltration, runoff, and

erosion are described by sets of mathematical equations and these

equations are then solved to determine rates of soil erosion under

any specified set of conditions.

The erosion model is usually incorporated into a computer

program because of the large number of calculations that typically

must be made to predict rates of soil erosion (Foster et al., 1980).

Some examples of these computer programs are: CREAMS, EPIC, ARM,

SWM, PTR, USDAHL, ACTMO, WASCH, RFF, ANSWERS, and NPS (Knisel,

1980). The recent widespread use of computers in agriculture will

make these models available to many agencies and their use is

expected to increase.

The value and use of computer programs as management tools

depends on (1) the assumptions used in the development of the

theoretical model, and (2) the accuracy of soil and climatic data

used as input for the computer program. There must also be

efficient procedures to handle the large amounts of climatic data

that are typically required.

The complex interactions among rainfall, infiltration, runoff,

and erosion lead to an important limitation on the use of computer



models: approximating assumptions must be made to simplify the

computer calculations. Unfortunately, these assumptions may

seriously reduce the accuracy of predicted rates of soil erosion.

For example, high soil water tables have been found to be an

important factor in the link between rainfall intensity and rate of

erosion in western Oregon (Istok and Kling, 1983). However, because

it is difficult to incorporate fluctuations of water table levels

into models of runoff and erosion, most computer programs do not

permit water tables to exist in the soil profile (e g , Smith and

Williams, 1980). Thus, these kinds of models cannot be expected to

accurately predict rates of erosion in western Oregon. Because

these approximating assumptions are made for expediency and not for

theoretical considerations, it is expected that the development of

more sophisticated computer models will eliminate these difficulties

in the near future.

The second limitation on the use of computer models to predict

rates of soil erosion results from the need for climatic information

(primarily precipitation and air temperature data) and soils data to

input into the computer program. A computer model is simply a way

to solve a set of equations that describe the various interactions

between rainfall, infiltration, runoff, and erosion. Predicted

rates of soil erosion are obtained by substituting soils and

climatic data into the equations and solving them. Soil hydraulic

properties are needed to describe infiltration into and

redistribution of water in the soil profile. Data on soil particle

sizes, aggregate stability, and shear strength are needed to

describe the detachment of soil particles by raindrop splash and
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overland flow. Rainfall amount and intensity are used to calculate

rates of soil detachment and to compute rates of runoff. Air

temperature data are used to compute evapotranspiration losses at

the soil surface. Clearly, the accuracy of predictions made with

computer models depends on the availability and accuracy of all of

these various types of input data.

Another serious limitation to the use of computer models, how-

ever, is the current lack of procedures for selecting and manipulat-

ing the large amounts of climatic data that are required to solve

the erosion prediction equations. Long-term precipitation and air

temperature data are available for many locations in each state. In

fact, the size of the available data base is one factor limiting its

effective use. For example, 30 years of hourly precipitation data

at one station consists of over 250,000 numbers. Such amounts of

data are available for over 100 locations in Oregon alone. Even in

the computer age, performing complex calculations with such large

volumes of data can be very costly. Furthermore, recent research on

erosion processes has shown that some portions of the historical

precipitation record are more important than others and that special

statistical procedures must be used to isolate these portions for

use as input into erosion prediction models.

1.3 Recent Research on Erosion-Climate Interactions

It has been clearly established that the largest rates of

erosion result from specific combinations of soil and weather
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conditions. Examples of such combinations of factors are: (a) the

occurrence of rainfall when the soil is saturated from previous

rainfall and (b) the occurrence of rainfall when the soil is frozen

or thawing (Zuzel et al., 1982). These combinations of conditions

occur infrequently, perhaps only once or twice a year. However,

they account for a large percentage of the average annual loss of

soil. In one case, erosion resulting from a single rainstorm that

occurred following a period of prolonged low-intensity rain that had

produced a saturated soil profile accounted for 70% of the loss of

soil for the year in which it occurred and 40% of the loss of soil

in a 4-year period (Istok et al., 1985).

The accurate prediction of rates of soil erosion will not be

possible until two important steps have been successfully acheived.

First, there must be a proper way to calculate the frequency of

occurrence of these critical conditions. Second, procedures must be

developed to select the climatic data from the historical record for

input to climatic models so that these critical conditions are

included in the erosion predictions.

The first of these steps was recently completed (Istok et al.,

1984). A long-term climatological data base for western and eastern

Oregon was analyzed for the occurrence of critical conditions. The

concepts of precipitation and freezing "events" and event "clusters"

were developed in that study as tools to aid the identification of

critical conditions in a historical record of hourly precipitation

and air temperature data. Procedures were developed to quantify the

frequency of occurrence of critical conditions in terms of frequency

of occurrence of events and event clusters.
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The research described in this dissertation is concerned with

the second step: the selection of appropriate climatic data for use

in existing computer models. Because of the direct role involved,

only precipitation data are included from among the available

climatic information. It is obvious that the portion of the

precipitation data that is selected should be a representative

sample of the available, long-term, precipitation data base. This

is because that sample must contain all the important combinations

of precipitation amount and intensity to ensure that the computer

model calculates soil loss for the most important, or "critical"

conditions. It is also necessary that these conditions occur in the

sample with the same frequency as they do in the historical record.

Otherwise, for example, if a single rainstorm that falls on

saturated soil produces 40% of all the soil loss over a 4-year

period, then any error in the frequency with which this type of

event occurs in the sample data used as input to the computer model

can result in serious errors in erosion prediction calculations.

Because the precipitation process is complex, a mathematical model

of the precipitation process is required to facilitate obtaining

representative samples from a precipitation data base.

1.4 Precipitation as a Stochastic Process

The theory of stochastic processes permits the development of a

mathematical model of the precipitation process. Let

{X
n
,n=1,2,3...} be a sequence of numbers which describes the

behavior of some phenomenon. The sequence is said to be a
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stochastic process if the value of any element of the sequence, say

X
i'

is conditionally dependent on the values of elements that

occurred previously (Xi_i, Xi-2, Xi_3,...) (Cinlar, 1975). A

stochastic model is a set of mathematical expressions that describe

this dependency structure (Medhi, 1982). More specifically, if 0(111

consists of hourly precipitation data, the sequence of hourly

precipitation data may be called a precipitation process. If the

hourly precipitation amounts exhibit conditional dependence, {XII}

may be called a stochastic precipitation process and the

mathematical description of the dependence structure may be called a

stochastic precipitation model (Waymire and Gupta, 1981).

Conditional dependence is introduced into a sequence of hourly

precipitation amounts primarily because many hours of precipitation

data can result from the passage of a single convection cell over

the precipitation gage. There are many other factors, however,

including long-term changes in climate, seasonal fluctuations in

amount and frequency of precipitation, the occurrence of different

types of rainstorms, and the occurrence of several overlapping

rainstorms (Istok et al., 1983). The ability to quantify these

various dependencies for a set of precipitation data is essential if

these data are to be used correctly in conjunction with computer

models to predict rates of soil erosion and runoff.

Several factors limit the usefulness of existing stochastic

precipitation models. Most models described in the literature have

been designed to simulate daily precipitation data, and for many

applications, e.g., prediction of rates of runoff and erosion from

small watersheds, this time scale is too large. Also, daily
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precipitation models cannot be expected to adequately represent

certain characteristics of the precipitation process, particularly

those characteristics associated with precipitation intensity.

Several other difficulties arise in the operational aspects of many

models. As the complexity of the model increases, so does the

number of parameters that must be estimated from the historical

data. Obtaining these estimates for large amounts of precipitation

data can be expensive. Also, although several stochastic

precipitation models have been reported in the literature, well

tested and documented computer programs for efficient estimation of

model parameters are generally not available.

An additional important limitation of existing stochastic

precipitation models is that many features of the dependence

structure of the precipitation process are ignored or

over-simplified. For example, the amounts of precipitation during

consecutive time increments are often assumed to be identically

distributed random variables (e.g., Nguyen and Rousselle, 1981).

This assumption has been shown to be false for certain data sets

(e.g. Brown et al., 1984), implying that a general stochastic

precipitation model should allow the distribution function for

precipitation amount to vary with time.

1.5 Research Scope and Objectives

The scope of this research is the exploration of analytical

procedures for describing the stochastic structure of the complex
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precipitation process. The specific research objective is to

develop an appropriate mathematical model of precipitation data for

use in modeling runoff and sediment yield from small agricultural

watersheds.

An example use of the simulation model may help clarify this

objective. Suppose a researcher wishes to use a runoff and erosion

simulation program to compare the effects of two tillage practices

on soil losses from a given field. The researcher needs a set of

precipitation data for the area of interest. Use of the entire

historical precipitation data base would be costly, however, and

often requires large data storage devices that only exist at major

computer facilities. At the present time, the only available

procedure is to arbitrarily select a small portion of the historical

data or to limit the erosion simulations to a few "representative"

rainstorms. It should be noted with respect to the latter approach

that the meaning of the terms "representative" and "rainstorm" are

both poorly defined and statistically inaccurate concepts. For this

reason, predicted rates of erosion will be sensitive to the

selection procedure used (Istok et al., 1983). If, for example,

five years of data are chosen from a relatively "dry" period, it is

obvious that predicted rates of erosion will be low. It is also

obvious that if five years of data are chosen that contain two

"100-year storms", predicted rates of erosion will be high.

However, because so-called critical conditions are often defined

using combinations of precipitation characteristics, identifying

"representative" rainstorms in the historical record and computing
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their frequency of occurrence is very difficult using existing

methods.

With the stochastic precipitation model developed during this

research, however, a more realistic approach will be possible. The

erosion predictions will be based on simulated sequences of hourly

precipitation data. The theoretical model that controls the

simulations ensures that these sequences exhibit the same

characteristics exhibited by the historical data. Because the model

eliminates the need to store precipitation data (instead, each hour

of precipitation data in the simulated sequence is generated as it

is needed in the erosion predictions) longer sequences of

precipitation data can be used in the erosion simulations.

This approach has two important advantages over other methods.

First, the precipitation data used in erosion predictions will be

representative of the historical data in a statistically rigorous

sense. Second, long-term erosion predictions will be possible

because no large volumes of precipitation data must be stored or

manipulated.

The theory of stochastic processes forms the framework and

provides the building blocks for the development of the model. By

analyzing historical precipitation data, the stochastic structure

(i.e., the nonditional dependencies exhibited by the sequence of

hourly precipitation amounts) of the precipitation process is

determined. Then, the equations that describe the stochastic

structure of the precipitation process are used to create a computer

simulation program. Procedures for fitting the model to historical

data from any location are also developed.
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2. LITERATURE REVIEW

During the last two decades, hydrologists have developed many

stochastic models of the precipitation process. The approaches that

have been used are usually based on a combination of two sequences

of random variables. The first sequence, referred to as a

stochastic counting process, counts the number of elementary

rainfall "events" occurring within a period of time. The definition

of a rainfall event depends on the time scale of the precipitation

process under consideration and may refer to either "wet" periods

(storm periods, rainy days, rainy hours) or "dry" periods

(interstorm periods, dry days, dry hours). The second sequence of

random variables associates a rainfall amount (or duration, or

intensity, etc.) with each rainfall event. These sequences are

often referred to as rainfall depth and duration processes.

Stochastic counting processes are used to describe the

occurrence of rainfall events. In this case, time is the indexing

parameter. Both discrete and continuous time scales have been used

in the literature. In the case of a discrete time scale, we will

denote the time parameter by n and represent the process as

n
, n=0,1,2...1. If the units of n are days, for example, this

meansthatthesystemisinstateX.1 on day i and X.
1+1

on day i+1,

and so on. If the parameters are also discrete, the process {X
n

}

can be used to represent a series of repeated trials with two

outcomes: "events" (occurrence of a wet period) and "nonevents"

(occurrence of a dry period). If p and q (p+q = 1) are the

probabilities of an event and a nonevent at each discrete time and
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if the series of events and nonevents are independent, the process

{s
n
} defined as the accumulated number of events in n units of time

has a probability distribution

PrfS
n
-k] (n) pkq

n-k
(2.1)

where Pr) denotes probability. The process {Sil} is called the

Bernoulli process (also binomial process) (Feller, 1968). The

requirement for event independence is often not satisfied by many

sets of precipitation data. For this reason, the Bernoulli process

has not been widely used in stochastic precipitation modeling. One

example of the application of this process to daily rainfall

sequences is given by Smith and Schreiber (1973). The requirement

of independent trials in their study meant that the probability of

occurrence of rainfall on a particular day is independent of the

occurrence of rainfall on any previous day.

Another counting process used to describe sequences of rainfall

events is the Poisson process, which consists of a discrete space

state (i.e., events and nonevents) and a continuous time parameter

space ft 0}. With a Poisson process it is assumed that a series

of events occurring in a specified period of time are independent of

each other (Feller, 1968). If fk(t),t 0) is defined as the number

of events occurring in an interval of time (0,t) and A is a constant

defined as the mean number of events per unit time, the process

(X(01 is defined as a Poisson process if it has the probability

distribution



Pr[X(t)-k1 = e
-A (1.)k

, k = 0,1,2...
k!
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(2.2)

The Poisson process has been widely used in the literature to

describe sequences of thunderstorms, droughts, and groups of storms

(Gupta and Duckstein, 1975; Todorovic and Woolhiser, 1976; and

Eagleson, 1978).

Both the Bernoulli process and the Poisson process assume that

the events of the counting process, whether in discrete time or in

continuous time, are independent. This is a rather severe

restriction for a large class of rainfall events, for example, wet

hours or wet days, because these phenomena are caused by larger-

scale cyclonic disturbances within which they are embedded.

Rainfall which occurs in an individual hour or day may result from

one or more convective cells which sweep across a region during

storm periods. On a physical basis we expect the occurrence of a

rainfall event to alter the probability distributions for subsequent

events. In fact, there are many examples in the literature where

the random variables X(ti), X(t2), X(t
n
) exhibit some sort of

dependence (see, e.g., LeCam, 1961; Kavvas and Delleur, 1981; and

Todorovic and Woolhiser, 1976).

The dependence which rainfall phenomena exhibit has led to the

development of rainfall models in which the increments X(t
1

),

X(t
n
) are stochastically dependent. For example, in the case of

daily rainfall sequences, the occurrence of rainfall on day t may be

dependent on the occurrence of rainfall on day t-1, t-2, and so on.

Clearly, the analysis of the process and the mathematical



15

formulation of the model get complicated as this dependence

structure becomes complex. The simplest and most widely used type

of dependence structure for modeling rainfall sequences is called

Markov-dependence (Feller, 1968). The process {X(t)} is said to

exhibit Markov-dependence if the conditional distribution of X(tn+1)

for given values of X(t1), X(t2), ...X(tn) depends only on one or

more immediately preceding values of X(t). If X(tn+1) depends only

on the value of X(t
n
), the Markov dependence is said to be of the

first - order. If X(t
n+1

) depends on the value of X(t
n
) and X(t

n-1
),

the Markov dependence is said to be second-order, and so on. A

stochastic process exhibiting this property is called a Markov

process. In the special case where the parameter space is discrete,

Markov processes are also called Markov chains (Bhat, 1972).

Gabriel and Neumann (1967) represented a sequence of wet and dry

days by a two-state, first-order Markov chain, an approach also used

by Feyerham and Bark (1967), Katz (1977), and Todorovic and

Woolhiser (1976). In this case, the two states correspond to wet

and dry days. If 1=0,1,2..1 is a sequence of random variables

such that Y. = 1 if the day is wet and Y
i

= 0 if the day is dry and

the time parameter i has units of days, first-order Markov depen-

dence means

PrrIi=j/Yi_i=k1, = Pr[Ii=j/Yi_i=ki] (2.3)

where Fr[] denotes probability and the symbol "/" should be read

"given that".
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Continuous time parameter, two-state Markov processes have also

been used to describe the counting process for precipitation events

(Crovelli, 1971). In this case, the probability of a transition

from state i to state j during the time interval from t to t+Gt does

not depend on the initial time t but only on the elapsed time At and

on the two states i and j

Pr[X(t+At) = j/X(t) P..(t), t>0 (2.4)

where
ij

(0 is the transition probability from state i to j at time

t (Medhi, 1982, p. 126).

Several other stochastic processes from the classical

probability literature have been used as counting processes for

sequences of rainfall events. Green (1964) used an alternating

renewal process with exponential distribution functions, an approach

also used by Buishand (1978) and Roldan and Woolhiser (1982). The

Polya process was used by Todorovic and Woolhiser (1976) as the

counting process governing the number of storm events in an interval

of time (0,t). The Polya process is a Poisson process where the

parameter A is also a random variable. Several other processes

based on the Polya process have been introduced into the rainfall

literature by Wiser (1965) and additional information can be

obtained in reviews by Kavvas and Delleur (1975), Todorovic and

Woolhiser (1976), and Waymire and Gupta (1981).

Empirical evidence obtained by early attempts at modeling

sequences of rainfall events has indicated that many of the counting

processes discussed so far are inadequate to represent the complex
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stochastic structure
exhibited by rainfall. The Bernoulli and

Poisson processes only give approximately correct solutions for

thunderstorm rainfall and only for time scales of one to several

days (Smith and Schrieber, 1973). Waymire and Gupta (1981) showed

that increments of the Polya process exhibit "infinite" dependence,

making it unsuitable for use as a model of rainfall on physical

grounds. Certain features of the precipitation process on a daily

or even hourly basis can be modeled by choosing a process derived

from the assumption of Markov dependence. The difficulty with this

approach is that rainfall events tend to occur in groups or clusters

as storm fronts pass over an area. In the interval between these

clusters the probability of occurrence of a rainfall event is zero.

Within clusters, rainfall events occur with a probability that

depends on the duration of events and clusters, the number of events

contained within clusters, and several other factors.

Based on this description of the precipitation process, Kavvas

and Delleur (1975) introduced the Neyman-Scott (Heyman and Scott,

1958) cluster process for modeling rainfall events. The

Neyman-Scott cluster process is a Poisson cluster process in which

the number of clusters in a period of time (O,t) constitutes a

Poisson process with a mean rate A and each cluster contains a

random number of events which are mutually independent and follow

the same probability distribution. Kavvas and Delleur (1975)

demonstrated that the Neyman-Scott
model is a better description

than a Poisson model for sequences of wet and dry days for 17

stations in Indiana.
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From this brief introduction to stochastic counting processes

for use in rainfall modeling, it should be apparent that there are a

wide variety of statistical techniques available and that the

suitability of a particular method depends in part on the

climatological features of the local precipitation process. For

example, the statistical structure of rainfall sequences generated

by thunderstorms would be expected to be different from those

resulting from frontal storms. An important additional factor is

the time scale of the precipitation process being studied. There is

no reason to expect the stochastic dependence of sequences of hourly

rainfall amounts to be the same as for daily or storm sequences.

Given the considerable variability exhibited by the rainfall process

in many parts of the world, it is probably impossible for a single

counting process to incorporate all of these features. Neverthe-

less, the general theory of stochastic processes is flexible enough

to allow derivation of an approximate stochastic model for sequences

of rainfall events.

Counting processes are used to describe the occurrence of

elementary rainfall events within a period of time. In order to be

useful as a stochastic model of the precipitation process, however,

a second sequence of random variables, referred to as depth and

duration processes, is needed to associate a rainfall amount,

duration, or intensity with each event. In this research, (X(t)} is

used to represent the rainfall event counting process. The

precipitation process can be described by the bivariate sequence of

random variable iX(t),Y(t)}, where the {Y(t)} process is a sequence

of random variables and each value of Y(t) refers to either the



19

amount, duration, or intensity of rainfall that occurs during event

t.

Rainfall depth and duration processes are used to describe

certain characteristics of the precipitation process during event t.

The values of the indexing parameter, t, and the values of Y(t) can

be either discrete or continuous. For example, consider the case

where the process {){(t)} represents the sequence of wet and dry days

and the process (Y(t)) represents the sequence of precipitation

amounts on wet days. In this case, fX(t)} is a discrete sequence of

integer-valued random variables representing the two states (wet or

dry) on day t and {Y
t
} is a discrete sequence of real-valued random

variables representing the amount of precipitation the falls on wet

day t.

The most common approach that has been presented in the

literature for modeling precipitation amounts for rainfall events is

to fit some theoretical distribution to the precipitation amounts by

estimating values of the distribution's parameters. Several con-

tinuous distributions have been used. These include the exponential

(Todorovic and Woolhiser, 1976), mixed exponential (Smith and

Schreiber, 1973), log normal (Wang et al., 1981), gamma (Katz,

1977), Bessel (Eagleson, 1978), and kappa (Mielke, 1973). Each of

these distributions requires a different number of parameters. The

number of parameters also depends on the type of dependence assumed

for (Y(t)).

A common approach is to assume that rainfall amounts for

successive events are independent and to fit the theoretical

distribution using a single set of parameters. For example, Smith
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and Schreiber (1973) used this approach to model amounts of rainfall

for thunderstorms in the southwestern United States. The assumption

of independence is usually only valid for time scales of several

days to weeks so that when the rainfall events can be considered to

be "isolated storms". For time scales smaller than about one day,

or where the precipitation process consists of extensive, frontal

type storms, the assumption of independence for successive values of

1(t) is not appropriate. This is so primarily because of the

clustering dependence of the event counting process {X(t)}. For

example, consider the case where the process iX(t),Y(t)} represents

daily sequences of wet and dry days and wet day rainfall amounts.

If day t is dry there is usually (depending on local climatic

conditions) a higher probability that, if day t+1 is wet, the amount

of rain on day t+1 will be smaller than if day t was wet.

Similarly, if the amount of rainfall on day t is large, there is a

higher probability that, if day t+I is wet, the amount of rain on

day t+I will be large, than if the amount of rain on day t is small.

In both cases, Y(t+1) depends on X(t+1), X(t), and Y(t).

Other assumptions regarding the dependence of the sequences

{X(t)} and {Y(0} can also be made, depending on the choice of the

event definition and on the particular characteristics of the local

precipitation process being studied. There is an extensive

literature on the subject of fitting theoretical distributions to

rainfall amounts and on the statistical evaluation of the "best"

theoretical distribution to use in a particular case. These have

been studied in terms of (a) amounts per unit time (Woolhiser and
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Holden, 1982); (b) amounts per storm (Eagleson, 1978); and

(c) duration (Shenton, 1970).

The duration of rainfall is not a simple concept to apply to

precipitation data that are collected at discrete time intervals,

e.g. daily or hourly, because rainfall during an event is

discontinuous. For example, consider an event defined as an

uninterrupted sequence of wet days. When using daily precipitation

data, an event defined as an uninterrupted sequence of wet days may

have a computed duration of two days although the second day may

actually have only contained a trace of rainfall during a single

hour. Several other event definitions are possible, depending on

the specific application intended for the model; several have been

used in the literature in connection with hourly precipitation data.

Nguyen and Rousselle (1981) defined a precipitation event as an

uninterrupted sequence of consecutive wet hours. Changnon and Huff

(1967) defined an event as consecutive wet hours separated from

preceding and succeeding events by six or more consecutive dry

hours. Shenton (1970) used eight different definitions based on

consecutive wet hours separated by 1,2,...,8 consecutive dry

hour(s).

Several approaches have been used to model the duration of

rainfall events. One approach has been to use the sequence {Y(t)}

to represent the sequence of random event durations. In this case,

a theoretical probability distribution is fitted to event durations

and the value of Y(t) is interpreted as the duration of event t.

The choice of distribution depends on the measurement interval of

the available data (e.g., day, hour) and on the event definition.
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Several discrete distributions have been used in the literature when
the time scale is discrete. These include the logarithmic (Patil,

1964), negative binomial, and geometric
(Shenton, 1970).

Another approach to the modeling of event durations is to use

the stochastic counting process {X(t)} to describe the sequence of
wet and dry periods over some discrete time scale (e.g. day, hour)
and to define a new random variable, the event duration, as a sum of

consecutive values of X(t). For example, consider the case where

{X(t)} refers to a sequence of wet and dry hours with X(t)=1 if the
hour is wet and X(t)=0 if the hour is dry. If an event is defined
as a sequence of

consecutive wet hours separated by at least one dry
hour, the event duration, D is simply the sum of X(t). Depending on
the dependence

assumptions used for {X(t) }, it may be possible to
derive the probability

distribution for D. For example, if {X(t)}
is a Markov chain, D can be shown to have a geometric distribution
(Feller, 1968).

When the time scale is continuous, storm durations can be

obtained directly by replacing the counting process with two

sequences of random variables {Xw(t)} and {Xd(t)} where {X
w (t)} is

the length of the wet period (i.e., storm duration) and IXd(t)1 is

the length, of the dry or interstorm period. The values of [Xw(t)}

and (X
d (0) may then be fitted to theoretical probability

distributions. The distributions can be the same for both sequences
with the same or different parameters; or the distributions and

parameters for both sequences may be different. The two

distributions can be independent i.e., the lengths of wet and dry

periods are not correlated, or exhibit some form of dependence.
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Eagleson (1978) used independent distributions for {Xw(t)} and

iX
d
(t)1 and modeled the two sequences with exponential distributions

with different parameters for each sequence. Grayman and Eagleson

(1971) also assumed that {Xw(t)} and {Xd(t)} were independent and

modeled the two sequences with Weibull distributions with separate

parameters. It is also possible to relax the restriction of

independence for {X
w
(t)} and (Xd(t) }. One approach is to introduce

the concept of Markov dependence and continuous time parameter

Markov chains (Waymire and Gupta, 1981, p. 1265). Another approach

is to introduce the concept of clustering dependence and to compute

the distributions of {X
w
(t)} and {X

d
(0) from the assumed cluster

process. For example, Kavvas and Delleur (1975) were able to

compute the distributions of the two sequences from the Neyman-Scott

cluster process.

In addition to durations of wet and dry periods and magnitudes

of rainfall events, other characteristics of the precipitation

process may be of interest. Two examples are maximum rainfall

amount (Todorovic and Woolhiser, 1976) and maximum dry period or

extreme drought (Gupta and Duckstein, 1975). These other

characteristics can be obtained from processes of rainfall amounts

and durations using the results of classic probability theory (Cf.

Feller, 1968). Another approach would be to use the sequence {Y(t)}

to describe the values of maximum intensity, etc. associated with

each event.

In the preceding discussion, we have been assuming that the

various stochastic processes, i.e., {X(t)} and {Y(t)}, are

homogeneous (also called stationary) with respect to the time
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parameter. Homogeneity implies that the probabilistic structure of

the process is unaffected by the position of the time origin. For

example, in the Poisson process, if X=X(t) (that is, the rate of

occurrence of rainfall events is a function of time) the Poisson

process is said to be nonhomogeneous. Nonhomogeneous processes have

been used to describe seasonal changes in hydrologic processes (e.g.

throughout the year or from year to year). Examples of the use of

nonhomogeneous stochastic processes in rainfall models are given by

Caskey (1963) for Markov chains and Todorovic and Woolhiser (1976)

for Poisson processes. A special class of nonhomogeneous stochastic

processes results when the parameters are taken to be random

functions of time. For example, Smith and Karr (1982) developed a

rainfall model using a member of the family of Cox processes defined

as a Poisson process with a randomly varying rate of occurrence.

This class of stochastic processes is also described as "doubly"

stochastic. Two other approaches have been used to model

nonhomogeneous stochastic processes, namely (1) breaking the time

scale into "seasons" with separate and constant parameters for each

season, and (2) fitting a function, usually periodic, to parameters

that reflects cycles or trends in the precipitation process.

Because of large-scale meteorological phenomena, the amount and

intensity of rainfall and the frequency and type of rainstorm often

show yearly cycles. For example, in the western United States,

hydrologists often divide rainfall into "summer-type" and

"winter-type" storms (McCool et al., 1982). When developing

rainfall models under these conditions, it is possible to divide the

available data into two groups and to estimate parameters
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separately. Other divisions could be "fall", "summer," "winter," or

"spring" or any other division of the time scale. Statistical tests

are available for testing differences in parameters estimated for

different periods for statistical significance (cf. Buishand, 1982).

As the number of time periods for which parameters need to be

estimated increases, a more parsimonious model (i.e., a model with

fewer parameters) can be obtained by fitting a function to the

parameters of model. For example, if the transition probabilities

of a first-order, two-state, Markov chain are different for each

month of the year, it may be possible to replace the (2x12 =24)

parameters by a smaller set through the use of Fourier series.

Identifying trends and cycles in data is the subject of time series

analysis (Box and Jenkins, 1976, Yevjevich, 1972) and will not be

reviewed here. The relevant principals and techniques will instead

be discussed individually as necessary in the sections on model

identification and parameter estimation (Sections 3.4 and 3.5).

The previous discussion has provided a brief introduction to

the literature on the use of stochastic processes to model rainfall

events and event characteristics. The literature on this subject is

extensive. The interested reader is referred to earlier reviews by

Waymire and Gupta (1981), Todorovic and Woolhiser (1976), and Kavvas

and Delleur (1975). A wide variety of stochastic rainfall models

have been proposed based on different interpretations of rainfall

events and the time scale of the precipitation process being

studied. No single model can be expected to be suitable for all

these diverse applications. Moreover, the many decisions that have

to be made during model development are controlled by (1) a physical
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understanding of the precipitation process being modeled, (2) the

requirements of the particular application, and (3) the results of

statistical inference (hypothesis testing).

Four attributes of a satisfactory stochastic model of the

precipitation process were listed by Todorovic and Woolhiser (1976)

as: (1) the model should be suitable for time scales as small as

about 15 minutes to as long as one day; (2) the model should easily

yield distributions of the various functionals (or storm

characteristics, e.g. duration) of the precipitation process; (3)

the model should be parsimonious (i.e., have as few parameters as

possible); and (4) the model parameters should be such that they

could possibly be regionalized, for example, by mapping. It is

hoped that a search for a model possessing these attributes will

also give insights into patterns of rainfall occurrence and between

rainfall and processes "driven by" rainfall (for example, overland

flow and erosion).
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3. DEVELOPMENT OF STOCHASTIC MODEL

3.1 Overview of Model Building Process

The approach to model building used in this research was

basically that of Box and Jenkins (1976). They classified the

procedures used to develop a stochastic model as identification,

estimation, and diagnostic checking. They described these

procedures as follows. Identification is the use of data and

experience to suggest a class of models that may be used to

represent the process under consideration. Estimation is the

fitting of a particular model to the data by obtaining estimates of

the model parameters. Diagnostic checking is used to identify lack

of fit between the model and the data and to suggest improvements in

the model. If the model is judged to be adequate (using

predetermined criteria), the model is ready for use. If the model

is judged to be inadequate, the steps of identification, estimation,

and diagnostic checking are repeated in an iterative cycle until a

suitable model is found.

To be useful in hydrologic applications, a stochastic

precipitation model must also be verified: it should be capable of

simulating precipitation data from many different weather stations.

To achieve this objective, the overall structure of the model must

be flexible enough to represent the types of precipitation patterns

that occur in precipitation data from different climatic regions.

Tests for this requirement will be referred to as model

verification.
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Precipitation data from two National Weather Service Stations,

Salem and Pendleton, Oregon, were used in this study. The period of

record is approximately 311/2 years at each station, from mid-1948 to

December 31, 1979. The resolution of the hourly precipitation

values is to the nearest hundredth of an inch, with a minimum value

of 0.01 inches. These data were obtained from the National Climatic

Center located at Asheville, North Carolina.

The sequence followed in model building and the location of the

corresponding description and discussion in this dissertation are as

follows: Data from the Salem station were used in the

identification and initial development of the stochastic

precipitation model. The remainder of Section 3 is concerned with

these procedures, using the data from the Salem weather station.

The theoretical development of the stochastic precipitation model is

described in Sections 3.4 and 3.5. Section 4 describes the

development of computer programs to estimate model parameters and to

simulate hourly precipitation data. Section 5 involves diagnostic

checking, wherby simulations of hourly precipitation for Salem were

compared with historical data to test the model. Verification of

the precipitation model using the Pendleton precipitation data is

the subject of Section 6. In the initial step of this verification,

model parameters were estimated using the precipitation data from

Pendleton. Then simulated and historical data for Pendleton were

compared to verify the model's ability to describe precipitation

data from this different climatic region as compared to the one used

in the development of the model. A summary of the results is

presented in Section 7.
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3.2 Analysis of Historical Precipitation Data

3.2.1 Precipitation Events

The precipitation data used in this study were recorded as a

complete-duration series, that is, a chronological sequence of

precipitation amounts for each hour in the period of record.

Because the observed sequence of hourly precipitation amounts is

caused by large-scale atmospheric processes, we expect the

individual measurements to exhibit some form of stochastic

dependence. For example, the passage of a well-developed cold front

over a point often increases the probability of occurrence of

precipitation relative to periods of time between frontal passages.

For locations where this is true, we would expect the passage of

cold fronts over the precipitation gage to force the data to take

the form of sequences of "wet" hours (high magnitudes and intensi-

ties of precipitation) separated by sequences of "dry" hours (low

magnitudes and intensities). The durations of wet and dry periods,

the individual hourly amounts during wet periods, and other

characteristics of the data may also exhibit stochastic dependence.

For this reason, we begin our development of a stochastic

precipitation model by examining ways that these features of the

precipitation process can be quantified.

One way to study the dependencies exhibited by hourly

precipitation data is to compute the autocorrelation function for a

sample of the data. The autocorrelation function reveals how the

correlation between any two values of the time series of hourly
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precipitation amounts changes as their separation changes. Several

estimates of the autocorrelation function were studied by Jenkins

and Watts (1968). They concluded that the following estimates

should be used for the kth-lag autocorrelation, Ok:

C
k

= , k = 0,1,2...,K

N-k
Ck = (Pt - T)(Pt+k - T

1
)

t=1

(3.1)

(3.2)

where k is the lag in hours, N is the length of the time series, Pt

is the precipitation during hour t, and P is the mean of the time

series. These estimates are only applicable to stationary time

series, which means in this case that they are only applicable when

the properties of the hourly precipitation data do not change with

time. In Section 3.4, this requirement is examined in detail, but

for now we assume that this requirement can be met by restricting

our attention to only a portion of the entire time series.

The autocorrelation functions for the months of January and

August were computed using Equations 3.1 and 3.2 with K = 50. For

these calculations the hourly data for each month for all years of

record at Salem were combined. Results are shown in Figure 1. The

shape of the functions indicate a strong serial dependence of hourly

precipitation amounts. The horizontal broken lines on Figure 1 are

the computed significance levels, pi for the lag = 1 autocorrela-

tion. For large samples, 01 is estimated from
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(3.3)

where C is the upper .tict probability point of the normal
Za

distribution and N is the sample size (Cox and Lewis, 1966, p.165).

The calculation for 10
1

1 at the 1% significance level is shown in

Figure 1. It is seen that the autocorrelation function exceeds the

value of 10
1

1 for k<50 hours for January and for k<40 hours in

August. Thus, we conclude that the autocorrelation is significant

at the 1% level.

Another way to study the dependencies exhibited by hourly

precipitation data is to isolate sequences of wet and dry hours into

discrete units or "events". This can be accomplished by defining an

event as follows: a precipitation event begins when hourly precip-

itation intensity exceeds a certain threshold value, I; a precipi-

tation event ends when hourly precipitation intensity remains below

a value of I for S consecutive hours. By selecting different values

for I and S, a sequence of hourly precipitation data can be divided

into different sequences of events. As shown in Figure 2, a period

of hourly precipitation data can be divided into one or more events

by varying the values of I and S used in the event definition. In

Figure 2, the duration of events is shown by the lengths of the

horizontal stippled bars. Different sequences of inter-event

periods are also defined as shown by the spaces between the

horizontal stippled bars.

As a step toward understanding the stochastic dependencies

exhibited by hourly precipitation data in western Oregon, this event
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definition was used to divide the precipitation data from the Salem

station into precipitation events. The following values of I and S

were arbitrarily selected: I = 0.01 in/hr and S = 1 hr. In the

remainder of this dissertation, the terms "precipitation event" and

"event" will be synonymous and will refer to a series of hours of

precipitation data which have an uninterrupted sequence of

precipitation amounts greater than or equal to 0.01 inch. Each

event has a duration of at least one hour and every non-zero hourly

precipitation amount is a member of a single event. The top line in

Figure 2 illustrates the grouping of wet and dry hours into events

using this definition. In that example, nine series of hours

satisfied the definition of a precipitation event, as indicated by

the nine stippled areas.

A computer program, EVENT, was written to divide hourly

precipitation data into events using this definition. A listing of

the source code for this computer program is in Appendix A. The

program identified 9,727 events in the 311/2-year period of record for

Salem, an average of 309 events per year. For each event, the date

and time of occurrence were recorded on a data file; the values of

several event characteristics were also recorded. These will be

discussed in Section 3.2.3.

3.2.2 Occurrence of Precipitation Events at Salem, Oregon

Following the nomenclature used in Section 2, the term

"occurrence process" will refer to the portion of the precipitation

process that controls the occurrence of precipitation events in
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time. The historical occurrence process for precipitation events at

Salem was first studied by counting the number of events that

occurred in each month in the period of record. The results are

shown in Figure 3.

There were two important features of the occurrence process for

precipitation events at Salem. These were 1) the seasonal cycle in

the number of events occurring in a given period of time, and 2) the

apparent tendency for events to occur in closely spaced groups, or

"clusters".

With respect to the first feature, seasonality of events, more

events occurred during the winter months of November through March

than during the months of April through September (Fig. 3). The

smallest number of events occurred during the months of July and

August. The variability in number of events for individual months

was large (Fig. 3).

The frequency of occurrence of precipitation events on a

month-by-month basis for the entire period of record, presented in

Figure 4, also shows this seasonal fluctuation. Long-term (i.e.,

from one year to the next) trends in frequency of occurrence of

precipitation events were not apparent; the results of a formal test

for long-term trends in event frequency are discussed in

Section 3.4.3.

The seasonal pattern of event occurrence, of course, results

from the seasonal changes in the frequency and type of weather

systems (primarily low-pressure centers) that are typical of the

climate of western Oregon. Because an understanding of these

large-scale weather features gives a physical insight into the
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nature of the precipitation process, an analysis of weather maps was

performed in an attempt to quantify some of these features. Seven

years of daily weather maps were used (U.S. Department of Commerce,

1973-1979). These maps summarize daily surface observations for a

portion of the United States and Canada. Included on each map is

the meteorologist's estimation of the position of several types of

"fronts" (e.g., warm and cold fronts).

The occurrence of precipitation at a particular location is

often associated with the passage of one or more fronts over the

site. It is reasonable to expect, then, that the observed seasonal

fluctuations in the frequency of event occurrence results, in part,

from seasonal fluctuations in the frequency of frontal passages.

This idea was tested by counting the number of frontal passages

over Salem for each month and comparing the number of frontal

passages to the number of precipitation events recorded at Salem.

The results, presented in Table 1, show that the number of frontal

passages was higher during the winter and lower during the summer.

For example, twice as many frontal passages occurred during December

and January as occurred during July and August. This trend is

similar to the trend observed for number of precipitation events

(Fig. 3) and there was a statistically significant correlation

between number of precipitation events and number of frontal

passages for each month except July (Table 1). For the pooled data,

the calculated value of r2 was 0.47, which means that about one-half

of the total variation in number of precipitation events occurring

in a given month can be explained by the variation in number of

frontal passages. This confirms that seasonal changes in frequency
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of event occurrence can be attributed, in part, to seasonal changes

in large-scale atmospheric processes.

The second important feature of the event occurrence process

displayed by the Salem data was the apparent "clustering" of

precipitation events in time. Clustering was indicated by the

pattern of occurrence of events wherein sets of closely-spaced

events, i.e., the event "clusters", were separated from other

clusters by relatively longer periods of time. Empirical evidence

of clustering of precipitation events can be seen in Figure 5, which

is a plot of the precipitation event occurrence process for a

portion of the historical record. Clustering of precipitation

events is indicated by the occurrence of sets of closely spaced

events. The numbering scheme in Figure 5 was arbitrarily selected

to illustrate the grouping of events into clusters.

Obviously, the observed clustering of precipitation events is a

result of the evolution (in time and space) of the large-scale

atmospheric processes that control the event occurrence process. As

was shown earlier, the number of precipitation events occurring in a

given period of time is correlated with the frequency of frontal

passages. This suggests that each frontal system that passes over

the site of the precipitation gage triggers the occurrence of

several precipitation events. Because these events result from the

same frontal system, they occur in clusters. Precipitation events

are less likely to occur during periods of time between frontal

passages. Although this description of the interaction between

fairly large-scale weather patterns and hourly precipitation data is
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very simplistic, nevertheless it is useful in the development of a

stochastic model of the event occurrence process.

One example of the utility of the frontal-passage description

of the event occurrence process is that it allows us to estimate the

approximate frequency of occurrence and the duration of

precipitation event clusters. The frequency of frontal passages was

determined by counting the number of fronts passing over the Salem

location for each month (Table 1). We expect event clusters to

occur with approximately the same frequency.

To estimate the duration of event clusters, the same daily

weather maps were analyzed to determine the "persistence" of frontal

systems resulting in precipitation at Salem. This was accomplished

by observing the patterns of precipitation that resulted from each

frontal passage and estimating the length of time (i.e., the

"persistence") that each could have contributed precipitation to the

Salem site. There were some difficulties in performing these

estimates, primarily because the position of some fronts changed

rapidly from one day to the next and because several fronts

sometimes occurred over Salem during the same day. These factors

usually meant that the frequency of occurrence of small values (one

day or less) of "persistence" was underestimated. The results show

that a single frontal passage could contribute precipitation to a

site for periods ranging from one to nine days (Fig. 6). However,

almost fifty percent of all frontal passages had a "persistence" of

only one day.

There were also seasonal trends in persistence. Frontal

passages that occurred during the winter months generally had larger
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values of persistence than frontal passages that occurred during the

summer (Table 2). The monthly mean values show a gradual change

throughout the year, with a range of about one day. Based on the

simple frontal-passage model for precipitation event occurrence,

then, we would expect the duration of clusters of precipitation

events to be on the order of a few days.

3.2.3 Precipitation Event Characteristics

In the previous section, the concept of a precipitation event

was used to illustrate two features of the precipitation occurrence

process at Salem: the seasonal distribution of precipitation

occurrence and the apparent clustering of wet periods. These

features must be reproduced by the stochastic model for it to be an

accurate description of the precipitation process. However, there

are additional features of the precipitation process that must be

considered. This is so because, in most hydrologic applications,

additional information about the precipitation that occurs during

wet periods is needed. For example, the intensity and duration of

precipitation must be input into watershed simulation models that

compute the volume of runoff during a storm.

One way to study these features of the precipitation process is

to define a set of variables for each precipitation event. These

variables are computed from the hourly precipitation amounts during

events, and are referred to here as event characteristics. The five

event characteristics discussed in this dissertation are the

duration, magnitude, event separation (the time-between-events), and
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average and maximum intensity of precipitation. These are defined

in Table 3.

An example calculation for a series of five events is given in

Figure 7. The computer program (EVENT) that was written to compute

the starting and ending dates and times for events also computes the

values of these characteristics for each event. A sample output

from the program showing the first fifty events and their

characteristics for Salem is presented in Table 4.

In Section 3.2.2, the seasonal variation in frequency of event

occurrence was discussed. To determine if there also were seasonal

variations in the values of the characteristics, a computer program

(ANALYZE) was written to compute the marginal distributions for the

characteristics for individual months at Salem. ANALYZE also

computes the order and return statistics for individual

characteristics as well as the conditional and joint frequency

distributions for pairs of characteristics. A listing of the source

code for ANALYZE is presented in Appendix B.

The results of investigation of seasonal variations in the

characteristics show that events that occurred during the winter

months had larger values of duration, magnitude, and maximum

intensity and smaller values of separation than events that occurred

during the summer. This is shown in Figures 8 to 11. For example,

the values of the 0.90-th quantiles for event duration for the

months of January and July were 9 and 4 hours, respectively

(Fig. 8). Similarly, the values of the 0.90-th quantiles for

maximum intensity for January and July were 0.13 and 0.09 inches/
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hour (Fig. 10). There were also increases in the values of maximum

intensity, magnitude, and duration during the months of May or June,

but these effects were fairly small compared to the overall seasonal

trends for these characteristics.

The calculated seasonal variations in marginal distributions of

the event characteristics are reasonable, given the seasonal

variations in frequency and "persistence" of frontal passages

discussed in Section 3.2.2. During the winter months, the increased

frequency of frontal passages is associated with a higher frequency

of occurrence of precipitation events. Recalling the definition of

a precipitation event (Section 3.2.1), it is obvious that an

increase in event frequency must be accompanied by a decrease in the

values of event duration, D, separation, S, or both. This is so

because the time, X, between the start of two consecutive events (i)

and(ii-nisX=D,1-Sii.i. However, the persistence of weather

fronts increases during the winter. It seems reasonable to suppose

that this also increases the probability of long periods of

uninterrupted precipitation and, hence, of events with large values

of duration. This is consistent with the observed increase in event

frequency and duration and the observed decrease in event separation

during the winter. Similarly, during the summer months the

frequency and persistence of frontal passages, the frequency of

occurrence of events, and the event durations decrease; and event

separation increases.

In addition to the marginal distributions for the individual

precipitation event characteristics, the interactions and

relationships between the characteristics are also of interest.
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These relationships can be described visually using plots of the

conditional frequency distribution for certain pairs of

characteristics. The conditional distributions for several pairs of

precipitation event characteristics were computed using ANALYZE. A

conditional distribution is formulated by first selecting the subset

of events for which one characteristic, e.g., X, has a particular

value, e.g., x. Then the conditional distribution of a second

characteristic, e.g., Y, given X=x, is simply the marginal

distribution of Y for the subset of events.

The conditional distributions were computed for average

intensity, maximum intensity, and magnitude given duration. Plots

of these conditional distributions for January and August at Salem

show a positive correlation among the characteristics (Fig. 12).

Maximum intensity, average intensity, and magnitude increased as the

duration of the event increased. In Figure 12 three quartiles of

each conditional distribution are plotted against event duration.

Certain intervals of duration were grouped together to insure that

the quartiles were computed from at least 10 events. The results

for other months were similar to those shown for January and August

in Figure 12.

The relationships among event characteristics were also

examined by computing correlation coefficients for each of the five

event characteristics for each month. The results for the month of

January, presented in Table 5, show a significant correlation among

duration, magnitude, and average and maximum intensity. Correla

tions between event separation and the other event characteristics
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were not significant. The results for other months were similar to

those given for January.

3.2.4 Hourly Precipitation Amounts Within Events

Using the marginal and conditional distributions described in

Section 3.2.3, the seasonal variations in distributions of the event

characteristics and certain relationships among the characteristics

have been detected. The observed features of the marginal and

conditional distributions of the event characteristics, of course,

result from the stochastic structure of the sequence of hourly

precipitation amounts for those hours within events.

In this section, this latter feature of the precipitation

process at Salem is examined in detail. The objectives are 1) to

determine the form of the stochastic dependence that exists among

hourly precipitation amounts within events, and 2) to determine the

form of the probability distributions of hourly precipitation

amounts within events.

In Section 3.2.1, dependence among the precipitation amounts of

the original hourly time series was determined using the

autocorrelation function. The form of the autocorrelagram showed a

significant correlation among hourly precipitation amounts for lags

as large as 40 hours. Because the hourly precipitation amounts

within events are a discontinuous time series, a different procedure

was used to test for the presence of significant serial correlations

among the hourly precipitation amounts within events. Recall that

precipitation events were defined as sequences of consecutive wet
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hours separated from each other by at least one dry hour. Let P1,

P2 ..... PD refer to the precipitation that occurs during hour 1,

2, D of an event where D is the event duration. From the

autocorrelation functions for the original hourly time series

(Fig. 1) we expect that the values of Pi will be positively serially

correlated, that is that they will form a sequence of dependent

random variables.

To confirm this hypothesis, the correlation coefficients for

the first three hours of precipitation events, P1, P2, and P3, were

computed for events that occurred during each month at Salem. The

results showed significant positive correlations for the P
i

(Table 6). For example, the column labeled "hour 1-hour 2" is the

significance of the correlation between the first and second hourly

precipitation amounts for each month. The columns labeled "hour 1-

hour 3" and "hour 2-hour 3" give the significance of the correla-

tions between the first and third and the second and third hours of

an event. In most cases, the correlations were significant at the

1% level or less. The exceptions were for certain combinations of

hours during May, June, and August. There are two possible

explanations for the reduced significance of correlation for these

months. The first is that the correlations change because of

physical changes in the precipitation process during late spring and

summer. The second is the small sample size used to compute the

correlations in these months. With this technique, only events with

durations greater than 3 hours could be used; these types of events

occurred infrequently during the late spring and summer (Fig. 8).
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The form of the distribution of the hourly precipitation

amounts is also of interest in the formulation of a model of the

hourly precipitation process. Frequency distributions were computed

for the hourly precipitation amounts that occurred during hour 1,

hour 2, ..., hour 10 of an event. The results for hous 1 and 2,

given in Figure 13, show that the frequency distributions for

different hours within an event were different. For example, the

frequency distribution for hour 2 contained a greater number of

precipitation amounts above 0.05 in. than did the frequency

distribution for hour 1. Also, the frequency distributions for the

same hour were different for different months. For example, the

frequency distribution for the first hour of events in August had a

greater proportion of values above 0.05 in. than did those hours in

January.

To determine if observed differences in the frequency

distributions were significant, the frequency distributions for the

first 10 hours of events that occurred in January were compared

using the Kolmogorov - Smirnov two-sample test (Bradley, 1968).

Non-parametric tests were used because the frequency distributions

were not normally distributed (Fig. 13). The results of these

comparisons are summarized in a matrix in Table 7. Each entry is

the Kolmogorov-Smirnov two-sample test statistic for a different

pair of frequency distributions. For example, when the frequency

distribution of precipitation amount for hours 1 and 2 were

compared, the value of the statistics was 1.00. Large values of the

statistic such as this imply large differences among the

distributions. Thus, hours 1 and 2 were very different. Similarly,
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the statistic for hours 7 and 5 is 0.00, implying no statistically

significant differences between the distributions for these two

hours.

The results for other months also showed significant

differences between the distribution of precipitation amount for

different hours within events.

3.3 Requirements for Stochastic Precipitation Model

In Sections 3.2.2 to 3.2.4, techniques of exploratory data

analysis were used to identify certain features of the precipitation

process. This information is used in Sections 3.4 and 3.5 to

develop a mathematical model of the precipitation process.

The objective of this intervening section is to summarize the

results of previous sections and to clearly state the goals of the

modeling effort undertaken and described in the following sections.

In addition, this section serves to specify the criteria that will

be used to identify lack of fit between the model and the historical

data.

The following is a list of the features of the precipitation

process that were identified in Section 3.2:

(1) The time series of hourly precipitation amounts were

positively serially correlated for lags as large as

40 hours.

(2) Precipitation events, defined as a sequence of consecutive

wet hours separated by one or more dry hours, showed a

seasonal variation in frequency of occurrence that is
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correlated with frequency of frontal passages determined

from daily weather maps.

(3) The marginal distributions of precipitation event

characteristics varied from one month to the next. Events

that occurred in the winter had longer durations, and

higher magnitudes and intensities than events that

occurred in the summer.

(4) There were significant positive correlations among four

event characteristics: duration, magnitude, average

intensity, and maximum intensity.

(5) There was a significant positive correlation among the

hourly precipitation amounts within events.

(6) There were significant differences between the frequency

distributions of hourly precipitation amount for different

hours within events.

For the stochastic precipitation model to be useful in

applications of runoff and erosion simulation on small watersheds,

it should incorporate as many of these features of the precipitation

process as possible. The seasonal variations in precipitation

magnitudes and intensities must be preserved if simulations using

the precipitation model are to be performed for periods longer than

a month or two. The conditional dependence of average precipitation

intensity on event duration must be preserved because of the

importance of precipitation intensity in the hydrologic processes of

infiltration and runoff. Because these processes are dynamic, the

timing and amount of runoff that results from a precipitation event

also depends on the pattern of hourly precipitation amounts during
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the event. In this regard, the results of Section 3.2.4 are

important because they demonstrated that the hourly precipitation

amounts within events form a series of dependent random variables

that follow different probability distributions.

Several approaches can be used in the development of a

stochastic model of the precipitation process. Unfortunately, the

only way to test the suitability of a given approach is by comparing

the results of simulations with the historical time series. In

other words, it is possible to develop several different stochastic

models for the precipitation process, each with a different scheme

for introducing the observed properties of the time series described

above. Each choice of model requires a different analysis: in many

cases, different techniques must be used. This means that the

initial choice of modeling approach must be made in a rather

arbitrary way. The determination of whether or not the decision is

"correct" depends on how well the results of simulations using the

proposed model reproduce selected features of the historical time

series.

In Sections 3.4 and 3.5, a stochastic precipitation model is

developed. The model consists of three parts or sub-models. The

first part is a sub-model for the precipitation event occurrence

process. This sub-model describes the seasonal variation in pattern

and frequency of event occurrence. The second sub-model describes

the event duration and separation. The third part is a sub-model

for the hourly precipitation amounts within events. This sub-model

describes the dependence among the hourly precipitation amounts and

the form of their probability distributions.
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In Section 4, the stochastic model is implemented. The

necessary procedures for performing precipitation simulations are

discussed. In Section 5 the results of Monte Carlo simulations

using the stochastic model are compared with the historical

precipitation data to determine the adequacy of the model. In

Section 6 the applicability of the model to data from Pendleton,

Oregon, is determined by fitting the model to that data set and

again comparing results of simulations with historical data using

the criteria listed above.

3.4 Development of a Stochastic Model for Occurrence of

Precipitation Events

3.4.1 Counting Processes and Occurrence Processes

This section describes the development of a stochastic model

for the occurrence of precipitation events. Precipitation events

were defined in Section 3.2.1 as a sequence of consecutive wet hours

separated from each other by one or more dry hours (Fig. 7). Let

the random event E refer to the start of a precipitation event,

i.e., the start of the first hour of an event, and let N(t) be the

total number of occurrences of E in an interval of time (t0,t). If

events occur at times t
1'

t
2

to

N(t
1
) = N(t

0
) + 1

N(t
2

) = N(t
1
) + 1
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N(tn) = N(tn_i) + 1 (3.4)

Because E is a random event, N(t) is a random number, and the

sequence (N(t), t>t0} is a stochastic process with time parameter,

t. The values of N(t) are the states of the process and, because

the number of occurrences of event E on an interval is an integer,

the state space is discrete and integer-valued. Such a stochastic

process is called a counting process (Iledhi, 1982, p. 97). For

precipitation events defined using hourly precipitation data, the

parameter t (time measured in hours) is also discrete and

integer-valued.

For a fixed interval of duration t2 -t1, the number of events in

the interval, n, is

n = N(t2) - N(t1), t
2
>t

1

and the rate of occurrence, R, is

R

(3.5)

n (3.6)
(t2 -t1)

Let X
i
be the interval of time between two successive occurrences of

Eflattimestiandtil.I.ThenX.=t
i+1 I

-t. and the mean

value of X, X , on an interval of duration t
2
-t

1
is



R
t
2
-t

1

t
2
-t

1 1

N(t
2
)-N(t

I

)
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(3.7)

As an example, illustrated in Figure 14, suppose that

precipitation events occur at times tl, t2, t3, and t4 , where the

values of t are measured from an arbitrarily selected time to=0 and

N(t0) =0. The value of N(t) jumps from 0 to 1 at t=ti, from 1 to 2

at t=t2, and so on. The number of events on the interval t4-t0 is

n = 4 - 0 = 4

and the rate of occurrence of events, R, is

R =
n 4 n, events

0.029
t4 -t0 140-0 hour

The values of the interval between successive occurrences, X, (in

hours) are

X
1
= t1 -t0 = 30 - 0 = 30

X2 = t2-t1 = 65 - 30 = 35

= t
3
-t

2
= 105 - 65 = 40

X4 = t4-t3 = 140 -105 = 35

and the mean interval of time between successive occurrences is

= (30+35+40+35)/4 = 35 hours =
10 .029

Also shown in Figure 14 are the event durations, D(t), and

separations, S(t), that were defined in Table 1. It is obvious that

X
1
= S

I

X2 = S2 + DI

X
3
= S

3
+ D

2
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(3.8)

The occurrence process for events E, corresponding to the start

of a precipitation event, can be described using either the counting

process, N(t), or the sequence of event inter-arrival times X(t).

These are two complementary aspects of the event occurrence process

(Cox and Lewis, 1966, p. 65). In this dissertation we will use the

properties of both N(t) and X(t) to identify an appropriate

stochastic model of the event occurrence process.

3.4.2 Stationary Stochastic Processes

To develop a stochastic model of the precipitation event

occurrence process, the form of the probability distribution

function (pdf) for either N(t) or X(t) must be determined, and the

required parameters must be estimated from the historical

precipitation data. In Section 3.2.2, the seasonal variation in the

frequency of occurrence of precipitation events was discussed. We

expect, then, that the marginal distribution of N(t) and X(t) will

also show seasonal variations because of the relationships among

these variables given in Section 3.4.1. This seasonal variation

implies that the two processes should be considered nonstationary

(or nonhomogeneous).
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A stochastic process {L(t), tZ0} is defined as strictly

stationary if the joint probability distribution of the two sets of

random variables

and

{L(t0), L(t1),...L(tn)1

{L(to+h), L(t1 +h),...L(tn+h)1

are the same for all h>0 (Medhi, 1982, p. 48). That is,

Pr [L(t1) = 11, L(t2) = 12,...L(tn) = ln]

= Pr [L(t1 +h) = 11, L(t2+h) = 12,...L(tn+h) = ln] (3.9)

for all h>0. For a strictly stationary process, the stochastic

structure of (L(t)) will be independent of the choice of h. In

other words, the whole probability structure of any piece of the

process (i.e., any part of the time series) is the same as any other

piece. A less restrictive requirement, called weak stationarity of

order K, is that the statistical moments up to order K for any

pieces of the sequence be the same (Box and Jenkins, 1976, p. 30).

Because moments of the sequences N(t) and X(t) can be easily

calculated, changes of the values of these moments were used for

testing the stationarity of the event occurrence process. The tests

were performed in two parts: (1) tests for long-term trends, and

(2) tests for seasonal trends. These are discussed in the following

sections.
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3.4.3 Long-Term Trends in Event Counting Process

To determine if long-term trends in the event counting process,

{N(0}, were present for the Salem data, the value of N was computed

for each month, and the mean value of N was computed for each month

for each year individually and for all years combined (See Tables 8

and 9). Then the monthly values of N for the individual years were

compared with the overall mean for each month. Bayesian procedures

were used for the detection of changes in the mean (Chernoff and

Zacks, 1964; Gardner, 1969). Gardner's statistic for a two-sided

test on a change in the mean can be written as

n -1 g
i
-N.

1 i (U.

E )2

ni(ni+1)
k=1

a
i

whereNaisthevalueofNformonthiinyeark,N.1 and a. are the

overall mean and standard deviation of N for month i, and n
i

is the

number of years being compared. The calculation was performed for

each month. Under the null hypothesis it was assumed that N for a

given month, Ni, did not change from one year to the next. The

alternative hypothesis was that some change in the mean occurred.

Large values of the test statistic U indicate a departure from

stationarity. Percentage points of this statistic are available

from Table II of Buishand (1982).

The results for the Salem data show that no statistically

significant change in the mean value of number of events in a given

month occurred during the 311/2 year period of record (Table 9). This
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means that long-term trends in {N(0} can be ignored in the

development of a stochastic model for the precipitation event

occurrence process.

3.4.4 Seasonal Trends in Event Interarrival Times

Seasonal changes in the meteorological processes that produce

precipitation are the second source of nonstationarity in the event

occurrence process. Precipitation is much more likely to occur

during the winter months in western Oregon, resulting in a greater

number of events during the winter than during the summer (Fig. 3).

Figure 15 shows that the event interarrival times, X, also displayed

a seasonal variation, with small values of X more likely during the

winter than during the summer. The changes in quantiles of the

distribution of event interarrival time are clear indications of

nonstationarity.

A nonparametric test (Bradley, 1968) for the significance of

differences in the distribution of X for the pairs of months was

made. The results, given in Table 10, indicate that the

distributions of X for the months of November, December, January,

February, and March were not significantly different at the 5%

level. This is shown by the values of the Kolmogorov-Smirnov test

statistic for pairs of any of these months, which were always less

than 0.95. Similarly, the distributions for April and May were not

significantly different; nor were the months of June, July, and

August; nor September and October. For purposes of this discussion,

it is sufficient to note that the distribution of event interarrival
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times changed several times during the year. This is clear evidence

that seasonal nonstationarities in event interarrival times exist in

the Salem data.

In the remainder of Section 3.4 we are concerned with the

identification of a suitable stochastic model for the event

occurrence process. This involves the selection of a probability

distribution to describe N(t) and X(t) using parameters estimated

from the historical data. The absence of long-term trends in the

mean value of the counting process (Table 9) means that it will not

be necessary to allow the values of estimated parameters to change

from one year to the next. However, the seasonal variation in the

probability distribution for N (Fig. 3) and for X (Fig. 15) means

that the values of estimated parameters will be different for

different times during the year.

Two approaches have been used to incorporate observed seasonal

changes in the estimated values of model parameters, namely

(1) breaking the time scale into homogeneous "seasons" with separate

and constant parameters for each "season," and (2) fitting a

periodic function to values of estimated parameters to represent

their change with time. The first approach was chosen and the

values of the parameters in the distribution for N(t) and X(t) were

estimated for each month of the year separately. This choice was a

tradeoff between the need for precisely determining the change of

parameter values with time, which suggested using seasons consisting

of small time intervals, and the need to estimate the values of the

parameters accurately, which suggested that large time intervals be

used so that the sample size would remain large and the overall
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number of parameters would remain small. This choice was also made

so that the stochastic model developed in this study could be

applied to any climatic region where the assumption is valid that

the precipitation occurrence process is stationary for a period at

least one month long.

3.4.5 Distributions for Event Counting Process

In the remainder of this section we will be concerned with the

analysis of the stationary event counting process. We denote this

sequence as {N(t)) = (14(t1), N(t2)...). The objectives are to

identify a theoretical model for this sequence and to estimate model

parameters for each month of the year using the Salem data, under

the assumption that, for a given month, N(t) forms a stationary

sequence of random variables. Letting f(N) denote the probability

density function of N, expressions for the expectation, variance,

and coefficient of variation may be written

CO

E(N) =
o

f Nf(N)dN

CO

VAR(N) =o5 N2f(N)dN - E(N) 2

KR-715-
COV(N)

AT
E(N)

(3.10)

(3.11)

(3.12)
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These three equations define properties of the marginal distribution

of N. The correlation properties of the series {N(t)} are given by

the autocorrelation function pk

P k
COV(N(t), N(t+k)_

VAR(N)
k=...,-1,0,1,... (3.13)

Procedures for estimating the values of E(N), var(N), COV(N),

and pk are given in Cox and Lewis (1966, Chapter 4). Those

procedures were used to estimate the values of these properties for

each month at Salem. By comparing the empirical properties of N

with theoretical values for different stochastic models, a suitable

model for the event counting process was identified.

3.4.6 Renewal Processes

The simplest stochastic model for the N(t) is that they form a

sequence of independent and identically distributed random

variables. In this case, the sequence of random variables is

referred to as a renewal process (Feller, 1968). In a renewal

process, the sequence of random variables contains no information

about the process. Therefore, in this section the event counting

process will be symbolized as N, not N(t).

A Poisson process is one type of renewal process that has been

studied intensively (Medhi, 1982, Chap. 4). A Poisson process with

rate parameter X is expressed as
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k = 0,1,2... (3.14)

In the Poisson process for N, it can be shown that the values of

event interarrival times X are identically and independently

distributed variables with probability density function, f(y), given

by

f(y) = Xe-AY, ya0 (3.15)

where the value of X is given by

A 1

E(X)

where E(X) is the expectation of X. The probability density

(3.16)

function has the following properties.

f(y) a 0 (3.17)

IL, f(y)dy = 1 (3.18)

If the values of X are distributed according to equation 3.15, the

probability that a particular value of X, x will be exceeded is

Pr[Xax] = e
-ax

(3.19)
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A simple graphical test for the suitability of the Poisson

model for the counting process N can be performed by (1) using

sample mean 3? as an estimate of E(X); and (2) comparing the

theoretical distribution given by equation 3.19 with the observed

distribution of X. This is done in Figures 16 and 17 for January

and August, respectively, at Salem. The estimated value of X for

January at Salem was 1/18.2 = 0.0549 hr
-1

, and a plot of equation

3.19 was a poor fit to the observed distribution of X (Fig. 16).

The same poor fit was observed for August, which had an estimated

value of X of 1/110 = 0.00909 hr
-1

(Fig. 17). The results of this

test indicate that the Poisson model is not appropriate for the

counting process N(t) (Restrepo-Posada and Eagleson, 1982).

To determine if any other type of renewal process is a suitable

model for the event counting process, it is sufficient to test for

independence of the interarrival times X(t) (Cox and Lewis, 1966,

p. 165). One procedure is to compute values of the autocorrelation

function for X(t) and to test for (k) = 0. Values of computed

using Equations 3.13, 3.11, and 3.12 indicate that a hypothesis of a

renewal process model should be rejected at a significance level of

5% for the Salem data (Fig. 18). This is indicated by the values of

p
k

greater than 101

Having determined that the intervals between events are

dependent, it is necessary to consider more complicated models for

the counting process N(t). The number and type of stochastic

processes classified as nonrenewal are large, however, and

statistical tests suitable for deciding which process is most

appropriate for a given data set are still being developed (Smith
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and Karr, 1982). The properties of one class of processes, the

cluster processes, have been studied by Kavvas and Delleux (1975),

Waymire and Gupta (1981), and Smith and Karr (1982).

3.4.7 Cluster Processes

A cluster process consists of a series of primary and secondary

events (Feller, 1968, Vol. 2). The primary events, or "cluster

origins" are separated by the random variables (P1,P2, ...) and each

primary event generates a random number of secondary events. The

number of secondary events is the "cluster size" (41,M2...). The

secondary events, or "cluster members" are separated by the random

variables (S1,52,...). The complete process is the superposition of

the series of primary and secondary events. This is illustrated in

Figure 19.

Cluster processes have received considerable attention in

recent years from researchers in the field of stochastic hydrology

because the components of the process have intuitively appealing

physical interpretations. For example, Kavvas and Delleur (1975)

suggested that primary events can be interpreted as the passage of a

storm front, and secondary events can be interpreted as the series

of rainfall "bursts" that accompany a frontal passage. Additional

discussion on the physical interpretation of the components of

stochastic cluster models of the precipitation process is given in

Waymire et al. (1984).

The above interpretation of precipitation data using a cluster

process seems reasonable for the Salem data. The apparent
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"clustering" of precipitation events and the correlation between

number of events and number of frontal passages for a given month

were discussed in Section 3.2.2. It could be speculated that a

cluster of precipitation events results from the passage of a storm

front. However, because the only observable feature of the

meteorological phenomenon "passage of a front" available to this

study is hourly precipitation data, we will call the primary events

of the cluster process simply "event cluster origins". The cluster

size is the number of events in the cluster and the cluster members

are the precipitation events contained in the cluster.

We seek a theoretical representation of this cluster process.

Similar problems have arisen in the theory of bulk queues, where,

for example, customers arrive or are served in groups (Feller, 1968,

Vol. 2, p. 179). One model that has been proposed for this type of

cluster process is the Poisson cluster process (Medhi, 1982,

p. 113). A Poisson cluster process is defined as a process for

which

1) the number of clusters occurring in a specified

period of time constitutes a Poisson process;

2) the number of events associated with clusters are

independent and identically distributed random

variables.

Let A be the parameter of the Poisson distribution for the number of

clusters occurring in a period of time, t, and let Mi be the number

of events associated with cluster i. Now, if N(t) is the number of

events that occur in t, we can write (Medhi, 1982, p. 114)
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E {N(t)} = At E(Mi) (3.20)

VAR 1N(t)) = At E(Mi2) (3.21)

If we now assume that the M
i
are exponentially distributed, then

E(m.z) 2Eztm...
) Substituting this expression into equations 3.20

and 3.21 and defining S = E(Mi), we have

E{N(t)} = At B (3.22)

VAR (N(01 = 2At 02 (3.23)

Thus, the two parameters of Poisson cluster process with expo-

nentially distributed cluster sizes are A and 8. To estimate these

parameters using the Salem data we estimate E {N(t)} and VAR{N(t)}

2
from the sample mean 14 and variance, sN of N for some fixed interval

of length t. Equations for A and S can be obtained directly from

equations 3.22 and 3.23.

x

ts

S
2

N

N

(3.24)

(3.25)

This type of parameter estimation procedure is known as the method

of moments.
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The results for Salem using a value of t of 1 month are

presented in Table 11. The values of A are the average rates at

which clusters occur. For example, the value of A for January is

16.02 clusters per month, which can also be expressed as 0.02153

clusters per hour by dividing 16.02 by the numbers of hours in

January (24 x 31 = 744 hours). The values of 0 are the average

number of events in each cluster.

The estimated values of 1 in Table 11 show that the rate of

occurrence of event clusters varied during the year; the rate of

occurrence of event clusters was highest during December through

March and lowest during July and August. The values of 0, the

expected number of events per cluster, also varied during the year,

but there was no clear difference between the values of this

parameter for summer and winter months.

Tests for goodness-of-fit of the Poisson cluster model were

performed for each month by comparing the theoretical frequency

distribution for number of events in a month with the sample

frequency distribution from the Salem data. Visual comparison of

observed and theoretical frequency distributions for January and

August showed general agreement as seen in Figure 20. A chi-squared

test of goodness of fit was performed with the null hypothesis: Can

the number of events in a given month at Salem be regarded as

randomly drawn from the Poisson cluster distribution with parameters

estimated for that month? The test criterion is

X2
I (f._F.)2/F.

1 1
(3.26)
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where f
i

and F
i
are the observed and theoretical frequency for class

i and the frequency distribution for the number of events in a month

is divided into k classes. The values of x2 (Table 11) were smaller

than would be required to reject the null hypothesis at the 5%

level. From this we conclude that the Poisson cluster model is a

suitable description for the event occurrence process at Salem.

It is interesting to compare the estimated mean number of

clusters to occur in a month, i and the mean number of frontal

passages, RP, obtained from the analysis of daily weather maps

performed in Section 3.2.2.(Figure 21). Considering that the values

of NP were obtained by visually examining daily weather maps, thus

making the accuracy of values of 0 uncertain, the general agreement

between NF and A was further evidence of the suitability of the

Poisson cluster process as a model of the precipitation event

occurrence process.

3.5 Development of Stochastic Model for Precipitation

Within Events

In Section 3.4, a Poisson cluster process was determined to be

a suitable representation of the precipitation event occurrence

process. In this process, the number of events that occur in a

given period of time is determined by a combination of the rate at

which event clusters occur and the number of events that occur in

each cluster. When the Poisson cluster process is fitted to the

precipitation data, through the estimation of the parameters A and S

for each month, it will be referred to as the Poisson cluster
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sub-model. This sub-model describes the rate of occurrence of event

clusters and the number of events contained within each cluster.

The objectives of this section are to develop sub-models for

the position of each event within a cluster and for the hourly

precipitation amounts that occur within each event. By combining

these two sub-models with the Poisson cluster sub-model for the

event occurrence process, a complete stochastic representation of

the hourly precipitation data for Salem is obtained.

3.5.1 Position of Events within Clusters

The positions of events within a cluster may be determined

through use of the precipitation event characteristics duration and

separation that were defined in Section 3.2.3. To show how this is

done, consider the following example for two clusters, illustrated

in Figure 22. The first cluster contains 3 events and the second

cluster contains 2 events. We define the first hour of the first

precipitation event within a cluster to coincide with the origin of

the cluster. Then, if the first hour of the first event in the

cluster is known, the last hour of that event can be determined

using the duration of that event, DI, as shown. The first hour of

the second event in the first cluster can be determined from the

separation for event 2, S2, and the last hour of that event can be

determined from its duration, D2. This process is repeated for each

event in the cluster and for each event in subsequent clusters

(Fig. 22). To use this procedure, the form of the probability

distributions for event duration and separation must be determined.
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3.5.2 Probability Distribution for Event Duration

The event durations form a set of integer-valued, random

variables with a minimum value of one. Four theoretical

distributions, the Poisson, Logarithmic, Geometric, and Logarithmic

Negative Mixture, were selected from the literature as potentially

useful for fitting the frequency distribution for event duration.

These distributions and the equations for estimating values of their

parameters are given in Table 12. The value of the mean event

duration, 5, is a sufficient estimator for the parameters of the

Poisson, Logarithmic, and Geometric distributions (Johnson and Kotz,

1970b). To estimate the parameters of the Negative Logarithmic

distribution, the values of three cumulative relative frequencies of

event duration, N*, N*, N*t , are used (Shenton, 1970, p. 78). Values
s

of r, s, and t of 1, 4, and 10 corresponding to events with

durations of 1, 4, and 10 hours were used as recommended by Shenton

(1970). The frequency distributions for duration for each month are

given in Table 13 and values of estimated parameters are given in

Table 14.

Using criteria given in Johnson and Kotz (1970b), the

Logarithmic distribution was rejected as a suitable model for event

duration. These criteria are based on the values of estimated

parameters for this distribution in Table 14. When these parameters

are substituted into the distribution functions in Table 12,

probabilities exceeding 1 can be obtained for n = 1. This is not

the case for the Poisson and Geometric distributions. A simple

visual comparison of these fitted distributions indicated that the
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Geometric distribution was a better fit than the Poisson

distribution. However, when a chi-squared goodness-of-fit test was

performed only the Logarithmic Negative Mixture distribution had a

level of significance of 0.95 (See Table 15). Thus, the Logarithmic

Negative Mixture with parameters given in Table 14 was used.

3.5.3 Probability Distribution for Event Separation

To complete the sub-model for the position of precipitation

events within a cluster, the form of the probability distribution

for the separation of events within clusters must be specified

(Fig. 22). Recall that the event separation was defined as the

length of time from the start of an event to the end of the previous

event (Table 3). This definition makes no distinction between

events within the same cluster and events within different clusters.

Thus, the form of the probability distribution for event separation

for events within clusters cannot be obtained directly from the

sample frequency distribution of event separation for all events

combined. To keep this distinction clear, we will use the symbol S*

to refer to the event separation for those events within clusters.

The event separations, S*, form a set of integer-valued, random

variables with a minimum value of one. To determine the form of the

probability distribution for S* requires that we compare a sample

frequency distribution for this variable with theoretical

distributions in a way similar to that described for event durations

in Section 3.5.2. Unfortunately, this problem is indeterminate

because it is not possible to obtain a sample frequency distribution
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for S*. This is so because, although the Poisson cluster sub-model

described in Section 3.4 fits the event occurrence process, it is

not possible to divide the historical sequence of events into

clusters. This makes it impossible to sample directly the variable

S* using the Salem data.

To proceed, it is necessary to make certain assumptions about

the distribution of S*. The marginal distribution for event

separation, S, was shown in Figure 11. The marginal distribution

shows that at least 50% of all events had a separation of 10 hours

or less and over 75% of all events had a separation of 110 hours or

less. Intuitively, we expect events within clusters to have smaller

values of S than events between clusters. For this reason, we

expect the distribution of S* to be bounded by the distribution of

S.

We assumed that the event separation within clusters, S*,

followed the same probability distribution as event duration, D

(i.e., Lograthmic Negative Mixture Distribution). The validity of

this assumption was tested by simulating several long series of

clusters and events using the parameters in Tables 11 and 14. The

results of these simulations are discussed in Section 5 and are in

generally good agreement with the Salem data.

3.5.4 Hourly Precipitation Within Events, (P.}

Let {Pn:n = 1,2 ..... D} be the sequence of hourly precipitation

amounts during an event of duration D. For example, P
1
and P

D
are

the precipitation amount for the first and last hour of an event.
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From the results in Section 3.2.4, we know that {P
n
} is a sequence

of serially correlated, non-identically distributed, random

variables. Most existing stochastic precipitation models ignore

both these features of the precipitation process and instead assume

that increments of rainfall within events are independent,

identically-distributed random variables. Although this assumption

greatly simplifies the analysis and decreases the number of

parameters that must be estimated, it is clearly false for the Salem

data (Section 3.2.4). Moreover, the effect of this assumption is a

loss of information about the timing of rainfall during an event.

This information is of primary importance in many hydrologic

applications.

In this research, the observed dependence among hourly

precipitation amounts within events and the change in their

probability distribution during an event were described using a

two-part stochastic model. The first part describes the probability

distribution for the {P
n
} for each hour within an event; the second

part describes the dependence among the (P
n
}.

3.5.5 Probability Distribution for {Pn}

In Section 3.2.4, the hourly precipitation amounts within an

event were shown to be non-identically distributed, i.e., the

precipitation amounts for each hour of the event are described by a

different probability distribution. To describe this characteristic

of the precipitation data, the hourly precipitation amounts during

events were divided into several classes depending on the position



of each hourly precipitation amount with respect to the start and

end of the event in which it occurred.

For each hour, n, of an event, i, the quantity

n* = 0, n= 1

n* =
n-1D= 2,...Di
Di -1

0 < n* < 1
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(3.27)

represents the position of that hour within the event, scaled with

respect to the event duration, Di. By dividing the range of values

of n* into m intervals of equal length, the values of hourly

precipitation amount, Pn, can be assigned to a class k, using the

value of n*

kPn = Pn (k) if
k-1

< n*
m

, k=1,2,...m
m (3.28)

These classes will be referred to as position classes because each

class represents the fraction of the event within which P
n

occurred.

Frequency distributions for Pn(k) for each class were computed

using the Salem data for m = 10. The results for January are given

in Table 16. In this case, values of P
n
which occurred in the first

1/10th of any event were assigned to the first class (k=1), values

of P
n
which occurred in the second 1/10th of any event were assigned

to the second class (k=2), and so on.
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For example, the position classes for a seven hour event with m

= 10 would be computed as follows.

n* Position class, k

1 I

2 1/6 2

3 2/6 4

4 3/6 5

5 4/6 7

6 5/6 9

7 6/6 10

The mean and variance of hourly precipitation amount in January

at Salem for each position class were different (Table 16). The

smallest values of hourly precipitation amount occurred during those

hours near the beginning and end of an event (position classes I and

10). Those hours within classes 5, 6, and 7 had the largest values

of P
n

. The mean and variance for each position class are used in

the next section to describe the dependence among hourly amounts

within events.

3.5.6 Dependence Among 1.Pnl

Let IP
n
:n-1,2,...,D1 be the sequence of hourly precipitation

amounts during an event of duration D. The frequency distribution

of the P
n

was shown to be different for different position classes

within an event in Section 3.5.5. The different distributions were

denoted by use of the subscript k; Pn(k) refers to those hourly

precipitation amounts that occurred within class k. From Section

3.2.4 we know that the P n
are serially correlated. For example, in
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Table 6, the first three hours of events in all months were shown to

be correlated with a high level of significance.

One model that has been proposed for describing serial

correlations among a sequence is (Box and Jenkins, 1976, p. 51)

P
n+1

= $
0

+ $
1
P
n

+ $
2
P
n-1

+ $
m
P
n-m-1

+ a (3.29)

where $0, $
1

$
m

are regression coefficients and a is a random

variable. Such a model is called an autoregressive model of order

m. Equation 3.29 is appropriate for stationary stochastic

processes. But since we know that the frequency distribution of the

P
n

changes within an event from one position class to another, the

nonstationary form of the autoregression model is more suitable.

P
n+1

=
0

+
1
P
n 2
+ $P

n-1
+

m
P
n-m-1

+ a

where Pn = Pn-E(Pn)/iVAR(Pn), and E(Pn) and VAR(Pn) are the

expectation and variance of Pn.

If we assume that the expectation and variance is constant

within a position class k (but different from one class to the

next), a form of equation 3.30 that can be used to describe the

serial dependence among the hourly precipitation amounts is

En+1 (I)0(k) t1(k) En Cb2(k) En-1 4m(k) En-m-1

+a(s(k))

(3.30)

(3.31)
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where Pni.1 = Pn-E(Pn(k))//VAR(P
n
(k)), and the expectation and

variance are now functions of k. The values of E(P
n
(k)) and

VAR(P
n
(k)) can be estimated by the sample means and variances in

Table 16. The values of the 6i(k) can then be obtained by

regression techniques. The random variable a(s(k)) can be shown to

follow a normal distribution with a mean of zero and a variance

equal to the square root of the residual mean square of the

regression, s(k) (Snedecor and Cochran, 1980, p. 158).

A first-order form of the nonstationary autoregression model

was fitted to the Salem precipitation data. In this case, equation

3.31 reduces to

Pn+1 .0(k)
+ 61(k) Pn + a(s(k)) (3.32)

The estimated values of 60(k), 61(k), and s(k) are given in Table

17. In all cases, the regressions for the 40(k) were significant at

the 1% level.

To use equation 3.32 to simulate hourly precipitation amounts

it is necessary to determine the distribution for PI, for the first

hour. The first hour of each event is always in class 1 (n*=0), so

a theoretical probability distribution was fitted to the

distribution for P
n
(1) for each month. As shown for January in

Table 16, the values of P
n
(1) form a sequence of discrete, inter-

valued random variables with a minimum value of one. For this

reason, the same theoretical distributions that were considered for

event duration in Section 3.5.2 were compared as models for Pn(1).

Only the Logarithmic Negative Mixture distribution had an acceptable
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value of x2 in a goodness-of-fit test. To avoid confusion with the

parameters for event duration, the parameters for Pn(k) will be
A A

referred to as ak, bk, and Bk. The estimated values of the

. .

parameters for January at Salem were ak = 1.606, bk = 1.450,

Bk = 0.8699.



74

4. COMPUTER IMPLEMENTATION OF STOCHASTIC MODEL

A stochastic model of the precipitation process for Salem

can be obtained by combining the Poisson cluster submodel for

event occurrence (Section 3.4.7) with the Logarithmic Negative

Mixture probability distributions for duration and separation

of events within clusters and the submodel for hourly precip

itation within events (Section 3.5). The complete model can

then be used to simulate sequences of hourly precipitation data

for use in hydrologic studies as described in Section 1.5.

The objective of Section 4 is to discuss numerical

procedures for performing these simulations. Section 4

describes the development of a computer program that uses these

procedures to simulate hourly precipitation data and presents

this computer program.

4.1 Simulation of Event Cluster Interarrival Times

In Section 3.4.7, the number of events occurring in a

given period of time N(t) was described by a Poisson cluster

process. In that process, the number of event clusters

occurring in a period of time followed a Poisson distribution

with a single parameter, X. It can be shown for the Poisson

cluster process that the interarrival times of event clusters,

P (Fig. 19), follow a negative exponential distribution (Medhi,

1982, p. 107)
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Pr[P<n] = 1 - exp (-An) (4.1)

The first step in the simulation procedure, then, is to

obtain a random sample from this distribution, representing the

time to the arrival of the cluster. The algorithm that was

used is derived by obtaining the inverse of equation 4.1 and

substituting the estimated value of A, A

- log(1-Pr[Pn]
n = a

A

(4.2)

To use equation 4.2, a random number uniformly distributed on

the interval 0 to 1, u(0,1), is substituted for Pr[P<n] and

with A for a given month known, a value of n is obtained.

Because 1 - u(0,1) is also a uniformly distributed random

number on the interval (0,1), a more computationally efficient

form of equation 4.2 is

- log(u(0,1))
n

A

(4.3)

Equation 4.3 can be used to obtain random values of event

cluster interarrival times, P, the time from the start of a

cluster to the start of a subsequent cluster. For purposes of

simulating hourly precipitation data, however, the time from

the end of a cluster to the start of a subsequent cluster, P*,

is more useful. The values of P* are also exponentially dis-



tributed. If we denote the parameter of this distribution by

X* we can immediately write

1 1
(A*) (A) E(D)E(M) - E(S*)(E(M)-1)
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(4.4)

where E(D), E(M), and E(S*) are the expected values of event

duration, number of events per cluster, and time between events

within clusters. From the discussion in Section 3.5.3 we can

write

and

E(S*) = E(D) (4.5)

-1 -1
(X*) = (A) E(D)(2E(M)-1)

where E(D) is given by (Shenton, 1970)

E(D) = 1 + a E

s1

(4.6)

(4.7)



Or

77

and a, b, and 8 are the parameters of the Logarithmic Negative

Mixture distribution for D. Estimated values of A*,X*, can be

obtained from the estimated value A, the mean values of event

duration ii, and the mean number of events per cluster, 8

(X*) = (A) - D(26-1) (4.8)

Values of these parameters for each month at Salem are given in

Table 18. Random values of the time from the end of a cluster

to the start of a subsequent cluster, P*, can then be obtained

from

n*
- log(1-Pr(P*111)

i*

n*
- log(u(0,1))

i*

4.2 Simulation of Cluster Size

(4.9)

(4.10)

The number of events in a cluster is referred to as the

cluster size. In the Poisson cluster process described in

Section 3.4.7 the cluster size, M, follows a negative

exponential distribution
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S

n
Pr[M=n] =

S
exp (- )
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(4.11)

where 0 = E(Mi). Thus an equation similar to equation 4.3 can

be used to obtain random samples from the distribution of

cluster sizes

...

n = S log(u(0,1)) (4.12)

where a is the estimated value of S.

4.3 Simulation of Event Duration

In section 4.1 a Logarithmic Negative Mixture distribution

was determined to be a suitable description for the distribu-

tion of event duration

a0

1
Pr[D=n] = 1 -

b+
(n=1) (4.13)

= ae
n-1 El

[

1

n+b-1 nb ]
(n=2,3,...) (4.14)

where D is the event duration and a, b, and 0 are the parame-

ters of the distribution. It was assumed that this distribu-

tion was also a suitable description for the distribution of

event separations within events, S*. Because equation 4.14 is

a nonlinear function of n, an explicit expression for n can not

be written. Instead a numerical procedure was used to obtain

random samples from the Logarithmic Negative Mixture
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distribution. The procedure that was used is illustrated in

Figure 23, which shows the fitted cumulative distribution

function (cdf) for January. This curve was constructed by

using equation 4.13 and the parameters a, b, and 6 for January

from Table 14. The value of Pr[D=n] was computed for each

value of n and these probabilities were then summed to obtain

the cdf. A random sample from this distribution can be

obtained by generating a random number uniformly distributed on

the interval 0 to 1, u(0,1) and entering the cdf to find the

appropriate value of n. In the computer program described in

Section 5.5, a simple "table look-up" scheme was used to obtain

these random numbers.

4.4 Simulation of Hourly Precipitation Amounts

The hourly precipitation amount for the first hour of each

event, P1, is obtained by generating a random number from the

cdf of the Logarithmic Negative Mixture distribution for P1.

The parameters of this distribution are ak, bk, and Ok (Section

3.5.5). The procedure is identical to that described for event

duration in the previous subsection.

To simulate the subsequent values, P2, P3, ...

equation 3.32 is used

Pn+1 4'0(k) + $1(k)Pn a(s(k))
(4.15)
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P
n+1

(k+1)-E(P
n+1

(k+1))

VAR(Pn+1(k+1))

Pn(k)-E(Pn(k))

- 00(k) $1(k) [
] + a(s(k))

VAR (Pn(k))

which may be solved for Pn1.1(k+1)

P
n+1

(k+1) =

P (k) -E(P (k))

= E(P
n+1

(k+1) + { 6 0(k) + (k) [ n
1

ITAR (Pn(k))
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(4.16)

+ a(s(k)) } tTAR(Pn+1(k+1)) (4.17)

The value of k for each hour of the event is determined from

equation 3.29. The estimated values of E(Pn(k)), E(Pn4_1(k)),

VAR(Pn(k)), and VAR(Pn+1(k)) are given in Table 18. The values

of 00(k), dp1(k), and s(k) are the regression coefficients given

in Table 17. Random samples from the normal distribution for a

can be obtained using the following equation (Hillier and

Lieberman, 1980, p. 654)

12

a(s(k)) = s(k) E ui(0,1) - 6s(k)
i=1

(4.18)
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4.5 Computer Program for Hourly Precipitation Simulations

A computer program (SIMULATE) was written to implement the

stochastic model by using the steps outlined in Sections 4.1 to

4.4. A listing of the source code for SIMULATE and instruc-

tions for using the program are in Appendix C.

The simulation of hourly precipitation data is performed

by simulating each part of the stochastic model sequentially as

follows:

1) Label some time, to, as the start of the simulation.

This time is specified using the month, date, and

hour that simulations are to begin.

2) Compute the value of event cluster interarrival time

using equation 4.9 and the value of X* for the

current month. Advance time to the origin of the

cluster by determining the month, date, and hour of

the cluster origin.

3) Compute the value of cluster size using equation 4.12

and the value of B for the current month.

4) For each event in the cluster, repeat steps 5 to 7.

5) Compute a value of event duration using equations

4.13 and 4.14 and the values of a, b, and B for the

current month. For each hour of the event repeat

step 6.

6) Compute a value of hourly precipitation amount using

the procedure described in Section 4.4. Advance time

by updating the month, date, and hour after each
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hourly precipitation amount has been computed.

Determine the position class for each hour and select

new values of parameters as needed.

7) Compute a value of event separation using equations

4.13 and 4.14 and the values of ak, bk, and Bk for

the current month.

8) Repeat steps 2 to 6 for the desired number of hours

of simulation.

The input for SIMULATE consists of the parameters for each

month and a variable that indicates the desired number of hours

of simulation. The parameters for January are summarized in

Table 19. A complete set of parameters for Salem is in

Appendix E. The output for SIMULATE consists of a sequence of

integer-valued hourly precipitation amounts.

4.6 Computer Program for Parameter Estimation

A computer program (ESTIMATE) was written to compute the

parameters of the stochastic model from the hourly

precipitation data. A listing of the source code for ESTIMATE

and instructions for using the program are in Appendix D. The

input for ESTIMATE is the hourly precipitation data described

in Section 3.1. The output is a listing of the parameters for

each month.

The following steps are used to compute the values of

these parameters:

1) The mean and variance for N, the number of events in each
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month are computed.

2) The values of A and B are computed using equations 3.24

and 3.25.

3) The frequency distribution for event duration for each

* * *
month is computed along with the values of N

r
, N

s
, N

t
.

-

Values of a, b, and Bk are computed using the equations in

Table 12.

4) The frequency distribution for hourly precipitation

amounts in the first position class is computed and the

same procedure described in step 3 is used to compute
- -

ak, bk, and 6k.

5) The mean and variance for hourly precipitation amounts

for each position class is computed and linear regression

is performed to determine the coefficients in equation

4.17.

The parameters for January at Salem are listed in

Table 19. A complete set of parameters for Salem and Pendleton

are in Appendixes E and F.
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5. RESULTS OF SIMULATIONS FOR SALEM OREGON

The stochastic model for hourly precipitation was tested

by comparing simulated precipitation data with the historical

data for Salem. Thirty-one years of hourly precipitation data

were simulated using the computer program SIMULATE and the

parameters given in Appendix E. The features of the

precipitation data that were compared were the autocorrelation

functions for the hourly precipitation amounts, the seasonal

distribution in number of events in a given month, N, and the

marginal and conditional distributions of the precipitation

event characteristics.

5.1 Autocorrelation of Hourly Precipitation Amounts

The autocorrelation functions computed for the simulated

and historical precipitation data, given in Figure 24, showed

close agreement. The greatest observed differences in the

historical and simulated autocorrelation functions were for

lags of less than 10 hours when the autocorrelation function

for the historical data exceeded the autocorrelation function

for the simulated data. This means that for very short lags

the historical precipitation data exhibited a greater degree of

dependence than the simulated data. This probably results from

the choice of a first-order autoregressive model for the hourly

precipitation amounts within events described in Section 4.

The use of a higher-order autoregressive model would have
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allowed for more dependence among hourly precipitation amounts

and may have increased the value of the autocorrelation

function of the simulated data for small lags. However, the

number of model parameters would also have increased. In any

case, the autocorrelations showed reasonable agreement even

when only first-order terms were retained. The results for

other months were similar to those for January and August. In

general, the two functions showed closer agreement during the

summer months than during the winter months, as seen in the

functions for August and January (Fig. 24).

5.2 Seasonal Distribution of Precipitation Events

The frequency distributions for the number of events in a

month, N, for the historical and simulated precipitation data

were very similar, as shown in Figure 25. Both distributions

showed the seasonal change in N that was discussed in Section

3.2.2. For several months the mean values of N for the

historical and simulated data were identical. The differences

in the mean values were not significant when a t-test was

performed, but the variance of N for the simulated data was

consistently smaller than the variance of N for the historical

data. This can be seen in the smaller distance between the

0.25-th and 0.75-th quantiles (Fig. 25). The close agreement

among the simulated and historical distributions confirms that

the use of a Poisson cluster model for event occurrence was

appropriate for the Salem data.



86

5.3 Marginal Distributions of Event Characteristics

By comparing the marginal distributions of the event

characteristics for the two types of data, the ability of the

stochastic precipitation model to preserve those features of

the precipitation process important for rainfall-runoff

modeling can be evaluated. The computer programs EVENT and

ANALYZE described in Sections 3.2.2 and 3.2.3 were used to

divide the simulated precipitation data into events and to

compute the values of the marginal distributions of event

characteristics for the simulated data. The marginal

distributions of the event characteristics for the simulated

data compared quite well with the historical data for all

months (see Figures 26-29). The closest agreement between the

simulated and historical distributions was for the event

duration (Fig. 27), which is expected because the stochastic

model obtains event distributions directly by random sampling

from a theoretical distribution fitted to the historical series

of event durations. Comparisons between the marginal

distributions for event characteristics, magnitude and maximum

intensity, showed greater disagreement. In general, magnitudes

and maximum intensities of the simulated data were larger than

the historical data (Figs. 26 and 28). This was particularly

evident for the month of June, when maximum intensties computed

from the simulated data were considerably larger than those

computed from the historical data (Fig. 28). The marginal

distributions for event separation for the simulated and
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historical data showed much closer agreement; in many cases the

values of the quantiles of the distributions coincided exactly

(Fig. 29).

5.4 Conditional Distributions of Event Characteristics

Comparisons between the conditional distributions for

event characteristics computed from the historical and

simulated data were quite similar (see Figures 30 and 31). The

quantiles of the conditional distributions for magnitude and

average and maximum intensity for the simulated

data increased with event duration although the "spread" of the

distribution at any particular value of event duration,

indicated by the distance between the 0.25-th and 0.75-th

quantiles, was often not as large as for the historical data.

This was particularly true for large values of duration. The

increase in average intensity with duration observed for the

historical data was reproduced by the simulated data. This is

further evidence that the first-order autoregressive model for

hourly precipitation amounts used in the stochastic model is

appropriate for the Salem data.
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6. RESULTS OF SIMULATIONS FOR PENDLETON OREGON

The results of the previous section demonstrated that the

stochastic model was capable of reproducing many of the

features of the historical precipitation process at Salem that

were described in Sections 3.2.2 to 3.2.4. To further test the

applicability of the stochastic model to hourly precipitation

data, comparisons were made between simulated and historical

hourly precipitation data for Pendleton, Oregon. The para-

meters for the Pendleton data were computed using ESTIMATE and

are listed in Appendix F. Then, thirty-one years of hourly

precipitation data were simulated for Pendleton using SIMULATE.

The autocorrelation functions were computed from the historical

and simulated hourly precipitation data. The simulated and

historical data were divided into events using EVENT and the

seasonal variation of numbers of events were determined. The

marginal and conditional distributions for event charac-

teristics were then computed using ANALYZE.

6.1 Autocorrelation of Hourly Precipitation Amounts

The autocorrelation functions for the historical and

simulated hourly precipitation data were nearly identical, as

shown in Figure 32. The values of the autocorrelation function

for the simulated data were somewhat smaller for lags of less

than three or four hours, again indicating that the stochastic

model is not reproducing a portion of the short-term dependence
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structure exhibited by the historical data. This again

indicates that a higher-order autoregressive model for

precipitation amounts within events may be required to

reproduce the autocorrelation function of the historical data

more precisely. The results for other months were similar to

those shown for January and August.

6.2 Seasonal Distribution of Precipitation Events

The seasonal variation in the number of events occurring

in individual months was generally the same for the historical

and simulated precipitation data (see Figure 33). There were

no consistent differences between the two distributions,

although during the summer months of July, August, and

September there was almost exact agreement between them. Due

to the large variance of the distributions for the historical

and simulated data, however, there was no significant

differences in the mean values when a t-test was performed.

The general agreement shows that the Poisson cluster model for

event occurrence is

flexible enough for use in a climate that is quite different

from Salem. The extent of the differences between the Salem

and Pendleton data can be seen by comparing Figures 33 and 25.

Over twice as many events occurred at Salem as occurred at

Pendleton, yet the stochastic model was able to reproduce the

seasonal distribution of events for both locations.
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6.3 Marginal Distributions of Event Characteristics

The marginal distributions for event duration for the

simulated and historical preciptiation data were very similar,

as shown in Figure 34. This demonstrates that the Logarithmic

Negative Mixture is a suitable description of the distribution

of event durations at Pendleton.

The marginal distributions for magnitude and maximum

intensity for the simulated data were usually larger than the

distributions computed from the historical data (see Figures 34

and 35), although the seasonal variations in marginal distribu-

tions showed the same overall trends. For example, the

marginal distributions for maximum intensity increased during

the summer months in both the simulated and historical

precipitation data.

The marginal distributions for event separation for the

simulated and historical data were quite similar and the values

of individual quantiles often coincided exactly (see

Figure 36). This was particularly true during the winter.

There were larger differences between the distributions during

the summer than during the winter, but sample sizes were also

much smaller

during the summer months so that the exact values of the

quantiles were poorly defined.
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6.4 Conditional Distributions of Event Characteristics

The conditional distributions of the event characteristics

for the simulated data exhibited many of the same features of

the historical data, as shown in Figures 37 and 38. The values

of magnitude and average and maximum intensity increased as

event duration increased; in many cases the values of the

quantiles coincided. The largest differences between the

conditional distributions for the historical and simulated data

occurred for large values of duration when sample sizes were

small. At the largest values of duration, the simulated data

showed a much smaller variance in all characteristics than did

the historical data. Average and maximum intensities for the

simulated data were usually somewhat larger than intensities of

the historical data (Fig. 37). However, the overall behavior

of the conditional distributions was quite similar to the

historical data for all months.
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7. CONCLUSIONS

A stochastic model for the precipitation process is

developed that can be used to simulate hourly precipitation

data at a single location. The model consists of several

distinct parts or submodels. An event cluster model is used

to describe the occurrence of events. A Logarithmic Negative

Mixture distribution is used to describe event duration and

separation. A nonstationary, autoregressive model is used to

describe the hourly precipitation amounts within events.

The two parameters of the Poisson cluster process describe

the rate of occurrence of clusters of precipitation events and

the numbers of events within each cluster. A heuristic

explanation of the suitability of the Poisson cluster process

for hourly precipitation was provided by an analysis of daily

weather maps: the occurrence of clusters of events is

associated with largescale meteorological processes e.g., the

passage of fronts. The number of events within each cluster is

also described by the Poisson cluster process. The duration of

each event within a cluster is described by a Logarithmic

Negative Mixture distribution. The same distribution is

assumed to apply to the separation of events within a single

cluster.

The hourly precipitation amount within each event is

described by a nonstationary form of a first-order

autoregressive process. Each hour of an event is assigned a

position class, k, that represents its position relative to thL
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start of an event. The mean and variance for each position

class are used to define a normalized precipitation amount for

each hour. A first-order, autoregressive process is then fitted

to the normalized precipitation amounts by linear regression.

The precipitation amount for the first hour of each event is

described by a Logarithmic Negative Mixture distribution.

The complete stochastic model for hourly precipitation is

fitted to historical precipitation data by estimating the model

parameters. To allow for seasonal variations in the

precipitation process, the model parameters are estimated

separately for each month. A total of 58 parameters are

required for each month. Procedures and a computer program for

estimating the model parameters from historical precipitation

data are described as are computer programs for simulating

hourly precipitation data and for analyzing simulated and

historical sequences of precipitation events.

An analysis of thirty-one years of historical and

simulated hourly precipitation data for two locations with

completely different climatic regimes indicates that the

stochastic model preserves many of the features of historical

precipitation that are important for rainfall-runoff modeling.

The autocorrelation functions of the historical and simulated

data are nearly identical except for lags less than about 10

hours. The seasonal variation in number of preciptation events

in each month for the historical and simulated data are also

approximately identical. The marginal distributions for event

characteristics for the historical and simulated data were
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similar. The largest differences were observed for maximum

intensity; simulated intensities were usually larger than

historical intensities.

The conditional distributions for event characteristics

for the historical and simulated data were in general

agreement, however the simulated data exhibited smaller

variance than the historical data for durations larger than 5

or 10 hours.

The developed stochastic precipitation model can be used

to simulate hourly precipitation data for any application. The

model will be particularly useful in hydrologic applications,

e.g.,in watershed modeling. All required model parameters can

be computed by a single computer run using a portion of the

historical record and the ESTIMATE program provided. The computer

program and model parameters for a great number of locations

can be stored in a very compact form, e.g., on a microcomputer

disk. The simulated precipitation data can be used as input

data for other hydrologic models that compute runoff, erosion,

or chemical transport. This approach will provide an

alternative way to utilize the large amounts of existing

historical precipitation data. This new capability should

enhance the ability of engineers to use all available

information in hydrologic analysis and design.
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-Figure 5. Examples of apparent clustering of precipitation events in
a portion of the Salem dat Vertical bars correspond to the
beginning of the first bout of a precipitation event.
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Figure 17. Comparison between empirical marginal distribution of
event interarrival times with fitted Poisson model for August at
Salem.
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Figure 21. Comparison between mean number of frontal passages NF
obtained from daily weather maps with mean number of event
clusters, A, from the fitted Poisson cluster model for event
occurrence at Salem.
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Figure 30. Comparison of conditional distributions of average
intensity, maximum intensity, and magnitude given duration for
historical and simulated hourly precipitation data for January at
Salem.
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Figure 31. Comparison of conditional distributions of average
intensity, maximum intensity, and magnitude given duration for
historical and simulated hourly precipitation data for August at
Salem.
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Figure 37. Comparison of conditional distributions of average
intensity, maximum intensity, and magnitude given duration for
historical and simulated hourly precipitation data for January atPendleton.
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Figure 38. Comparison of conditional distributions of average
intensity, maximum intensity, and magnitude given duration for
historical and simulated hourly precipitation data for August at
Pendleton.



Figure 38.

10

8

6

4

2

20

16

12

8

4

100

2 3 4 5

DURATION (hrs)

6 7

2 3 4

DURATION (hrs)

5 6 7

80-

60-

40-

20-

AUGUST AT PENDLETON

SIMULATED DATA

HISTORICAL DATA

/
/

/

/

/

0

0

.0"

0.75

0.50

0.25

2 3 4

DURATION (hrs)

139



140

Table 1. Correlation between number of frontal passages and number
of precipitation events for each month, based on analysis of
weather maps at Salem.

Month

Number of frontal passages, NF
NF

Percent
of fronts r21973 1974 1975 1976 1977 1978 1979

Jan 14 9 11 10 5 12 11 10.3 11.4 0.27

Feb 8 9 11 8 5 8 15 9.1 10.1 0.59

Mar 15 7 9 8 11 5 7 8.9 9.8 0.20

Apr 8 6 5 7 4 10 8 6.9 7.8 0.46

May 10 6 7 8 9 8 8 8.0 7.6 0.08

Jun 10 4 7 4 3 3 3 4.9 5.4 0.53

Jul 7 7 3 5 5 4 5 5.1 5.7 0.00

Aug 8 2 8 6 2 8 1 5.0 5.5 0.27

Sep 9 3 3 3 7 9 6 5.7 6.3 0.90

Oct 7 6 10 2 8 5 10 6.9 7.6 0.71

Nov 8 9 10 6 11 8 6 8.3 9.2 0.20

Dec 11 15 12 6 11 9 21 12.1 13.5 0.35

pooled data: r2 = 0.47
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Table 2. Results of analysis of daily weather maps for
persistence of frontal passages.

Persistence (days)

Month K s n

Jan 2.47 2.26 32

Feb 2.22 1.26 27

Mar 2.00 1.06 33

Apr 1.83 2.49 30

May 1.52 0.54 29

Jun 1.30 0.31 23

Jul 1.35 0.33 23

Aug 1.47 0.49 19

Sep 1.29 0.30 24

Oct 1.82 0.89 28

Nov 1.74 0.61 35

Dec 2.06 0.91 34

LSD (0.05) = 0.54



Table 3. Definitions of precipitation event characteristics.

Variable
name Definition Units Formula

Duration Length of event from hrs Dkt
K

= (L.-F
k

) + 1

first hour to last.

L
k

Magnitude Total amount of precip- in
Mk E Pi

itation during the i=F
k

event.

Mk
Average Average precipitation in/hr

Ik

Intensity intensity during the
D
k

event.

Separation Number of hours separat- hrs
ing the event from the
previous event.

S
(Fk-1/4-1)41

Maximum Maximum hourly precip- in/hr IMAX
k

= max {p.)
Intensity itation intensity during F

k k
1

the event.

tFk = first hour of event k. L
k

= last hour of event k.

p. = precipitation recorded during hour i.



143

Table 4. Example output from EVENT showing first fifty
precipitation events and event characteristics at Salem.

14 107 7.64 8 26
1 1 1.00 6 1
1 1 1.00 3 1
1 1 1.00 5 1
2 2 1.00 129 1
1 1 1.00 19 1

1 1 1.00 266 1
1 1 1.00 2 1
5 7 1.40 36 2

5 10 2.00 3 4
1 1 1.00 124 1
1 1 1.00 10 1
1 1 1.00 5 1
2 2 1.00 64 1
1 1 1.00 1 1
1 1 1.00 1 1
1 1 1.00 6 1
1 2 2.00 8 2
3 7 2.33 8 3
1 1 1.00 5 1

3 5 1.67 26 2
1 2 2.00 2 2

7 50 7.14 20 18
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Table 5. Correlations among precipitation event characteristics at
Salem.

Magnitude
Average
Intensity

Maximum
Intensity Separation

Duration

Magnitude

Average
Intensity

Maximum
Intensity

Separation

0.88

1.00

0.49

0.66

1.00

0.67

0.79

0.89

1.00

0.04 n.s.t

0.00 n.s.

-0.02 n.s.

-0.01 n.s.

1.00

t n.s. = not significant
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Table 6. Significance levels for computed correlations among
hourly precipitation amounts for the first, second, and
third hours within events at Salem.

Month of year
Hour 1
Hour 2

Hour 1

- Hour 3
Hour 2

- Hour 3

January <1 <1 <1

February <1 <1 <1

March <1 <1 <1

April <1 <1 10

May n.s.t n.s. <1

June n.s. 5 <1

July <1 <1 <1

August <1 n.s. <1

September <1 <I <1

October <1 10 <1

November <1 10 <1

December <1 2 <1

tn.s. = not significant
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Table 7. Results of Kolmogorov-Smirnov non-parametric tests for
significance of differences in distribution of precipitation
amount for hours within event for January at Salem.

Hour
within
event

Hour within event
1 2 3 4 5 6 7 8 9 10

1

2

3

4

5

6

7

8

9

10

0.00

1.00

1.00

1.00

1.00

1.00

1.00

1.00

1.00

1.00

0.00

0.96

0.99

1.00

1.00

1.00

1.00

1.00

1.00

0.00

0.13

0.93

0.99

0.98

1.00

1.00

1.00

0.00

0.52

0.86

0.81

0.97

0.94

0.93

0.00

0.61

0.00

0.60

0.74

0.48

0.00

0.55

0.06

0.03

0.12

0.00

0.18

0.71

0.15

0.00

0.16

0.48

0.00

0.00 0.00
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Table 8. Monthly mean event interarrival time for each year and
month at Salem.

Year JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC

Total
for

year

1948 - - - - - 11 7 0 24 47 40 129

1949 16 44 44 22 22 12 5 7 20 25 42 43 302

1950 58 47 50 30 17 18 4 6 8 62 31 43 374

1951 49 46 46 8 22 1 3 4 14 37 49 43 322

1952 59 36 43 19 6 19 0 1 3 6 13 58 263

1953 58 26 40 22 35 17 0 18 8 18 48 48 338

1954 52 26 13 25 17 29 8 14 12 18 48 48 310

1955 29 31 42 41 14 9 14 0 11 27 47 58 323

1956 51 39 46 7 20 15 0 7 13 36 9 35 278

1957 32 36 49 19 30 14 6 9 7 33 28 55 318

1958 53 44 49 40 17 18 0 1 17 13 39 45 336

1959 44 34 41 17 28 13 3 1 20 23 15 24 263

1960 31 35 57 41 47 4 0 16 8 29 44 34 346

1961 40 57 65 30 37 6 6 5 14 36 26 38 360

1962 17 39 54 20 24 7 0 14 12 25 48 22 282

1963 12 30 42 51 15 16 14 6 15 24 63 29 317

1964 54 20 49 23 15 26 7 14 7 17 49 71 352

1965 61 16 4 23 22 7 5 11 6 18 46 32 251

1966 43 34 46 16 11 18 7 3 13 25 48 49 313

1967 50 22 54 33 20 5 0 0 11 46 25 36 302

1968 47 25 41 22 33 13 5 25 22 35 41 53 362

1969 50 34 18 22 18 18 1 2 18 30 15 59 285

1970 60 19 21 41 12 11 1 0 18 32 48 47 310

1971 46 33 48 25 17 15 1 10 21 24 38 48 326

1972 36 37 34 37 16 10 4 4 18 10 43 42 291

1973 30 18 39 19 12 14 0 6 20 22 75 55 310

1974 32 45 37 31 15 9 14 4 1 16 32 50 286

1975 32 52 53 28 15 13 5 16 0 51 44 45 354

1976 33 41 34 26 17 8 7 21 3 11 6 7 214

1977 18 24 41 15 46 5 1 6 23 24 48 46 297

1978 49 35 28 48 22 12 10 27 27 8 20 22 308

1979 21 53 23 40 19 9 7 13 11 33 33 43 305

TOTAL 1263 1078 1251 841 661 391 149 278 401 838 1208 1368 9727
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Table 9. Monthly values of mean and standard deviation for
number of events, N, for all years combined at Salem.

Month Ni c n Uit

hours

JAN 40.7 14.4 31 0.0303

FEB 34.8 10.7 31 0.0302

MAR 40.4 13.4 31 0.0304

APR 27.1 11.0 31 0.0323

MAY 21.3 9.7 31 0.0304

JUN 12.6 6.2 31 0.0302

JUL 4.7 4.4 32 0.0294

AUG 8.7 7.3 32 0.0294

SEP 12.5 7.1 32 0.0295

OCT 26.2 12.3 32 0.0292

NOV 37.8 15.6 32 0.0294

DEC 42.8 12.9 32 0.0293

tlf U < 0.691, the monthly mean number of events can be
assumed to have a constant value with a significance
level of 1% (Buishand, 1982, p. 16).
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Table 10. Results of non-parametric tests for significance of
differences in distributions for event interarrival times at
Salem.

Month Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Jan 0.00

Feb 0.21 0.00

Mar 0.88 0.94 0.00

Apr 1.00 1.00 1.00 0.00

May 1.00 1.00 1.00 0.75 0.00

Jun 1.00 1.00 1.00 0.99 0.92 0.00

Jul 1.00 1.00 1.00 1.00 1.00 0.93 0.00

Aug 1.00 1.00 1.00 1.00 0.96 0.65 0.79 0.00

Sep 1.00 1.00 1.00 0.98 0.78 0.07 0.99 0.55 0.00

Oct 0.96 0.95 0.95 0.59 0.96 1.00 1.00 1.00 0.98 0.00

Nov 0.43 0.40 0.80 0.99 1.00 1.00 1.00 1.00 1.00 0.98 0.00

Dec 0.33 0.16 0.76 1.00 1.00 1.00 1.00 1.00 1.00 0.97 0.01 0.00
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Table 11. Estimated parameters of
month at Salem.

Poisson cluster process for each

Month
TI(t)

X
2

nmonth
-1

hour
-1

mean variance

Jan 40.8 207.3 16.02 0.02153 2.540 12.54 23

Feb 34.8 112.7 21.50 0.02455 1.619 5.605 16

Mar 40.4 185.1 17.63 0.02370 2.291 12.57 19

Apr 28.1 104.7 15.08 0.02094 1.863 7.33 16

May 20.7 105.9 8.092 0.01088 2.558 16.55 14

Jun 12.7 38.7 8.333 0.01157 1.524 5.35 9

Jul 4.7 19.4 2.277 0.003061 2.064 1.85 5

Aug 8.7 53.7 2.819 0.003789 3.086 1.69 9

Sep 13.0 48.4 6.982 0.009697 1.862 1.92 10

Oct 26.2 149.7 9.170 0.01233 2.857 10.67 16

Nov 37.8 236.6 12.08 0.01678 3.130 44.99 24

Dec 41.6 216.4 15.99 0.02149 2.601 10.76 20



Table 12. Discrete distributions compared as models for precipitation event duration.

Distribution Distribution function Equations for parameter estimation

Poisson
(e

0
-1)

-I
6
k

13
Pr[D=n] 15

n1
1- exp( -B)

Logarithmic Pr[D =n] =

Geometric

a0
n

5
ie

n -(1-0)log(1-6)

a = - [log(I-0)]

Pr[D=u] = PQn-1 P =
1

D

Logarithmic a0
Pr[D=n] = I -

b+1 (n=1)Negative
Mixture

Q= 1 - P

I 1

(b+r)
i]

N*
r

r-s

l

,

N,
(b+r) ,

1

r-t
, ,NsN*r

(b+s) t (b+t)

= a0
n-I

[
1 0

] (n=2,3...) I
n+b-1 n+b N*

6 1

r (b+r)
1

r-s
N:

, (b+ON:
a

Br
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Table 13. Frequency distributions of event duration for each month at
Salem.

Dura-
tion JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC

(hours)

1-2 692 648 790 557 467 266 106 188 266 513 699 755
3-4 225 181 219 157 110 71 30 58 79 163 238 255
5-6 114 104 100 57 35 30 5 19 26 81 101 146
7-8 85 66 54 34 16 11 5 5 14 36 57 69
9-10 47 25 25 17 13 11 3 3 8 16 41 53
11-12 25 15 22 10 5 3 2 5 11 22 27

13-14 15 16 17 4 3 1 0 1 6 12 20
15-16 20 7 5 1 5 1 0 2 4 10 12

17-18 13 7 6 2 1 0 1 3 7 16

19-20 5 1 4 2 1 0 1 7 6

21-22 5 0 3 1 0 0 0 2 1

23-24 7 2 1 0 1 0 0 2 5

25-26 3 1 0 1 0 0 1 2 2

27-28 0 2 1 0 0 0 2 3

29-30 1 0 2 2 0 0 0 2

31-32 1 1 0 1 0 2

33-34 1 0 1 1 0

35-36 2 0 1

37-38 1 0

39-40 0 1

41-42 0 1

43-44 1

Total 1263 1078 1249 843 660 349 149 276 402 836 1205 1372



Table 14. Mean, standard deviation, and estimated parameters for event duration for
each month at Salem.

Month D s 2

D

Poisson Logarithmic
Geo-

metric
Logarithmic

negative mixture

0 0
-
a P

A A

a b 0

Hours--

Jan 4.044 23.40 3.967 0.645 2.223 0.2473 3.122 3.399 0.8967

Feb 3.399 15.65 3.269 0.520 2.178 0.2942 3.330 3.697 0.8537

Mar 3.128 12.22 2.967 0.442 3.947 0.3197 1.597 1.472 0.9003

Apr 2.727 7.622 2.505 0.281 6.980 0.3667 1.9800 1.895 0.8229

May 2.658 10.81 2.422 0.245 8.193 0.3762 0.8731 0.4430 0.8938

Jun 2.581 5.328 2.329 0.201 10.26 0.3874 4.0251 4.4530 0.7319

Jul 2.222 3.255 1.885 -t - 0.4500 0.8502 0.3254 0.8161

Aug 2.377 6.330 2.080 0.0610 2.742 0.4207 1.6325 1.3570 0.7723

Sep 2.659 6.105 2.423 0.245 8.193 0.3761 1.7490 1.4780 0.8158

Oct 3.022 9.350 2.846 0.406 2.395 0.3309 2.7475 2.677 0.8264

Nov 3.500 16.35 3.381 0.544 2.932 0.2857 2.0750 2.040 0.8979

Dec 3.785 17.31 3.691 0.603 2.493 0.2642 3.4498 3.7545 0.8753

t The logarithmic distribution could not be fitted to the frequency distribution for
duration for this month.



154

Table 15. Results of chi-squared test for goodness-of-fit
of Logarithmic Negative Mixture distribution for
event duration.

Month X
2 DOF P

JAN 28.24 27 0.399

FEB 30.55 20 0.061

MAR 12.38 23 0.964

APR 5.82 15 0.983

MAY 14.91 17 0.602

JUN 13.39 14 0.496

JUL 9.97 10 0.443

AUG 8.62 12 0.735

SEP 11.25 15 0.735

OCT 16.20 19 0.644
NOV 20.26 25 0.733

DEC 25.65 26 0.483



Table 16. Frequency distribution of hourly precipitation amount for each position
class within events in January at Salem.

Amount

Position Class, k
1 2 3 4 5 6 7 8 9 10

(inx100)

1 395 45 53 47 29 81 70 60 52 681

2 179 45 69 54 34 87 64 52 34 272

3 112 43 57 47 23 57 49 51 34 159

4 78 37 35 27 26 51 38 37 29 89

5 46 23 37 24 19 43 36 31 26 52

6 25 14 21 '20 28 20 19 27 9 40

7 21 14 18 29 21 29 19 17 8 23

8 12 15 18 23 13 29 16 23 18 17

9 10 10 16 12 12 23 11 14 9 9

10 9 6 13 5 12 21 20 11 7 9

11-15 16 20 23 34 24 42 32 26 19 29

16-20 12 4 5 8 13 13 17 15 13 7

21-25 4 2 5 0 1 7 6 6 2 3

26+ 0 0 1 3 3 5 8 1 5 3

MEAN 2.960 4.910 5.059 5.574 6.461 5.728 6.049 5.620 5.725 2.673

VAR. 10.54 16.51 18.39 22.63 31.47 27.86 36.58 24.19 29.91 10.91
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Table 17. Estimated parameters of first-order autoregressive model
for hourly precipitation amounts within events in January at
Salem.

Position Class, k Su(k) chl(k) s(k)

1 -0.02251 0.5027 0.8191

2 0.02143 0.5146 0.8258

3 -0.04246 0.5591 0.6611

4 -0.03416 0.5199 0.4973

5 0.1052 0.5334 0.7717

6 0.03602 0.5662 0.5478

7 0.5962 0.6668 0.7178

8 0.06350 0.5354 0.6876

9 0.4335 0.8232 1.9716

10 0.1057 0.2406 1.1943
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Table 18. Estimated parameters of modified Poisson cluster process
for each month at Salem.

i -1
D X^

-* I

Hours

January 2.548 46.58 3.983 30.27

February 1.645 32.05 3.383 24.30

March 2.223 40.93 3.207 29.88

April 2.233 59.31 2.707 49.93

May 2.209 77.16 2.589 68.31

June 1.524 87.11 2.556 81.88

July 2.064 326.7 2.176 319.9

August 3.063 262.0 2.326 250.1

September 2.016 116.1 2.627 108.1

October 2.887 81.97 3.040 67.46

November 3.220 61.31 3.505 42.24

December 1.944 33.80 3.757 22.95
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Table 19. Example output of ESTIMATE for January at Salem.

PARAMETER ESTIMATES FOR JANUARY AT SALEM

1/LAMBDA* =

A =

29.8644

3.1196

BETA =

B =

2.5400

3.3990 THETA = .8966

MEAN(K) = 2.95974 4.91039 5.05930 5.57357 6.46124
5.72835 6.04938 5.61995 5.72453 2.67288

SDEV(K) = 3.24717 4.06368 4.28785 4.75719 5.60992
5.27854 6.04828 4.91809 5.46854 3.30120

PHIO(K) = -.02249 .02143 -.04246 -.03416 .10520
.03606 .05966 .06355 .43372 .10589

PHI1(K) = .50270 .51459 .55909 .51987 .53339

.56621 .66677 .53542 .82339 .24055

S(K) = .90505 .90875 .81308 .70518 .87848

.74018 .84734 .82927 1.40460 1.09322

AK = 1.60299 BK = 1.44600 THETAK = .87004
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APPENDIX A. Listing of Computer Programs: EVENT and
EXPAND



PROGRAM EVENT
C

C THIS PROGRAM DIVIDES HOURLY PRECIPITATION DATA INTO
C EVENTS. THE HOURLY DATA ARE READ AS INTEGERS, ONE
C HOURLY PRECIPITATION AMOUNT FOR EACH LINE OF INPUT.
C NO DATES ARE READ. THE VALUES OF FIVE EVENT
C CHARACTERISTICS ARE COMPUTED FOR EACH EVENT. THEY
C ARE MAGNITUDE, DURATION, SEPARATION, AVERAGE INTENSITY,
C AND MAXIMUM INTENSITY. THESE CHARACTERISTICS ARE
C DEFINED IN THE THESIS. THE CHARACTERISTICS ARE STORED
C ON "OUTFILE" FOR USE IN PROGRAM ANALYZE.
C

C

C

INTEGER DURATION,MAGNITUDE,SEPARATION,PRECIP,KOUNT
INTEGER MAXINTY
REAL AVEINTY
CHARACTER*20 INFILE, OUTFILE
WRITE(*,10)

10 FORMAT(' ENTER INPUT FILENAME ')
READ(*,20) INFILE

20 FORMAT(A)
WRITE(*,30)

30 FORMAT(' ENTER OUTPUT FILENAME')
READ(*,20) OUTFILE
OPEN(1,FILE=INFILE)
OPEN(2,FILE=OUTFILE,STATUS=1NEW)

DURATION = 0
SEPARATION = 0
MAXINTY = 0

40 READ(1,*,END=999) PRECIP
IF (PRECIP .EQ. 0) GOTO 40

IF (PRECIP .NE. 0) THEN
DURATION = DURATION + 1

MAGNITUDE = MAGNITUDE + PRECIP
IF (PRECIP .GT. MAXINTY) MAXINTY = PRECIP
READ(1,*,END=999) PRECIP
GOTO 50

END IF
AVEINTY = FLOAT(MAGNITUDE) / DURATION
IF (PRECIP .EQ. 0) THEN
WRITE(2,60) DURATION,MAGNITUDE,AVEINTY,MAXINTY,

1 SEPARATION
60 FORMAT(2I10,F10.4,2110)

DURATION = 0
SEPARATION = 0
MAGNITUDE = 0
AVEINTY = 0
MAXINTY = 0

END IF
70 IF (PRECIP .EQ. 0) THEN

SEPARATION = SEPARATION + 1
READ(1,*,END=999) PRECIP
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GOTO 70
END IF
GOTO 50

999 IF (DURATION .NE. 0) THEN
WRITE(2,60)DURATION,MAGNITUDE,AVEINTY,MAXINTY,

1 SEPARATION
END IF
STOP

END

PROGRAM EXPAND
C

C THIS PROGRAM IS USED TO CONVERT HOURLY PRECIPITATION
C DATA FROM A "COMPRESSED" FORM, IN WHICH 12 HOURS OF
C PRECIPITATION DATA OCCUPY A SINGLE LINE AND LONG DRY
C PERIODS ARE EXCLUDED, TO AN "EXPANDED" FORM THAT
C LISTS A SINGLE HOURLY PRECIPITATION AMOUNT ON EACH
C LINE WITH ALL ZERO VALUES FILLED IN. THIS PROGRAM
C CAN BE USED TO CONVERT EITHER THE ORIGINAL HOURLY
C DATA FROM THE WEATHER SERVICE TAPES, OR THE
C OUTPUT OF THE SIMULATE PROGRAM TO A FORM USABLE
C BY THE ESTIMATE PROGRAM.
C

INTEGER YR,MON,DY,CARD,TEMPH(12),OLDDY
INTEGER DAYS, NUMDAYS, MISSING,YRSTART, YREND
CHARACTER*16 INFILE,OUTFILE
WRITE(*,1)

1 FORMAT(' ENTER INPUT FILE NAME--')
READ(*,2) INFILE

2 FORMAT(A)
WRITE(*,3)

3 FORMAT(' ENTER OUTPUT FILE NAME--')
READ(*,2) OUTFILE
OPEN(2,FILE=INFILE)
OPEN(3,FILE=OUTFILE,STATUS='NEW')
WRITE(*,4)

4 FORMAT(' ENTER YEAR-TO-START (SPACE) YEAR-TO-END')
READ(*,*) YRSTART, YREND

C

C

10 READ(2,*,END=999)YR,MON,DY,CARD,(TEMPH(I),I=1,12)
IF (YR .NE. YRSTART) GOTO 10

C

20 CALL FINDAYS(YRSTART,YREND,MON,NUMDAYS)
IF (YR .EQ. YRSTART) THEN

IF (DY .NE. 1) THEN
MISSING = (NUMDAYS-(NUMDAYS-DY+1))*24
CALL FILLUP(CARD,MISSING)

END IF
ELSE

CALL FILLUP(CARD,NUMDAYS*24)
GOTO 30

END IF
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CALL TRNSPOS(YR,MON,DY,CARD,TEMPH,NUMDAYS,YRSTART,
1 YREND,OLDDY)

30 YRSTART = YRSTART + 1

IF ( YRSTART .LE. YREND ) GOTO 20
C

999 IF (OLDDY .LT. NUMDAYS) THEN
MISSING = (NUMDAYS - OLDDY) * 24
CALL FILLUP(1,MISSING)

END IF
STOP
END
SUBROUTINE TRNSPOS(YR,MON,DY,CARD,TEMPH,NUMDAYS,

1 YRSTART,YREND,OLDDY)
INTEGER YR,MON,DY,CARD,TEMPH(12),NUMDAYS
INTEGER OLDDY,OLDCARD,MISSING,YRSTART,YREND

C

C THIS SUBROUTINE TRANSPOSES DATA INTO VERTICAL FORMAT
C WITH 0'S AND PS. C

OLDDY = DY
C

C PRINT OUT THE PRECIPITATION DATA.
C

5 IF ((YR .EQ. YRSTART).AND.(OLDDY .EQ. DY)) THEN
DO 30 I=1, 12

WRITE(3,20)TEMPH(I)
20 FORMAT(I4)
30 CONTINUE

C

OLDCARD = CARD
READ(2,*,END=999)YR,MON,DY,CARD,(TEMPH(I),I=1,12)

C

C ADVANCE TO THE NEXT DAY IF ALL CONDITIONS ARE MATCHED.
C

IF ((OLDDY .NE. DY) .AND. (OLDDY+1 .EQ. DY) .AND.
(YRSTART .EQ. YR)) THEN

OLDDY = DY
END IF
GOTO 5

ELSE
* IF ((OLDDY .NE. DY) .AND. (OLDDY+1 .NE. DY) .AND.

(YRSTART .EQ. YR)) THEN
C

C FILL UP THE MISSING DAYS BETWEEN EVENTS WITH 0'S.
C

MISSING = (DY - OLDDY - 1) * 24
IF (OLDCARD .EQ. 1) MISSING = MISSING + 12
CALL FILLUP( CARD, MISSING)
OLDDY = DY
GOTO 5

ELSE
* IF ((YRSTART.NE.YR).AND.(OLDDY.LT.NUMDAYS)) THEN

C

C FILL UP THE MISSING DAYS FOR THE REST OF THE MONTH
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C WITH 0'S
C

MISSING = (NUMDAYS - OLDDY ) * 24

IF (OLDCARD .EQ. 1) MISSING = MISSING + 12
CALL FILLUP(1,MISSING)

END IF

999 RETURN
END
SUBROUTINE FILLUP(CARD,MISSING)
INTEGER DY,CARD,NUMDAYS,MISSING

C

C THIS SUBROUTINE FILLS UP MISSING DATA WITH 0'S
C

C

IF (CARD .EQ. 2) THEN
MISSING = MISSING + 12

END IF

DO 20 I=1, MISSING
WRITE(3,10)

10 FORMAT(' 0')

20 CONTINUE
RETURN
END
INTEGER FUNCTION DAYS(MONTH,DATE,YEAR)
INTEGER MONTH, DATE, YEAR

C

C THIS FUNCTION WILL CREATE AN INTEGER NUMBER FOR EACH
C GIVEN MONTH, DATE, AND YEAR.
C

C

C

IF ((MONTH .EQ. 1) .OR. (MONTH .EQ. 2)) THEN
YEAR = YEAR - 1
MONTH = MONTH + 13

ELSE
MONTH = MONTH + 1

END IF

DAYS = INT(365.25*YEAR)+INT(30.6001*MONTH)+DATE

IF ((MONTH .EQ. 14) .OR. (MONTH .EQ. 15)) THEN
MONTH = MONTH - 13
YEAR = YEAR + 1

ELSE
MONTH = MONTH - 1

END IF
RETURN
END

SUBROUTINE FINDAYS(YRSTART,YREND,MON,NUMDAYS)
INTEGER YR,MON,DY,NUMDAYS,DATE,DAYS
INTEGER YRSTART,YREND,NUMBER

C

C THIS SUBROUTINE FINDS THE NUMBER OF DAYS IN
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C A GIVEN MONTH AND YEAR.
C

YR = YRSTART
NUMDAYS = 0

10 IF ( MON .EQ. 12 ) THEN
NEXTMON = 1
NEXTYR = YR + 1

ELSE
NEXTMON = MON + 1
NEXTYR = YR

END IF
DATE = 1

NUNDAIS= DAYS(NEXTMON,DATE,NEXTYR+1900) -
1 DAYS(MON,DATE,YR+1900)
RETURN
END
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APPENDIX B. Listing of Computer Program: ANALYZE



PROGRAM ANALYSE
COMMON /BLOCK/ MATRIX(5000,5)
REAL MATRIX
INTEGER ICON,IRV,OLDMAJOR,TOTAL
CHARACTER SITE*11,TYPE(8)*11,INFILE*20,TITLE*80,

1 CHECK*1
DATA TYPEPDURATION','MAGNITUDE','INTENSITY1,

1 'MAX RATE','HRS BTWN'/

C

C

WRITE(*,5)
5 FORMAT(//' ENTER INPUT FILENAME :- ',)

READ(*,20) INFILE
WRITE(*,10)

10 FORMAT(//1 ENTER HEADING IDENTIFICATION ',
'(MAX. LENGTH 80 CHAR.) :')

READ(*,20) TITLE
WRITE(*,15)

15 FORMAT(//' ENTER STATION IDENTIFICATION ',
'(MAX. LENGTH 11 CHAR.) :-1,)

READ(*,20) SITE
20 FORMAT(A)

C

C

OPEN(1,FILE=INFILE)
OPEN(2,FILE=1SORTED.TXT',STATUS='NEWI)
OPEN(5,FILE=1MARGINAL.OUT1,STATUS=1NEW1)
OPEN(6,FILE='CONDITNI.OUTI,STATUS=INEW)
OPEN(20,FILE='SCRATCH.DAT1,STATUS='NEW)
WRITE(5,25) TITLE
WRITE(6,26) TITLE

25 FORMAT(A, '(MARGINAL ANALYSIS)'/)
26 FORMAT(A, '(CONDITIONAL ANALYSIS)' /)

C

C

OLDMAJOR = 0
TOTAL = 1

30 READ(1,*,END=40) (MATRIX(TOTAL,N),N=1,5)
TOTAL = TOTAL + 1

GOTO 30
40 TOTAL = TOTAL - 1

C

50 WRITE(*,60)
60 FORMAT(//' ENTER VARIABLE NUMBER FOR MARGINAL',

1 'ANALYSIS',/,' AND ("0" ZERO) TO ',

2 'SKIP ANALYSIS :-
READ(*,*) ICON
IF ( ICON .EQ. 0) GOTO 70
IRV = ICON
CALL SETUP(NTOT,ICON,IRV,TOTAL,OLDMAJOR)
CALL MARG(SITE,TYPE(ICON),NTOT)

C
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70 WRITE(*,80)
80 FORMAT(//' ENTER VARIABLE NUMBER FOR CONDITIONAL',

1 ANALYSIS',/,
' AND ("0" ZERO) SPACE ("0" ZERO) TO SKIP.'

* ,/,

' e.g. (CONDITIONAL) SPACE (RANDOM) :- ',)
READ(*,*) ICON,IRV
IF (ICON .EQ. 0) GOTO 85
CALL SETUP(NTOT,ICON,IRV,TOTAL,OLDMAJOR)
CALL COND(SITE,TYPE,ICON,IRV)

C

85 WRITE(*,90)
90 FORMAT(//' ANOTHER ANALYSIS ON THE SAME DATA SET?',/,

' TYPE Y FOR YES',/,
N FOR NO :- ',)

READ(*,20) CHECK
IF ((CHECK .EQ.111).0R.(CHECK .EQ. 'y')) GOTO 50

999 CLOSE(20,STATUS='DELETE')
CLOSE(2,STATUS-'DELETE')
STOP
END
SUBROUTINE MARG(SITE,TYPE,NTOT)

C * * * * * * * * ** M A R G I N A L DISTRIBUTION*****
C

C THIS SUBROUTINE COMPUTES THE QUANTILE VALUES FOR
C MARGINAL DISTRIBUTIONS. THE QUANTILE VALUES
C CALCULATED ARE: MINIMUM, .25-TH, MEDIAN, .75-TH,
C .80-TH, .85-TH, .90-TH, .95-TH, .99-TH, AND MAXIMUM.
C

C ***REQUIRED INPUT : VARIABLE NUMBER IS READ BY SUBROUTINE
C SETUP
C

C

C

DIMENSION INDX(8),REM(8),YL(8),YU(8),Q(8)
CHARACTER*11 TYPE,SITE

REWIND 20
DO 5 1=1,8

YU(I) - 0.0
YL(I) - 0.0
Q(I) = 0.0

5 CONTINUE
CALL QUANTL(NTOT,INDX,REM)
READ(20,*) YOLD, NSUM
YMIN = YOLD
M = 1

C

C

C IF NOT ENOUGH DATA HAVE BEEN READ TO FIND THE 1ST
C QUANTILE (NSUM+N .LT. INDX(1)) OR ALL OF THE QUANTILES
C HAVE ALREADY BEEN FOUND (M .GT. 8), UPDATE THE VALUES
C OF NSUM AND YOLD AND. CONTINUE READING DATA
C
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C

10 READ(20,*,END=50) YNEW,NY
IF ((NSUM+NY .LT. INDX(1)).OR.(M.GT.8)) THEN

YOLD = YNEW
NSUM = NSUM + NY
GOTO 10

END IF
IDO = M

C

C

C CHECK TO SEE IF ANY OF THE QUANTILES HAVE BEEN REACHED.
C

C

DO 40 J=ID0,8
IF (INDX(J) .LT. NSUM) THEN
YU(J) = YOLD
YL(J) = YOLD
M = M + 1

ELSE
* IF (INDX(J) .EQ. NSUM) THEN

YU(J) = YNEW
YL(J) = YOLD
M = M + 1

END IF
40 CONTINUE

NSUM = NSUM + NY
YOLD = YNEW
GOTO 10

50 YMAX = YOLD
C

C

C COMPUTE QUANTILES.
C

C

DO 60 1=1,8
IF (INDX(I) .GE. NSUM) THEN
YL(I) = YMAX
YU(I) = YMAX

END IF
Q(I) = (1.0-REM(I))*YL(I)+REM(I)*YU(I)

60 CONTINUE
WRITE(5,70)TYPE,NSUM,YMIN,(Q(I),I=1,8),YMAX

70 FORMAT(1X,A,I6,10F10.2)
RETURN
END
SUBROUTINE QUANTL(N,INDX,REM)

C

C

C THIS SUBROUTINE CALCULATES INDICES FOR EIGHT QUANTILES,

C BASED ON THE SAMPLE SIZE N.
C

C THE DIFFERENCES BETWEEN THE REAL-VALUED INDEX AND ITS
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C INTEGER COMPONENT, REM, IS ALSO PASSED TO THE CALLING
C PROGRAM TO BE USED IN ADJUSTING THE QUANTILE VALUE
C WHEN IT FALLS BETWEEN TWO OBSERVATIONS.
C

C

DIMENSION P(8),INDX(8),REM(8)
DATA P/0.25,0.50,0.75,0.80,0.85,0.90,0.95,0.99/
ZN = FLOAT(N) + 1.0
DO 10 1=1,8

INDX(I) = INT(P(I)*ZN)
REM(I) = P(I)*ZN-INDX(I)
IF (INDX(I) .LT. N) GOTO 10
INDX(I) = N
REM(I) = 0.0

10 CONTINUE
RETURN
END
SUBROUTINE SETUP(NTOT,ICON,IRV,TOTAL,OLDMAJOR)

C

C

C THIS SUBROUTINE CREATES A SCRATCH FILE CONTAINING
C INFORMATION ABOUT THE DISTRIBUTION OF THE
C CONDITIONING VARIABLE,Y. THIS SUBROUTINE IS CALLED,
C IF NEEDED, BEFORE THE MARGINAL OR CONDITIONAL
C DISTRIBUTIONS ARE COMPUTED
C

C

C *** REQUIRED INPUT : IRV (CONDITIONING VARIABLE) AND
C ICON(RANDOM VARIABLE)

C

C

INTEGER IRV,ICON,TOTAL,OLDMAJOR
REAL YOLD,YNEW
LOGICAL DONE
REWIND 20
DONE = .FALSE.
NTOT = 0
CALL SORT(ICON,IRV,TOTAL,OLDMAJOR)
REWIND 2
CALL SUBREAD(IRV,ICON,X,YOLD,DONE)
N = 1

20 CALL SUBREAD(IRV,ICON,X,YNEW,DONE)
IF (DONE) GOTO 999
IF (YNEW .EQ. YOLD) THEN

N = N + 1

ELSE
WRITE(20,*) YOLD,N
NTOT = NTOT + N
N = 1
YOLD = YNEW

END IF
GOTO 20

999 WRITE(20,*) YOLD,N
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NTOT = NTOT + N
RETURN
END
SUBROUTINE SUBREAD(LOCX,LOCY,X,Y,DONE)

C

C

C THIS SUBROUTINE PICKS OUT THE CONDITIONING AND
C RANDOM VARIABLES.
C

C

DIMENSION VAR(5)
LOGICAL DONE
READ(2,*,END=999)IDUR,IMAG,AVE,IMAX,IDRY
VAR(1) = IDUR
VAR(2) = IMAG
VAR(3) = AVE
VAR(4) = IMAX
VAR(5) = IDRY
X=VAR(LOCX)
Y=VAR(LOCY)
RETURN

999 DONE = .TRUE.
RETURN
END
SUBROUTINE COND(SITE,TYPE,ICON,IRV)

C

C

C****CONDITIONAL DISTRIBUTION****
C

C

C THIS SUBROUTINE CALCULATES QUANTILE VALUES FOR
C CONDITIONAL DISTRIBUTIONS. THE QUANTILE VALUES
C CALCULATED ARE : MINIMUM,.25-TH, MEDIAN,.75-TH,
C .80-TH, .85-TH, .90-TH, .95-TH, .99-TH, AND MAXIMUM
C

C

C

C

INTEGER INDX(8),ICON,IRV
REAL REM(8),XL(8),XU(8),2(100),Q(8)
LOGICAL DONE
CHARACTER*11 SITE,TYPE(10)

CALL CONDHDG(TYPE,SITE,ICON,IRV)
REWIND 20
REWIND 2

C

C PICK THE FIRST INTERVAL, IF (N .LT. 10) THEN COMBINE
C INTERVALS UNTIL (N .GE. 10)
C

C

DONE = .FALSE.
10 READ(20,*,END=999) YSTRT,N

YEND = YSTRT



20 IF ((N .LE.9) .AND. (N .NE. 0)) THEN
READ(20, *,END =25) YEND,NN
N = N + NN
GOTO 20

END IF
GOTO 26

25 DONE - .TRUE.
26 IF (N .LT. 10) GOTO 999

CALL QUANTL(N,INDX,REM)
C

C IF (N .GT. 10) ON THE FIRST PICK THEN START TO COMPUTE
C QUANTILES. C

IF (YSTRT .EQ. YEND) THEN
CALL SUBREAD(IRV,ICON,XOLD,Y,DONE)
XMIN = XOLD
M = 1
DO 40 I=2,N

CALL SUBREAD(IRV,ICON,XNEW,Y,DONE)
IF ((M.LE.8) .OR. (I.GE.INDX(1)+1)) THEN

IDO = M
DO 30 J=ID0,8
IF (I .EQ. INDX(J)+1) THEN
XL(J) = XOLD
XU(J) = XNEW
M = M + 1

END IF
30 CONTINUE

END IF
XOLD = XNEW

40 CONTINUE
XMAX = XOLD
DO 50 1=1,8

IF (INDX(I) .GE.N) THEN
XL(I) = XMAX
XU(I) = XMAX

END IF
Q(I) = (1.0-RKM(I))*XL(I)+REM(I)*XU(I)

50 CONTINUE
ELSE

C

C IF ITS A GROUPED INTERVAL, RESORT THE RANDOM VARIABLE.
C

DO 60 I=1,N
CALL SUBREAD(IRV,ICON,Z(I),Y,DONE)

60 CONTINUE
CALL DSORT(Z,N)
XMIN = Z(1)
XMAX = Z(N)
DO 70 1=1,8

ZL = XMAX
ZU = XMAX
IF (INDX(I) .NE. N) THEN

ZL = Z(INDX(I))
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ZU = Z(INDX(I) + 1)
END IF
Q(I) = (1.0 - REM(I))*ZL+REM(I)*ZU

70 CONTINUE
END IF
WRITE(6,80) YSTRT,YEND,N,XMIN,(Q(I),I=1,8),XMAX
IF (DONE) GOTO 999
N = 0
GOTO 10

80 FORMAT(2F10.2,I5,10F10.4)
999 RETURN

END
SUBROUTINE CONDHDG(TYPE,SITE,ICON,IRV)

C

C

C THIS SUBROUTINE PROVIDES THE PROPER HEADINGS FOR THE
C CONDITIONAL DISTRIBUTIONS
C

C

CHARACTER*11 SITE,TYPE(10)
INTEGER ICON,IRV
I = 11
J = I
K = J

10 IF(TYPE(IRV)(I:I) .EQ. ' ') THEN
I = I - 1

GOTO 10
END IF

C

20 IF (TYPE(ICON)(J:J) .EQ. ') THEN
J = J - 1

GOTO 20
END IF

C

30 IF (SITE(K:K) .EQ. ') THEN
K = K - 1

GOTO 30
END IF

C

WRITE(6,1006) TYPE( IRV )(:I),TYPE(ICON)(:J),SITE(:K)
WRITE(6,1007) TYPE(ICON)(:J),TYPE(IRV)( :I)
WRITE(6,1008)
WRITE(6,1009)

1006 FORMAT(/////' CONDITIONAL DISTRIBUTIONS OF ',A,
', CONDITIONED ON ',A,', AT ',A///)

1007 FORMAT(7X,A10,48X,A10,' QUANTILES')
1008 FORMAT(' INTERVAL INTERVAL')
1009 FORMAT(5X,ISTART1,7X,'END',4X,'N',3X,'MINIMUM1,4X,

*

* '.85-TRI,4x,..90-TH1,4x,1.95-THI,4X,T.99-TH',3X,
* 'MAXIMUM'/)
RETURN
END
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SUBROUTINE DSORT(Y,N)
C

C

C THIS SUBROUTINE SORT THE VALUES OF ARRAY Y IN
C ASCENDING ORDER.
C

DIMENSION Y(100)
LOGICAL MORE

C

C

IF ((N .EQ. 0) .AND. (N .EQ. 1)) GOTO 30
NEXLAS = N - 1
MORE = .TRUE.

10 IF (MORE) THEN
MORE = .FALSE.
DO 20 INDEX= I,NEXLAS

IF (Y(INDEX) .GT. Y(INDEX+1)) THEN
TEMP = Y(INDEX)
Y(INDEX) = Y(INDEX+1)
Y(INDEX+1) = TEMP
MORE = .TRUE.

END IF
20 CONTINUE

GOTO 10
END IF

30 RETURN
END
SUBROUTINE SORT(ICON,IRV,TOTAL,OLDMAJOR)
COMMON /BLOCK/MATRIX(5000,5)
REAL MATRIX
INTEGER MAJOR,MINOR,TOP,BOTTOM,TOTAL,OLDMAJOR

REWIND 2
MAJOR = ICON
MINOR = IRV
IF (MAJOR .EQ. OLDMAJOR) GOTO 60
CALL MAJORSORT(MAJOR,1,TOTAL)

C

60 IF ((MINOR.EQ.0).0R.(MAJOR.EQ.MINOR)) GOTO 95
TOP = 1
BOTTOM = 1

C

80 IF (MATRIX(BOTTOM,MAJOR).EQ.MATRIX(BOTTOM+1,MAJOR))
1 THEN

BOTTOM = BOTTOM + 1
IF ( BOTTOM .EQ. TOTAL ) GOTO 90
GOTO 80

END IF
C

90 CALL MINORSORT(MINOR,TOP,BOTTOM)
C

IF ( BOTTOM .LT. TOTAL ) THEN
TOP - BOTTOM + 1

BOTTOM = TOP



C

C

C

C

GOTO 80
END IF

95 DO 110 I=1,TOTAL
WRITE(2,100)INT(MATRIX(I,1)),INT(MATRIX(I,2)),

* MATRIX(I,3),INT(MATRIX(I,4)),INT(MATRIX(I,5))
100 FORMAT(2I10,F10.4,2110)
110 CONTINUE

OLDMAJOR = MAJOR
RETURN
END
SUBROUTINE MAOORSORT(COL,ROW,N)
COMMON /BLOCK/MATRIX(5000,5)
REAL MATRIX,X(5)
INTEGER L,R,COL,ROW,N

L = INT(N/2) + 1

R = N
C

10 IF (L .GT. ROW) THEN
L = L - 1
CALL SHIFT(L,R,COL)
GOTO 10

END IF
C

C

20 IF (R .GT. ROW) THEN
DO 30 K=1,5

X(K) = MATRIX(ROW,K)
MATRIX(ROW,K) = MATRIX(R,K)
MATRIX(R,K) = X(K)

30 CONTINUE
R = R - 1
CALL SHIFT(L,R,COL)
GOTO 20

END IF
RETURN
END
SUBROUTINE SHIFT(L,R,COL)
COMMON /BLOCK/ MATRIX(5000,5)
REAL MATRIX,X(5)
INTEGER L,R,I,J,COL

I = L
J = 2 * I
DO 10 K=1,5
X(K) = MATRIX(I,K)

10 CONTINUE

20 IF (J .LE. R) THEN
IF (J .LT. R) THEN
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C

IF ( MATRIX(J,COL) .LT. MATRIX(J+1,COL)) J = J + 1
END IF
IF (X(COL) .GE. MATRIX(J,COL)) GOTO 40
DO 30 K=1,5
MATRIX(I,K) = MATRIX(J,K)

30 CONTINUE
I = J
J = 2 * I
GOTO 20

END IF

40 DO 50 K=1,5
MATRIX(I,K) X(K)

50 CONTINUE
RETURN
END

SUBROUTINE MINORSORT(COL,ROW,KOUNT)
COMMON /BLOCK/ MATRIX(5000,5)
REAL MATRIX,TEMP(5)
INTEGER COL,ROW,KOUNT
LOGICAL MORE
IF ((KOUNT .EQ. 0).AND.(KOUNT .EQ. 1)) GOTO 30
NEXLAS KOUNT - 1
MORE - .TRUE.

10 IF (MORE) THEN
MORE = .FALSE.
DO 20 INDEX=ROW,NEXLAS
IF(MATRIX(INDEX,COL).GT.MATRIX(INDEX+1,COL))THEN
DO 15 K=1,5
TEMP(K) = MATRIX(INDEX,K)
MATRIX(INDEX,K) = MATRIX(INDEX+1,K)
MATRIX(INDEX+1,K) = TEMP(K)

15 CONTINUE
MORE = .TRUE.
END IF

20 CONTINUE
GOTO 10

END IF
30 RETURN

END
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APPENDIX C. Listing of Computer Program: SIMULATE



C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

C

PROGRAM SIMULATE

THIS PROGRAM SIMULATES HOURLY PRECIPITATION DATA.
MODEL PARAMETERS ARE READ FROM FILE "PARFILE" (THIS
FILE IS THE OUTPUT FROM PROGRAM ESTIMATE). THE
HOURLY PRECIPITATION AMOUNTS ARE WRITTEN AS
INTEGERS TO FILE "OUTFILE", ONE HOURLY PRECIPITATION
AMOUNT PER LINE.

COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02

INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND,CARD1,
INTEGER TEMP, CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02

COMMON /TTCARRAY/ TTCPAR(12)
REAL TTCPAR
COMMON /NUMARRAY/ NUMPAR(12)
REAL NUMPAR
COMMON /TABLET/ LOGT1(12,50)
REAL LOGT1
COMMON /TABLE2/ LOCT2(12,50)
REAL LOGT2
COMMON /PRECPAR/E(12,10),SG(12,10),AP(12,10),

BP(12,10),SP(I2,10)
REAL E,SG,AP,BP,SP
COMMON /TABLEPAR/A(12),B(12),THETA(12),AI(12),

BI(12),THETI(12)
REAL A,B,THETA,AI,BI,THETI
INTEGER SKIPDAYS, NUMTOSIM, YRTOSTART, FINDDAYS
INTEGER SEPHRS, TTC, DUR, NUMEVENT
REAL PRECAMT
CHARACTER*20 OUTFILE,PARFILE
LOGICAL FIRSTCLUS

TIMESTART
TIMEEND
PRECAMT
NUMTOSIM
YRTOSTART
SEPHRS
CARD1,CARD2

TTC
NUMEVENT
DUR
PARFILE
OUTFILE
FIRSTCLUS

VARIABLE DEFINITIONS
======= ===

= TIME AT START OF EVENT (COMMON)
= TIME AT END OF EVENT (COMMON)
= HOURLY PRECIPITATION AMOUNT
= NUMBER OF HOURS TO SIMULATE
= YEAR TO START SIMULATION
= SEPARATION BETWEEN EVENTS
= CARD NUMBER 1 AND 2 IS TO INDICATE
MORNING AND NOON HOURS (COMMON)

= TIME TO CLUSTER
= NUMBER OF EVENTS IN EACH CLUSTER
= DURATION OF EACH EVENT
= INPUT PARAMETER FILE NAME
= OUTPUT FILE NAME
= FIRST CLUSTER (LOGICAL)
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C

C

C

WRITE(*,10)
10 FORMAT(' ENTER NUMBER OF HOURS TO SIMULATE - 1,)

READ(*,*) NUMTOSIM
WRITE(*,20)

20 FORMAT(' ENTER YEAR TO START SIMULATION [4 DIGITS' -

* )

READ( *, *) YRTOSTART

WRITE(*,30)
30 FORMAT(' ENTER OUTPUT FILE NAME -

READ(*,40) OUTFILE
40 FORMAT(A)

WRITE(*,50)
50 FORMAT(' ENTER PARAMETER FILE NAME - ',)

READ(*,40) PARFILE

OPEN(1,FILE=PARFILE)
OPEN(2,FILE=OUTFILE,STATUS='NEW')
OPEN(3,FILE=TSCRATCH.PAR',STATUS='NEW)

INITIALIZE VARIABLES

MONTH = 1

DAY = 1

CARD! = 1

CARD2 = 2

NOMORE = 0
TIMEEND = 24

DSEED = 123457.0D0
FIRSTCLUS = .TRUE.
ZERO] = .TRUE.
ZER02 = .TRUE.

JULDAY = FINDDAYS(MONTH,DAY,YRTOSTART)
CALL FINDATE
CALL CLEAR(TEMP)
CALL READPARMTRS
CALL GENTABLE(A,B,THETA,LOGT1)
CALL GENTABLE(AI,BI,THETI,LOGT2)

C

C-FIND TIME TO CLUSTER AND NUMBER OF EVENTS WITHIN CLUSTER-
C

100 CALL TIMETOCLUSTER(TTC)
CALL NUMOFEVENT(NUMEVENT)

C

C START OF SIMULATION FOR EACH CLUSTER
C

DO 130 K=1,NUMEVENT
NOMORE = NOMORE + TTC
IF (NOMORE .GT. NUMTOSIM) THEN

CALL ADVANCEDATE(0)
GOTO 999

END IF
C

183



184

C---LOCATE THE STARTING TIME FOR EACH CLUSTER

C

C

C

C

C

C

C

SKIPDAYS = INT(TTC / 24)
IF ((SKIPDAYS .EQ.0).AND.(FIRSTCLUS)) THEN

TIMEEND = 0
FIRSTCLUS = .FALSE.

END IF

IF (SKIPDAYS .GT. 0) THEN
TIMESTART = TTC-(24 * SKIPDAYS)-(24-TIMEEND)+1
IF (TIMESTART .LE. 0) THEN
TIMESTART = TTC - (24 - TIMEEND) + 1

CALL ADVANCEDATE(0)
ELSE

CALL ADVANCEDATE(SKIPDAYS)
END IF

ELSE
TIMESTART = TIMEEND + TTC + 1

END IF

TIMEEND = TIMESTART
CLASN = 1

GENERATE EVENT DURATION

CALL DURATION(DUR)
C

C - -GENERATE HOURLY PRECIPITATION AMOUNTS FOR THIS EVENT - - -

C

CALL PRECIPAMOUNT(PRECAMT,DUR,CLASN,1)
CALL CHECKEND
TEMP(TIMEEND) = NINT(PRECAMT)
DO 110 I=2,DUR

CALL PRECIPAMOUNT(PRECAMT,DUR,CLASN,I)
TIMEEND = TIMEEND + 1
CALL CHECKEND
TEMP(TIMEEND) = NINT(PRECAMT)
NOMORE = NOMORE + 1
IF (NOMORE .EQ. NUMTOSIM) THEN

CALL ADVANCEDATE(0)
GOTO 999

END IF
110 CONTINUE

C

C -GENERATE THE SEPARATION BETWEEN EVENTS WITHIN A CLUSTER - -

C

IF (K :LT. NUMEVENT) THEN
CALL SEPARATION(SEPHRS)
TTC = SEPHRS

END IF



130 CONTINUE
C

C REPEAT UNTIL ALL HOURS ARE SIMULATED
C

IF (NOMORE .LT. NUMTOSIM) GOTO 100
C

999 STOP
END

SUBROUTINE TIMETOCLUSTER(TTC)
$INCLUDE: 'IMSL'
C

C

COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,
ZER02

INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMP,TTC,CARD1,CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02

REAL LAMBDA,EXN
COMMON /TTCARRAY/ TTCPAR(12)
REAL TTCPAR

C

C - - -THIS IS AN EXPONENTIAL FUNCTION

C - - -MODEL TO GENERATE TIME TO CLUSTER

C

LAMBDA - TTCPAR(MONTH)
CALL GGEXN(DSEED,LAMBDA,1,EXN)
TTC = NINT(EXN)
IF (TTC .LT. 1) TTC = 1
RETURN
END
SUBROUTINE NUMOFEVENT(NUMEVENT)

$INCLUDE: 'IMSL'
C

COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02

INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMP,NUMEVENT,CARD1,CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02

C

REAL BETA,EXN
COMMON /NUMARRAY/ NUMPAR(12)
REAL NUMPAR

C

C - - -THIS IS AN EXPONENTIAL FUNCTION MODEL WHICH
C - - -GENERATES THE NUMBER OF CLUSTER IN EACH EVENT
C

BETA = NUMPAR(MONTH)
CALL GGEXN(DSEED,BETA,1,EXN)
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NUMEVENT = NINT(EXN)
IF (NUMEVENT .LT. 1) NUMEVENT = 1

RETURN
END
SUBROUTINE DURATION(DUR)

$INCLUDE: 'IMSL'
C

COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
TIMEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02

INTEGER YEAR,MONTII,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMP,DUR,CARD1,CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02
COMMON /TABLE1/ LOGT1(12,50)
REAL LOGT1

C

C

CALL GGUBS(DSEED,1,R)
IF (R .LE. LOGT1(MONTH,1)) THEN

DUR = 1
ELSE
DO 10 1=2,50

IF ((R.GT.LOGT1(MONTH,I-1)).AND.
1 (R.LE.LOGT1(MONTH,I))) THEN

DUR = I
GOTO 20

END IF
10 CONTINUE

END IF
IF (R.GT.LOGT1(MONTH,50)) DUR = 50

20 RETURN
END
SUBROUTINE SEPARATION(SEPHRS)

$INCLUDE: 'IMSL'
C

COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
* TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,zER02
INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMID,SEpHRS,CARD1,CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02

C

C

C

COMMON /TABLE1/ LOGT1(12,50)
REAL LOGT1

CALL GGUBS(DSEED,1,R)
IF (R .LE. LOGT1(MONTH,1)) THEN

SEPHRS = 1
ELSE

DO 10 1=2,50
IF ((R.GT.LOGT1(MONTH,I-1)).AND.

1 (R.LE.LOGT1(MONTH,I))) THEN
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SEPHRS = I
GOTO 20

END IF
10 CONTINUE

END IF
IF (R .GT. LOGT1(MONTH,50)) SEPHRS = 50

20 RETURN
END
SUBROUTINE PRECIPAMOUNT(PRECAMT,DUR,CLASN,I)

$INCLUDE: 'IMSL'
C

COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
* TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02
INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMP,DUR,CLASN,CLASN1,I,PN1,CARD1,CARD2
DOUBLE PRECISION DSEED

C

COMMON /PRECPAR/E(12,10),SG(12,10),AP(12,10),
1 BP(12,10),SP(12,10)
REAL E,SG,AP,BP,SP,PRECAMT

C

IF (I .EQ. 1) THEN
CALL AMOUNT(PRECAMT)
GOTO 999

END IF
C

TDN1 = FLOAT(I-1) / (DUR - 1)
CALL LOOKUP(TDN1,CLASN1)
CALL GGNPM(DSEED,1,T)

C

PRECAMT = E(MONTH,CLASN1)+SG(MONTH,CLASN1)*
(AP(MONTH,CLASN)+

* BP(MONTH,CLASN)*((PRECAMT-E(MONTH,CLASN))
* /SG(MONTH,CLASN)))+
* T*SP(MONTH,CLASN)*SG(MONTH,CLASN1)
PN1 = NINT(PRECAMT)

C

IF (PN1 .LT. 1) CALL AMOUNT(PRECAMT)
CLASN = CLASN1

999 RETURN
END
SUBROUTINE AMOUNT(PRECAMT)

$INCLUDE: 'IMSL'
COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,

* TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02
INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMP,CARD1,CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02
COMMON /TABLE2/ LOGT2(12,50)
REAL LOGT2, PRECAMT

C

C
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CALL GGUBS(DSEED,1,R)
IF (R .LE. LOGT2(MONTH,1)) THEN

PRECAMT = 1.0
ELSE
DO 10 1=2,50

IF ((R.GT.LOGT2(MONTH,I-1)).AND.
(R.LE.LOGT2(MONTH,I))) THEN
PRECAMT = FLOAT(I)
GOTO 20

END IF
10 CONTINUE

END IF
IF (R.GT.LOGT2(MONTH,50)) PRECAMT = 50.0

20 RETURN
END
SUBROUTINE LOOKUP(TD,CLASS)
REAL TD,LOWER,UPPER
INTEGER CLASS

CLASS = 0
LOWER = 0.0
UPPER - 0.1

10 IF ((LOWER.LE.TD).AND.(TD.LT.UPPER)) THEN
CLASS = CLASS + 1

ELSE
* IF ((0.9.LE.TD).AND.(TD.LE.1.0)) THEN

CLASS = 10
ELSE

LOWER = UPPER
UPPER = UPPER + 0.1
GOTO 10

END IF
RETURN
END
SUBROUTINE GENTABLE(A,B,THETA,LOGTABLE)
REAL LOGTABLE(12,50),A(12),B(12),THETA(12)

DO 20 1=1,12
LOGTABLE(I,1) = 1 - ((A(I)*THETA(I)) / (B(I)+1))

DO 10 J=2,50
P = (0/( J +B(I)-1))-(THETA(I)/(J+B(I))))
LOGTABLE(I,J)=A(I)*(THETA(I)**(J-1))*P
LOGTABLE(I,J)=LOGTABLE(I,J) + LOGTABLE(I,J-1)

10 CONTINUE
20 CONTINUE

RETURN
END
SUBROUTINE READPARMTRS
COMMON /TTCARRAY/ TTCPAR(12)
REAL TTCPAR
COMMON /NUMARRAY/ NUMPAR(12)
REAL NUMPAR
COMMON/TABLEPAR/A(12),B(12),THETA(12),AI(12),BI(12)
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THETI(12)

REAL A,B,THETA,AI,BI,THETI
COMMON/PRECPAR/E(12,10),SG(12,10),AP(12,10),BP(12,10),

SP(12,10)
REAL E,SG,AP,BP,SP

DO 5 1=1,12
READ(1,*)
READ(1,*)
READ(1,10) TTCPAR(I),NUMPAR(I)
WRITE(3,10) TTCPAR(I),NUMPAR(I)
READ(1,10) A(I),B(I),THETA(I)
WRITE(3,10) A(I),B(I),THETA(I)
READ(1,20) (E(I,J),J=1,10)
WRITE(3,20) (E(I,J),J=1,10)
READ(1,20) (SG(I,J),J=1,10)
WRITE(3,20) (SG(I,J),J=1,10)
READ(1,20) (AP(I,J),J=1,10)
WRITE(3,20) (AP(I,J),J=1,10)
READ(1,20) (BP(I,J),J=1,10)
WRITE(3,20) (BP(I,J),J=1,10)
READ(1,20) (SP(I,J),J=1,10)
WRITE(3,20) (SP(I,J),J=1,10)
READ(1,30) AI(I),BI(I),THETI(I)
WRITE(3,20) AI(I),BI(I),THETI(I)

5 CONTINUE
10 FORMAT(I3X,F10.4,12X,F10.4,12X,F8.4)
20 FORMAT(13X,5F10.5,/,13X,5F10.5)
30 FORMAT(13X,F10.5,I2X,F10.5,12X,F9.5)

RETURN
END
SUBROUTINE CLEAR(TEMP)
INTEGER TEMP(24)
DO 10 1=1,24

TEMP(I) = 0
10 CONTINUE

RETURN
END
SUBROUTINE ADVANCEDATE(DAYS)
COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,

* TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02
INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMP,DAYS,CARD1,CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02

JULDAY = JULDAY + DAYS + 1
DO 10 1=1,12

IF (TEMP(I) .NE. 0) THEN
ZERO1 = .FALSE.
GOTO 20

END IF
10 CONTINUE
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20 DO 30 1=13,24
IF (TEMP(I) .NE. 0) THEN
ZER02 = .FALSE.
GOTO 40

END IF
30 CONTINUE
40 CALL PRINTTEMP

CALL CLEAR(TEMP)
CALL FINDATE
RETURN
END
SUBROUTINE FINDATE
COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
* TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02
INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMP,Y,M,CARD1,CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02

Y = INT((JULDAY - 122.1)/ 365.25)
M = INT((JULDAY - INT(365.25 * Y)) / 30.6001)
DAY = JULDAY - INT(365.25 * Y) - INT(30.6001 * M)

IF ((M .EQ. 14) .0R. .EQ. 15)) THEN
MONTH = M - 13

ELSE
* IF .LT. 14) THEN

MONTH = M - 1
END IF

IF (MONTH .GT. 2) THEN
YEAR = Y

ELSE
* IF ((MONTH .EQ. 1) .OR. (MONTH .EQ. 2)) THEN

YEAR = Y + 1
END IF
RETURN
END
INTEGER FUNCTION FINDDAYS(MONTH,DAY,YEAR)
INTEGER MONTH,DAY,YEAR

IF ((MONTH .EQ. 1) .0R. (MONTH .EQ. 2)) THEN

YEAR = YEAR - 1
MONTH = MONTH + 13

ELSE
MONTH = MONTH + 1

END IF

FINDDAYS = INT(365.25*YEAR)+INT(30.6001*MONTH)+DAY

IF ((MONTH .EQ. 14) .0R. (MONTH .EQ. 15)) THEN
MONTH = MONTH - 13
YEAR = YEAR + 1
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ELSE
MONTH = MONTH - 1

END IF
RETURN
END
SUBROUTINE CHECKEND
COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
* TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02
INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,T1MEEND
INTEGER TEMP,CARD1,CARD2
DOUBLE PRECISION DSEED

IF (TIMEEND .GE. 25) THEN
CALL ADVANCEDATE(0)
TIMEEND = TIMEEND - 24

END IF
RETURN
END
SUBROUTINE PRINTTEMP
COMMON /VARIABLES/ YEAR,MONTH,DAY,JULDAY,TIMESTART,
* TIMEEND,DSEED,CARD1,CARD2,TEMP(24),ZER01,ZER02
INTEGER YEAR,MONTH,DAY,JULDAY,TIMESTART,TIMEEND
INTEGER TEMP,CARD1,CARD2
DOUBLE PRECISION DSEED
LOGICAL ZER01,ZER02

IF ( .NOT. ZER01 ) THEN
WRITE(2,10) YEAR,MONTH,DAY,CARD1,(TEMP(I),I=1,12)

10 FORMAT(1X,I4,313,1215)
ZERO1 = .TRUE.

END IF

IF ( .NOT. ZER02 ) THEN
WRITE(2,10) YEAR,MONTH,DAY,CARD2,(TEMP(I),I=13,24)
ZER02 = .TRUE.

END IF
RETURN
END
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PROGRAM ESTIMATE
C

C THIS PROGRAM CALCULATES THE PARAMETERS OF THE

C STOCHASTIC MODEL FOR INDIVIDUAL MONTHS.
C THE PROGRAM READS HOURLY PRECIPITATION DATA FROM

C FILE "INFILE", ONE HOURLY PRECIPITATION AMOUNT PER LINE.
C NO DATES ARE USED IN THE CALCULATIONS SO THERE MUST BE

C AN ENTRY FOR EACH HOUR. FOR DRY HOURS, ENTER A VALUE

C OF ZERO. FOR WET HOURS USE INTEGER VALUES, 1, 2,

C ... ETC. THE DATA FILE CAN BE ANY LENGTH.

C
INTEGER KOUNTE,ETOTAL MAXE,MONTHOUR,EF(4000)
INTEGER DF(4000),N,NN,HP,DTOTAL,KOUNTD,MAXD,CLASSI,

CLASSJ
INTEGER MAXC(10),TOTALC(10),FREQ(10,100),EVENT(100)
REAL CHAIND,CHAINC,MEANC(10),SDEVC(I0),VAR
REAL AP(10),BP(10),SP(10),N1,N4,N10
REAL LAMBDA,BETA,THETA,THETI,A,B,AI,BI
CHARACTER*80 TITLE,INFILE*20,OUTFILE*20,CHECK*1

C

C

10 WRITE(*,20)
20 FORMAT(' ENTER INPUT FILENAME - ')

READ(*,60) INFILE
WRITE(*,30)

30 FORMAT(' ENTER OUTPUT FILENAME - I)
READ(*,60) OUTFILE
WRITE(*,50)

50 FORMAT(/' ENTER IDENTIFICATION INFORMATION (MAX. 80',
1 'CHAR.) -')
READ(*,60) TITLE

60 FORMAT(A)
WRITE(*,70)

70 FORMAT(/' ENTER NUMBER OF HOURS IN THIS MONTH - I)
READ(*,*) MONTHOUR

C

OPEN(1,FILE=1FILE1.0UT',STATUS=TNEW)
OPEN(2,FILE='FILE2.0UTI,STATUS=TNEW)
OPEN(3,FILE=1FILE3.0UT',STATUS='NEW)
OPEN(4,FILE=IFILE4.0UT',STATUS='NEW)
OPEN(5,FILEs'FILE5.0UT',STATUS=INEWI)
OPEN(6,FILE=IFILE6.0UTT,STATUS=INEWI)
OPEN(7,FILE='FILE7.0UTI,STATUS=1NEW)
OPEN(8,FILE&FILE8.0UTI,STATUS=INEW)
OPEN(9,FILE=IFILE9.0UT',STATUS&NEW)
OPEN(10,FILE='FILE10 OUT',STATUS=INEW)
OPEN(11,FILE=INFILE)
OPEN(12,FILE=OUTFILE,STATUS='NEW')
WRITE(*,80)

80 FORMAT( /' ********************************1/,
* WAIT FOR A MOMENT PLEASE !!! *'/,
********************************1)

C---INITIALIZE ARRAYS AND VARIABLES
DO 100 I=1,10
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C

MAXC(I) = 0
TOTALC(I) = 0
DO 90 J=1,100

FREQ(I,J) = 0
90 CONTINUE
100 CONTINUE

DO 110 1=1,4000
DF(I) = 0
EF(I) = 0

110 CONTINUE

MAXD = 0
MAXE = 0

N = 0
NN = 0

KOUNTD = 100
KOUNTE = 0
DTOTAL = 0
ETOTAL = 0

C

C*******START
C

ESTIMATION********

READ(11,*,END=160) HP
N = N + 1

NN = NN + 1
C
C - - -GENERATE EVENT DURATION FREQ. TABLE
C - - -EVENT SEPARATION FREQ. TABLE AND HOURLY
C - - -FREQ. TABLE

C

IF ( HP .EQ. 0 ) GOTO 150
C

C - - -WET HOURS AND DURATION COUNTER
C

120 DO 130 I=1,KOUNTD
EVENT(I) = 0

130 CONTINUE
KOUNTD = 0

C

140 IF ( HP .GT. 0 ) THEN
KOUNTD = KOUNTD + 1
EVENT(KOUNTD) = HP
READ(11,*,END=160) HP
N = N + 1

NN = NN + 1

IF (NN .EQ. MONTHOUR) THEN
EF(KOUNTE) = EF(KOUNTE) + 1
IF (KOUNTE .GT. MAXE) MAXE = KOUNTE
ETOTAL = ETOTAL + 1
KOUNTE = 0
NN = 0

END IF



GOTO 140
END IF
DF(KOUNTD) = DF(KOUNTD) + 1
DTOTAL = DTOTAL + 1
IF ( MAXD .LT. KOUNTD ) MAXD = KOUNTD
CALL CLASSM(FREQ,EVENT,KOUNTD,MAXC,TOTALC)
KOUNTE = KOUNTE + 1

C

C----EVENT SEPARATION COUNTER
C

150 IF ( HP .EQ. 0 ) THEN
READ(11,*,END=160) HP
N = N + 1
NN= NN + 1

IF (NN .EQ. MONTHOUR) THEN
EF(KOUNTE) = EF(KOUNTE) + 1

IF (KOUNTE .GT. MAXE) MAXE = KOUNTE
ETOTAL = ETOTAL + 1
KOUNTE = 0
NN = 0

END IF
GOTO 150

END IF
GOTO 120

C

160 IF (KOUNTD .NE. 0) THEN
DF(KOUNTD) = DF(KOUNTD) + 1
DTOTAL = DTOTAL + 1
IF (MAXD.LT.KOUNTD) MAXD = KOUNTD
CALL CLASSM(FREQ,EVENT,KOUNTD,MAXC,TOTALC)
HOUR = 0

END IF
IF (KOUNTE .NE. 0) THEN

EF(KOUNTE) = EF(KOUNTE) + 1

ETOTAL = ETOTAL + 1
IF (MAXE .LT. KOUNTE) MAXE = KOUNTE
KOUNTE = 0

END IF
C

C******** E N D ESTIMATION*********
C

WRITE(12,165) TITLE
165 FORMAT(1X,A)

C
C----**COMPUTE LAMBDA,BETA,A,B,THETA**
C

CALL MEANVAR(DF,MAXD,DTOTAL,DMEAN,DVAR)
CALL MEANVAR(EF,MAXE,ETOTAL,EMEAN,EVAR)
BETA = EVAR (2.0*EMEAN)

DL = EMEAN / (BETA*MONTHOUR)
LAMBDA = (1.0/DL)-( DMEAN * (2.0 * BETA - 1.0) )

N1 = CHAIND(DF,1,DTOTAL)
N4 = CHAIND(DF,4,DTOTAL)
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N10 = CHAIND(DF,10,DTOTAL)
CALL INMEST(N1,N4,N10,A,B,THETA)

C

C----**COMPUTE : E(I),SG(I),AI,BI,THETI**
C

DO 180 1=1,10
FX = 0.0
NSUM = 0
FX2 = 0.0
DO 170 KK=1,MAXC(I)

NSUM = NSUM + FREQ(I,KK)
FX = FX + FLOAT(KK * FREQ(I,KK))
FX2 = FX2 + FLOATRKK**2)*FREQ(I,KK))

170 CONTINUE
MEANC(I) = FX / NSUM
VAR = (1./(NSUM-1))*(FX2-FX**2/NSUM)
IF (VAR .LT. 0) THEN

SDEVC(I) = 0.0
ELSE

SDEVC(I) = SQRT(VAR)
END IF

180 CONTINUE
N1 = CHAINC(FREQ,1,TOTALC(1))

N4 = CHAINC(FREQ,4,TOTALC(1))
N10 = CHAINC(FREQ,10,TOTALC(1))
CALL INMEST(N1,N4,N10,AI,BI,THETI)

C

C----**COMPUTE : AP(I),BP(I),SP(I)

C

CALL CHAIN4(MEANC,SDEVC)
DO 190 I=1,10

REWIND I
CALL REGRESS(I,AP(I),BP(I),R2,SP(I))

190 CONTINUE
C

C----** OUTPUT ESTIMATED PARAMETERS **----
C

WRITE(12,200) LAMBDA,BETA,A,B,THETA
200 FORMAT(//3X,'LAMBDA = ',F10.4,3X,' BETA = ',F10.4//

3X,' A = ',F10.4,3X,' B = ',F10.4,

3X,' THETA = ',F10.4/)
WRITE(12,210) (MEANC(I),I=1,10)

210 FORMAT(3X,' E(I) =',5F10.5,/,12X,5F10.5/)

WRITE(12,220) (SDEVC(I),I=1,10)
220 FORMAT(3X,' SG(I) =',5F10.5,/,12X,5F10.5/)

WRITE(12,230) (AP(I),I=1,10),(BP(I),I=1,10),
(SORT(SP(I)),I=1,10)

230 FORMAT(3X,' AP(I) =',5F10.5,/,12X,5F10.5,//
3X,' BP(I) =',5F10.5,/,12X,5F10.5,//
3X,' SP(I) =',5F10.5,/,12X,5F10.5,/)

WRITE(12,240) AI,BI,THETI
240 FORMAT(3X,' Al =',F10.5,3X,' BI =',F10.5,
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C

C

3X,' THETI =',F10.5)

WRITE(*,250)
250 FORMAT(' DO YOU WISH TO RUN A DIFFERENT SET OF',

DATA ?', /,

*' ENTER "Y" OR "y" FOR YES' ,/,

"N" OR "n" FOR NO :- I)

READ(*,60) CHECK
IF ((CHECK .EQ. 'Y') .OR. (CHECK .EQ. 'y')) GOTO 10

DO 260 I=1,10
CLOSE(I,STATUS='DELETE')

260 CONTINUE
STOP

END
SUBROUTINE MEANVAR(FX,MAX,N,MEAN,VAR)
INTEGER FX(4000),MAX,N
REAL MEAN,VAR,MEANSQ,XSQ
MEAN = 0.0
VAR = 0.0
XSQ = 0.0

DO 10 I=1,MAX
IF (FX(I) .NE. 0) THEN
MEAN = MEAN + FX(I)*I
XSQ = XSQ + FX(I)*(I**2)

END IF
10 CONTINUE

MEANSQ = (MEAN ** 2) / N

VAR = (1.0/(N-1)) * (XSQ- MEANSQ)
MEAN = MEAN / N
RETURN
END
REAL FUNCTION CHAIND(F,N,TOTAL)
INTEGER F(4000),N,TOTAL
REAL SUMF
SUMF = 0.0
DO 10 I=1,N

SUMF = SUMF + F(I)
10 CONTINUE

CHAIND = 1.0 - (SUMF / TOTAL)
RETURN
END
REAL FUNCTION CHAINC(FREQ,N,TOTAL)
INTEGER FREQ(10,100),N,TOTAL
REAL SUMF
SUMF = 0.0
DO 10 I=1,N

SUMF = SUMF + FREQ(1,I)
10 CONTINUE

CHAINC = 1.0 - (SUMF / TOTAL)
RETURN
END
SUBROUTINE CHAIN4(P,S)
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C

C

INTEGER EVENT(100),CLASS1,CLASSJ,HP
REAL P(10),S(10)

REWIND 11
L = 100

10 DO 20 I =1,L

EVENT(I) = 0
20 CONTINUE

L = 0
30 READ(11,*,END=70) HP

IF (HP .EQ. 0) GOTO 30
40 IF (HP .NE. 0) THEN

L = L + 1
EVENT(L) = HP
READ(11,*,END=50) HP
GOTO 40

END IF
50 DO 60 I=2,L

TD1 = FLOAT((I -1) -1) / (L - 1)

TD2 = FLOAT(I-1) (L - 1)

CALL LOOKUP(TD1,CLASSI)
CALL LOOKUP(TD2,CLASSJ)
A2 = (EVENT(I-1)-P(CLAssI))/S(CLASSI)
Al = (EVENT(I)-P(CLASSJ))/S(CLASSJ)
WRITE(CLASSI,*) A2,A1

60 CONTINUE
GOTO 10

70 RETURN
END
SUBROUTINE LNMEST(N1,N4,N10,A,B,TH)
REAL LHS,RHS,N1,N4,N10
B = O.
DO 300 1=1,100

B = B + 1.
T = RHS(N1,N10,B) - LHS(N1,N4,B)
IF(T.GT.0) THEN
B = B - 1.
DO 200 J = 1,10

B = B + 0.1
T = RHS(N1,N10,B) - LHS(N1,N4,B)
IF(T.GT.O.) THEN

B = B - 0.1
DO 100 K = 1,10

B = B + 0.01
T = RHS(N1,N10,B) - LHS(N1,N4,B)
IF(T.GT.O.) THEN
B B - 0.01
DO 50 M = 1,10

B = B + 0.001
T = RHS(N1,N10,B) - LHS(N1,N4,B)
IF(T.GE.0) THEN
TH = LHS(N1,N4,B)
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A = (B+1.)*N1/TH
RETURN

ENDIF
50 CONTINUE

ENDIF
100 CONTINUE

ENDIF
200 CONTINUE

ENDIF
300 CONTINUE

RETURN
END
REAL FUNCTION RHS(N1,N10,B)
REAL NI,N10
RHS = ((N1/N10)*((B+1.)/(B+10.)))**(-1.19.)
RETURN
END
REAL FUNCTION LHS(N1,N4,B)
REAL NI,N4
LHS = ((N1/N4)*((B+1.)/(B+4.)))**(-1./3.)
RETURN
END
SUBROUTINE CLASSM(FREQ,EVENT,KOUNTD,MAXC,TOTALC)
INTEGER FREQ(10,100),EVENT(100),MAXC(10),TOTALC(10)
INTEGER CLASS,TI,KOUNTD
REAL LOWER,UPPER

DO 20 TI=1,KOUNTD
CLASS = I
LOWER = 0.0
UPPER = 0.1
IF (KOUNTD .EQ. 1) GOTO 10
TD = FLOAT(TI-1) / (KOUNTD - 1)

10 IF ((LOWER.LE.TD).AND.(TD.LT.UPPER)) THEN
FREQ(CLASS,EVENT(TI)) =FREQ(CLASS,EVENT(TI)) + 1

IF (MAXC(CLASS).LT.EVENT(TI)) MAXC(CLASS)
EVENT(TI)

TOTALC(CLASS) = TOTALC(CLASS) + I

ELSE
* IF ((0.9.LE.TD).AND.(TD.LE.1.0)) THEN

FREQ(10,EVENT(TI)) = FREQ(10,EVENT(TI)) + 1

IF (MAXC(10).LT.EVENT(TI)) MAXC(10) = EVENT(TI)
TOTALC(10) = TOTALC(I0) + 1

ELSE
CLASS = CLASS + 1
LOWER = UPPER
UPPER = UPPER + 0.1
GOTO 10

END IF
20 CONTINUE

RETURN
END
SUBROUTINE LOOKUP(TD,CLASS)
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INTEGER CLASS
REAL TD,LOWER,UPPER

LOWER = 0.0
UPPER = 0.1
MATCH = 1

10 IF (( LOWER.LE.TD).AND.(TD.LT.UPPER)) THEN
CLASS = MATCH

ELSE
* IF ((0.9.LE.TD).AND.(TD.LE.1.0)) THEN

CLASS = 10
ELSE
* IF (MATCH .LT. 10) THEN

MATCH = MATCH + 1

LOWER = UPPER
UPPER = UPPER + 0.1
GOTO 10

END IF
RETURN
END
SUBROUTINE REGRESS(I,A,B,R2,MSE)
REAL MSE
N = 0
SUMX = O.
SUMY = O.
SUMXY = O.
SUMX2 = O.
SUMY2 = O.

40 READ(I,*,END = 45) X,Y
N = N + 1
SUMX = SUMX + X
SUMN = SVEN + Y
SUMXY = SUMXY + X*Y
SUMX2 = SUMX2 + X*X
SUMY2 = SUMY2 + Y*Y

GO TO 40
45 CONTINUE

IF(N.LT.3) THEN
A = O.
B = O.
R2 = O.
MSE = O.
RETURN

ENDIF
YEAR = SUMY/N
XBAR = SUMX/N

B = (SUNXY SUMX*SUMY/N)/(SUMX2 - SUMX**2/N)

A = YBAR - B*XBAR
REWIND I
SUMX = O.
SLIMY = O.

SUMX2 = O.
SUMY2 = O.
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SUMXY = O.

60 READ(I,*,END=80) X,Y
X = X - XBAR
Y = Y - YBAR
SUMX = SUMX + X
SUM? = SUMY + Y
SUMXY = SUMXY + X*Y
SUMX2 = SUMX2 + X*X
SUMY2 = SUMY2 + Y*Y
GO TO 60

80 CONTINUE
MSE = (SUMY2 - (SUMXY**2)/SUMX2)/(N-2)
TOP = N*SUMXY - SUMX*SUMI
BOT = SORT((N*SUMX2 - SUMX**2)*(N*SUMY2 - SUMY**2))

R2 = (TOP/BOT)**2
RETURN
END
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APPENDIX E. Estimated Parameters for Salem



203

PARAMETER ESTIMATES FOR JANUARY AT SALEM
1/LAMBDA* = 29.8644 BETA = 2.5400

A = 3.1196 B = 3.3990 THETA = .8966

MEAN(K) = 2.95974 4.91039 5.05930 5.57357 6.46124

5.72835 6.04938 5.61995 5.72453 2.67288

SDEV(K) = 3.24717 4.06368 4.28785 4.75719 5.60992

5.27854 6.04828 4.91809 5.46854 3.30120

PHIO(K) = -.02249 .02143 -.04246 -.03416 .10520

.03606 .05966 .06355 .43372 .10589

P011(K) = .50270 .51459 .55909 .51987 .53339

.56621 .66677 .53542 .82339 .24055

S(K) = .90505 .90875 .81308 .70518 .87848

.74018 .84734 .82927 1.40460 1.09322

AK = 1.60299 BK = 1.4600 THETAK = .87004

PARAMETER ESTIMATES FOR FEBRUARY AT SALEM
1/LAMBDA* = 23.9446 BETA = 1.6189

A = 3.3083 B = 3.6660 THETA = .8541

MEAN(K) = 3.00280 6.29167 5.65823 6.01408 6.53254

5.30347 5.82545 5.70464 5.21250 2.50655

SDEV(K) = 2.93420 6.21121 5.15494 6.23024 5.26561

4.40459 4.95440 4.85612 4.09999 2.53303

PHIO(K) = -.09499 .07874 -.03996 .08647 .23638

.00853 .10707 .20152 .40373 -.17631

PHI1(K) = .38594 .43794 .65515 .66296 .57578

.45655 .45386 .41144 .45332 .26595

S(K) = .86965 .96300 .74330 .96811 .92529

.77267 1.03813 1.10432 1.16293 .85448

AK = 1.93172 BK = 1.57800 THETAK = .83668

PARAMETER ESTIMATES FOR MARCH AT SALEM
1/LAMBDA* = 31.0238 BETA = 2.2917

A = 1.5945 B = 1.4710 THETA = .9004

MEAN(K) = 2.79693 4.55975 4.36325 4.78390 5.28846

4.17664 5.05705 4.78205 4.67361 2.35178

SDEV(K) = 2.93029 3.72741 3.53409 4.20434 4.50234

3.68667 4.46612 4.65546 3.96987 2.47027

PHIO(K) = -.03388 .03218 .00884 -.04515 .30896

-.02066 .09813 .12055 .46640 -.00729

P1111(K) = .34132 .34733 .58683 .51181 .62593

.50695 .57851 .47837 .55986 .15631

5(K) = .94138 .76183 .78141 .74240 1.07391

.79973 .93653 1.11880 1.14189 1.00182

AK = 1.41584 BK = 1.24600 THETAK = .87522

PARAMETER ESTIMATES FOR APRIL AT SALEM
1/LAMBDA* = 48.9681 BETA = 2.2022

A = 1.9727 B = 1.8820 THETA = .8230

MEAN(K) = 2.70265 3.76923 4.17797 3.95082 4.30435

3.93396 4.27097 4.20339 4.19718 2.38408

SDEV(K) = 3.14889 3.47130 3.55093 3.10652 3.48655

3.32096 3.75086 3.42080 3.51982 2.54500

PHIO(K) = -.00759 .05642 -.06653 -.05275 .16161

.02000 .16523 .03009 .26444 -.24217
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PHIl (K) =

S(K) =

AK =

.32070 .48167 .34510 .52426 .36753

.37111 .49245 .36641 .48562 .12571

. 96870 .74595 .90082 .76837 .94846

.90059 1.03969 .83964 1.40691 .85804

2.25901 BK = 2.39400 THETAK = .81088

PARAMETER ESTIMATES FOR MAY AT SALEM
1/LAMBDA* =

A =
MEAN(K) =

SDEV(K)

PHIO(K) =

PHIl(K) =

S(K) =

AK =

66.2127 BETA = 2.1503

.8699 B = .4360 THETA = .8939

3.13456 4.76364 4.31111 5.01220 4.60000

3.90062 4.65306 4.44444 4.44231 2.47959

3.19562 4.85708 3.69830 4.24408 3.23522

3.13888 4.00541 3.66922 3.33968 2.77034

.04496 .12721 -.08299 .15354 .02802

-.10342 .05437 .09964 .30028 .09778

. 12720 .71236 .45309 .59303 .37937

.14638 .55700 .40997 .34241 .15348

1.19010 .81410 .85461 .97635 .85158

.73219 .88504 .92333 1.08055 .92850

3.73473 BK = 3.84000 THETAK = .80013

PARAMETER ESTIMATES FOR JUNE AT SALEM
1/LAMBDA* = 80.9562 BETA = 1.5217

A = 4.2082 B = 4.4730 THETA = .7309

MEAN(K) = 3.42920 4.44444 5.45098 14.66102 4.76923

5.16667 5.01471 5.54902 3.53846 2.39750

SDEV(K) = 4.60694 3.10500 4.71302 31.14184 2.42170

5.76828 4.54658 6.32555 2.04413 2.87579

PHIO(K) = -.06790 -.07383 .00187 .33760 .09999

-.01568 .09536 -.01125 .16938 .05311

P1111(K) = .15478 .47167 .04644 1.40406 .31486

. 18728 .30798 .24897 .05862 -.09375

S(K) = .81142 .95920 1.11023 .69859 .72346

. 94760 .74833 .87005 .74425 .34299

AK = 4.00870 BK = 5.00700 THETAK = .83544

PARAMETER ESTIMATES FOR JULY AT SALEM
1/LAMBDA* = 325.7705 BETA = 2.0827

A = .5945 B = .0010 THETA = .7982

MEAN(K) = 2.69624 5.50000 7.44444 6.06667 6.40000

3.46885 4.00000 4.55565 3.75003 2.59468

SDEV(K) = 3.11067 5.63158 4.74635 6.60599 4.66902

2.31384 2.11448 4.90189 2.31454 3.20680

P1110(K) = -.09171 -.02741 .20518 -.03310 .46205

.10353 -.02688 -.02829 -.22440 -.22440

P1111(K) = .27191 .57937 .24578 .48937 -.03636

.38249 .33154 .78466 .05293 .05293

S(K) = .80885 .28935 1.24278 .89328 .17228

.72188 .72944 .40097 0.41590 0.41590

AK = 1.94619 BK = 2.11700 THETAK = .83134

PARAMETER ESTIMATES FOR AUGUST AT SALEM
1/LAMBDA* = 252.4163 BETA = 3.0910

A = 1.6072 B = 1.3250 THETA = .7726
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MFAN(K) = 3.75000 7.76923 6.40000 5.80000 6.28571

4.07042 5.06250 4.66667 4.18182 2.46479

SDEV(K) = 3.48174 7.03745 5.82859 5.29150 7.87819

4.19293 4.60671 5.17510 4.19090 2.80122

PHIO(K) = -.09385 .25596 .30235 -.05624 .27958

-.11142 .09341 .02196 .83009 1.20812

P1111(K) = .24358 .14289 .81502 .50594 .81464

.22927 .14835 .15440 1.82971 -.11574

S(K) = .99575 .98388 .82338 .95897 .91091

.55926 1.01883 .72882 1.28744 .91446

AK = 3.01380 BK = 2.80500 THETAK = .88875

PARAMETER ESTIMATES FOR SEPTEMBER AT SALEM
1 /LAMBDA* = 95.8885 BETA - 1.8615

A = 1.7524 B = 1.4880 THETA = .8153

MEAN(K) =

SDEV(K) =

PHIO(K) =

PHIl(K) =

S(K) =

AK =

3.56962 6.18750 7.85417 6.96923 5.85185

6.20652 7.22500 5.22917 8.86207 2.94175

4.52025 6.19280 6.34803 7.37388 5.34001

5.23836 10.34344 4.58137 9.09758 3.25950

.02604 .05735 .03621 .12535 -.14561

.04788 .06923 -.11818 .45452 -.37306

.32098 .79762 .37237 .43882 .22394

. 41163 .18032 .24855 1.41577 .83190

. 97937 .75015 .94059 .92183 .37189

. 90860 .95462 .56734 1.35349 1.07010

2.54967 BK = 3.05500 THETAK = .89921

PARAMETER ESTIMATES FOR OCTOBER AT SALEM

1/LAMBDA* = 66.7524 BETA = 2.8541

A = 2.8225 B = 2.7670 THETA = .8246

MEAN(K) = 3.74354 7.15294 6.25325 5.87248 6.46154

5.79295 6.44330 6.31818 5.28947 2.84101

SDEV(K) = 4.18150 6.89463 5.49695 5.15999 5.75675

5.07522 5.85838 6.06038 4.90392 3.19891

PHIO(K) = .02022 .03679 -.12836 -.03188 .18691

-.00394 .08156 .17160 .20262 .05043

P1111(K) = .32003 .44335 .38834 .52728 .45973

.42749 .46030 .55055 .33979 -.02067

S(K) = 1.06024 .78065 .65309 .91506 .82166

.79771 .83470 1.10922 1.00928 1.04117

AK = 7.28736 BK = 8.28500 THETAK = .81807

PARAMETER ESTIMATES FOR NOVEMBER AT SALEM
1/LAMBDA* = 41.1878 BETA = 3.1316

A = 2.0733 B = 2.0400 THETA = .8979

MEAN(K) = 3.04568 5.70647 6.06429 5.83026 7.37989

6.19952 6.28571 6.17143 5.77838 2.67645

SDEV(K) = 3.20138 4.52862 5.85942 5.29087 7.61952

5.87676 5.32743 5.50326 5.86437 2.88409

PHIO(K) = -.07730 .06536 .10098 -.04239 .11601

.01274 .10333 .13129 .32085 -.03617

P1111(K) = .40617 .42096 .66397 .44025 .68824

. 43955 .51372 .46304 .37987 .28129

S(K) = .96377 .96757 .92975 .75819 .77867
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.80788 .95037 .97390

AK = 1.80763 BK = 1.55900

PARAMETER ESTIMATES FOR DECEMBER AT SALEM

1/LAMBDA* = 30.6737 BETA = 2.5983

A = 3.4403 B = 3.7380

1.05905 1.16344
THETAK = .85989

THETA = .8754

MEAN(K) = 3.17824 5.60317 6.41551 6.07471 6.50840

5.97746 5.50808 5.90859 5.37239 2.48477

SDEV(K) = 3.38647 4.53421 5.62625 5.34301 5.37516

5.56919 4.66920 5.67401 4.80452 2.59258

P1110(K) = -.06087 .05639 .03350 .00554 .06515

.14323 .00199 .15837 .31535 -.03071

PHI1(K) = .33856 .54875 .55879 .46376 .64008

.54894 .45636 .53847 .45689 .21309

S(K) = .91643 .79362 .80457 .84720 .87844

1.00108 .87470 .89926 1.21828 1.16961

AK = 2.69497 BK = 2.91600 THETAK = .85077
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PARAMETER ESTIMATES FOR JANUARY AT PENDLETON

1/LAMBDA* = 61.3751 BETA = 1.8907

A = 4.5399 B = 4.9860 THETA = .7903

MEAN(K) = 2.07476 6.69336 4.05363 3.86241 3.78082

3.39256 3.40437 3.38395 3.59700 1.87466

SDEV(K) = 1.52405 2.73600 3.32579 2.64741 2.64705

2.61014 2.67528 2.91705 3.56365 1.69586

PHIO(K) = .00396 -.04927 .03120 .16564 .10081

.01991 -.00008 .09429 .13009 -.21802

PHI1(K) = .41639 .60583 .69549 .42407 .47291

. 47140 .63128 .51378 .61432 .64189

S(K) = .95860 .59960 .84962 .99271 .87013

.83443 .91579 1.08471 .72217 .92192

AK = .60535 BK = .00100 THETAK = .83316

PARAMETER ESTIMATES FOR FEBRUARY AT PENDLETON
1/LAMBDA* = 50.9512 BETA = 1.2869

A = .9729 B = .3710 THETA = .8490

MEAN(K) = 2.61386 3.96296 4.01923 3.72581 4.24242

3.74016 3.64557 3.65385 3.62500 1.91036

SDEV(K) = 2.43445 3.80770 2.72599 2.26281 2.51285

2.88734 2.50148 2.34215 2.66723 1.54956

PHIO(K) = .05538 -.11802 -.09941 .01766 .18132

.13364 .03977 -.03539 .46119 .52157

P1111(K) = .32465 .46749 .31127 .38908 .61967

. 26737 .37032 .56058 .74295 -.04762

S(K) = 1.04780 .58700 .84452 .99641 .81913

. 99683 1.07809 .74531 .94467 1.50172

AK = 1.53925 BK = 1.19200 THETAK = .83658

PARAMETER ESTIMATES FOR MARCH AT PENDLETON

1/LAMBDA* = 65.4734 BETA = 1.4857

A = 2.9354 B = 2.8470 THETA = .7466

MEAN(K) = 2.29225 3.83871 3.88889 3.94545 4.21429

3.66964 3.56716 3.20370 2.64516 2.15385

SDEV(K) = 2.15212 2.47786 2.51536 2.87014 2.82000

3.33258 3.10534 4.65966 2.16869 2.32209

PHIO(K) = .01555 .11873 -.00378 -.01588 -.11259

. 04689 .05910 -.00393 .10590 -.33428

P1111(K) = .33152 .62138 .47173 .70695 .14606

.41813 .77964 .09368 .48985 .09091

S(K) .98605 .74565 .94977 .77801 .54060

.94186 .90623 .67161 .60277 .24292

AK = 1.42757 BK = 1.26000 THETAK = .80270

PARAMETER ESTIMATES FOR APRIL AT PENDLETON
1/LAMBDA* = 75.3456 BETA = 1.4315

A = 4.7686 B = 5.2260 THETA = .7246

MEAN(K) = 2.66376 4.14286 3.33333 4.91837 5.26923

4.58333 3.95238 3.47917 3.62963 1.94776

SDEV(K) = 2.39069 4.06169 2.34596 4.59545 4.49495

4.00701 3.27468 2.92451 2.66239 1.88834

PHIO(K) = .04833 .20585 -.09839 -.08519 .01872

. 24836 -.11978 .05041 .12573 -.25095
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P1111(K) = .38521 .77411 .51758 .46312 .36802

.61719 .51883 .30024 .24367 .50000

S(K) = 1.13633 .95100 .85132 .64927 .80099

1.09293 .65675 .82153 .50316 .48342

AK = 3.86676 BK = 3.90500 THETAK = .73673

PARAMETER ESTIMATES FOR MAY AT PENDLETON
1/LANIDA* = 83.4138 BETA = 1.3348

A = 7.5999 B = 8.4850 THETA = .6985

MEAN(K) = 3.22500 4.17857 5.15909 5.52500 5.04167

4.05319 4.95833 5.20455 4.70370 2.85393

SDEV(K) = 4.56933 2.94459 4.41953 5.87034 3.58110

3.68772 4.59860 3.31016 4.47914 3.63799

PHIO(K) = -.03869 -.06201 .07832 .12961 .16884

. 04542 .05844 -.16494 -.09759 -.30797

P1111(K) = .22187 .58594 .62249 .53464 .75527

.31114 .42844 .15402 .09106 .35714

S(K) = .92534 .85667 .72960 .96177 .60177

.92579 1.00652 .65746 .45569 .34847

AK = 1.53956 BK = 1.04700 THETAK = .85759

PARAMETER ESTIMATES FOR JUNE AT PENDLETON

1/LAMBDA* = 91.3957 BETA = 1.0864

A = 2.4540 B = 2.3370 THETA = .7748

MEAN(K) = 3.57333 6.23077 4.72727 5.06061 6.40000

4.30508 3.71429 3.15152 3.09091 2.19157

SDEV(K) = 4.07702 6.24705 3.97077 4.18285 4.71775

4.44993 2.64378 2.07848 1.64040 2.24844

PHIO(K) = -.05256 .45898 -.03510 .08648 .21412

-.08037 -.00518 -.05800 .15739 -.19536

P1111(K) = .19070 .76498 .36839 .68096 .81494

.22749 .37818 -.02097 .03944 .57143

S(K) = .98564 .98088 .70629 .92035 .77118

. 88290 1.01215 .71297 .84709 .46036

AK = 2.09937 BK = 2.14600 THETAK = .90912

PARAMETER ESTIMATES FOR JULY AT PENDLETON
1/LAMBDA* = 265.1537 BETA = 2.1357

A = .9940 B = .4470 THETA = .7519

MEAN(K) = 4.90722 6.66667 3.58333 6.92308 3.57143

6.46154 4.31250 5.83333 5.16667 3.15470

SDEV(K) = 6.80852 6.71317 3.75278 5.78016 2.07020

5.60473 3.85951 3.95045 3.43026 5.69194

PHIO(K) = -.07950 .11359 .46166 .01632 -.25266

. 06530 .57346 -.07544 -.20287 .00000

PHI1(K) = .14433 .95141 .67507 .15110 -.29079

. 41531 2.29673 .13658 .08195 .00000

S(K) = .68474 .55695 1.31952 1.08825 .38361

.84408 1.64435 .57853 .23095 .00000

AK = 1.12818 BK = .65900 THETAK = 1.01571

PARAMETER ESTIMATES FOR AUGUST AT PENDLETON
1/LAMBDA* = 265.1537 BETA = 2.1357

A = .9940 B = .4470 THETA = .7519
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MEAN(K) = 4.90722 6.66667 3.58333 6.92308 3.57143

6.46154 4.31250 5.83333 5.16667 3.15470

SDEV(K) = 6.80852 6.71317 3.75278 5.78016 2.07020

5.60473 3.85951 3.95045 3.43026 5.69194

PHIO(K) = -.07950 .11359 .46166 .01632 -.25266

.06530 .57346 -.07544 -.20287 .00000

P1111(K) - .14433 .95141 .67507 .15110 -.29079

. 41531 2.29673 .13658 .08195 .00000

S(K) = .68474 .55695 1.31952 1.08825 .38361

. 84408 1.64435 .57853 .23095 .00000

AK = 1.12818 BK = .65900 THETAK = 1.01571

PARAMETER ESTIMATES FOR SEPTEMBER AT PENDLETON
1/LAMBDA* = 188.9919 BETA - 1.7310

A = 5.9137 B = 6.4120 THETA = .6991

MEAN(K) = 3.38938 3.75000 4.17391 6.40000 5.50000

4.19565 6.44828 4.34783 4.08333 2.46766

SDEV(K) = 3.70674 1.95982 3.39320 6.13052 3.45096

3.72749 5.24123 4.35482 3.23218 2.76409

PHIO(K) = -.00646 -.05021 -.14984 -.02193 .39856

-.18869 .03638 .02453 .61467 .00000

PHI1(K) = .33793 .04434 .33345 .45174 .91133

.16793 .53441 .42319 1.21938 .00000

S(K) = .94349 .72424 .67701 .73951 .80818

.73639 .85900 .80228 .93440 .00000

AK = 1.28777 BK = .94800 THETAK = .95045

PARAMETER ESTIMATES FOR OCTOBER AT PENDLETON

1/LAMBDA* = 109.7130 BETA = 1.7876

A = 2.0699 B = 1.8860 THETA = .8153

MEAN(K) = 2.75234 4.12500 4.63265 4.88889 4.11111

4.30435 4.43750 4.38775 3.41935 1.97790

SDEV(K) = 3.52048 2.84832 4.57208 4.45382 3.10500

3.60933 3.67693 3.32175 2.36325 1.58405

PHIO(K) = .01575 .23105 -.08617 .14012 -.15565

-.02354 .11092 .15245 .29364 -.49209

P1111(K) = .36580 .76371 .40778 .55562 .20023

.20505 .43028 .54714 .53389 .03132

S(K) = 1.01094 .97321 .69075 1.07867 .69939

.74677 .92042 .74926 1.07841 .30983

AK = 1.52375 BK = 1.26500 THETAK = .85437

PARAMETER ESTIMATES FOR NOVEMBER AT PENDLETON
1/LAMBDA* = 66.1800 BETA = 1.7395

A = 2.3294 B = 2.0820 THETA = .8411

MEAN(K) = 2.27401 4.15000 4.40000 4.11538 4.52239

3.82635 3.37143 3.67368 3.22414 1.93382

SDEV(K) = 1.77360 3.30293 3.05064 3.08739 3.27228

3.03391 2.22424 2.94070 2.36971 1.49130

PHIO(K) = -.00859 .10423 .20067 -.16206 .06623

.19459 -.01526 -.00298 .10414 -.13567

P1111(K) = .26490 .62743 .48310 .26268 .63418

.57247 .38509 .33822 .14902 .39394

S(K) = 1.00801 .95379 .89192 .90472 .72925
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1.12078 .84342 .76698 .84626 .79277

AK = 3.92636 BK = 3.84300 THETAK = .67596

PARAMETER ESTIMATES FOR DECEMBER AT PENDLETON

1/LAMBDA* =
A =

65.9798
3.3656

BETA =
B =

1.9335
3.3850 THETA = .7886

MEAN(K) = 2.44110 4.20635 4.11225 4.24038 4.25000

3.65089 3.41538 3.78571 3.60345 2.02131

SDEV(K) = 2.48936 3.65954 3.53154 3.18521 3.34800

3.03590 2.65244 2.82934 2.60189 1.76936

PHIO(K) = .02372 .02143 .00195 .09676 .17243

.02328 -.00558 .17607 .06779 -.11665

P1111(K) = .43474 .63086 .68887 .68531 .93712

.53478 .42065 .59171 .27750 .37365

S(K) = .99749 .69061 .67217 .84886 .72511

.69755 .84788 .91041 .92844 1.01782

AK = 5.40686 BK = 6.67600 THETAK = .72229


