
1 

THE RELATIVE IMPORTANCE OF RAINFALL INTENSITY VERSUS SATURATED 

HYDRAULIC CONDUCTIVITY FOR RUNOFF MODELING OF SEMI-ARID 

WATERSHEDS 

by 

Brian Clifford Mayeux 

A Thesis Submitted to the Faculty of the 

DEPARTMENT OF HYDROLOGY AND WATER RESOURCES 

In Partial Fulfillment of the Requirements 

For the Degree of 

MASTER OF SCIENCE 

WITH A MAJOR IN HYDROLOGY 

In the Graduate College 

THE UNIVERSITY OF ARIZONA 

1995 



2 

STATEMENT BY THE AUTHOR 

This thesis 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 thesis are allowable without special permission, 
provided that accurate acknowledgment of source is made. 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 of the Dean of the Graduate College when in 
his or her judgement 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: ____________ _ 

APPROVAL BY THESIS DIRECTOR 

This thesis has been approved on the date shown below. 

Soroosh Sorooshian, Professor of 

Hydrology and Water Resources 

Date 



3 

ACKNOWLEDGMENTS 

I would first especially like to thank Dan Braithwaite for always finding the time to 

give advice when Arc/Info and Matlab were not acting the way I thought they would. 

Without his help, this thesis would have taken a least another 6 to 12 months to complete. 

I would also like to thank Hoshin Gupta, Jene Michaud, and David Goodrich for all of the 

invaluable advice and guidance for my research. Last, (but definitely not least) I would 

like to thank Soroosh Sorooshian for giving me the opportunity to pursue a graduate degree 

in Hydrology and the helpful advice and guidance concerning the content and direction of 

my research. 

The financial support for this research was provided by the NASA EOS grant 

NAGW2425, the Hydrologic Research Lab of the U.S. National Weather Service (NA 90 

AA-H-HY505) and the Graduate College of the University of Arizona. 

I would like to thank the USDA-ARS in Tucson Arizona for providing the high 

quality rainfall and soils data for this thesis. 



4 

TABLE OF CONTENTS 

LIST OF ILLUSTRATIONS .................................................................................... 8 

LIST OF TABLES .......... .......................................................... ...................... .......... 19 

ABSTRACT ................................................................ .................................. .... ....... 21 

1. INTRODUCTION .......................................................................... .............. 23 

1.1 Problem Statement . .. . ... . . . .. . .. . .. .. . . . ... . .. . .. . . . . . . . . . . . .. . . . . . . . . .. . . . .. . . . . . . ... . . . . . . . . . . 23 

1.2 Motivation and Objectives of Study .................................................... 25 

1.3 Example of How Scale Can Affect RR Model Simulations . . . . . . . . . . . . . . . 27 

2. LITERATURE REVIEW . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . .. . . . . . . . .. . .. . . . . . . . . . . . . . . . . . . . . . . . . .. . . . . 31 

2.1 Introduction ................................................................................... ...... 31 

2.2 The Effect of Scale on Distributed RR Model 

Simulations . . . . .. . ..... . . .. .. . ..... .. . .. ... .. .. . . . . ... . . . .. . . . . . . . . .................................. 31 

2.3 Developing Schemes to Better Represent Intra-Grid Soils and 

Rainfall Variability.................................................. .. .......................... 33 

2.4 Summary and Discussion .................................................................... 37 

3. RAINFALL RUNOFF MODELING ................................. .. ................ ...... .. 39 

3.1 Introduction ......................................................................................... 39 



5 

TABLE OF CONTENTS (continued) 

3.2 Physically Based Versus Empirical Models ................................. .. .... 39 

3.3 Lumped versus Distributed Models ... .............................................. ... 41 

3.3 The Routing of Rainfall Excess ...................................... ..................... 43 

3.3.1 Introduction ................................................................. 43 

3.3.2 The Simple Linear Reservoir ...... ... ........ .. ............ ... .... 43 

3.4 Summary and Discussion .................................................................... 45 

4. DESCRIPTION OF CELLMOD .......... ................... ............................. ..... ... 46 

4.1 Introduction .. . . . . . .. . ... . .. . . . . .. . . . . . .. . ... . . .. . .. . ... .. . . . . . . . . . . . . .. . .. . . .. . . . . . . . . .. . . . . . . . . . . . . . 46 

4.2 Brief Characterization................................... ......... ... ....................... .... 46 

4.3 Computation of Rainfall Excess ..... ..... ............... ...... .. ........ ... ........ ... ... 47 

4.4 Routing of Rainfall Excess .................................................................. 52 

4.5 Channel Loss Calculation . . . . .. .. . .. .. .. . . . . . .. . . . . .. . . . . .. . . .. . .. . . . . . . .. . . . .. . . . . . . . . . . . . . . 54 

4.6 Summary and Discussion ................................................................... 55 

5. ESTIMATION OF FEATURES USED IN THE GREEN AMPT 

MODEL ......................................................................................................... 59 

5.1 Introduction ............................................................................................ 59 



6 

TABLE OF CONTENTS (continued) 

5.2 Description of Watershed Used .......................................................... 60 

5.3 Estimation of Soil Parameters .............................................................. 61 

5.3.1 Estimation of Saturated Hydraulic Conductivity ........ 61 

5.3.2 Estimation of Effective Matric Potential ................... 64 

5.4 Estimation of Vegetation Parameters .................................................. 66 

5.5 Description of Rainfall Data Used ............... .......... ....... ...... .. .......... .... 67 

5.6 Summary and Discussion ... ... ... .................... ...................... .......... ........ 68 

6. INVESTIGATING THE EFFECT OF SCALE OF WATERSHED 
FEATURES ON MODEL SIMULATIONS .. ........ ..... ...... .. .......... ............ ... 71 

6.1 Introduction . . ... ... . .. . .. . .. ... .. . .. .. ... .. . .. .. ...... .. . . . . .. . . . . .. . . . . .. . . . . . . . . . . . .. . . . . . . . . .. . . . 71 

6.2 Description of Feature Resolutions Used for Analysis . . .. . . . . . . .. .. . . . . . . . . . 71 

6.2.1 Rainfall Resolutions .................................................... 71 

6.2.2 Soil Feature Resolutions ............................................. 72 

6.2.3 Resolutions Used for Analysis ....... ............................. 73 

6.2.4 Other Needed Model Parameter Values ..................... 79 

6.3 Assumed True Runoff Magnitudes ......................... ..... .... ....... ......... ... .. 79 



TABLE OF CONTENTS (continued) 

6.4 Focal Variety Index ................................................................................ 80 

6.5 Results .. . . .. . ... . .... .. . .. . .. . .. . .. . .. . .. . . . .. . . .. .. . . .. .. . . .. . ... . .. . . . . . . . . .. . . . .. . . . . .. . . .. . .. . . .. . . . 86 

6.5.1 Underestimation of Rainfall Excess .............. ............. 86 

6.5.2 Effect of Soil Feature Scale .................. ...................... 95 

6.5.3 Effect of Rainfall Intensity Scale ................................ 104 

6.5.4 Rainfall Intensity Scale Versus Soil Features Scale ... 114 

6.6 Summary and Conclusions ................................................................... 119 

7. THE USE OF STATISTICAL PROBABILITY DISTRIBUTIONS TO 
GENERATE SOIL FEATURES AND RAINFALL INTENSITY FOR 
BETTER SIMULATIONS OF THE TRUE RAINFALL EXCESS 

VOLUME ......................................................................... ... .......................... 122 

7.1 Introduction . .. .. . . . .. .. . . .. .. . .. . . . . .. .. . .. . .. .. . .. .. . . . . . .. . . .. . . .. . .. . . .. . . . . . . .. . . . . . . . .. . . . . .. . . . 122 

7.2 Description of the Six Different Joint Distributional Scenarios .......... 123 

7.2.1 Uniform Rainfall and Uniform Saturated Hydraulic 
Conductivity (Ks) ........................................................ 123 

7.2.2 Exponential Rainfall and Uniform Ks (ERUK) 124 

7.2.3 Uniform Rainfall and Lognormal Ks (URLK) ....... .. 126 

7.2.4 Exponential Rainfall and Lognormal Ks (ERLK) ...... 128 

7 



8 

TABLE OF CONTENTS (continued) 

7.2.5 Gamma Rainfall (1) and Lognormal Ks (GR1LK) ... . 128 

7.2.6 Gamma Rainfall (2) and Lognormal Ks (GR2LK) ... .. 131 

7.3 Results ............................ ... ........................................... .. ......... ....... ...... 131 

7 .3.1 Comparison of the Scenario with Uniform Rainfall 

and Uniform Ks to Other Scenarios . . . . . . . . . . ... . . . .. . . . .. . . . . 135 

7.3.2 Comparison of the Scenario with Exponential 

Rainfall and Uniform Ks to Other Scenarios ...... .. ... 152 

7 .3.3 Comparison of the Scenario with Uniform Rainfall 

and Lognormal Ks to Other Scenarios ...................... 153 

7.3.4 Comparison of the Scenario with Exponential 

Rainfall and Lognormal Ks to Other Scenarios .. .. . . 153 

7.3.5 Comparison Among the Different Ways to 

Spatially Represent Rainfall Intensity . . . .. . . . . . . . . . . . . . . . . . 154 

7.3.6 Validity of the Rainfall Distributional 

Assumptions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157 

7.4 Summary and Conclusions ............................................ ....... ................ 169 

8. CONCLUSIONS AND FUTURE DIRECTIONS FOR RESEARCH ........ 171 

8.1 The Effect of Scale on the Simulation of Rainfall Excess Using 

"Real" Data .......................................................................................... 171 



9 

TABLE OF CONTENTS (continued) 

8.2 Estimating the Assumed True Rainfall Excess Volume Using 

Probability Distributions .. .. . .. . .. . .. ... . .. . . . . .. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . . . . . . . . . . . . 171 

8.3 Which is More Important to Spatially Represent, Ks or Rainfall ? ...... 172 

8.3.1 Investigation of Why We Came to Two 

Contradictory Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17 4 

8.4 Future Plans for Research .................................................................... 184 

APPENDIX A. THE GREEN-AMPT INFILTRATION CALCULATION ............ 186 

APPENDIX B. THE EMPIRICAL DISTRIBUTION FUNCTION ...... ........ ..... .... . 188 

LIST OF REFERENCES ............... ................. ..................... ........... ....... ............. .. ... 189 



LIST OF ILLUSTRATIONS 

1.1 Example of how scale affects the simulation of runoff and infiltration . . . . . . . . 29 

2.1 Cumulative distribution of infiltration in space and the relationship of 

runoff/infiltration to rainfall intensity. P denotes the average rainfall 

intensity which is assumed to be uniform in space and F denotes the 

average value for infiltration capacity .. .. .... .. .... .. ........ .... .. .... .. .. .. .... .... .. .. .. . ... 36 

3.1 Schematic of the Simple Linear Reservoir ................................................ ... 43 

4.1 Two different resolutions: One for soils and one for rainfall intensity. 

Both can be used simultaneously when operating CELLMOD ................... 48 

4.2 An example of how a watershed is split up into model subwatersheds or 

"cells" (A) and what this networking looks like to the model (B) ............... 49 

4.3 Schematic representation of the infiltration and runoff rates as the 

Green-Ampt model simulates them .............................................................. 51 

4.4 Different infiltration/runoff curves for different rainfall intensities 

(R 1 > R2 > R3) . .. . .. . . .. . .. . .. . .. . .. . .. .. . .. . . . . . . .. . .. .. . .. . .. . . .. .. . . . . . .. . .. . . .. . . .. . . . . .. . . . . .. . . . . . . . . 51 

4.5 A flowchart description of how the runoff is calculated and routed within 

a model cell for CELLMOD. Since the current study uses only one model 

cell, there exists no channel output; hence, the channel loss calculation 

needed to be moved . .. . .. . .. . .. . .. . . . . . .. . .. .. . . . . .. .. . . . . .. . . . . . . . .. . .. . . . . . . . . .. . . . . . . .. . . . . . . .. . . .. . . . 56 

4.6 Hydrographs before and after the calculation of channel losses .................. 57 

5.1 Shape and geographic location of the Walnut Gulch Watershed 

(Breckenfeld, 1993) ...................................................................................... 62 

10 



11 

LIST OF ILLUSTRATIONS (continued) 

5.2 Locations of raingages in Table 5.1 ... ...... .. .. ........ .......... .. .... ..... .... .... .. .... ...... 69 

6.1 The three different resolutions for rainfall intensity . . . . . . . .. . . . ... . ... . . . .. . . . .. . . . .. .. . 7 4 

6.2 The three different resolutions used to describe soil features . . . ... . . .. . . . .. . . . . . .. . 7 5 

6.3 The middle resolution consists of polygons that are aggregations of 
neighboring polygons within the Thiessen polygon resolution ... ...... ...... ... . 76 

6.4 The Thiessen polygon resolution that describes soils consists of weighted 

area arithmetic means using the polygons in the soil survey resolution 77 

6.5 Distribution of focal variety values for the soil survey resolution . . . . . . . . . . . . . . . 82 

6.6 Distribution of focal variety values for the Thiessen polygon resolution 83 

6.7 Distribution of focal variety values for the middle rainfall resolution 84 

6.8 Relationship of scale to model simulations for storm V 1 . . . .. . . . .. . .. . . . . . . . . . . . . . . . 87 

6.9 Relationship of scale to model simulations for storm V10 ..... ..... .. ... ....... ... 88 

6.10 Relationship of scale to model simulations for storm V 12 . . . . . . . . . . . .. . . . . . . . . . . . . . 89 

6.11 Relationship of scale to model simulations for storm V 13 .. . . . . . . . . . . . .. . . . . . . . . . . . 90 

6.12 Relationship of scale to model simulations for storm V 17 ..... ... . . .. . . ... . . ..... .. 91 

6.13 Relationship of scale to model simulations for storm V 4 . . . .. . . . . . . . .. . . . . . . . . . . . . . . 92 

6.14 Relationship of scale to model simulations for storm V 5 ... . . . . . . . . . . . . . . . . . . . . . . . . . 93 



LIST OF ILLUSTRATIONS (continued) 

6.15 Relationship of scale to model simulations for storm V7 . . .. . . . .. . .. .. . . . .. . . . . .. . . . 94 

6.16 Relationship of the scale of Ks to its distribution in space and how that 

affects the simulation of runoff when one assumes uniform rainfall 

intensity for storm V 1 .. . .. . .. . .. ... . .. .. . .. . .. . . . .. . . . . .. . . . . ... . .. . .. . ..... .. . . . . . . . . . .. .. . . . .. . . . .. . . 96 

6.17 Relationship of the scale of Ks to its distribution in space and how that 

affects the simulation of runoff when one assumes uniform rainfall 

intensity for storm V 10 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97 

6.18 Relationship of the scale of Ks to its distribution in space and how that 

affects the simulation of runoff when one assumes uniform rainfall 

intensity for storm V 12 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98 

6.19 Relationship of the scale of Ks to its distribution in space and how that 

affects the simulation of runoff when one assumes uniform rainfall 

intensity for storm V 13 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99 

6.20 Relationship of the scale of Ks to its distribution in space and how that 

affects the simulation of runoff when one assumes uniform rainfall 

intensity for storm V 17 . ... .. .... .. ... .. . .. .. . . . .. . .. . . . . .. .. . .. . .. . . . . .. . . .. . .. . . . .. . .. . . .. . . .. . . . . . . . 100 

6.21 Relationship of the scale of Ks to its distribution in space and how that 

affects the simulation of runoff when one assumes uniform rainfall 

intensity for storm V 4 . . .. . .. . .. . .. . .. . . .. . .. .. . . . . .. .. . .. . .. ... . .. . . . ... . .. . .. . .. . . .. . . . .. . . .. . . ... . . 101 

6.22 Relationship of the scale of Ks to its distribution in space and how that 

affects the simulation of runoff when one assumes uniform rainfall 

intensity for storm V 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102 

12 



LIST OF ILLUSTRATIONS (continued) 

6.23 Relationship of the scale of Ks to its distribution in space and how that 

affects the simulation of runoff when one assumes uniform rainfall 

intensity for storm V7 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103 

6.24 Relationship between the scale of maximum rainfall intensity (over time) 

and its distribution in space and how this may affect runoff simulations 

13 

when one assumes uniform Ks for storm V 1 .. . . . . . . . ... ... . .. . ... . . . . . . . . . . . . . . . . . . . . . . .. . . . 106 

6.25 Relationship between the scale of maximum rainfall intensity (over time) 

and its distribution in space and how this may affect runoff simulations 

when one assumes uniform Ks for storm V 10 . . .. .. . . . . . .. . . . . .... . .. . . . .. . . . . . . . . . . .. .. . . . . 107 

6.26 Relationship between the scale of maximum rainfall intensity (over time) 

and its distribution in space and how this may affect runoff simulations 

when one assumes uniform Ks for storm V12 ............................................... 108 

6.27 Relationship between the scale of maximum rainfall intensity (over time) 

and its distribution in space and how this may affect runoff simulations 

when one assumes uniform Ks for storm V 13 . . . .. .. . . . . .. . .. . .. . . .. . . . .. . .. . . ... . . . . . . . . . . . 109 

6.28 Relationship between the scale of maximum rainfall intensity (over time) 

and its distribution in space and how this may affect runoff simulations 

when one assumes uniform Ks for storm V17 ....................................... ... .... 110 

6.29 Relationship between the scale of maximum rainfall intensity (over time) 

and its distribution in space and how this may affect runoff simulations 

when one assumes uniform Ks for storm V 4 .. . .. . .. . .. . .. . .. . .. . . .. . ... . . .. . . . . . . . . .. . . . . . . 111 

6.30 Relationship between the scale of maximum rainfall intensity (over time) 

and its distribution in space and how this may affect runoff simulations 

when one assumes uniform Ks for storm V5 ...... ........................................ . 112 



LIST OF ILLUSTRATIONS (continued) 

6.31 Relationship between the scale of maximum rainfall intensity (over time) 

and its distribution in space and how this may affect runoff simulations 

when one assumes uniform Ks for storm V7 .. .. .. .. .... .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. 113 

7.1 Schematic of how the spatial rainfall distribution is represented for the 

14 

ER UK scenario . . .. . . .. .. . .. . . .. . .. . . . . .. . .. .. . .. . .. . . .. . .. . . . . . .. .. . . .. .. . . . .. . .. . . . . . .. . . .. . .. . . . . . . . . . . . . . 125 

7.2 Schematic of how the spatial Ks distribution is represented for the 

URLK scenario .. ......... ..... ....................... ............ ... .... ..... ... .... .... .. .... ...... ....... . 127 

7.3 Schematic of how the spatial rainfall intensity and Ks distribution are 

represented for the ERLK scenario .. .... .. .. .. .. .... .. .... .. .. .. .... .. .. .. .. .. .. .. .. .. .. .. .. .. .. . 129 

7.4 Schematic of how the spatial rainfall intensity and Ks distribution are 

represented for the GR1LK and GR2LK scenarios .. ........ .. ...................... .. ... 132 

7.5 Coefficient of skews versus mean rainfall intensities taken over space 

and done for all time points and for all storms ............ .. ...... .. .. .. .... .. ...... .. ...... . 133 

7.6 Comparison of the rainfall excess simulations using the six scenarios 

and the assumed true rainfall and soils for storm V 1 .. .. .. .. .. .. .... .. ... .. .. .... .. .. .. . 136 

7. 7 Comparison of the rainfall excess simulations using the six scenarios 

and the assumed true rainfall and soils for storm V 10 .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. .. 13 7 

7.8 Comparison of the rainfall excess simulations using the six scenarios 

and the assumed true rainfall and soils for storm V 12 .. .. .. .. .. .. .. .. . .. .... .. .. .. .. .. . 138 

7. 9 Comparison of the rainfall excess simulations using the six scenarios 

and the assumed true rainfall and soils for storm V 13 .. .. .. .. .. .. .. . .. .. . .. .. .. .. . .. .. . 139 



15 

LIST OF ILLUSTRATIONS (continued) 

7.10 Comparison of the rainfall excess simulations using the six scenarios 

and the assumed true rainfall and soils for storm V 17 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140 

7.11 Comparison of the rainfall excess simulations using the six scenarios 

and the assumed true rainfall and soils for storm V 4 . . .. . .. . . ... . . . . . . . . .. . . . . .. . . . . . . 141 

7.12 Comparison of the rainfall excess simulations using the six scenarios 

and the assumed true rainfall and soils for storm V5 ................................... 142 

7.13 Comparison of the rainfall excess simulations using the six scenarios 

and the assumed true rainfall and soils for storm V7 .. . ... . . . . .. . . . .. . . . .. . . . . . . . . .. . . . 143 

7.14 Percentage errors for the six scenarios and for storm V 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144 

7.15 Percentage errors for the six scenarios and for storm V 10 145 

7.16 Percentage errors for the six scenarios and for storm V 12 146 

7.17 Percentage errors for the six scenarios and for storm V 13 147 

7.18 Percentage errors for the six scenarios and for storm V 17 148 

7.19 Percentage errors for the six scenarios and for storm V 4 .. . .. . . . .. . ... . .. . . . . . . . . . ... 149 

7.20 Percentage errors for the six scenarios and for storm V5 .......................... ... 150 

7.21 Percentage errors for the six scenarios and for storm V7 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151 

7.22 Comparison of gamma pdfs with different cskews .................................... .. 156 



LIST OF ILLUSTRATIONS (continued) 

7.23 Relationship of the chi-square statistic for the exponential distribution to 

the max/mean statistic. The region above the solid line delineates the 

critical region; hence, any stars lying above this line indicate a 
significantly poor fit for that time interval in storm VI .. ..... ... ...... ... .. .......... 161 

7.24 Relationship of the chi-square statistic for the exponential distribution to 

the max/mean statistic. The region above the solid line delineates the 

critical region; hence, any stars lying above this line indicate a 

significantly poor fit for that time interval in storm V 10 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162 

7.25 Relationship of the chi-square statistic for the exponential distribution to 

the max/mean statistic. The region above the solid line delineates the 
critical region; hence, any stars lying above this line indicate a 

significantly poor fit for that time interval in storm V12 .... ............ .... ..... .... 163 

7.26 Relationship of the chi-square statistic for the exponential distribution to 

the max/mean statistic. The region above the solid line delineates the 

critical region; hence, any stars lying above this line indicate a 

significantly poor fit for that time interval in storm V13 ........... .................. 164 

7.27 Relationship of the chi-square statistic for the exponential distribution to 
the max/mean statistic. The region above the solid line delineates the 
critical region; hence, any stars lying above this line indicate a 

significantly poor fit for that time interval in storm V 17 . .. . .. . . . .. . . .. . . .. . . . .. . . . . . 165 

7.28 Relationship of the chi-square statistic for the exponential distribution to 

the max/mean statistic. The region above the solid line delineates the 
critical region; hence, any stars lying above this line indicate a 

significantly poor fit for that time interval in storm V 4 . . . .. . . . . . . . . . . . . . . . . . . . . . . . . . . 166 

16 



LIST OF ILLUSTRATIONS (continued) 

7.29 Relationship of the chi-square statistic for the exponential distribution to 

the max/mean statistic. The region above the solid line delineates the 

critical region; hence, any stars lying above this line indicate a 

significantly poor fit for that time interval in storm V5 ............................... 167 

7.30 Relationship of the chi-square statistic for the exponential distribution to 
the max/mean statistic. The region above the solid line delineates the 

critical region; hence, any stars lying above this line indicate a 

significantly poor fit for that time interval in storm V7 .. .. ... .. .... .. ..... .. .. .. .. .. . 168 

8.1 Comparison of the rainfall excess simulations for synthetic data (a) 

and for "actual" data (b) for storm V 1 .. .. . .. . .. . .. .. .. .. .. .. . .. .. .. .. . .. .. . . .. .. .. .. . . . .. . .. .. 17 5 

8.2 Comparison of the rainfall excess simulations for synthetic data (a) 

and for "actual" data (b) for storm V 10 . . . . . . .. . .. .. . . .. .. . . .. . .. .. .. .. .. .. . . . . . .. . . .. . .. . . . . . . 17 6 

8.3 Comparison of the rainfall excess simulations for synthetic data (a) 

17 

and for "actual" data (b) for storm V 12 .. .. .. . .. . .. .. .. .. .. .. . . .. . .. .. .. .. .. .. .. .. .. . . .. .. .. .. .. 177 

8.4 Comparison of the rainfall excess simulations for synthetic data (a) 

and for "actual" data (b) for storm V 13 . .. . . . . .. ... . .. .. . ..... .. ....................... ...... .. . 178 

8.5 Comparison of the rainfall excess simulations for synthetic data (a) 

and for "actual" data (b) for storm V 17 . .. . .. . .. .. . . . .. .. .. .. . . .. .. .. .. .. .. .. .. .. . . .. . . .. . . . . .. . 179 

8.6 Comparison of the rainfall excess simulations for synthetic data (a) 

and for "actual" data (b) for storm V 4 . .. .. .. .. .. . .. . . . . . . .. . .. . .. .. .. .. . .. .. . . .. . . .. .. . . . . .. .. . . 180 

8.7 Comparison of the rainfall excess simulations for synthetic data (a) 

and for "actual" data (b) for storm V 5 . .. .. .. .. .. . .. . . .. .. .. . .. . . .. . . . . . . . . . . . . . .. . . . .. . . .. .. .. .. 181 



18 

LIST OF ILLUSTRATIONS (continued) 

8.8 Comparison of the rainfall excess simulations for synthetic data (a) 

and for "actual" data (b) for storm V7 . .. . .. . .. . . . . .. . . . . .. . ... . .. . . . . . .. .. . . .. ................ 182 



LIST OF TABLES 

5.1 Relationship Between Permeability and Kf . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63 

5.2 Soil Profile for Boboquivari Combate Complex .......................................... 63 

5.3 Rainfall Data for Eight of the 56 Raingages Used for This Study ............... 63 

6.1 Statistical Description of the Three Rainfall Resolutions Used for This 

Study ............................................................................................................. 78 

6.2 Statistical Description of the Three Soil Feature Resolutions . . . .. . . . .. . . . ... . . . .. . 78 

6.3 Coding of the 9 Different Resolution Scenarios Used for Analysis ......... .... 78 

6.4 Other Parameters Needed to Produce Simulations for CELLMOD ......... .... 78 

6.5 Assumed True Rainfall Excess Volumes and Peak Flows for Each 

Storm Which are Simulations of the FRFS Scenario (arranged by 

size) .................................................................. .. .... ........................ ......... ..... 85 

6.6 Statistics for the Focal Variety Values (without zeros) for Each 

Resolution .. .... ... . .. . .. . . .. ... . .. . .. . .. ... . . ... . . . .. .. . . .. . .. . ... .. ... . .. . . . . ... ... .. . . . .. . . . .. . . . . . . . . . . . . . . 85 

6.7 The SA and RA Values for the Eight Storms ............................................... 118 

6.8 SB and RB Values for Each of the Eight Storms ......................................... 118 

7.1 Codings Used to Describe Each of the Spatial Representations for Both 
Rainfall Intensity and Soil Features .............................................................. 152 

19 



LIST OF TABLES (continued) 

7.2 t-statistics for Certain Comparisons Between the Six Scenarios to Test 

the Hypothesis Ho:e1=e2 versus Ha:e1:;t:e2, Where e1 and e2 are the 

Percentage Errors for Each of the Scenarios. The Degrees of Freedom 

are the# of Storms- 1 = 8-1 = 7. A Negative t- value Implies that 

the Second Scenario Mentioned is an Improvement Over the First 

One and a Positive t-value Implies Just the Opposite. Also, All 

20 

Percentage Errors Reported in This Study Were Negative ............................ 152 

7.3 Bins Used for Each of the Chi Square Tests. "mean" is the Sample Over 

All Gages at That Time Step ............... ................................. .... ............ ....... .. 153 



ABSTRACT 

When using distributed rainfall runoff models in order to simulate the runoff 

volume and time distribution, one faces the problem of how to represent the spatial 

distribution of rainfall intensity and soil characteristics when the actual continuous 

distributions are unknown. 
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There are two objectives for this thesis. The first is to investigate, for semi-arid 

regions, how the scale of rainfall intensity and soil features affects the simulation of rainfall 

excess and which is of more importance. The second is to utilize probability distribution 

theory to develop a scheme which represents both the spatial distribution of rainfall intensi

ty and the saturated hydraulic conductivity (Ks) in order to accurately simulate the true 

runoff for semi-arid regions when knowing limited statistical information (mean and 

variance) on each feature (rainfall intensity and Ks). 

All conclusions made are assuming that they hold for semi-arid regions only and 

the· assumed true watershed output is the model simulation which uses the finest resolution 

for soil features, vegetation, and rainfall intensity. Furthermore, the model used for this 

study provided very accurate simulations of the actual streamflow for the watershed used 

(Walnut Gulch). 

It was found that, when using real data for rainfall and soils, the spatial distribution 

for rainfall intensity is more important to represent than that of soil features with respect to 

accurately reproducing the assumed true streamflow. However, when using synthetic data 



22 

generated from probability distributions, it was found that, for semi-arid regions, the 

spatial distribution of Ks was of more importance. Hence, certain conclusions concerning 

which is more important to spatially characterize with respect to accurately simulating 

streamflow can be different, depending upon if one uses synthetic data versus real data. 

The lognormal distribution was found to produce an excellent fit to the Ks data and 

the exponential distribution was found to produce an excellent fit to the spatial rainfall 

intensity distribution. However, this goodness-of-fit (for rainfall) can be dependent upon 

time and/or the amount of localization which the storm possesses. The rainfall parameters 

for the probability distributions of rainfall intensity were assumed to change with time but 

were not related at all to location within the watershed. 

When using the probability distributions to characterize the spatial rainfall intensity 

and Ks distributions, it was found that characterizing the Ks distribution provided more 

accurate simulations than characterizing the rainfall intensity distribution. It was also 

found that spatially characterizing both rainfall intensity and Ks simultaneously provided 

more accurate simulations than just representing one and not the other. 



1.1 PROBLEM STATEMENT 

CHAPTER ONE 

INTRODUCTION 
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When scientists and engineers first attempted to model hydrologic processes, they 

were hindered by the lack of watershed data (time-dependent or time-independent) and 

the absence of computer speed in order to run complicated models. As a result, the advent 

of a "distributed" hydrologic model needed to be put on the back burner until about ten 

years ago when data bases improved and computer speed increased. 

An example of a distributed hydrologic model is one which uses distributed rainfall 

data as an input and streamflow at a designated point on a river as an output. These kind 

of models are known as distributed Rainfall-Runoff (RR) models. In order for one to 

compute the amount of non-absorbed rainfall (this is known as rainfall excess), one must 

first divide the watershed into many autonomous units where each unit possesses only one 

value for each soil and rainfall feature. At each time step, an amount of rainfall excess is 

computed for each unit and the total volume of rainfall excess from all the units is then 

routed down through the watershed. The routing of this rainfall excess is done using 

subwatersheds which are again distinct polygons (units) that split the watershed into 

distinct parts and each polygons' boundary is dependent upon topography. 

The difficulty in applying a "physically based" distributed model is that the model 
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assumes that, within each subwatershed polygon, there exists a soil surface which is 

completely uniform. In reality this is never true. It also assumes a uniform value for 

rainfall which can be very inaccurate, especially in areas where the convective storm 

processes dominate. W oolhiser and Goodrich ( 1988) commented that the adoption of 

physically based distributed models has been hampered by the requirement of high spatial 

and temporal resolution of rainfall and the spatial variability of certain soil parameters. 

Freeze (1975) stated that there exists no true uniform soils formation. Thus, as a 

result, a "physically based" distributed model will always produce some kind of error due 

to representing the watershed as discrete polygons. Nevertheless, Michaud ( 1992) states 

that it is reasonable to hypothesize that a distributed model will produce more accurate 

results than many lumped models which have been used in the past. Therefore, in a 

situation where there exist some data describing the soils of a watershed,however, there is 

no flow data to calibrate the model, a distributed model would, in theory, produce better 

simulations than a lumped model. 

The problem that this study is addressing is that when an investigator does not have 

the luxury of possessing high resolution data ( < 1 km2
) on soils and rainfall, he or she 

must use one value for each, soil and rainfall features at a coarse resolution (> 1 km2
). As 

a result, the natural heterogeneity of the watershed the atmosphere input will cause the 

model to produce very inaccurate simulations. Thus, the question at hand is: How does 

one go about getting accurate model simulations when one only knows the "average" 
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characteristics of rainfall and soils? This will be the main issue that this study will address. 

The same problem also applies when parameterizing a general circulation model 

(GCM). Gao and Sorooshian (1993) remarked that the precipitation in a GCM grid square 

is typically assumed to be uniformly distributed, thereby ignoring the importance of 

spatially distributed nonlinear processes resulting from natural spatial precipitation 

variability. Furthermore, Entekhabi and Eagleson (1989) pointed out that today's GCMs 

have grid areas that are larger than typical storm or basin areas. Hence, important subgrid 

scale variabilities for rainfall intensities and soil features lead to misrepresentation of the 

fluxes by the simple one-dimensional formulas. Thus, the problem becomes how to repre

sent rainfall and soil hydraulic characteristics within a GCM grid square when one only 

knows the II average II properties. 

1.2 MOTIVATION AND OBJECTIVES OF STUDY 

The motivation of this study is to: 

~ Better understand how the simulations of a distributed RR model are affected by 

the scale of soil features and the scale of rainfall in semi-arid regions; and to 

{;;;;,) Discover whether or not this effect, if it exists, can be dampened by creating some 

sort of scheme where one is assumed to know only the II average II characteristics of the 
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features. 

The watershed used for this study is the Walnut Gulch Experimental Watershed 

which is managed by the USDA Agricultural Research Service (USDA ARS) stationed in 

Tucson, Arizona. Walnut Gulch is located in a semi-arid region in southeastern Arizona 

and is approximately 150 km2 in area and has long records of high quality rainfall-runoff 

data. Consequently, this enabled us to easily achieve the following objectives. 

By considering only semi-arid regions, the objectives of this study are to: 

~ Investigate the relationship between rainfall resolution and the simulations of a 

distributed RR model ; 

~ Explore any effects that the scale of soils representation has on the simulations of a 

distributed RR model; 

~ Investigate the existence of any interactions between rainfall scale and soil feature 

scale concerning the simulations of a distributed RR model. That is, to answer the follow

ing questions: Is the effect of rainfall scale on model simulations dependent upon soils 

scale and is the effect of soils scale on model simulations dependent upon rainfall scale? ; 

and 

~ Evaluate the effects of scale and attempt to use a scheme that utilizes probability 
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distribution theory in order to produce improved model simulations where one is assumed 

to know only a few statistical characteristics of the distribution (e.g. mean and standard 

deviation); 

1.3 EXAMPLE OF HOW SCALE CAN AFFECT RR MODEL SIMULATION 

This section provides the reader with a basic understanding of how scale can affect 

distributed RR model simulations by using a simple example. 

There exist two distinct mechanisms that lead to source area runoff generation on 

hillslopes. The first will be referred to as the Horton mechanism and the second will be 

referred to as the Dunne mechanism. 

The Horton (1933) mechanism consists of runoff occurring when: (1) the rainfall 

intensity is greater than the saturated hydraulic conductivity (Ks), and (2) the rainfall dura

tion must be greater than the time required for surface ponding to occur. Fetter ( 1988) 

asserted that in areas in which soils possess a high infiltration capacity, this process may 

only occur during very intense storms or when the soil is saturated or frozen. 

The second mechanism as characterized by Dunne ( 1978) occurs when the ground 

becomes so saturated that the water table reaches the surface. Consequently, no more 

water is able to infiltrate into the ground. This type of mechanism is common in regions 

that receive a lot of precipitation and have areas of relatively high infiltration capacities. It 
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is also common in areas where the water table is located deep beneath the surface. 

Freeze ( 1980) explained that the Horton mechanism is more common on upslope 

areas and the Dunne mechanism is more common on near-channel wetlands. The Horton 

overland flow areas are common on areas of hillslopes that have low Ks values, and the 

Dunne overland flow is generated from fractional areas where the depth from the surface 

to the water table is the lowest. 

The one-dimensional cross-section of a watershed is shown in Figure 1.1 a . The 

solid line represents the infiltration capacity (in units Lff), and the dashed line represents 

the rainfall intensity at an instant of time. This is assumed to be the actual rainfall and soils 

characteristics. If one assumes that the runoff mechanism occurring is the Horton mecha

nism, there exists two areas where runoff will occur. The area underneath the dashed line 

and above the solid line represents the actual runoff volume. 

The next plot (Figure 1.1 b ) shows what happens if one were to assume an average 

value for infiltration capacity at every point in space on the watershed. Here you can see 

that the amount of runoff is reduced. Furthermore, a look at Figure 1.1 c shows that when 

one averages out infiltration capacity and rainfall intensity, no runoff occurs at all. This is 

due to the fact that at this instant of time, the average rainfall value just so happens to be 

lower than the average infiltration capacity value which the watershed possesses. 

This reduction of runoff simulated when one averages out rainfall and/or soils 

properties is a common phenomenon that is present in many studies. It will be shown later 
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in the literature review and in the main body of this thesis that other investigators have 

ascertained this type of behavior. 
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The motivation of this chapter is to provide the reader with some background that 

will place this study in a meaningful context. Section 2.2 will be devoted to the literature 

surrounding the issue of how scale has an effect on the simulations of distributed RR 

models, and Section 2.3 will deal with studies that have tried to dampen this effect by 

creating schemes which often involve the use of probability distribution theory. 

2.2 THE EFFECT OF SCALE ON DISTRIBUTED RR MODEL SIMULATIONS 

Freeze ( 197 5) investigated the effect of the heterogeneity of soil properties and 

found out two phenomena. The first phenomenon, is that the most realistic soils represen

tation of a hillslope is one that represents saturated hydraulic conductivity (Ks), 

compressibility, and porosity (n) using a frequency distribution. The second is that Ks 

commonly follows a lognormal probability distribution. He stated that the mean of Ks is 

the most important parameter; the standard deviation is quite important, and the spatial 

autocorrelation is the least important. Other studies that have provided field evidence that 

Ks is log-normally distributed include Nielsen et al. (1973), Grah et al. (1983), Merzougui 
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(1982), Rogowski (1972), and Sharma et al. (1980). 

The concept of a Representative Elementary Area (REA), which is the minimum 

sub-watershed unit size where one can accurately describe the feature heterogeneity of the 

unit using frequency distributions, was investigated thoroughly by Wood et al. ( 1988, 

1990). They found that the REA exists and is approximately 1 km2 when studying water

sheds located in humid regions. This provides a basis for this study in the sense that 

statistical distributions will be used to describe soils and rainfall variability on a 150 km2 

watershed. 

Milly and Eagleson (1988) stated that the spatial variability of precipitation induc

es increased rainfall excess compared to when one simulates runoff using a uniform 

rainfall value. They also went on to say that this consequence is very much like the reduc

tion of rainfall excess when one averages out the Ks variability. However, it is somewhat 

different in the sense that rainfall variability is event-dependent and soils variability is 

essentially static. They stressed the importance of the development of models that 

describe, in detail, the areal distribution of rainfall. This issue will be dealt with later in this 

study. 

At the hillslope scale, Loague (1988) found that, the knowledge of the distribution 

of soil hydraulic properties appeared to be more important than that of the rainfall distribu

tion in simulating surface runoff generation. He also found that at this scale average 

stormflow depth was found to be well predicted even with sparse information. 
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Furthermore, he stated that in general, the level of near surface soil hydraulic property 

information required to simulate the characteristics of runoff is greater on hillslopes with 

higher average Ks values. That is, for the purposes of accurately simulating streamflow, 

it's more important to spatially characterize soil hydraulic properties for watersheds which 

possess soils with relatively higher infiltration rates than those of watersheds which 

possess lower infiltration rates. 

The effect of rainfall averaging on the output of the KINEROS model in a semi-arid 

region was investigated thoroughly by Michaud and Sorooshian (1994). They found that 

the spatial averaging of rainfall over 4km x 4km pixels led to reductions in simulated 

runoff and that on average represented 50% of the observed peak flow. Their research led 

them to conclude that the necessary resolution for detecting convective rainfall cells and 

computing infiltration and thus runoff is determined by storm scale, not watershed scale. 

The overall result from the research mentioned in this section is that the accuracy 

of hydrologic model simulations is very much dependent upon the data resolution which 

one uses, and that higher variability of features (rainfall and soils) usually amplifies this 

effect. 

2.3 DEVELOPING SCHEMES TO BETTER REPRESENT INTRA-GRID SOILS 
AND RAINFALL VARIABILITY 

A study which addressed the issue of finding an "effective" (uniform) value forKs 
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on a hillslope which possesses heterogeneity was done by Binley et al. ( 1989). They found 

that, for the condition where a hill slope generates runoff by Hortonian processes, the effec

tive value of Ks should be smaller than the area weighted geometric mean of Ks and that 

this deviation is increased with increasing variability of Ks. They also concluded that for 

low-permeability soils, characterized by the domination of surface runoff, a single 

"effective" parameter was not found to be capable of reproducing both subsurface and 

surface flow hydrographs. It should be noted that the watershed which this study uses is 

the ARS Walnut Gulch experimental watershed, known to be dominated by Hortonian 

runoff generation processes and, in general, low-permeability soils. 

Goodrich ( 1990) used a procedure to represent the variability of Ks within each 

soils unit by splitting the unit into five equal (in area) subunits and assigning each subunit 

a kind of "percentile" from the log-normal probability distribution. Each percentile corre

sponds to the midpoint of the five "equal probability classes" from the log-normal 

distribution that Ks is assumed to follow. When using the KINER OS model (which is a 

distributed physically based RR model), this was shown to produce more accurate results 

than when each unit was assumed to be uniform in Ks. This study, as will be discovered 

later, is the most relevant to this thesis. 

Crawford and Linsley ( 1966) developed an infiltration function that attempts to 

satisfy two criteria. One is to represent the mean infiltration rates continuously for any 

portion of the watershed with uniform characteristics, and the second criterion is to repre-
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sent the heterogeneity of the infiltration characteristics that exist about the mean value. 

They proposed the use of a cumulative distribution of infiltration capacity as shown in 

Figure 2.1 where the cdf is assumed to be linear which implies that the pdf is assumed to 

be uniform. The rainfall intensity is assumed to be uniform in space and takes the value 

of the areal arithmetic mean. 

Rainfall was assumed to follow an exponential distribution, and the effective 

relative soil saturation was assumed to follow a two-parameter gamma distribution within 

a GCM grid square by Entekhabi and Eagleson ( 1989). Parameters (for the probability 

distributions) used for each feature were assumed to be independent of time and location in 

the watershed. They performed simulations to investigate the sensitivity of the amount of 

Dunne runoff to the spatial heterogeneities of precipitation and/or soil moisture. They 

found that as the amount of soil moisture heterogeneity increases for drier soils, the amount 

of Dunne runoff increases. Conversely, as the amount of soil moisture heterogeneity 

increases for moister soils, the amount of Dunne runoff increases. They also carried out 

very thorough sensitivity analyses for the relationship between runoff and precipitation, 

saturated hydraulic conductivity, and mean effective soil moisture content. 

The assumption of an exponential distribution for rainfall intensity where the scale 

is much smaller (150 km2
) and the parameter for the distribution is assumed to change 

every seven minutes is investigated later in this thesis. Other studies that assume that 

precipitation intensity follows an exponential distribution are W arilow et al. ( 1986) and 
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Figure 2.1: Cumulative distribution of infiltration in space and the 
relationship of runoff/infiltration to rainfall intensity. P denotes the average 
rainfall intensity which is assumed to be uniform in space and F denotes the 
average value for infiltration capacity. 
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Famiglietti and Wood (1990). 

Gao and Sorooshian ( 1994) found that at the GCM grid square scale, the 

exponential distribution may provide a poor fit to the spatial distribution of rainfall depth 

(at the hourly time resolution). They used a method which utilizes probability distribution 

theory in order to parameterize a GCM. However, what is different from Entekhabi and 

Eagleson's (1989) research is that they (Gao and Sorooshian) assumed that the 

distributional parameters are time- and space-dependent. Historical precipitation records 

are utilized in order to determine how the rainfall is distributed over the GCM grid square. 

By using the historical rainfall records, a spatial probability function of where rainfall is 

most likely to fall is determined and this is then used to distribute the rainfall within the 

GCM grid square. This work is different from this thesis in that, when using probability 

distributions to represent rainfall intensity it was assumed that the parameters of the distri

bution are not related to the location in the watershed and the watershed used in this study 

is 150 km2 which is a much smaller scale than that of a GCM grid square. Any kind of 

spatial relationship concerning the likelihood of rainfall occurrence would be difficult to 

determine in a watershed as small as 150 km2 and a relatively small range in elevation. 

Therefore, it was assumed that the distributional parameters for the spatial rainfall intensity 

distribution are spatially independent within the watershed. 
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2.4 SUMMARY AND DISCUSSION 

All of the studies look at how scale affects RR model simulation. However, the 

studies that are the most relevant to this thesis are by Goodrich ( 1994) and Gao and 

Sorooshian ( 1994) because they both attempted to resolve the problem of how scale affects 

the accuracy of model simulation. Goodrich developed a scheme which used the statistical 

properties of certain watershed features to better represent a hillslope in order to cause 

model simulations to become more accurate, and Gao and Sorooshian used a scheme to 

characterize the variability of the intra-grid rainfall intensity which utilizes a probability 

function where the distributional parameters are both time- and space-dependent in an 

attempt to produce better parameterizations for GCM' s. 

In the present study, we will first look at how model simulations are affected by 

the scale of soil features and rainfall and then if effects exist with scale, we will use a 

similar method to what Goodrich and Gao and Sorooshian used in order to reduce these 

effects caused by scale. 
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Before characterizing the rainfall runoff (RR) model which is used for this study 

(CELLMOD), an introduction is first provided to the basic theory behind most RR models 

that are used today. This chapter will provide the reader with the basic fundamentals 

needed to understand certain modeling principles which will be presented later. 

3.2 PHYSICALLY -BASED VERSUS EMPIRICAL MODELS 

It is common in rainfall-runoff modeling to distinguish between physically based 

and empirical models. The former type of model attempts to predict the amount of 

streamflow and its time distribution using certain physical laws. The processes that make 

up the whole rainfall-runoff picture such as infiltration, runoff, channel losses, and stream

flow are described using physical principles. Some of the basic physical laws which are 

used include the conservation of mass, conservation of momentum, and the continuity 

principle. The latter type of models approximate the physical laws which govern the vari

ous facets of the rainfall-runoff process by a set of mathematical equations that give the 

best fitting output. 



One simple example of a physical model that is used commonly to predict 

infiltration capacity and runoff is what is known as the Buckingham-Darcy equation 

(Rawls et al. 1993): 

q = -K(8) [ (dh(S)/dz)- 1] 
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(3 .1) 

Here q denotes the infiltration capacity of the soil, his referred to as the "soil matric suction 

head", and K is the hydraulic conductivity which is dependent upon the water content e. 

A well-known example of an empirical model that is often used to establish a linear 

relationship between two variables is the simple linear regression: 

(3.2) 

where qt is the runoff at a certain time point and rt is the rainfall intensity at that certain 

time point. The a and b terms are the "regression coefficients" which are determined usual

ly by the method of least squares. 

Physically based models require a vast knowledge of the geologic makeup of a 

watershed. Nevertheless, because they rely on physical principles, it would be better to use 

in situations where there are no flow data present for model calibration. Consequently, 

because physical models do require a large amount of field data, they tend to be more 

expensive to operate. On the other hand, parametric models require a large amount of flow 

and precipitation data for calibration, but once calibrated, they can be used efficiently and 

inexpensively. 



3.3 LUMPED VERSUS DISTRIBUTED MODELS 

In hydrology it is common to refer toRR models as being either "lumped" or 

"distributed" (also known as "geometrically distributed") which is related to how much 

detail of certain features are incorporated into the calculations. 
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Clarke (1973) defined a lumped model as one which "takes no account of the 

spatial distribution in the input variable, nor of the spatial variation in parameters 

characterizing the physical processes acting upon input". In a situation where the model at 

hand assumes only one uniform value for rainfall (which is time-dependent), soils, and 

vegetation, one would classify this model as lumped. Diskin and Simpson ( 1978) claimed 

that some investigation of the mechanism of rainfall excess generation would suggest that 

different spatial distributions of rainfall excess for a given temporal resolution must 

produce different output hydrographs. Hence, the utility of a lumped model to simulate the 

time distribution and magnitude of flows from a watershed is in serious doubt. 

A distributed model, also known as a "geometrically distributed" model as stated 

by Clarke ( 1973 ), "expresses the spatial variability in terms of the orientation of the 

network points one to another, and their distances apart". Nash and Sutcliffe (1969) 

expressed that a "geometrically distributed" model treats a catchment not as "a random 

assembly of different parts, but a system whose parts are related to each other by their 

common geomorphological history". Essentially what a distributed model attempts to do 

is improve the accuracy of model simulations by better describing the variability of the 
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watershed features (soils and vegetation) and time-dependent variables (precipitation) and 

also give a detailed description of the physical status of a watershed. 

Think of Figure 1.1 a as being the "perfect" depiction of the watershed's x dimen

sion and would also be the most distributed that a representation could be for that one 

dimension. Figure 1.1 c shows the representation that a lumped model would posses since 

it assumes a uniform value for soils and rainfall. Figure 1.1 schematically shows why one 

would prefer a distributed model over a lumped model since the lumped representation 

predicts that no runoff occurs when in fact there is runoff occurring. However, the attrac

tive feature of lumped models is that they require less data, are simpler to understand, and 

are less expensive to run. Conversely, a distributed model requires a vast knowledge of the 

watershed features and a fairly dense raingage network; it also demands the operation of a 

fast digital computer. Nevertheless, distributed models have a much better potential for 

accurate model simulations of both the time distribution and magnitude of river discharges. 

Of course, the validity of this statement depends upon the effectiveness of the calibration 

procedure. That is, we have to assume that both the "distributed" and "lumped" models 

have been properly calibrated before making any comparisons between the two types. 

An excellent presentation of all the nomenclature used in hydrologic modeling was 

done by Clarke (1973). Therefore, the reader is referred to that paper for any other confu

sion which exists concerning the terminology used in hydrologic modeling literature. 



43 

3.3 THE ROUTING OF RAINFALL EXCESS 

3.3.1 INTRODUCTION 

There are essentially two things that happen to rainfall as soon as it hits the ground. 

It can either infiltrate, where it then becomes groundwater or it re-evaporates, or it can run 

off and find its way into the river network. Once it reaches the river network, it takes time 

for it to reach the bottom of the watershed. This phenomenon is called the "routing" of 

runoff through the watershed or just "routing". 

There are many complicated ways that one can model runoff routing; however, that 

is not a main focus of this thesis. As a matter of fact, the routing procedure used for this 

study is a procedure that utilizes the simple linear reservoir routine which will be described 

in detail in the next section. 

3.3.2 THE SIMPLE LINEAR RESERVOIR 

The simple linear reservoir is a conceptual hydrologic system where the watershed 

is represented by a "bucket" or reservoir (Figure 3.1). The output of the reservoir which 

represents the watershed flow is proportional to the storage and this relationship is 

dependent in time: 
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Q(t) = K·S(t) (3.3) 

This is the basic equation that describes the relationship between discharge and storage. K 

is what is known as the storage coefficient or the reservoir constant. Figure 3.1 shows 

schematically how the reservoir works. At each time point, the storage is increased by 

incoming rainfall excess and decreased by the volume of flow that exited on the previous 

time period. The discharge Q(t) is determined by the amount of storage S(t) which the 

reservoir contains by Equation (3.3). 

The RR model used for this study utilizes three reservoirs in series to describe the 

action of overland flow, the local channel or rill flow, and the main channel flow. This will 

be described later in more detail in Chapter 4. 

RAINFALL EXCESS 

..,.----------
/ 

S(t) l 
' / -- --------

THEORETICAL 
REPRESENTATION OF 
THEW ATERSHED 

_______. Q(t)=KS(t) 

Figure 3.1: Schematic of the simple linear reservoir 
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3.4 SUMMARY AND DISCUSSION 

The conversion of rainfall into rainfall excess is done by using either physical laws 

or empirical mathematical equations. After the amount of rainfall excess is determined 

within a specified time interval, this rainfall excess or runoff is routed down the watershed. 

The simple linear reservoir is an example of a mechanism which describes channel routing. 

The next chapter will introduce the RR model used in this study (CELLMOD), 

which utilizes some of the principles just introduced. 
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This chapter provides the reader with an introduction to CELLMOD which is the 

distributed RR model used for this study. The version that is used here is the result of three 

previous revisions: Diskin and Simpson ( 1978), Diskin et al. ( 1984 ), and Karnieli et al. 

( 1994 ). The most recent version ( 1994) is the one used for this study. 

4.2 BRIEF CHARACTERIZATION 

CELLMOD is a quasi-linear, parametric, spatially semi-distributed routing model 

for converting rainfall excess into direct surface runoff. The computation of rainfall excess 

requires information concerning soil hydraulic properties, initial soil moisture content, 

vegetation, and the rainfall intensity field. The model allows for these features to possess 

any resolution possible, and the resolutions need not be geometrically the same. Figure 4.1 

shows one resolution that was used for soils which is the USGS soil survey map of the 

Walnut Gulch Watershed and one resolution used for rainfall that consists of the Thiessen 

polygons of 56 raingages located in the watershed. Both of these different geometric repre

sentations were used simultaneously for some of the model simulations. 
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The ability to describe different features using different geometric representations 

enables one to look at the effects of scale with each feature while holding the other feature 

resolutions constant. 

The routing of the rainfall excess utilizes a network of model "cells" which are 

basically "subwatersheds" that are irregularly shaped polygons whose edges are drawn 

based on topography. Figure 4.2 schematically demonstrates this networking procedure by 

providing a simple example of how one would break up a watershed into model cells. 

Because the focus of this study is not on effects of runoff routing, for simplicity, we did our 

analyses using only one model cell. 

CELLMOD uses the Green and Ampt infiltration model in order to calculate 

rainfall excess and infiltration. This model assumes that the runoff produced is mainly 

Hortonian overland flow generated by infiltration excess. Furthermore, CELLMOD com

putes channel losses for each model cell at the end of each time step. For the modeling of 

runoff in semi-arid regions, the presence of these two procedures (i.e, Hortonian processes 

and channel losses) is considered standard (Dunne, 1983; Pilgrim et al., 1988; Michaud, 

1992). 

4.3 COMPUTATION OF RAINFALL EXCESS 

The Green and Ampt infiltration model ( 1911) was used to compute the proportion 



FINEST RESOLUTION FOR SOIL FEATURES 

FINEST RESOLUTION FOR RAINFALL INTENSITY 

Figure 4.1: Two different resolutions: One for soils and one for rainfall 
intensity. Both can be used simultaneously when operating CELLMOD. 
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Figure 4.2: An example of how a watershed is split up into model subwatersheds or 
"cells" (A) and what this networking looks like to the model (B). 
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of rainfall that became rainfall excess and infiltration. This was done for each autonomous 

polygon which possessed its own values for rainfall intensity, vegetation parameters, and 

soil parameters. To avoid any unnecessary confusion for the reader, the description given 

in this section will not cover any of the detailed mathematics involved concerning the 

Green-Ampt model but will provide a sufficient description using words and graphs. An 

excellent detailed description of the mathematics can be found in chapter 4 of Kamieli 

( 1988), and a comparable characterization of the model is given in Appendix A of this 

thesis. 

There are two stages involved in the mechanics of the Green-Ampt model. The first 

stage is what is known as the "ponding stage". Mein and Larson (1973) suggested that in 

most rainfall events there exists a short period of time before runoff starts in which all 

rainfall infiltrates into the ground. This period is known as the "time to ponding" (tp). 

This tp is very much dependent upon how intense the rainfall is. That is, the more intense 

the rainfall is the shorter the tp will be; with smaller rainfall intensities, tp is expected to be 

large. 

Once ponding occurs, the second stage begins. During this stage, runoff occurs 

whenever the rainfall intensity exceeds the saturated hydraulic conductivity (Figure 4.3). 

Figure 4.4 shows how different rainfall intensities produce different amounts of runoff and 

different values for the time to ponding. Notice in Figure 4.4 that the rainfall intensity R3 

never exceeds the value of the saturated hydraulic conductivity which results in the 
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Figure 4.3: Schematic representation of the infiltration and runoff rates as the 
Green-Ampt model simulates them. 
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Figure 4.4: Different infiltration/runoff curves for different rainfall 
intensities (Rl > R2 > R3). 
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absence of runoff at all time points. In this scenario where the rainfall intensity is smaller 

than the saturated hydraulic conductivity, the rainfall can continue indefinitely without 

surface ponding ever occurring. One will also observe that the rainfall intensity R 1 results 

in a value for tp less than the rainfall intensity R2, which is smaller than magnitude of 

rainfall intensity of Rl. Last, as time goes by the infiltration rate approaches the value for 

saturated hydraulic conductivity in the case where the rainfall intensity is greater than the 

saturated hydraulic conductivity. That is, as the soil gets closer to saturation the infiltration 

rate decreases and nears the value for the saturated hydraulic conductivity. For a constant 

rainfall intensity, this results in a higher rate of runoff as time goes on. 

4.4 ROUTING OF RAINFALL EXCESS 

Each cell in the model is made up of a number of parameters, channels, and 

reservoirs which transform the inputs into a single output in the form of a cell outflow 

hydro graph. The parameters consist of soil and vegetation characteristics and are used as 

inputs to the Green-Ampt model to compute rainfall excess. The reservoirs and channels 

are used to route the rainfall excess through the cell itself. An outflow hydrograph is 

computed for each cell and is the sum of the surface outflow hydro graph (the contribution 

of the runoff from the cell itself) and the channel output hydrograph (the contribution from 

the water that flows into the cell from the upstream cells). 



53 

Figure 4.5 shows the structure of the routing procedure within each model cell. 

Rainfall excess that is produced within the cell is first routed through a linear reservoir 

representing the overland flow component, and this reservoir has storage coefficient K 1. 

The water that makes it through this reservoir is then dumped into another reservoir which 

represents the effect of channel flow within the cell. The value of K1 is taken to be propor

tional to the square root of the area of the cell (Kamieli, 1988). 

K1 = AKC•.V(AC/AM) 

K2 = 0.1•K1 (arbitrary). 

(4.1) 

(4.2) 

where AC is the area of the cell, AKC is a coefficient of proportionality, and AM is the 

mean area of all the cells. 

Because only one cell was used for this study, it turns out that K1 = AKC and K2 = 

0.1•AKC. Using the values published by Kamieli (1988), K1 = .27 hr and K2 = .027 hr. 

A numerical convolution procedure involving a unit hydrograph was used to characterize 

the shape of the hydro graph. 

U(t) = [ exp(t/K1)- exp(10t/K1)] I (.9K1) (4.3) 

Values of this function are calculated at the end of each time step and then are multiplied 

by the depth of rainfall excess for that corresponding time increment. 

The water that flows into the cell from the upstream cells is routed using first a 

time shift parameter ('tc ), which takes into account the time it takes for the water to travel 
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through the cell, and a linear reservoir (with storage coefficient Kc) which represents the 

effect that main channel has upon the water traveling through the cell. 

Because the study at hand is not focusing on the effect of the spatial distribution of 

routing, the watershed was represented by one cell. This meant that there existed no 

upstream cells. By doing this, it also made the synthesis of the numerous input files needed 

for analysis much easier. On the right-hand side of Figure 4.5 notice the flowchart 

representation of the channel output calculation. This procedure never takes place in all of 

the simulations used for this study. 

Both 'tc and Kc are taken to be proportional to the length of the channel and, 

because we used only one cell, that length ends up being the maximum channel path in the 

watershed. 

4.5 CHANNEL LOSS CALCULATION 

Before going into detail on how channel losses are computed, its important to note 

that a minor adjustment to the model code was made. The last version of CELLMOD 

(CELLMOD5) has the channel loss computation take place for the channel output compo

nent only. However, because only one cell was used for analysis, we had to move the 

channel loss calculation to the very bottom of the flowchart as given in Figure 4.5, which 

means that the channel loss calculation is the last step to take place for the volume calcula-
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tion at each time interval. 

There are essentially two components to the channel loss calculation. The first is a 

constant rate of loss and the second is a variable rate of loss which decreases exponentially 

from an initial value throughout the presence of runoff in the hydrograph. The final output 

hydrograph is the constant rate and variable rate of channel losses subtracted from the 

original inflow hydrograph. This can be seen schematically in Figure 4.6. 

The constant rate of channel loss, QMC, is taken to be proportional to the length of 

the channel in the cell. The variable rate of channel loss is given as (Karnieli,1988): 

QLT(i) = QKS · QLT(i-1) i =time increment, 

where QLT(l) = QKS · PLS · (QMX-QMC) and 

(4.4) 

(4.5) 

where QMX is the maximum value of the routed cell hydrograph and PLS is a dimension

less coefficient of proportionality restricted to be between zero and one. 

The total channel losses at the end of each time increment are the sum of the 

constant channel losses (QMC) and the variable channel losses (QLT(i)). Hence, the 

outflow hydrograph is the flow at each time step minus the two components of channel 

loss. 

4.6 SUMMARY AND DISCUSSION 

CELLMOD is a parametric distributed model which utilizes the Green-Ampt 
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Hydrograph Before Channel Losses 

Constant Channel Losses 
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Hydrograph After Channel Losses 
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Figure 4.6: Hydrographs before and after the calculation of channel losses. 



model in order to compute infiltration. It possesses an elegant routing procedure along 

with channel loss calculations that are structured using interconnected cells which 

represent the branching drainage pattern in the watershed. 
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CELLMOD allows each parameter (vegetative and soils) and precipitation to 

follow any resolution, fine or coarse. Because the study at hand is focusing on the effect 

of rainfall and soil parameter resolution on the output of a physically based RR model, this 

proves to be very advantageous. 

Because this study does not focus on the effect of the spatial distribution of routing 

or channel losses, the whole watershed was treated as one cell. Consequently, the 

watershed as a whole consists of two linear reservoirs in series, and channel losses are 

computed only once for each time step. 



CHAPTER FIVE 

ESTIMATION OF FIELD PARAMETERS AND INPUTS FOR THE GREEN

AMPTMODEL 

5.1 INTRODUCTION 
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It is absolutely impossible for one to know the values of each watershed feature at 

every point in the watershed. However,this study collects all of the data available for the 

watershed and assimilatse them into a data base and assume that this is the true representa

tion of the watershed. 

The finest resolution possible for the soils features was the Soil Conservation Ser

vice's Soil Survey Map (in Arc/Info) of the watershed given to me by Scott Miller 

(personal communication, 1994) of the Watershed Management Department at The 

University of Arizona. The details of the map are published in a document (Breckenfeld 

1993) given out by the USDA in Tucson, Arizona. For each polygon in the soil survey, a 

procedure was chosen to be used to estimate each soil feature utilizing the information in 

the published document; this final product was then assumed to be the true soils representa

tion of the watershed. 

The finest resolution possible for rainfall was assumed to be the Thiessen polygon 

characterization of the watershed for the raingages used for each particular storm. The 

number of raingages employed for each storm varied from 56 to 58. These resolutions were 
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then assumed to be the true rainfall fields. 

5.2 DESCRIPTION OF WATERSHED USED 

The Walnut Gulch Experimental Watershed is located in the southeastern comer of 

Arizona and is typical of a semi-arid grassland. It encompasses 150 km2 and has a very 

elongated shape (Figure 5.1 (source USGS soil survey)). 

The depth to groundwater ranges from 164 feet to 476 feet which implies that Hor

tonian overland flow processes dominate as the mechanism for rainfall excess production. 

Vegetation in the watershed varies from grass species such as black gramma, blue gramma, 

and Lehmanns lovegrass to shrubs such as creosote and burroweed. There also exists a 

small section of alpine forest on the far eastern side of the watershed. 

Precipitation mechanisms vary by season. In the winter, approximately one third 

of the annual precipitation falls as low intense frontal storms originating in the Pacific 

Ocean. During the summer, approximately two thirds of the annual precipitation occurs as 

high intense convective monsoon storms. The moisture source of these storms is primarily 

the Gulf of Mexico; however, there are some storms from the Pacific that provide a 

moisture source that results in convective storms. 

The study presented here uses only storms that occurred during the summertime. 

All were typical of large convective monsoon storms. 
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5.3 ESTIMATION OF SOIL PARAMETERS 

5.3.1 Estimation of Saturated Hydraulic Conductivity 

The USDA soil survey map (Breckenfeld, 1993) for Walnut Gulch describes 30 

different "soil units". For each unit, certain soil series characteristically belong to the unit 

and the areal proportions are given. An example would be unit 16 which has 55% 

Luckyhills, 30% McNeal, and 15o/o containing contrasting inclusions. With each soil 

series, there is an associated value of a qualitative variable called "permeability" which is 

essentially the field value for the saturated hydraulic conductivity. On page 126 ofBreck

enfeld (1993), a table gives the relationship between permeability and field saturated 

hydraulic conductivity (Kf) which is given in Table 5.1. 

According to Breckenfeld of the USDA in Tucson, Arizona (personal communica

tion, 1995), the Kf intervals given for each soil series took into consideration the effect of 

coarse fragments. Hence, no corrections were made on saturated hydraulic conductivity 

concerning the presence of coarse fragments. 

For each soil unit on the GIS map of Walnut Gulch, we assigned a value of Kf 

based on the published values of permeability and the proportions of each soil series which 

comprised each unit. The actual numerical values for Kf were assigned using a normal 

distribution where the means were the midpoints of each interval( see table 5.1) except for 
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Figure 5.1: Shape and geographic ~ocation of the Walnut Gulch Watershed (Breckenfeld 
1993). 
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Table 5.1: Relationship Between Permeability and Kf. 

Permeability Kf (inches/hr) 

Very Slow less than 0. 06 
Slow 0.06 to 0.2 

Moderately Slow 0.2 to 0.6 
Moderate 0.6 to 2.0 

Moderately Rapid 2.0 to 6.0 
Rapid 6.0 to 20 
Very Rapid more than 20 

Table 5.2: Soil Profile for Boboquivari Combate Complex. 

0 to 1 inch 

1 to 4 inches 

4 to 24 inches 

brown sandy loam 

brown loam 

reddish brown sandy clay loam 
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very slow and very rapid, where the means were assumed to be .04 and 25, respectively. 

The standard deviation for each permeability class was assumed to be the range divided by 

5 except for very slow and very rapid, where the standard deviations were given as .01 and 

3, respectively. After each simulated value ofKfwas determined using the normal distribu

tion, a weighted average of Kf was calculated for each soil unit where the weights were the 

areal proportions given in the composition section of each soil unit description 

(Breckenfeld, 1993). 

For contrasting inclusions, we took the distribution of Kf for each soil series men

tioned in the "Inclusions" section ( Breckenfeld 1993) and just took the average of the 

normally simulated values where each soil series mentioned was weighted equally. An 

example of this procedure is given by considering unit 24 in the soil series and is given in 

Figure 5.3. 

Last, after the values of Kf were determined, a final value for the actual bare soil 

saturated hydraulic conductivity (Ksbar) was given as Ksbar = .5·Kfwhich is a correction 

given by Bouwer (1966) that takes into account the air that is entrapped in the ground. 

5.3.2 Estimation of Effective Matric Potential 

There are essentially four parameters that are needed in order to compute the effec

tive matric potential (SM). They are: 



65 

1. residual moisture content (Sr) 

2. wetting front soil suction head (Sf) in mm 

3. effective porosity (<j>e) and 

4. initial soil moisture content (8i). 

The equation that relates SM to these soil characteristics is: 

SM = Sf·<j>e·( <j>e+8r-8i). (5.1) 

Therefore, one needs to determine these characteristics in order to compute values for SM. 

These soil characteristics ( 1 through 4) were determined for each soil polygon by using the 

USDA soil texture information in the soil survey (Breckenfeld, 1993 pp. 87 -115) and by 

considering only the top ten inches of the soil. 

For example, if we were to consider the Boboquivari Combate complex, the typical 

profile is given as in Table 5.2 (the information is relevant for 24 inches down however we 

only considered the first ten inches), which means that the surface soil feature (f) for this 

soil unit would be calculated as: 

fsurface = .1·( fsandy loam) + .3·( f1oam ) + .6·( fsandy clay loam ). (5.2) 

Here, soil features could be porosity, Ks, rock content, etc .... The first weight of .1 

represents the first inch down; the second weight of .3 represents the next three inches 

down; and the third weight of .6 represents the next six inches down which covers all of the 

different soil types in the top ten inches to come up with a representative value for the 
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surface soil feature (fsurface). 

The values for effective porosity were retrieved from Table 5.3.2 of Rawls et al. 

(1993) as the midpoints of the <j>e intervals. According to Mehuys et al. (1975) for relative

ly dry desert soils, bulk density measurements and hence effective porosity measurements 

are difficult because stones impose sampling problems and introduce errors in the 

determination. Therefore, after the retrieval of the effective porosity values from Rawls 

et.al. (1993) a correction was made based on equations given in Brakensiek et al. (1986) 

based upon the amount of coarse fragments (> 2mm) present in each soil series. This 

correction is as: 

<j>e (new)= (<j>e-<j>e·Rw)/(1-<j>e·Rw). (5.3) 

Where R w is the fraction of coarse materials by weight which is given as the percentage of 

rock fragments in the soil survey. 

The residual moisture content and the wetting front soil suction head were retrieved 

from Table 5.3.2 and Table 5.5.5 (Rawls et al., 1993), respectively corresponding to the 

soil textures given in the soil survey. 

As for the initial soil moisture content, values for this were provided by Jene 

Michaud (personal communication, 1994) from The University of Arizona in the spatial 

form of a few rain gage locations on the Walnut Gulch watershed. Measurements were 

done using CREAMS and were in the form of effective relative soil saturation and were 
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interpolated over the watershed using a Thiessen weighting procedure. 

5.4 ESTIMATION OF VEGETATION PARAMETERS 

After the value of Ks is determined using the procedure described in section 5.3.1 

one has to make a correction to achieve the actual saturated hydraulic conductivity (Ks) 

that is used to run CELLMOD. This correction takes into account the present amount of 

ground cover (GC) and canopy cover (CC) and is given by Karnieli (1988) as: 

Ks = Ksbar · ecc · eGc . (5.4) 

This is the only calculation in CELLMOD which utilizes the GC and CC parameters. 

Therefore, it is established that we need to produce some sort of realistic estimates 

of these two parameters. However, after searching through the literature and contacting 

many people at the USDA ARS in Tucson, Arizona, it was discovered that at this time, no 

realistic data were available for CC and GC for Walnut Gulch. Thus, we assumed that a 

uniform value of CC=15% and GC=35%, which are "reasonable" values for Walnut Gulch. 

The lack of data for these two parameters was of no serious consequence to this 

study because we are only focusing on the sensitivity of scale for precipitation and soils. 

5.5 DESCRIPTION OF RAINFALL DATA USED 

For this study, we used a total of eight storms. They are all classified as summer 



Table 5.3: Rainfall Data for 8 of the 56 Raingages Used for This Study. 

---~ - - ---- ~--- ·- . -- ·-- - ~ --- - ~-- -- -· ----------------- - ------ --- - ------- ------ --

--------- - ---- ---------------- -----~-------- - -- - ---
STORM RAIN IN MM AT EACH RAINGAGE 

---------- ·------------ ·-·---·-··----

10 10 DATE #1 #12 #18 #27 #30 
~- - - ------- -- --

V1 V1 8/17/57 6.9 0.0 16.8 30.2 40.9 
----

v4 V4 9/10/67 0.0 4.6 0.8 19.1 9.4 
------- ----- -- ---·--------

V5 V5 7/22/64 3.8 12.4 5.6 16.3 3.0 
-----··-

V7 V7 811on1 3.0 8.6 13.2 40.1 32.3 
- -----f-. 

V10 V10 9/11/64 21.8 30.2 23.4 33.0 18.0 
- ----- -· 

V12 V12 11.7 57.4 73.7 32.5 1.5 
--

V13 V13 36.3 84.1 40.1 58.4 16.5 
--

V17 V17 2.5 5.1 16.0 15.2 11.7 
--'--· 

#41 

40.6 

46.5 

13.7 

47.0 

21.8 

0.5 

18.5 

12.7 
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--- --
#44 #61 

·---
51.8 2.0 

73.9 34.8 

33.0 34.5 

30.0 28.2 

57.2 45.5 
- --

4.8 2.3 
--

18.8 14.0 
------

15.2 16.5 
-----·--
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convective storms characteristic of the southwestern U.S . monsoon season. The spatial 

distribution of the rainfall and the dates of the storms are given in Table 5.3 (source: 

Michaud, 1992, pp. 77 -79) and the corresponding locations of the raingages are given in 

Figure 5.2. The rainfall was measured using a raingage density of 56 to 58 raingages per 

150 km2
, and the measurements were taken every seven minutes as cumulative rainfall for 

the storm. The actual rainfall intensity values were computed by taking the total amount 

of rainfall depth fallen within the seven minute time interval and dividing that amount by 

seven minutes. 

These rainfall measurements were made by the USDA ARS in Tucson, Arizona. It 

should also be mentioned that the Walnut Gulch rainfall database is considered one of the 

best in the world for a semi-arid watershed. The length of record, high raingage density, 

and quality of measurements contribute to this notoriety. 

5.6 SUMMARY AND DISCUSSION 

This study utilizes the Walnut Gulch watershed which is located in southwestern 

Arizona and employs the Green-Ampt infiltration model to simulate the rainfall-runoff 

relationship. The saturated hydraulic conductivity values were determined using informa

tion from the USDA ARS soil survey for Walnut Gulch, and some corrections were made 

based upon information in the literature (Bouwer, 1966;Karnieli, .1988). Values for the 

effective matric potential were computed using information in the Walnut Gulch soil 
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Figure 5.2: Locations of raingages in shown Table 5.3. 
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survey, soil moisture information provided by the USDA ARS, and information available 

in the literature (Rawls et al., 1993). Ground cover and canopy cover are assumed to be 

uniform over the watershed because no detailed information on these two parameters is 

available at this time. Last, the rainfall data used were given to us by the USDA ARS and 

consist of eight summer convective storms which are characteristic of the southwestern 

U.S. monsoon season. 
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CHAPTER SIX 

INVESTIGATING THE EFFECT OF SCALE OF WATERSHED FEATURES ON 

MODEL SIMULATIONS 

6.1 INTRODUCTION 

This chapter will first describe the methods used in order to structure the investiga

tion of the effects that the spatial scale of rainfall intensity and soil features have on the 

simulation of rainfall excess. Then, there will be an in-depth description of the results 

along with an explanation of the effects that were discovered while carrying out this facet 

of the study, including a discussion on choosing between rainfall and soils to determine 

what is more important to spatially characterize when simulating streamflow. 

6.2 DESCRIPTION OF FEATURE RESOLUTIONS USED FOR ANALYSIS 

6.2.1 Rainfall Resolutions 

There are a total of three resolutions used in this study to describe the distribution 

of rainfall in space. Figure 6.1 schematically illustrates these three resolutions and Table 

6.1 describes statistically the areas of the polygons for each of the resolutions. 

The finest resolution is a Thiessen polygon representation of the watershed when 
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using 56 to 58 raingages. The middle resolution has an average area of 20.3908 km
2 

and a 

very small coefficient of variation of .1575. This resolution was created in order to be 

fairly close to the pixel size that is used for NEXRAD (16 km2
) which is the ground-based 

next generation radar that is used by the National Weather Service (Michaud, 1994). The 

actual shape of the polygons for this resolution was a result of aggregating groups of poly-

gons in the finest resolution that were neighbors of each other. This was done in order to 

simplify the averaging procedure to create the rainfall intensity data base for the middle 

resolution by making the aggregation scheme just a matter of combining neighboring poly-

gons in the finest resolution (see Figure 6.3). Furthermore, the rainfall intensity values for 

this resolution are area-weighted arithmetic means of the rainfall intensity values in the 

Thiessen polygon resolution. This averaging was done for each seven minute time interval. 

The coarsest resolution assumed one uniform value of rainfall intensity over the 

entire watershed, which was computed as the area-weighted arithmetic mean of the Thies-

sen polygon resolution. This averaging was done so for each seven minute time interval. 

6.2.2 Soil Feature Resolutions 

For this study, there were a total of three soil feature resolutions used to describe 

the distribution of Ks and effective matric potential. Figure 6.2 gives a visual 

interpretation of these three resolutions, and Table 6.2 gives a statistical description. 
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The finest resolution corresponds to the Arc/Info map constructed by the USDA 

ARS in Tucson, Arizona which depicts the soil survey that was completed in 1993. This 

was the finest resolution of soil features that we know of for Walnut Gulch. 

The Thiessen polygon resolution, which was the middle resolution, was constructed 

by overlaying this resolution onto the soil survey (see Figure 6.4) and taking the 

area-weighted arithmetic mean for each soil feature (Ks and SM). This same procedure 

was demonstrated in Chapter 6 of Kamieli ( 1988) where the Thiessen polygon resolution 

was used for the rainfall excess calculations in CELLMOD. 

The coarsest resolution was one where we assumed a uniform watershed value for 

each soil feature which were computed as the area-weighted arithmetic mean of the soil 

survey polygons. 

6.2.3 Resolutions Used for Analysis 

Now that we have three different resolutions to describe both the distribution of 

rainfall intensity and soils features, we would like to generate nine different combinations 

in order to create nine different scenarios of how both the soils features and rainfall intensi

ty are spatially represented. Table 6.3 describes how each scenario will be coded to make 

the presentation of the results slightly easier. 

For each storm, the model is run for all nine scenarios to investigate the effect of 
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Figure 6.1: The three different resolutions for rainfall intensity. 
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Figure 6.2: The three different resolutions used to describe soil features . 



Figure 6.3: The middle resolution consists of polygons that are aggregations 

of neighboring polygons within the Thiessen polygon resolution. 
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Figure 6.4: The Thiessen polygon resolution that describes soils consists of 

weighted area arithmetic means using the polygons in the soils survey resolution. 
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Table 6.1: Statistical Description of the Three Rainfall Resolutions Used for This 
Study. 

Resolution 

Uniform 

Middle 

Thiessen (finest) 

Mean Area (km
2
} 

150 

20.3908 

2.5041 

Standard Dev. of Area (km
2
} 

0 

3.2116 

1.0734 

Table 6.2: Statistical Description of the Three Soil Feature Resolutions. 

Resolution 

Uniform 

Thiessen 

Soil Survey (finest) 

Mean Area (km
2
} 

150 

2.5041 

0.5427 

Std Dev of Area (km2
} 

0 

1.0734 

1.0993 

Table 6.3: Coding of the Nine Different Resolution Scenarios Used for Analysis. 
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Resolution: F =finest, M =middle, U =uniform. Features: S =soils, R =rainfall intensity. 

Soils Features 
Rainfall Intensity Uniform Middle (Thiessen) Fine (Soil Survey} 

Uniform URUS URMS URFS 

Middle MRUS MRMS MRFS 

Fine (Thiessen} FRUS FRMS FRFS 

Table 6.4: Other Parameters Needed to Produce Simulations for CELLMOD. 

K1 

Constant Channel Losses 

PLS 

QKS 

0.27 hr 

26 rnmlhr 

0.10 

0.85 
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averaging on simulations. This is done so by assuming that the simulation using the FRFS 

scenario is the true field output and then computing the error between FRFS and the other 

eight scenarios. The errors are what characterize the effects that scale has on the rainfall 

excess simulations. 

6.2.4 Other Needed Model Parameter Values 

In order to produce each simulation, one must first know a few other parameter 

values that haven't been mentioned in this chapter. The first is the storage coefficient 

which describes the overland flow component in each cell (Kl) which is defined in Section 

4.4; second is the constant rate of channel losses (QMC) which is described in Section 4.5 ; 

third is the initial loss ratio which is ( PLS) used in equation 4.5; and last is the loss decay 

factor (QKS) which is used in both Equations (4.4) and (4.5). All of these parameters are 

employed in either the channel loss computation or the routing procedure and therefore are 

not of concern to the focus of this study. Nevertheless, values are referenced from Karnieli 

(1988), whose study focused on parameterizing CELLMOD. A list of these values is 

contained in Table 6.4. 

6.3 ASSUMED TRUE RUNOFF MAGNITUDES 

Model simulations of the nine different combinations of soils and rainfall intensity 
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resolutions were generated for each of the eight storms. The simulations using the FRFS 

scenario (see Table 6.3) are assumed to be the true output, and errors are computed as each 

simulation output minus the FRFS output. Table 6.5 displays the assumed true rainfall 

excess volumes for each storm. 

The reader will notice in Table 6.5 that the rainfall excess volumes vary by one 

order of magnitude and the peak flows vary by approximately 150 ems. This demonstrates 

that a sufficient variety of assumed storm sizes were used for this study. Storms V 4, V 1, 

V5, V13, V12 and V7 can be classified as "large storms", whereas storms VlO and V17 

are classified as "small storms". 

It should be mentioned that within the Walnut Gulch watershed there exist many 

stock ponds which regulate the timing and the amount of flow at the watershed outlet. 

Because the problem associated with this study is in no way related to the effect of these 

stock ponds, the model simulations that were run in order to create these assumed true flow 

time series completely disregarded their presence. 

6.4 FOCAL VARIETY INDEX 

In order for us to present the results in a graphical form, we needed to come up with 

a method to measure the complexity of each resolution. That is, a measure of how fine or 

coarse a resolution is. The resolutions that were considered were the soil survey resolution, 
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the middle resolution for rainfall, and the Thiessen resolution used for storm V 10. Since 

the complexity of each Thiessen resolution for each storm is very similar, we only used one 

storm for analysis, namely storm V10. 

Following are the steps that were taken in order to measure the complexity of the 

three resolutions considered: 

Step 1: Each resolution was converted from a raster (polygon) coverage to a vector (grid) 

coverage where each grid cell contained the value of the corresponding polygon number 

and the grid size was 1OOm by 1OOm. 

Step 2: For the grid coverage created, a value of what's known in Arc/Info as focal variety 

was determined which is: II for each cell location (pixel) on an input grid, a determination 

of the number of unique values (different polygons) within a specified neighborhood of the 

cell considered II. A circular neighborhood of 1 km was chosen. 

Step 3: The mean of all the nonzero focal variety values for each resolution was named the 

Focal Variety Index (FVI). The statistics for the focal variety values without zeros for each 

resolution are given in Table 6.6. 

The higher the FVI is the finer the resolution is and the lower the FVI is the coarser 

the resolution is. 

The computation of the FVI without the zero values was done as a result of the 

heavy skew that was produced due to the tall spike in the focal variety distributions 
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Table 6.5: Assumed True Rainfall Excess Volumes and Peak Flows for Each Storm 
Which are Simulations of the FRFS Scenario (arranged by size). 

Storm Volume in m3 Peak Flow in ems 
V4 2119300 477 
V7 1991800 436 
V1 1989400 432 
V5 1810100 405 
V13 1298200 218 
V12 1048600 221 
V10 885500 212 
V17 502640 122 

Table 6.6: Statistics for the Focal Variety Values (without zeros) for Each Resolution. 

Resolution Mean (FVI) Std Coeff. Skew 
Soil Survey 8.6420 5.1694 .8260 
Thiessen 3.2110 1.2839 .0619 
Middle Rainfall 1.4594 .6191 2.9550 
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(Figures 6.5 through 6.7) at zero. That is, taking the mean with the zeroes included would 

bias this measure of central tendency for the finer resolutions which possess a strong right 

skew. 

The FVI for the resolution with one polygon (uniform watershed) was assigned to 

be zero because there exists no complexity within this representation. 

6.5 RESULTS 

For each storm, the nine different resolutions were used to produce model 

simulations. The simulation using the finest resolution for both soils and rainfall intensity 

(FRFS) was assumed to be the true output for the watershed. Figures 6.8 through 6.15 

display the percentage errors for rainfall excess volume for each storm. Each bar 

represents the percentage error of the simulated rainfall excess volume by comparing the 

resolution of interest to the assumed true output (FRFS). As a result, the error at the 

upper-most point on each figure will be zero because the FRFS resolution is assumed to be 

the true resolution. 

6.5.1 Underestimation of Rainfall Excess 

The most striking effect that one observes from Figures 6.8 through 6.15 is that 

there is a tendency to underestimate simulated rainfall excess as the resolutions of both 
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Figure 6.12: Relationship of scale to model simulations for storm V17. 
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rainfall intensity and soil features are reduced. With respect to rainfall intensity scale, this 

is most certainly due to the fact that the averaging scheme employed smooths out the 

higher rainfall intensity values which are responsible for producing the majority of the 

runoff production when Hortonian overland flow processes dominate during a storm event. 

With respect to soil feature scale, this effect is due to the fact that the averaging scheme 

may smooth out the smaller values of Ks which are, in general, responsible for most of the 

runoff production when Hortonian overland flow processes dominate. 

6.5.2 Effect of Soil Feature Scale 

Figures 6.16 through 6.23 demonstrate, for all storms, the relationship between the 

scale of spatial representation of Ks and its distribution in space and how the rainfall runoff 

relationship is affected by this when one assumes a uniform rainfall intensity over the 

entire watershed. Notice that for all storms the scenario where the finest resolution of soils 

features is used has the highest frequency of Ks values below the maximum rainfall 

intensity. This implies that, out of the three scenarios presented in these figures, this one 

should produce the highest amount of simulated rainfall excess which in fact it does for all 

storms. This scenario also generates the most accurate simulation with respect to 

reproducing the assumed true rainfall excess which is of no surprise since it is the closest 

to the finest resolution out of the three scenarios presented in Figures 6.16 through 6.23. 

One interesting thing to notice is that, for all storms, the distribution of Ks when 
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Figure 6.20: Relationship of the scale of Ks to its distribution in space 
and how that affects the simulation of runoff when one assumes uniform 
rainfall intensity for storm V 17. 

250 



0.4 

0.3 

0.2 

0.1 

n 

STORM V4 

finest soil resolution (263 polygons) 

rei freq distn (in space) of Ks 
max rainfall intensity (over time) for uniform res. 

101 

o~~~~~~~cw~C-~----------~--------~----------~---------

>. u 
§ 0.4 
::J 
go.3 
~ 

i 0.2 

~ 0.1 
~ 

0.5 

0 50 100 150 

Thiessen soil resolution (-56 polygons) 

n rei freq distn (in space) of Ks 

200 

max rainfall intensity (over time) for uniform res. 

50 100 150 

uniform soil resolution (1 polygon) 

rei freq distn (in space) of Ks 

200 

max rainfall intensity (over time) for uniform res. 

250 

250 

OL------LL--L--------~----------~--------~--------~ 

0 50 100 150 200 
Ks and rainfall intensity in mm/hr 
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averaging from the finest resolution to produce the Thiessen resolution changes its mode 

from well below the maximum rainfall intensity magnitude to above this value . Addition

ally, the frequencies of Ks values that lie below the maximum rainfall intensity are reduced 

when going from the finest resolution to the Thiessen resolution. This implies that the 

Thiessen resolution should simulate less rainfall excess than the finest resolution (for soil 

features). This is visually demonstrated in figures 6.8 through 6.15. 

Because we have established that reducing the resolution for soils reduces the 

amount of simulated rainfall excess, we would expect even lower simulations using a 

uniform Ks value. By inspecting Figures 6.16 through 6.23, one will notice that the maxi

mum rainfall intensity value lies above the uniform Ks values for all storms (on the bottom 

plot of these figures). Consequently, this means that no rainfall excess should have been 

simulated for all storms when assuming a uniform rainfall intensity value (in space) and a 

uniform Ks value. Upon inspecting Figures 6.8 through 6.15, one will notice that for each 

of these scenarios the percentage error is -1 implying that, in fact, no rainfall excess was 

simulated for these cases. This demonstrates the dangers of averaging certain features 

when using an infiltration model that assumes a rainfall-runoff threshold such as the 

Green-Ampt model which utilizes Hortonian overland flow theory. 

6.5.3 Effect of Rainfall Intensity Scale 

The relationship between the scale of spatial representation of maximum (over 
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time) rainfall intensity and its distribution in space along with the rainfall-runoff 

relationship when assuming a uniform Ks value (for all storms) is given in Figures 6.24 

through 6.31. One very striking observation that one can make is that, for all storms, the 

right tail of the maximum rainfall intensity distribution which contains most of the runoff 

producing rain is attenuated when one averages from the Thiessen resolution to produce 

the middle rainfall resolution. For example, in Figure 6.30, observe the high frequency of 

intensity values above the 100 mmJhr threshold when one uses the Thiessen resolution and 

how there exist no intensity values above this mark for the middle rainfall resolution. 

These figures demonstrate why the simulation of rainfall excess is reduced by showing 

what happens to the spatial rainfall intensity distribution when averaging. 

Notice in Figures 6.24 and 6.31 that there exists a higher frequency of rainfall 

intensity values above the uniform Ks threshold for the middle resolution than for the 

Thiessen resolution. However, because the distributions for the Thiessen resolution of 

storms V1 and V7 possess such a long right tail which contains rainfall intensities that 

produce a high amount of rainfall excess, the simulations using the middle resolution will 

produce less runoff than the ones using the Thiessen resolution (see Figures 6.8 and 6.15). 

This demonstrates that the actual magnitudse of the rainfall intensities are more important 

for simulating rainfall excess than the frequency of values that lie above the rainfall-runoff 

threshold. 

The bottom graphs for all of these figures are basically the same as the bottom 
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Figure 6.24: Relationship between the scale of maximum rainfall 
intensity (over time) and its distribution in space and how this may 
affect runoff simulations when one assumes uniform Ks for storm Vl . 
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Figure 6.25: Relationship between the scale of maximum rainfall 
intensity (over time) and its distribution in space and how this may 
affect runoff simulations when one assumes uniform Ks for storm VlO. 
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Figure 6.26: Relationship between the scale of maximum rainfall 
intensity (over time) and its distribution in space and how this may 
affect runoff simulations when one assumes uniform Ks for storm V12. 
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Figure 6.27: Relationship between the scale of maximum rainfall 
intensity (over time) and its distribution in space and how this may 
affect runoff simulations when one assumes uniform Ks for storm Vl3. 
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Figure 6.28: Relationship between the scale of maximum rainfall 
intensity (over time) and its distribution in space and how this may 
affect runoff simulations when one assumes uniform Ks for storm Vl7 . 
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Figure 6.29: Relationship between the scale of maximum rainfall 
intensity (over time) and its distribution in space and how this may 
affect runoff simulations when one assumes uniform Ks for storm V 4. 
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Figure 6.30: Relationship between the scale of maximum rainfall 
intensity (over time) and its distribution in space and how this may 
affect runoff simulations when one assumes uniform Ks for storm V5. 
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Figure 6.31: Relationship between the scale of maximum rainfall 
intensity (over time) and its distribution in space and how this may 
affect runoff simulations when one assumes uniform Ks for storm V7 . 
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graphs for Figures 6.16 through 6.2. They demonstrate that if one assumes a uniform value 

for rainfall intensity and a uniform Ks value, the model simulations for all storms will 

produce no rainfall excess. Again, this shows that averaging out both the soil features and 

the rainfall intensity will produce gross underestimations of the true rainfall excess 

volume. 

6.5.4 Rainfall Intensity Scale Versus Soil Feature Scale 

An important question one might ask concerning this study is: "Does the represen

tation of rainfall intensity have a greater effect on the error than the representation of soil 

features?" This basic question can be divided into two more specific questions: 

A. When representing each feature (precipitation and soils) as detailed as possible, is the 

simulation sensitivity larger for the spatial scale of rainfall or soil features? 

B. When assuming a uniform watershed value for each feature (precipitation and soils), is 

the simulation sensitivity larger for the spatial scale of rainfall or soil features? 

Answering question A consists of comparing: 

1) The surface shape for Figures 6.8 through 6.15 along the rainfall intensity axis using the 

finest resolution for soil features and 

2) The surface shape for Figures 6.8through 6.15 along the soil features axis using the 

finest resolution for rainfall intensity. 



Likewise, answering question B consists of comparing 

1) The surface shape for Figures 6.8 through 6.15 along the rainfall intensity axis for 

uniform soil features and 
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2) The surface shape for Figures 6.8 through 6.15 along the soil features axis for uniform 

rainfall intensity. 

Before making any comparisons we had to come up with a way of measuring the 

effect that scale had on the rainfall excess simulations. The method chosen is as follows: 

Question A: 

Step 1: Compute four slope values of the percentage errors versus the FVI. 

Where: 

Soils: SLP1 = (FRUSe- FRFSe)/(FVI(FRUS)- FVI(FRFS)) 

SLP2 = (FRMSe- FRFSe)/(FVI(FRMS)- FVI(FRFS)) 

Rainfall: SLP3 = (URFSe- FRFSe)/(FVI(URFS)- FVI(FRFS)) 

SLP4 = (MRFSe- FRFSe)/(FVI(MRFS)- FVI(FRFS)) 

FRUSe =percentage error for the FRUS resolution 

FRFSe = percentage error for the FRFS resolution 

etc .. . 

FVI(FRFS) = the FVI for the FRFS resolution 



FYI(FRUS) =the FYI for the FRUS resolution 

etc... (see Figure 6.32 and Table 6.3 for an explanation of each resolution code). 

step 2: compute the two sums 

SA= SLP1 + SLP2 

RA = SLP3 + SLP4 
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SA is a measurement of how sensitive rainfall excess simulations are to soil 

features scale. Analogously, RA is a measurement of how sensitive rainfall excess simula

tions are to the scale of rainfall intensity. Both SA and RA will be a vector of eight values 

where each entry corresponds to a specific storm. Answering question A will consist of 

comparing the magnitudes of the two vectors SA and RA. Later it will be shown that a 

statistical hypothesis test will help provide a conclusion. 

Question B: 

Step 1: Compute four slope values of the percentage errors versus the FYI. 

Soils: SLP1 = (URFSe- URUSe)/(FYI(URFS)- FYI(URUS)) 

SLP2 = (URMSe- URUSe)/(FYI(URMS)- FYI(URUS)) 

Rainfall: SLP3 = (FRUSe- URUSe)/(FYI(FRUS) - FYI(URUS)) 

SLP4 = (MRUSe- URUSe)/(FYI(MRUS)- FYI(URUS)) 

Step 2: Compute the two sums. 



SB = SLP1 + SLP2 

RB = SLP3 + SLP4 
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Answering question B will consist of investigating, via a statistical hypothesis test, 

which of the two distributions (of SA or RA) possesses a significantly larger mean. 

Both questions A and B will help determine which feature, rainfall intensity or soil 

features, is more important to characterize for the purposes of hydrologic modeling. If it 

turns out that SA has a significantly higher mean, then we can conclude that rainfall excess 

simulations are more sensitive to the scale of representation of soil features and hence are 

more important to represent for modeling. Conversely, if RA turns out to have a 

significantly higher mean, then we can conclude that rainfall excess simulations are more 

sensitive to the scale of representation of rainfall intensity and therefore are more important 

to characterize for modeling purposes. Table 6.7 contains the SA and RA values for each 

specific storm. 

It turns out that if one performs a paired sample t-test, the t-statistic for testing the 

hypothesis: 

Ho: mean(SA) = mean(RA) versus 

Ha: mean(SA) < mean(RA) 

is 10.599 which has seven degrees of freedom. This implies that we can reject Ho and 

accept Ha with a level of significance less than .005. 



118 

Table 6.7: The SA and RA Values for the Eight Storms. 

Storm SA RA 

V1 .1527 .3868 

V10 .1425 .5886 

V12 .1367 .5012 

V13 .1757 .5148 

V17 .2998 .5157 
V4 .1195 .4038 

V5 .1153 .4170 

V7 .1536 .3690 

Table 6.8: SB and RB Values for Each of the Eight Storms. 
Storm SB RB 

V1 .0392 .0984 

V10 .0003 .0889 

V12 .0288 .1355 

V13 .0395 .1582 

V17 .0274 0.0 

V4 .0228 .2183 

V5 .0233 .1979 
V7 .0434 .0958 
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Therefore, we can conclude that, in this context, the rainfall excess simulations are 

much more sensitive to the scale of representation of rainfall intensity than to the scale of 

representation of soil features. 

To answer question B, one needs to observe Table 6.8 which contains the SB and 

RB values: 

The t statistic using a paired sample t test which tests the following hypothesis: 

Ho: mean(SB) = mean(RB) versus. 

Ha: mean(SB) < mean(RB) 

is 3.8247 and has seven degrees of freedom. The t-value with a tail probability of .005 is 

3.499. Therefore, we can reject Ho and accept Ha with a level of significance of less than 

.005. 

Hence, we can say that for question B, the rainfall excess simulations are more 

sensitive to the scale of representation of rainfall intensity than to that of the soil features. 

In conclusion we have found that for both questions A and B, the spatial representa

tion of rainfall intensity is more important than the spatial representation of soil features 

when one carries out hydrologic model simulations. Therefore, if the question is asked, 

"Which is more important to represent in space, soil features or rainfall intensity?", accord

ing to the analyses performed in this study, we would have to conclude that it is more 

important to spatially characterize rainfall intensity. 
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6.6 SUMMARY AND CONCLUSIONS 

Three different resolutions were created to spatially characterize both soil features 

and rainfall intensity. Consequently, there were a total of nine (3 x 3) resolutions used for 

analyses corresponding to the nine different possible combinations of soils features and 

rainfall intensity resolutions. 

A measure of complexity, called the focal variety index (FVI), was used to 

distinguish between each of the four geometric resolutions used, these being the soil survey 

resolution (263 polygons), the Thiessen resolution (-56 polygons), the middle rainfall res

olution (seven polygons), and the uniform watershed resolution (one polygon). The FVI is 

a measure that is based on how many different polygons are present within a pre-specified 

neighborhood of the polygon of interest. 

The most striking effect that we found from this analysis was that there is a strong 

tendency to underestimate the assumed true rainfall excess volume when reducing the 

spatial resolution for both rainfall intensity and soil features. For rainfall intensity, this was 

a result of the masking of the right tail of the rainfall distribution when spatial averaging is 

performed. Moreover, for soil features, it was the masking of the left tail of the Ks distribu

tion which caused an underestimation of the assumed true rainfall excess volume when 

spatial averaging was performed. Similar findings were presented in Binley et al ( 1989), 

Michaud and Sorooshian (1994), and Loague (1988). 
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A very common question which is asked by many hydrologic modelers is: "Which 

is more important to spatially represent soil features or rainfall intensity?". In order to 

answer this question, we devised measurements of the slopes of the error surfaces given in 

Figures 6.8 through 6.15 which were taken along both the rainfall intensity axis and soil 

features axis. Comparisons between the slope measurements for both soil features and 

rainfall intensity were done using a paired sample t-test where the different pairings corre

sponded to different storms. 

From this analysis, it was found that the rainfall excess simulations are more sensi

tive to the scale of spatial representation of rainfall intensity than to the scale of spatial 

representation of soil features. Loague (1988), however, found that just the opposite was 

true. That is, he found that at the hillslope scale, knowledge of the distribution of soil 

hydraulic data appears to be more important than that of rainfall data in simulating surface 

runoff generation. More on this difference in findings will be presented in Chapter 8 which 

contains the final discussion and conclusions of this study. 
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CHAPTER SEVEN 

THE USE OF STATISTICAL PROBABILITY DISTRffiUTIONS TO GENERATE 
SOIL FEATURES AND RAINFALL INTENSITY FOR BETTER SIMULATIONS 

OF THE TRUE RAINFALL EXCESS VOLUME 

7.1 INTRODUCTION 

It was established in Chapter 6 that when one spatially averages rainfall intensity 

and Ks, one achieves simulations that drastically underestimate the amount of true rainfall 

excess volume for convective storms that occur in the Walnut Gulch watershed. In reality, 

it is very possible to accurately simulate the rainfall excess time series for storms that occur 

in Walnut Gulch as was demonstrated by Karnieli ( 1988), W oolhiser et al. ( 1990), and 

Michaud (1992). This is most certainly due to the existence of the excellent data base for 

Walnut Gulch. However, for a strong majority of watersheds around the world, there exist 

little or no data on the spatial distribution of soil features and/or rainfall intensity. 

Consequently, the focus of this chapter is to devise a scheme which generates sim-

ulations that are close to the assumed true rainfall excess magnitudes when there is little or 

no data available for the spatial distribution of rainfall intensity and Ks. Nevertheless, the 

scheme that will be presented in this study will assume that there exists information on 

certain statistical properties of rainfall intensity and Ks distributions such as the mean and 

standard deviation. 
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It will be shown that the lognormal distribution can be used to spatially describe Ks, 

and an attempt will be made to spatially describe rainfall intensity using the exponential 

distribution and the gamma distribution. It has been shown that Ks, in general, follows a 

lognormal distribution by Law (1944), Rogowski (1972), Nielsen et al. (1973), Baker and 

Bouma (1976), Babalola (1978), and Freeze (1975). The exponential assumption for rain-

fall intensity has been used to represent rainfall intensity patterns for GCM models by 

Warilow et al. (1986), Entekhabi and Eagleson (1989), and Famiglietti and Wood (1990). 

7.2 DESCRIPTION OF THE SIX DIFFERENT JOINT DISTRIBUTIONAL 
SCENARIOS 

It should be mentioned that for each of the six scenarios the area weighted geomet-

ric mean of matric potential (SM) over the entire watershed was used as a uniform value. 

Justification for this is provided in Goodrich et al. (1994) by the statement, "at the medium 

catchment scale, a basin-wide average for initial water content is sufficient for runoff 

simulations." Furthermore, it is important to mention that when we state that the distribu-

tion is "uniform" in remainder of this thesis, we mean that the specified feature was 

represented using one numeric value for the entire watershed. It does not mean that we 

utilized the uniform probability distribution to simulate values. 

7.2.1 Uniform Rainfall and Uniform Ks (URUK) 
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The first scenario which will provide a baseline for the most spatially 

underrepresented possibility is when one assumes a spatially uniform rainfall intensity 

value at each time step and a spatially uniform value for Ks and SM (effective matric 

potential). This scenario will be referred to as URUK. It should also be mentioned that, for 

all eight storms, simulations that used this resolution produced no rainfall excess 

whatsoever. 

7.2.2 Exponential Rainfall and Uniform Ks (ERUK) 

The rainfall intensity distribution across the watershed will be characterized by 

carrying out the following steps: 

Step 1: At each time step, record the sample area weighted arithmetic mean of rainfall 

intensity and call it m. 

Step 2: Using m, create an exponential distribution as such; 

f(r) =(lim)· exp[ -(lim)· r] where r>O and m>O (7.1) 

Step 3: Find the lOth, 30th, 50th, 70th and 90th percentiles of this distribution. 

Step 4: Break the watershed into five equal geometric parts and assign each of the five 

percentiles of rainfall intensity to each of the equally sized parts shown in Figure 7 .1. 

Figure 7.1 also shows schematically the approximate location of the percentiles 

(labeled as Rl through R5) on the x axis of the graph at the bottom of the figure. All eight 
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Figure 7.1: Schematic of how the spatial rainfall distribution is represented 
for the ERUK scenario. 
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storms are then simulated using this framework, and comparisons are made to the assumed 

true rainfall excess. For two storms, this scenario simulated no rainfall excess. 

7.2.3 Uniform Rainfall and Lognormal Ks (URLK) 

For this scenario, the spatial distribution of Ks will be characterized by the same 

steps as in Section 7 .2.2; however, it will be done using the lognormal distribution instead 

of the exponential distribution. Figure 7.2 visually describes the spatial distribution of Ks 

and also shows the approximate location of the percentiles on the x axis of the graph on the 

bottom of the figure, which is a representation of the lognormal probability distribution 

function. With this joint distribution, all eight storms are run to produce simulations that 

are then compared to the assumed true rainfall excess. 

It should be mentioned that this procedure is almost identical to what Goodrich 

( 1990) did to represent Ks when modeling runoff. This methodology was then later 

incorporated into the KINEROS hydrologic model by Woolhiser et al. (1990). We should 

acknowledge that some of the methodology presented in this chapter was created as a result 

of reading pages 66 through 72 of Goodrich's Ph.D. Dissertation (1990). In other words, 

the way in which rainfall intensity is spatially represented in this study is similar to the 

way that Ks was spatially represented by the authors just mentioned. 

Using the Chi-square goodness-of-fit to test the hypothesis that the Ks distribution 
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is distributed as lognormal, it was found that the statistic was 1.3569; this possessed ten 

degrees of freedom because 11 bins were used for the test. The tabular chi square value for 

a level of significance of .995 is 2.156 and since.3569 is less than this value we can 

conclude that the lognormal distribution provides an excellent fit for the spatial Ks 

distribution. 

7 .2.4 Exponential Rainfall and Lognormal Ks (ERLK) 

The same five percentiles forKs as well as for rainfall intensity are combined to 

form 25 possible paired combinations. The watershed is then divided into 25 equal-in-size 

polygons as is visually demonstrated in Figure 7.3, and each polygon is assigned each 

possible (Ks rainfall intensity) percentile pair. Using this structure, all eight storms are run 

to produce eight simulations for comparison to the assumed true rainfall excess. 

7.2.5 Gamma Rainfall (1) and Lognormal Ks (GRlLK) 

For this scenario, we used the same structure as was described in Section 7 .2.4 and 

schematically demonstrated in Figure 7.4; however, this time we used the gamma distribu

tion to spatially represent rainfall intensity (Ks was assumed lognormally distributed) . 

Figure 7.4 gives a thorough schematic representation of the structure. 

The gamma distribution has the following mathematical representation: 
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Figure 7.3: Schematic of how the spatial rainfall intensity and Ks distribution 
are represented for the ERLK scenario. 
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(7.2) 

The mean of the distribution is given as a·~ the variance is given as a·~2 and the 

coefficient of skew (cskew) is given as 2/~a. Both parameters a and~ can be estimated 

(by method of moments) using only the knowledge of the sample mean and cskew. Here 

a and b denote the estimates of a and ~' respectively. In addition, c and m denote the 

sample mean and cskew, respectively. 

a= 4/(c2
) and 

b=rnla 

(7 .3) 

(7.4) 

Notice also that the exponential distribution is identical to the gamma distribution 

when the coefficient of skew is 2, implying that the exponential distribution has a constant 

coefficient of skew. Therefore, what makes this scenario different from the one described 

in Section 7 .2.4 is that we know we are able to use different coefficients of skew. That is, 

the actually spatial variability can be described in more detail. 

This scenario used the sample mean to estimate the parameters just as before when 

using the exponential distribution; however, we assumed that there was limited knowledge 

on the coefficient of skew. Assigning the cskew was done by using an ad-hoc method 

based upon the value which was obtained for the sample mean. The cskew was assumed 

to take two different values, one for when the sample mean was less than 5 mmlhr and one 

for when the sample mean was greater than 5 mmlhr. The reader will notice by looking at 
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Figure 7.5 that the line was drawn at 5 because the variability of the cskew seems to change 

drastically at that point. The cskew assigned for the smaller means was the mean of the 

cskews in that interval which turns out to be 4.0368, and the cskew assigned to the other 

interval was again the sample mean of the cskews for that interval which turns out to be 

2.230. 

Using the same 25-polygon structure as before, all eight storms were run and then 

compared to the assumed true rainfall excess. 

7.2.6 Gamma Rainfall (2) and Lognormal Ks (GR2LK) 

This scenario is identical to the one described in Section 7 .2.6 except that the sam

ple coefficient of skew is used at each time step to estimate the parameters. Hence, here 

we are assuming that we know more about the spatial variability of the rainfall intensity. 

One could think of this scenario as the one with the most assumptions made about the 

knowledge of the spatial rainfall intensity distribution. 

Again, the 25-polygon representation as displayed in Figure 7.4 was used to run all 

eight storms and then these simulations were compared to the assumed true rainfall excess. 

7.3 RESULTS 

Figures 7. 6 through 7.13 display rainfall excess time series for all six scenarios 
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Figure 7.5: Coefficient of skews versus mean rainfall intensities taken over 

space and done for all time points and for all storms. 
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which were described in Figure 7.2 along with the assumed true rainfall excess time series 

where each figure represents a different storm. It was decided to create two graphs (a and 

b) so that the reader would be able to better visualize the differences among the 

hydro graphs. 

The top graph (graph a) compares scenarios ERLK, URLK, and ERUK along with 

the assumed true rainfall excess. This graph will help determine which of the two features, 

soils or rainfall intensity, are more important to spatially represent in order to more 

accurately simulate rainfall excess. It should be mentioned that, for some of the storms, the 

ERUK scenario simulated no rainfall excess; thus if the reader notices the absence of a 

dotted line for graph a, this simply means that there was no rainfall excess simulated for the 

ERUK scenario. 

The bottom graph (graph b) compares the scenarios ERLK, GR1LK, and the 

GR2LK along with the assumed true rainfall excess. Graph b will help determine whether 

or not it is important to incorporate information on the coefficient of skew of rainfall 

intensity (in space) in order to better simulate the true rainfall excess. 

Figures 7.14 through 7.21 contain the percentage errors of total rainfall excess vol

ume for each of the six scenarios where each figure represents a different storm. The 

percentage error is taken as: 

( sim - true )/true (7.5) 
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where sim =the simulated total rainfall excess volume, and 

where true = the assumed true total rainfall excess volume. 

These figures will help inspect more quantitatively the differences among the accuracies 

with respect to simulating the true rainfall excess volume for each of the six scenarios. 

Paired sample t -tests were performed comparing the percentage errors for each of 

the scenarios with each other where each pair represents a different storm. The results for 

the most relevant comparisons are given in Table 7 .2. 

7.3.1 Comparison of the Scenario with Uniform Rainfall and Uniform Ks with Other 
Scenarios 

This scenario simulated no rainfall excess for all eight storms. The only other 

scenario which produced no rainfall excess was the ERLK scenario, and this only 

happened for storms V 10 and V 17. Therefore this scenario, which is the one with the least 

spatial representation for all features, is also the least accurate with respect to simulating 

the assumed true rainfall excess. 

Figures 7.14 through 7.21 graphically display the fact that this is the least accurate 

of all scenarios by showing the left-most error bar being at -1 for all eight storms. Further-

more, in Table 7 .2, one will discover that the URUK scenario is significantly different 

from the ERUK scenario at the .05 level of significance but not at the .01 level. Figures 

7.14 through 7.21 show that URUK is significantly different from ERUK implying that 
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Figure 7.6: Comparison of the rainfall excess simulations using the six 

scenarios and the assumed true rainfall and soils for storm V 1. 



STORM V10 

250 assumed true rainfall excess 

200 
exponential rainfall lognormal Ks (ERLK) 

en 
uniform rainfall lognormal Ks (URLK) 

E 150 
0 exponential rainfall uniform Ks (ERUK) 
c 

~ 100 
-.:: 

50 

OL---~~~--~~~~~~--~----~------~--~ 

0 1 0 20 30 40 50 60 70 
a) time in 7 minute increments 

250 assumed true rainfall excess 

200 
exponential rainfall lognormal Ks (ERLK) 

en gamma rainfall (1) lognormal Ks (GR1 LK) 

E 150 
0 

-~ 
gamma rainfall (2) lognormal Ks (GR2UK) 

~ 100 
-.:: 

50 
/ :..:. · ~;- . 

'.·":-
/ ...:.: ....... 

.. ' "· :::: ... 
OL---~~----~--~~~~--~-----L----~~--~ 

0 1 0 20 30 40 50 60 70 

b) 
time in 7 minute increments 

Figure 7. 7: Comparison of the rainfall excess simulations using the six 

scenarios and the assumed true rainfall and soils for storm V 10. 
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Figure 7.8: Comparison of the rainfall excess simulations using the six 

scenarios and the assumed true rainfall and soils for storm V 12. 
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Figure 7.9: Comparison of the rainfall excess simulations using the six 

scenarios and the assumed true rainfall and soils for storm V 13. 
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Figure 7.10: Comparison of the rainfall excess simulations using the six 

scenarios and the assumed true rainfall and soils for storm V 17. 
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Figure 7.11: Comparison of the rainfall excess simulations using the six 

scenarios and the assumed true rainfall and soils for storm V 4. 
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Figure 7.19: Percentage errors for the six scenarios and for storm V 4. 
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Figure 7.21: Percentage errors for the six scenarios and for storm V7. 
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URUK is definitely significantly different from the other five scenarios. This indicates that 

the other five scenarios produce statistically significantly more accurate rainfall excess 

simulations. 

7.3.2 Comparison of the Scenario with Exponential Rainfall and Uniform Ks to Other 
Scenarios 

The ERUK hydrographs for all eight storms are displayed in Figures 7.6 through 

7.13 a). This scenario, which is represented using a dotted line, produces less rainfall 

excess and hence is less accurate than the URLK scenario. The reader will also discover 

that this is much less accurate than the ERLK scenario which is the one that statistically 

represents both rainfall intensity and soil features. For storms V 10 and V 17, no rainfall 

excess was simulated for this scenario, which makes it as good as URUK. 

Figures 7.14 through 7.21 graphically display the improvement that the URLK 

scenario has over this one as the dotted bars are much less deep than the dash-dot bars. 

Table 7.2 shows that the t-statistic is -6.7198, implying that the URLK is significantly 

much more accurate (p-value < .01) than the ERUK scenario. 

A conclusion can be drawn similar to the one from Loague ( 1988) stating that the 

spatial description of Ks has a greater impact on the simulation of rainfall excess than 

corresponding descriptions of rainfall intensity. This is different, however, than the 

conclusion drawn from Chapter 6. An explanation for this difference will be presented in 
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the conclusion of this thesis (Chapter 8). 

7 .3.3 Comparison of the Scenario with Uniform Rainfall and Lognormal Ks to Other 
Scenarios 

The dashed-dot lines in Figures 7.6 through 7.13 represent the simulated 

hydrographs of the URLK scenario for each storm. The reader will observe that these 

simulations are more accurate than ER UK but less accurate than ERLK. Again, this 

suggests that spatially characterizing the rainfall rather than Ks produces more accurate 

simulations. However, it is still more beneficial to spatially represent both features. 

Notice in Table 7.2 that URLK is significantly different from ERLK, GR1LK, and 

GR2LK (all p-value<.01) which suggests that all of these scenarios produce more accurate 

simulations. 

7 .3.4 Comparison of the Scenario with Exponential Rainfall and Lognormal Ks to 
Other Scenarios 

It was stated in the Section 7.3.3 that the URLK scenario produced more accurate 

simulations than the ERUK scenario, implying that spatially characterizing the Ks distribu-

tion is more important than that of spatially describing rainfall intensity. The question to 

be answered here is: What happens if both Ks and rainfall intensity are statistically 

represented? 
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Figures 7.6 through 7.13 a show that the dashed line, which is the ERLK scenario, 

lies above both the dash-dot and dotted line, implying that there is an improvement when 

statistically representing both features at once. This is also displayed in Figures 7.14 

through 7.21, as one can see that the dashed bar is much smaller than both the dotted bar 

and the dash-dot bar. 

The t-value in Table 7.2 which compares the URLK scenario with the ERLK 

scenario is -6.6615. This implies that there is a significant difference between these two 

at the .01 level. This implies that spatially describing both the rainfall intensity and Ks 

distribution produces significantly more accurate results than just spatially characterizing 

one of those features and not the other. 

7 .3.5 Comparison Among the Different Ways to Spatially Represent Rainfall 
Intensity 

Figures 7.6 through 7.13 b visually demonstrate the differences between the three 

different methods used in this study to spatially characterize rainfall intensity. These 

figures also show how accurate each of these representations are by overlaying the 

assumed true hydrograph. 

The reader will notice that, for storms V1, V10, V13, V4, V5, and V7, there is little 

or no difference between the three different ways of representing rainfall intensity. For 

storms V12 and V17, however, the GRlLK seems to produce a more accurate result than 



ERLK and ERLK seems to produce a more accurate result than the GR2LK scenario. 

Also, the error bar plots in Figures 7.14 through 7.21 show the same profile. 
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In Table 7.2, observe that in the comparison between ERLK versus GR1LK the 

t-value is -6.2073 implying that there is a significant difference between these two scenar

ios (p-value <.01). There is also a "fairly" significant difference between GR1LK and 

GR2LK with at-value of 2.4869 (p-value <.05). There is, however, no significant 

difference between the ERLK and GR2LK scenarios. 

Basically, this suggests that the GR1LK scenario produces the most accurate simu

lations which in turn implies that knowing some information about the coefficient of skew 

is important. However, using the sample cskew as an estimate of the population cskew 

produces less accurate results than using the "guessing" method formulated for creating the 

GR1LK representation. One would think that the more information known about the 

cskew, the better the spatial representations would be with respect to simulating the 

assumed true rainfall excess. 

It is believed that using the sample cskew produced slightly less accurate 

simulations since there existed very high values for this statistic (see Figure 7 .5), especially 

when the mean rainfall was less than 5 mmlhr. 

Notice in Figure 7.22 that, as the cskew of the gamma distribution gets larger, the 

tail of the distribution starts to lengthen and becomes thinner. The distribution with a 

cskew of 2 will tend to simulate higher values of rainfall intensity than the one with a 
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cskew of 5 because it has a "fatter" tail. Also, the distribution with a cskew of 1 has a fairly 

thin tail but will tend to simulate many values in the "mid-range". This implies that using 

a value of the cskew between 1 and 5 produces a representation with slightly higher rainfall 

intensities and hence higher amounts of rainfall excess. Therefore, what happens is that the 

actual guessing of the cskew increases the rainfall excess simulations which in turn artifi

cially nudge these simulations closer to the assumed true rainfall excess. 

Thus, it was somewhat of an accident that the "guessing" method proved to be the 

most accurate, and it was concluded that this is because of the sporadic nature of the actual 

spatial rainfall intensity distribution. It will be shown later that the validity of an exponen

tiaUgamma distribution can change from time point to time point. 

7 .3.6 Validity of the Rainfall Distributional Assumptions 

Assuming an exponential distribution, chi-square goodness-of-fit statistics were 

calculated for the rainfall data at each time point and for each storm. There were eight bins 

chosen for each of the tests. Table 7.3 describes the bin locations for each of the chi-square 

tests. The expected frequencies remain approximately the same for all of the tests because 

the bin locations were chosen based upon the value of the sample mean. The only way the 

expected frequencies would differ would be if the total number of rain gages were 

different (this total ranged from 56 to 58). A level of significance of .05 was chosen 

resulting in a critical chi-square value of 14.067 (having 8-1=7 degrees of freedom). 
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Table 7.1: Codings Used to Describe Each of the Spatial Representations for Both 
Rainfall Intensity and Soil Features. 

Coding 

URUK 

ERUK 

URLK 

ERLK 
GR1LK 

GR2LK 

Explanation 

Uniform rainfall intensity and uniform soil features 

Exponential rainfall and uniform Ks 

Uniform rainfall intensity and lognormal Ks 

Exponential rainfall intensity and lognormal Ks 

Gamma rainfall intensity with cskew guessed and lognormal Ks 

Gamma rainfall intensity with cskew assumed known and lognormal 
Ks 

Table 7.2: t-statistics for Certain Comparisons Between the Six Scenarios to Test the 
Hypothesis Ho:e1=e2 vs Ha:e1:;te2, Where e1 and e2 are the Percentage Errors for 
Each of the Scenarios. The Degrees of Freedom are the # of Storms - 1 = 8-1 = 7. A 
Negative t- value Implies that the Second Scenario Mentioned is an Improvement 
Over the First One and a Positive t-value Implies Just the Opposite. All Percentage 
Errors Reported in This Study Were Negative. 

Comparison t -statistic 
URUK vs. ERUK -3.0521 
ERUK vs. URLK -6.7198 
URLK vs. ERLK -6.6615 
URLK vs. GR1LK -6.7787 
URLK vs. GR2LK -7.3864 

ERLK vs. GR1LK -6.2073 

ERLK vs. GR2LK .7155 
GR2LK vs. GR1LK -2.4869 

The critical t values are: ±2.365 (a=.05) and ±3.466 (a=.Ol). 
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Table 7.3: Bins Used for Each of the Chi-Square Tests. "mean" is the Sample Mean 
Over All Gages at That Time Step. 

Bin Interval Expected Freq Cn=56) 

1 (0, mean/5) 10.150 

2 [mean/5, mean/2.5) 8.3109 

3 [mean/2.5 , mean/1.67) 6.8044 

4 [mean/1.67 , mean/1.25) 5.5710 

5 [mean/1.25 , mean) 4.5611 

6 [mean, 1.25·mean) 4.5570 
7 [ 1.25·mean , 2·mean) 8.4655 
8 [2·mean , oo) 7.5789 
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These statistics are plotted against the maximum/mean of the rainfall in space for 

each time point in Figures 7.23 through 7 .30. The max/mean is basically a measurement of 

how localized a storm is. That is, if the max/mean is large, one can conclude that the storm 

is very localized at that specific time point. 

The region above the solid horizontal line in each figure delineates the rejection 

region for the following hypothesis: 

Ho: The spatial rainfall data follow an exponential distribution versus 

Ha: NotHo. 

The dashed line occurs at the chi-square value with a tail probability of .95 and seven 

degrees of freedom which is 2.167. Therefore, any stars that lie below this line signify an 

excellent fit to the exponential distribution and an acceptance of Ho. The region between 

the dashed line and solid line delineates the inconclusive region. 

For all storms and all time points, the hypothesis Ho is never rejected, indicating 

that there exist no poor fits to the exponential distribution. 

Also notice that, for all storms, in over 50o/o of the time points there exists an 

excellent fit to the exponential distribution which implies that the exponential assumption 

is not a bad one. In fact, there exists only one case where there is not an excellent fit for 

storms Vl, Vl2, and V7 (see Figures 7.23,7.25, and 7.30). Storms V1 and V7 are relative

ly large in magnitude, and storm V12 is a relatively small one, implying that the excellent 
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fit to the exponential distribution is apparently not dependent upon storm size. 

Notice that, as the value of the max/mean surpasses the value of approximately 15 

to 20, in general, the chi-square values are located in the inconclusive region. However, for 

storm V10 (see Figure 7.24), this generalization breaks down because there are quite a few 

excellent fits for max/mean values from 20 to 45. Nevertheless, we can conclude that 

there is a weak relationship between how local a storm is and how good a fit the exponen

tial distribution gives. That is, the more localized a storm is the more likely it will produce 

a poorer fit to the exponential distribution. 

Its believed that this same behavior holds for different cskews (other than 2). That 

is, the behavior holds for the gamma distribution. 

7.4 SUMMARY AND CONCLUSIONS 

There were six different scenarios with resect to the spatial representation of 

rainfall intensity and Ks, each of which had a different combination of rainfall and Ks 

spatial characterizations. 

It was concluded that if one were given a choice between representing the spatial 

Ks distribution or the spatial rainfall intensity distribution, one would choose to represent 

Ks because the scenario with lognormal Ks and uniform rainfall intensity produced more 

accurate results than the one with uniform Ks and exponential rainfall. 
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The scenarios which represented both features, rainfall intensity and Ks, were 

found to produce significantly more accurate simulations than the ones which only spatial

ly represented one feature alone. 

Among the different ways to spatially represent rainfall intensity, the one which 

produced the most accurate simulations was the GRlLK scenario. Here we used a gamma 

distribution to describe the spatial rainfall pattern where the cskew was given a value of 

4.0368 if the sample mean of rainfall was less than 5 mmlhr and a value of 2.230, if the 

sample mean was greater than 5 mmlhr. It was concluded that knowledge of the cskew was 

important. However, because the GR2LK scenario gave worse results than the GRlLK 

scenario, it may be that the tail of the spatial rainfall distribution is not properly 

represented. 

Section 7 .3.5 demonstrated that, when using the chi-square goodness-of-fit test for 

a strong majority of the time points for each storm representing the spatial rainfall intensity 

distribution using the exponential distribution is valid. In general the more localized a 

storm becomes the worse the exponential distributional assumption is. This is most 

certainly due to the fact that the tail of the exponential distribution asymptotically 

approaches zero as the random variable approaches infinity, which prevents the simulation 

of any rainfall values out towards the tail. Because of the non-linear relationship between 

rainfall and runoff, these rainfall intensity values located out in the tail are responsible for 

producing much of the rainfall excess experienced during a storm. Hence, the failure to 
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represent them will most certainly produce underestimations of the true amount of rainfall 

excess. 
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CHAPTER EIGHT 

CONCLUSIONS AND FUTURE DIRECTIONS FOR RESEARCH 

8.1 THE EFFECT OF SCALE ON THE SIMULATION OF RAINFALL EXCESS 
USING "REAL" DATA 

When thesoil features (Ks and matric potential) using area-weighted arithmetic 

means one tends to get a reduction in the amount of simulated rainfall excess. For rainfall 

intensity, the same phenomena happens. That is, as one averages out rainfall intensity 

using area-weighted arithmetic means, one tends to get a reduction in the amount of rainfall 

excess simulated. 

It was also shown that with respect to simulating the volume of rainfall excess, the 

effect of scale for the spatial representation of rainfall intensity was greater than that for the 

scale of the spatial representation of soil features. This means that, if there was a choice 

between possessing data on rainfall intensity or on soil features, the preference is to have 

data on the spatial distribution of rainfall intensity. It should be pointed out that this conclu-

sion was reached using "real" data. 

8.2 ESTIMATING THE ASSUMED TRUE RAINFALL EXCESS VOLUME USING 
PROBABILITY DISTRffiUTIONS 

It was found that characterizing the spatial Ks distribution and keeping the rainfall 

intensity spatially uniform produced more accurate simulations of the assumed true rainfall 
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excess than characterizing the spatial rainfall intensity distribution and keeping the Ks 

distribution uniform. Consequently, we came to the conclusion during this facet of the 

study that spatially characterizing Ks was more important than spatially characterizing the 

rainfall intensity. 

We also found that spatially characterizing both the rainfall intensity and Ks 

produced significantly more accurate simulations than when we represented each feature 

(rainfall or soils) alone but not the other. 

Among the different ways to spatially characterize the rainfall distribution, it was 

found that using a gamma distribution where only two values of the cskew were assigned 

based upon the mean value of the rainfall distribution produced the most accurate 

simulations of rainfall excess with respect to the assumed true rainfall excess. However, 

inspection by eye results in one observing no significant difference among the three differ-

ent ways to spatially represent rainfall. However, the statistical hypothesis tests proved 

that there were differences between the three different ways to spatially represent rainfall 

intensity. 

8.3 WHICH IS MORE IMPORTANT TO SPATIALLY REPRESENT: KS OR 
RAINFALL? 

In Chapter 6, it was concluded that the spatial rainfall distribution was more impor-

tant to know than that of the spatial distribution of soil features; in Chapter 7 just the 
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opposite was concluded. That is, the spatial Ks distribution was found to have more of an 

impact on how accurate the simulations were than that of the spatial rainfall intensity 

distribution. Therefore, the problem at hand is that we came up with two contrasting 

conclusions. 

Loague ( 1988) stated that the spatial Ks distribution was of more importance than 

that of the rainfall intensity distribution. We came to the same conclusion when we were 

using probability distributions to spatially characterize both rainfall and soil features. 

Loague ( 1988) also used synthetic data to represent both soil features and rainfall. When 

we used "real" rainfall and soil feature data we came to an opposite conclusion. That is, the 

spatial rainfall distribution is of more importance than the spatial Ks distribution. 

Therefore, it could be that when one uses synthetic data to perform a study, one 

could falsely undermine the importance of the spatial rainfall intensity distribution. Since 

almost all of the runoff produced is done so by the right tail of the rainfall intensity 

distribution, it is much more important to spatially describe this portion than the left end. 

Thus, even though the exponential distribution provides a good fit to the data, it may be 

that it is fitting the lower end of the spatial distribution but not sufficiently characterizing 

the right tail. Therefore, in order to more accurately simulate the assumed true rainfall 

excess, one must put more emphasis on spatially characterizing the right tail of the spatial 

rainfall intensity distribution. The next section will discover whether or not this is causing 

the two contradictory conclusions. 
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Figure 8.7: Comparison of the rainfall excess simulations for synthetic 
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Figure 8.8: Comparison of the rainfall excess simulations for synthetic 

data (a) and for "actual" data (b) for storm V7. 
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8.3.1 Investigation of Why We Came to Two Contradictory Conclusions 

In order to prove that the exponential distribution provides a poor fit for the tail of 

the rainfall distribution, the following steps were carried out: 

Step 1: The watershed was split up into five equal slices as was described in Figure 7.1, 

Step 2: The actual data for the spatial rainfall intensity were used to construct an empirical 

distribution function. The empirical distribution function theory is described in Appendix 

B, 

Step 3: The five slices were assigned the lOth, 30th, 50th, 70th, and 90th percentiles of that 

distribution, 

Step 4: The eight storms were simulated using a uniform value for the soil features, and 

Step 5: This scenario was compared to the uniform rainfall and lognormal soils scenario 

along with the uniform soils and exponential rainfall scenario; the results are displayed in 

Figures 8.1 through 8.8. 

This procedure is identical to what was done to construct the uniform soils 

exponential rainfall scenario (Section 7 .2.2), except we simply used a different distribution 

function for the rainfall intensity field that is more characteristic of the actual rainfall field. 

By utilizing the empirical distribution function, we were able to better represent 

what was actually happening (spatially) with the rainfall distribution. Hence, if it just so 

happened that at a certain time point, the rainfall distribution had a thicker tail than what 
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the exponential distribution would give, the empirical distribution function would be able 

to correct for that. It also enabled us to control for the fact that we only used five 

percentiles in the other scenarios. Using the actual rainfall distribution instead of the 

empirical distribution function would have biased the comparison since the amount of 

polygons used to record the rainfall ranged from 56 to 58. 

If you focus your attention to Figures 8.1 through 8.8 b, you'll notice that for storms 

V1, V10, V12, V4, and V5 the rainfall is found to be more important to spatially character

ize thanKs when using the actual data (see the lower graph). This is because the dotted 

line is closer than the dashed line with respect to the true rainfall excess. As for storms V 13 

and V7, it's very hard to say which would have been more important to spatially represent; 

as for storm V 17, it was found that the soil information was more important. It should be 

mentioned that storm V 17 was unusually small and storm V 13 was frontal in nature as 

opposed to convective as was the nature of the remaining storms. Therefore, it can be 

concluded that, in general, the rainfall intensity is of more importance than the soil 

information when using the actual data. 

In part a) (top graph) of Figures 8.1 through 8.8, notice that for all of the storms the 

soil information was of more importance when using an exponential distribution for 

rainfall intensity and a lognormal distribution forKs. However, when switching to the 

empirical distribution function, the rainfall intensity was shown, in general, to be of more 

importance than the Ks distribution. There were two storms (namely storms V 13 and V 17) 
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where the empirical rainfall distribution was not more accurate than the uniform rainfall 

lognormal Ks scenario. This meant that for these two storms, a better representation of the 

tail of the rainfall intensity distribution did not render the spatial rainfall intensity distribu

tion to be of more importance for the purposes of simulating rainfall excess. It should be 

mentioned that storm V 13 was frontal in nature and storm V 17 was unusually small. It 

could be that for frontal storms or smaller storms its difficult to determine which feature is 

more important to spatially characterize. Nevertheless, in general, a better representation 

of the tail of the rainfall intensity distribution renders a different conclusion concerning 

which feature (rainfall or soils) is more important to characterize in the context of simulat

ing rainfall excess. 

If we were to choose which conclusion to believe, we would have to pick the one 

that was reached by using actual data. Therefore, we believe that the spatial rainfall inten

sity distribution is of more importance than that of the soil features when trying to simulate 

the actual rainfall excess time distribution and magnitude. It is important to mention that 

the research done in this thesis was based on convective summer monsoon storms in the 

semi-arid southwestern United States. Therefore, any conclusions reached apply only to 

these hydrologic conditions. 

8.4 FUTURE PLANS FOR RESEARCH 

The following are topics which will be pursued in the near future: 
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(1). Discover a new method which may or may not be available in the literature that 

"realistically" characterizes the spatial distribution of rainfall intensity. This may include 

an investigation of gee-statistical techniques as well as an exploration of probability theory 

concerning order statistics. 

(2). Look at how the methods presented in this study to spatially represent certain features 

using probability distributions work for other watersheds in different climates. That is, 

investigate if the same conclusions are reached when using saturated overland flow 

processes versus using Hortonian processes. 

(3). Compare how different storm types would perform using these same methods. 

( 4 ). Combine the new method for characterizing the spatial rainfall intensity distribution 

with the method used in this study for characterizing the spatial Ks distribution to simulate 

the rainfall intensity time series. 

Because of the highly variable nature of infiltration processes in space and the lack 

of available data concerning both rainfall intensity and soil features, investigations are 

needed to discover methods to simulate runoff which do not require detailed information 

and mimic the actual heterogeneity of the watershed. Consequently, creative solutions to 

the problems of the effect of watershed feature scale are strongly encouraged. 
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APPENDIX A 

THE GREEN-AMPT INFILTRATION CALCULATION 

The Green-Ampt model is an approximate model which uses Darcy's Law. Water 

is assumed to enter into the soil as piston flow resulting in a sharply defined wetting front 

which separates the wetted and unwetted zones (Rawls et al., 1993). Neglecting the depth 

of ponding at the surface, the Green-Ampt rate equation is: 

f = K[ 1 +( <j>-S)Sf/F] 

and the integrated form is 

Kt = F-Sf( <j>-S)ln[ 1 +F/( <j>-S)Sf] 

where: 

K =the effective hydraulic conductivity; 

Sf= the effective suction at the wetting front; 

<1> =the soil porosity; 

e = the initial water content; 

F = the accumulated infiltration; and 

f =the infiltration rate. 

(A.1) 

(A.2) 

Mein and Larson (1973) developed the following scheme for applying the 

Green-Ampt model to infiltration under precipitation. Immediately before surface ponding 
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occurs the rainfall rateR equals the infiltration rate f, and the cumulative infiltration at the 

time to ponding Fp equals the rainfall rate times the time to surface ponding tp. Thus the 

infiltration rate for when you experience steady rainfall is 

f=R 

f= K + K Sf( <j>-8 )IF 

fort~ tp 

for t>tp 

(A.3) 

(A.4) 

where tp = Fp/R and Fp = [Sf(<j>-8)]/(R/K-1). The integrated form which is analogous to 

Equation (A.2) is: 

K(t- tp +tp') = F- Sf(<j>-8) ln[1 + F/(<j>-8)Sf] (A.5) 

where tp' is the equivalent time to infiltrate volume Fp, under initially surface ponded 

conditions and can be computed from Equation A.2. 
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APPENDIXB 

THE EMPIRICAL DISTRIBUTION FUNCTION 

Rohatgi (1976) described the empirical distribution function as follows: 

If X(1), X(2), ... ,X(n) (ranked data) are the order statistics for X1,X2, ... , Xn (unranked 

data) then: 

0 

Fn(x) = k/n 

1 

ifx < X(l) 

ifX(k)::; x < X(k+1) ( k=1, 2, ... , n-1) 

if x ;?: X(n) . 

(B.1) 
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