INFORMATION TO USERS

This manuscript has been reproduced from the microfilm master. UMI
films the text directly from the original or copy submitted. Thus, some
thesis and dissertation copies are in typewriter face, while others may
be from any type of computer printer.

The quality of this reproduction is dependent upon the quality of the
copy submitted. Broken or indistinct print, colored or poor quality
illustrations and photographs, print bleedthrough, substandard margins,
and improper alignment can adversely affect reproduction.

In the unlikely event that the author did not send UMI a complete
manuscript and there are missing pages, these will be noted. Also, if
unauthorized copyright material had to be removed, a note will indicate
the deletion.

Oversize materials (e.g., maps, drawings, charts) are reproduced by
sectioning the original, beginning at the upper left-hand corner and
continuing from left to right in equal sections with small overlaps. Each
original is also photographed in one exposure and is included in
reduced form at the back of the book.

Photographs included in the original manuscript have been reproduced
xerographically in this copy. Higher quality 6" x 9" black and white
photographic prints are available for any photographs or illustrations
appearing in this copy for an additional charge. Contact UMI directly
to order.

UMI

A Bell & Howell information Company
300 North Zeeb Road. Ann Arbor. Mi 48106-1346 USA
313:761-4700  800.521-0600






A BAYESIAN - MONTE CARLO APPROACH
TO ASSESS UNCERTAINTIES IN PROCESS-BASED,

CONTINUOUS SIMULATION MODELS

by

Mario Tiscareno-Lopez

A Dissertation Submitted to the Faculty of the
SCHOOL OF RENEWABLE NATURAL RESOURCES

In Partial Fulfillment of the Requirements
For the Degree of

DOCTOR OF PHILOSOPHY
WITH A MAJOR IN WATERSHED MANAGEMENT

In the Graduate College

THE UNIVERSITY OF ARIZONA

1994



UMI Number: 9432861

UMI Microform 9432861
Copyright 1995, by UMI Company. All rights reserved.

This microform edition is protected against unauthorized
copying under Title 17, United States Code.

UMI

300 North Zeeb Road
Ann Arbor, MI 48103



THE UNIVERSITY OF ARIZONA
GRADUATE COLLEGE

As members of the Final Examination Committee, we certify that we have

read the dissertation prepared by Mario Tiscareno-Lopez

entitled A BAYESIAN - MONTE CARLO APPROACH

TO ASSESS UNCERTAINTIES IN PROCESS - BASED,

CONTINUQUS SIMULATION MODELS

and recommend that it be accepted as fulfilling the dissertation

requirement for the Degree of Doctor of Philosophy

7774.,/4wcf </2/94

4

Q/Z/AA %/ﬁ ’%ateu»«f-v 7

Date

’m H . SILAL
it
A 2t . e/ Errm Dagtf—/ Z/ s

U‘\wmk ml& W o

Date

Final approval and acceptance of this dissertation is contingent upon

the candidate's submission of the final copy of the dissertation to the
Graduate College.

I hereby certify that I have read this dissertation prepared under my
direction and recommend that it be accepted as fulfilling the dissertation

requirement.
K\u&\(LJ@,\ Sl2/q4

Dissertation Director ~ Vicente L. Lopejs ~ Date




STATEMENT BY AUTHOR

This dissertation has been submitted in partial fulfillment of requirements for an
advanced degree at The University of Arizona and is deposited in the University Library
to be made available to borrowers under rules of the Library.

Brief quotations from this dissertation are allowable without special permission,
provided that accurate acknowledgment of source is rnade. Requests for permission for
extended quotation from or reproduction of this manuscript in whole or in part may be
granted by the head of the major department or the Dean of the Graduate College when
in his or her judgment the proposed use of the material is in the interests of scholarship.
In all other instances, however, permission must be obtained from the author.

SIGNED:



ACKNOWLEDGMENTS

This dissertation is the culmination of personal experience and insight coupled with
interactions with mentors, professors, and peers. I would like to express my appreciation
and gratitude to Dr. Vicente L. Lopes, my major academic and researcher advisor, for his
assistance, support, and encouragement on my graduate studies. Thanks Dr. Lopes for
motivating me to understand the modeling of physical processes in watersheds.

I am very grateful and indebted to Dr. Leonard J. Lane who gave me not only the
opportunity of doing this research at ARS facilities but also who show me how to justify
colaboration research projects between countries. Thank you very much Dr. Mark Weltz
for the economic support that you made possible for this research and the time spent in
data collection and analysis.

I would like to express my gratitude to the members of my dissertation committee,
Dr. Richard H. Hawkins for the good learning environment that I found at the Watershed
Resources Department, Dr. Phillip D. Guertin for his valuable comments during the
defense of this dissertation, Dr. Donald R. Davis for the long time spent on very analytical
reviews of the statistical approach and one-to-one discussions, Dr. Jeffry J. Stone for the
constant assistance needed to clarify my understanding of hydrologic modeling. Thanks
to Dr. Pinnaduwa H.S.W. Kulatilake for his comments to implement this research.

Also, thanks to the Instituto Nacional de Investigaciones Forestales, Agricolas, y
Pecuarias (INIFAP) in Mexico who made possible my graduate studies at The University
of Arizona. Special thanks to Drs. Ramon Claveran Alonso, Ramon Martinez Parra, Luis
F. Flores Lui, Carlos Sanchez Brito y M.C. Salvador Martin del Campo.

I am indebted to many individuals at the Southwest Watershed Research Center of
the USDA-ARS, Tucson, AZ. Thanks to Dr. Mariano Hernandez Narvaez for the detailed
reviews of this manuscript and suggestions to improve the methodology. Thanks to Roger
Simanton for the field data utilized for this research, Charmaine Verdugo for the help on
chemical analyses, and the personnel of ARS in Tombstone, AZ.; Howard Larson, Charlie
Escapule, Art Dolphin, James Smith, and John Smith for the help in data collection and
for the field training that I received at the Walnut Gulch Experimental Watershed during
the monsoon seasons.



This dissertation is dedicated with all my love to my wife Maria Teresa
and children Mario, Alejandro and Araceli.

For all the moments that I could not be with you because of this research.



TABLE OF CONTENTS

LIST OF ILLUSTRATIONS ......
LIST OF TABLES ..................
ABSTRACT ........ooiiiininnnn,

1. INTRODUCTION .......ccoevvnininnne.

Objectives ......covvevevinenenininennns
Approach ...,
Benefits ..........ocoevviiiiiiiiinnnn,
2. LITERATURE REVIEW .............

Need for Uncertainty Analysis ....

...........................................

............................................

...........................................

............................................

...........................................

...........................................

...........................................

...........................................

...........................................

...........................................

Sources of Model Prediction Uncertainty .............ccocovviiieennenn..

Model Error ......oeeeennn

Parameter Error .............

...........................................

...........................................

A Review of Techniques for Uncertainty Analysis .......................

Sensitivity Analysis ........

Monte-Carlo Analysis .....

............................................

............................................

First-Order Approximation Technique .............cc.covvvvannen.

Other Techniques ...........

Two-Point Estimate

...........................................

..........................................

10

14

15

17

17

20

21

23

24

24

25

26

28

32

33

38

43

45

46



TABLE OF CONTENTS -- Continued

Kalman Filtering .......c..ocviiiiiiiiiiiiiiii,

Bayesian Approaches ..........ccocviiiviiiiiiiiiiiiinn.,

3. MODEL DESCRIPTION ....c.ciiiiiiiiiiiiiiiiiiiiiiiniinieee e

The WEPP Model

.............................................................

WEPP Hillslope Hydrology .......cocooviiiiiiiiiiiiiiiiiniiiiiiieeeann,

WEPP Hillslope Erosion .........cccooveviiiiiiiniiiiiiiniiniiiiieneenane,

Hillslope Parameter EQuations ............ccocoeveiiiiiiieniieninininenen...

Earlier Works on WEPP Uncertainty ...........cccoovveeieviviienennnnn.,

4. STUDY SITE ........

...............................................................

The Walnut Gulch Experimental Watershed .............................

The Kendall 112 Watershed .....ooviriiviiiiiiiiiiiiiiiiiieiesiiiineenens

Climate .....

Vegetation

..............................................................

..............................................................

Hydrology and Sedimentation ..................cooiiiiieiineean.,

5. MODEL CALIBRATION AND IDENTIFICATION OF

PROBABILITY DISTRIBUTIONS OF PARAMETERS ......................

Introduction .......

Chapter Objectives

...............................................................

..............................................................

47

49

54

54

55

57

59

60

65

66

69

69

73

75

80

85

85

87



TABLE OF CONTENTS -- Continued

Relevant LIEIratlUre  .....cocvvireeiviernteiereneeernneeessssesanssseenneeennns

Methodology

Technique I:

.....................................................................

Monte Carlo simulation with Correlated Inputs ..........

Generation of Parameter Deviates ......o.vveirvirernrrerneeennnnn.

Technique Implementation .............oooiviiiiiiiiniiinnn.n,

Technique II:

Gener

Bayesian - Monte Carlo Technique .......................

ation of Parameter Deviates .....coovvvviiiieinniniirreannnns

Empirical Distributions ..............cocoieiiiiiviniiininiiinnnnn..

Sampling and Resampling Prior Probability Distributions .....

Technique Implementation ..............c.c.ooviiiiiiiiiinnnn..

Results ......

.......................................................................

Technique I: Monte Carlo with Correlated Inputs ...............

Varying of All Model Inputs .........ccocvvvvivienineninn,

Erodibility Parameters Calculated by the Model .......

Technique II: Bayesian - Monte Carlo Technique .............

Discussion of Calibration Results ......ooovvviriiiiiiiiiiiiiiiieens,

Conclusions

......................................................................

6. PREDICTION ERROR AND CONFIDENCE OF MODEL RESPONSES

Introduction

......................................................................

87

93

93

93

96

100

100

101

103

106

109

109

112

117

121

130

136

138
138



TABLE OF CONTENTS -- Continued

Page

Chapter ObJECtiVES  ..o.oviiniiiiiiii i e 140
Relevant Literaure ...........cocoiiiiiiiiiiiiiiniiiiiii e 140
Model Error ..o.ovivieiniiiiiir i 141

Parameter Error .........cooviiiiiiiiiiie e, 142

Reliability of Model Predictions ..............coevevevivinnninnnnnn. 144

MethodoIoBY  c.evvieiniirii i e 147
Estimation of Error in Model Predictions ...................... 147

Estimation of Confidence in Model Predictions ................. 148
Implementation ..........ceiiviiiiiiiii e 149

ReSUILS oot 152

Error Analysis ......cocoviiiiiiiiiiiiiiiiiiii 152

Prediction Intervals ...........ocooviiiiiiiiiiiiii 164

CONCIUSIONS  1.iuititiiiiiiiieiiieir e et ree e e e et tarreenens 168

7. SUMMARY, CONCLUSIONS AND RECOMMENDATIONS ........... 170
SUMMARY it 170
CONCLUSIONS oot 173
RECOMMENDATIONS ..ot 175

8. APPENDIX ..o 177

9. REFERENCES ... 188



Figure

2.1

4.1

4.2

4.3

4.4

4.5

4.6

4.7

4.8

5.1

5.2

LIST OF ILUSTRATIONS

The concept of uncertainty analysis based on Monte Carlo Simulation.
Geographic location of Walnut Gulch Experimental Watershed near
Tombstone, AZ. .....oiiiiiiiiiii
Kendall 112 in Walnut Gulch, Tombstone, AZ. .....coovvvveeenennnnn...
Vegetation in Kendall, a) K-112, and b) K-111 ..........ocooivivvininnene.
a) Climatic variables, and b) rainfall characteristics in K-112 ..........
Seasonal trend of total canopy cover considering the watershed facing
slopes and land USe ......cooiiiiiiiiiiiiii e
Seasonal soil water content considering the watershed facing slopes
and 1and USE  .....ooieiiiiiiiiii e
Histograms of rainfall depth, runoff volume and suspended sediment
yield characteristics recorded in Kendall 112 ................cccooiiiinis
Double-mass plot for 21-rainfall-runoff producing events occurred at
Kendall 112 from 1974-85 ....civiiiiiiiiiiiiiiiiiiiin
Flow chart for Technique I for model calibration using correlated and
indepentent PArameters ..........oceeieieiiniiiiiiiieniiii

Continuous piecewise-linear empirical function from original data

10

40

67

70

71

72

78

79

81

84

99

103



5.3

5.4

5.5

5.6

5.7

5.8

5.9

5.10

5.12

11

LIST OF ILLUSTRATIONS --Continued

Page
Flow chart for Monte Carlo tecnique under a Bayesian framework to
update prior pdf's of model parameters ...............ccoeiiiiiininininn... 108
Cummulative relative frequency plot of model efficiencies and &,
criterion of selection for model responses .............c.cooiiiieiininnn.n. 111
Relative frequency histograms of model efficiencies for runoff volume,
peak runoff and sediment yield ...............ccciii, 113
Prior and posterior probability distributions of model inputs ........... 115
Cumulative relative frequency and prior and resulting probability
distributions of model parameter ............c.ccooviiiiiiiiiiiiiiiieniaan, 118
Relative frequency histogram of sediment yield model efficiency when
erosion parameters were calculated by model equations ................ 119
Histograms and theoretical distribution of parameters from prior
INformation .........oociiiiiii e 122
Cumulative relative frequency plot of model efficiencies and @,
criterion of selection for model responses for Technique II ............. 123
Prior and posterior probability distributions of model inputs after
applying Technique IT .........coooiiiiiiiiii, 125

Progression of prior pdf's towards posterior pdf for saturated

hydraulic conductivity parameter ...............cooeverievieriiinnineeninanes 127



5.13

5.14

5.15

5.16

6.1

6.2

6.3

6.4

6.5

12

LIST OF ILLUSTRATIONS --Continued

Page
Prior and posterior cdf's of parameters ...............cocveiiiiiinininnn... 129
Response surfaces of sediment yield model efficiency for variations of
K;and K, parameters .........c.coevevinininininininieinieiiteieneeieieaaaan, 133
Response surfaces of sediment yield model efficiency for variations of
K, and 1, parameters .........ciiiiiiiiiiiiiiii e 134
Response surfaces of sediment yield model efficiency for variations of
T, ANd K, PATAMEIEIS  ....evvitinininiinitite i i eniieiineeneneierenenenannees 135
Monte Carlo simulation using correlated deviates generation for error
quantification and prediction intervals identification ..................... 151
Total error and parameter error by event for runoff volume, peak
runoff, and sediment yield ..........ccoeviiiiiiiii 154
Errors by magnitude of the precipitation event for runoff volume, peak
runoff, and sedimentt yield model responses .............c.ccceeieennnn. 155
Errors by the magnitude of the runoff volume, peak runoff, and
sediment yield events ..........ooiiiiiiiiiiii 157

Sum of prediction errors for runoff volume peak runoff, and sediment



Figure

6.7

6.8
6.9

6.10

LIST OF ILLUSTRATIONS --Continued

One-to-one scatter plots and frequency distributions of observed and
predicted variables using model inputs at their mean value but
parameters at calibration ...
Soil erosion processes occurring for events 6 and 15 ....................
Frequency histograms of model responses for four events ..............

Prediction limits for runoff volume, peak runoff, and sediment yield .

13

Page

159
162
166

167



4.1

4.2

5.1

5.2

5.3

5.4

5.5

5.6

5.7

6.1

14

LIST OF TABLES
Page

Statistics of soil characteristics in Kendall watershed .................... 74
Mean monthly vegetation attributes for the 1990-92 years at Kendall
watershed for grazed and ungrazed conditions for north and south
facing hillslopes and K-112 in June 1993  ........ccveevvvverreeerrenenn, 76
Statistics of parameters generated from distributions other than a
multiple normal distribution assumming parameter independence ..... 95
Model inputs and statistics used for this analysis ......................... 110
Parameter values at calibration after 10,000 simulations varying all
MOdEl INPULS  o.eeuiniiiiiitre et ieer e era e earaeeaan 116
Parameter values at calibration after 10,000 simulations when erosion
parameters were calculated by the model ................c.coeiniinne. 119
Maximum absolute deviation and significance level between the prior
and posterior distributions of K, using the Kolmogorov-Smirnov test .. 126
Parameter values at calibration after 1,000 new observations into the
prior pdf's for technique Il ... 128
Calibration parameter sets for the calibration schemes presented ...... 131

Observed and predicted variables for events 6 and 15 .................... 161



15
ABSTRACT

A Bayesian-Monte Carlo approach was carried out to assess uncertainties in process-based,
continuous simulation models. This was achieved by using the 93.13 version of the Water
Erosion Prediction Project (WEPP) model when applied to a small semi-arid rangeland
watershed nested in the Walnut Gulch Experimental Watershed, near Tombstone, AZ.
Two techniques were evaluated to calibrate the model and identify the probability
distributions of parameters based on the concept of model output classification
("acceptable" or "not acceptable"). Technique I consisted of Monte Carlo simulation with
correlated parameter deviates generation. Technique II applied Monte Carlo simulation
with correlated parameter deviates generation within a Bayesian framework to update
parameter probability distributions every time that the model produced an acceptable
realization. Based on the results, both techniques were able to calibrate the model and to
identify parameter distributions, however; Technique I was computational more expensive
than Technique II. This resulted because Technique II searched for parameter deviates
within the region of the prior distributions more likely to produce acceptable model
realizations. The contribution of parameter error and model error to total model
uncertainty was assessed by using the mean square error equation. Errors were uniform
during continuous simulations, errors never increased or decreased with the time of
simulation. However, errors are larger toward components of higher levels of aggregation

(soil erosion calculations). This resulted in larger errors in sediment yield predictions.
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Lack of homoscedasticity was observed, the largest errors for the largest rainfall events.
This is more evident for peak runoff and sediment yield than for runoff volume. Also, a
larger contribution of model error to total prediction uncertainty for peak runoff and
sediment yield predictions was observed. Prediction intervals of runoff volume indicated
that WEPP does acceptable responses in estimating infiltration variables. Almost all
observed runoff volume data were inside the 90% prediction intervals. Prediction
intervals for peak runoff reveale?d that WEPP rarely comprised the observed data within

the range of predictions. Because the large errors in estimating sediment yield, most of

the observed data never fell inside the prediction intervals.
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CHAPTER 1

INTRODUCTION

Computer simulation models have become important prediction instruments for real
world and science applications. For the engineer, model responses are important for
planning and designing. For the scientist, model predictions help to understand the
behavior of the systems and the processes taking place. In hydrology and soil sciences a
major advance has occurred with the generation of physically-based models. These models
have become important tools for both understanding complex processes of the hydrologic
cycle and planning the use of renewable natural resources. Unfortunately these computer
models are still abstractions of reality and contain simplifications and approximations of
the processes represented. Model predictions are subjected to uncertainties because of
errors in representing the natural system. The identification of major sources of the

model's uncertainty is a critical step during model evaluation.

PROBLEM STATEMENT
Physically-based distributed parameter models offer the capability, in theory, of
predicting the behavior of systems based on their physical properties. In simulating
hydrologic systems, process-based models are capable of estimating model parameters
using information from watersheds. This allows one to predict; a) the hydrological

responses of ungauged watersheds resulting from climatic events, b) environmental
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responses due to changes in land-use, and c) the response of the watershed due to
interrelated effects of climatic events and land-use.

In practice, there are many problems associated in using process-based models
when model parameters have been estimated based on field measurements. Most common
problems are; a) the difficulty of representing in a model the temporal and spatial
variability of processes and parameters occurring on a watershed (scale problem), b) the
inability of the model's equations to calculate reliable model parameters based on some
watershed characteristics and few field samples (accuracy and precision), and c) the
appropriateness of the mathematical procedures to compute the model state variables
(method of solution). Beven (1987), and Goodrich and Woolhiser (1991) discussed a wide
spectrum of common problems found in hydrologic models. |

Because of these and other problems, process-based models frequently lose their
attractiveness for solving real world problems. A common approach in applying these
models is to treat them in a similar manner as lumped conceptual models. Then perform
some calibration procedure over a few observed events. Unfortunately due to the large
number of parameters required to represent the system the calibration is not an easy task
(Binley et al., 1991).

It is important to remember that a major justification in using process-based models
in decision making is the improvement in accuracy of model predictions. However, a

major dissatisfaction with this type of models is that very few of them are accompanied
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with documentation that shows the major sources of uncertainty for real world
applications. The utility of watershed models can be enhanced greatly with information
concerning their accuracy and precision. This is important for model choice, decision-
making, engineering design, data collection, and model refinement (Garen and Burges
1981).

Model uncertainty is commonly evaluated through error analyses in which model
predictions are compared with observed information. However, two major difficulties are
encountered in evaluating process-based models subjected to parameter updating. First,
by conceptualization, these models are intended to be applied on ungauged watersheds with
little or no data. Determining the magnitude of error in a deterministic simulation is
difficult. Second, traditional studies of error analysis provide limited information about
model reliability for those sites where the model was never tested. Calibration methods,
used to identify the best set of parameters, never provide a likelihood of occurrence of
plausible sets of parameters, for either the site with observed data or for sites without
observed data.

It is the purpose of this research to provide an approach to assess uncertainties in
process-based models subjected to parameter updating under continuous simulation when

applied to representative watersheds.
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OBJECTIVES
The objective of this research is to implement an error analysis approach to
properly evaluate process-based models subjected to parameter updating under continuous
simulation mode. To do this, a process-based soil erosion model was selected and applied

to a rangeland watershed. This general objective is divided into five sub-objectives:

1. Examine the performance of a distributed parameter, process-based soil erosion

model when applied to a small semi-arid rangeland watershed.

2. Identify an approach to calibrate and obtain the probability distribution of

parameters of a distributed, process-based, continuous simulation model.

3. Identify the model's likelihood to produce plausible realizations when the model

is subjected to parameter updating under continuous simulation mode.

4. Quantify the contribution of parameter error and model error to the total prediction

error when the model is applied for a continuous simulation.

5. Identify prediction intervals of model predictions for continuous simulations.
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APPROACH

To meet the objectives on this study, version 93.13 of the USDA-ARS Water
Erosion Prediction Project (WEPP) soil erosion model was selected. WEPP is a
physically-based, distributed parameter, continuous simulation computer model designed
to simulate the effects of land-use practices on soil erosion, sediment deposition, and gully
formation on cropland and rangeland watersheds. WEPP is a good model for this study
because: a) erosion and hydrologic parameters are directly calculated from soil
characteristics, b) model parameters are updated under continuous simulation mode, and
c¢) the model is applicable to a broad range of land-use conditions.

During this study, it was decided that the WEPP model should be tested using
information from a natural system. This approach allowed to evaluate the model's
capability to depict the temporal and spatial variability of a natural system. This was done
to meet the first sub-objective in which the spatial and temporal variability of soils and
vegetation in the Kendall watershed are used. Historical records of climate, runoff volume,
peak discharge and sediment yield also were used. Kendall watershed, located in the
Walnut Gulch Experimental Watershed near Tombstone, AZ., is representative of
thousands of hectares of grassland found throughout the southwestern United States
(Renard et al., 1992).

For the identification of a method for calibrating WEPP under continuous

simulation mode and identify the probability distributions of model parameters, two
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techniques based on Monte Carlo simulation were evaluated. Technique I intended to
overcome the limitations of traditional Monte Carlo of generating unrealistic parameter
sets because of neglecting parameters correlations during the process of random deviate
generation. This considered the correlation of parameters from field observations.
Technique II applies the Bayesian theory to make improvements to the probability
distributions of model parameters estimated from a priori information. The estimation of
prior probability distributions of parameters for Techniques I and II resuited from: a)
rainfall simulation experiments, b) model's erosion equations, and c) other models (IRS
model by Stone et al., 1992). Both approaches rank model outputs based on the
parameters' capability to produce acceptable predictions based on a model efficiency
criterion. Because these techniques used different approaches to sample prior distributions,
differences are expected in terms of efficiency of the calibration values.

Third, using the ranking of the model outputs, the model's ability to produce
plausible realizations is obtained for two initial conditions of entering the erosion
parameters: a) parameters are entered randomly, and b) erosion parameters are calculated
by the model equations.

Fourth, Monte-Carlo method is applied to quantify the contribution of parameter
error and model error to total model uncertainty when the model is applied in a continuous
simulation mode. This is obtained with the mean square error equation expressing the

uncertainty of model predictions due to variance in parameters and the unexplained
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variability due to errors in model structure and data uncertainty.

Fifth, intervals of model predictions are obtained for the response variables of
interest (runoff volume, peak runoff, and sediment yield) by selecting the 90% of model
realizations. This is accomplished by rejecting the upper and lower 5% of the realizations.

Comparisons are then made with observed data to evaluate model accuracy.

BENEFITS

The benefits from this study are the following: a) a complete and realistic technique
for uncertainty analysis of process-based computer models, b) an improvement of the
Monte Carlo technique to calibrate process-based models, and c) improvement of
probability distributions of model parameters based on Bayesian theory.

The benefits of this research for the WEPP model are: a) identification of the
contribution of model error and parameter error to total prediction error, b) delineation
of prediction intervals of model responses under continuous simulation, and c)
identification of the model's capability to generate plausible sets of model parameters when

parameters are calculated based on watershed characteristics.
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CHAPTER 2

LITERATURE REVIEW

Process-based models have become widely accepted tools for predicting the impacts
of land use changes on hydrologic systems. They allow planners to simulate management
scenarios that in a real world would be expensive to set up and would require long periods
to collect the desired information. Unfortunately, the representation of physical systems by
computer models is still very crude and model responses depict only gross approximations
of the real systems' behavior. This section discusses the need for considering uncertainty
error analysis in process-based, distributed-parameter models designed to predict land-use

changes on hydrologic systems.

Need of Uncertainty Error Analysis

Process-based hydrologic models are based on the laws of conservation of mass,
energy, and momentum, either for individual or continuous events in space and time. In
practice, these models allow us to understand functional relationships and predict the
watershed responses to various inputs. With the support of a hydrologic model it is possible
to identify the probable consequences of land-use activities in areas with little hydrologic
data (Woolhiser and Brakensiek, 1982).

The process of formulating mathematical expressions that describe a component or

components of the hydrologic cycle is called model development. Itlis assumed that the




model's results mimic the natural processes that the model is supposed to simulate.

These mathematical models are simplified descriptions of the real system. Model
predictions have some amount of error - also referred to as uncertainty - associated with
them. Recent research indicates that model error can be so significant that model predictions
become useless.

Disparities in representing the real system make error analysis necessary to identify
sources of uncertainty and their contribution to total model prediction error. The
identification of the major sources of uncertainty in model prediction becomes an important

step during the process of model development and evaluation.

Sources of Model Prediction Uncertainty

Prediction uncertainty may be due to a variety of factors including model error caused
by the abstraction of a system into a set of mathematical equations (Cale and Odell, 1979),
and the error in representing the natural variability of a system by assuming that the system
is spatially homogeneous (O'Neill and Gardner, 1979; Lane and Shirley, 1985), or
temporally homogeneous (Gardner and O'Neill, 1980; and Plate and Duckstein, 1988). The
error caused by the inability to represent the spatial and temporal variability of the real
system is strongly related to uncertainties in model parameters. This section discusses the

major sources of errors in process-based hydrologic models.
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Model Error

Model error - also known as structural error and framework error - arises because the
governing laws are not known precisely and model equations are gross approximations of
the true behavior of the system.

In rainfall-runoff modeling situations, in which the input data extends over a period
of time and the interest is to predict the state variables for a number of events or a number
of days », a functional form for any model structure can be represented as:

Y,=P(XB) +e @D
where the ith predicted runoff is denoted as P,, X'is the set of model input variables, B is the
set of true model parameters, Y; is the actual runoff value, and ¢, is the model error associated
with the ith prediction. This error €, is independent of P,(X,p) and has a mean zero and
constant variance. However, there are several reasons why models do not follow this form
of model error and fundamental statistical assumptions are violated. One common reason
is that the functional form of the physical model P, is not correct or adequate. In this case,
the model is said to be misspecified and to contain structural errors (White, 1981; Troutman,
1985). The four statistical assumptions about model errors ¢, €, ..., €,, that need to be
reviewed for model structure analysis are: 1) the errors are statistical independent of the
predictions and are identically distributed, 2) the errors are statistical independent of each
other, 3) the errors have a mean zero and a finite variance o, and 4) the errors are normally

distributed.
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Model error results from the level of aggregation of simulated components in the
model because the model is a collection of equations representing components of the system.
Those equations have an implicit error that accumulates into a collection of errors.
According to Kirchner (1991), one must be aware of the trade-offs that exist between model
complexity and accuracy of parameters and input data. As models become more complex,
data and parameter requirements usually become greater.

In building a model, one must make choices about which processes and states to
include and which states to aggregate to simplify the model. The level of uncertainty may
be used as a criterion for comparing various levels of model complexity. Adding complexity
to a model may improve its ability to represent the behavior of a natural system. However,
the added complexity may increase uncertainty in model predictions. Eventually, adding
complexity to a model is likely to increase uncertainty in model predictions to unacceptable
levels. Uncertainty analysis provides one criterion by which to judge whether a model is
"improved" by adding or deleting processes or states described by the model (Kirchner,
1991).

Model error has been largely ignored, primarily due to the widespread belief that
models could be made as accurate as desired by increasing the detail and complexity of the
governing equations (Dilks, 1987). O'Neill (1973) has shown that while increasing model
complexity can decrease the contribution to total error caused by the structural error, it can

lead to a greater increase in parameter error. Fedra (1983) evaluated the structure of two
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ecological models using a Monte-Carlo framework and classified model outputs based on
the violations of constraint conditions imposed using observed information of the system.
The author mentioned that there is no established scientific way of identifying the "best"
model structure for a given system under uncertainty. All that can be done is to rule out
grossly inadequate model structures. Since initial conditions and reference behavior for
model testing are uncertain, they can both be specified in terms of plausible inputs and

acceptable outputs.

Parameter Error

An important source of prediction error comes from error in estimating model
parameters. This type of error has received most of the attention in model evaluation studies
(Gardner and O'Neil, 1980) since it has been demonstrated that small errors in model
parameters can be propagated into large errors in model results. Parameter error is
propagated by the model's equations according to the magnitude of the error and the
equation's sensitivity to parameters (McCuen, 1973).

Most of the problems with parameter error arise from the difficulty in representing
the variability of the system. In watershed modeling, in which models intend to represent
watershed behavior under natural or stressed conditions, runoff and soil erosion calculations
depend on the spatial and temporal variability of watershed properties and parameters that

regulate fundamental process such as infiltration and erosion. Spatial variability is imposed
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by changes in soil and vegetation while the temporal variability is imposed by the effects of
climatic cycles and land-use on plant growth among others. The error associated with model
parameters describing the system variability was defined as intrinsic uncertainty (Dettinger
and Wilson, 1981).

Another source of parameter uncertainty is that caused by errors that result from
"noisy" or incomplete information about the system. This is known as information
uncertainty (Dettinger and Wilson, 1981). Information uncertainty represents the lack, in
quantity and quality, of information concerning the watershed system. Estimates of various
properties or descriptive parameters of the system will generally contain many inaccuracies.
These errors arise from several sources, such as noisy or scarce measurements, and may be
statistical or conceptual in nature. Information uncertainty comprises those errors in
parameter values resulting from mistakes during data collection, the lack of accuracy and
precision of field and laboratory equipment used to process and analyze the samples, as well
as the capability of the personnel involved in such collection.

A distinction between the two forms of uncertainty is that information uncertainty
is generally reducible through measurements while intrinsic uncertainty is a physical
variability undiminished by observations. The term information uncertainty can refer to our
estimate of the true parameters value. It can be referred as the lack of reliable parameter
values based on equations derived from field experiments, or it can be the estimated statistics

of the spatial and temporal stochastic processes.
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Errors due to the system's variability are commonly originated by point estimates of
parameters used to extrapolate information to a watershed scale. Parameter from field
measurements and parameter determination from laboratory experiments are difficult to
interpret at a watershed scale where nothing is constant (Fedra, 1983).

An experiment that illustrates the effect of ignoring the spatial variability on model
predictions was conducted by Lane and Shirley (1985). They studied the effects of
parameter distortion for different watershed geometries using an overland flow, rill and
interrill soil erosion model. They mentioned that field measured parameters suffer
significant distortion due to watershed geometry simplification (a watershed represented by
a single plane) when the model was subjected to calibration (best fit of parameters).
However, parameter distortion was minimal when the model considered the watershed
topography and channel network. Error produced by assuming homogeneity in watersheds
is of interest to those models that seek to estimate parameters a priory from physical features
with the objective of predicting future behavior of the watershed and making predictions on
ungauged watersheds where observations are not available.

In deterministic models, the system's variability is represented by incorporating the
variances within the model inputs and parameters. A common approach is the use of
probability distributions obtained from field measured parameters. Using these distributions
and the Monte-Carlo method, a probability distribution of model outputs is then obtained.

According to Tiwari and Hobbie (1976) this type of probabilistic description of the system
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important to have an overview of the available technology and its implication in process-
based computer models.

Three major, well defined techniques are commonly used for uncertainty analysis of
computer models: 1) sensitivity analysis, b) Monte-Carlo analysis, and c) first-order error
analysis. Other techniques, but less frequently used, are the two-point estimate methods, the
extended Kalman filtering, and approaches based on Bayesian theory. This section will
discuss the basic concepts and differences between these approaches in addressing problems

of prediction uncertainty.

Sensitivity Analysis

Sensitivity analysis is perhaps the most used technique for error analysis. Sensitivity
analysis is a tool that provides insight into the correspondence between the model and the
physical processes being modeled. By studying the models' responses due to changes in its
parameters, inputs, and boundary conditions, it is possible to gain insight into the model's
behavior and to derive computational algorithms for identification of its unknown parameters
(Vemury et al., 1969).

Lane and Ferreira (1980) defined sensitivity analysis as the rate of change in one
factor with respect to change in another factor or the process of identifying and quantifying
the magnitude of the expected changes or disturbances. It is useful in the formulation,

calibration and verification of hydrologic models (McCuen and Snyder, 1986).
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Meier et al.(1971) indicated that the sensitivity of a model's response to variations
in input data can be used to indicate the relative importance of various types of input
information. Emphasis can then be placed on developing and refining those data which have
the greatest influence on model output. In other words, given a prespecified amount of
resources which will be used for data collection and data preparation, sensitivity analysis can
be conducted to define how best to expend the effort.

According to Overton and Meadows (1976), once the parameters are identified,
sensitivity analysis proceeds by holding all parameter constant but one, and perturbing the
last one so that changes in the objective function can be detected. If small perturbations in
one parameter produce large changes in the objective function, the system is said to be very
sensitive to that parameter. However, according to Hoffman and Gardner (1983), a
sensitivity analysis by increasing or decreasing each parameter by a fixed percent of nominal
value assumes that each parameter is equally important.

The primary assumption in this approach is that the response surface of the output
variable of interest is effectively linear within the small region of the parameter space
explored by perturbations. The nominal values chosen for this analysis are usually those
considered to give the best model predictions for a particular situation. A local sensitivity
analysis is analogous to determining the partial derivative for each output variable with
respect to each parameter (Kirchner, 1991).

Tomovic (1963) and Karnavas et al. (1993) defined several sensitivity coefficients
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based on the sensitivity of differential equations that relate the change in model response

with a change in model parameters.
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where S,” is the absolute sensitivity of the function F to variations in the parameter o
evaluated at Normal Operating Point (NOP) where all parameters have their nominal values.
Subsequently, when it is necessary to compare the effects of different parameters the relative
sensitivity function is more convenient. McCuen (1973) and Karnavas et al. (1993) defined
relative sensitivity coefficients by deriving equations for the rate of change of the
independent variable with respect to the rate of change for each dependent variable. The
relative sensitivity of the function F to the parameter o evaluated at the normal operating

point is given by:
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where the subscripts 0 means that all functions and parameters assume their normal operating
point values. Relative sensitivity functions are formed by multiplying the partial derivative
(absolute sensitivity function) by the nominal value of the parameter and dividing by the
nominal value of the function. For unsteady state models, the sensitivity coefficient (partial
derivative) is a continuous function of time (Karnavas et al., 1993).

The usefulness of the methods described above depends on the ability of
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reformulating the system in analog terms or providing analytical results of the solution to the
sensitivity equation. However, for most hydrologic models, these methods are not feasible.
In hydrologic models, large parameter uncertainty or variability may produce results quite
different from those obtained by small parameter perturbations (Gardner et al., 1980b).

McCuen and Snyder (1986) noted a strong structural relationship between regression
analysis and sensitivity analysis. For a linear regression model relating two random
variables, the sensitivity of the dependent variable Y to variations in the independent variable
X can be determined by differentiating the regression equation with respect to X: a¥/aX = b,
where b is a the regression coefficient that represents the rate of change in Y with respect to
changes in X.

Lane and Ferreira (1980) stated that, as models become more complex, model
sensitivity is more easily expressed in differential forms, relative changes, graphs and tables,
rather than as functions. Nearing et al. (1989) conducted a sensitivity analysis of the WEPP
single storm profile model. To assess the sensitivity of the model parameters they utilized
a sensitivity index based on the relative normalized change in output to a normalized change
in input. This approach, which is an approximation of the partial derivative of the model
with respect to parameter changes, allows comparison of sensitivities for different input
parameters with different orders of magnitude.

Gardner and O'Neil (1980) demonstrated that sensitivity analysis only approximates

the contribution of each parameter to overall model uncertainty because of three implicit
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assumptions:

1. The expected behavior of the model is equal to the behavior of the model using
expected parameter values (Argentisi and Olivi, 1976).

2. The contribution to total error can be approximated by examining the contribution
due to each parameter separately.

3. Small perturbation in the parameters approximate errors resulting from large
uncertainties (van Straten and de Boer, 1979), (e.g., higher-order effects are absent
or the parameter perturbation must stay within the range where the first-order
approximation remains valid).

According to Gardner and O'Neil (1980) the first assumption is ordinarily violated.
Gardner et al., (1980a), evaluating a marsh hydrologic model, identified that the expected
values to be as great as 87% different from the deterministic solution. However, in another
study Gardner et al., (1980b) calibrated six ecological models to a single hypothetical data
base. Bias was small, ranging from 1% to 10%.

According to Gardner and O'Neil (1980) the violation of the second assumption can
be identified by comparing the simple and the partial correlation coefficients calculated
between the individual parameters and total model variability. When all parameters are
varied simultaneously, the partial correlation coefficient suggests direct contribution of that
parameter to the total variance of the predicted value. If there are no interaction terms

between parameters, the partial correlation coefficient will approximate the simple
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correlation coefficient. But if the partial is not equal to the simple correlation, this indicates
that the variance of the other parameters has altered the relationships between parameters and
predictions.

The third assumption is that the uncertainty in model output can be characterized by
examining small variations in the parameters. However, for cases when the introduced error
is very large, such as the large natural variability of hydrologic systems, this assumption is

frequently violated (Gardner and O'Neil, 1980).

Monte-Carlo Analysis

Deterministic sensitivity analysis of time varying and nonlinear models is difficult
because of the complex or non existent analytical solutions of the model equations (Gardner
et al., 1981; Haan, 1988). In addition, deterministic models use a single value for each
parameter to produce a single prediction. These models ignore the effect of imprecise
parameter estimation and system variability. For any assessment situation, model parameters
are best represented by a range (or distribution) of values. This range translates into a range
(or distribution) of model predictions. Failure to account for this range means that the
predictions of deterministic models may be difficult to interpret when conservative
assumptions have been removed from the calculation. To explicitly account for the
imprecision in parameter estimation requires modeling approaches that are stochastic (i.e.,

probabilistic) rather than deterministic (Hoffman and Gardner, 1983).
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Any real system contains natural variability and system behavior is more realistically
represented as a frequency distribution of potential behavior. Monte-Carlo simulation for
error analysis assesses the effect that a parameter has on an output variable over the range
of parameter values that are likely to be exhibited. The range of parameter values is often
based upon a frequency distribution that is characteristic for each parameter. Tiwari and
Hobbie (1976) mentioned that a probabilistic description of the system is more realistic and
desirable because of the uncertainties associated with complex natural systems.

Monte-Carlo analysis consists in generating "synthetic" realizations of model outputs
by producing "synthetic data sets" of model inputs (Fig. 2.1). The procedure consists in
drawing random numbers from appropriate probability distributions to simulate the
variability of the model parameter in the field. Such parameter probability distributions
imply the natural sampling error. The random draws or random variates, represent a number
of measured parameters so that every set of parameters represents a unique scenario to be
used in a single model simulation. A number of simulations are performed to obtain a
distribution of model predictions which can be compared with the deterministic predictions
of the model or with the established limits to estimate potential bias of model results
(Kirchner, 1991). This distribution of the system's behavior or distribution of uncertainties
is the result of the statistical dispersion from variability in input model parameters (Gardner

and O'Neill, 1980).
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of statistical and computational limitations, partitioning is often limited to producing an
ordered list of parameters to which the outputs are sensitive (Kirchner, 1991). Second, it
requires that the moments, and shape of the distribution of input parameters need to be
identified a priori, since Monte-Carlo analysis randomly selects parameter values from
probability distribution.

In using the Monte-Carlo analysis, it is quite common to neglect parameter
correlations for propagating uncertainty and estimating the population distribution of risk.
According to Smith et al. (1992) our limited knowledge of the nature and extent of the
correlations among variables fundamentally limits out ability to make meaningful statements
about the degree of uncertainty in risk assessments. The effect of neglecting parameter
correlations in the Monte-Carlo method leads to unrealistic sets of model parameters and
therefore, unrealistic model predictions. Haan (1988) mentioned that Monte-Carlo sampling
from multivariate parameter distributions can be used to generate sets of model parameters.
Then each parameter set is used to generate a model output.

For purely analytical studies, the normal distribution is preferred. However, in cases
where the parameter distribution is unknown and the data implies a high coefficient of
variation, the uniform distribution is the least biased assumption when the maximum and
minimum parameter values are known (Garen and Burges, 1981). When the extremes and
a mean or a modal value are known the least bias is to assume a triangular distribution

(Tiwari and Hobbie, 1976; Scavia et al., 1981).
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Whitehead and Young (1979) applied a sensitivity analysis to a water quality model

for river systems using forecasted information in terms of statistical probability distributions
generated by Monte-Carlo simulation. The authors concluded that this kind of simulation
provided an effective method of randomly varying the model parameters in order to observe
their effects on output variations. In other words, it is a systematic approach to stochastic
sensitivity analysis and can be compared with the less systematic deterministic procedures.
The benefits of using the Monte-Carlo method to evaluate prediction uncertainty due

to errors in parameter estimation in complex, nonlinear models were confirmed by
Tiscareno-Lopez (1991) who obtained the distributions of uncertainties for four variables of
a process-based soil erosion model. In this study 19 model parameters were independently
varied from their respective probability distributions representing the parameter uncertainty.
Because of the model complexity and parameter interactions, the calculation of sensitivity
indices in an analytical manner was not feasible. Sensitivity indices were calculated using
stepwise regression analysis to a database generated by 10,000 model iterations. Here,
Monte-Carlo simulation not only yielded the distribution of prediction uncertainty but also
ranked model parameters according to their sensitivity and approximated error propagation.
Monte-Carlo simulation involves significantly greater computer time than first-order
analysis. However, Monte-Carlo error analysis has been used to check the accuracy of
approximations of the first-order variance propagation in lake eutrophication (Scavia et al.,

1981), ecology (Gardner et al., 1981), stream water quality (Burges and Lettenmaier, 1975),
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agreement was not improved significantly. Best agreement between the Monte-Carlo and
first-order estimates for both state variable values and their variance occurs when the Monte-
Carlo output distributions are symmetric.

An important issue in estimating the moments of the predictions is the effect of
parameter dependence. Strong correlations between parameters can produce misleading
results in estimating the moments using either Monte-Carlo simulation (Smith et al., 1992)
or first-order analysis (Song and Brown, 1990).

There is a similarity between the first-order uncertainty analysis and sensitivity
analysis. For moderately complex models, it is usually impossible to obtain analytical
expressions of the partial derivatives needed for the first order equations. So derivatives are
approximated via finite differences by relating the changes in model output to small

perturbations in model parameters (Burges and Lettenmaier, 1975; Garen and Burges, 1981).

Other techniques

Research on prediction uncertainty has spawned other techniques to improve or
facilitate the identification of sources of uncertainty as well as the quantification of error
propagation. Relatively new techniques for uncertainty analysis are the two-point estimate
method (Rosenblueth, 1975), the Kalman filtering (Kalman, 1960), and Bayesian type

approaches.
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Two-point Estimate

Rosenblueth (1975) developed a quick and relatively powerful technique to estimate
prediction uncertainty considering; a) parameter correlation, and b) basic information
concerning model parameters (mean, and coefficient of variation). However, the Two-point
estimate, as it is called, can incorporate information about the distributions of parameters
(e.i., skewness and kurtosis).

The two-point Method as described by Rosenblueth (1975) can be demostrated for
a case of three correlated parameters (x;), such a y = f(x,, x,, x;). The M" moment of the

model response is given by:
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where X, is the expected value of the parameter i, s[x;] is the standard deviation of the
parameter /, and r;; is the coefficient of correlation between i and /. Rosenblueth's method,
then, allows the approximate determination of the mean and variance of the response to be
made from knowledge of the simulated responses using mean +1 standard deviation values

for each parameter. The method requires 2" simulations, where m is the number of
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parameters.

According to Yen and Guymon (1990) the two-point estimate approach is only
generally valid for linear problems where the coefficient of variations of the uncertain
parameters is small. Binley et al. (1991) in identifying the moments in model prediction with
four uncertain parameters for a hydrologic model concluded that the Rosenblueth's method
allows a reasonable first estimation of the uncertain confidence limits of model predictions
on the basis of a small number of simulation runs, but the Monte-Carlo method may be
preferable if details of the distribution responses are required, in particular where that
distribution may be expected to be highly skewed.

The two-point estimate has been applied to several engineering modeling fields such
as soil erosion (Nearing et al., 1989), groundwater flow (Yen and Guymon, 1990), and

surface hydrology (Binley et al., 1991), among others.

Kalmar Filtering

Kalman ﬁltefing is a parameter optimization-uncertainty analysis technique
developed by Kalman (1960) that has gained widespread application. The technique
approximates the minimum variances of estimates for all model parameters, based upon
uncertainty in the mathematical model and observed data.

Kalman filtering is an extension of Bayesian analysis, in which assumptions

regarding the distribution of the observed data and the model uncertainty are combined to
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provide minimum variances estimates for the distributions of all model input parameters.
According to Dilks (1987) this technique provides significant breakthrough in uncertainty
analysis since model parameters can be determined without explicit measurements. Rather,
observed data of the model state variables was directly incorporated in determining
parameter uncertainty.

Kalman filtering works by comparing the relative uncertainty of the model and the
observed data at each data location. The parameter selected is a weighted average parameter
value that could be selected using; a) only the model, and b) only the data.

It has been demonstrated that the variance of a parameter estimated in this fashion
will be at a minimum, always less than or equal to the variance of a parameter calculated
using only the model or the data. Canale et al. (1980) summarize the Kalman Filtering

approach in seven steps:

1) Model the system and determine the necessary statistics of the initial state and model
uncertainty.

2) Compute the nominal state.

3) Linearize the nonlinear model about the nominal.

4) Optimize the measurement strategy and controllable model error covariance matrix.

5) Compute the estimation error covariance matrix.

6) Collect and/or process the observed data to compute the estimate of the deviation.

7 Compute the estimate of the state variable.
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Kalman filtering has two major drawbacks. First, it requires that the total uncertainty
in the model must be specified a priori. In most error analysis situations, total model
uncertainty is the desired output of the analysis and it is not know beforehand. Second. the
mathematics involved in applying the Kalman filter to a model of simple and moderate
complexity can be very involved (Canale et al., 1980). The mathematical requirements of
Kalman filtering serve to discourage its widespread practical application, and have caused

it to become primarily a research tool (Dilks, 1987).

Bayesian Approaches

Bayesian type error analyses have been applied with significant success in identifying
model output uncertainty in relation to uncertainties on the prior information of model
parameters. Also, Bayesian inference and decision theory tools have been applied to the
problem of synthetic data generation in engineering design under scarcity of data when
model and parameter uncertainty exist.

In error analysis approaches, such as classical statistics and Monte-Carlo analyses,
output uncertainty due to errors in model parameters rely on accurate probability
distributions of model input parameters. Thus, efforts have been devoted to make
improvements of the gross-initial probability distributions obtained from field information,
relevant literature, or subjective judgements.

The Bayes' Theorem is an approach that provides a mathematical relationship for
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incorporating new information with prior probability assessments to yield new conditional
probabilities of occurrences. Bayes' Theorem states that an improved estimate of parameter
probability distributions (posterior probability) can be obtained by multiplying the likelihood
that given set of parameters explains the data by the prior probability of that set of parameter

existing (Benjamin and Cornell, 1970). The Theorem can be expressed as:

p(x8) p(6)
p(ex) = 2.1
p)
where:

= state of nature
x= observed data
p(Bx) = probability of 8 occurring given x (posterior probability)
p(x®) = probability of data occurring given that @ is the true state of
nature (likelihood).
p(x) = probability of the data occurring (total probability)
p(6) = prior probability of 8
In mathematical modeling, 8 represents the set of uncertain parameters and x
represents the observed data on model state variables. This equation provides the probability
that any given set of parameters, 0, is the true state of nature based upon:
1) the likelihood of the data occurring given that set of parameters, and
2) a prior assessment of the probability of that particular value of 8 occurring.
Bayesian analysis, within the framework of statistical decision theory (Raiffa, 1968),
prescribes a methodology for making decisions under the conditions of uncertainty along

with the preferences of the decision makers towards these outcomes. Bayesian inference and

decision making under parameter uncertainty have been applied to hydrologic problems
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(Davis et al., 1972;J Wood, 1978). The consequence of any decision depends upon the
decision made and upon the subsequent outcome of the uncertain states of nature (i.e., the
natural uncertainty of the system) which affect the decision. According to Duckstein and
Davis (1976) the steps that are included within the Bayesian decision analysis are: 1) making
decision considering both natural and sample uncertainty, 2) evaluating the worth of
complete or perfect information (no sample uncertainty), and 3) evaluating the worth of
additional sample data.

Bayesian analysis has been applied to make improvements in the predictions of
groundwater models by reducing the uncertainty about the parameters (Freeze et al., 1990).
This was done by making inferences about the parameters from observations of the
groundwater levels using a sirﬁpliﬁed lumped-parameter model for estimating piezometric
levels due to infiltration of rainfall. According to Reddi and Wu (1991), it was found that
uncertainty about the piezometric level can be greatly reduced after updating with the first
10 hours of observed data (rainfall and piezometric levels).

A major contribution to the Monte-Carlo approach to estimate the distribution of
prediction uncertainty was the inclusion of Bayesian inference of model parameters in a
technique called Bayesian Monte-Carlo analysis. According to Patwardhan and Small
(1992), the term Bayesian Monte-Carlo analysis was first used by Dilks (1987) where a
procedure for reweighing simulation results was illustrated. The method uses observations

of the output variables, made with an assumed error structure, to determine a posterior



distribution for the model parameters.

The evolution of the Bayesian Monte-Carlo method (BMCM) can be traced to the
general sensitivity method of Spear and Hornberg (1980) in which Monte-Carlo replications
are divided into two sets: those with model outputs "consistent or plausible" with observed
data (defined as falling within an acceptable range of values); and those with outputs which
are inconsistent. This classification allows the identification of influential model parameters
and provides the basis for an updated parameter estimates of model uncertainty; only those
replications with outputs within the acceptable range are maintained for subsequent analysis.

The application of the BMCM for a particular model is used to predict quantities of
interest based on model inputs and parameters. The models are deterministic, so that there
is a unique correspondence between a particular set of input parameter values and the results
obtained from executing a given model with that set of parameters. However, the model
structure and parameters are uncertain. Prior subjective probability distributions are used to
represent the uncertainty in the alternative model structures and their parameters, and the
models are used in conjunction with these prior distributions to compute a prior distribution
of model output. The parameter and model output distributions are thereby approximated by
probability mass functions synthesized through the sampling procedure.

Observations of the model output constitute the evidence used to update the prior
distribution of model output, employing Bayes' rule. A critical step in this approach is the

formulation of a likelihood function. which is based upon the characteristics of the evidence-
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generating process. Once a posterior distribution of the output is derived, the one-to-one
mapping between model parameters and model output developed in the original set of
Monte-Carlo replications allows to obtain "derived" posterior probability distributions of
model parameters.

Traditional Bayesian methods may be used to update prior distributions of input
parameters using direct observations resulting in posterior distributions for these inputs.
However, the updates are made without the use of the model, but using the BMCM, these
posterior input distributions are treated simply as more refined priors. The use of direct
information for input parameters should be considered as a part of the overall uncertainty
analysis and assessment of the value of alternative sources of information (Patwardhan and

Small, 1992).
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CHAPTER 3

MODEL DESCRIPTION

A major motivation for this study is the necessity to evaluate the WEPP model.
WEPP was developed to simulate soil erosion by water in small agricultural ungauged
watersheds. This model was developed to replace the USLE (Universal Soil Loss Equation)
which is the most widely used erosion prediction technology. To overcome the USLE
limitations, the WEPP model attempts to better represent the processes occurring in natural
systems. However, it still only grossly describes the soil erosion process that naturally
occurs on watersheds and uncertainty arises. This uncertainty is because of the governing
laws which are not precisely known and the difficulty in representing the temporal and
spatial variability of the natural system in mathematical terms.

This chapter presents WEPP's governing equations to show how the major hydrologic
and erosion processes occurring on watersheds are simulated. In addition, a review of earlier
analyses related to uncertainties in the WEPP model is provided at the end of the chapter.
THE WEPP MODEL

The USDA-ARS Water Erosion Prediction Project (WEPP) model is a process-based,
distributed parameter model, designed to simulate the effects of management practices on
soil erosion and sedimentation on cropland and rangeland watersheds. WEPP incorporates

a new erosion prediction technology based on concepts of stochastic weather generation,
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fundamental hydrology, soil physics, plant science, hydraulics, and erosion mechanics (Lane
and Nearing, 1989).

The advantages of the WEPP model over empirical soil erosion models are that
erosion and hydrologic parameters can be directly calculated from soil characteristics. In
addition, the model has the ability to (1) estimate the spatial and temporal distributions of
soil loss and sediment yield at any point on a hillslope within a watershed, (2) explore the
internal operation of sediment production systems as the model parameters are physically
based, and (3) be applied beyond the range of conditions for which they were calibrated
(Stone et al., 1990).

The hillslope component of WEPP calculates detachment and deposition of sediment
on rill and interrill flow areas as the result of raindrop impact and overland flow effects.
Other important processes that the model considers are evapotranspiration, plant growth,
residue decomposition, and management practices such as tillage and grazing operations,

among others.

WEPP HILLSLOPE HYDROLOGY

In WEPP, the characteristics of runoff occurring on hillslopes as a result of rainfall
events provide the basic information to model erosion by flowing water. During a rainfall
event, water infiltrates into the soil through a process regulated by ’soil characteristics.

Infiltration is computed using the Green and Ampt equation (Green and Ampt, 1911)
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algorithms due to improvements of model equations. As a result, WEPP has been
subjected to several evaluations on model uncertainty that have served as benchmark to
identify the model improvement from stage to stage. These model evaluations include
sensitivity analyses and validation tests.

Parameter uncertainty has been evaluated through sensitivity analyses, for both
profile and watershed versions of WEPP. Validation tests have been restricted to
rangeland watersheds of the semi-arid southwest United States. However, no error
analyses have been conducted for WEPP running on continuous simulation mode. The
following paragraphs summarize earlier research works for WEPP on model uncertainty.

Nearing et al. (1989) and Nearing et al. (1990) conducted sensitivity analyses
using a relative normalized sensitivity index of the WEPP profile version applied to
cropland conditions. Parameter sensitivity for the effects of slope length and steepness
indicated that the interrill erodibility parameter has greater effects for the short length and
low gradient slopes. This was mainly where rill erosion accounted for a smaller fraction
of the total soil detached and sediment loads were lower than the transport capacity of the
flow. Interrill erosion contribution increased proportionally to the square of storm
intensity, whereas runoff (Eq. 3.3), and hence rill erosion, increased proportional to the
storm intensity.

On the other hand, sensitivity to rill erodibility parameter is higher under low

sediment contributions from interrill areas with high-velocity and clear-water rill flows.
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This is a compensating process since rill detachment usually is lesser when the amount of
sediment delivery from interrill areas is higher than the potential sediment detachment
rate in the rill areas.

According to Nearing et al. (1990), the saturated hydraulic conductivity parameter
produces the greatest variations in model response. Sensitivity to infiltration parameters
is greater for low intensity storm than for higher intensity storms. This is reasonable
since a greater relative proportion of rainfall from the higher intensity storm becomes
runoff than for low intensity storms. In addition, infiltration parameters affect runoff and
hence transport capacity and detachment rates in rills. The sensitivity of sediment
delivery due to those parameters was greater than the corresponding sensitivity for
sediment detachment.

In another study, Tiscareno-Lopez (1991), working with the WEPP watershed
version for rangeland conditions and using Monte-Carlo and regression analyses,
estimated sensitivity indices with the single event version of the model. Model sensitivity
was expressed in terms of a normalized sensitivity index that approximate the
propagation of error due to errors in model parameters. Input probability distributions of
model parameters represented the uncertainty in parameter values collected in the field
due to the natural variability of the system and measurement errors. The results indicated
that runoff volume and peak runoff predictions from hillslopes are very sensitive to

rainfall characteristics such as depth, duration, and rainfall intensity. Also, variables that
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regulate infiltration (saturated hydraulic conductivity, initial soil water content, and
standing biomass), significantly affected the estimation of runoff volume and peak.

In addition, hillslope soil erosion predictions are also highly sensitive to rainfall
characteristics. All parameters and variables that affect infiltration and ground cover
affected sediment detachment and sediment delivery from hillslopes. Sediment
detachment and sediment delivery are more sensitive to the critical shear stress parameter
than to the interrill and rill erodibility parameters. However, under high intensity-short
duration storm events (i.e., 50 mm in one hour) sediment detachment is slightly more
sensitive to rill erodibility parameter while sediment delivery prediction is more sensitive
to the interrill erodibility parameter. These results indicate that for small storm events
occurring in places where no-till management factors are involved, as on rangelands, the
critical shear stress is effective in limiting rill erosion and the resulting sediment yield is
more related to interrill erosion effects.

Flanagan and Nearing (1991) performed a sensitivity analysis for the profile
version of WEPP when applied to crop fields. Sensitivity indices based on a linear
sensitive parameter as defined by Nearing et al. (1990) was used for both single event and
continuous simulation modes of the model. They concluded that WEPP is most sensitive
to input parameters that affect the amount of runoff generated (infiltration parameters,
rainfall amount and duration), shear stress (peak rainfall rate, slope steepness and length)

and the susceptibility of the soil to erosion (erodibility parameters, residue levels and
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tillage intensity). At that time in which version 91.2 of WEPP was evaluated, model
simulation produced results with the expected trends.

In another study conducted by van der Zweep (1992), the hydrologic component
of WEPP for rangeland applications was validated using an error analysis scheme. He
used the same watershed and information used as Tiscareno-Lopez (1991) for sensitivity
analysis. Model reliability for several different levels of model complexity was evaluated
using the Nash-Sucliffe model efficiency coefficient (Nash and Sutcliffe, 1970). Any of
these levels of complexity can be chosen by the model user according to the amount of
information available in the data bases to construct the input files. In other words, the
effect of aggregating components into the model was evaluated. The level of aggregation
increases as lesser information is inputed into the model. According to the results model
efficiencies in predicting hydrologic variables become lower as the model complexity
increase. This is, most uncertainty in model predictions arises when the model
dissagreagates rainfall from total daily rainfall data under continuous simulation mode in
which model parameters are updated. In general, the effects of under or over estimate
model parameters (i.e., saturated hydraulic conductivity and Chezy C) and consequently
under or over estimate the model outputs (i.e., runoff volume and peak discharge) is in
great part the effects of the simplifying algorithms (i.e., approximate method for peak

discharge and approximations to the effective hydraulic conductivity).
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CHAPTER 4

STUDY SITE

A good practice in hydrologic and soil erosion modeling is to evaluate process-
based models using information from representative watersheds. Selecting representative
watershed sites for model evaluation will facilitate application of the model to other
catchments having similarities in climate, hydrogeology, soils, vegetation, and land-use
characteristics. As previously mentioned, WEPP will be used to estimate soil erosion in
the conterminous United States. Therefore this evaluation is an important task during the
developmental stages of WEPP.

Following this reasoning, a representative watershed in the southwestern United
States was selected for this study assuming that the results will be valid for other
watersheds with similar characteristics. This watershed was used as a source of
information to construct the model input files required by WEPP. Under this real world
situation, it is intended to identify the model's performance to simulate soil erosion
processes as they occur in the semi-arid watersheds of North America.

To achieve the objectives of this research, information from a small watershed
nested within the Walnut Gulch Experimental Watershed located in the Southwest United

States was used. This chapter describes the characteristics of the watershed.
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THE WALNUT GULCH EXPERIMENTAL WATERSHED

The Walnut Gulch Experimental Watershed near Tombstone, Arizona (31°43'N,
110°41'W) is operated by the Southwest Watershed Research Center, USDA-ARS, in
Tucson, AZ (Fig. 4.1). It comprises 150 square kilometers in the San Pedro River Valley
and it is the only highly instrumented watershed in the Southwest United States. Research
on the Walnut Guich was initiated in 1954 with the objective of understanding the
hydrologic processes occurring in the fragile semi-arid ecosystems. The climate-soil-
vegetation complex at the Walnut Gulch is considered to be representative of 60 million
hectares of brush and grass rangelands found throughout the semi-arid Southwest and is
considered a transition zone between the Chihuahuan and Sonoran deserts (Renard et al.,
1992).

In Arizona and on Walnut Gulch, airmass thunderstorms characterized by extreme
spatial variability, limited area extent, and short durations, dominate rainfall-runoff
relationships during the summer season of July to mid-September (Osborn, 1982). Winter
precipitation results from frontal storms characterized by long duration, low intensity, and
large area coverage (Sellers, 1960). In general, rainfall in Walnut Gulch is bimodally
distributed with average annual rainfall about 300 mm and nearly all soil erosion is

produced by storm runoff from a few high intensity-short duration rainfalls.
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The temperature at Walnut Gulch follows a pattern largely dominated by the
incidence of incoming solar radiation and the occurrence of rainfall events. However,
Walnut Gulch does not experience the extreme summer heat of the Sonoran desert. The
mean monthly temperature ranges from 8 to 27°. Above freezing minimum temperatures
are usually recorded from the end of March until the last week of November. During this
period, killing frosts are rare and seldom occur on more than a few days. The average
frost-free season is about 239 days.

Relative humidity is low throughout the year. April, May and June have the lowest
mean humidity and August and September the highest. However, high relative humidity
is common during December and January due to effects of frontal rain events. During the
cold months Walnut Gulch is dominated by winds coming from the South Gulf of Mexico
(153° from the North) while during the hot months winds from the Gulf of California
(188°) dominate the site. The mean monthly wind speed ranges from 3.0 to 4.4 meters
per second.

Walnut Gulch can be described as a high foothill alluvial fan with material ranging
from clays and silts to well-cemented boulder conglomerates with little continuity of
bedding. The topography expression is that of gently rolling hills incised by a youthful
drainage system. Soils are gently well drained, calcareous, gravelly loams with large
percentages of rock and gravel on the surface. Elevation range from 730 m.a.s.l. at the

lowest gaging station to 1,829 m.a.s.l. at the upper end.
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Based on its topography, drainage system, soils and vegetation the Walnut Gulch
was partitioned in 43 sub-catchments or small watersheds with sizes varying from 0.17 to
14,796 hectares. Given this study required actual hydrologic and sedimentation data for
the error analysis and assuming that watershed complexity increases with the size of the
watershed, this study used information of a small rangeland watershed having some degree

of similarity with larger watersheds of the Southwest United States.

THE KENDALL 112 WATERSHED

Kendall 112 is a catchment of 1.91 hectares nested in the Eastern portion of the
Walnut Gulch Experimental Watershed (Fig. 4.2). It is typical of southwestern rangeland
watershed where cattle graze on gently hillslopes dominated by grasses (Fig. 4.3). The

average slope steepness along the drainage system is 9.4%.

CLIMATE
Kendall's daily temperature is highly regulated by solar radiation, rainfall events,
and relative humidity (Fig. 4.4a). The mean annual temperature is 15.76°C with extremes

of -8.1°C in December to 35.5°C in June.
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From July to September, moist unstable air masses advance into Arizona from the
Gulf of Mexico originating high intensity-short duration convective thunderstorms of
limited area extent. These masses are often developed during the afternoon over the
heated land producing one or more storm discharges over the place with a vast spatial
variability in rainfall depth. According to Renard and Simanton (1975), a single summer
thunderstorm can vary from 25 mm to 50 mm within four kilometers. In average, rainfall
depth per storm is 8.71 mm with 2.79 hours of average duration. The most common
duration of the events is 47 minutes (see Fig. 4.4b and 4.4c) and 25% of the events last
less than 45 minutes. As a result of the last 30 years of meteorological records (1963-
1993), the mean annual rainfall at Kendall is 307.9 mm. From that, 240 mm (77 %)
occurred during the months of July to October.
SOILS

This watershed is embraced by the Benardino-Hathaway soil association
characterized by gravelly loams on rolling hills and ridges resulting from the deep
dissection of old valley plains and alluvial fans. The Benardino soils are on the tops and
upper side slopes of the ridges while the Hathaway soils are on the lower slopes areas that
have eroded in resent past (United States Department of Agriculture, 1970).

Based on soil samples obtained for the 0-10 cm layer, the place is dominated by

Sandy Clay soil texture having 62.7% sand, 23% clay, and 14.2% silt, in average. Table
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4.1 shows the statistics of soil characteristics for K-112. Total rock cover in K-112 ranges
from 16.6 to 45% with an average of 31% while the amount of gravel in the 0-10 cm soil
layer range from 9.1 to 43.8% with an average of 23.6%. Tromble et al. (1974),
conducted infiltration tests for the Benardino-Hathaway soil association in Kendall using
a rotating disk rainfall simulator. They reported final infiltration rates, which approximate
saturated vertical hydraulic conductivity, from 1.27 to 7.62 mm/hr. Table Al (Appendix)

shows a correlation matrix for nine soil characteristics in the Kendall watershed.

Table 4.1. Statistics of soil characteristics at Kendall watershed.

Parameter Unit n  Min Max Mean  Std. Dev.
Rock Fragments % 22 9.10 43.8 23.6 8.9
Sand % 22 47.8 809 62.7 8.7
Clay % 22 11.0 341 230 7.1
Silt % 22 730 18.6 14.2 2.5
Bulk Density glem* 22 1.15 1.51 1.31 0.09
Organic Matter % 22 0.70 2.55 1.67 0.58
1/3-Bars Soil Moisture % 9% 14.1 329 239 5.2
15-Bars Soil Moisture % 9 7.90 18.3 13.3 2.9
Cation Exchange Capacity meq/100g 30 10.6  39.8 23.6 8.3
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VEGETATION

Information on vegetation at Kendall has been collected since 1990 with monthly
clippings, for north and south facing hillslopes, and for grazing and ungrazed conditions.
This sampling scheme allowed to quantify the spatial and temporal variability of the native
vegetation at Kendall watershed. The effects of nongrazing (restoration) condition has
been managed by employing two grazing exclosure areas of 930 m? each, one located in
the north and another in the south, facing hillslopes.

Kendall is a good representation of a typical rangeland watershed dominated by
grasses with shrubs associated with the channel areas. The major grass species found in
the Benardino-Hathaway soil association are black gramma (Bouteloua eriopoda), blue
gramma (Bouteloua gracilis), fluffgrass (Tridens pulchellus), curly mesquite (hilaria
belangeri) and a limited number of annuals. Shrubs encountered are burroweed
(Haplopappus tenuisectus), whithethorn (Acacia constricta), mesquites (Prosopis juliflora
var. vetulina), creosotebush (Larrea divaricata), beargrass (Nolina microcarpa), Yucca
(Yucca spp.), sotol (Dasylirion wheeleri), and ocotillo (Fouquieria splendens).

According to Table 4.2, primary productivity is greater for ungrazed than for
grazed conditions based on the higher canopy cover, ground cover, and biomass
production in the exclosures sites. Significative differences (P <.05) for these vegetation
parameters have been found between the north and south facing hillslopes in terms of

canopy cover and standing biomass. Grasses constituted 82 % of the total canopy cover
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and produce 75% of the total standing biomass. The remaining canopy cover and biomass

is produced by shrubs.

Table 4.2. Mean monthly vegetation attributes for the 1990-92 years at K-111
watershed for grazed and ungrazed conditions for north and south facing

hillslopes and overall K-112 watershed in June 1993.

Kendall - 111
Parameter
GRAZED UNGRAZED K-112
NORTH SOUTH NORTH SOUTH

Canopy Cover (%)
Grasses 26.7 (11.0)* 19.1 (8.7) 39.9(9.7) 29.3 (7.2) 32.5(14.0)
Total 30.2(11.9)  26.0(10.9)  45.3(10.8) 39.3(9.2) 38.0 (17.0)

Total Ground Cover (%)

Residue 16.8 (5.8) 16.0 (5.9) 23.1(8.2) 26.3 (8.6) 16.9 (8.4)
Rocks 37.8 (6.0) 294 (5.2) 33.7(5.9) 33.6 (7.6) 30.8 9.9)
Bare 35.2 (6.9) 46.4 (6.7) 28.7 (9.8) 30.3 (7.0) 43.3 (13.8)
Basal 9.9 (2.6) 7.9(2.0) 14.1 (4.0) 9.4 (3.2) 6.1 2.2)

Biomass (g /.5 m*)
Standing 47.6 (18.3) 57.8 (24.6) 90.7 27.4) 121.5(37.7) 109.0 (47.0)
Grasses 37.7 (14.1) 39.0 (15.2) 75.1 (19.4) 87.0 (26.2) 77.2 (52.3)
Shrubs 7.5(6.8) 15.4 (11.2) 9.0 (7.5) 28.5(16.2) 3.8()
Litter 25.2 (14.2) 28.4 (31.6) 20.1 (11.1) 32.8(18.4) 23.1(13.3)
LAt 0.063 (0.07)  0.05 (0.05) 0.09 (0.07) 0.09 (0.07) 0.07 (-)

* = mean (standard deviation)

+ = Leaf Area Index
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The highest values of total standing biomass correspond to the south facing
exclosure (143 g/m?) while the minimum to the north facing on grazed éc;nditions 95.2
g/m?). Also, significant variations (P <.05) in canopy cover and biomass production were
found throughout the three years of monthly samplings. As it is show in Figure 4.5
canopy cover variations were highly related to the occurrence of rainfall events and the
resultant soil moisture conditions (Fig. 4.6).

Soil water content was always higher for the north facing hillslope and lower for
the south facing. This is explained by the higher rates of soil water evaporation during
the winter in the south exposed hillslopes due to a longer time insolation received during
the cold season. The effect of direct solar radiation over the ground causes high variability
of soil moisture at 5 cm. However, for both hillslopes at 15 cm depth, the effect of solar
radiation on soil water evaporation is negligible and both curves have the same behavior.
Differences in soil water content also were observed at 5 cm between the ungrazed and
grazed treatments. The lower soil moisture occurred in ungrazed areas because the higher

rates of soil water utilized for evapotranspiration by a lusher vegetation stand.
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HYDROLOGY AND SEDIMENTATION

Runoff has been monitored at K-112 since 1963 and soil losses since 1974. Runoff
is measured with a triangular V-notch weir. Total sediment yield is estimated by
partitioning the total sediment load into suspended sediment and bed load. Suspended
sediment was measured with pump samplers while the bed load as trapped sediment in a
small pond just above the weir.

Runoff has been very small in relation to rainfall depth because of the gentle slope,
sandy soils and good stands of grasses found at K-112. Consequently, K-112 has not
developed a well defined incised channel. Channel transmission losses and channel erosion
are relatively unimportant in this watershed. K-112 can be considered as a single hillslope
area that drains into a single outlet. It usually yields small amounts of sediment such that
the ratio of rainfall-sediment producing events to total number of rainfall events is smail.
It was found that from 232 rainfall events that produced runoff, only 34 of them produced
measurable sediment yield.

Figure 4.7 shows the histograms of rainfall depth, runoff, and suspended sediment
yield for 34 rainfall events that produce sediment at the watershed outlet. Most of the
rainfall events are associated with small runoff volume and small amounts of sediment.
It is largely the result of the detachment and transport process that occur in the lower
zones of the watershed. This was confirmed by the absence of well-defined channels or

gullies. Rainfall depth ranged from 2.03 to 49.28 mm with an average of 22.3 mm.
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Runoff ranged from 0.43 to 21.4 mm with average of 5.28 mm. Suspended sediment
ranged from 0.742 to 832 kg/ha with average of 70.84 kg/ha.

Since the purpose of this study is to evaluate the ability of a soil erosion model to
predict soil losses in a rangeland watershed through error analyses, observed hydrologic
and erosion data were evaluated to determine the reliability of rainfall events that produced
runoff and sediment at K-112.

A watershed comparison study to assess the uncertainty in observed records was
not possible because the absence of paired watersheds in the Kendall area during 70's and
mid 80's. An alternative approach was to replicate the data using a reliable hydrologic
model after a calibration-validation scheme. The IRS (Infiltration Runoff Simulator)
hydrologic model designed by Stone et al. (1992) was applied for such purpose. If IRS
model made a good prediction of the event's runoff volume and peak runoff, the event was
selected for further analyses.

The calibration-validation scheme was performed by partitioning the initial set in
two subsets; a calibration set and a validation set. Using the calibration set, the IRS's
hydrologic parameters (saturated hydraulic conductivity and hydraulic roughness factor
parameters) were varied until the predicted runoff volume and peak discharge match the
observed runoff volume and peak discharge. Table A2 in the Appendix shows the events
of the calibration set and IRS resulits.

Once IRS was calibrated, a validation phase conducted by running the IRS model



83

of the calibration set and IRS results.

Once IRS was calibrated, a validation phase conducted by running the IRS model
with calibrated parameters and using the second set of events. This validation step had
two purposes: a) to see how good IRS reproduce the events after calibration, and b) to
identify potential changes in the data due to effects of land-use or instrumentation during
the period in which data was collected. Table A3 in the Appendix shows the selected
events for the validation set.

According to Tables A2 and A3, IRS made better predictions for peak runoff than
for runoff volume for the case of the validation set. Although runoff volume of the
validation set is over predicted, it can be inferred that these events are of good quality.
This test was useful to eliminate rare events that produce very extreme situations. In
summary, 21 rainfall-runoff events were selected for the purposes of this research (Table
Ad).

With the purpose of identifying changes in the hydrologic behavior of K-112
watershed due to land-use effects that occurred within the period in which these 21
rainfall-runoff events occurred, a double-mass analysis was performed. This was done by
plotting accumulated rainfall versus accumulated runoff. According to Fig. 4.8 changes
on the slope line were not detected, showing that the behavior of the watershed was not

altered due to effects of management practices.
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CHAPTER 5

MODEL CALIBRATION AND IDENTIFICATION OF

PROBABILITY DISTRIBUTIONS OF PARAMETERS

INTRODUCTION

The purpose of developing of process-based models is to improve our
understanding of basic processes controlling watershed responses. The potential of these
models is to describe the temporal and spatial variability of the system. It is because
model parameters can be estimated by entering measurable system characteristics into the
model. Physical and empirical relationships have been developed for that purpose.

However, there are two major sources of uncertainty associated with model
predictions; 1) the difficulty in representing the temporal and spatial variability of the
system within an acceptable level of detail in the model, and 2) the aggregation of model
components and processes used to compute the model state variables. Because of these
problems, process-based models usually require a large numbcf'r of parameters. Error
propagation from errors in parameter estimation is perhaps the major source of prediction
uncertainty of process-based models.

Under these circumstances, a common approach is to treat process-based models
in a similar manner as lumped conceptual models by using observed information from a

representative watershed to perform a calibration over a set of observed events.
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Unfortunately, due to the large number of parameters involved in the process, calibration
is not a straightforward task. Furthermore, the difficulty of calibration increases for
continuous simulation models when model parameters are updated to represent the
temporal variability due to variations in weather, land-use and vegetation conditions.

A major drawback of traditional calibration methods is that they do not estimate
the models' likelihood of predicting plausible parameter sets when parameters are
computed within the model. Calibration methods should provide the best parameter set
for a model application but also they should provide probability density functions (pdf),
or at least a range, of model parameters for which the model is capable of making
acceptable predictions. This is important for decision makers because it constitutes a
priori information that can be input to provide acceptable model predictions in relation to
alternative management scenarios.

The research described in this Chapter is intended to overcome the limitations of
traditional calibration procedures. Methods that identify plausible parameter sets based on
a likelihood measure are described. Two approaches are described, one based on Monte
Carlo simulation under correlated random variates, and another based on the concept of
Bayesian sampling and resampling by applying the Monte Carlo simulation technique.
These approaches are compared using the WEPP profile model to suggest potential ways

for model improvement.
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CHAPTER OBJECTIVES

D Evaluate two approaches to calibrate and estimate the probability distribution
function of parameters for process-based, continuous simulation models.

2) Calibrate and identify the probability density functions of parameters for which the
Water Erosion Prediction Project model best behaves when applied to a small
rangeland watershed.

3) Identify the model's likelihood to produce plausible realizations when the model

is subjected to parameter updating under continuous simulation mode.

RELEVANT LITERATURE

This analysis was motivated by the concepts of model output classification and
model uncertainty proposed by Spear and Hornberger (1980) and Fedra (1983), and later
applied by Dilks (1987), Chang and Delleur (1992), and Patwardhan and Small (1992).
Spear and Hornberger (1980) mentioned that the salient qualitative aspects of the behavior
of a model when applied to a natural ecosystem can be specified and that the result of any
simulation using a model can consequently be classified as exhibing either "the behavior"
or "not the behavior" of the system.

According to Fedra (1983) there is no scientific way of identifying the "best"
model structure for a given system under uncertainty. Nonuniqueness on both sides of the

testing procedure, behaves or not behaves, will result in nonunique answers. All that can
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be done on a rigid formal basis is to rule out grossly inadequate model structures. Since
initial conditions and reference behavior are uncertain, they can be specified in terms of
acceptable range for plausible inputs and acceptable outputs. In the case of a soil erosion
model, the fact that the model "behaves" or "not behaves" corresponds to what extent the
sediment yield predictions are acceptable in relation to observed runoff events in the
watershed. Because every model response can be classified as manifesting these behaviors,
every parameter vector yielding a model response can be classified in the same way.

In computer simulation models there is substantial uncertainty surrounding the
"best" values of the parameter set. During the stage of understanding a system, the
concern of the level of parametric uncertainty precludes a single point or "best" estimate
of parameters. In most cases, however, it is possible to make a defensible assessment of
the probable values of parameters. Hornberger and Spear (1980) proposed that it is
possible to associate each model parameter with a statistical probability distribution to
represent the uncertainty in knowledge of its "best” value given the assumed model
structure. A distribution function can be assumed for any given parameter to represent our
best a priori knowledge of its likely or acceptable values based on the literature or on
limited field data (see also Tiwari and Hobbie, 1976).

Given the system and its associated a priori parameter distributions, it is possible
to define an ensemble of potential responses representing the uncertainty in predictions.

A Monte Carlo approach can be used to explore the degree to which the parameter space
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underlaying these ensemble partitions under the behavioral classification of Hornberger
and Spear (1980). It is obvious that more than one parameter set will generate a model
response within an acceptable behavior-space region. The concept of a parameter
hyperspace can be useful. The estimation procedure tries to identify that parameter space
region where the corresponding model response is within the acceptable behavior-space
region. This parameter-space region, or ensemble of parameter sets for predictions
results in an ensemble of forecasts, where the variability of the forecast is an effect of the
initial uncertainty and can be understood as an estimate of the reliability of a prediction
(Fedra, 1983).

The major drawback of the approach described by Hornberger and Spear (1980)
and Fedra (1983) is that the behavior of a model is classified in qualitative terms;
"behaves" or "not behaves". This situation motivated other researchers to identify
quantitative terms to classify model's behavior.

Dilks (1987), working with a water quality model, took the idea of classifying
model responses from the works of Homberger and Spear (1980) and Freda (1983) but he
made a significative contribution to the technique by classifiying the model responses in
quantitative terms. He demostrated the importance of Monte Carlo simulation to generate
model parameters deviates from prior distributions and the benefit of a Bayesian approach
to classify model responses for computing the posterior distribution of parameters. If a

model response is acceptable based on prediction error (predicted minus observed) those
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model parameters that produce such response will be re-input into the prior probability
distributions to generate a new set of parameters for the next simulation. Perhaps the major
contribution of Dilks (1987) work is the implementation of Monte Carlo simulation linked
to a Bayesian scheme to approximate posterior probability distributions of model
parameters for which the model best behaves. These posterior pdf's are important in model
applications where field data are scarce. However, the technique implementation for
sampling and resampling the pdf's was not fully discussed by Dilks (1987).

Chang and Delleur (1992) continue with the concept of model output classification.
They applied the technique to calibrate and identify parameter sensitivities of a watershed
acidification model. They sampled model parameters from prior pdf's using traditional
Monte Carlo simulation. The model responses resulting from different parameter sets were
classified using a model efficiency index. After several simulations, the parameter set that
produced the highest index was defined as the "best" set of parameter for which the model
best behaves.

From the above cited research reports, important conclusions can be drawn. First,
it is clearly important to classify model responses in terms of model behavior. This helps
to identify how likely the model produces acceptable predictions under a defined model
structure. Second; in model applications under parametric uncertainty a pdf, or at least
a range, can be used to quantify the uncertainty in model predictions because of

uncertainty in field data. Third, quantitative terms can be used to classify model responses
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when few observed data are utilized. Fourth, model calibration can be obtained by
identifying the best parameter set with the highest model efficiency index.

However, some limitations of the technique were identified. First, all the above
cited research used traditional Monte Carlo simulation to generate random deviates of
parameters. This approach is questionable because it can generate unreasonable parameter
sets according to the system base line conditions. Absurd model realizations may result
from neglecting parameter correlations and covariance (Smith et al., 1992). If it is the
case, Monte Carlo analysis will generate scenarios that will never happen in the system.
For example, random variate generation of soil characteristics in a watershed could result
in very small hydraulic conductivities for a sandy soil or high hydraulic conductivity
values for a soil with high clay content. This could happen because the strong correlation
between hydraulic conductivity parameter and percent of sand content was never
considered during parameter generation. It is clear that actual field sampling could record
some few extreme cases of parameter values, but point parameter values are actually
affected by the spatial variability and not by a purely random process as it is assumed in
traditional Monte Carlo.

A second limitation is the difficulty of implementing a Bayesian scheme for
sampling and resampling linked to Monte Carlo simulation. This is, parameter deviates
need to be generated from updated prior distributions for every iteration of the model

within the Monte Carlo framework. Third, none of the reviewed articles made a
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comparison of the differences between traditional Monte Carlo and the Bayesian Monte
Carlo technique proposed by Dilks (1987) for the resulting posterior probability
distributions of the parameter for which the model best behaves.

The above-mentioned limitations were the motivation for this research. In
evaluating the WEPP model, it is clear that for a proper application of the technique it is
necessary to overcome these limitations. If the technique can be refined based on these
limitations, it can be recommended for automatic model calibration, to study the
behavioral aspects of a model under specific applications, to estimate posterior distribution
of parameters for which the model has an acceptable behavior, and to recommend ranges

of parameter value to decision makers.
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METHODOLOGY

Based on the limitations of existing techniques to study model behavior, two
variants on the techniques are evaluated as alternatives for technique improvements. First,
because traditional Monte Carlo simulation neglects parameter correlation during the
generation of parameter deviates, a Monte Carlo approach that considers the correlation-
covariance relationship between parameters is implemented. Second, an approach that
simplifies the Bayesian Monte Carlo technique originally proposed by Dilks (1987) for
the generation of random deviates from prior empirical distributions based on Bayes'

theory for sampling-and-resampling within a Monte Carlo framework is implemented.

Technique I:  Monte Carlo Simulation with Correlated Model Inputs
Generation of Parameter Deviates

The foundation of this technique is to input correlated parameters into the WEPP
model under a Monte Carlo framework. This has two purposes: 1) to prevent unrealistic
parameter combinations that would yield absurd model outcomes, and 2) to preserve the
actual variability of the system during the generation of model parameters with Monte
Carlo simulation.

An algorithm based on the report of Ghosh and Kulatilake (1987) to generate
correlated deviates from a multiple normal distribution was utilized. The mean, standard

deviation, and a covariance matrix of the random variables are needed for such algorithm.
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Based on tests of normality and statistics presented in Tables 4.1 and 4.2, correlated
deviates were obtained for nine watershed parameters: sand, silt, clay, organic mater, bulk
density, rock fragments in the soil matrix, soil water content at 1/3 and 15 bars of
pressure, and cation exchange capacity (CEC) of the soil. A covariance matrix for these
characteristics was calculated (Table A5, Appendix section).

The saturated hydraulic conductivity, interrill erodibility, rill erodibility and critical
shear stress were generated by assuming independence. The saturated hydraulic
conductivity was obtained by calibrating the IRS model (Stone et al., 1992) for 21 rainfall
events (Tables A2 and A3, Appendix) recorded at K-112. Interrill erodibility parameter
was obtained using information of 15 rainfall simulation experiments performed in Lucky
Hills watershed (Simanton, personal communication). Prior information for rill erodibility
and critical shear stress parameters were computed using equations (3.19) and (3.20)
described in Chapter 3 and inputting actual information of the required variables (i.e.,
sand, silt, etc.). Table 5.1 presents their statistics. Litter residue, standing biomass, and
rock cover showed no correlation with the rest of the variables.

Random variates from a normal distribution were obtained as follows:

X=L+0*F (5.1)

where p = the mean of the variable, o = standard deviation of the variable, and r = a

normalized random deviate with mean zero and unit variance that in turns was generated
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Table 5.1.  Statistics of parameters generated from distributions other than a multiple

normal distribution assuming parameter independence.

parameter or variable units  pdf range mean std. dev.

*

Sat. hydraulic conduc.(K;)  mm/hr L 1.0 - 9.6 4.07 2.32

Interrill erodibility (X;) kgs/m* N 152,093 - 289,837 216,286 41,814
Rill erodibility (X,) s/m N 4.5e-3 - 10.1e-3 7.17e-3 1.35e-3
Critical shear stress ( t,) Pa N 0.8 -1.2 1.07 0.082

* pdf = probability density function (L = log-normal, N= normal)

as proposed by Rubinstein (1981):

r=1[-21In(nd)]> * cos [2 n (rnd,)] (5.2)

where rnd, and rnd, are uniform random numbers between zero and one. When the log-
normal was the case, the mean, u, and standard deviation, o, were obtained as follows

(Law and Kelton, 1991):

p = [l 7 (0d + 1) (5.3)

o2 = In[(e} + ) / m] (5.4)

where u, = observed mean and o, = observed standard deviation. The random deviate









98

variable that is explained by the model (Nash and Sutcliffe 1970).

The model outputs for each parameter set were classified based on the & criterion
to evaluate the ability of the model to mimic the watershed behavior. "Acceptable"
and "unacceptable” model realizations were defined as follows:

accept model realization if ® > &, otherwise reject model realization,

where @, is the value of @ at the 90-percentile of the cumulative distribution of
®. Each time that a model realization was accepted, initial baseline conditions
(input variables and parameters) and model outputs were saved. ®,, was calculated
with 100 preliminary runs.

Steps three to five were repeated for 10,000 model simulations.

After 10,000 simulations the parameter set that produced the model output with the
highest ® value was defined as the "calibration" set for K-112 watershed.
Resulting probability distributions of input parameters were identified using the
parameters of the accepted model realizations. Then comparisons were made
between the prior and resulting pdf's. Note that final parameter pdf's were not

computed using a Bayesian scheme, therefore they are called resulting pdf's.
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Technique II:  Bayesian Monte Carlo Technique

The potential benefits of implementing a Bayesian approach that allows a sampling-
and-resampling scheme of prior probability distributions linked to Monte Carlo simulation
was the motivation for technique II to calibrate continuous simulation models.

The benefit for WEPP is that the identification of posterior probability distributions
of parameters represents a new assessment of information for the soil erodibility
parameters. Erodibility parameters are traditionally collected based on expensive rainfall
simulator experiments. Bayes' theory can be applied to make an improvement on
parameters for model applications that involve watersheds on which no erosion data are
available. This is possible by using parameter information from other watersheds and
observing the model's likelihood to make plausible realizations.

It is intended that such improvements on model parameters not only to be in
accordance within the structural limitations of WEPP but also considering the estimation
of new erosion parameters within the physical framework in which actual information was
collected. Perhaps, this represents the major advantage of Bayesian theory when it is
compared with traditional calibration methods that frequently yield parameter values

outside the range of physical significance.

Generation of Parameter Deviates

A major difference between this approach and the previous one is that this approach
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calculates the posterior distribution of parameters by updating the prior probability
distributions according to Bayesian theory, while Technique I estimates the distributions
of parameters at the end of 10,000 simulations. It is intended to identify differences on
resulting distributions of parameters as well the benefits and drawbacks of the technique
for practical applications of model calibration.

Monte Carlo simulation, when applied to simulation models, is traditionally
coupled to theoretical pdf's for generation of parameter deviates (Tiscareno-Lopez, 1991).
Generally, it requires the mean and standard deviation of the random variables to generate
random deviates. The theoretical distributions are assumed to be the distributions of "best
fit" to resemble the "true unknown" distributions of parameters.

A major advantage of a Bayesian approach is that major assumptions about a prior
theoretical distribution can be relaxed. This technique uses empirical distributions instead
of theoretical ones to simplify the updating processes as well as the generation of random

deviates from prior distributions.

Empirical Distributions

According to Law and Kelton (1991) in some situations it is required to use the
observed data to specify a distribution, called empirical distribution, from which random
values are generated, rather than fitting a theoretical distribution to the data.  For

continuous random variables, the type of empirical distribution that can be defined depends
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0 = state of nature
x = observed data
p(8) = probability of © (prior probability)
p(0]x) = probability of 0 occurring given x (posterior probability)
p(x|6) = probability of data occurring given that 0 is the true state
of nature (likelihood function).
p(x) = probability of the data occurring (total probability)

Equation (5.8) provides the probability that any given set of parameters, 6, is the
true state of the nature based upon; 1) the likelihood of the data occurring given that set
of parameters, and 2) a prior assessment of the probability of that particular value of ©
occurring. Thus, Bayes' equation makes an improvement to estimate parameter probability
distributions (posterior probability) by multiplying the likelihood that a given set of
parameters explains the data by the prior probability that the parameter set occurs.

Application of Bayes' theory allows updating initial information which is generally
uncertain, to a more reliable posterior information derived by the inclusion of new
information. Here is where computer simulation models play a decisive role on decision
making, since a large number system scenarios can be generated to make improvements
on databases. Such improvements are desired because scarce initial information, data
under uncertainty (measurement errors), or due to subjective estimation of parameters
based on people experience or relevant literature (Keeney and Raiffa, 1976).

Because the term p(x) in Eq. 5.8 represents the joint likelihood of the data and

parameters occurring all over values of 0:
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px) = [ p(x,0) d(©) (5.9)

which is a normalizing constant for Eq. 5.8. Inserting Eq. 5.9 into 5.8 is possible to
define the posterior probability of the parameter given model behavior, x (acceptable or

not acceptable) in terms of the normalizing constant:
p(Blx)= N p(x|8) p(6) (5.10)

where, in our case, p(0) is the prior probability of an input parameter, p(x|0) is the
probability that the model simulation is acceptable in terms of the parameter 0, and N
represents one over the total sample space defined by all possible scenarios that can be
generated by the model taken into account all input parameters values of the distribution
of 6.

Because an acceptable model realization was defined if @ > ®,,, otherwise reject
model realization, the likelihood function p(x|8) was defined in terms of @ (the model

efficiency index from Eq. 5.6) as:

1 ifo 2 &y

p(® = dy | B) = . (5.11)
0 if & <
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Technique implementation

The steps for the application of Technique II are illustrated in Fig. 5.3. Steps one

to four are similar to steps of Technique I. The implementation is as follows:

1.

Using actual samples of watershed characteristics, prior probability distributions
were computed.

A multiple normal probability distribution was derived from prior pdf's of soil
characteristics and by considering the correlation between characteristics.

A set of model inputs was drawn from the multiple normal distribution and
distributions of independent parameters. A fourteen-years continuous model
simulation was performed by using this set of model inputs and the historical
climatic record for Kendall watershed.

At the end of the fourteen years simulation, model predictions were compared with
observed records of runoff volume, peak discharge, and sediment yield at the
watershed outlet that occurred during the same years of the climatic record. A
model efficiency index, ®, (Eq. 5.6) was computed for each predicted variable
(runoff volume, peak runoff, and sediment yield).

If a model realization is accepted (® > @), input model parameters into their
corresponding prior probability distributions, otherwise reject them. Previous to
this step sequence, ®, was calculated by 100 model runs.

Using updated prior pdf's, generate a new parameter set and repeat steps three to
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five until posterior pdf's approach to a stable shape. A Kolmogorov-Smirnov test
was applied to identify the number of simulations required to obtain a stable shape
of parameter pdf's.

Finally, estimate the statistical distribution of parameters using posterior
probability distributions, and identify the "best" parameter set for which the model

is calibrated.
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RESULTS

Technique I: Monte Carlo with Correlated Model Inputs

Two major analyses in Technique I for model calibration and parameter pdf
identification were conducted; 1) varying all model inputs, and 2) varying soil and
vegetation inputs but allowing the model to calculate the erodibility parameters. The first
condition generates erosion parameters from independent distributions allowing the model
to explore a large number of parameter combinations.. The second condition calculates
erosion parameters using Eqgs. (3.7), (3.8), and (3.9) allowing: a) to explore the model's
ability to estimate good sets of parameters, and b) to generate erodibility parameters
correlated with soil characteristics.

These two analyses were obtained with sets of 10,000 simulations. It was assumed
that no errors exist in observed variables (runoff volume, peak runoff and sediment yield)
and the model was acceptable within its limitations. The number of simulations was based
on a report of Tiscareno-Lopez (1993) with the WEPP watershed model and Monte Carlo
simulation. Statistics of model inputs are listed on Table 5.2. Fig. 5.4 shows cumulative
relative frequency plots of model efficiencies to predict runoff volume, peak runoff and

sediment yield with their corresponding @, for model realization selection.
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Table 5.2.  Model inputs and statistics used for this analysis.

Parameter Unit Mean Std. Dev.
Rock Fragments % 23.6 8.9
Sand % 62.7 8.7
Clay % 23.0 7.1
Silt % 14.2 2.5
Bulk Density g cm? 1.31 0.09
Organic Matter % 1.67 0.5
1/3-Bar Soil Moisture % 23.9 5.2
15-Bar Soil Moisture % 13.3 2.9
Cation Exchange Capacity meq 100g™! 23.6 8.3
Rock Cover % 28.0 6.0
Litter kg m? 0.050 0.028
Standing Biomass kg m? 0.100 0.036
Saturated Hydraulic Cond. mm hr! 4.07 2.32
Interrill erosion parameter kgsm* 216,286 41,814
Rill erosion parameter s m! 7.17e-3 1.35¢-3
Critical shear stress Pa 1.07 0.082
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Varying all Model Inputs

This analysis was implemented with the purpose of obtaining the values of
parameters at model calibration and the probability distributions of model inputs that
produced plausible realizations when all model inputs were varied. This scheme considers
the uncertainty posed by model inputs (i.e., measurement errors) on predictions.

Fig. 5.5 presents the histograms of runoff volume, peak runoff and sediment yield
after 10,000 simulations. They illustrate the model's likelihood to make plausible
predictions according to ®. These histograms indicate that WEPP is more likely to make
acceptable predictions of runoff volume than peak runoff or sediment yield. The maximum
model efficiency obtained for runoff volume was 0.74 which is considered relatively good.
Simulation results indicated that 54.2, 23.1, and 1.7% of the realizations were with ®>0.5
for runoff volume, peak runoff and sediment yield, respectively (see Table A6 in
Appendix). Also, they indicate that for model applications in which modél inputs are
subjected to significant measurement errors, sediment yield predictions are the most
seriously affected. In addition, sediment yield predictions are not increasing towards to
maximum efficiency as described. The mode value of the model efficiency index to
predict sediment yield was -0.284 while runoff volume and peak runoff was 0.735 and

0.528, respectively.
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Erodibility Parameters Calculated by the Model

This analysis identified the model's behavior to make acceptable predictions for
applications in which soil erodibility parameters are unknown. Parameters were estimated
by the model equations based on soil characteristics (Eqs. 3.7, 3.8 and 3.9). This
technique accounted for the uncertainty in model predictions posed by model equations.

This analysis was approached by generating deviates of soil characteristics from the
multiple normal distribution and inputing them into the model equations. Only erosion
calculations were affected. Model hydrology remained the same as in the previous
analysis.

Fig. 5.7 illustrates the cumulative relative frequency plot and also the prior and
resulting probability distributions of soil erodibility parameters. It was observed that &y,
decreased significantly (0.345) compared to when model parameters where selected
randomly from prior distributions (0.488). However, the sediment model efficiency
always increased towards positive values, having a mode of 0.32 (Fig. 5.8). Although the
maximum model efficiency decreased, the model is more likely to produce realizations
with positive model efficiencies. This demonstrates the benefit of model equations to
calculate erodibitity parameters. In other words, in model applications in which
parameters are unknown the estimation of erosion parameters using the model's equations

is a good start for soil erosion predictions.
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Again, the model efficiency decreases from runoff volume to sediment yield
calculations. This is can be an effect of error propagation. Soil erosion predictions in
WEPP are the result of three major components: a) infiltration, which calculates the total
rainfall excess (runoff volume), b) runoff discharge, that is the mean to transport sediment
particles, and c) erosion, detachment and deposition of sediment particles along a hillslope.
Peak runoff estimation depends on runoff volume calculations. Soil erosion equations are
functions of peak runoff, effective runoff duration, effective rainfall excess, and effective
rainfall excess duration. Good sediment yield predictions depend on relible estimates of

runoff volume and peak runoff.
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Technique II: Bayesian Monte Carlo Technique

Motivated by the potential benefits of Bayesian theory, the results of a Bayesian
Monte Carlo scheme to reduce the uncertainty in WEPP's parameters are presented.
More specifically, it is intended to estimate the probability distributions of parameters
for which the model best behaves by treating the parameter data collected at Lucky Hills
watershed as a prior information for new parameter estimates on the Kendall watershed.

Its important to recall that prior information of interrill erodibility parameter (X))
was obtained from 15 observations obtained with rainfall simulation experiments. Prior
information for rill erodibility (K,) and critical shear stress (t.) parameters resulted from
entering actual soil information into equations (3.8) and (3.9), respectively.  Saturated
hydraulic conductivity was computed by calibrating the IRS model for 21 rainfall
producing runoff events recorded at Kendall watershed. Fig. 5.9 shows the relative
frequency histograms and theoretical distribution of best fit of model parameters. K, K,
and t. approximated a normal distribution, and K| a log-normal distribution.

Following the computational scheme illustrated on Fig. 5.3, prior probability
distributions were updated every time that one "acceptable" realization was performed.
The decision criterion value @, for "acceptable” simulation was identified with 100
preliminary runs. Fig. 5.10 presents the &, values for selection and the cumulative
relative frequency plots of runoff volume, peak runoff, and sediment yield model

efficiencies.
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One thousand model simulations were performed setting &, at 0.726, 0.615, and
0.399 for runoff volume, peak runoff, and sediment yield, respectively, to select model
realizations. Only prior distributions of model parameters (K,, K; K,, and 1, were
updated while the distributions of soil and vegetation characteristics were constant. After
these 1,000 simulations, 658 and 323 new observations were included into the prior
distribution of saturated hydraulic conductivity and soil erodibility parameters,
respectively. Prior and posterior distributions of model inputs were plotted. Fig. 5.11
shows that the distributions of this Bayesian Monte Carlo technique are very similar to
distributions of Technique I (Fig. 5.6). Such similarity indicates that the same results
can be obtained with both techniques, but Technique II required much fewer simulations.

In order to identify when the change of the prior pdf's is not significant with the
inclusion of new parameter deviates, a Kolmogorov-Smirnov test was performed. The
nule hypothesis of this test was that the prior and posterior distributions are similar
against the alternative hypothesis that they are different. The statistical measure to
evaluate previous hypotheses is the maximum absolute difference (DN) between the
cumulative distribution functions. Saturated hydraulic conductivity is the parameter that
most changed from prior to posterior pdf. The Kolmogorov-Smirnov test was conducted
based on the number of simulations required to stabilize the distribution of saturated
hydraulic conductivity. Table 5.5 lists the DN values and significance levels when prior

cdf's having different number of new parameter values are compared with the posterior
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Table 5.5. Maximum absolute deviation and significance level between the prior and
posterior distributions of K, using the Kolmogorov-Smirnov test. The

posterior distribution included 678 observations that resulted from 1,000

simulations.
Number of Max. Abs. Significance
observations Deviation Level
in the Prior (DN)
30 0.4734 0.000005
50 0.2734 0.0018
75 0.1734 0.0343
100 0.1422 0.0588
150 0.1051 0.1321
200 0.0734 0.3754
300 0.0666 0.3167
400 0.0740 0.1193
500 0.0618 0.2213
600 0.0548 0.2946

cdf that resulted from the inclusion of 678 new observations.

According to Table 5.5, the prior distribution of K, is not changing significantly
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DISCUSSION OF CALIBRATION RESULTS

Different sets of parameters values resulted from the calibrations for the three
predicted variables (runoff volume, peak runoff, and sediment yield) between techniques.
For sediment yield, our variable of interest, the parameter with the smallest coefficient of
variation was the saturated hydraulic conductivity with 28.5% and the largest was rill
erodibility with 73.3% (Table 5.7). It is important to mention that most of that variability
is caused by the calibration that considered the calculation of erosion parameters by the
model in Technique I.

For most of the model inputs, the posterior pdf was improved by narrowing the
range towards the calibration values. It is believed that model user can get more benefit
if parameters values are recommended in terms of probability distributions. A probability
distribution is useful to explore the most possible scenarios that can take place in a model
application.

It was realized that model calibration for both methods is very dependent on the
magnitude of the selection criterion for model outputs (&®,). Significant improvements
on parameter pdf's were possible when the selection criterion was very high. However,
if the maximum model efficiency is low, little improvements can be expected on
parameter pdf's. Perhaps this is the explanation why large improvements in K; were

possible.
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CONCLUSIONS

Based on the results of two approaches to calibrate the WEPP model and to
identify the probability distribution of parameters for which the model best behaves, it

is possible to conclude:

1. Both techniques were able to identify the distributions of parameters for which the
model best behaves. However it was observed that Technique I is computational
more expensive than Technique II. This is because Technique II searches for new
parameter deviates within the region most likely to produce "acceptable" model
responses on the prior pdf. Random searching in Technique I requires more
simulations to get the same results.

2. Calibration parameter sets were identified by both techniques. However the
calibration sets were very dependent on the objective function (model efficiency
for runoff volume, peak runoff or sediment yield), the maximum model efficiency
at which these variables were predicted, and the cutoff level imposed by the
selection criterion (®y, in this study).

3. Model efficiency tends to decrease towards to sediment yield predictions
suggesting error propagation problems. Runoff volume had the highest model
efficiency (0.74) when all model inputs were varied, and sediment yield the

lowest (0.39) when parameters were computed by the model. However, based
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on the model's likelihood to make acceptable realizations, the estimation of
parameters using model equations is a good start for model applications in

which soil erodibility parameters are unknown .
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CHAPTER 6
PREDICTION ERROR AND CONFIDENCE OF MODEL RESPONSES
INTRODUCTION

Prediction error is the result of all sources of model uncertainty. The identification
of the contribution of each source of uncertainty to total prediction error is important in
model refinement and applications. In model refinement the model components that need
improvement are identified. In model applications the scope for which the model yields
acceptable responses are delineated.

Perhaps model error and parameter error are the most important sources of prediction
uncertainty. In physically-based models, model error arises because the governing laws
controlling the processes are not known precisely. Parameter error arises due to errors in
parameter measurement and errors in estimating parameters using empirical equations.

When testing continuous simulation, process-based models, error quantification is
necessary to identify critical periods for which the model produces unrealistic responses as
the result of its associated error during simulation. Typical questions that arise when
working with continuous simulation models are: Is model error or parameter error decreasing
or increasing with time? Do model predictions show critical periods due to errors? If error
diminishes with time, what is the minimum number of years for reliable predictions?

In addition, process-based models should be accompanied by documentation

expressing the degree of uncertainty involved in model predictions. Thus, a probability
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In addition, process-based models should be accompanied by documentation
expressing the degree of uncertainty involved in model predictions. Thus, a probability
distribution of potential model responses should be generated in order to represent the
uncertainty around deterministic predictions. If the assessment of uncertainty in model
output is to have a probabilistic basis, then prediction intervals for model output should
be computed.

This chapter describes the contribution of model error and parameter error on total
prediction error and identification of prediction intervals for a continuous simulation

process-based model.
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CHAPTER OBJECTIVES

1) Quantify the contribution of model error and parameter error to total prediction
error when the WEPP model is applied in a continuous simulation mode to predict
the hydrologic and soil erosion responses for a small semi-arid rangeland

watershed.

2) Identify prediction intervals of the WEPP's model responses for runoff volume,

peak runoff and sediment yield model responses.

RELEVANT LITERATURE

Prediction uncertainty is associated with a variety of factors including the model
error caused by abstraction of a system when described by a set of mathematical equations
(Cale and Odell, 1979), and the error in representing the natural variability of the system
by assuming that the system is spatially homogeneous (O'Neill and Gardner, 1979; Lane
and Shirley, 1985) or temporally homogeneous (Gardner and O'Neill, 1980; and Plate and
Duckstein, 1988). The error caused by the inability of the model to represent the spatial
and temporal variability of the real system is strongly related with uncertainties in model

parameters.
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Model Error

Model error - also known as structural error or framework error - arises due to the
fact that the governing laws controlling the processes are not known precisely. Model
equations are gross approximations of the real system they intend to describe.

Model error results from the level of aggregation of simulated components in the
model because the model is a collection of equations representing components of the
system. According to Kirchner (1991) one must be aware of the trade offs that exist
between model complexity and accuracy of parameters and input data. As models become
more complex, data and parameter requirements usually become greater.

In building a model, one must make choices about which processes and states to
include and which states to aggregate to simplify the model. The level of uncertainty may
be used as a criterion for comparing various levels of model complexity. Adding
complexity to a model may improve its ability to describe the behavior of a natural system.
However, the added complexity may increase uncertainty in model predictions.
Eventually, adding complexity to a model is likely to increase uncertainty in model
predictions to unacceptable levels. Uncertainty analysis provides one criterion by which
to judge whether a model is "improved" by adding or deleting processes or states
described by the model (Kirchner, 1991).

Traditionally, model structure has been evaluated by revising four major statistical

assumptions about a model error: 1) the errors are statistical independent of the predictions
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and are identically distributed, 2) the errors are statistically independent of each other, 3)

2, and 4) the errors are normally

the error has a mean zero and a finite variance o
distributed. If one of these assumptions are violated then it is said the model contains
structural errors (White, 1981; Troutman, 1985).

However, the experience with process-based, distributed parameter models has
demonstrated that the errors associated with even optimal parameter sets are neither zero
nor normally distributed. The difficulty of testing structural problems in process-based
models by applying the traditional statistical schemes results from threshold parameters,

intercorrelation between parameters, from autocorrelation and heteroscedasticity in the

residuals and from insensitive parameters in the model (Beven and Binley, 1992).

Parameter Error

Perhaps this type of error has received most of the attention in model evaluation
studies (Gardner and O'Neil, 1980). It has been shown that small errors in model
parameters can result into large errors in the model results. Errors due to model
parameters commonly result from measurement errors and by errors in parameter
estimation when parameters are estimated by empirical equations based on characteristics
of the system. Parameter error is propagated by the model's equations according to the
magnitude of the error and the equation's sensitivity to parameters (McCuen, 1973).

Most of the problems with parameter error arise from the difficulty in representing
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the variability of the system. In watershed modeling, in which models intend to represent
the watershed behavior nnder natural or stressed conditions, runoff and soil erosion
calculations depend on the parameters that represent the spatial and temporal variability
of the watershed. Spatial variability is imposed by changes in soil and vegetation while
the temporal variability is imposed by the effects of climatic cycles on plant growth among
others.

The contribution of both model error and parameter error to total model prediction
error was analyzed by several authors. Reckhow and Chapra (1979) identified the
contribution of model error and parameter error to total model error for a lake
phosphorous retention model. Total error was defined as the sum of model error and
parameter error. The model error was calculated as the residual sum of squares of model
predictions about observed data and parameter error was estimated using first order error
analysis.

Gardner et al. (1980a) analyzed the contribution of model error or bias and
parameter error on total error for a hydrologic model to simulate the surface and
subsurface discharge from a marsh to a lake. They defined total error squared as the sum
of bias squared and variance. Bias was defined as the differences between the daily mean
of 500 simulations and the value obtained by a single simulation when parameters were
set at their mean value. This condition is equivalent to the difference between the expected

behavior of the model when the parameters are uncertain and the deterministic behavior
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of the model. Variance was defined in the usual manner as the mean square root of the
sum of squares of the differences between the mean and each of the 500 iterations. This

variance can be attributed to uncertainty in model parameters.

Reliability of Model Predictions

The utility of watershed models can be enhanced greatly if they are accompanied
by their accuracy and precision information. This is important in model choice, decision-
making, engineering design, data collection, and model refinement (Garen and Burges,
1981). An approach to express the degree of accuracy and precision of the model's
predictions has been to represent the degree of uncertainty by a distribution of model
outputs that express the uncertainty around the true value of parameters. If the assessment
of uncertainty in model output is to have a probabilistic basis, then prediction intervals for
model output should be computed.

A confidence interval for some solution of parameters, such as model output, is
a range of the function such that there is a specified probability that the true value of the
function lies within the range. In contrast, prediction interval is a range of a random
variable corresponding to a function such that there is a specified probability that a future
observation of the random variable lies with in the range (Graybill, 1976). Prediction
intervals are generally formed by adding the random error in parameters in model

predictions.
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In general, nonlinearities of model output make the analysis of uncertainty almost
impossible in process-based models when linearization methods are intended. The most
common alternative is to approximate the statistical distribution of model output by
performing many model runs in a Monte Carlo framework in which the uncertainty on
model parameters is represented by probability distributions. Confidence intervals and
prediction intervals in nonlinear cases are feasible if the parameter variances are small.
For large variances, only the Monte Carlo method has been probed satisfactory to close
approximate confidence and prediction intervals (Cooley, 1993).

Scavia et al. (1981) using a lake eutrophication model studied the ability of the
first-order analysis and Monte-Carlo simulation to estimate the moments of state variables
and to identify prediction intervals. In general, the Monte-Carlo means were like most
measurements and the Monte-Carlo medians are most like the deterministic model output.
However, since the first-order approximation differed from that calculated by Monte-Carlo
and measured data, they included higher-order terms to the Taylor series. They mentioned
that the second-order propagation estimates were closer to Monte-Carlo estimates than the
first-order estimates, but the agreement was not improved significantly. Best agreement
between the Monte-Carlo and first-order estimates for both state variables and their
variances occur when the Monte-Carlo output distributions are symmetric.

Widths of confidence and prediction intervals depend on the assumed statistical

distribution of parameters. In Monte Carlo simulation, if the actual variability of
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parameters is large, it would probably be observed that certain combinations of parameters
produce poor outputs due to unrealistic set of parameter values. Unrealistic model
realizations will affect the width of confidence and prediction intervals. One solution to
this problem is to incorporate the correlation structure of parameters that allows to these
combinations to be likely. This reduction of likelihood would reduce the sizes of
computed confidence and prediction intervals (Cooley, 1993). Perhaps this is the major
drawback of Scavia et al. (1981) since they assumed parameter independence to compute

prediction intervals for the lake eutrophication model.
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where: y = the observed value, ¥ = mean of prediction, § = predicted values and # is the
number of observations. Based on the definitions above, it is possible to state that Eq. (6.1)

represents:

Total model uncertainty = uncertainty due to + uncertainty due to  (6.5)
parameters model structure

An equation that calculates the error terms by per simulation i is:
h 5 n
E(yi_yi) (J)i_.f)z
i=1 i=1

= + (yi—.f)z
n n

(6.6)

where » is the number of simulations within the Monte Carlo framework.

Estimation of Confidence in Model Predictions

Prediction intervals are important to specify the probability that a deterministic model
simulation lies within a range of model output. Based on the Central Limit Theorem, it is
expected that when » approaches infinity, the distribution of the sum of » independently and
identically distributed random variables, X;, approaches a normal distribution with mean np
and variance no. If a random variable follows the normal distribution, approximately 95
percent of the observations are comprised within the area of + 2 standard deviations.
However when non-normality effects occur (i.e., log-normal cases) the identification of

the critical values at + 2 standard deviations becomes more involved.
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Based on preliminary runs of WEPP under the continuous simulations mode using
Monte Carlo simulation, the probability distribution of model predictions at a given / day,
generally, is non-normally distributed and varies in shape from day to day. Thus, the
assumption of normality is not fully justified. One result of this is that the calculated
lower 95% confidence limit (-2 standard deviations) will often be negative. A solution to
this problem in continuous simulation process-based models was proposed by Scavia et al.,
(1981) and Binley et al., (1991). Prediction limits can be computed by rejecting the upper
and lower 5% of the simulations, rather than using variance estimation which assumes

knowledge of the distribution of responses.

Implementation

The implementation of the analysis is based on Monte Carlo simulation in order
to produce a large number of model responses (n) necessary to apply equations (6.4),
(6.5), and (6.6). Both identification of error sources and prediction limits for the WEPP
model was possible by using climate, soils, and vegetation information from Kendall 112
as described in Chapter 4. In a manner similar to that outlined in Chapter 5, observed data
of runoff volume, peak runoff, and sediment yield were also used for these analyses.
Table A7 (Appendix) list the 21 observed rainfall-runoff producing events used in this

analysis.
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The applied approach is illustrated in Fig. 6.2 and it can be summarized as follows:
Using actual samples of watershed characteristics, prior probability distributions
were computed.

For correlated parameters, a multiple normal probability distribution was derived
from prior pdf's.

A set of model inputs was drawn from a multiple normal distribution and other
distributions (distributions of uncorrelated parameters) representing the spatial
variability of parameters in K-112. A 14-years continuous simulation was then
done by entering this drawn set of model inputs and the historical climatic record
into the WEPP model.

Model responses for 21 events, for which actual data exists, occurring within the
14-years simulation were saved at the end of the simulation.

Steps three and four were repeated for 1,000 simulations.

The sources of error were then quantified for runoff volume, peak runoff and
sediment yield model responses by solving equations (6.4), (6.5), and (6.6).
Using the probability distributions of model responses, prediction limits were
identified by rejecting the upper and lower 5% of the simulations. Comparisons

of prediction limits with observed data were conducted.
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RESULTS

Error Analysis

The analyses conducted in this chapter quantified the contribution of parameter
error and structural error on total model uncertainty. The results are intended to provide
insight about the model's behavior in continuous simulation mode from an error analysis
perspective.

The first analysis was to identify the behavior of errors on model predictions when
model parameters are updated on a daily basis. In terms of model applications, it is
important to identify critical periods in model responses due to the lack of
homoscedasticity (correlated errors) on continuous simulations. In other words, it is
important to identify if error is increasing with time and how the errors are associated with
the size of the events.

Fig. 6.2 illustrates the variations of total error and parameter error for three model
responses (runoff volume, peak runoff and sediment yield) as the result of 21 rainfall-
runoff producing events occurring within the 14-years simulation. These events are
chronologically ordered. Model error or bias square is the difference between total error
and parameter error. According to these three plots, errors maintained a uniform spread,
with a trend of never increasing or decreasing with time. However, a major issue in error
propagation was detected. Errors were larger in the model components with the higher

levels of aggregation. Small errors occurred for runoff volume, large for sediment yield,
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and peak runoff was in between. In WEPP, soil erosion calculations start with the
infiltration component that computes total rainfall excess followed with the estimation of
peak runoff, and finally, the application of soil erosion equations to estimate detachment
and deposition of sediment along a hillslope. Thus, soil erosion calculations can be greatly
affected by errors in estimating runoff volume and peak runoff.

To identify problems with heteroscedasticity (i.e., larger events have larger
associated prediction errors), the magnitude of errors associated rainfall events were
plotted for the same response variables (Fig. 6.3). The difference between bars represents
the contribution of model error to total model uncertainty. Errors in runoff predictions are
uniformly distributed for all rainfall events for which rainfall depth ranged from 9.6 to
36.6 mm. A tendency to larger errors was observed for peak runoff calculations. Model
error in peak runoff calculations was larger for small rainfall events than for large
precipitation events. Finally, the largest errors were observed for sediment yield
calculations. All three error types tend to increase towards large rainfall events. However,
it was observed that parameter error was small for small rainfall events while model error

was large. This reveals structural problems in the model in terns of estimating soil erosion.
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Total error and parameter error (Fig. 6.4), and prediction error (Fig, 6.5) were
also plotted in terms of the observed magnitude for runoff volume, peak runoff, and
sediment yield. Errors are again uniformly distributed for runoff volume. A moderate
tendency to increase for peak runoff was observed. However, errors increased for
sediment yield model responses. Table A8 summarizes the three types of errors by model
response for the 21 rainfall-runoff producing events.

From these analyses can be deduced that model errors were the most contributing
to total prediction error or total model uncertainty. Table A9 shows the contribution of
model error to total error for each of the 21 rainfall-runoff producing events. In average,
model error contributed 45.8, 55.1, and 79.6% to total error for predicting runoff volume,
peak runoff and sediment yield, respectively. However, model error was 1.9, 9.6, and
6,644.7 times larger than parameter error for the same response variables, respectively.

With the purpose of understanding the variability of the model's responses, a 14-
years simulation was performed with model inputs at their mean value (Table 5.2) but
model parameters at calibration value (K, = 4.35 mm hr', K; = 1575239 kg s m*, K, =
0.006926 s m”, and t, = 1.133 Pa). Fig. 6.6 illustrates one-to-one scattergrams with their
corresponding frequency plots. The 45° line indicates a perfect fit. The numbers inside the
graph correspond to the events. Table A10 (Appendix) lists the observed and predicted

values with this simulation.
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One-to-one scatter plots and frequency distributions of observed and
predicted variables using model inputs at their mean value but

parameters at calibration.



160

Runoff volume is scattered along the 45° line, which is acceptable. The runoff
volume frequency histograms do not show large differences in the number of occurrences
within a class interval between predicted and observed events. Peak runoff was under
predicted for some events. This condition induced some differences in the observed and
predicted events histograms. The sediment yield scatter plot showed the most predicted
values were below the 45° line. A cluster of events in the lower part of the scattergram
shows that sediment yield is under predicted most of the time. This explains the large
variability of the errors on sediment yield predictions as shown in figures (6.2), (6.3) and
(6.4). Consequently, the resulting frequency histograms are very different suggesting an
unacceptable model behavior on soil erosion calculations.

Also from Fig. 6.6 and Table A9, note that the events for which the model
produced small model errors or bias square were those that are closest to the 45° line.
The very far events from the 45° line contained the largest model error. This explains the
large model error for the events clustered below the 45° line in the sediment yield plot.

To understand the resulting soil erosion calculations, the simulated erosion
processes for events 6 and 15 were analyzed. In terms of precipitation depth, event 6 is

a big event while event 15 is considered a medium size event (Table 6.1).
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Table 6.1. Observed and predicted variables for events 6 and 15.

PPT  Runoff Volume (mm)  Peak Runoff (mm/hr)  Sediment Yield(kg/ha)

Event (mm) Observed Predicted Observed Predicted Observed Predicted

6 36.6 14.4 14.3 75.5 56.8 151.5 203.6
I5 249 5.3 5.5 16.33 15.01 64.5 2.96

For these events the erosion variables were plotted to observe their relationships
and to identify the limiting factors in soil erosion calculations. To avoid confusion with
dimensions and orders of magnitude, the erosion variables were normalized by dividing
their value at a given point on the hillslope over their maximum value that occurred within
the hillslope. With this approach the erosion variables took values between -1 and 1. Fig.
6.7 shows the profile of the hillslope (not to scale), and plots of erosion variables for
events 6 and 15.

The plot of event 6 illustrates that the shear stress of the flow was able to overcome
the critical shear stress of the soil at approximately 110 m. At this point the detachment
capacity of the flow is activated for rill detachment that is maximum at 120m. The
transport capacity of the flow increased along the hillslope reaching its maximum at 150
m, whereas its detachment capacity achieved is maximized at 180 m. After that the flow's
detachment capacity decreased because both sediment load and transport capacity become

its limiting factors. Total sediment load is significant when rill erosion starts to occur.
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The plot of event 15 reveals that the shear stress of the flow was not capable of
overcoming the threshold value imposed by the critical shear stress to promote rill erosion.
The flow rill detachment capacity remained at zero and it is overlapped on the x-
coordinate. The small increment in total sediment load is due to interrill erosion since rill
erosion was never activated. Rainfall simulation experiments on Kendall soils have
revealed that most of the soil erosion occurring is due to interrill erosion process
(Simanton, personal communication). Thus it was possible to deduce that WEPP under
predicted interrill erosion. Rill erosion was activated for events 6 and 14, and the
contribution of interrill erosion to total sediment yield was 2.2 and 1.4%, respectively
(Table All, Appendix).

From Chapter 3, it is possible to identify that Eq. (3.3) does not include a transport
factor to carry the detached sediment down slope for interrill areas. It is believed that a
major improvement for the WEPP model would be the inclusion of runoff discharge for
interrill erosion as it is included in rill erosion calculations. However, it is important to
point out that K-112 is a watershed where most of the soil erosion is caused by raindfop
impact and overland flow transport, but not by rill erosion. This is evident by the absence
of incised channels and rill areas on the watershed.

Finally, simulated canopy and basal covers with their resulting interrill and rill
covers that occurred within the 14-years simulation with parameters at calibration were

verified (Fig. Al). Simulated canopy cover fell within the bound of +1 standard deviation
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of actual canopy cover (21-55%) at K-112 (see Table 4.2). However, basal cover were
over predicted (3.3-10% observed range vs. 11.6-20% predicted range). Interrill and rill
cover averaged 71 and 56 %, respectively. This indicates that the plant model component
produced acceptable responses necesary to estimate the covers factors required by the

interrill and rill erodibility equations (3.3 and 3.4).

Prediction Intervals

Prediction intervals are the range of model responses for a specified probability that
a future prediction will lie within that range. Prediction intervals were calculated for
runoff volume, peak runoff, and sediment yield. Because the width of the prediction
intervals depends on the assumed distribution functions used in Monte Carlo simulation,
parameter deviates were generated from a multiple normal distribution.

Also, as mentioned before, prediction intervals contained only 90% of the
realizations since the upper and lower 5% of the realizations were rejected. This approach
is justified based on the irregularities of the resulting frequency distributions of a nonlinear
model. Fig. 6.9 shows the resulting frequency histograms after 1,000 Monte Carlo
iterations for four of the 21 rainfall-runoff events occurring during the 14-years simulation
period. Non-normality is evident and the shape of the distribution changes from event to
event for the three response variables. This also suggests that the width of the prediction

intervals can vary from event to event in continuous simulations for the same response
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variable (i.e., runoff volume).

After eliminating the top and bottom 5% of the model realizations, prediction
intervals were constructed for runoff volume, peak runoff, and sediment yield model
responses for the 21 events (Fig. 6.10). The top plot in Fig. 6.10 shows the magnitude
of the rainfall events. The runoff volume plot indicates that under continuous simulation
WEPP was able to make acceptable predictions. This is evident because most of the actual
observations fell within the 90% prediction intervals. Considering the daily update of the
infiltration variables (i.e., soil water content) during continuous simulation, this is an
excellent attribute of WEPP. The empty circles represent model predictions when the
model was run with calibrated parameters. For all the events the simulated runoff volume
fell within the prediction intervals. Problems in estimating the peak runoff were evident.
Only 13 of the 21 observed events fell within the range of the prediction intervals.

Prediction intervals for sediment yield could not be delineated due to large errors.
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CONCLUSIONS

Based on the results of analyses using Monte Carlo simulation to estimate the
contribution of parameter error and model error to total model uncertainty and to estimate
prediction intervals for the model response variables of WEPP under continuous

simulation mode it is possible to conclude:

1. The errors tended to be uniform during continuous simulations with the errors
never increasing or decreasing with time of simulation. However, errors are larger
toward components of higher levels of aggregation. This resulted in larger errors

in sediment yield predictions.

2. Problems of lack of homoscedasticity were observed, the largest errors for largest
rainfall events. This is more evident for peak runoff and sediment yield than for
runoff volume. Also, a larger contribution of model error to total prediction error
resulted from peak runoff and sediment yield predictions. This reveals structural

type problems in calculating peak runoff and sediment yield.

3. For most of the events sediment yield was under predicted. This was largely

attributed to interrill erosion under prediction. This represents a problem in model
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applications where soil erosion is dominated by interrill erosion instead of rill

€rosion processes.

Prediction intervals of runoff volume indicated that WEPP does acceptable
responses in estimating infiltration variables. Almost all observed runoff volume
data were inside the 90% prediction intervals. Predictions are closer to

observations after few years of simulation.

Prediction limits for peak runoff revealed that WEPP rarely comprised the
observed data within the range of predictions. Finnaly, because the large error in
estimating sediment yield, most of the sediment yield observations never were

included inside the prediction intervals.
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CHAPTER 7

SUMMARY, CONCLUSIONS AND RECOMMENDATIONS
SUMMARY

The major objective of this research was to develop an error analysis approach to
evaluate process-based models subjected to parameter updating under continuous
simulation mode. This was achieved by using the version 93.13 of the WEPP profile
model when applied to a rangeland watershed located at the Walnut Gulch Experimental
Watershed in Tombstone, AZ. This general objective was divided into five sub-
objectives: 1) examine the model performance when applied to semi-arid rangeland
watershed, 2) calibrate the model and identify the probability density distribution of
parameters, 3) identify the model's likelihood for plausible model realizations, 4) identify
the contribution of parameter error and model error to total prediction uncertainty, and 5)
identify prediction intervals of model responses.

To meet the first objective of this research, information of climate, soils, and
vegetation of Kendall watershed was used to simulate runoff volume, peak runoff, and
sediment yield. The model responses of 21 events occurring within a 14-years simulation
period were compared with actual data.

To calibrate the model and to identify the probability distributions of parameters,
two approaches were evaluated based on the concept of model output classification

("acceptable" and "not acceptable") using a model efficiency index. The first approach,
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or Technique I, consisted on Monte Carlo simulation but the generation of random
deviates of parameters representing the spatial variability were obtained from a multiple
normal distribution. This prevented the generation of unrealistic parameter sets as they
occur on traditional Monte Carlo and preserved parameter correlation as found in Kendall
watershed. The second approach, or Technique II, used Bayesian theory to sample the
prior distributions of model parameters linked to Monte Carlo simulation using the
multiple normal distribution. It was shown that both techniques were able to calibrate the
model and identify the posterior probability distribution of parameters. However, the
benefit of including a Bayesian scheme to sample prior parameter distributions is that the
required number of model iterations to reach a stable posterior pdf's are considerable less
(100 simulations) as compared with Technique I. Most of the improvement on the
posterior pdf was for saturated hydraulic conductivity. This is because of using a value
for selection criterion (®4,) that resulted from the high model efficiencies to compute
runoff volume.

Based on how the model is likely to make plausible realizations, in model
applications in which soil erodibility parameters are unknown the use of model equations
represent a good starting for parameter estimation. Poor model realizations can be
expected if erodibility parameters are entered randomly.

The contribution of model error and parameter error to total model uncertainty was

assessed by applying the mean square error (mse) equation. The mse equation allowed to
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decompose the total variability on model predictions into the model variability when
parameters are uncertain plus bias square. If it is assumed that errors do not exist on
observed data, then bias square represents the contribution of model error to total
prediction uncertainty. The results showed that errors are uniformly distributed for
continuous simulations but they increased toward the model components with higher levels
of aggregation (erosion component). Errors for peak runoff and sediment yield
estimations increased with the magnitude of the event indicating problems of
heteroscedasticity. Model errors tend to contribute more to total prediction uncertainty for
peak runoff and sediment yield estimations.

Prediction intervals were identified by rejecting the upper and lower 5% of the
model responses for runoff volume, peak runoff and sediment yield. Most of the runoff
volume and peak runoff of the observed rainfall events fell within the 90% prediction
intervals. Model predictions when parameters were set at calibrated values are closer to
observed data after few years of simulations. Observed sediment yield data never occurred
within the sediment yield prediction intervals.

In general, model responses on sediment yield were below the actual values. This
was largely attributed to under prediction of interrill erosion. Rill erosion was activated
for two of the 21 events and interrill erosion was less than 2.5% of the total sediment yield

estimated.



173

CONCLUSIONS

Based on the results model calibration and the identification of the parameter

probability distributions, it is possible to conclude:

1.

Both techniques were able to identify the distributions of parameters for which the
model best behaves. However, it was observed that Technique I is computational
more expensive than Technique II. This is because Technique II searches for new
parameter deviates within the region most likely to produce "acceptable" model
responses on the prior pdf. Random searching in Technique I requires more
simulations to achieve the same results.

Calibration parameter sets were identified by both techniques. However the
calibration sets were very dependent on the objective function (model efficiency for
runoff volume, peak runoff and sediment yield), the maximum model efficiency at
which these variables were predicted, and the cutoff level imposed by the selection
criterion (@, in this study).

Model efficiency tends to decrease towards to sediment yield predictions
suggesting error propagation problems. Runoff volume had the highest model
efficiency when all model inputs were varied and sediment yield the lowest when
parameters were computed by the model. However, based on the model's
likelihood to make acceptable realizations, the estimation of parameters using

model equation is a good starting for model applications in which soil erodibility
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parameters are unknown.
The estimation of the contribution of errors to total model uncertainty and the

delimitation of prediction intervals for the model response variables show that:

4. Errors tended to be uniform during continuous simulations with the errors never
increasing or decreasing with time. However, errors are larger toward components
of higher levels of aggregation. This resulted in larger errors in sediment yield
predictions. Lack of homoscedasticity was observed, the largest errors for largest
rainfall events. This is more evident for peak runoff and sediment yield than for
runoff volume. Also, a larger contribution of model error to total prediction
uncertainty for peak runoff and sediment yield predictions was observed. This

reveals structural type problems in calculating peak runoff and sediment yield.

5. Prediction intervals of runoff volume indicated that WEPP does acceptable
responses in estimating infiltration variables. Almost all observed runoff volume
data were inside the 90% prediction intervals. Predictions are closer to
observations after few years of simulation. Prediction intervalss for peak runoff
revealed that WEPP hardly comprised the observed data within the range of
predictions. Because the large errors in estimating sediment yield, most of the

observed data never was included inside the prediction intervals.
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6. For most of the events sediment yield was under predicted. This was largely
attributed to interrill erosion under prediction. This represents a problem in model
applications where soil erosion is dominated by interrill erosion processes instead

of rill erosion processes.

RECOMMENDATIONS

During the months in which the version 93.13 of the WEPP profile model was
evaluated a new version of the model was released to overcome the limitations of the soil
erosion equations. The 94.3 version includes a sediment transport factor into interrill
erosion calculations. This is important for model applications that involve watersheds in
which most of the soil erosion is the product of interrill erosion process, such as Kendall
112 watershed. It is recommended to evaluate the newest version of WEPP by applying
the presented error analysis approach to identify changes on errors and model
heteroscedasticity on sediment yield calculations using information of the same watershed.
In addition, further research is needed to evaluate the model performance for watersheds
in which erosion processes are dominated by rill erosion processes.

Further more, a sensitivity analysis is recommended to identify the parameters that
require accurate estimation. This will help to allocate resources for data collection and

improvement of model equations.
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Finally, using parameter data bases collected on representative watersheds in the
U.S.A. the Bayesian - Monte Carlo approach is a feasible alternative to acquire new
information of soil erosion parameters for locations where rainfall simulation experiments

never have been performed.
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APPENDIX

Table Al. Pearson correlation coefficients for soil parameters in Kendall.
Correlation Coefficients / Prob > |R| under Ho: Rho=0; (number of
observations).

RFRG SAND CLAY  SILT BLKDEN oM 1/3BAR 15BAR  CEC CANCOV RESCOV BARE GRDCOV

RFRG 1.000 0.223 -0.386 0.243 0.140 -0.441 -0.493 -0.501 -0.588 -0.043 0.108 -0.295 0.260
0.000 0.054 0.001 0.036 0.485 0.015 0.014 0.013 0.001 0.829 0.585 0.127 0.182
(75) (75) (75) (75) (27> (30) (24> (24) (30> (28) (28) (28) (28)

SAND 0.223 1.000 -0.900 -0.529 0.130 -0.813 -0.905 -0.828 -0.914 -0.181 0.194 -0,143 0.141
0.054 0.000 1E-04 1E-04 S5E-01 1E-04 1E-04 1E-04 1E-04 0.358 0.322 0.468 0.476
(75) (76) (76) (76) (27) (30) (24) (24) (30) (28) (28) (28) (28)

CLAY -0.386 -0.900 1.000 0.105 -0.123 0.807 0.930 0.857 0.944 0.161 -0.166 0.219 -0.197
6E-04 1E-04 0.000 0.365 0.540 1E-04 1E-04 1E-04 1E-04 0.414 0.400 0.262 0.315
(75) (76) (76) (76) (27) (30) (24) (24) (30) (28) (28) (28) (28)

SILT 0.243 -0.529 0.105 1.000 -0.098 0.517 0.476 0.433 0.477 0.164 -0.197 -0.127 0.073
0.036 1E-04 0.365 0.000 0.626 0.003 0.019 0.035 0.008 0.403 0.315 0.521 0.712
(75) (76) (76) (76) (27) (30) (24) (24) (30) (28) (28) (28) (28)

BLKDEN 0.140 0.130 -0.123 -0.098 1.000 -0.256 0.095 0.071 -0.191 -0.290 0.295 -0.217 0.247
0.485 0.517 0.540 0.626 0.000 0.197 0.673 0.754 0.339 0.160 0.152 0.299 0.234
(27) 27y (7)Y (@7) (27) (27) (22) (22) (27) (25) (25) (25) (25)

oM -0.441 -0.813 0.807 0.517 -0.256 1.000 0.706 0.631 0.809 0.429 -0.353 0.372 -0.386
0.015 1E-04 1E-04 0.003 0.197 0.000 1E-04 0.001 1E-04 0.023 0.066 0.051 0.042
(30)  (30) (30 (30) (27) (30) (24) (24) (30) (28) (28) (28) (28)

1/3BAR  -0.493 -0.905 0.930 0.476 0.095 0.706 1.000 0.905 0.880 -0.139 0.145 0.035 0.009
0.014 1E-04 1E-04 0.019 0.673 1E-04 0.000 1E-04 1E-04 0.538 0.521 0.876 0.970
(24) (24) (26) (24) (22) (24) (24) (24) (24) (22) (22) (22) (22)

15BAR -0.501 -0.828 0.851 0.433 0.071 0.631 0.%05 1.000 0.824 -0.189 0.163 -0.034 0.083
0.013 1E-04 1E-04 0.035 0.754 0.001 1E-04 0.000 1E-04 0.399 0.469 0.882 0.712
(24) (26) (24) (24) (22) (24) (24) (24) (24) (22) (22) (22) (22)

CEC -0.588 -0.914 0.944 0.477 -0.191 0.809 0.880 0.824 1.000 0.211 -0.242 0.343 -0.321
0.001 1E-04 1E-04 0.008 0.339 1E-04 1E-04 1E-04 0.000 0.281 0.214 0.074 0.096
(30) (30) (30) (30) (27) (30) (24) (24) (30) (28) (28) (28) (28)

CANCOV  -0.043 -0.181 0.161 0.164 -0.290 0.429 -0.139 -0.189 0.211 1.000 -0.500 0.497 -0.516
0.829 0.358 0.414 0.403 0.160 0.023 0.538 0.399 0.281 0.000 0.007 0.007 0.005
(28) (28) (28) (28) (25) (28) (22) (22) (28) (28) (28) (28) (28)

RESCOV 0.108 0.194 -0.166 -0.197 0.295 -0.353 0.145 0.163 -0.242 -0.500 1.000 -0.735 0.755
0.585 0.322 0.400 0.315 0.152 0.066 0.521 0.469 0.214 0.007 0.000 1E-04 1E-04
(28) (28) (28) (28) (25) (28) (22) (22) (28) (28) (28) (2B) (28)

BARE -0.295 -0.143 0.219 -0.127 -0.217 0.372 0.035 -0.034 0.343 0.497 -0.735 1.000 -0.987
0.127 0.468 0.262 0.521 0.299 0.051 0.876 0.882 0.074 0.007 1E-04 0.000 1E-04
(28) (2B) (28) (28) (25) (28) (22) (22) (28) (28) (28) (2B) (28)

GRDCOV 0.260 0.141 -0.197 0.073 0.247 -0.386 0.009 0.083 -0.3271 -0.516 0.755 -0.987 1.000
0.182 0.476 0.315 0.712 0.234 0.042 0.970 0.712 0.096 0.005 1E-04 1E-04 0.000
(28) (28) (28) (2B) (25) (28) (22) (22) (2B) (28) (28) (28) (28)
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Table A2. Rainfall - runoff calibration events selected after applying the IRS model.

runoff volume  peak runoff Chezy Obs.

ppt (mm) (mm/hr) swW ¥ Ks C  Sedimen

event date (mm) obs pred obs pred (mm/mm) {(mm) (mm/hr) (mS5/s) (kg) |
1 08-09-75 965 070 1.10 3.82 380 0549 1682 3.00 220 49
2 13-09-75 23.88 6.57 6.37 47.10 4535 0.595 1512 4.00 6.00 104.3
3 27-07-76 36.58 1442 1429 7552 76.07 0366 2170 3.25 4.50 2804
4 28-07-76 1524 7.21 585 2788 2759 0.626 13.96 1.00 4.40 124.1
5 10-08-76 2642 9.06 8.30 35.67 36.35 0461 20.12 3.00 5.40 172.0
6 05-09-76 36.58 14.92 14.92 31.18 30.62 0.567 16.16 4.75 3.00 118.5
7 06-09-76 11.94 420 3.62 24.01 2388 0626 1396 3.00 10.50 38.0
8 22-06-77 1194 130 114 524 549 0183 2170 2.25 3.50 19.5
9 16-08-77 26.92 473 4.84 1648 1682 0.582 1560 750 14.00 414
10 04-08-80 34.01 1545 16.97 70.22 69.87 0.263 2170 3.00 6.30 1547.3
11 24-08-80 2490 5.33 571 16.33 16.88 0.551 1676 3.50 5.00 119

sw = soil water content, ¢ =

matric potential, X, = saturated hydraulic conductivity

Table A3. Rainfall-runoff validation events selected using IRS model.t
runoff volume peak runoff obs
ppt (mm) (mmv/hr) soil water ¢ sediment
event date (mm) obs pred obs pred (mm/mm) (mm) kg/ha
1 03-07-74 21.84 157 8.30 1010 23.82 0276 -~ 2170 261.2
2 16-07-74 1499 0.79 6.39 3.36 16.07 0.626 13.96 6.1
3 17-07-75 2159 272 1033 14.04 34.89 0.363 21.7 23.2
4 05-09-77 16.26 1.87 3.65 8.04 7.54 0.482 19.33 22.8
5 08-07-81 2032 289 7.85 10.26 21.56 0.392 217 70.3
6 15-07-81 17.78 478 764 17.01 204 0.6 14.93 60.4
7 10-08-81 16 5.02 6.64 2175 18.52 0.473 19.67 78.7
8 20-07-82 22.86 8.76 111 4767 3512 0.209 21.7 451.6
9 31-07-82 1753 9.94 8.78 378 28.14 0.427 21.39 203.8
10 20-07-85 14.99 1.22 7.60 311 22,69 0.626 13.96 37

1 : K, = 3.15 mm/hr (geometric mean from A2)



Table A4. Observed events in K-112 used for error analysis.

runoff peak sediment
ppt volume runoff yield

event day mon vyear (mm) (mm)  (mm/hr) (kg/ha)
1 3 7 74 21.84 1.57 10.10 141.21
2 16 7 74 14.99 0.79 3.36 3.31
3 17 7 75  21.59 272 14.04 12.56
4 8 9 75 9.65 0.70 3.82 2.65
5 13 9 75 23.88 6.57 47.10 56.39
6 27 7 76 3658 1442 75.52 151.57
7 28 7 76 1524 7.21 27.88 67.11
8 10 8 76 2642 9.06 35.67 92.92
9 5 9 76 36.58 14.92 31.18 64.09
10 6 9 76  11.94 4.20 24.01 20.56
11 22 6 77  11.94 1.30 524 10.56
12 16 8 77 2692 4.73 16.48 22.39
13 5 9 77 16.26 1.87 8.04 12.35
14 4 8 80 34.01 15.45 70.22 836.39
15 24 8 80 24.90 5.33 16.33 64.55
16 8 7 81 20.32 2.89 10.26 38.01
17 15 7 81 17.78 4.78 17.01 32.68
18 10 8 81 16.00 5.02 21.75 42.53
19 20 7 82 22.86 8.76 47.67 24411
20 31 7 82 17.53 9.94 37.80 110.19
21 20 7 85 14.99 1.22 3.11 2.01
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Table A5. Covariance matrix of soil characteristics for Kendall 112 watershed.

Rock Fra. Sand Clay Silt  Bulk Dens. Org. 1/3-Bar  15-Bars CEC
Mat.
Rock Frg. 0.0079 0.1877 -0.2183 0.0306 0.0017 -0.0153 -0.2093 -0.1168 -0.3534
Sand 0.1877 75.4373 -59.8045 -15.6321 0.1365 -3.9966 -41.0804 -20.8802 -66.0926
Clay -0.2183 -50.8045  50.7361 9.0681 -0.0930 32766 344865  17.5337 56.4052
Silt 0.0308 -15.6321 9.0681 6.5636 -0.0434 0.7199 6.5946 3.3466 9.6845
Bulk Dens. 0.0017 0.1365 -0.0930 -0.0434 0.0084 -0.0168 0.0456 0.0189 -0.1827
Org. Mat. -0.0153 -3.9966 3.2766 0.7199 -0.0168 0.3426 2.1526 1.0546  3.7894
1/3-Bar -0.2093 -41.0804  34.4865 6.5946 0.0456 21526  27.2786  13.6149 38.3871
15-Bars -0.1168 -20.8802  17.5337 3.3466 0.0189 1.0546  13.6149 8.5409 19.8533
CEC -0.3534 -66.0926 56.4052 9.6845 -0.1827 3.7894 38.3871 19.8533 70.3124

081
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Table A6. Number of occurrences by class of model efficiency for runoff volume, peak

runoff, and sediment yield after 10,000 simulations when all model inputs varied.

Model Efficiency Number of Occurrences
Lower  Upper Midpoint  runoff peak sediment
Class Limit Limit volume  runoff yield
at or below -2.00 18 0 0
1 -2.00 -1.75 -1.875 1 0 2
2 -1.75 -1.50 -1.625 32 1 0
3 -1.50 -1.25 -1.375 60 0 0
4 -1.25 -1.00 -1.125 107 1 2
5 -1.00 -0.75 -0.875 181 28 5
6 -0.75 -0.50 -0.625 283 96 26
7 -0.50 -0.25 -0.375 399 802 2849
8 -0.25 0.00 -0.125 639 1213 1232
9 0.00 0.25 0.125 1075 2522 2151
10 0.25 0.50 0.375 1776 3021 3562
11 0.50 0.75 0.625 5419 2316 171
12 0.75 1.00 0.875 0 0 0
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Table A7. Number of occurrences by class of model efficiency for runoff volume, peak
runoff, and sediment yield after 10,000 simulations when model inputs

variables varied and parameters were calculated by the model.

Class Model Efficiency Number of Occurrences

Lower Upper Midpoint  runoff peak sediment
Limit Limit volume  runoff yield

at or below -2.00 18 0 0

1 -2.00 -1.75 -1.875 11 0 0

2 -1.75 -1.50 -1.625 32 1 0

3 -1.50 -1.25 -1.375 60 0 0

4 -1.25 -1.00 -1.125 107 1 0

5 -1.00 -0.75 -0.875 181 28 2

6 -0.75 -0.50 -0.625 283 96 9

7 -0.50 -0.25 -0.375 399 802 66

8 -0.25 0.00 -0.125 639 1213 515

9 0.00 0.25 0.125 1075 2522 3215

10 0.25 0.50 0.375 1776 3021 6193

11 0.50 0.75 0.625 5419 2316 0

12 0.75 1.00 0.875 0 0 0
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Table AS. Collection of errors for model responses after 1,000 Monte Carlo
simulations.
Errors in Runoff Volume Errors in Peak Runoff Errors in Sediment Yield
bias? variance mse bias? variance mse bias? variance mse

25.711 7.957 33.669 {240.234 243.536 483.770 | 18508.85 729.04 19237.80

17.730 5.001 22.731 | 33.271 15.442 48.713 6.06 0.25 6.31
21.381 2406 23.788 | 29.244 26.016 55.259 89.02 242 91.44
0.636 2073 2709 3.888 4.514 8.402 5.71 0.08 5.79
0.361 3.703  4.064 |840.130 34.433 874.573 | 2896.52 1.67  2898.22
9.910 22495 32405 | 19.491 451.080 470.571 7098.00 43382.68 50480.66
17.925 2.638 20.563 }556.158 9.282 565440 | 4416.99 0.18  4417.13

0.014 6.316  6.330 | 87.817 130.478 218.294 | 694749  2052.97 9000.43
5.398 9913 15.311 }422.063 125.023 547.090 | 3138.02 33107.23 36245.28

0.426 2.003 2429 242,934 13.462 256.394 384.64 0.31 384.95
0.070 2.015  2.085 | 18.308 1.891 20.199 109.37 0.02 109.39
20.871 7.336 28.207 | 49.141 30.843 79.984 405.18 1.46 406.64
4.649 1.646  6.295 0.819 7.787 8.607 116.86 0.79 117.65

4476 21725 26.201 | 18.560 227.944 246.504 5751541 40407.87 397925.28
3.849 6.783 10.632 |342.347 711.566 1053.915 10280 8638.60  8741.51
10.205 2442 12,647 9.400 40.411 49.810 1298.86 77.98 1376.82

0.411 4475  4.886 0.366 85.522 85.888 982.39 0.63 983.03
5.000 2.045  7.044 |292.896 8.600 301.497 1745.75 0.25 1746.00
1.306 2.831 4.137 |746.103 34.917 781.012 | 58691.73 0.90 58692.07
7.634 4.894 12.528 {455.132 21.323 476.459 | 11895.29 0.35 11895.71

2.879 2017  4.897 | 22127 84.969 107.096 0.60 32.92 33.52




Table A9. Contribution of error to total model uncertainty

Event  Runoff Volume Peak Runoff Sediment Yield

m/ipt % m.et m/p % m.e. mip % m.e.

1 3.23 76.37 0.98 49.66 25.39 96.21
2 3.54 78.01 2.15 68.29 24.24 96.04
3 8.88 89.88 1.12 52.92 36.82 97.36
4 0.31 23.47 0.86 46.28 67.28 98.54
5 0.09 8.88 24.39 96.06 1731.13 99.94
6 0.44 30.58 0.04 4.14 0.16 14.06
7 6.79 87.17 59.92 98.36 24031.49 99.93
8 0.01 0.22 0.67 40.23 3.38 77.19
9 0.54 35.26 3.37 77.15 0.09 8.66
10 0.21 17.55 18.04 94,75 1238.36 99.92
11 0.03 3.36 9.68 90.64 4392.25 99,93
12 2.84 73.99 1.59 61.44 277.29 99.64
13 2.82 73.86 0.1 9.52 148.37 99.33
14 0.21 17.08 0.08 7.53 8.85 89.84
15 0.56 36.19 0.48 32.48 0.01 1.18
16 4.17 80.69 0.23 18.87 16.66 94.34
17 0.09 8.41 0.004 0.43 1558.61 99.93
18 2.44 70.98 34.05 97.15 7062.09 99.93
19 0.46 31.57 21.36 95.53 65075.65 99.93
20 1.55 60.93 21.34 95.52 33841.49 99.93
21 1.42 58.79 0.25 20.66 0.02 1.79

1+ = model error / parameter error

F = percent of model error on total error
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Table A10.  Observed and predicted variables obtained by a 14-years simulation setting

model inputs at the mean value but parameters at calibration*.

runoff volume peak runoff sediment yield
(mm) (mm/hr) (kg/ha)
event ppt obs sim obs sim obs sim
1 21.84 1.57 4.50 10.1 10.49 141.21 1.00
2 14.99 0.79 4.48 3.36 8.93 3.31 0.57
3 21,59 272 6.88 14.04 19.70 12.56 210
4 9.65 0.70 0.00 3.82 0.00 2.65 0.00
5 23.88 6.57 6.55 47.10 15.41 56.39 1.67
6 36.58 14.42 14.39 75.52 56.81 1581.57 202.86
7 15.24 7.21 2.55 27.88 2.74 67.11 0.52
8 26.42 9.06 8.03 35.67 19.77 92.92 2.03
9 36.58 14.92 16.06 31.18 46.36 64.09 4.15
10 11.94 4.20 3.32 24.01 9.06 20.56 0.75
11 11.94 1.30 0.00 5.24 0.00 10.56 0.00
12 26.92 4.73 8.56 16.48 23.22 22.39 1.70
13 16.26 1.87 3.81 8.04 7.59 12.35 1.24
14 34.01 15.45 16.44 70.22 69.75 836.39 331.02
15 24,90 5.33 5.58 16.33 15.01 64.55 2.96
16 20.32 2.89 5.77 10.26 12.05 38.01 1.45
17 17.78 4.78 4.47 17.01 10.66 32.68 0.96
18 16.00 5.02 2.22 21.75 3.73 42.53 0.47
19 22.86 8.76 7.05 47.67 22.56 244 11 1.50
20 17.53 9.94 6.48 37.80 16.62 110.19 0.897
21 14.99 1.22 2.33 3.11 3.90 2.01 0.658

* K, = 4.35 mm hr', K, = 157523.9 kg s m*, K, = 0.006926 s m", and v, = 1.133 Pa
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Predicted and simulated variables per event with their interrill and rill

erosion calculated by the model*,

Runoff Volume Peak Runoff Sediment Yield Calculated Erosion
(mm) (mmhr) (kg/ha) (kg/ha)
Event Obs Pred Obs Pred Obs Pred interrill rill

1 1.57 4.50 10.10 10.49 141.21 1.00 1.00 0.00
2 0.79 448 3.36 8.93 3.31 0.57 0.57 0.00
3 272 6.88 14.04 19.70 12.56 2.10 2.10 0.00
4 0.70 0.00 3.82 0.00 2.65 0.00 0.00 0.00
5 6.57 6.55 47.10 15.41 56.39 1.67 1.67 0.00
6 14.42 14.39 75.52 56.81 161.57 203.86 4.63 199.2
7 7.21 2.55 27.88 274 67.11 0.52 0.52 0.00
8 9.06 8.03 35.67 19.77 92.92 2.03 2.03 0.00
9 14.92 16.06 31.18 46.36 64.09 4.15 4.15 0.00
10 4.20 3.32 24.01 9.06 20.56 0.75 0.75 0.00
11 1.30 0.00 5.24 0.00 10.56 0.00 0.00 0.00
12 4,73 8.56 16.48 23.22 22.39 1.70 1.70 0.00
13 1.87 3.81 8.04 7.59 12.35 1.24 1.24 0.00
14 15.45 16.44 70.22 69.75 836.39 331.02 4.84 326.2
15 5.33 5.58 16.33 15.01 64.55 2.96 2.96 0.00
16 2.89 5.77 10.26 12.05 38.01 1.45 1.45 0.00
17 4.78 4.47 17.01 10.66 32.68 0.96 0.96 0.00
18 5.02 2.23 21.75 3.73 42.53 0.47 0.47 0.00
19 8.76 7.05 47.67 22.56 24411 1.50 1.50 0.00
20 9.94 6.47 37.80 16.62 110.19 0.90 0.90 0.00
21 1.22 2.33 3.1 3.90 2.01 0.65 0.65 0.00

* K, = 435 mm hr', K, = 157522.9 kg s m*, K, = 0.006926 s m"', and , = 1.133 Pa
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