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ABSTRACT 

Random search methods are becoming more widely used to estimate model 

parameters. Their ability to globally search a parameter space makes them attractive 

for solving problems that have multi-local optima, as are non-linear hydrologic 

models such as Conceptual Rainfall-Runoff (CRR) models. 

The investigation of this thesis is on the ability of the Adaptive Random 

Search (ARS) to find the global optimum of the CRR model known as the Soil 

Moisture Accounting Model of the National Weather Service River Forecast System 

(SMA-NWSRFS) and compares its performance to that of the Uniform Random 

Search (URS). 

Research results indicate that, although the ARS was slightly more efficient 

than the URS, neither strategy demonstrated an ability to converge to the globally 

optimum parameter set. Factors which inhibit the convergence include model 

structure characteristics and an insufficient number of points searched. Ways for 

random search techniques to identify and address these problems are discussed. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Purpose 

Mathematical models are widely used for the prediction of watershed rainfall-

runoff behavior. In order for such a model to give reasonable predictions, it must 

be calibrated. Calibration involves the determination of values for the model 

parameters so that the input-output response of the model simulates that of the 

specific natural system being studied. 

There are two traditional approaches to the calibration of watershed models: 

the manual approach and the automatic approach. A major difficulty encountered 

in model calibration is that of finding the globally optimal parameter values, i.e., the 

parameter values that give the closest match between the output of the model and 

the observed watershed behavior. It has been suggested in the literature (i.e., 

Pronzato et al., 1984; Venot et al., 1986; Brazil and Krajewski, 1987; Brazil, 1988) 

that random search techniques may help to resolve this difficulty. 

This thesis examines the usefulness of random search techniques in the 

automatic calibration approach for conceptual rainfall-runoff (CRR) models. In 

particular, this work is an extension of the work by Brazil (1988) on the calibration 

of the Soil Moisture Accounting Model of the National Weather Service River 

Forecast System (SMA-NWSRFS) using the Adaptive Random Search (ARS) 

procedure (Masri et al., 1976; Pronzato et al., 1984). The ability of the ARS strategy 

to converge to the global optimum is examined in some detail. In addition, the 
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performance of the ARS procedure is compared to that of the Uniform Random 

Search (URS) strategy (Brazil and Krajewski, 1987). 

This thesis seeks to answer the following two major questions: 

(a) Is the Adaptive Random Search method capable of finding the 

globally optimal parameter values of the SMA-NWSRFS 

conceptual rainfall-runoff model? 

(b) Is the Adaptive Random Search strategy more effective and 

efficient than the simpler Uniform Random Search strategy? 

In this thesis, the efficiency and effectiveness of the ARS is improved by 

altering the values of its user-specified inputs (search coefficients). A complementary 

investigation by Walter Weinig (1991) considers the effects of varying internal 

(nonuser-specified) search coefficients. Weinig also discusses the effect of several 

estimation criteria on the calibration of the SMA-NWSRFS using the ARS algorithm. 

1.2 Organization 

The thesis is organized as follows. Chapter Two presents a review of the 

literature related to the automatic calibration of CRR models. In Chapter Three, 

the automatic approach to model calibration is discussed and described. Chapter 

Four presents a brief overview of the SMA-NWSRFS rainfall-runoff model. 

Chapters Five and Six describe my research into the effectiveness and efficiency of 

the ARS and URS strategies. A summary of results and conclusions is presented in 
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Chapter Seven. Finally, Chapter Eight contains detailed recommendations for 

extensions of the research presented in this thesis. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Conceptual Rainfall-Runoff Models 

Conceptual rainfall-runoff (CRR) models, such as the Stanford Watershed 

Model (Crawford and Linsley, 1966), have become increasingly used in understanding 

and solving problems related to the hydrologic cycle. One of the first CRR models 

(SSARR) was developed by Rockwood (1958). In the following years, a large 

number of CRR models have been developed. Many of these models have been 

reviewed by Fleming (1975) and Kibler and Hipel (1979). Sittner (1976) compared 

ten such models and concluded that improvement of the model structure and model 

calibration procedures was more important than the development of new models. 

A few of the predominate CRR models include HEC-1, the Stanford Watershed 

Model (Crawford and Linsley, 1966), and the more recent Sacramento Model 

(Burnash et al., 1973). 

2.2 Soil Moisture Accounting Model 

A modified version of the Sacramento Model, referred to as the Soil Moisture 

Accounting (SMA) Model, has been incorporated into the National Weather Service 

River Forecast System (NWSRFS), which provides flood and drought warnings across 

the United States (NOAA, 1972). This system of programs and procedures has been 

researched extensively, and many improvements and additions have been made over 

the years (Curtis and Smith, 1976; Ostrowski, 1979). A reparameterization of the 
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SMA Model's percolation equation by Gupta and Sorooshian (1983) helped in the 

identification and optimization of the percolation parameters. 

Calibration techniques for the SMA Model have been suggested by Monro 

and Anderson (1974). Burnash et al. (1973) and Peck (1976) discussed methods for 

estimating the initial parameter values. Brazil and Hudlow (1980) suggested ways 

in which automatic calibration might be used more extensively in conjunction with 

manual calibration to produce better parameter estimates. 

2.3 Automatic Calibration 

Automatic calibration is controlled by an estimation criterion (objective 

function) and a search (optimization) algorithm. The effect of the estimation 

criterion has been studied quite extensively and has been shown to have a substantial 

effect on the ability to optimize parameters (Sorooshian, 1981; Sorooshian and 

Dracup, 1980; Sorooshian et al., 1983; Sorooshian and Gupta, 1985). 

The most commonly used search techniques are the direct search algorithms 

(Rosenbrock, 1960; Hooke and Jeeves, 1961; Nelder and Mead, 1965). These search 

techniques are used primarily for refining preliminary estimates of the parameters. 

They suffer from the problem of becoming easily trapped in local optima, as 

observed by Sittner (1975), due to surface irregularity caused by the non-linearity of 

CRR models. 

Many global search techniques exist, but they have been difficult to 

implement. Pronzato et al. (1984) provided a brief discussion on global optimizers 
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and compared their results to the Adaptive Random Search (ARS) algorithm. 

Pronzato concluded that the ARS is versatile, performs better than the other global 

optimizers, and is easy to implement. The ARS strategy was introduced by Bekey 

et al. (Andronkkou et al., 1982; Bekey et al., 1983; Masri et al., 1976). Since then, 

it has been applied to the medical field (Venot et al., 1986) and by Brazil and 

Krajewski (1987) to CRR models (Brazil, 1988). 

The random search techniques are attractive because of their global search 

capabilities. In addition, their computational time requirements increase linearly 

with an increase in number of parameters, in contrast to the exponential computa

tional time increase observed for direct search techniques (Red, 1977; Solis et al., 

1981; Boender et al., 1982). The performance of the ARS algorithm has been shown 

to be better than that of other random search techniques. Marsi et al. (1976) 

reported that the computational time of the Adaptive Random Search (ARS) method 

increases approximately as the square root of the number of parameters. This makes 

the ARS very attractive as a global optimizer, especially for the SMA Model, which 

has over 13 parameters. 

2.4 Conclusions 

The ARS technique seems to be a promising method for globally optimizing 

non-linear systems, such as CRR models. Brazil and Krajewski (1987) tested it on 

the SMA Model using synthetic data. They found that the search was not able to 

converge to the global optimum. However, the coefficients of the search (i.e., 
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number of range levels, number of iterations, and the number of points searched) 

used by them were chosen arbitrarily based on values recommended by Pronzato et 

al. (1984). Further investigation is required to establish the values of the coefficients 

that will maximize the performance of the ARS technique, in terms of enhancing its 

efficiency and effectiveness as a global optimizer. 
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CHAPTER THREE 

AUTOMATIC CALIBRATION 

3.1 Introduction 

Once a suitable hydrologic model has been selected, the values for its 

parameters must be selected, such that the behavior of the model is as close as 

possible to the observed behavior of the watershed it is intended to represent. The 

process of selecting the best possible values for the model parameters is called 

calibration or parameter estimation. Some model parameters, such as the parameter 

representing the amount of impervious ground surface, may be measured directly 

from the watershed or from maps. Many of them are, however, not directly 

measurable and must be determined by adjusting them in such a way that the model 

output closely simulates the observed hydrograph of the watershed. In the rest of 

this discussion, the focus is on the latter kinds of parameters. 

The first step in a model calibration strategy is to select a data set that 

appropriately represents the range of possible hydrologic behaviors of the watershed. 

Historical data sets describing the characteristics of the watershed, as well as 

measurements of precipitation, streamflow, and other fluxes of water (evapotranspir-

ation) entering and leaving the watershed, are required. From the historical data, 

a calibration data set is selected that encompasses a variety of storm events to 

characterize the variability of weather (both wet and dry periods) in the basin. 

The next step is to select initial estimates representing reasonable values for 

the parameters. These may be determined by studying the geology, biosphere, 
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hydrographs, and precipitation records of the watershed. Parameter estimates from 

neighboring watersheds may also be considered. 

Following the determination of initial values, the parameter values are 

adjusted so as to improve the match between the simulated and observed hydro-

graphs. Alternate parameter values in the region of the initial estimates are 

considered until an acceptable match between model and watershed behavior is 

obtained. The parameter adjustment may be done manually by an expert in 

hydrologic modeling, or automatically by using a computer-based strategy. 

3.1.1 Manual Versus Automatic Calibration Procedure 

For the manual calibration procedure to be effective and efficient, the 

hydrologist must have a detailed understanding of the internal operations of the CRR 

model and the effects that altering parameter values have on the simulated output. 

An adequate working knowledge of the hydrologic behavior of the watershed is also 

important. The hydrologist compares the simulated and observed hydrographs and 

proceeds to adjust the parameter values to compensate for discrepancies between the 

hydrographs. The calibration procedure is concluded when the hydrologist decides 

that the discrepancies are insignificant or at least acceptable. Manually estimated 

parameter values are almost certain to be reasonable; therefore, this method is 

widely used. However, the method is tedious and requires the hydrologist to have 

a lot of experience with the model. 
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Automatic, computer-based, calibration techniques help relieve the tedious 

work involved in manual calibration and have the potential to minimize the need for 

the hydrologist to be an expert in modeling. An automatic calibration algorithm 

consists of a clearly defined, systematic procedure for altering the parameter values 

so as to iteratively adjust the simulated hydrograph closer to the observed hydro-

graph. A major complaint of automatic techniques, however, is that the optimized 

parameters sometimes do not have realistic values. Experience indicates that a 

combination of manual and automatic calibration procedures can be used to 

overcome this problem (Brazil and Hudlow, 1980). 

3.1.2 Estimation Criteria and Search Algorithms 

An automatic technique consists of two main components: a search algorithm 

and an estimation criterion. 

The estimation criterion is a measure (usually statistical) of the distance 

between model and watershed characteristics. This distance is usually described in 

terms of the difference between the observed and simulated hydrographs, which is 

to be minimized. For a model with N parameters, the estimation criterion is a 

function in N-dimensional space, and the surface created by the criterion values is 

called the response surface. The automatic procedure searches this surface to locate 

the minimum point, which corresponds to the parameter values for which the 

simulated and observed hydrographs are most similar. The parameter values which 
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are associated with the minimum (optimum) criterion value are referred to as the 

globally optimal parameter set. 

A strategy is required that will direct the progress of the search on the 

response surface and determine when to stop. Due to the non-linear characteristics 

of the CRR models, the response surface is usually irregular with many bumps and 

dips (Sittner, 1975; Gupta and Sorooshian, 1983). This rough surface may contain 

several local optima in which the search strategy can become trapped, thereby 

complicating the problem of finding the overall (global) optimum. In most cases, it 

is impossible to know if the point at which the search strategy has stopped is the 

global optimum or a local optimum corresponding to an inferior set of parameter 

values. 

The direct search and the random search are two general strategy groups. 

The direct search stategy is usually referred to as a local search whereas the random 

search is considered a global search strategy. 

3.2 Search Techniques 

3.2.1 Direct Search 

The direct search technique determines a direction of travel along the 

response surface and samples the criterion value at a designated distance along this 

line. Then, depending on the criterion value obtained, it may reiterate this 

procedure by determining a new direction and resampling along this new direction. 

The ability of these search procedures to converge to the global optimum is highly 
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sensitive to the initial parameter estimates. Due to the tendency of direct search 

procedures to become trapped in local optima, the initial parameter estimates must 

be selected in the vicinity of the global optimum. Therefore, the direct search must 

be used with great care when estimating optimal parameters for highly irregular 

response surfaces, as is characteristic of surfaces associated with CRR models. 

Several stopping criteria are usually used to terminate direct search 

procedures. These may include (a) terminating the search once a designated number 

of points has been sampled from the response surface, and (b) ending the search 

once the parameter values or the criterion values do not change more than a 

specified amount from iteration to iteration of the search. 

3.2.2 Random Search 

Random search techniques select a parameter set by defining some random 

distribution of parameter values around the initial parameter estimate while 

remaining within a permissible range. The estimation criterion is calculated at each 

point and compared to the criterion value associated with the previously optimal 

parameter set. If the new set of parameters produce a better criterion value, then 

these new values become the optimal parameter set, and another random set of 

parameters is selected. The stopping criteria are often the same as with the direct 

search strategy. 
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3.3 Random Search Techniques 

3.3.1 Uniform Random Search 

The uniform random search (URS) is the most general form of the random 

search. The search selects a random set of parameters from within the entire 

allowable region of the parameter space. A user-specified number of random points 

are chosen from the response surface and their criterion values are compared. The 

parameter set with the optimal criterion value is designated as the optimum 

parameter set. A mathematic description from Brazil and Krajewski (1987) follows: 

"opt = feoPT: ffeoPT) = min j = 1.2.-,K} 

where: 

aj = {a\: a\ = \J(cx\av.), i = 1,...,N}; 

N = number of parameters being optimized; 

K = number of random points considered; and 

U(aL
i,o:u

i) = uniform distribution over the lower bound aLj and upper bound 

3.3.2 Adaptive Random Search 

The adaptive random search (ARS) improves, in theory, the efficiency of the 

URS. This is accomplished by a strategy that selects a restricted region of the entire 
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parameter space in which to refine the search, by focusing on regions where the 

global optimum potentially exists. 

The strategy is as follows. First, a set of points is sampled uniformly from the 

entire feasible parameter space. Then, the best point is selected as being indicative 

of the presence of a potential global optimum. Next, a concentrated search around 

this point is conducted. An escape mechanism allows the search to return to a 

search of the entire parameter space from time to time, so that the search does not 

become trapped in one region. If the search returns to the same region a specific 

number of times, the search is terminated and the global optimum is considered to 

be the parameter set associated with the optimum criterion value in that region. 

A simplified schematic of the ARS is displayed in Figure 3.1, and a 

mathematical representation of the ARS as presented by Pronzato et al. (1984) and 

Brazil and Krajewski (1987) follows. 

1. The estimation criterion which is to minimize f(a) and the permissible 

range of each parameter are selected 

aLi_< (*;_< a"; for i= 1,2,..,N 

R , - a V a L ,  

2. The parameters initial values are selected or determined as the middle 

of the range 

a°i = 1/2 (aUj + aLj) for i= 1,2,..,N 

3. Set the number of local searches (Range Levels) to be considered, 

NRL; set the number of points to be generated when the entire 
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Figure 3.1. Diagram of Adaptive Random Search method 
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parameter space (First Range Level) is considered, NPFRL; set the 

Number of Consecutive Times the optimum must be found in the Last 

Range Level, NCTLRL; and set k=l and NCT=0. 

4. Compute the size of range to be searched 

R;(k) = RLRF(l k) x R; for i = 1,2,..,N 

Where RLRF, the range level reduction factor, is the factor by which 

the local search regions are reduced. 

5. Perform NPFRL iterations of the uniform random search 

a<"+1), = aj; + UGS1-;,/^) for i= 1,2,...N 

where: 

p\ = max {aL
i( aJ; - l/2R;(k)} 

jS U| = min {au., aJj + l/2R,(k)} 

store the best point and the corresponding k as a*(k). 

6. setk=k+l 

if k > NRL, go to 7, otherwise NPFRL= NPFRL/k, go to 4. 

7. select min{a*(k): k= 1,2,..,NRL}. Record the best k as k*. 

If k* = NRL, then NCT= NCT + 1. If NCT = NCTLRL, go to 9. 

If k* * NRL, set NCT= 0. 

8. Reset the parameters NPFRL and k = l, go to 4. 

9. Stop, the best point is aopt= a*(k). 
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The values of NRL, NPFRL, NCTLRL, and RLRF were abitrarily chosen by 

Pronzato et al. (1984) to be 5, 100, 5, and 10, respectively. 

3.4 Summary 

This chapter described the general ideas associated with calibration of CRR 

models. Both manual and automatic calibration techniques were considered. It was 

seen that automatic techniques can be useful in eliminating the tedious work involved 

in calibrating a model. 

Automatic approaches to calibration consist of a search algorithm and an 

estimation criterion. Two general categories, the direct search and the random 

search, classify most of the search techniques. The direct search is considered a local 

search approach, whereas the random search is considered to be a global search. 

Two types of random searches are the Uniform Random Search and the Adaptive 

Random Search. Both of these approaches have been described in this chapter. 
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CHAPTER FOUR 

SOIL MOISTURE ACCOUNTING MODEL 

4.1 National Weather Service River Forecast System 

The Soil Moisture Accounting (SMA) Model is a CRR model which has been 

incorporated into a larger model known as the National Weather Service River 

Forecast System (NWSRFS). The NWSRFS was developed to provide accurate and 

timely hydrologic information and forecasts for watersheds throughout the United 

States. Included in the forecast system are procedures for hydrologic data processing, 

channel routing, parameter estimation, estimation of average precipitation for a basin 

from point data, unit hydrographs, and a snow accumulation model, as well as the 

SMA Model (Figure 4.1). 

4.2 Description of the Soil Moisture Accounting Model 

The SMA Model represents the hydrologic processes in a watershed through 

a conceptual system of reservoirs, connected by appropriate flow equations. These 

reservoirs depict the water storage in different portions of the soil column (Figure 

4.2). Each reservoir is divided into "tension" and "free" water storages. Free water 

is that which is able to travel through the soil, while tension water is that which 

remains bound to the soil and is only removed through the process of evapotranspir-

ation. The soil column is divided into upper and lower zones. Quick response to 

precipitation is controlled by the upper zone. The lower zone, which represents the 
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groundwater storage, incorporates two free water reservoirs to simulate the fast and 

slow response of baseflow. 

Subsurface flow consists of the sum of the interflow from the upper zone free 

water reservoir and the combination of baseflows from the two free water reservoirs 

in the lower zone. Runoff is generated by that portion of precipitation which falls 

directly onto lakes and rivers (direct runoff) as well as that portion (surface runoff) 

which is not absorbed into the soil reservoirs. 

The driving force of the SMA Model is the percolaton equation which controls 

the movement of water from the upper to the lower reservoirs. This equation is 

responsible for the major separation of water; there are eight parameters associated 

with this equation. Therefore, careful calibration is required in order for this 

equation to represent the percolation of water in the watershed. 

The SMA Model is considered a continuous time, deterministic, lumped 

(input, output, and parameters), time invariant model. The model inputs and 

parameters may be treated as spatially distributed by dividing up the watershed into 

several sub-watersheds (Peck, 1976). A major cause of non-linearity of the model 

with respect to the inputs and parameters is caused by the threshold characteristics 

inherent in the storages. 

Inputs to the SMA Model include the precipitation averaged over the 

watershed and estimated or measured potential evapotranspiration. These inputs are 

usually available as six-hour sums. The NWSRFS transforms the simulated stream 
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flows into mean daily flows; therefore, the observed stream flows need not be 

recorded in shorter time periods. 

For the hydrograph simulated using the SMA-NWSRFS Model to mimic the 

hydrograph of a specific watershed, the parameter values corresponding to the site 

in question must be determined. 

4.3 Calibration of the Soil Moisture Accounting Model 

The SMA Model contains 16 parameters (Table 4.1), three factors which 

adjust the precipitation and potential evaporation inputs (Table 4.2), and six state 

variables (Table 4.3). The state variables designate the amount of water present in 

each of the reservoirs. 

Data requirements for the calibration of the 16 parameters include the mean 

basin precipitation (rainfall and snow melt), estimated potential evapotranspiration, 

stream flow, and the watershed unit hydrograph. If the snow model incorporated 

into the NWSRFS must be used, then temperature data are also required. The SMA 

Model requires that a complete and sequential data record for the calibration period 

be used. The NWS Hydrologic Research Laboratory recently suggested that the 

length of data used during calibration equal or exceed seven years (personal 

communication, M. Burns). 

Procedures for determining initial value estimates for the 16 parameters are 

presented by Peck (1976). Peck also provided guidelines for estimating some of the 

parameter values, so not all 16 parameters require optimization. Initial estimates for 
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Table 4.1. Soil Moisture Accounting Model Parameters 

UZTWM Maximum capacity of upper zone tension storage, (mm) 

UZFWM Maximum capacity of upper zone free storage, (mm) 

LZTWM Maximum capacity of lower zone tension storage, (mm) 

LZFPM Maximum capacity of lower zone primary free storage, (mm) 

LZFSM Maximum capacity of lower zone secondary free storage, (mm) 

ADIMP Fraction of basin which becomes impervious as all tension storage is 
met. 

UZK Lateral drainage rate of upper zone free storage, (fraction per day) 

LZPK Lateral drainage rate of lower zone primary storage, (fraction per day) 

LZSK Lateral drainage rate of lower zone secondary storage, (fraction per 
day) 

ZPERC Percolation parameter which indicates, when used with other 
parameters, the maximum possible percolation rate, (dimensionless) 

REXP Percolation parameter, an exponent, determining the rate of change 
of the percolation rate as the lower zone moisture varies from full to 
dry. (dimensionless) 

PCTIM Fraction of basin which is impervious and contiguous with stream 
channels. 

RIVA Fraction of basin covered by streams, lakes, and riparian vegetation, 
(also known as parameter SARVA) 

PFREE Fraction of percolation water entering free storages, regardless of 
tension water deficiency. 

SIDE Ratio of groundwater flow entering channel to that bypassing channel. 

SAVED Fraction of lower zone free water unavailable for evapotranspiration. 
(also known as parameter RSERV) 
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Table 4.2. Precipitation and Evapotranspiration Adjustment Factors for the Soil 
Moisture Accounting Model 

PXADJ Precipitation adjustment factor (dimensionless) 

PEADJ Potential evapotranspiration adjustment factor (dimensionless) 

EFC Evapotranspiration extrapolation parameter (dimensionless) 



Table 4.3. State Variables of the Soil Moisture Accounting Model (in mm) 

UZTWC Upper zone tension water contents 

UZFWC Upper zone free water contents 

LZTWC Lower zone tension water contents 

LZFPC Lower zone free primary water contents 

LZFSC Lower zone free secondary contents 

ADIMC Additional impervious area contents 
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the remaining parameters may be determined using precipitation data and 

hydrographs. Reasonable ranges over which each parameter may vary are also 

required for some search strategies (i.e., many random search techniques) so that the 

problem of parameter optimization is bounded. 

Further calibration may be done using manual or automatic techniques (see 

discussion in Chapter Three). Monro and Anderson (1974) showed how a 

combination of both techniques is able to take advantage of the positive aspects of 

both approaches while minimizing the drawbacks. 

4.4 Summary 

This chapter described the organization and use of the NWSRFS and 

presented a description of how the SMA Model conceptually represents the 

hydrologic processes of a watershed. Also mentioned were the parameters associated 

with the SMA Model which require optimization so that the model output mimics 

the nature response of the watershed. 
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CHAPTER FIVE 

STUDY OF THE ADAPTIVE RANDOM SEARCH METHOD 

5.1 Introduction 

Brazil and Krajewski (1987) reported that the ARS converged to a parameter 

set superior to that obtained using the URS. However, they noted that the ARS was 

unable to converge to the global optimum. This problem may have been due to poor 

selection for the values of the coefficients which control the search. Brazil and 

Krajewski used values suggested by Pronzato et al. (1984). In this chapter, the 

sensitivity of the ARS algorithm to these coefficients is investigated, and the ability 

of the algorithm to converge to the global optimum of the SMA-NWSRFS Model is 

evaluated. 

5.2 Method 

Using an assumed set of "true" parameter values, a synthetic streamflow data 

set was created using seven years of historical precipitation and evapotranspiration 

data from Leaf River, Mississippi, provided by the National Weather Service (NWS). 

This same data set was used by Brazil and Krajewski. The synthetic hydrograph was 

used in place of the historical hydrograph in the calibration procedure. This 

procedure provided a known location for the globally optimal parameter set, thereby 

allowing the performance of the ARS algorithm in converging to the global optimum 

to be monitored. 
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In order to evaluate the distance of the optimized parameter set (i.e., the set 

to which the ARS algorithm converged) from the "true" parameter set, the percent 

difference was calculated for each parameter as follows: 

PDIFF{n) - I partrue(n) - paropl(n) I /partrue(ra) (5.1) 

where: 

PDIFF(n) = percent difference for parameter n; 

partrue(n) = true value for parameter n; and 

paropl(n) = optimized value for parameter n. 

These values were averaged over the parameter set as follows: 

E PDIFFW (5.2) 
AVG PDIFF 

N 

where: 

AVG PDIFF = average percent difference for the parameter set; 

PDIFF(n) = percent difference for parameter n; and 

N = total number of parameters being optimized. 

Therefore, a single number (AVG PDIFF) was used to indicate how well the search 

was able to converge to the global optimum. 



41 

Initial values and lower and upper bounds were determined for the 

parameters of the SMA-NWSRFS Model using values from Brazil (1988) (see 

Appendix A). Daily root mean square (DRMS) was chosen as the estimation 

criterion so as to maintain consistency with Brazil and Krajewski (1987; Brazil, 1988). 

The DRMS estimation criterion is defined as: 

DRMS -
E ta(P)s m - 9(P)obs)2 

1 

where: 

q(p)sim = simulated streamflow; 

q(p)0bs = observed streamflow; and 

P = total number of periods. 

(5.3) 

Several values for the ARS coefficients were tested in an attempt to find the 

values which resulted in the most efficient (use the least amount of computer time) 

and effective (obtain optimum parameter values near their "true" values) convergence 

of the ARS to the global optimum. The coefficients investigated were the number 

of range levels (NRL), the number of random points searched in the first range level 

(NPFRL), and the stopping criteria (NCTLRL and MAXN). In addition, the 

sensitivity to the initial parameter estimates was evaluated. 
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5.3 Analysis 

5.3.1 Effect of Range Levels and Points Searched 

Preliminary investigations revealed that NRL and NPFRL were the major 

influences in converging to the global optimum.These two values are representative 

of the two components of the search approach, local and global. NPFRL determines 

how extensive the search (density) will be over the total range of each parameter 

value, and NRL controls how precisely the local regions are searched. (See steps 3, 

5-8 of ARS algorithm presented in Section 3.3.2). Therefore, various combinations 

of NRL and NPFRL were tried in an attempt to find the one which would provide 

efficient and effective convergence to the global optimum. 

The different combinations of NRL and NPFRL considered are listed in Table 

5.1. For each combination, the parameter values to which the search converged, the 

final criterion value (DRMS), the average percent difference between the converged 

and "true" parameter values (AVG PDIFF), and the computer time (CPU) were 

recorded. 

It was seen immediately that five range levels required too much computer 

time. The optimization process was stopped by user intervention after 15,000 points 

were searched, and no optimal parameter set was recovered. Therefore, for the 

remainder of the study, the maximum number of range levels (NRL) never exceeded 

four. 

From Figure 5.1, it is seen that the effect of NRL and NPFRL on the 

convergence of the search is unclear. The criterion value sometimes increases and 
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Table 5.1. Combinations of Number of Range Levels (NRL) and Number of 
Points in the First Range Level (NPFRL) 

NRL NPFRL 

2 25 50 100 200 400 800 
3 25 50 100 200 300 
4 25 50 100 
5 25 
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Figure 5.1. Estimation criterion versus number of points in initial range level 
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sometimes decreases with an increase in NRL or NPFRL, implying that a stable 

solution was not found by the search procedure. A likely reason is that the search 

is sensitive to the value of the seed used to generate the random sequence of points 

in the parameter space, and that the inconsistency in the results is due to not 

accounting for this randomness. 

5.3.2 Accounting for Randomness 

To account for the randomness in the search procedure caused by the initial 

seed value, runs were made using the same ARS coefficients but five different 

random seeds. These results were then averaged. 

Five runs were made with each pair of NRL and NPFRL values (Table 5.1) 

using a different seed value for each of the five runs. The same five random seed 

values were used throughout the study. The optimum criterion values from the runs 

were averaged. Because a positive linear relationship exists between the computer 

time used and NPFRL, the average cpu time for the five runs was used. This 

allowed the efficiency of the search to be considered. The effect of increasing NRL 

and NPFRL values on the mean optimum criterion value was then examined. 

The results (Figure 5.2) are seen to stablize with the averaging. The trends 

depicted in Figure 5.2 show a decrease in the optimum criterion value for increasing 

NRL values and cpu time (indicative of an increasing NPFRL value). The results 

indicate that the number of range levels is the more significant of the two coefficients 

in producing an optimum criterion value. 
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Figure 5.2. Average estimation criterion versus average computer time for original 
ARS coefficient values using five different initial seeds 
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5.3.3 Ability to Find the Global Optimum 

The results reported above may imply that extensive "global" searching of the 

response surface is not as effective as more detailed "local" searching. A possible 

interpretation of this is that the response surface is relatively smooth and well 

behaved. If the surface were not smooth, then the search would often become 

trapped in local optima, while a smooth convex surface would allow the global 

optimum to be found with only a brief global search followed by a more extensive 

local search. 

To see if this interpretation is valid, the relationship between the estimation 

criterion value (DRMS) and the distance of the optimized parameter values from the 

"true" parameter values (AVG PDIFF) was plotted in Figure 5.3. It was expected 

that the average percent difference measure would generally decrease as the criterion 

value decreased. A strong correlation between these two values would imply that the 

search is tending to converge to the global optimum. However, the correlation is 

seen to be quite poor. While a weak trend exists to associate more range levels with 

a closer match between the optimized and "true" parameter sets, the correlation is 

so weak that a low criterion value gives little assurance that the solution is near the 

global optimum. 

One curious aspect of the results reported in Figure 5.3, is that the variation 

in AVG PDIFF is on the order of 40 to 65 percent, whereas the program-specified 

search tolerance is on the order of 1.0 to 0.1 percent. Clearly, the earlier interpreta

tion that the response surface is smooth and well-behaved is questionable. 
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5.3.4 Consistency of Results with the Program-Specified 
Convergence Tolerance 

The stopping criterion terminates the search when the optimum criterion value 

in the final range level is found a designated number of consecutive times (see 

Section 3.3.2). For the search procedure to successfully complete its task, the final 

range level must contain both the global optimum and the values of the optimized 

parameter values. 

A measure was constructed to determine if the optimized parameter values 

and the global optimum were within the allowable final range level tolerance. This 

tolerance will be referred to as the convergence tolerance (see Appendix B for 

definition). The measure constructed consists of the ratio of the difference between 

the optimized and "true" parameter values to the variation allowed in the final range 

level. 

RATIO(n,J) = 

Partruefo) ' Paropt(") 1 / - RLRF1'3 (UL(n) - LL{n)) 
2 

(5.4) 

where: 

RATIO(n,J) = ratio for parameter n with J range levels; 

paropt(n) = optimized value of parameter n; 

partrue(n) = true value of parameter n; 

1/2 RLRFm (UL(n) - LL(n)) = variation allowed in the final range level; 
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RLRF = range level reduction factor. The size of each range level is 

determined by a percentage of its previous range level. RLRF is the 

reciprocal of this percentage; 

J = total number of range levels; 

UL(n) = upper limit of parameter n; and 

LL(n) = lower limit of parameter n. 

The ratio will produce values less than one in the case where the distance 

between the optimized parameter values and the "true" parameter values is less than 

the variation allowed in the final range level. Therefore, a ratio value less than one 

signifies that the global optimum was located within the acceptable tolerance 

specified by the algorithm. Values greater than one indicate that the global optimum 

was not found. 

The ratio was computed for each of the runs reported in Table 5.1 and are 

presented in Table 5.2. It is seen that the three- and four-range level searches had 

such tight convergence tolerances (because of the program-specified RLRF value of 

10: see Section 3.3.2 and Appendix B), that all of the optimal parameter sets were 

outside of the allowable tolerance distance from the "true" values. Therefore, by the 

current standards of the ARS algorithm, the global optimum parameter set was not 

found. 

The problem that arises when a tight convergence tolerance value is used is 

that it may cause the search to narrow down too quickly, creating a high-density 
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Table 5.2. Ratio Values Averaged Over Five Parameter Sets Using Five Different 
Initial Seed Values 

Number of Points in First Range Level 
Number of 
Range Levels 25 50 100 200 300 

2 4.44 3.88 4.37 3.46 

3 44.03 28.56 42.44 34.91 36.60 

4 346.53 281.58 319.99 
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search in a localized area. It is possible that with such a search, "pits" (tiny localized 

optima) in the response surface may be found, causing the search to become trapped 

in local optima. While this possible explanation was not extensively tested in this 

research, recent research at The University of Arizona (personal communication, Q. 

Duan) produced results that are strongly supportive. A new value for the conver

gence tolerance (a new RLRF value) to overcome this problem will be considered 

later. 

5.3.5 Effect of Stopping Criterion 

In the results presented above, the search procedure ended before the global 

optimum had been reached (note that the location of the global optimum is known 

in these tests). It is possible that this was due to the value selected for the stopping 

criteria. Therefore, different values were tested for the stopping criteria to see if this 

would help avoid the problem of local optima. 

A major stopping criterion in the ARS algorithm is the number of consecutive 

times (NCTLRL) the best estimation criterion value is found in the final range level. 

In the following tests (Table 5.3), different values for NCTLRL were investigated 

using various combinations of NRL and NPFRL values. 

The results, presented in Table 5.3, showed no significant sensitivity to 

NCTLRL for different combinations of NRL and NPFRL. In general, the optimized 

parameters remained within the same local region as before (Section 5.3.1; Figure 

5.1). The only exceptions were the cases of NPFRL=25 and 50 for NCTLRL = 4 



Table 5.3. Criterion Value and Average Percent Difference for Different Values of NCTLRL 

Number of Consecutive Times Optimal Criterion Value Must Be Found in the Last Range Level 
2 3 4 

AVG AVG AVG 
NRL NPFRL DRMS PDIFF DRMS PDIFF DRMS PDIFF 

25 

50 

100 

200 

5.66 

3.06 

5.81 

5.18 

84.61 

35.50 

41.64 

54.24 

5.61 

2.84 

5.66 

4.21 

83.26 

35.37 

41.44 

54.43 

5.61 

2.74 

5.44 

3.65 

83.26 

33.41 

39.96 

56.84 

25 

50 

100 

200 

300 

4.25 

2.04 

3.47 

2.41 

2.77 

64.47 

27.11 

39.41 

61.83 

34.25 

4.22 

2.02 

3.38 

2.32 

2.73 

64.02 

26.86 

39.81 

62.11 

33.90 

4.17 

1.99 

3.36 

2.26 

2.71 

64.41 

26.82 

39.44 

62.04 

33.25 

25 

50 

3.26 

2.31 

39.15 

24.97 

3.14 

1.25 

48.80 

20.03 

2.32 

1.25 

47.01 

20.01 
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and NRL = 4. For these cases, the location of the optimized parameter sets moved 

to different local optima. These results indicate that varying the stopping criterion 

does not improve the ability of the algorithm to locate the global optimum. 

5.3.6 Effect of Initial Parameter Estimates 

Due to the existence of multiple local optima and non-smooth response 

surfaces, the convergence points of direct search methods are typically quite sensitive 

to the parameter estimates used to begin the search. While random search 

techniques are typically designed to overcome such problems, the ARS may be 

affected by initial estimates. It is, therefore, possible that the ARS may locate the 

global optimum if different initial parameter values are used. 

Three additional sets of initial parameter values were, therefore, tested for 

various combinations of NRL and NPFRL. These sets are: (a) the parameter values 

all set to their lower limit, (b) the parameter values all set to the middle of their 

range, and (c) the parameter values all set to their upper limit. The results using 

these three sets were compared to the results (Section 5.3.1; Figure 5.1) using the 

previous initial estimates. 

It was found that there was no consistent pattern to the results (Table 5.4). 

One initial parameter set produced optimized parameter values close to the global 

optimum for a particular combination of NRL and NPFRL (see column labeled 

"LOWER", NRL = 3, NPFRL = 200) and values far away from the global optimum 

for another (see column labeled "LOWER", NRL = 4, NPFRL = 25). None of the 



Table 5.4. Criterion Values and Average Percent Difference for Different Initial Parameter Estimates 

NRL NPFRL LOWER MIDDLE ORIGINAL UPPER 

2 50 DRMS 7.61 3.55 2.84 8.27 
AVGPDIFF 65.52 50.50 35.37 82.98 

200 DRMS 5.12 5.00 4.21 4.69 
AVGPDIFF 35.61 68.64 54.43 76.98 

3 50 DRMS 5.49 3.41 2.02 3.90 
AVGPDIFF 65.51 55.48 26.86 100.11 

200 DRMS 2.31 3.19 2.32 2.93 
AVGPDIFF 32.39 70.52 62.11 47.16 

4 25 DRMS 2.30 2.77 3.14 3.17 
AVGPDIFF 59.26 37.21 48.80 73.17 

Ln 
Ln 
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initial parameter sets gave results that tended to be better than for the other sets. 

While this is undoubtedly a small sample of initial parameter sets, there seems little 

indication that the initial estimates have a significant effect on the search. This is 

consistent with the notion that previously searched points should have little effect on 

future points in a random search procedure. 

5.3.7 Relaxing the Convergence Tolerance 

The results of Section 5.3.4 suggested that the convergence tolerance of the 

ARS was unnecessarily small, and that a less stringent tolerance may enable the ARS 

to converge to the global optimum. 

To determine a new convergence tolerance, the following procedure was 

applied to the results of the optimization using the original initial parameter set 

(Section 5.3.2; Figure 5.2). The five optimized values (one for each random seed) 

for each parameter were plotted against the different combinations of NRL and 

NPFRL. Selected results for three of the parameters are displayed in Figure 5.4. 

The y-axis designates the entire range over which the individual parameter may vary, 

and the numbers on the x-axis are the NPFRL values. The diamond near the y-axis 

marks the initial parameter value, and the horizontal solid line marks the "true" 

parameter value. The mean optimized value for the parameters averaged over the 

five random seeds is represented by the triangles connected by the dotted line. The 

plot is divided into three sections, one for each of the three NRL values considered. 
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Figure 5.4. (a-b) Convergence of three parameters for the original ARS coefficient 
values where LZFPM is the maximum capacity of the lower zone free 
water storage (mm), and UZTWM is the maximum capacity of the 
upper zone tension water storage (mm). 
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Figure 5.4. (c) Convergence of three parameters for the original ARS coefficient 
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The five different characters (i.e., and " + ") designating the optimized parameter 

values constitute the runs using five different random seeds. 

A parameter which converges quickly to its "true" value is depicted in Figure 

5.4a, Figure 5.4b shows a parameter which is in the process of converging, and the 

parameter shown in Figure 5.4c is converging to a value other than its "true" value. 

This figure demonstrates that the "true" values of some parameters are easily 

identifiable, while the "true" values of other parameters are very hard to recover. 

The parameter values easiest to recover were the capacity parameters (i.e., LZFWM) 

The rate parameters (i.e., LZPK), which depend on the capacity parameters, seemed 

to take longer to find, while the parameters (ZPERC, REXP) imbedded in the 

percolation equation and adjustment parameters (PFREE and ADIMP) were the 

most difficult, if not impossible, to recover. 

In addition to the parameter value plots, the percent variation of each 

parameter was determined for each range level using the formula: 

PVAR(n, j) - [HI(n, j) - LO(n, j)] / UL(n) - LL(n) x 100 

where: 

PVAR(n,j) = percent variation for parameter n using j range levels; 

HI(n,j) = highest optimum value for parameter n using j range levels; 

LO(n,j) = lowest optimum value for parameter n using j range levels; 

UL(n) = upper limit for value of parameter n; and 

LL(n) = lower limit for value of parameter n. 
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These percent variations are displayed in Figure 5.5 for all of the parameters 

optimized. In this graph, the x-axis represents the number of ranges used in the 

optimization procedure. 

The parameters fall into three distinct behavior groups in terms of their 

percent variation. The first group had small percent variations (less than 40%; 

Figure 5.5a) for the cases of all three range levels. Using more range levels (greater 

emphasis on local search) did not significantly decrease their variation. The third 

group, which had the largest percent variations, also showed no improvement with 

an increase in the number of range levels (Figure 5.5c). Their variations were 

approximately 75% of the original range and were insensitive to the search. The 

second group, depicted in Figure 5.5b, showed significant improvement with 

increasing numbers of range levels, going from approximately 75% to between 15 and 

50% as NRL increased from 2 to 4. 

To select a new value for the convergence tolerance, the percent variations 

from the second group (Figure 5.5b) were used because these parameters seem to 

be the ones that are significantly improved by the ARS search algorithm. The new 

tolerance was chosen to match the average decrease in percent variation seen for 

these parameters. Table 5.5 lists the original and new tolerances, and Figure 5.6 

displays a pictoral comparison between these tolerances. The boxes in Figure 5.6 

represent the search region boundaries for the different range levels. The smallest 

box is the region in which the parameter values may vary for the fourth range level. 
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Table 5.5 Convergence Tolerances Associated with the Original and New Value 
of the Range Level Reduction Factor Coefficient of the ARS 

Old New 

One Range Level 100% 100% 

Two Range Levels 10% 70% 

Three Range Levels 1% 49% 

Four Range Levels 0.1% 34% 
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5.3.8 Correlation of Estimation Criterion and Distance from Global Optimum 

Using the convergence tolerances determined in Section 5.3.7, new parameter 

estimation runs were conducted, and the correlation between the criterion value and 

the distance between the optimized and "true" parameter values was monitored. 

The new optimization runs were similar to those reported in Section 5.3.2, the 

only difference being the new convergence tolerances. The optimum criterion values 

and average percent differences were recorded for varying combinations of NRL and 

NPFRL values (Table 5.1). The optimum estimation criterion values were then 

plotted versus the average percent difference between the optimized and "true" 

parameter values (Figure 5.7). Note that the values in the graph represent the 

average of the five values obtained using five different random seeds. 

Figure 5.7 shows that the correlation between the estimation criterion and the 

average percent difference has improved in comparison to the earlier results (Figure 

5.3). Using three-range levels (solid line), the average percent difference decreased 

with the criterion value until the newly specified convergence tolerance limit was 

reached (49%; Table 5.5). From here on, the criterion value continued to decrease, 

but the average percent difference remained constant. 

With four-range levels (dashed line), a similar relationship is seen to exist, 

except that the average percent difference lingers at the tolerance associated with 

three-range levels before declining to the four-range level tolerance (34.3%; Table 

5.5). At this point, the average percent difference jumps back up to 60%. It is not 

clear as to why this occurred, but it is likely that the cause is associated with the 
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random nature of the search. To be more conclusive, a larger number of random 

seeds would need to be tested. 

The less stringent convergence tolerance tested here appears to result in a 

more consistent behavior for the ARS search algorithm in the sense that the global 

optimum has been located to within an acceptable variation as measured by the 

average parameter percent difference. However, this convergence tolerance is far 

more relaxed than is typically desired, and a tighter tolerance must be found which 

preserves the correlation between the criterion value and the average percent 

difference. 

5.3.9 Using a More Stringent Convergence Tolerance 

The convergence tolerance used in Section 5.3.7 is less strict than that used 

in the original search (Section 5.3.4), but was able to improve the correlation 

between the estimation criterion and the distance from the global optimum. 

However, this new convergence tolerance is less strict than is typically desired, and 

a stricter tolerance which preserves the consistency of the ARS search algorithm is 

desirable. 

A smaller value for the convergence tolerance was, therefore, tested (Table 

5.6) for optimization runs using three- and four-range levels with a variety of NPFRL 

values. The two-range level case was not considered because, at this level, the 

tolerance is too large for the results to be meaningful. 
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Table 5.6 Convergence Tolerances Associated with the ARS Range Level 
Reduction Factor (RLRF) of 1.67 

Convergence Tolerance 

One Range Level 100% 

Two Range Levels 60% 

Three Range Levels 36% 

Four Range Levels 21.6% 
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The optimum criterion values are plotted against the computer time (displayed 

in Figure 5.8) and against the average percent difference (shown in Figure 5.9). 

Each data point is the average of five runs using different random seeds. 

Figure 5.9 displays a similar correlation behavior between the optimized 

criterion value and the average percent difference to that obtained previously (Figure 

5.7), but the pattern is not as structured. The average percent difference decreased 

as did the optimum criterion values, but the tolerances specified in the search 

procedure have not been reached. Therefore, the global optimum has not been 

found to the level of tolerance specified. 

5.3.10 Consideration of Optimization of Individual Parameters 

The performance of the ARS algorithm has so far been measured by the 

variable AVG PDIFF, which represents an average distance of the optimized 

parameters from their "true" values. In this section, the closeness of each parameter 

to its "true" value is examined. For true convergence to the global optimum to occur, 

each parameter must be within the convergence tolerance (specified by the search 

coefficients) of its "true" value. 

To determine if the parameters converged to their respective "true" parameter 

values, plots were made of the five optimized values for each parameter correspond

ing to the various combinations of NRL and NPFRL tested in Section 5.3.9. Three 

of these plots are displayed in Figure 5.10. The first depicts a parameter which 

converged quickly to its "true" value (Figure 5.10a), the second depicts a parameter 
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which converged slowly (Figure 5.10b), and the third depicts a parameter which does 

not appear to be converging at all (Figure 5.10c). 

When these results were compared to those obtained using the original 

convergence tolerance (Section 5.3.4), it was found that the parameters had generally 

converged closer to their "true" values than in the previous case. The less stringent 

convergence tolerances (36% and 21.6%), therefore, resulted in superior performance 

of the ARS algorithm than the original tolerances (1% and .1%). In addition, the 

parameters converged more quickly with the new tolerance. 

The results indicate that there are three main groups of parameter behavior. 

One group converges to their "true" values very quickly, the second converges slowly, 

while the third does not converge or converges to a wrong value (Tables 5.7 and 5.8). 

5.4 Conclusions 

The original search procedure, with the original coefficients, was not able to 

converge to the global optimum. Tests of many combinations of number of range 

levels and number of points searched in the initial range level were not able to 

overcome the problem of entrapment by local optima. Changes in the stopping 

criterion or in the initial parameter estimates did not improve the search either. 

While a low value for the optimal estimation criterion was obtained, there was little 

or no correlation between its value and the distance of the optimized parameter 

values from the "true" parameter values. 
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Table 5.7 Convergence of Parameters for the ARS with the Original Coefficient 
Values. RLRF=10.0 

Quickly Slower To Wrong None 
Value 

UZFWM 

LZTWM 

LZFPM 

LZFSM 

UZTWM 

UZK 

LZPK 

PFREE 

PCTIM 

LZSK 

ZPERC 

REXP 

ADIMP 
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Table 5.8 Convergence of Parameters for the ARS with a Range Level 
Reduction Factor Value of 1.67. 

Quickly Slower To Wrong None 
Value 

UZFWM UZK ZPERC 

LZTWM LZSK ADIMP 

LZFPM UZTWM 

LZFSM LZPK 

REXP 

PFREE 

PCTIM 
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When the convergence tolerance was relaxed, the correlation between the 

criterion value and the distance between the optimized and "true" parameter values 

improved. Comparisons of the average percent differences to the convergence 

tolerance (permitted by the search algorithm) showed that the search located the 

global optimum to within its pre-specified tolerance. However, an analysis of the 

individual parameters showed that, while some parameters were able to converge to 

their "true" values, others did not. Therefore, the small distance between most of the 

parameters and their "true" values compensated for the large distance that some of 

the parameters were away from their "true" values, giving rise to a misleading value 

for the AVG PDIFF measure. Hence, the measure must be used with care and in 

combination with analyses of the individual parameter values. 

The results reported above would likely be enhanced by the use of a larger 

sample of points searched by the algorithm. However, restrictions on computer time 

precluded more detailed investigations. The search coefficients which produced the 

most efficient and effective search procedure are summarized in Table 5.9. 

This study showed that the size of the different range levels is the dominating 

aspect of the ARS search stategy when used in the context of calibration of the 

SMA-NWSRFS Model. When the size of range levels decreases too rapidly, the 

chance of finding the global optimum is poor. When the sizes of the range levels are 

decreased more slowly, and a larger acceptable convergence tolerance is used, the 

algorithm was able to determine optimal parameter values that were within the 

pre-specified tolerable distance from the "true" values. Further research should be 



Table 5.9. ARS Search Coefficients Which Produce the Best Results 

Algorithm Constant Value 

Number of range levels 4 

Number of points in first 200 
range level 

Number of consecutive times 3 
best value must be found in 
the final range level 

ZP value associated with 1.67 
tolerances of 60%, 36%, and 
22% of initial range, for 
range levels two through 
four, respectively. 
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conducted to see how stringent the convergence tolerance can be made while 

continuing to assure that the final range level contains the global optimum. 
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CHAPTER SIX 

COMPARISON OF UNIFORM RANDOM SEARCH AND 

ADAPTIVE RANDOM SEARCH 

6.1 Introduction 

In the research reported in Chapter Five, it was found that the performance 

of the Adaptive Random Search (ARS) algorithm was improved when a less stringent 

convergence tolerance was used. In this chapter, the performance of the ARS is 

compared to the most generic of random search strategies, the Uniform Random 

Search (URS). A uniform random search was conducted over the entire parameter 

space to see how well it converged to the global optimum. While Brazil and 

Krajewski (1987) did a similar comparison of the ARS and the URS, they based their 

conclusions primarily on the final criterion values obtained. Because the results 

reported in Chapter Five showed that there was not necessarily good correlation 

between a low criterion value and closeness to the global optimum, the studies 

reported in this chapter use the distances of individual parameter values from their 

"true" values as the indicator of performance. 

6.2 Method 

The URS strategy was obtained by setting the coefficients of the ARS 

algorithm as follows: NRL = 1 (number of range levels), and NCTLRL = 1 

(number of consecutive times the minimum criterion value must be in the smallest 

range level) (see Section 3.3.2). The number of randomly distributed points in the 
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parameter space (NPFRL) was varied from 400 to 12,500. For each NPFRL value, 

URS runs were made with five different random seeds. The results from the five 

random seeds were averaged, and the criterion value (DRMS) was plotted versus the 

computer time (Figure 6.1). In addition, the average percent difference measure 

(AVG PDIFF) was plotted against the criterion value to see if a correlation exists 

(Figure 6.2). The DRMS and AVG PDIFF measures were described in Section 5.2. 

6.3 Results 

The results (Figure 6.2) indicate no distinct correlation between the criterion 

value and the distance of the optimized parameter values from the "true" parameter 

values (AVG PDIFF). This is an indication that the response surface is highly 

complex (very irregular). Figure 6.2 shows a trend of decreasing criterion values 

corresponding to a decrease in average percent difference. However, the average 

percent difference never falls below 50 percent. Tests using larger numbers of points 

in the parameter space may improve on this, but lack of computer time prevented 

further investigation. 

The criterion value is seen to decrease with an increase in cpu time (Figure 

6.1). However, as cpu time (indicative of number of points searched) is increased, 

the improvement in criterion value becomes progressively more marginal. The URS 

criterion values did not become as low as the ARS values for the same amount of 

computer time (Figure 5.8). However, this should not be interpreted to mean that 
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Figure 6.2. Correlation between average estimation criterion and average distance 
of the optimized parameter values from the "true" parameter values for 
URS using five different seeds 
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the ARS is necessarily more efficient than the URS, because our primary interest is 

in parameter convergence. 

It should be kept in mind that the ARS incorporates a local search procedure 

which can significantly reduce the criterion value once the region of a local optimum 

has been found. The URS does not contain such a feature. Hence, a fairer 

comparison between the URS and the ARS algorithm is one based on distances of 

the parameters from their globally optimal values. 

To facilitate such a comparison, plots were made of the optimized values of 

each parameter for each random seed against the number of points searched. Figure 

6.3 shows the results for three of the parameters. The first depicts a parameter 

which converged quickly to its "true" value (Figure 6.3a), the second depicts a 

parameter which converged slowly (Figure 6.3b), and the third depicts a parameter 

which does not appear to be converging at all (Figure 6.3c). The total number of 

points searched in the parameter space is displayed on the x-axis, and the y-axis 

represents the total range of the parameter considered. The diamond near the y-axis 

denotes the initial value, and the solid, horizontal line represents the "true" 

parameter value. A different symbol (i.e., "+" and "*") represents each of the 

optimized parameter values corresponding to one of the five random seed values. 

The triangle and dotted line denote the average optimized parameter value for the 

five random seeds. 

Analysis of the plots (Figure 6.3) once again reveals distinct characteristics for 

different groups of parameters. As in Section 5.3.10, some of the parameters 
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converge quickly to their "true" values, while others do not seem to be converging at 

all. Table 6.1 indicates which parameters converged, converged slowly, and did not 

converge at all. 

The ARS strategy with the best coefficient values (Table 5.9) was compared 

to the URS. A URS run was used which had a total computer time comparable to 

the best ARS run. The average parameter values (five runs varying the random 

seed) for the two strategies are listed in Table 6.2. The tables containing those 

parameters which seemed to converge and not converge (Tables 5.8 and 6.1) are also 

considered in the comparison. 

From Table 6.2, it is seen that the ARS determines optimized parameter 

values which were slightly better than the URS for approximately the same amount 

of computer time. If more computer time was available to consider more random 

points, this difference may become significant, thereby making the ARS a more 

efficient search procedure than the URS. 

Considering the convergence of individual parameters for the ARS and the 

URS procedures (Tables 5.8 and 6.1), it is noticed that the URS seems to have more 

parameters which converge quicker. The URS strategy had only one parameter 

(PFREE) which does not seem to converge at all. The individual parameters in the 

ARS procedure were converging, but the convergence was not as defined. This is 

most likely due to the fact that more computer time was used for the URS than for 

the ARS. Considering more points in the ARS procedure may provide results 

comparable to the URS. 
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Table 6.1 Convergence of Parameters for the URS. RLRF = 1. 

Quickly Slower To Wrong None 
Value 

UZFWM UZTWM LZPK PFREE 

LZTWM UZK ZPERC 

LZFPM LZSK 

LZFSM REXP 

ADIMP 

PCTIM 
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Table 6.2 Comparison of URS and ARS Considering Average Values for Five 
Different Runs Using Different Random Seeds. The ARS run was 
using the best coefficients found in Chapter 5 (Table 5.6). 

TRUE ARS URS 

UZTWM 56.0 56.7 54.7 

UZFWM 46.0 42.2 47.7 

LZTWM 131.0 137.1 136.0 

LZFPM 162.0 155.4 132.6 

LZFSM 23.0 16.2 29.8 

UZK 0.245 0.279 0.287 

LZPK 0.009 0.012 0.012 

LZSK 0.043 0.133 0.092 

ZPERC 226.0 156.7 145.3 

REXP 3.65 3.44 3.15 

PFREE 0.063 0.013 0.326 

ADIMP 0.173 0.140 0.134 

PCTIM 0.043 0.052 0.057 
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6.4 Conclusions 

The optimal criterion values obtained using the ARS were significantly better 

than those of the URS (Figures 5.8 and 6.1). However, this is not a fair comparison 

of the two approaches because the ARS has a local search which significantly reduces 

the criterion value, whereas the URS has none. The local search does not change 

the parameter values significantly with respect to the position of the "true" values on 

the response surface but reduces the optimum criterion value in the area of the 

parameter values considered. 

The URS provides parameter values which are similar to those obtained using 

the ARS. For the number of random points considered in this thesis, there does not 

seem to be any significant benefit to the localized searches of the ARS, other than 

reducing the optimized criterion value. However, if the number of generated points 

is increased further, it is possible that the ARS will provide a more efficient search 

than the URS. 

It is seen that in both the URS and the ARS strategies (Tables 5.8 and 6.1), 

there are parameters which converge very quickly (UZFWM, LZTWM, LZFPM, and 

LZFSM), some which seem to converge when considering more points, and some 

which either do not converge or converge to values other than their "true" value 

(ZPERC, PFREE). This grouping of parameters may help in determining sensitive 

parameters, interaction between parameters, and maybe even model structure errors. 

The grouping may also help in reducing the amount of time required for calibration 
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by eliminating early on in the calibration procedure those parameters which converge 

quickly, thereby reducing the dimensionality of the response surface. 
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CHAPTER SEVEN 

CONCLUSIONS 

This research examined the capability of the ARS method as a procedure for 

finding the globally optimal parameter values of the SMA-NWSRFS conceptual 

rainfall-runoff model. In Chapter Five, different values for the search coefficients 

of the ARS were investigated in order to find those that would provide the most 

efficient and effective search possible. The effectiveness and efficiency of the ARS 

method to that of the simpler URS strategy were also compared in Chapter Six. The 

results of the investigation indicate that: 

(1) The ARS algorithm may not be capable of recovering the "true" 

value for all of the parameters. It was seen that the algorithm 

converged rapidly to the "true" values of some of the parame

ters, while for other parameters, it seemed incapable of 

converging at all; 

(2) The results of the two random search aproaches are veiy 

similar, although the greater efficiency of the ARS may become 

apparent if more random points are considered; 

(3) This and Weinig's (1991) complementary research conclude that 

the coefficient which influences the ARS the most is the rate at 

which the range levels are reduced (determined by RLRF in the 

algorithm; Section 3.3.2). By increasing the size of the final 

range level (relaxing the convergence tolerance), the algorithm 



was more able to converge to the "true" parameter values in an 

efficient and effective manner. Weinig (1991) investigates the 

RLRF coefficient in greater detail and should be referred to for 

further information. 

Weinig (1991) compares the results from two different estima

tion criteria, DRMS and the heteroscedastic maximum likeli

hood estimator (HMLE). The DRMS estimator gave a little 

better results, although it overestimated the flow slightly. The 

HMLE underestimated the flow. However, research presented 

in this thesis and that of Weinig showed that, due to the highly 

irregular response surface, the criterion value (DRMS) is not a 

good measure of the effectiveness of the search algorithm. Low 

criterion values (local optima) could be found throughout the 

response surface, with little correlation to the location of the 

global optimum. 

Results varied depending on the random seed used. Weinig 

(1991) finds that increasing the number of points (indicative of 

density) searched improved the consistency of the results. 

However, there was still a significant variation due to the 

random seed. 
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The limiting factor to the random search is the time which is required to run 

the model during the calibration procedure. Reducing this time is essential in order 

to use random search stategies to their full potential as global search techniques. A 

reduction in the number of years of the calibration data set would help reduce the 

computer time required. The computer time would also be minimized if the 

dimensionality of the response surface were reduced by selecting fewer parameters 

for optimization. 

There are two main problems which may prevent the random search from 

converging to the "true" values. The first problem deals with the density of points in 

the search space. There may not have been enough points generated in the random 

search to characterize the response surface adequately. The second problem arises 

due to the interaction between parameters and other structural characteristics of the 

SMA-NWSRFS Model which give rise to a highly nonconvex and irregular response 

surface. 

An in-depth study of these problems is beyond the scope of this thesis. 

Suggestions for further research in these areas are presented in Chapter Eight. 
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CHAPTER EIGHT 

RECOMMENDATIONS FOR FURTHER RESEARCH 

8.1 Introduction 

The benefits of the random search method may go beyond its use as a 

calibration tool. Problems in identifying specific parameters were detected during 

calibration of the Soil Moisture Accounting (SMA-NWSRFS) Model which could 

only be attributed to the highly complex response surface created by the estimation 

criterion and model structure characteristics. A random search procedure can 

provide a global picture of the response surface which may help classify and quantify 

some of these problems. 

8.2 Surface Complexity and Point Density 

Adequate characterization of a response surface and calibration of a model 

using a random search technique require a specific minimum density of random 

points. This minimun density is related to the complexity and dimensionality of the 

response surface being searched. 

Let us consider the complexity of the surface as it relates to the density of 

points searched. For a convex surface (curve "a" in Figure 8.1), the average number 

of points needed to find the global optimum would be less than for a more irregular, 

nonconvex surface (curve "c" in Figure 8.1). 

The irregularity or complexity of the response surface discussed in Chapter Six 

can be evaluated by plotting the criterion value (DRMS) versus the average percent 
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Figure 8.1. Convex and non-convex surfaces 
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difference. Because average percent difference is a measure of how far the 

optimized value is from the global optimum, a noncomplex surface would have low 

criterion values near the global optimum (low values of average percent difference) 

and higher values farther away. A smooth, increasing line for the relationship 

between the criterion value and the average percent difference would be characteris

tic of a noncomplex surface. A complex surface, however, may have bumps and dips 

(many local optima) throughout the response surface and may, therefore, contain 

areas far away from the global optimum (high average percent differences) which 

have low criterion values. A poor correlation between the criterion value and the 

average percent difference would be characteristic for a complex surface. Figure 8.2 

shows a plot of DRMS versus AVG PDIFF for the optimized parameter values 

obtained using the URS algorithm from the studies reported in Chapter Six, Figure 

6.2. The correlation is seen to be quite poor, indicating that the response surface is 

fairly complex. 

The relationship between the density of random points and the surface 

complexity is critical in determining the global optimum. To illustrate this, consider 

the surface shown in Figure 8.3 which contains an optimum within a trough like the 

region having a width "a". Assuming that the average distance between searched 

points is "b" (indicative of the search density), the optimum at "a" would most likely 

be found if the ratio "b/a" were less than one. 

Hence, if the complexity of the surface is known, then it may be possible to 

determine the number of points required to ensure convergence. Alternatively, 
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Figure 8.2. Surface complexity of response surface described by the URS 
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Figure 8.3. Diagram of density and surface complexity 
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because characterizing a surface in 13-dimensional space is very difficult, the number 

of points needed to provide parameter values near the global optimum can be used 

as an indication of the complexity of the surface under consideration. By using a 

method for measuring surface complexity, ways to lower the complexity could be 

investigated. This would enable less computer time and fewer randomly generated 

points to be used in converging to the global optimum. 

The response surface that was studied in Chapters Five and Six is a 13-

dimensional function (optimizing 13 parameters). To get a feel for the densities used 

in those studies, a comparison to a grid search in two-dimensional space is 

instructive. If two parameters are to be optimized, and one wishes to consider a 

density of ten values along each parameter direction (Figure 8.4), the number of 

points searched would be 100 (nd where n = 10 points per dimension and d = 2 

dimensions). To perserve this same density in 13-dimensional space would require 

the generation of 1013 (ten trillion) random points. 

The total number of points searched in Chapters Five and Six did not exceed 

12,500. This density in 13 dimensions is equivalent to just greater than two values 

per parameter direction. Figure 8.5 demonstrates how sparse a representation of a 

surface this is. More points were not considered due to restrictions on computer 

time. In running the search using 12,500 points, an average of 17,000 cpu seconds 

were expended. This translates into a day and a half real time using the SCS40 mini-

supercomputer. 
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Figure 8.4. Density for ten points per parameter in two dimensions 
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Reducing the number of points necessary for convergence while perserving a 

constant density requires a lowering of the dimensionality of the problem. 

Eliminating parameters from the calibration procedure is the only way to decrease 

this dimensionality. Parameter values which have stabilized should be removed from 

the calibration procedure, thereby lowering the dimensionality of the search and 

requiring fewer points and less computer time for a prescribed density. 

8.3 Data Quantity and Quality 

A way to reduce the time required in calculating the estimation criterion for 

each random point involves minimizing the number of data points used in the 

calibration period. This would enable more random points to be considered for the 

same amount of computer time. For each point searched, the model is run for four 

six-hourly periods per day of the calibration period. Considering seven years of data, 

this means running the model for 10,220 time steps (7 years x 365 days x 4 time steps 

per day) for each random point generated. Reducing the calibration period to six 

years, the model would only have to be run 8,760 times for each point. If 1,000 

random points were generated, the latter case requires approximately 1.5 million less 

model time steps to be computed, a large savings considering that 99% of the 

computer time is spent running the model. Therefore, the number of years in the 

calibration period should be minimized, especially when a time-consuming calibration 

procedure such as a random search is used. 



102 

The quality of data must also be carefully considered, especially when the 

quantity of data is minimized. A random search can help determine the quality of 

data required in the following way. The calibration procedure should be run using 

N (i.e., seven) years of data which have a large variation in characteristics. The 

number of random points and computer time required to provide parameter values 

near their "true" values should be recorded. One year of data should then be 

removed and the calibration repeated. The number of points generated and the time 

required to obtain the "true" parameter values should then be compared to the 

previous case. If less time was required to obtain the "true" parameters, then the 

year should not be returned to the calibration data. This is because, if the search 

was able to locate the global optimum and find it in a shorter time in the case with 

the one year omitted, then that omitted year must not contain necessary information 

required by the calibration procedure. If, however, more time was required, then the 

year contains necessary information and should be returned to the calibration period. 

The characteristics and particularities (i.e., number of storms, storm intensities, storm 

sequences, droughts, monsoons) of that year should then be noted. Once this has 

been recorded, the year on the other end of the calibration period should be omitted. 

If this new calibration data set is more time efficient, then eliminate another year, 

so only N-2 years of data are used. This procedure should continue until no further 

reduction in computer time is achieved. 

Once the minimum number of years has been determined for these data, the 

characteristics of the data set should be studied to understand the information 
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required in the data for successful calibration of the model studied. This entire 

procedure should be repeated for other sets of calibration periods. 

Through these procedures, new information may be obtained about the 

quantity of data required for calibration using a random search method and what 

quality the data should consist of. 

8.4 Identifying Structural Problems in Models 

Characteristics associated with model structure which inhibit search 

procedures from converging to the global optimum may be identified using a random 

search strategy. It has been proven in theory that the uniform random search will 

converge to the globally optimal parameter set as more random points are 

considered. If the search is unable to converge to the "true" parameter values, then 

there must be some model structural problems which cause this nonconvergence. 

One method for testing for model structural problems is as follows. Several 

URS runs are made with different random seeds. The various random seeds provide 

a means for measuring the variablity of the search. It is important that enough 

random points are used so that the final parameter values have stabilized. That is, 

the parameter values remain relatively unchanged after several iterations of the 

search. As the random points are searched, the lowest estimation criterion value and 

its corresponding parameter set should be retained and printed out for every N (i.e., 

1,000) points generated. The parameter values associated with the different random 

seeds can then be plotted for every N points. From this plot, the convergence of 



104 

parameter values to their true value and variation due to the random seed may be 

examined. Those parameters which do not converge (optimized value does not 

necessarily come closer to the true value) and whose random variation does not 

decrease are singled out as part of the structural problem. Places in the model 

where these parameters are used should then be investigated. 

Another method for determining model structure problems involves a high-

density search in local areas to find "pits" (tiny local optima) in the response surface 

where the estimation criterion value is very low (Figure 8.6). Comparing the 

parameter values associated with these "pits" may disclose the compensation of one 

or more parameters for the nonoptimum value of another. 

This investigation may also shed light on the uniqueness of the "true" (global) 

solution. It is assumed that there is only one "true" (global) parameter set. However, 

there are many combinations of parameters which provide low criterion values. 

These locally optimal parameter sets can be used to generate hydrographs for many 

sets of data with a large variety of characteristics. Their hydrographs can then be 

compared to the hydrograph generated by the "true" parameter set. If there is no 

significant difference in the hydrographs, then the true system may be represented 

by combinations of parameter values other than the "true" parameter set, and the 

solution is considered nonunique. 
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Figure 8.6. Diagram of surface "pits" 
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8.5 Summary 

This chapter discussed ways in which the random search strategy may be used 

to improve the calibration procedure through a better understanding of the model 

which is being calibrated and the effect of data on its calibration. 
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APPENDIX A 

SETTING UP THE SOIL MOISTURE ACCOUNTING MODEL 

To set up the SMA-NWSRFS Model for calibration, initial values for its 

parameters and variables had to be determined and a synthetic data set created. 

In order that the work in this study may be reproduced, the values used for 

the unit hydrograph are displayed in Table A.l, and initial parameter values are 

shown in Table A.2. The precipitation and potential evapotranspiration data came 

from Leaf River near Collins, Mississippi. The seven consecutive years of data which 

were used span the water years 1956 to 1962. This includes the months of October 

1955 through September 1962. 

For the synthetic data, "true" parameter values were assigned (Table A.3), and 

new "observed" streamflows were created. The "true" values were obtained from data 

in Table 6.3 in Brazil's dissertation (1988), as were the initial parameter values and 

ranges (Table A.2) over which the parameters may vary. The initial soil conditions, 

provided by the NWS, were assigned values which are tabulated in Table A.4. These 

initial values are used throughout the thesis except in Section 5.3.6, where the effects 

of initial values are considered. 
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Table A.l. Unit Hydrograph Indices for the Soil Moisture Accounting Model of 
the National Weather Service River Forecast System 

1.4 

3.2 

4.5 

5.1 

5.2 
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1.6 

0.6 
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Table A.2. Initial Parameter Values and Ranges for the Soil Moisture Accounting 
Model 

Lower Initial Upper 
Bound Estimate Bound 

UZTWM 10.0 25.0 150.0 

UZFWM 10.0 30.0 75.0 

LZTWM 75.0 175.0 400.0 

LZFPM 50.0 525.0 1000.0 

LZFSM 10.0 155.0 300.0 

UZK 0.2 0.3 0.4 

LPZK 0.001 0.011 0.02 

LZSK 0.02 0.135 0.25 

ZPERC 5.0 175.0 250.0 

REXP 1.1 3.0 4.0 

PFREE 0.0 0.1 0.6 

ADIMP 0.0 0.1 0.2 

PCTIM 0.0 0.05 0.1 



Table A.3 Parameter Values Used in Synthetic Study. 

UZTWM 56.0 

UZFWM 46.0 

LZTWM 131.0 

LZFPM 162.0 

LZFSM 23.0 

UZK 0.245 

LZPK 0.009 

LZSK 0.043 

ZPERC 226.0 

REXP 3.65 

PFREE 0.063 

ADIMP 0.173 

PCTIM 0.043 
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Table A.4 Initial Soil Conditions for the Soil Moisture Accounting Model. 

UZTWC 17.0 

UZFWC 0.0 

LZTWC 21.0 

LZFSC 0.0 

LZFPC 24.0 

ADIMC 33.0 
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APPENDIX B 

RELATIONSHIP BETWEEN RLRF VALUE AND THE 

CONVERGENCE TOLERANCE 

The ARS technique is designed to locate the global optimum within an 

acceptable tolerance. An acceptable convergence tolerance requires the optimized 

parameter values and the global optimum to be within the same final range level 

when the search is terminated. 

The final range level allows the optimized parameter values to vary by: 

a7L„ - LLn) 1 

2 RLRFV-» 

where: 

± (ULn - LLn)/RLRF(J1) 

number of range levels; 

ULn = upper limit of parameter n; 

LLn = lower limit of parameter n; and 

RLRF = range level reduction factor. 

Therefore, if the global optimum value is within the range _+ Rn/2 of the 

optimized parameter values, the search is said to have located the global optimum. 

Because the global optimum is known, the optimized parameter values must be 
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within _+ Rn/2 of the "true" parameter values, and the variability allowed by the 

search is _+ Rn/2. 

Examining the equation: 

Rn = (Ul^ - LLn)/RLRF<1"1) 

it is seen that for the first range level (J = 1): 

Rn 
= (ULta " LLh) 

This is the total parameter space allowed to be searched limited by boundary 

conditions. For the second range level (J = 2), the equation becomes: 

Rn = (ULn- LLJ x (1/RLRF) 

If you want the parameter space searched to be 70% of the total space available, the 

RLRF value must be set at 1/70% or 1.43. The parameter space searched in the 

third range level is: 

Rn = (ULn - LLJ x (1/RLRF2) 
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If the parameter space in the second range level was reduced by 70% of the original 

space, then the third range level parameter space would be decreased to: 

1/1.432 = (1/1.43) x (1/1.43) = (70%) x (70%) = 49% 

of the original parameter space and 70% of the parameter space in the second range 

level. 

In the case where three range levels are used and RLRF equals 1.43, the 

search sufficiently locates the global optimum if the optimized parameter values are 

within: 

(UL - LLn) 
+ -— n- * 49% 

2 

of the global optimum. 

In this thesis, the convergence tolerance is defined as: 

RLRF(1J) x 100% 

Therefore, a convergence tolerance of 70% is read as 70% of the initial parameter 

range centered around the "true" parameter value. 
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