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ABSTRACT 

This research presents an integration of a stochastic space-time rainfall model and 

distributed hydrologic simulation with GIS. The integrated simulation system consists of 

three subsystems; a stochastic space-time rainfall model, a geographical information 

system (GIS), and a distnbuted physically-based hydrologic model. 

The developed stochastic space-time rainfall model is capable of estimating the 

storm movement and simulating a random rainfall field over a study area, based on the 

measurement from three raingauges. An optimization-based lag-k correlation method was 

developed to estimate the storm movement, and a stochastic model was developed to 

simulate the rainfall field. 

A GIS tool, ARC/INFO, was integrated into this simulation system. GIS has been 

applied to automatically extract the spatially distributed parameters for hydrologic 

modeling. Digital elevation modeling techniques were used to process a high resolution 

digital map. 

A distributed physically-based hydrologic model, operated in HEC-l, simulated the 

stochastic, distnbuted, interrelated hydrological processes. The Green-Ampt equation is 

used for modeling the infiltration process, kinematic wave approximation for infiltration-

excess overland flow, and the diflElision wave model for the unsteady channel flow. 

Two small nested experimental watersheds in southern Arizona were chosen as the 

study area where three raingages are located. Using five recorded storm events, a series 

of simulations were performed under a variety of conditions. The simulation results show 
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the model performs very well, by comparing the simulated runoff peak flow and runoff 

depth with the measured ones, and evaluated by the model efficiency. Both model 

structure and model parameter uncertainties were investigated in the sensitivity analysis. 

The statistical tests for the simulation results show that it is important to model stochastic 

rainfall with storm movement, which caused a significant change in runoff peak flow and 

runoff depth from that where the input is only one gage data. The sensitivity of runoff to 

roughness factor N and hydraulic conductivity K, were intensively investigated. 

The research demonstrated this integrated system presents an improved simulation 

environment for the distributed hydroloj^. 
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Storm rainfall in semiarid lands generally occurs as high intensity, short duration, 

and widely scattered. One major characteristic of convective storms is the high variability 

in both space and time. The objective of this research is to develop an integrated 

simulation system that is capable of quantitatively investigating the effects of the high 

variability in space and time of a rainfall process related to the soil infiltration dynamics 

and runoff production response of catchments with high resolution. 

With the stochastic rainfall inputs, a distributed, physically-based hydrologic 

simulation system was integrated in this research. The integrated system consists of three 

subsystems: a stochastic space-time rainfall model, a geographic information system 

(GIS), and a distributed physically-based hydrologic model. Figure 1 shows the structure 

of this integrated simulation system. 

GIS, as part of this simulation system, has been used for processing a high 

resolution digital elevation map (DEM with 10m x 10m), and organizing the geo-

referenced spatial data base. GIS was also applied for visualization. 

In addition, a high resolution, stochastic space-time rainfall model has been 

developed in this research. Incorporating point measurement, at each simulation time 

step, the rainfall model generates a random rainfall field over the study area. In order to 

represent the actual behavior of a natural process, the storm movement is incorporated in 
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the developed rainfall model, which makes it different from other rainfall inputs used in 

traditional rainfall runoff simulation. The storm movement parameters are estimated from 

the recorded data from three raingauges. An optimization-based lag-k correlation method 

has been developed in this research to estimate the storm movement. 

Figure 1 
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Figure 1. The structure of the integrated hydrologic simulation system 

A distributed, physically-based hydrologic model is implemented and operated in 

HEC-1 for this research. Three major hydrological processes are modeled : infiltration 

process, overland flow process and channel flow process. 
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Two small watersheds. Lucky Efills 101 (LHlOl with area 3.2 acres) and Lucky 

Hills 103 (LH103 with area 9.1 acres), near Tombstone of southern Arizona, were 

chosen as the study area. Thre-i rain gauges are in Lucky Hills area. LHIOI is a 

subwatershed of LH103. ITsing the recorded rainfall as input, a series of simulations were 

performed by using the GIS derived parameters and measured channel parameters. The 

simulation results were compared to the measured ones. The results show that the model 

performs very well, in the view points of the predicted runoff and model eflBciency. Based 

on the simulation, the model sensitivity analysis was performed under variety conditions, 

to investigate model structure and model parameter uncertainty. 

The report of this research is organized as five major (somewhat independent) 

chapters; the development of the stochastic space-time rainfall model, the application of 

GIS technique, the distributed physically-based hydrologic model, simulation and 

sensitivity analysis. 

The development of a stochastic space-time rainfall model is described in detail in 

chapter 2. Both the rainfall model structure and model parameters were estimated from 

the recorded point rainfall measurements. In time series analysis, an optimization based 

cross-correlation method was developed to estimate the storm movement. The 

mathematical structure of a two-stage stochastic rainfall model was developed, thus the 

computational requirement in simulation was reduced. 

Chapter 3 addresses the advant^es and problems in the GIS application to the 

process-based hydrologic model. Digital elevation modeling techniques were applied 



using a GIS for automatically extracting the variety of distributed parameters for the 

hydrologic model. 

The physically-based governing equations for each modeled hydrologic process are 

described in Chapter 4. The major characteristics are the kinematic wave approximation 

for overland flow and the diffusion wave method modeling the channel flow behaviors. 

The results of the simulation and sensitivity analysis are reported in Chapter S and 

Chapter 6 respectively. The data from five recorded storm events were used to perform 

the simulation. The simulated runoff well agree to the measured ones. Based on the 

simulation results, an extensive sensitivity analysis was carried out in different conditions. 

The sensitivity of model structure and major catchment parameters were also investigated. 

Two main topics are addressed. One is the importance of modeling stochastic space-time 

rainfall with storm movement. The other is the parameter sensitivity with the complexity 

of model scale. 

The major conclusions and contributions are summarized in Chapter 7, with a 

recommendation for the future research. 
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CHAPTER2 

DEVELOPMENT OF A fflGH-RESOLUTION STOCHASTIC 

SPACE-TIME RAINFALL MODEL 

The integrated high-resolution simulation system for the distributed hydrological 

modeling consists of three subsystems, a stochastic rainfall model, a GIS tool and a 

physically-based hydrological model. This chapter will describe the development of a 

high-resolution stochastic space-time rainiall model. 

This chapter is organized as follows, objectives, introduction and literature review, 

approaches, model formulation and examples, discussion and conclusions. 

2.1 Chapter objectives 

The primary objectives of this chapter are 

(1) to develop the mathematical structure of a high-resolution stochastic space-

time rainfall model for an individual rain&ll event; 

(2) to implement the simulation of this stochastic space-time rainfall model. 

2.2 Introduction 

The convective storms in semiarid lands occur with high intensity, short duration 

and are widely scattered. One of its characteristics is the high variability in both space and 

time. The distributed hydrological simulation systems are driven by the rainfall processes. 
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infiltration dynamics and the mnoff production response of catchments. Therefore the 

high resolution modeling of a distributed nmoff process, particularly in a small watershed, 

needs a compatible high resolution distributed rainfall model, which should include the 

simulation of storm movement. Without such a distributed rainM model, the traditional 

rainfall runofiP simulation misses an important characteristic of the representation of the 

actual behavior of this natural process. 

The present research on developing a stochastic space-time rainfall model is 

motivated by the necessity of quantitative investigation of the effects of a high intensity 

storm, with high variability, on the runoff production and its successive propagation in a 

high resolution hydrological simulation system. 

2.3 Literature review on stochastic rainfall modeling 

2.3.1 Introduction to literature review 

2.3.1.1 Why stochastic ? 

Waymire and Gupta (1981) grouped the structure of space-time rainfall model 

into three categories. The first category consists of the numerical modeling of space-time 

rainfall on the basis of the principles of fluid mechanics, thermodynamics. The second 

includes the numerical simulation of rainfall on the basis of certain empirical regularities 

which space-time rainfall has been observed to exhibit (see Grayman and Eagleson 1971). 

The third category includes the analytical modeling of rauifall as a random field (Gupta 

and Waymire, 1979). 
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Gupta and Waymire pointed out that in delineating the statistical structure of 

space-time rainialL, it would of course be ideal ^ the physical laws governing the 

occurrence and distribution of 'ain&ll could be directly incorporated into its statistical 

description. However, to the best of their knowledge, neither has such a scheme been 

carried out, nor does it seem imminent in the near future. For this reason, the approaches 

under the second and the third categories remain pretty much isolated from the first 

category. 

It has been recognized by many researchers that the unknown space-time 

distribution and the storm movement parameters of rainfall processes are most significant 

reasons causing errors in runoff simulation. However an adequate spatial and temporal 

definition of storm variability requires a dense measurement network, which is very 

expensive to install and an even more expensive to mjiintain Due to lack of sufficient 

understanding of the physical taws governing the distribution of rainfall, it leaves no other 

alternative than a mathematical approach, with a statistical approach in both space and 

time dimensions, to describe the spatial and temporal behavior of a rainfall process. 

2.3.1.2 Point stochastic process and random field models 

Stochastic modeling of rain^ in semiarid lands can be grouped into two major 

categories; point process model and random field models. 

Modeling precipitation in semiarid land by stochastic point process theory was first 

developed by Fogel and Ehjckstein (1969), we will call it FD(69) model. It was an event 

based model with application of stochastic counting process theory. Duckstein et al 
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(1979) give a systematic summary on this approach. It will be reviewed in the next 

section. 

The basic mathematical structure of modeling rainfall by a random field theory was 

first systematically developed by Gupta and Waymire (1979), here we denote it GW(79) 

model. Rodriguez-Iturbe and Es^eson (1987) refined and tended the GW(79) modeU 

we call this as RE(87) model. In 1988, the RE(87) model was tested by using Walnut 

Gulch rainfall data of 1970 to 1977. Both GW(79) model and RE(87) model are for the 

large basin. 

2.3.1.3 Correlation analysis in estimation of storm movement 

Correlation analysis techm'que has been applied to estimate storm movement by 

several researchers, the different approaches in their work are review here. 

2.3.1.4 Time scale effects on modeling a rainfall process 

It has been known that time scale plays a crucial role in modeling a rainfall process. 

An example taking the real data of a storm recorded in Walnut Culch demonstrates the 

effects of temporal resolution in formulation of a rain&ll model. 

At the end of literature review, a summary is made, pointing out the major 

limitations in each reviewed technique. 
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2.3.2 Review of event-based stochastic modei on precipitation for semiarid lands 

Fogel and Duckstein (1969) and Duckstein et al (1972) developed an event-based 

stochastic model of precipitation in semiarid lands. The FD(69) model is based on the 

stochastic point process theory, this modei generates the storm exterior properties, such as 

the number of the storms in a season, the time between two storms and the amount of 

rainfall in a storm event. Duckstein et al (1979) summarized their ten-year research along 

this line. They modeled precipitation in semiarid lands in sunmier season and winter 

season. They found that the number of rainfall events per season is Poisson distributed, 

while the amount of point rainfall per event follows an exponential distribution. To extend 

the point rainfall depth to an area, an exponential spread function was assumed, therefore 

rainfall depth at the center exponentially decays with the distance. 

FD(69) model was not developed for modeling how an individual storm is 

distributed in space and time. 

A three-paper series review on the mathematical structure of rainfall representation 

by Waymire and Gupta (1981) provides an excellent summary on the theory of point 

stochastic processes and its application to rainfall processes. 

2.3.3 Literature review on random field model of rainfall processes 

2.3.3.1 The difference between a random field and a stochastic process model 

About the difference between a random field and a stochastic process of rainfall 

model, Gupta and Waymire (1979) explained that, a random field defines the evolution of 



a phenomenon in multidimensional parametric space, e.g. space and time, whereas a 

stochastic process (univariate or multivariate) defines the evolution in a one-dimensional 

parametric space, e.g. time. The treatment of these phenomena as a problem in the theory 

of random field is essentially nonexistent (Gupta and Waymire, 1979). 

2.3.3.2 Review of GW(79) random rainfield model 

Based on the many investigator's observations of a variety of storms and their 

rainfall intensity fields, Gupta and Waymire (1979) presented a summary of synthetic 

space-time description of large scale rainfall features. Conceptually a storm system 

consists of a hierarchy of scales, synoptic areas (larger than 10000 sq. km, lif^ime above 

one day), large mesascale areas (LMSA, about 1000 to 10000 sq. km, lifetime about 

several hours), and convective cells (CC, about 10 to 30 sq. km, lifetime about several 

minutes to half an hour). Austin and Houze (1972) observed there are small mesascale 

precipitation areas (SMSA) within LMSA, it is about 100 to 1000 sq. km in size. 

An LMSA scale model was developed by Gupta and Waymire (1979), the GW(79) 
% 

model, as a stochastic representation of rainfield. In this model, the LMSA moves with a 

constant velocity vector, as time progress and as the LMSA moves, convective cells are 

bom and then cells dissipate. Convective cells form in sub-regions (cluster potentials) of 

the LMSA, and the number of those sub-regions follows a Poisson random field; number 

of cells is described by a Poisson random field; after the cells are bom, cells are assumed 

to move with a common velocity, and all cells have a common lifetime: The cell rainfall 
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intensity decays following a space and time spread function. This model does not include 

the background rainfall intensities either within an LMS A or within a cluster potential. 

2.3.3.3 Review of RE(87) random rainfield model 

Within a similar framework as the one developed by Gupta and Waymire (1979), 

Rodriguez-Iturbe and Eagleson (1987) refined and extended the GW(79) model, the 

RE(87) model. They proposed a more complete mathematical model of rainstorm events 

in space and time, under the assumption of spatial homogeneity but temporally non-

stationarity. RE(87) model assumes that each storm event is made up of a random number 

of ram cells, the number of cells occurs in space as a homogeneous two dimensional 

Poisson process; cells are either all static or all move with a conmion velocity. When a 

cell is bom, at the cell center, the rainfall intensity is a random variable. Each cell spreads 

its rain according to a spatial decay and a time decay function, both are deterministic 

exponential functions. The spatial and temporal decay fiinctions are independent of each 

other. Later, a random variable imposed in the spatial spread fimction was also 

considered. Finally the model was extended to allow the occurrence of spatial clustering 

of cells. In each case, the rainfall intensity process and the cumulative rainfall process 

were studied, with more than one hundred equations, the mean, variance and covariance 

structure were defined and derived. 
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2.3.3.4 Review of evaluation of the RE(87) model with Wahiut Gulch data 

Jacobs, Rodriguez-Iturbe and Eagleson (1988) applied RE (87) model to 1970-

1977 rainfall events recorded at Walnut Gulch, near Tombstone in southern Arizona. The 

measured data of558 events were used, and the model was calibrated without a storm 

velocity component. They also made assumptions of spatial homogeneity, isotropic 

correlation structure, and no clustering of cells was allowed. By plotting 10,40 and 70 

minute intervals with 1 km resolution, the measured data showed two features. One was 

the maximum correlation functions of temporally averaged rainfall between two points in 

space occurs not when the points were measured at the same moment, but over some 

range of positive temporal lags. They mentioned this is likely that it is due to some 

wavelike propagation in storm dynamics. The second feature is nonstationarity of the 

correlation function over time. 

Since the observed correlation functions in space demonstrated dependence on the 

temporal lag, it is clear that RE(87) model's assumption of an independent correlation 

structure in space and time is not correct here. Jacobs et al visually examined the RE(87) 

model's correlation fimction in space where the temporal lag was constant, they found that 

"it reveals a relatively poor fit". 

Based on the above reasons, and since the RE(87) model was unable to capture 

the complexity of the correlation functions of the temporal averaged intensity field, th^ 

only compared their simulated temporally averaged means to the measured ones; 

normalized mean of cumulative depth over the ensemble, normalized variance of the 
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cumulative depth over the ensemble, and ensemble mean of total depth covariance 

normalized by its variance. 

Thus, "no claim is made", the authors wrote, '̂ on the contrary, we suggest that 

parameterization be repeated in other climates where storm types other than the air mass 

storm are predominant". 

2.3.4 Literature review on estimating storm movement by raingauge data 

To estimate the storm movement by raingauge data, many attempts have been 

made. Statistical correlation analysis has been a widely used approach. 

2.3 .4.1 Review of lag time correlation analysis approach 

Marshall (1980) described a method to estimate the storm movement by using 

raingauge data. The method took data from a network of continuously recording 

raingauges. An analysis was made of the correlation between all pairs of gauges for 

diSerent time lags. Under the assumption of spatial stationary, the spatial correlation does 

not depend on the absolute positions of two points but only on their relative positions, the 

lag time correlation functions were calculated between all pairs of raingauges. Thus the 

correlation fimctions indicated the storm movement. His details of the method are not 

clear, but an estimated solution for maximum correlation functions was obtained by "eye" 

from the plotted contours. Another point is that he made the interpolation first for the 

points between two gauges. The interpolation introduces bias into the correlation 

estimation. 
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2.3.4.2 Review of fiill correlation analysis to estimate storm movement 

Shaw (1983) extended Marshall's method to a "full correlation analysis", by 

computing an autocorrelation function for each rain^ record and the cross-correlation 

functions for the records taken in pairs. Under the assumption that isocorrelation 

contours are elliptically shaped and the rainfall pattern (or ceils) velocity is constant 

through the storm, Shaw constructed a characteristic ellipse by averaging the 

autocorrelation functions, in order to estimate the rainfall cell size, shape and lifetime. 

Shaw studied nine rainfall events in England, then concluded that for a typical ceil size of 

the order of 3x1.5 km, the average lifetime of the storm cells about 4 to 6 minutes. The 

estimated storm movement was validated by the mean wind velocity on 700 mbar, which 

is about 3000 m above the studied catchment. 

2.3 .4.3 Review of subjective approach to estimate storm movement 

Niemczynowicz (1987) reviewed the existing techniques for estimating storm 

movement by gauge data. All methods start with identification of some recognition 

feature of the rainfall pattern. Those models seem to work only for single-peak rainfalls, 

and often fail when more than one rain cell is present over the gauge network at the same 

time. Niemc^owicz (1987) developed a simple program for the subjective calculation of 

storm movement parameters, in order to deal with multiple-peak rainfall patterns. He 

manually (subjectively) chose the characteristic points firom the plotted hyetographs to 

estimate storm "arrival time". Thus the results depend on the amount of efforts devoted 
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to the storm pattern recognition. Niemczynowicz (1987) tested the Marshall (1980) 

model. Finally he concluded that '̂ an objective method of storm tracking giving reliable 

results on the average for many rainfall events does not exist yet". 

2.3.5 The effects of time scale in rainfiiU models 

The characteristics of clustering and intermittence of convective rainfall in 

semiarid lands leads to high variability of raira^ intensities. In the formulation of a 

rainfall model, the efiect of time scale in modeling rainfall process plays an important role. 

Bacchi et al (1995) pointed out that an instantaneous observation of the random 

field of rainfall usually shows an extremely complex structure. For an individual storm, if 

we progressively increase the time scale, such as 2 minutes, 10 minutes, 30 minutes, 

hourly, daily, and so on, the clustering and intermittence of the phenomena tend to 

progressively disappear and the distribution of the precipitation seems a suflBciently 

regular behavior. Thus, the modeling of rainfall distribution becomes simpler, however as 

the time scale increases, the stochastic kinematics characteristics of a random rainfall field 

has been lost in the aggregation. 

To demonstrate the affects of time scale in modeling a rainfall process, the data 

from a recorded storm in the LucI^ Hills area are plotted in 2 rain., 10 min., 30 min. and 

hourly intervals in figure 2.1. it is clear that modeling this storm in 2 min. interval is 

completely different problem fi-om the one with an hourly time interval. 
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2.3.6 Literature review summary 

Many researchers have attempted to model convective precipitation in semiarid 

lands. Point process theory has been appb'ed by Fogel and Duclcstein to southern Arizona 

storms, and the model is the event-based, FD(69) model. It only describes the storm 

exterior properties, the number of the storms in a season, the time between events and the 

amount of rainfall in an event. The model does not generate an entire time distribution of 

an individual storm. 

Gupta and Waymire (1979) developed the basic mathematical structure of a 

random field model for a large scale precipitation, GW(79) model. GW(79) model was 

refined and extended to RE(87) model, which is the most complete and complex 

mathematical model of precipitation events in space and time on random field theory, 

however it is hard to apply. 

The RE(87) model was tested by measured rainfall events in 1970-77 in Walnut 

Gulch and was unable to capture the rainfall intensity field. The major limitation is the 

assumption of a separable correlation structure in space and time. 

Correlation analysis has been used by several researchers to estimate the storm 

movement with raingauge data. The major limitation is that this technique only works for 

the single-peak rainfall pattern and often fails for the multiple-peak rainfall. Some 

methods depend on subjective efforts. 



35 

Time scale greatly affects the modeling a rainfall process. As time scale increases, 

the rainfall process behaves simpler but the stochastic kinematics are lost. 

2 .4 The need of a new stochastic rain&U model 

As remote sensing and GIS technique have rapidly developed, there is a resent 

trend to increase the spatial resolution of the catchment surface modeling, in order to 

investigate the distributed hydrological processes. Lopes (1996) reminded researchers 

that application of distnbuted catchment models requires knowledge of the spatial 

variability of rainMl at the same scale as the representation of the catchment area and 

geometry. The development of a distnbuted modeling technique has been hampered by 

incomplete understanding of spatially-variable processes and the lack of adequate data to 

characterize spatially varying inputs and state variables. This is particularly true with 

respect to the rain^ field. 

The hydrologic processes are driven by rainfall processes, and the high-resolution 

representation of hydrologic processes needs a compatible high-resolution stochastic 

rainfall model. Without such a rainfall model, the distributed hydrological simulation is an 

inadequate representation of the actual behavior of the natural process. 

It is worth to notice the spatial scale problem in modeling a stochastic rainfield. 

Since the size of the study area for this research is so small (less than 0.04 km^), 

compared with the size of a convective cell (about 10 km^) or "clusters of convective 

cells " (about 50 to 1000 km^) demonstrated by Austin and Houze (1972), and the 

resolution of grid cells in the study area is very high (10 m by 10 m), thus, to model the 
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stochastic space-time rainM in thus a spatial scale, neither the GW(79) model or RE(87) 

model can be applied here. 

2.5 The model design requirements defined by a systems engineering approach 

There is no doubt about the need for a stochastic space-time rainfall model. The 

question now is how to systematically define the model design requirements. The 

literature review illustrated that the complexity in stochastic rainfall models can not be 

addressed in isolation. Here a systems engineering approach is taken to define the model 

requirements (Wymore 1993). The requirements are defined as input / output 

requirement, technology requirement, performance requirement, trade-off requirement and 

test requirement. 

2.5.1 Input / Output requirement 

Model input requirements consist of two parts, the gauges and the recorded data 

firom the gauges. To estimate a convective storm movement, the number of gauges should 

be at least 3 or more. The distance between two gauges should be shorter than the size of 

the rainfall cells, that is, I km. The gauges need to synchronize in time. The time 

resolution of rainfall data should be in one or two minutes, the sampling rainfall depth at 

such a time interval should be meaningfiil compared with the gauge accuracy, and the 

sampled data duration should be long enough to make statistical analysis possible. 

Model output requirements contain two sets of parameters, one to describe the 

storm movement, such as direction and average speed; and one to define the stochastic 



behavior of a rainfall process, such as the first and the second order moments and the 

spatial and temporal correlations. There is a natural link between spatial and temporal 

model components. The final output is a distributed rainf^ field which preserves the 

space-time stochastic characteristics derived fi'om the measured point data. 

2.5.2 Model technology requirement 

The model structure and parameters should be determined from the real data of 

recorded storms. The model parameters to be estimated fi'om the measured data should 

be obtained through an optimization technique, the method should be objective and 

automatic. Thus it is necessary to convert the statistical problem on optimization scheme. 

The uncertainty should be modeled in both probability space and time domain. 

2.5.3 Model performance requirement 

The model should be able to reflea the stochastic characteristics of a rainfall 

process. The simulated rainfall process should be able to reproduce the first and second 

order moments shown by the observed one, and to resemble the correlation relationship in 

space and time. For both single-peak and multiple-peak rainfall patterns, the model should 

be able to perform the parameter estimation and simulation. The model should have high 

resolution in both space and time. 
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2.5.4 Model test requirement 

The model should be tested by performing statistical test in both space and time 

dimensions. Besides the first order and second order moments of each simulation 

realization should be strictly tested, the simulated maximum rainfall intensity should 

consistently agree to the one measured at the gage. 

2.5.5 Conflict analysis and trade-off study in model design requirements 

It is worth noticing that there are some conflicting factors in the model 

requirements, which have not yet been explained carefiilly. They are mainly in two parts, 

the data set and the model structure. Thus a trade-off study is necessary. 

In order to have sufiSciently good data to make the statistical analysis for an 

individual convective rainfall event, we hope to have long sample duration, however 95% 

of the rainfall events in southern Arizona are less than one hour. The high resolution in 

time, such as one or minutes, makes the rainfall depth in that interval too low to be 

measured given the gauge accuracy, since 95% events has total rainfall depth less than I 

inch. 

As the spatial resolution is increased in modeling of distributed hydrology, the 

number of sub-catchments and the number of overland flow elements also become very 

large, thus the computational load in the simulation of stochastic space-time rainfall 

process must be considered. The GW(79) model and the RE(87) model are too complex 

to perform the simulation in a system with large numbers of grid points, besides their 
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major assumptions may not be correct. The FD(69) model is simpler than the GW(79) 

model, but it does not generate an entire distribution for an individual storm. 

In the estimation of storm movement, the manual delineating approach works well 

for both single-peak and multiple-peak rain^ patterns, but it is subjective. While the 

correlation analysis methods are objective, they only work well for single-peak rainfall 

patterns. 

Based on the above analysis, an attempt is made to develop high-resolution 

stochastic space-time rainfall model, which is relatively simple and is applicable to a 

simulation model with large numbers of grid points. The Lucky Hills watersheds in 

Walnut Gulch experimental watershed have been chosen as the area of study. 

2 .6 A brief description of the study area and its instrumentation 

Lucky Hills watersheds are located on the U.S. Agriculture Research Service 

Walnut Gulch Experimental Watershed, near Tombstone, in southern Arizona. With well-

sited gauges, the watersheds are operated by ARS professionals. Figure 2.2 and Figure 

2.3 show their locations. lOm x lOm DEM data for Lucky Hills was provided by ARS 

Tucson Unit. The gauge charts are changed weekly and the time-checked weekly. In the 

summer season, the site visits are more frequent, the gauges are calibrated after each 

major event (Doolen and Goodrich, 1993). Three weighing recording raingauges in 

Lucky Hills are R83, R384 and R386. For gauges R384 and R386, the theoretical time 

scale resolution is 0.31 minute, the depth scale resolution is 0.01 inch; for gauge R83, 1.25 

minute and 0.01 inch (Freimund, 1992). Those resolution provides the best information to 



this research. (Note, Gauge R384 was moved in 1977 to the current position, thus the 

dififerent distance were used for events before and after that time). 
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2.7 Development of a stochastic space-time rainfall model 

The development of a stochastic space-time rainM model consists of two parts, 

estimation of storm movement and modeling the spatial and temporal behaviors of a 

rainfall process. First we will describe the development of an optimization-based lag-k 

cross-correlation approach in estimation of storm movement by using raingauge data. 

Later we will introduce the stochastic temporal model and the link of spatial and temporal 

components. 

2.7.1 Introduction of a three gauge model for estimating storm movement 

For a three gauge network, which consists of gauge Ri. R2, and R3 as illustrated in 

Figure 2.4, a space coordinate can be defined as Di along Ri to R2, D2 along Ri to R3. A 

storm event is simultaneously recorded by three gauges. Thus three gauges provide three 

time series data, Ri(t), R2(t) and RsCt). 

Define the rainfall intensity r(x, y, t) be state variable at the point (x, y) and time t, 

thus the cumulative depth fi-om the storm start to time t is calculated as 

(2.1) 
0 



Figure 2.4 (a) Estimating storm movement by 3 rain gauges 
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Figure 2.4(b) The pseudo-direction is defined as the bisector of (R1, R2) and (R1, R3) 
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and the temporally averaged intensity over the interval T is 

1 t^T 
Rr{ x , y , t ) = j l r { x , y , T ) d T  (2.2) 

t 

In practice, RT(t) is often discretized as R(i). If we assume that the storm hits gauge Ri 

first, then passing over the network, an avenge storm moving velocity vector, V, can be 

found by 

V = 

V, = 

V, = 

^t ,  

A A 
A/, 

(23) 

(2.4) 

(2i) 

as illustrated in Figure 2.4(a). If the storm did not move, a pseudo-direction is defined as 

the in the bisector of (Ri, R2) and (Ri, R3) as in Figure 2.4(b). 

To track the storm drift, cross-correlation analysis is used to measure the 

association of two time series, while the semivariogram is used to measure the 

disassociation. 

To keep the notation simple, let Rj(i), (j = 1, 2, 3), be the discretized recorded 

rainfall intensity process by gauge j for a given storm event, and Rj(i) with the equal time 

interval. 
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To measure the dependence of two time series, a lag-k cross-correlation function 

is defined (Salas et al, 1980) as, 

= 1 1 
{ ZCW (') - )r Z[«: (/ + *»- R, (i)]- } '•= 

1=1 1=1 

where 

p-T) 

= t. (2.8) 
.=i n 

Similarly a lag-k semivariogram is defined as 

S V(R,, Rz, k) = '/2 Var [ Ri(i) - Mi+k) ] (2.9) 

For a given rainfall event, assume the rainfiill duration (0, t) is discretized into 

equal time interval i=0, I, 2,.... m; since k is less than m, within this finite integer set, a 

k* exists. This^* yields the maximum lag-k cross-correlation fimction (or a minimum 

semivariogram function) as defined above. A maximum correlation function (or a 

minimum semivariogram) describes a best linear matching between two time series, here 

physically they are two rainfall patterns at two measured points. The k' is a measure of 

the storm travel time over the distance between two measured points. 
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If we assume that a storm moves at its averaged velocity, thus a constant speed 

along its moving direction, its velocity components can be approximated by 

A V, =-;r (2-10) 

A 
V, =— (2.11) 

r, 

where Xi and zz are storm travel time from Ri to R2 and R3 respectively. Then the storm 

average moving velocity can be found by the vector operation 

V = (2.12) 

To get an objective and automatic approach, an optimization formulation is developed as 

described in the next section. 

2.7.2 An optimization approach for lag-k cross-correlation analysis 

Let Rj(i), (j = I, 2, 3), be the discretized recorded rainfall intensity process at 

gauge] for a given storm event, and Rj(i) with the equal time intervals, i=0, /, 2,.... /. 

The depth accuracy for a raingauge is a (for example 0.01 inch). As stated before, k' 

exists, which yields the maximum value of lag-k cross-correlation functions. This k* can 

be found by solving the following defined optimization problem. 



48 

cov{/?,(/),/2,(/ + ̂ )} 
max cor(i?, (.),/?,(.» = 

k 

-i=I (2.13) 

1=1 1=1 

subject to /?i(l)>a (2.14) 
R^{n)^a (2-15) 
i?i(/i+y)<a (2.16) 

o ^i(0 «, = Z (217) 
.=! n 

R,(i + k) 
^(^) = Z-= (2-18) 

1̂ 1 n 
k<m-n, i^/5integer (2.19) 
i = 0,1, 2,..., n,integer 
J = 0,1, 2,..., integer,and w+ y </. 

[t is worth interpreting the physical meanings behind each of the above equations. The 

maximum value of the equation (2.13) describes the best linear matching between two 

rainfall patterns. The optimal solution k* gives the travel time for a storm "drift" &om 

gauge Ri to gauge R2. Constraint (2.14) states where to begin to define Ri(l), while 

(2.15) and (2.16) together state where to define Ri(n). [Ri(i), Ri(n)] is the subset of 

sampled Ri(i), i=0,l,2,..., L Constraints (2.14), (2.15) and (2.16) together cover the most 

intensive rainfall period, since before Ri(l) and after Ri(n) the measurements are lower 

than a. Notice that the mean of R2(i+lc) varies with lag-k. To illustrate this approach, an 

example is given in the next section. 
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2.7.3 Example of optiniizatioa-based lag-k cross-correladoii analysis 

A real data set, the storm of 8-18-84, recorded at Lucky Hills watersheds is used 

to demonstrate the optimization-based lag-k cross-correlation analysis approach. The 

storm event of 8-18-84 was recorded by three gauges, R83, R384 and R386. R83(0, 

R384(i) and R386(i) are discretized rainfidl intensity processes with 2 min intervals. They 

are plotted in Figure 2.S. It is a multiple-peak storm (physically a multiple-cell storm). 

Figure 2.6 shows the continuous cumulated rainfall depth recorded at three gauges. It is 

clear that the three time series behave very similarly (highly correlated), except for the lag-

time shift. 
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Table 2.1 

time 

1852 
1854 
1856 
1858 
1900 
1902 
1904 
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1922 
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1926 
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0.8 

~0.6 
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0 0 0 
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2 0.050 0.006 
3 0.115 0.011 
4 0.060 0.011 
5 0.110 0.011 
6 0.040 0.073 
7 0.078 0.089 
8 0.055 0.104 
9 0.103 0.104 

10 0.115 0.067 
11 0.058 0.060 
12 0.036 0.053 
13 0.036 0.100 
14 0.003 0.073 
15 0.003 0.047 
16 0.003 0.020 
17 0.011 0.020 
18 0.020 0.011 
19 0.007 0.011 
20 0.007 0.011 
21 0.007 0.009 
22 0.007 0.007 
23 0.007 0.007 
24 0.007 0.007 
25 0.005 0.007 
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Figure 2.6 The cumulated rainfall depth recorded by 3 gauges 
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The which yields the maximum cross-correlation functions between two 

gauges, can be found as follows. 

The recorded data are shown in Table 2.1. Denote R384 as Rt, R83 as R2,1 = 25, 

a = 0.01 for this problem. Ri(18) = 0.02, and Ri(19),... Ri(25) are all less than 0.01, 

therefore n = 18. In Table 2.1, data of [Ri(l), Ri(18)] are highlighted. From the data in 

Table 2.1, we can see [Ri(l), Ri(18)] indeed covered the most intensive rainfall period. 

Thus, vary k = 0, 1,.., 7, and compute correlation fimctions, then the maximum value and 

its k* is found. Figure 2.7 shows the cross-correlation functions plotted vs lag-k. The 

solution of maximum correlation flmctions between gauge R384 and gauge R83 is it* = 4, 

thus the travel time is 8 minutes; and it* = 2 for maximum correlation between gauge 

R384 and R386, the travel time is 4 minutes. 

If we solve the minimum lag-k cross semivariogram fimctions, replace the 

objective function (2.13) by minimizing equation (2.9), this problem is simpler than solving 

for the maximum correlation fimctions. Figure 2.8 shows the plot of the semivariogram 

functions vs lag-k. The same solutions are obtained as in maximizing cross-correlation 

functions. 
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2.7.4 Modeling a stochastic rainfall process 

Our objective is to develop a stochastic space-time rainfall model. Based on three 

gauge measurements, this model should be able to simulate a given storm distributing over 

the study area. If the data show that the storm moved, this model should be able to 

estimate and then simulate this movement. Theoretically, the simulated rainfall process 

preserves the same statistical properties that the observed one has exhibited. 

In the previous section, we have seen the rainfall is correlated in space over time, 

and an optimization-based lag-k cross-correlation analysis approach has been used to 

estimate the average storm velocity and its travel time. In order to systematically generate 

a rainfall process distributed over the area, which includes the points without 

measurements, we first need to formulate the stochastic relationship between two time 

series at different measured points. 

A rainfall phenomenon here is considered as a stochastic process. To model this 

stochastic process, it is necessary to introduce some basis for the analysis. The 

assumptions of ergodicity of the process, stationary with respect to the moments, Taylor's 

hypothesis of turbulence are introduced first. If the data does not show the storm moved, 

in order to generate a space-time rainfall distribution, the assumption of isotropic spatial 

correlation can be introduced. 



2.7.4.1 Basic assumptions in modeling a stochastic rainfall process 

Assume the stochastic process is ergodic, which means its moments obtained from 

the available realizations converge in probability to the theoretical moments, when the 

available sample increases. Thus, we can obtain these estimates based on even a single 

realization. Here the assumption of ergodicity is necessary, since hydrologists are only 

able to observe one realization of the random process of interest. 

A stochastic process is said to be weakly stationary, if its mean and variance are 

not a function of time, and the joint distribution of two random variables, x(ti) and x(t2), 

is not a function of the absolute value of ti and t2, but only the relative lag value (ti -12)-

A spatial correlation fimction is isotropic if the spatial dependence of the random 

process is measured in terms of the covariance or the semivariogram is not conditioned by 

the direction of the vectors but only the relative distance. 

Taylor's hypothesis assumes that "noise" or "turbulence" is connected along the 

mean flow velocity without evolving appreciably in a "reasonable" distance. Taylor's 

hypothesis is assumed valid within a storm. The hypothesis here implies that the 

correlation in time is equivalent to that in space if time is transformed into space in the 

mean direction of storm movement. Taylor's hypothesis applicability to convective storms 

was demonstrated by Zawadzkis (1973), who tested two storms with radar and a specially 

designed optical system. Zawadzkis work justifies Taylor's hypothesis for time interval of 

less than 40 minutes in convective storms. 
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1.1 A.1 Stochastic analysis of measured point processes 

The feasibility of modeling the spatial and temporal distribution of a rainfall 

process from the point measurements depends on the existing relationships which must be 

uncovered and interpreted from the measured point processes. 

For a lag-k correlated rainfall process, the difference of Rt(i) and R2(i+k) is 

did) = RiO'k) - RiO) (2.20) 

XiO) = di(i) Ri(i) (2.21) 

where the dimensionless xi(i) is the relative difference between two measured point 

processes. If we rearrange (2.20) and (2.21), 

R2(i-k) = Ri(i) [ I - x,(i) J (2.22) 

equation (2.22) shows that, the rainfall pattern at Rz can be considered as two 

components, one is the storm pattern drift from point Ri, the other is the noise or 

disturbance along this drift. Thus, given the point measurement at gauge Ri, if we know 

the distribution of process Xi(i), then by (2.22) we can "generate" process R2(i+k). 

If we assume the rainfall process is ergodic and second-order stationary, the 

distribution of process Xi(i) can be determined, and the parameters of distribution can be 

estimated. In section 2.7.1 and 2.7.2, an optimization-based correlation analysis approach 

has been used to estimate the storm movement. Since Taylor's hypothesis is valid within a 

storm, along the storm movement direction, the statistical properties of disturbance, .x(i), 

is hold within a certain distance, thus, we can construct a rainfall field. 
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Since we are working in a high-resolution system with a large number of grid cells, 

we have to consider simulation implementation and measurement procedures, here we 

introduce an indicator Y(i), 

fI ,  i f  R,  ( 0 ( 0  cmd x(i)  >b 
r(/)=^ z. (2-23) 

[0, otherwise 

S «,('•) 
(22*) 

where R i is the sample mean of R(i) and (b /? 0 ^ oc. Y(i) = I indicates that a significant 

disturbance occurs, while Y(i) = 0 describes either a small difference between two points 

or a case with high possibility of measurement error. 

Let M(t) be the sum of Y(i) in time interval (OjJ, assume N(t) is a Poisson process 

with parameter {At), 

p{N{t)=n} = ^ n=0, 1, 2, 3 (2.25). 

If the number of events, N(t), is described by a Poisson distribution, it is well known that 

the time between two events, interarrival time T, follows an exponential distribution with s 

p.d.f 

f{ t)  = ?.e-^ '  t>0 (2.26) 

To reduce the computational load, equation (2.22) now is modified as a two-stage 

model. Denote the process as xi(i) and Yi(i) along direction of Rt to R2, 



R2(î k,) = R,(i) [I - x,(i) Yi(i)] 
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(2.27) 

Similarly, repeating the above approach, we can model the rainfall stochastic 

behavior along the direction of Ri to Rj. Denote the processes as X2(i) and YzCi), 

Rid-k.J = RiO) [I - X2(i) Yid)] (2.28) 

In the mean storm movement direction, at the point R the rainfall process is 

R(i-k) = Ri(i) [ I ~ x(i) Yd) J (2.29) 

where k = (ki, k^), x = (xi, Xt), Y = (Yi, Yt). The random variable x has its Joint p.d.f 

f(xi, Xt), and Y has its p.m.f. p(Yi, Yt). An example is given in the next section, where 

x=(xi, Xt) is fitted as a bivariate normal distribution and (xi, X2) are not required 

independent to each other. 

If Yi(i) and Y2(i) are independent Poisson processes, two Poisson processes can 

be pooled in the mean storm movement direction, and the result is still a Poisson process. 

If the storm did not move, zero lag-k value is obtained, the bisector of (Ri, R2) and 

(Ri, R3) is defined as a pseudo-direction, along which the joint distribution is defined to 

model the rainfall process. Thus, the information fi'om two spatial components is 

combined into one resultant direction. A weakly isotropic assumption is necessary here, 

along this pseudo-direction, the correlation fimction is only conditioned on the relative 

distance. 

To illustrate this approach, an example is given below. 
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2.7.4.3 An example of modeling a stochastic rainfall process 

The storm of 7-17-75 was the largest recorded storm in Lucky Hills. The 

recorded rainfall process by three gauges, R83, R384 and R386, are plotted in 2 minute 

intervals as shown in Figure 2.9(a), (b) and (c). Table 2.2 gives the data. 

Since the earliest recorded rainfall was in R83, let R83 be R1. By the 

optimization-based lag-k cross-correlation analysis method, k* = 0 for both (R83, R384) 

and (R83 and R386). Thus, the estimated storm movement is zero. This agrees with the 

work of Ackennan (1959). In some cases, radar studies show that a thunderstorm moves 

very little during its life span.) 

Following the above approach, first we model the rainfall behavior along the 

direction of R83 to R386. Let R83 be Ri and R386 be R2, and the relative difference 

between them, Xi(i), is 

/?386(/)-/»3(/) 
— 

xi(i) is plotted in Figure 2. lO-(a). From Figure 2.10-(a), we can see the relative difference 

can be 100% at some time moments, however the carefiil analysis shows some of them are 

measurement noise, therefore a 'discriminator' or 'filter' is necessary. Since indicator Y(i) 

works just like a filter in equation (2.27), {xj(i)Yi(i)} is called the filtered xi(i) in figure 

2.lO-(b). Assume x, (/") follows normal distribution, Figure 2. II shows its 

normal probability plot with m-i = 0.01 and Gi=0.42. where the straight line represents its 
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the population distribution. Here the normal distribution assumption is supported by 

EColmogorov-Smimov test at 0.05 leveL 

Using the same approach, the relationship of rainfall patterns at R83 and R384 is 

modeled next. Let 

Figure 2.12 shows the plotted X2(i) and {x2(i)Y2(i)} similar to Figure 2.10, while 

Figure 2.13 is the normal probability fitting as n figure 2.11, here m.2 ==-0.007 and CT2=0.55. 

Based on above analysis, along two spatial directions we get two normal 

distributed processes, and the correlation coefficient of those two processes is 0.82. Thus 

a bivariate normal distribution, x = (xi, X2) is plausible in the resultant direction, the p.d-f. 

of(xi. X2) is 

/?384(0-/?83(f) (0 = 

2;ro-,flr, vO-yO' 
2a-(r) 

where 

0(x„x,) = ( ' - y - - 2 p ( -  '-) ( 
O", o\ 

Figure 2.14(a) shows the joint distribution f(xt, X2) as a bivariate normal, and the 

contour plots clearly show the correlation of (xi, X2). 
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The analysis confirm that, the interarrival times follow an exponential distributioa 

(thus we have a Poisson process): Figure 2.14 is the exponential probability plot for 

pooled significant events along the resultant direction, the bisector of (R83,R386) and 

(R83,R384). Where the smooth curve represents the theoretical distribution. 



T l̂e2.2 Recorded stom of7-l7-7S at three gauges in Lukcy (fills 

time i R384<D IM3(i) R386(0 

1332 0 0 0 0 
1334 1 0 0.07 0 
1336 2 0 0.08 0 
1338 3 0 0.10 0.05 
1340 4 0.13 0.17 0.1 
1342 5 0.2 0.16 0.22 
1344 6 0.21 0.17 0.19 
1346 7 0.21 0.25 0.2 
1348 S 0.14 O.ll 0.15 
1350 9 0.14 0.11 0.155 
1352 10 0.14 0.11 0.155 
1354 11 0.19 0.14 O.ll 
1356 12 0.15 0.21 0.16 
1358 13 0.11 0.14 0.16 
1400 14 0.17 0.17 0.13 
1402 15 0.21 0.15 0.16 
1404 16 0.14 0.22 0.2 
1406 17 0.14 0.07 0.08 
1408 18 0.07 0.08 0.08 
1410 19 0.09 0.05 0.08 
1412 20 0.13 0.18 0.11 
1414 21 0.04 0.035 0.04 
1416 22 0.04 0.035 0.04 
1418 23 0.03 0.02 0.02 
1420 24 0.02 0.02 0.02 
1422 25 0.01 0.014 0.01 
1424 26 0.01 0.012 0.01 
1426 27 0.01 0.008 0.005 
1428 28 0.005 0.01 0.005 
1430 29 0.005 0.01 0.0034 
1434 30 0.01 0.004 0.0066 
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Figure 2. 11 Normal probability fitting for relative diflerence between (R83,R386) 
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2.7.5 Summary of the development the stochastic rainfall model 

Based on three gauge cata, for a recorded random rainfall process, an 

optimization-based lag-k cross-correlation analysis has been developed. This method can 

be used to estimate the storm movement direction and speed, under the assumption of the 

storm moving at a constant velocity. Both maximizing iag-k correlation function and 

minimizing lag-k semivariogram gave the same results, but the latter method is simpler. 

The optimal lag-k can be used to estimate the storm travel time. 

A simple two-stage stochastic rainfall model has been developed in equation (2.27) 

to describe the stochastic relationship between two different measurement points. A point 

process can be considered as the results of'drift' and 'disturbance'. The disturbance is 

modeled as a normal process, and then a random indicator describes the 'significant event' 

within the disturbance. The indicator 'filters' the measurement noise. The number of the 

'significant events' is assumed to follow a Poisson process. 

Under the assumption a storm moves at a constant velocity, the lag time k*, which 

yields the best linear matching between two rainfall patterns, is a natural link of spatial 

and temporal components. Since Taylor's hypothesis appears to be valid within a storm, 

the above relationship can be used to generate the rainfall process along the storm 

movement direction over the area, and thus a stochastic rainfall field can be constructed. 

If the storm did not move, a pseudo-direction is defined as the bisector, and then 

the same approach is applied to generate a stochastic rainfall field. 
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2.8 Discussion and conclusions of Chapter 2 

A rainfall field can be a very complicated structure, rainfall intensity varies in 

space-time as clouds develop, decay and move. In general, it is very difficult to 

distinguish if a change of the recorded rainM pattern is resulted from the spatial variation 

(rain cells are bom or died) or from the rain cells move. Thus, both space-time variation 

and storm movement are important characteristics for modeling a rainfall process. 

Since the size of the study area in this research is so small (less than 0.04 km^ ), 

compared with the size of a convective cell, as documented about 10 km^ (Gupta and 

Waymire 1979) or about I to 10 km^ and "clusters of convective cells" about 50 to 1000 

km^ demonstrated by Austin and Houze (1972), it is more likely that here the storm 

movements cause the change of the rainfall pattern in the study area rather than the rain 

ceils are bom and died in this small area. 

A stochastic space-time rainfall model has been developed for a high-resolution 

distributed hydrological simulation system. This stochastic rainfall model is capable of 

estimating the storm movement and simulate a random rainM field over the study area, 

based on the measurement from three gauges. The rainfall model consists of two parts, 

estimation of storm movement and modeling the rainfall process. Both spatial and 

temporal distributions have been considered in the model. Compared to the other existing 

stochastic rainfall models, this one has several advantages. 



For the estimation of storm movement, the optimization-based lag-k cross-

correlation method is objective and automatic. The real storm data show it works well for 

multiple-peak rainfall pattern. 

Since the size of the study area is so small and the resolution of grid cells in the 

study area is very high (10 m by 10 m), thus, neither the GW(79) model or RE(87) model 

can be applied here to model the stochastic space-time rain&ll in such a fine spatial scale. 

However the model developed in this research can be easily to apply to the large basin if 

the gage data are available. 

For the simulation of the stochastic rainfall field, this model is much simpler than 

the method used in the GW(79) model and the RE(87) model. Since at every time 

interval, equation (2.27) uses the observation Ri(i) as an available "base" value for 

simulated point value, and the parameters to describe the disturbance are derived fi-om the 

measured data, the simulation of a dynamic process is reliable. 

The developed rainfall model has been implemented and coupled with a GIS tool 

and a physically-based distributed hydrologic simulation system. The effects of the rainfall 

process, (e.g. storm movement direction and speed, the rainfall spatial and temporal 

distribution), to the distributed infiltration process, runoff production and its propagation 

have been investigated with the real storm data recorded at Lucky Hills areas. The spatial 

resolution is lOm x 10m DEM, and temporal resolution is in 1 minute interval. The 

distributed infiltration component is modeled by Green-Ampt method, the distributed 

overland flow element is modeled by the kinematic wave approximation, and the 
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distributed ciiannei routing is modeled by the diffiision wave method. The detail studies 

will be described in Chapter 5. 
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CHAPTERS 

APPLICATION OF GIS IN DISTRIBUTED 

PHYSICALLY-BASED HYDROLOGICAL MODELING 

The integrated high-resolution simulation system consists of three subsystems, a 

stochastic rainfall model, a GIS tool and a physically-based hydrologic model. This 

chapter describes the application of GIS to processing spatial data and automatically 

extraaing the distributed parameters for the simulation of the distributed hydrology. 

The chapter is organized as follows, objective, introduction and literature review, 

approaches of GIS application, discussion and conclusions. 

% 

3.1 Chapter objectives 

The primary objective of this chapter is to automatically extract the parameters for 

the distributed hydrologic simulation. Under this primary objeaive, there are several 

specified goals for GIS application, such as, delineate basin drainage network, delineate 

basin boundaries, partition the basin into a set of hydrological response units (HRL'), and 

determine the distributed parameters for each HRU. An attempt was also made to 

integrate GIS as a visualization tool. 
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3.2 Introduction and literature review 

In the last ten years, we have witnessed a worldwide interest in application of GIS 

in hydrolo^. Now it is one of the most active research areas. Distributed, physically-

based hydrologic modeling requires processing a large amount of spatial data, and GIS is a 

powerful tool to organize, analyze and visualize the geo-referenced data. Thus, the 

integration of GIS and hydrologic modeling is very natural. 

In the current research, ARC/INFO has been used to process the digital elevation 

map (DEM) and other spatial data. 

A 10 meter by 10 meter digital elevation map for the study area was processed, the 

basin charaaeristics were automatically extracted, the distributed parameters were 

delineated by the application of ARC/INFO. 

3.2.1 Literature review of GIS in hydrology 

There have been numerous interests in GIS in hydrology. Since the distributed 

hydrologic modeling is very different from the lumped hydrologic modeling, here the 

review is constrained on the GIS in distributed hydrology. 

What is a GIS? Among the numerous and various definitions of a GIS, Collet et al 

(1996) presented a short and 'global' description: " a GIS is a computerized system 

designed to process information with spatial dimension". Three major characteristics in 

GIS are, its computerized envirotmient, its ability to process information, and the nature of 

the information with a spatial content. 
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3.2.1.2 Review of GIS modeling in hydrology 

GIS modeling in hydrology has gone through three stages, the simple grid-based 

modeling, digital elevation modeling and GIS spatial modeling. Each of these will be 

reviewed and discussed here. 

The simple srid-based modeling 

The simple grid-based modeling via computer was first presented by Solomon et al 

(1968). In the late 1960s, the studies on water resources had a tendency to encompass 

larger and larger areas. In order to adapt the computer to this type of sophisticated study, 

the authors developed a square grid system for partitioning the study area (involving about 

140.000 square miles) into a matrix of squares. This format is easy for computer to store, 

process and retrieve information. A linear regression model was applied to this grid 

system in estimating the annual average precipitation, temperature and runoff in that large 

area. As the authors predicted, this grid system immediately developed numerous 

applications in hydrology. In 1976, the famous SHE model, Systeme Hydrologique 

Europeen model (Beven et al 1980; Abbott et al 1986), adopted this grid-based approach 

to subdividing the landscape into a square grid system. 

The biggest problem of a simple grid-based system is it can not handle the line 

feature (e.g. networks). In addition, it is not a three dimensional representation of 

landscape either. 
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Distal elevation modeling 

In the 1980s, the digital elevation modeling technique rapidly developed, in 

conjunction with the growing availabili^ of remotely sensing data. Moore et al (1991) 

presented an excellent review on digital terrain modeling in hydrologic applications. 

Besides considering computation efiSciency and connection with remote sensing data, the 

authors compared three major data structures in digital elevation modeling: gnd-based 

structure, triangular irregular network (TIN) structure and contour-based structure. They 

also systematically analyzed the effects on the fitted surface, computation of 

hydrologically significant topographic attributes, basin delineation and stream network, 

and topographically-based hydrologic models. Based upon the comprehensive analysis, 

the authors made the conclusion, "the use of grid-based DEM is recommended because 

grid-based DEM's are the most commonly available form of digital elevation data, the 

method of analysis computaionally efficient and simple, and this structure is compatible 

with remote sensing techniques and GIS." 

The most important functions in DEM are that using digital elevation data as input, 

the chatmel networks and drainage basin could be automatically delineated. The widely 

used "pour-point model" developed by Jenson (1985) and Jenson and Dominique (1988) 

made the greatest contribution in delineating stream network and drainage basin. 

ARC/INFO hydrologic tools use this "pour-point model". 
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GIS spatial modeling 

The characteristic that dififerentiates a GIS from a general computer mapping or 

drawing system is the internal 'ink to the information data base. Digital elevation 

modeling provides a technique to process the topographic information: topographic 

posi t ion and topographic at t r ibutes (s lope,  aspect ,  a  specif ied catchment area,etc .) .  

GIS, as an information system, internally integrates the digital elevation modeling, 

cartographic modeling and other geo-referenced data base (even multimedia data) 

together. 

The topography of a catchment has a major impaa on the hydrologic processes, 

but hydrologic process also depends on many other non-topographic factors. Thus, GIS 

spatial modeling and hydrology are logically linked together. 

3.2.1.3 Review of GIS application in hydrology 

GIS cartographic modeling has provided a powerful tool for lumped hydrologic 

models. Devantier and Feldman (1993) reviewed GIS applications in hydrologic 

modeling, which particularly referenced rainfall-runoff models, flood plain management 

and forecasting, erosion prediction and control, water quality prediction and control. For 

GIS in rainfall-runoff models, the authors reviewed several applications, all of them were 

lumped models and utilized SCS runoff curve number. Muzik (1996) reviewed GIS 

applications in hydrologic modeling with Unit Hydrograph approaches, under the title of 

"Lumped modeling and GIS in flood prediction". Singh and Fiorentino (1996) presented a 

brief overview of hydrologic models with GIS. The authors pointed out that the 



integration of GIS and hydrolo^ involves three major components: 

spatial model layers, GIS and model interface. 
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spatial data structure. 

3.2.2 What blocks the GIS application to distributed hydrologic modeling ? 

According the definition by Maidment (1996), a lumped model is one that can be 

represented by ordinary differential equations, while the distributed models are based on 

partial dififerential equations whose dependent variables are a fijnction of two or more 

variables. The author noted that there has been a very active area in connection with GIS 

and groundwater modeling, which is two dimensional finite difference or finite element 

model, but there does not seem to have been as much work with distributed surface water 

models of this type linked to GIS as there has been with groundwater flow modeling. 

Maidment (1993) explained this as "finite difference or finite element methods are more 

difScult to solve in surface water flow than in slowly flowing ground water, because the 

velocities of flow are much greater and the numerical instabilities generated as part of 

solution procedure are more difScult to remove". 

In addition to the complex numerical algorithm for finite difference equations, the 

distributed surface model attempts to model the channel flow, at a particular point on a 

stream, it is necessary to characterize the channel bed slope, cross-section data and flow 

resistance coefficient (such as Manning's roughness coefScient). 

GIS was not originally developed as a time series database (it does not explicitly 

allow the time-varying studies), while the distributed surface hydrologic modeling requires 

close tracing flow in a great detail. The above conflicting characteristics hamper GIS 
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integration with distributed modeling. The lack of channel data required by a distributed 

model is limited by the data collection, rather than the limits of GIS fimction or software 

structure. 

3.3 GIS application in automatically extracting spatially distributed parameters 

Surface runoff process is a fimction of many interrelated factors. Distributed, 

physically-based hydrologic modeling is placing new and greater demands on data and the 

sophisticated techniques for processing theoL In the past, quantification of those 

distributed data was a tedious and time-consuming process. Now GIS spatial modeling 

techniques provide a powerful tool to automatically extract those distributed hydrologic 

parameters. 

The main purpose of a GIS application here is to organize and process spatial 

information. ARC/INFO has been used to perform the following work in the study area, 

automatically delineate stream network; delineate the drainage basin boundaries; partition 

a basin into a set of hydrologic response units (HRU), such as overland flow elements and 

channel segments; for each HRU, determine the topographic parameters (slope, aspect, 

width, length) and non-topographic hydrologic parameters, such as vegetation and soils 

soil water suaion, saturation deficit, hydraulic conductivity. The details are described in 

the next section. 
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3.3.1 A brief description of the study area and the input data 

The Lucky Wlls watersheds are located on the U.SJD.A. Agriculture Research 

Service Walnut Gulch Experimental Watershed, near Tombstone, in southern Arizona. 

Figure 3. lis the location map of Walnut Gulch watershed and Luclq^ Hills area. It has 

been one of best studied area. Figure 3.2 is the map of Lucky (fills area. Lucky Hills 103 

was chosen as the study area for the current research. Lucky Hills 101 (LHlOl) is located 

in Lucky Hills 103 (LH103). According to ARS (1972) data, the geologic characteristics 

of Lucky Hills 103 are one hundred percent alluvium with erosional gravel cover. 

Topographic expression is that of low, rolling hills dissected by the drainage system. The 

entire area is dominated by desert shrubs, whitethorn, creosote bush and tarbush, with a 

crown spread about 25 percent basal cover. The area is characterized by ephemeral flow. 
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Figure 3.2 Lucky Hills area (boundaries and streams (rem ARS data) 



A 10 meter by 10 meter digital elevation map was provided by ARS. As reference, 

the delineated watershed boundaries and stream network from 1:5000 orthophoto were 

obtained from ARS work as shown in Figure 3.2. Soil data from ARS is an incomplete 

geo-referenced data base. 

3.3.2 Approaches on GIS extracting topographic information 

With a digital elevation map as input, ARC/INFO were used to automatically 

extract topographic information and topographic attributes. The major computational 

derivatives are, grid slope and aspect, flow direction (to the lowest of the eight adjacent 

grids), fill the sinks if necessary, stream network delineation (stream links and order can be 

determined), basin boundary delineation, and basin partition. 

The slope identifies the maximum rate of change in elevation from each cell to its 

eight neighbors. Aspect identifies the down slope direction and is defined continuously 

within 0 to 360 degree . The flow direction is defined in 45 degree intervals (0, 45, 90, 

135,...). A sink is a cell whose eight adjacent cells all have higher elevation, or if two 

cells flow to each other, a sink has undefined flow direction. For purpose of the model it 

is necessary to fill the sinks. 

ARC/INFO uses Jenson's "pour-point model" (Jenson 1985) as a basic algorithm 

to operate on the digital elevation modeling. The nature of the pour-point model can be 

described as the follows. Water from each cell flows into the lowest of the eight adjacent 

cells. By tracking the simulated water motion from the cell to cell, a set of hydrologic 

flow paths are traced out. From those, the watershed boundaries can be delineated from 
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the set of cells which do not receive water flow from the adjacent cells. The stream 

network is delineated as the set of cells that receive water from at least a specified number 

of other cells. 

The Figure 3.3 is the flowchart of this procedure. This procedure is more efiBcient 

than the one recommended by ESRI Cell-based Modeling with GRID (ESRI1991). 
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Figure 3.3 The flowchart of extracting topographic 

information by application of ARC/INFO 
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Figure 3.4 shows the slope direction of each cell, while Figure 3.5 is the map of flow 

direction. Compared with the flow direction map, the slope direction seems more natural 

and smooth in representation of surface flow. 

To delineate the stream network in ARC/INFO, it is necessary for the user to 

define a threshold contributing area. The cells are defined as a part of stream only when 

the cells receive the flow from the area greater than this threshold value. Thus, whenever 

we mention the delineated stream network, its threshold value should be included, since 

the drainage density and stream orders are all dependent on the threshold value. Figure 

3 .6 shows the different stream networks delineated when the threshold value is chosen on 

500. 1000, 2000 and 4000 m^ for LH103. In figure 3.6, Ac denotes the threshold value of 

the contributing area. Based on the field survey results, the threshold value was chosen as 

1000 m' 

Figure 3.7 compares the boundaries delineated from the DEM and the 1:5000 

orthophoto. The smooth lines were manually delineated from the orthophoto. The 

difference in the delineated area is three percent for Luclqr Hills 103 and about fifteen 

percent for Lucky ffills 101. 

Figure 3.8 shows the basin partitioned into hydrologic response units and the area 

of each unit in Lucky Hills 103. After the basin area partitioned, for each hydrologic 

element the GIS performed the descriptive statistic analysis on topographic character, 

slope, aspect and elevation. GIS extracted the area, width and length of each overland 

flow element. The resuhs are output for use in the hydrologic model. 



In each hydrologic response unh, the geo-referenced soil data were queried and 

extracted from the soil data base. 



Fig. 3.4 Slope direction in LH103 derived by 10x10 m DEM 

77?? 

Fig. 35 Flow direction in LHI03 derived by 10x10 m DEM 
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(a) Ac s 500 (sq. m) (b) Ac - 1000 (sq. m) 

(d) Ac = 4000 (sq. m) (c) Ac = 2000 (sq. m) 

Figure 3.6 The stream networks in LH103 
delineated from different threshold value Ac 
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Rgure 3.8 The partition of LH103 in a set of HRU 
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3.3.3 Integratioii of multimedia data with GIS 

Distributed hydrologic modeling requires the chamiel data, bed slope, cross-section 

data and roughness character. In Lucky Hills area, the channels are very narrow, and most 

of them have the top width less than 5 meters, thus 10 meter DEM can not reflect the 

channel characteristics. A channel is only a line in a GIS cover, thus, only its length and 

the stream order can be determined. The channel cross section and channel bed slope in 

Lucky Hills can not be captured by 10m by 10m DEM. In order to assist in deriving the 

channel characters, along the channel a set of photos were taken by the author, and they 

were integrated within the GIS. Thus, along the stream network, the user can see the 

channel cross-section photos, which provide the actual shape, bed coverage, etc.. Figure 

3.9 shows two photos linked to the stream in Lucky Hills 103. The channel bed slope data 

were from the field measurements taken by the author with laser survey equipment. 
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3.4 Conclusions and discussion 

Distributed hydrologic modeling requires extensive data. CIS ARC/INFO has 

been applied to automatically extracting the spatially distributed parameters for 

hydrologic modeling. The application shows GIS is a powerfiil tool to organize, process 

and visualize the spatial information. 

However, care should be taken in handling stream network delineation using GIS 

for distributed hydrology. All the delineated stream networks depend on the specified 

threshold value. How to define this value needs fijrther study. Another problem is about 

the channel characteristics. The DEM resolution in most cases is not fine enough to 

reflea channel cross-section and bed slope. In the current research, the field survey was 

made to get those data. The estimation of subgrid parameters needs to have more 

investigation in the fixture study. 
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CHAPTER4 

A DISTRIBUTED HYDROLOGIC MODEL OPERATED IN HEC-l 

This chapter describes the distributed l^drologic model in the integrated 

simulation system. The chapter is organized as, objective, introduction and model 

description. 

4.1 Chapter objective 

The primary objective in this chapter is to set up a distributed, physically-based 

hydrologic model to incorporate the interrelated distnbuted hydrologic processes, 

precipitation, infiltration, infiltration-excess overland flow, and channel flow. 

4.2 Introduction 

Beven (1985) pointed out that there have been numerous papers on modeling 

individual processes, including ground water flows, unsaturated soil water flow and 

channel routing, but there is a much smaller literature on models involving interacting 

processes and the application of catchment scale models to real world problems. 

For the distnbuted physically-based models, the descriptive equations are, in 

general, nonlinear partial differential equations that can not be solved analytically for the 

case of practical interest. Solving finite difference equations for surface flow is a very 

complex procedure, thus, application of a set of reliable subroutines would be ideal for the 



current research. Based on a flood control research project, several options in HEC-1 

were chosen to set up a distnbuted hydrologic model. 

HEC-l version 4.0+ hiis new hydrologic simulation capacities, which include 

Green-Ampt infiltration option, improved kinematic wave approach, and Mhiskingum-

Cung algorithm for diffusion wave solution of channel flow. Thus, a carefiil design can 

operate it as a distributed physically-based hydrologic simulation. 

The study area. Lucky Hills 103, has been partitioned into 11 overland flow planes 

and 6 channel elements using GIS, based on the topographic information and geo-

referenced data base. Each overland flow plane involves three hydrologic processes; 

precipitation, infiltration and infiltration-excess to runofif transformation. The channel 

element receives the lateral inflow fi-om either overland flow planes or channels. The 

channel element may also route the upstream flow. A brief description of the governing 

equations for the infiltration process, overland flow and channel flow is presented as 

followings. 

4.3 Description of hydrologic model components 

The governing equations for the infiltration process, overland flow and channel 

flow are briefly presented in this section. 



4.3.1 Green-Ampt infiltration model 

The Green-Ampt (1911) infiltration model (also see Mein and Larson 1973) is 

combined with an initial abstraction to compute rainfall losses in HEC-1. The initial 

abstraction is satisfied prior to rainfall infiltration as follows; 

where P(t) is the accumulated rainfall and I, is the initial abstract. 

The Green-Ampt infiltration equation is described as 

where 

f(t) - infiltration rate 

F(t) - accumulated infiltration 

K - saturated hydraulic conductivtty 

v|/ - effective suction at the wetting fi*ont 

A0 - volumetric moisture deficit. 

r(t) =0, for P(t)<I,, t>0; (3.1) 

r(t) = ro(t), for P(t)>I,. t>0. (3.2) 

(3.3) 
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4.3.2 Kinematic wave approximation for overland flow 

Overland flow is modeled by the kinematic wave equation for flow over a plane of 

length L: 

(3.4) C/f C/JL 

where 

dh dah" 
—— + 
at 

h - average depth per unit area. 

t - time. 

X  - distance along the slope. 

r(t)- rainfall rate. 

m- infiltration rate. 

The assumption is the bed slope and water surface slope are equal. The flow resistance is 

approximated by the Manning equation. 

O = ah" = —h^'^ (3.5) 
~ n ^ 

where n is the Manning's roughness coefficient and s is the slope. 
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4.3.3 Difiusion wave model for chamiel flow 

The unsteady channel flow is described by difiusion wave equations. In principle, 

diffusion wave is an improvement over kinematic wave. Singh (1996) presented a detail 

description about the difiusion wave theory and its application. 

The basic formulation of the governing equations is derived from the continuity 

equation and the difiusion form of the momentum equation. 

dA aO 
~r7 + ot ax 

= <Il (3.6) 

(3.7) 

Combining above two equations. Miller and Cung (1975) formulated the following 

convective difiusion equation: 

ffO dO 

where Q - discharge 

A - flow area 

t - time 



X - distance along the channel 

Y- depth of flow 

qL lateral inflow per unit of channel length 

Sf- fiiction slope 

s„- bed slope 

c- the wave celerity in x direction, c = dQ / dA 

the hydraulic diffiisivity, jx = Q / (2 B So), B is the top 

width of the water surface. 

Unlike the kinematic wave approximation, the diffiision wave model is a second-

order partial differential equation, therefore, the diffusion wave can describe not only 

runoff concentration but also runoff difiiision. The advant^e of this method over other 

hydrologic techniques is, the model parameters are physically-based, and the method has 

been shown to compare well against the full unsteady flow equations over a wide range of 

flow situations (Ponce 1983). 

4.4 Summary of the hydrologic modeling components 

Since Hec-1 is not limited to any subbasin size, and the new version of HEC-l 

offers variety of hydrologic simulation options, HEC-1 has been chosen to simulate the 

distributed interrelated hydrological processes. The Green-Ampt equation is used for 

modeling the infiltration process, kinematic wave approximation for infiltration-excess 

overland flow, and the diffusion wave model for the unsteady channel flow. Coupling 



HEC-1 with a stochastic rainfall model and GIS results in a distributed hydrological 

simulation system. 
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CHAPTERS 

SIMULATION AND ANALYSIS 

Three subsystems described in the previous chapters are connected together 

forming an integrated simulation system, which is illustrated in Figure 5. 1. The simulation 

structure and parameter determination will be introduced in the followings. 
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5.1 Simulatioa structure 

The stochastic space-time rainM model processes the measured storm data; 

estimates the spatial and temporal distnbution parameters with consideration of storm 

movement; then generates a random rainfall field over the study area, incorporating the 

point measurement data. The detailed approach was described in Chapter 2. The three 

rain gauges are about 160m, I80m and 150m (300m before 1977) apart. In general, for 

such a distance scale, the rainfall is considered as spatially uniform. Goodrich (1991) 

presented a detailed analysis about the rainM difference in Lucky Elills area. The author 

compared a small set of rainfall events, and found the difference of an individual storm 

recorded by R83 and R384 can be 40%. Lavee (1986) also found that total rainfall varied 

between 20 and 40% in a distance less than 100 meters. Goodrich (1991) concluded that 

actual spatial differences do exist between the two rain gages (R83 and R384 in Lucky 

Hills area). 

The GIS tool performs the spatial modeling to capture the catchment spatial 

distribution characteristics and hydrologic parameters, with digital elevation modeling to 

derive the topographic attributes and organizing the information in the geo-referenced 

data base. 

The outputs fi-om the rainfall model and the GIS tool are used as inputs for the 

hydrologic model. A physically-based, distributed hydrologic model simulates three major 

processes: infiltration, overland flow and channel flow. The infiltration model is the 

Green-Ampt equation, while the overland flow is modeled by kinematic wave 
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approximation, and the channel flow is described by a difiusion wave model. The 

hydrologic model used in this study is operated in HEC-l. The simulation results are 

visualized in the GIS tool. 

5.2 Data requirements and parameter determination 

Application of a distributed hydrologic model requires a wide variety of different 

parameters to be quantified for each HRU. The data requirements will be discussed in 

topographic and non-topographic attributes. 

The Lucky Hills 103 watershed is modeled by 390 grid cells, each with lOm x 

10m, the derived area is 9.64 acre, which is slightly higher than the area derived fi^om 

I ;5000 orthophoto (9.34 acre). Lucky HiDs 101 is represented by 122 grid cells, 3.01 

acre, while the area fi-om the orthophoto is 3.6 acre. Lucky Hills 103 is partitioned into 

II overland flow elements and 6 chaimel segments. The size of overland flow elements 

range from 14 to 54 grid ceUs (Figure 3.8). 

The GIS derived topographic parameters are, for an overland flow plane, its width, 

length, slope; and for a channel, its segment length. The chaimel cross-section data and 

the bed slope were measured in the field. 

Infiltration parameters for the Green-Ampt equation in HEC-l are initial abstract, 

effective suction, volumetric moisture deficit and hydraulic conductivity. The first three 

parameters were determined by ADOT Highway Drainage Design Manual Hydrology 

Metric Version (Sabol 1994), since no direct data were available. The saturated hydraulic 

conductivity value is taken from the ARS soil data base, which was provided together with 
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the DEM by ARS. The sampled soil data in Lucky E£lls area (Goodrich 1991) has been 

used as reference. 

Roughness and routing parameters are overland flow plane roughness and channel 

roughness. For the kinematic wave plane, HEC-1 uses an '̂ efifective roughness factor', N, 

to replace the Manning's n. HEC-l's N value is adopted from Engman's (1986) work. 

The effective roughness N includes the raindrop impact. Utter, rock, etc.. Engman derived 

those values from the rainfall-runoff plots, which were originally designed for erosion 

studies. The recommended N value is 0.13 ( range 0.04 to 0.32 ) for the sparse range 

with about 20% cover. Weltz et al (1992) followed Engman's approach, and derived the 

effective roughness factor for Walnut Gulch desert shrubland, gravelly sandy loam soil 

(with about 30% canopy cover). The recommended value is 0.15. Based on the surface 

cover condition, thus, the effective roughness N=0.I0 was assigned to 5 planes in LHlOl, 

and 0.20 was assigned to 6 planes in LH103. 

The channel roughness coefficient. Manning's a, in Lucky (fills 103 was chosen to 

0.03 which is adopted from Lopes work (1989). In Lucky Hills 101, there is no well 

developed channel at all, thus, the swale is modeled as very shallow 'channel' there. 

Distributed rainfall-runoff simulation has been carried out with the developed 

simulation system by using five recorded storms. The uncertainties have been 

quantitatively investigated. The detail studies are described in the next section. 

5.3 Rainfall events used in the simulation 
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Five recorded rainfall events were chosen for simulation input, to represent the 

high intensity summer storms ;n southern Arizona. Table 5.1 summarizes the storm 

characteristics of the five eveni.>. The storm moving speed was estimated by the method 

of lag-k correlation analysis described in Chapter 2. From Table 5.1, we can see only 

event 2 data does not show the storm moves; the other four events, the analysis shows the 

storm moving at the speed range fi'om about 20m to 100m per minute in different evem. 

Each rainfall event was recorded by three gages, R83, R384 and R386, except for 

event 9-01-84 which was recorded only by two gs^es, R83 and R386. Each rainfall 

process is discretized at 2 minutes intervals. 

For each rainfall event, there are three graphics to describe its spatial and temporal 

variation, (a) shows the rainM intensity at three gages, (b) shows the cumulated rainfall 

depth at three gages and (c) plots the lag-k correlation fimctions. In Figure 5.2 to Figure 

5.6, five events are plotted one by one. 



Table 5.1 The storm characteristics of the Five events used in the simulation 

event dale ruinfull deptli (in) rainfall duration (iiiin.) max. intensity (in/2inin.) storm moving 

R83 R384 R386 R83 R384 R386 R83 R384 R386 (m / min.) 

1 7-12-75 1.07 1.03 1.12 44 38 38 0.165 0.22 0.19 80 

2 7-17-75 2.85 2.76 2.66 68 72 86 0.25 0.21 0.22 0 

3 8-15-77 0.85 1.05 0.96 66 60 61) 0.21 0.145 013 100 

4 8-18-84 0.92 0.92 0.89 45 51 49 0.104 0.115 0.105 53 

5 9-01-84 1.28 N/A 1.33 59 N/A 40 0.15 N/A 0.28 20 
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5.4 Simulation analysis 

Using above five rainfall events and the parameters described in Section 5.2, 

distributed rain^-runoff simUiations were carried out in the following steps; simulation 

with input data fi-om one raingauge (R83), simulation with rainfall data fi-om two raingage 

(R83 and R386), finally with the simulated stochastic rainfield generated fi'om three gauge 

data. 

5.4.1 Simulation with rainfall data fi-om gage R83 only 

Distributed rainfall-nmoflf simulations were carried out for 5 events, here only the 

rainfall data fi'om gage R83 was used as the input, then the simulation results were 

compared with measured ones. This is denoted as ^one gage' simulation. The simulated 

runoff peak discharge qc and runofif volume Qc are compared with the measured ones, qm 

and Q„. The shape of the simulated hydrograph is also compared with the observed one. 

Table 5.2 summarizes the dimensionless comparison between the simulated and measured 

runofif. For each event, the graphical comparison between the simulated and observed 

hydrographs are plotted (Figure 5.7 to Figure 5.11 at the end of Chapter 5 ).' 

In order to compare the two hydrograph shapes, the criteria of model efficiency 

(Nash and Sutclifie 1970) is chosen. Model efficiency, a dimensionless index, is defined 

by as the following. 
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(5.1) 

If 

(5i) 

n 

=z [«.(')-9.(or (53) 

Haan (1975) recognized the presence of the synchronization errors which might be in 

rainfall and runoff flow measurements, and shifted the simulated hydrograph in time until a 

best fit was obtained with that observed. Following Haan's approach, to deal with the 

possible synchronization error in the shape comparison, here the simulated hydrograph is 

shifted in time until its time of peak flow coincides with the one in the measured 

hydrograph. After this shift, the model efficiency is evaluated, the results are listed in 

Table 5.2. The graphical comparison between the shifted simulated hydrograph and the 

observed one was plotted for each event CHgure 5.12 to Figure 5.16 at the end of Chapter 

From Table 5.2, we can see that, the simulation model of LHlOl performs very 

well. For three events, the errors in simulation of peak flows are within 10%, and another 

one is about 25%, the largest is about 38%. For four events the errors in simulation of 

runoff volume are within 5%, the other one is 15%. The model efficiency is about 0.95 

for four events, the other event has efficiency value about 0.85. 

Table 5.2 also shows the simulation model of LH103 performs reasonably well. 

For two events, its errors in simulation of peak flows are within 10%, and other three are 

5). 
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about 32% to 38%. For three events, the errors in simulation of runoflT volume are within 

15%, another two are 20% and 31%. The model efficiency ranges from 0.76 to 0.92. 

One reason that simulation model of LHlOl performs better than model of LH103 

could be that, the topology of LHlOl is much simpler than it in LH103. There is no 

channel in LHlOl, but in LH103, the main channel is about 700 feet long, more than half 

of it 6 to 8 feet deep. There are three second order channels in LH103 which are not 

modeled in the simulation, each of them is about 150 foot long, since the lOm by 10m 

DEM data was unable to capture their characteristics. 

5.4.2 Simulation with rainfall data from two raingauges 

The simulation now has the rainfall input data from two gages, R.83 and R386. 

Here each overland flow element in LH103 uses the data from two gages, but LHlOl still 

use the data from raingauge R83 only, since the inverse distance between each HRU and 

R386 is much less important compared with it to raingauge R83. 

For each event, the simulation resuhs are summarized in Table 6.1 to Table 6.5. 

The peak flow rates and runoff volumes are also compared with the ones with one 

raingauge data. Both the difiference between the simulated peak discharges and runoff 

volumes from simulation with one gage data or two gage data ranges from about 5% to 

40%. For the largest storm (event 2), there is only about 5% difference. 
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5 .4.4 Simulation with the stochastic space-time rainfall model 

The data from three gages are processed to estimate the storm movement, then the 

stochastic rainfield is derived. The method has been described in Chapter 2. The rainM 

model simulated the stochastic rainfall field with the storm movement along the down 

stream or up stream direction, which are considered to have the most impacts on the 

runoff production processes. 

The simulation resuhs for 5 events are summarized in Table 5.3. The more 

detailed analysis can be found in Table 6.1 to Table 6.5 for each event. Nonparametric 

statistical tests confirm that there are significant differences between the simulated results 

generated from the inputs with and without modeling the rainfall stochastic characteristics. 

The detailed study will be introduced in the next chapter. 

5.5 Discussions and conclusion 

Five high intensity storms were chosen as the simulation inputs. The distributed 

rainfall-runoff simulations were performed under three mainly different conditions, rainfall 

data fi'om one g^e, fi'om two gages and from the simulated stochastic rainfall field. 

The simulation model of LHlOl performs very well, evaluated by the comparison 

of the simulated peak flows and runoff volumes to the observed ones. Its model 

efficiency for 5 events is very high. There are two reasons for this good performance, one 

is the topology of LHlOl is simple, 10m by 10m DEM data captured its topological 

feature well. The second reason could be that its size is very small and the storms are high 
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intensity events, the consequence is the runoff process could be dominated by the input 

rainfall process. 

The simulation model o'LH103 performs fairly well compared with the observed 

runoffi One reason is the topology of LH103 is much more complex and some of its 

drainage characteristics were unable to be captured by DEM data, its main channel has a 

very complex feature, and its second order channel were not modeled in the simulation 

model. Another reason is the size of LH103 is three times as big as LHIOl. Also the 

spatial distribution of soils and vegetations are more complex than it in LHIOI. 

The distributed simulations with the stochastic rainfall field inputs, incorporating 

the storm movement, show the power of this integrated simulation system. In such a fine 

resolution, the integrated system has simulated the stochastic rainfall field with storm 

movement, which has been missed in traditional hydrologic simulation. With the high 

resolution DEM data, and the component of distributed, physically-based modeling of 

overland flow and channel routing, the integrated system makes it possible to investigate 

the dynamic hydrological processes inside of the watershed. The study area with two 

nested small watersheds provides a good experimental condition to test the distributed 

hydrologic model, which has been very difficult to perform. 

In summary, the integrated simulation system has demonstrated several advantages 

over the traditional hydrologic simulation. The developed simulation models for LHlOl 

and LH103 perform well. Those illustrate the great potential of this system in the fiiture 

application. 
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Table 3 2 Summar>' of the simulated rimolT vs measured one 

livcnl Li 1101 
q,pk(cfs) 

LIIIOI 
Q-V (in) 

1.11103 
q_pk (cfs) 

I.HI03 
Q_v(in) 

LlllOl LUlOl 1,11103 1,11103 1,11101 U1103 
(qc-qmVqm (Qc-QmVQni (qc-qmVqm (Qc-QmVQn» model eft', model etf. 

I measured 6.44 0.42 20.74 0.41 

simulated 6.93 0.43 12.94 0.35 0.08 0.02 -0,38 -0.15 0.95 0.82 

2 measured 14.24 1.78 30.95 1.47 

simulated 13.95 2.04 40.74 1.92 -0.02 0.15 0,32 0.31 0.95 0.89 

3 measured 2.94 0,28 9.92 0.26 

simulated 4.06 0.29 6.72 0.23 0.38 0.04 -0,32 -0.12 0.84 0.86 

4 measured 3.38 0.28 6.34 0.24 

simulated 3.64 0.29 6.81 0.22 0.08 0.04 0.07 -0.08 0.98 0.76 

5 measured 6.52 0.58 17.39 0.61 

simulated 8.19 0.58 18.21 0.49 0.26 0.00 0.05 -0.20 0.94 0.92 

(whcro qc is Iho Uio simulnlcd peak dischargo, qm is dio measured oiio; Qc is Iho .simulated ninoD'volume and Qin is the measured one.) 

to 
4:^ 



Table 5.3 Siiinniiir}' ll>c siniuliitcd ninofT willi stochastic rainfull and storm luovcinciU vs obscrscd one 

Event LHIOI LHIUI LH103 LH103 LHIOI LHIOI LHI03 LHI03 
t| pk(crs) Q v(in) q pk(cls) Q v(iu) (qc-qm)'(|in (Qc-Qm)'Qm ((|c - qm)'i|m (Qc-Qin)/Qm 

1 measured 6.44 0.42 20.74 0.41 
simulated 6,93 0.43 12.94 0.35 0.t)8 0.t)2 -0.38 -0.15 
move up 6.64 0.47 12.79 0.35 0.03 0,12 -0.38 -0.15 
move down 6,79 0.42 11.48 0.36 0.05 0,(K) -0.45 -0.12 

2 measured 14.24 1.78 30,95 1.47 
simulated 13.95 2.04 40.74 1.92 -0.02 0,15 0.32 0.31 
move up 13.52 2.18 39.59 2,01 -0.05 0,22 0.28 0.37 
mo\'e down 14.88 2.12 39.83 2,01 0.04 0.19 0.29 0.37 

3 measured 2.94 0.28 9.92 0,26 
simulated 4.06 0,29 6,72 0,23 0.38 0.04 -0.32 •0.12 
move up 2.35 0.18 4.43 0,16 -0,20 -0.36 -0.55 -0.38 
move down 2,63 0,15 3.89 0,15 - O i l  -0.46 -0.61 -0.42 

4 measured 3.38 0.28 6.34 0.24 
simulated 3.64 0.29 6.81 0,22 0.08 0.04 0.07 -0.08 
move up 3.68 0.29 6.23 0,21 0.09 0.04 -0.02 •0.13 
move down 3.14 0.24 5,92 t>.2l -0,07 -0.14 -0.07 -0,13 

5 measured 6.52 0.58 17.19 0.61 
simulated 8.19 0.58 18.21 0.49 0.26 0.00 0.05 -0.20 
move up 7,09 0.64 17.69 0,53 0,09 0.10 0.02 -0.13 
move down 8.75 0.58 16.45 0,52 0,34 0.00 -0.05 -0.15 

(Wticru (|c i.s liio the simulated peak discharge, qm is the measured one; Qc is the simulated ruiKiU'voliuo and Qni is lliu iiieaNured one. 
'sinmlaled' is the results from the simulation with only one rain gage data as the input. 
'move up' ond 'move down' arc the results from the input of stochastic rainfall with storm moving up or down stream direction.) 
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Figure 5.7(b) Simulated runoffofLH103 by using R83 data for event 7-12-75 

126 



simulated I measured runo at LH101 
event 7-17-75 

16 ~---------------------------------------------. 

12 

20 40 60 80 100 

time (min) 

1--· - simulated .....,.__ measured I 

Figure 5.8(a) Simulated runoff ofLHlOl by using R83 data for event 7-17-75 
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Figure 5.8(b) Simulated runoff ofLH103 by using R83 data for event 7-17-75 
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Figure 5.9(a) Simulated runoffofLHlOl by using R83 data for event 8-15-77 
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Figure 5.9(b) Simulated runoff ofLH103 by using R83 data for event 8-15-77 
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Figure 5.10(a) Simulated runoff ofLHlOl by using R83 data for event 8 18-84 
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Figure 5.10(b) Simulated runoff ofLH103 by using R83 data for event 8-18-84 
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Figure 5.11 (b) Simulated runoff of LH 103 by using R83 data for event 9-0 1-84 
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Figure 5.12(a) Evaluation of the model efficiency for LHlOl event 7-12-75 
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Figure 5.12(b) evaluation of the model efficiency for LH103 event 7-12-75 
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Figure 5.13(a) Evaluation of model efficiency for LHlOl event 7-17-75 
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Figure 5.13(b) Evaluation of model efficiency for LH103 event 7-17-75 
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Figure 5.14(a) Evaluation of model efficiency for LHlOl event 8-15-77 
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Figure 5.14(b) Evaluation of model efficiency for LH103 event 8-15-77 
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Figure 5.15(b) Evaluation of model efficiency for LH103 event 8-18-84 
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CHAPTER6 

SENSmVlTY ANALYSIS 
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The simulations and sensitivity analysis were carried out based on the five 

recorded storms. The primary objectives are to investigate two major questions; 

(1) the importance of modeling the stochastic space-time rainfall 

(2) to which parameters the distributed model is most sensitive? 

(2.a) in what combination of parameters the model might be most sensitive? 

(2.b) do they depend on the events? 

(2.c) do they depend on the catchment scale ? 

The first question is to investigate the sensitivity of model structure. Since in 

traditional rainfall-runoff simulation, the important features of rainfall field such as area 

reduction of rainfall intensity and storm movement are not taken account. Also here in 

such a small watershed, with the high resolution data, how important is it to allow the 

rainfall model to simulate a stochastic rainfall with storm movement? To answer this 

question, nonparametric statistical tests have been performed on the simulation results 

from the models with and without stochastic rainfall model component. 
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The second question is about the sensitivity of watershed parameters. The 

distributed hydrologic model requires an intenave data set, the answers to the second 

question would be very important for the data collection and parameter estimation. 

Based on the simulation of five storm events, the sensitivity analysis was 

performed for each event under different conditions. First, the input data were varied 

from one gage, two gages, and simulated stochastic rainfall with storm movement. Then, 

with a fixed input rainfall data fi'om one gage (R83) for that event, a single parameter was 

varied in a time in a simulation run. The hydrographs at LHlOl and LHI03 were 

recorded, and the simulation sensitivity was quantitatively assessed in terms of the change 

in peak discharge (equation 6.1), and in change of runoff depth (equation 6.2). 

Additionally, combinations of parameters were varied. Finally, the model sensitivity to the 

combination of varying a parameter and modeling stochastic rainfall was investigated 

under the different conditions. 

(6.1) 
Ho 

(6.2) 

In equation 6.1 and 6.2 the base value qo and Qo are the discharge (cfs) and runoff depth 

(in) at LHlOl and LH103 under the condition of only raingauge R83 data as the rainfall 

input. 
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6.1 A brief introduction of the simulation 

The five storm events used in the simulation are listed in Table 5.1 and plotted in 

Chapter 5. The first step is to perform the simulation with input data only from rain gauge 

R83. The simulated runoffhydrographs were plotted in Chapter 5. The simulated peak 

flow and runoff depth at LHlOl and LH103 are recorded as the base values for the 

sensitivity analysis. This is denoted as 'one gage' model in Table 6.1 to Table 6.5. 

Next, the simulation uses rainfall data from two gauges, R83 and R386. This is 

denoted as 'two gage' model in the following tables. The simulated peak flow and runoff 

depth at LHIOl and LH103 are compared with the base value obtained in 'one gage' 

model, as defined by equation (6.1) and (6.2). 

In the third step, the simulation input is the stochastic rainfall field with modeling 

of the storm movement, which is derived from the three gage data as demonstrated in 

Chapter 2. The movement is simulated along the down stream and upstream direction. 

For event 2 and event 4, the storm movement parameters were varied to simulate a case of 

data error caused by raingauge clock or data processing. 

Model sensitivity to some watershed parameters was investigated. The selected 

watershed parameters varied are the roughness factor of kinematic wave planes, and the 

saturated hydraulic conductivity. The detailed results and the analysis are presented in the 

next section. 



139 

6.2 Model sensitivity to the rain&U inputs 

The simulations for sensitivity analysis have been performed by varying input 

rainfall data sets. The simulated peak flow and runoff depth from 'one gage' model are 

used as the base values. Then the simulations are carried with rainfall inputs from two 

gage data, and from the simulated stochastic rainfall with storm movement to investigate 

the model sensitivity. 

6.2.1 Model sensitivity to the rainfall data from two raingauges 

The simulation uses the rainfall input data from two gages, R83 and R386. The 

simulation under this condition has been discussed in Section 5.4.2. For each of five 

events, the simulation results are summarized in Table 6.1 to Table 6.5. The peak flow 

rates and runoff volumes are also compared with the one gage data simulations. Both the 

difference between the simulated peak discharges and runoff volumes from simulation with 

one gage data or two gage data ranges from about 5% to 40%. The smallest difference 

occurs in the largest storm (event 2), only about 5% difference. 

6.2.2 Model sensitivity to the simulated stochastic rainfall with storm movement 

The simulation of the stochastic rainfall with storm movement for each event was 

implemented by the method described in Chapter 2. The simulated stochastic rainfall 

could move along a down stream or upstream direction, denoted as 'move down' and 

'move up' in the following tables. Then the distributed rainfall-runoff simulation is 

performed with the simulated stochastic rainfall. The simulated peak flow and the runoff 
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depth under this condition were compared with the base values with equation (6.1) and 

(6.2). Table 6.1 to Table 6.5 show the model sensitivity to the stochastic rainfall with 

storm movement for each event. For event 7-17-75, the analysis shows the storm did not 

move, however, according to Freimund (1992), the 6 hour raingage in practice has a 

potential error of 0.6 minute in starting time and 1.2 minute in elapsed time, thus the 

ma.\imum potential error could be about 2 minutes.. Therefore, for this event, the 

simulation was varied with 2 minutes, as the storm travel time between gage R83 and 

R386 (about 80 m / min.). 

The difierence between the peak flow from the stochastic rainfall input and the 

base value (one gage data) can be about 40%, the nmofiT volume can be about 50% for 

LHIO1. For LH103, peak flow can be about 35% different and runoff volume about 35% 

different. In general, compared with the base value, the peak flow was decreased because 

of the storm movement, since the maximum area intensity was reduced by the rainfall 

process in spatial and temporal distribution. 

As an example. Figure 6.1 shows the simulated runoff hydrographs from one gage 

data (no movement) and the ones modeling stochastic rainfall with storm moving. As in 

the above, the simulation was varied with 2 minutes and four minutes as the storm travel 

time (about 90 m/ min and 45 m / min.). In Figure 6. l-(a) five hydrographs at LHIO 1 

outlet were plotted. The 'no move' is the hydrograph produced by only R83 data as the 

input; 'move up' is the discharge simulated by modeling a stochastic storm moving along 

the upstream direction at the speed of about 45m / min (note: the estimated storm 

movement along its moving direction has a speed of about 53m/niin, along stream 
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direction is about 45 m/min for this event); while 'move up T has speed about 90m / min. 

Figure 6. l-(b) shows the same simulations as Figure 6. l-{a) except they are the plotted 

hydrographs at LH103 outlet. 

Here a stochastic rain&ll input is the combination of the random field and the 

storm movement, its impact to hydrograph shape is hard to predict. It is different from the 

movement of a determinant rainfall input, which impact to the shape of the hydrograph can 

be easily predicted by the moving direction. 
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Figure 6. l(a) Simulated hydrograph with one gage data (no move) and 
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Figure 6.l(b) Simulated hydrograph with one gage data (no move) and 
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6.3 Model sensitivity to the roughness &ctor N of kinematic wave planes 

Roughness factor N describes the plane hydraulic character of an overland flow. 

In semiarid lands, the overlanc flow resistance on hillslopes is very hard to observe and to 

measure. Estimation of plane roughness is difficult but very important to calculate 

overland flow velocity. The roughness factor N was varied by -30%, -15%, +15% to 

+30% on the base value Nm- Thus, for LHlOl, base value N™ = 0.10, varied to 0.07, 

0.085, 0.115 and 0.13. InLH103, N„ = 0.20 and varied to 0.14, 0.17, 0.23, and 0.26. 

The sensitivity of peak flow to roughness factor N for five events was plotted in Figure 

6.2-(a) for LHlOl and Figure 6.2(b) for LH103. It shows a change of plane roughness of 

30% could cause a change on peak discharge about 20% for a small runoff event, but only 

3% change in peak flow for event 2. This occurs because Event 2 is a very large storm 

(the largest rainfall recorded in Lucky Hills), and the rainfall quickly dominated the small 

watershed response. 

Figure 6.3(a) and (b) show the sensitivity of runoff depth to the roughness factor 

N for each events in LHlOl and LH103. The change of runoff depth is within 3% as the 

change of N varying from -30% to +30%. 

Table 6.1 to Table 6.5 list the model sensitivity to roughness factor N for each of 

five events. 



0.2 

0.15 

0.1 
~ a; 

~ 0.05 

'- 0 0 
<:) 

gp -0.05 
~ 
u 

-0.1 

-0.15 

-0.2 

-30 

Sensitivity of peak discharge to N 
LH101 

-15 0 

change of N (%) 
15 

J - event I - ! vent 2 -e-- event 3 _._ event 4 -a- event 5 I 

30 

Figure 6. 2( a) Sensitivity of peak discharge to N for LH 1 0 1 

-30 

Sensitivity of peak discharge to N 
LH103 

-15 0 

change ofN (%) 
15 

1- event I - event 2 -e-- event 3 _._ event 4 -a- event 51 

30 

Figure 6.2(b) Sensitivity of peak discharge toN for LH1 03 

144 



Sensitivity of runoff depth to N 
LH101 

0.05 .--------- - -------.-------------, 

0.025 -- ----- --- ----- ----- --- ---------------- ---- - -- -------------------------- -- -----

Cl 
'-' 
0 

-0.025 1 . ----------- --------- --------------- -- -- --- ---- -- -- --- -- ------------ ------------

-0.05 +-----+-----t----+----+----+----+----+----1 

-30 -15 0 15 30 

change ofN (%) 

1- event I - event 2 -e- event 3 _._ event 4 -B- event 51 

Fgiure 6_3(a) Sensitivity of runoff depth toN for LI-!101 

Sensitivity of runoff depth to N 
LH103 

0.05 ,-------------,-------------, 

0.025 

-0.025 -- - -- ---- -- -------- - - - ---- - ------------- ----- - - --------- --------------------.--

-0.05 +----+----+-----+----+-- --+-- --+----+--
-30 -15 0 15 30 

change ofN (%) 

1- event I - event 2 --G- event 3 _._ event 4 -B- event 51 

Figure 6.3(b) Sensitivity of runoff depth toN for LH1 03 

145 



146 

6.4 Model sensitivity to the hydraulic conductivity 

Many research investigations have been documented that there exists a significant 

spatial variability of the saturated hydraulic conductivity K.. The impacts to overland flow 

have been presented by studies of Smith and Hebbert (1979), Woolhiser and Goodrich 

(1988). Goodrich (1991) provided a detailed technique of how to calibrate K, based on 

the field soil sampling in Lucky (fills area, and how to estimate the log-normal probability 

distribution of K,. In this sensitivity analysis, K, was varied by -30%, -15%, +15% to 

-'-30%, (range fi'om 0.14 in/hr to 0.22 in/hr), to investigate the model sensitivity. 

Figure 6.4(a) shows the sensitivity of peak flow to K, in LHlOl and Figure 6.4(b) 

for LH103. In Figure 6.5(a), the impact of K, to the runoflf depth in LHlOl for 5 events 

are plotted, and Figure 6.5(b) for LH103. The impacts of K, to peak flow vary in difi^ent 

events. In LHlOl, for 5 events the change of the peak discharge is within 20%, but for 

LH103, the change of the peak discharge can be about 40% for event 4. This happens 

because LH103 is the downstream watershed, the change of its peak flow is impacted by 

both the change of K, and the change of its upstream inflow. 

The smallest impacts of K, to runoff hydrograph happen to event 2, which is the 

largest storm runoff event, the rainfall intensity overwhelming the infiltration process, 

therefore the change of K, has little effect on this runoff process. 

Figure 6.5(a) and (b), the impacts of runoff depth by K,, have the same trend as in 

Figure 6.4. For LHlOl, the change of runoff depth is within 25%, but for LH103 the 

largest change is about 40%. 
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6.5 Model sensitivity to N and K, in different events 
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From the graphics in the previous sections, we have seen the model sensitivity to 

both roughness factor N and hydraulic conductivity K, varying in different events. This 

can be observed more clearly in Figure 6.6(a) and Figure 6.6(b). Figure 6.6(a) shows that 

in LHlOl, the model sensitivity to both N and K, in different events against the event peak 

flow rate. Figure 6.6(b) is for LH103. 

Figure 6.6 also shows two important features. One is that the same change of K, 

has more impaa to the change of peak flow than caused by the change of N. The other is 

that the peak flow in small runoff events are more sensitive to N and K,. As the event 

peak flow increases, the impacts decrease in a nonlinear way, when the peak flow gets to 

above 10 (cfs) for LHlOl and 30 (cfs) for LH103, both the roughness N and hydraulic 

conductivity K» have little effects on the runoff process. The latter agrees with the work 

of Woolhiser et al (1996), "it is shown that runoff hydrographs are strongly affected by 

trends in hydraulic conductivity, particularly for small runoff events. Smith and Hebber 

[1979] mislabeled outflow hydrographs, resulting in incorrect conclusions about the 

effects of linear trends in K,." 
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6.6 Model sensitivity to pai ameter combination 

From the above sensitivity analysis and following the physical reasoning, we see a 

clear trend. As K, increases, the runoff will decrease; while as plane roughness decreases, 

the peak discharge will increase. Is the impact of the combination of these two parameters 

complementary variation? The simulations were performed for each event under the 

condition of the two parameter complementary change 30%, e.g. roughness N varying 

+30% while K, changing -30%, and the situation of N -30% and K, +30% . The results 

are in Table 6.1 to Table 6.S As an example, the hydrographs in those simulations for 

event 8-18-84 are plotted in Figure 6.7(a) and (b) for LHlOl and LH103. With those 

simulations, we can see hydraulic conductivity dominates roughness effects for overland 

flow. This is helpftil for the plaiming of future data collection. 
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6.7 Kolmogorov-Simirnov test for model sensitivity to storm movement 

« 

For each event, the simulation results with stochastic rainfidl inputs and storm 

movement were discussed in Chapter 5 and Section 6.2. In order to further investigate the 

importance of modeling stochastic rainfall with storm movement, a series of simulations 

were conducted under the condition of varying K, at the same time using stochastic rainfidl 

input with storm movement. Figure 6.8 shows an example of the simulated hydrographs 

of Event 4 in LHIOI and LH103, under the condition of K, varying +15% only and under 

the condition of varying K, at the same time the input using the stochastic rainfall with the 

storm moving to down stream direction. The model sensitivity to varying K, without 

stochastic input (input is gage R83 data only), and its sensitivity to varying K, plus 

stochastic input with storm movement ( moving to down stream and upstream direction), 

are listed in Table 6.1 to Table 6.5 for five events. 

In a watershed (LHlOl or LH103), for each event, Ej, (i = I, 2,5 events), 

simulation under condition Q, ( j = 1, 2, 3, 4, denote the condition of K, -15%, -30%, 

+15% and +30% using only one gage data), the model sensitivity is denoted as X^. For 

example, Xn is the sensitivity of peak flow to K,-15% for event 1. Let be the model 

sensitivity to storm movement ( m=l for moving down stream and 2 for moving upstream 

direaion), under the condition Q for event Hi. An example here is that, Y321 is the 

model sensitivity for event 3 to ( K, -30%) with storm moving down stream direction. 

The sample method will be illustrated through the following example. From the 

Table 6.1 to Table 6.5, for LHlOl, first we take the sensitivity of peak flow to (K, -15%) 



154 

for each of five events, this is under the condition Ci, then we have a sample set X = { 

Xii, X21,Xsi }, since each element of X is firom a different event (and different base 

value), they are independent to each other, but under the common condition of K, reduced 

15%. Then for each of five events, we take the sensitivity of peak flow to (K, -15%) 

under the condition of ( K, -15%) and stochastic rainfall input with storm moving to 

down stream direction, thus, we have another sample set Yi = { Ym, Y211,..., Ysu }. 

Similarly we can have another sample set Y2 = { Y112, Y212, Ysi2 } which is for a storm 

moving upstream direction. Since the element of Y is fi'om the different event, they are 

independent to each other; and Y is the result of the stochastic random field inputs, thus, 

Y is independent to X even though they share the common K,. Therefore, the 

nonparametric statistical test can be performed to test if X and Y are fi-om the same 

distribution. Figure 6.8(a) and (b) show an example of this kind of sample and analysis, 

where the model sensitivity of peak flow of five events to the K,-I5% with and without 

stochastic rainfall with storm movement are plotted against the event peak flow. 

For each watershed, at each K, level (one of condition]), for the sensitivity of 

peak flow, following above sample method, we have three sample sets, X (without storm 

moving), Yi (storm moving down stream), and Y2 (storm moving upstream). Let { Xy, 

X2j,..., Xsj} be a random sample fi-om a population with distribution F(x), let { Yiji, Y2ji, 

Ysji } be an independent random sample fi'om a population with distribution G(x), 

where F(x) and G(x) are unknown, Kolmogorov-Simimov two sample test is performed to 

test 
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Ho:  F(x)  =  G(x)  for  a l l  x ,  versus  Hi :  F(x)  ^  G(x) .  

This is to test the sensitivity of peak flow to the stochastic rainM with storm moving in a 

down stream direction; while repeating the above procedure, we can test the sensitivity 

of peak flow to storm moving upstream direction. Similarly, we can test the sensitivity of 

runoff depth to stochastic rain£dl with storm moving. 

For both LHlOl and U1103, for both peak flow and runoff depth, at each of four 

K, levels ( ±15%, ±30%) and the storm moving in two directions (a total 32 different 

conditions), the above Kolmogorov-Simimov two sample test was performed. At 0.1 

level, the test rejected the null hypothesis. Thus, the model sensitivity to the stochastic 

rainfall inputs with storm movement is statistically different from it with only one raingage 

input. 
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6.8 Conclusions 

Several conclusions can be drawn from the simulation and sensitivity analysis. 

First, about the model structure, the simulation results and the sensitivity analysis 

have shown that it is importam to model the stochastic rainfall with storm movement in a 

distributed hydrologic model. The nonparametric statistical tests show that for both 

runoff peak flow rate and runoff volume, statistically there is a significant difference 

between modeling stochastic rainM with storm movement and modeling rainfall with only 

one gage. The effects of the storm movement, in general, reduce the area maximum 

rainfall intensity, therefore reducing the runoff peak flow rate, compared to the use of a 

single rain gauge. In LHIO1, the difference in the peak flow rate can be about 40%, in 

runoff depth about 50%. In LH103, In LHlOl, the difference in both the peak flow rate 

and runoff volume can be about 35%. 

Secondly, about the model sensitivity to the watershed parameters, the model is 

most sensitive to hydraulic conductivity K, in small nmoff events, but not for a large 

runoff event. The effect of K, to runoff process depends on the event. 

The plane roughness directly impacts the calculation of kinematic wave overland 

flow, the effects of roughness factor N to peak discharge depends on the events. Its 

effects can be dominated by K, when both are varying complementarily. 

The model sensitivity to hydraulic conductivity K, and roughness factor N both 

depend on the events. This demonstrates the model complexity in distributed hydrologic 

modeling. The runoff peak flow in small runoff events is more sensitive to K, and N, as 
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the event peak flow increases, the impacts decrease in a nonlinear way. When the peak 

flow gets to above 10 (cfs) for LHlOl and 30 (cfs) for LH103, both of roughness N and 

hydraulic conductivity K, have little effects on the runoff process. 

Table 6.1 to Table 6.5 summarize the above sensitivity analysis for each of five 

events. 



Tabic 6.1 Suminao' of (he sensitivity analysis for event 1(7-12-73) 

LIIIOI LIIIOI MII03 1.III03 UllOl UIIOI LI 1103 Lin03 
q pk (cfs) Q^v(in) q_ pk (cfs) Q v(m) (q - qo)/qo (Q-Qo)/Qo (q - qo)/qo (Q-Qo)/Qo 

one gauge 6,93 0.43 12.94 0.35 

Iwd gaguc 6,93 0.43 13 67 0..36 0,00 0,(M) 0.06 0.03 

iiiHVu up 6,64 0.47 12,79 0,35 -0(M 0,09 •0.01 0.(H) 
move down 6,79 0.42 11,48 0,36 -0,02 -0.02 -0.11 0,03 

N -15"/. 7.34 0.43 14,22 0,35 0.06 0,00 0.10 0.00 
N '30% 7.99 0.43 15,89 0,36 0.15 0,00 0.23 0,03 
N +15% 6.36 0.42 11,87 0,34 -0.08 -0,02 -0.08 -0,03 
N +30% 6.00 0.42 10.97 0,34 -0.13 -0,02 -0.15 -0,03 

K8-I5% 7.46 0.47 14.59 0,39 0.08 009 0.13 0,11 
Ks-30?b 8.05 0.51 16.16 0,43 0.16 0,19 0.25 0,23 
Kstl5% 6.23 0.39 11.48 0,31 -0,10 -0,09 -Q.ll -0,11 
Ks +30% 5.83 0.37 10.17 0,28 -0,16 -0.14 -0.21 -0,20 

N -30% and Ks +30®/u 7.04 0,37 12.68 0,28 0.02 -0,14 -0.02 -0,20 
N+30% and Ks-30% 7.16 0,51 13.9 0,42 0,03 0,19 0,07 0,20 

Kn -1 S'io and siorni move down 7..VJ 0.46 12,71 0,4 0()7 (»,07 -0.02 0,14 
Ks -IS'/o and slonn move up 7.08 0.51 14,23 0,4 0,02 0.19 0.10 0.14 
Ks -30% and slonn move down 8 0.51 14,29 0,45 0.15 0,19 0.10 0.29 
Ks •30t b and slonn move up 7.68 0.56 15.6 0,44 0.11 0,30 0.21 0.26 

Ks +15% and slorm move down 6.35 0.38 10.16 0,33 -0.08 -0,12 -0.21 -0.06 
Ks i 15% and slonn move up 6.14 0.43 11.42 0.32 -0.11 0,00 -0.12 -0.09 
Ks 130% and slorm move down 5.95 0,36 9,15 0,29 -0.14 -0,16 -0.29 -0.17 
Ks ^ 30% and slonn move up 5,79 0.4 10.23 0,28 -0.16 -0,07 -0.21 -0.20 

(T* 
o 



Tabic 6.2 Sunuiiar)' of ihe sensitivity analysis for event 2(7-17-75 ) 

UllUl UllOI Lni03 LI 1103 1.11101 UllOI LI 1103 LH103 
q_pk(cfs) Q_v(in) q^pk (cfs) Q.v(in) (q - qo)/qo (Q-Qo)/Qo (q • qo)/qo (Q^QoyQo 

one gauge 13.95 2.(H 40.74 1,92 

two gague 13.95 2.04 39.56 1,85 0.000 0,(H)0 -0,029 -0,036 

move up 13.52 2.18 39.59 2.01 -0.031 0,069 -0.028 0,047 
move down 14.88 2.12 39,83 2.01 0.067 0,039 -0.022 0.047 

N -15% 14.22 2.04 41,24 1.92 (U)19 0.000 0.012 O.(HM) 
N -30% 14.36 2,04 41,38 1.92 0.029 0.000 0.016 0.000 
N 1^15% 13.58 2.04 40,74 1.92 -0.027 0.000 0.000 0.000 
N 130% 13.57 2.04 40,45 1.92 -0.027 O.O(K) •0.007 0.0(M) 

K8-15% 14.29 2.11 41,56 1.99 0.024 0.034 0.020 0.036 
K8-30% 14.75 2.19 42,26 2.06 0.057 0,074 0,037 0,073 
Ks +15% 13.50 1.98 40.04 1.85 -0.032 -0,029 •0,017 •0.036 
Ks +30% 13.36 1,94 39.45 1.79 -0.042 -0,049 •0,032 •0,068 

N-30% and Ks +30% 14.02 1.94 39.95 1.8 0.(H»5 -0,049 -0,019 •0,062 
N+30% and Ks-30% 14.17 2.19 42.1 2,06 0.016 0,074 0,033 0,073 

Ks -15% and slonn move down 15.08 2.19 40.67 2,08 0.081 0,074 •0,002 0.083 
Ks -15% and storm move up 14.02 2.25 40.41 2,09 0.005 0,103 •0,008 0,089 
Ks -30% and storm move down 15.72 2.27 41.51 2,15 0,127 0,113 0,019 0,120 
Ks -30% and storm move up 14.48 2.32 41,47 2,15 0.038 0,137 0,018 0,120 

Ks * 15% and slorni move down 14,66 2.06 39,06 1.94 0.051 0.010 •0.041 0,010 
Ks i l5''/'o and slonn move up 13.16 ill 38,7 1.94 -0.057 0.034 •0,050 0,010 
Ks )30% and slonn move down 14.51 2.02 38,22 1.88 0.040 -0,010 •0,062 •0,021 
Ks < 30''/o and slonn move up 12.94 2.07 37,91 1.88 -0,072 0,015 •0,069 •0,021 

H 



Table 6.3 Summary of the sensitivity analysis for event 3 ( 8-15-77 ) 

LH101 LH101 LH103 LH103 LHIOl LH101 LH103 LH103 
q_pk (cfs) Q_ v (in) q_pk (cfs) Q_v (in) (q- qo)/qo (Q-Qo)/Qo (q- qo)/qo (Q-Qo)/Qo 

one gauge 4.06 0.29 6.72 0.23 

two gague 4.06 0.29 5.04 0.16 0.00 0.00 -0.25 -0.30 

move up 2.35 0.18 4.43 0.16 -0.42 -0.38 -0.34 -0.30 
move down 2.63 0.15 3.89 0.15 -0.35 -0.48 -0.42 -0.35 

N -15% 4.35 0.30 7.47 0.23 0.07 0.03 0.11 0.00 
N -30% 4.85 0.30 8.49 0.23 0.19 0.03 0.26 0.00 
N +15% 3.75 0.29 6.10 0.23 -0.08 0.00 -0.09 0.00 
N +30% 3.42 0.29 5.59 0.23 -0 .16 0.00 -0.17 0.00 

Ks -15% 4.54 0.33 7.83 0.27 0.12 0.14 0.17 0.17 
Ks -30% 5.05 0.38 8.91 0.31 0.24 0.31 0.33 0.35 
Ks +15% 3.54 0.26 5.73 0.19 -0.13 -0 .10 -0.15 -0.17 
Ks +30% 3.24 0.24 4 .93 0.17 -0.20 -0.17 -0.27 -0.26 

N -30% and Ks +30% 4.01 0.24 6.32 0.17 -0 .01 -0.17 -0.06 -0.26 
N + 30% and Ks -30% 4.25 0.37 7.51 0.3 0.05 0.28 0.12 0.30 

Ks - I 5% and storm move down 3.05 0.18 4.35 0.18 -0.25 -0.38 -0.35 -0.22 
Ks - I 5% and stonn move up 2.64 0.21 5.2 0.19 -0 .35 -0.28 -0.23 -0.17 
Ks -30% and storm move down 3.42 0.22 5.21 0.2 -0.16 -0.24 -0.22 -0.13 
Ks -30% and storm move up 3.19 0.26 5.98 0.21 -0.21 -0.10 -0.11 -0.09 

Ks + 15% and storm move down 2.28 0.13 3.56 0.13 -0.44 -0.55 -0.47 -0.43 
Ks + 15% and storm move up 2.1 0.16 3.8 0.14 -0.48 -0.45 -0.43 -0 .39 
Ks + 30% and stonn move down 2.18 0.12 3.14 0.12 -0.46 -0.59 -0.53 -0.48 
Ks + 30% and storm move up 1.95 0.14 3.34 0.12 -0 .52 -0.52 -0.50 -0.48 

~ 
0'1 
N 



I'ublc 6.4 Summnry v)f the sensitivity analysis l\)r event 4 { 8-18-84 ) 

l.lilOl i.lllUI Liil03 1.11103 l.lilOl l.lilOl 1.11103 1,11103 
q_pk (el's) Q_v(in) q_pk (cfs) Q_v (in) ((| - qoVqo ((^•(ioVCJo (q - qo)'qo ((>(Jo)'(Jo 

one gauge 3,64 0.29 6,81 0.22 

Itvu gagiic 3.64 0,29 6,20 0.20 000 0.00 -0.09 •0,09 

move up 3.68 0.29 6,23 0.21 0.01 0.00 -0.09 •0,05 
move down 3.J7 0.24 5,13 0.21 -0.13 -0,17 -0.25 •0,05 

move up 1 3.82 0.29 6,49 0.21 0,0s 0.00 -0.05 •0,05 
move down 1 3.14 0.24 5,92 0.21 •0.14 -0,17 -0.13 •0,05 

N -ISfb 3,77 0.29 7,44 0.22 0.04 0,00 0.09 0,00 
N -30% 3.94 0.29 8.16 0.22 0.08 0,00 0.20 0,00 
N tlS% 3,55 0.29 6,33 0.22 -0.02 0,00 -0,07 0,00 
N t30% 3.41 0.29 5,87 0.22 -0.06 0,00 -0,14 0.00 

Ks-15% 4.00 0,32 8.21 0.26 0.10 0,10 0,21 0.18 
Ks -30% 4.32 0.36 9.80 0.30 0.19 0,24 0,44 0.36 
Ks+15% 3.27 0.25 5,48 0.18 -0.10 •0,14 -0.20 •0.18 
Ks +30% 2.99 0,23 4.54 0,)5 -0.18 -0,21 -0.33 -0,32 

N-30% and Kii^ 30% 3.29 0.23 5.5 0,16 -0.10 •0,21 -0.19 -0,27 
N+30%andKs-30»/o 4,14 0.35 8.49 0,3 0,14 0,21 0,25 0.36 

Ks -15% and slonn move down 3,55 0.28 6,32 0,25 -0.02 -0,03 -0,07 0,14 
Ks -1 S% and storm move up 4.05 0,33 7.38 0.25 0,11 0.14 0,08 0,14 
Ks •30Vo and slonn move down 4.05 0,33 7.44 0.29 0.11 0,14 0,09 0,32 
Ks -w/t and storm move up 4.38 0,37 8,48 0.28 0,20 0,28 0,25 0,27 

Ks • 1 S'io and storm move down 2.81 0.21 4.08 0,17 •0,23 -0.28 -0,40 •0,23 
Ks 1130/0 and storm move up 3.3 0.25 5,15 0.17 •0.09 -0.14 -0,24 -0.23 
Ks t JO^j) and storiii move down 2.58 0,19 3.42 0.14 -0.29 -0.34 -0,50 -0,36 
Ks 130% and storm move up 3.08 0,23 4.33 0.14 -0.15 -0.21 •0,36 -0,36 



Tabic 6.5 Summar>' of ihc scnsilivily analysis for event 5 ( 9-01-84 ) 

I.IIIOI LIIIOI 1.11103 I.I1UI3 Lino)  i . inoi  i,HI03 Ul)03 

iLJik (cfs) Q_v (in) qj)k (el's) Q_v(in) ((J - noVijo (Q-Qo)/Qo (n - q0)/40 (Q-goVOo 

one guugc 8.19 0 58 1821 0.49 

two gague 8.19 0.58 25,48 0.68 0.00 0.00 0.40 0.39 

move up 7.09 0.64 17,69 0.53 -0.13 0.10 -<).03 0.08 
move down 8.75 0.58 16.45 0,52 0.07 0.00 -0.10 0.06 

N -15% 8.49 0.58 19.58 0.49 O.IH 0.00 0.08 0.00 
N -30% 8.66 0.58 21.27 0,50 0.06 0.00 0.17 0.02 
N +15% 7.93 0.58 16.85 0.49 -0,03 0.00 -0.07 0.00 
N +30% 7.66 0.57 15.81 0.49 -0.06 -0.02 -0.13 0.00 

Ks-15% 8.68 0.62 19.98 0.54 0,06 0.07 0.10 0.10 
Ks -30% 8.96 0.66 21.44 0,58 0,09 0.14 0.18 0.18 
Ks+15% 7.74 0.53 16.38 0.45 -0.05 -0.09 -0.10 -0.08 
Ks +30% 7.45 0.51 14.87 0.41 -009 -0 12 -0.18 -0.16 

N-30%umlKs+30% 8.12 0.51 17.9 0.41 -O.IM -0.12 -0,02 -0.16 
N+30% and Ks-30% 8.63 0.68 19.1 0.59 005 0.17 0,05 0.20 

Ks -15% uiid storm move down 9.11 0.63 17.97 0,57 0,11 0.09 -0.01 0.16 
Ks -15% and stonn move up 7.52 0.69 19.22 0.58 -0,08 0,19 0.06 0.18 
Ks -30% uud slonn move dowi\ 9.65 0.68 19.37 0.62 0,18 0,17 0.06 0.27 
Ks -30% and slonn move up 8.05 0.75 20.7 0.62 -0,02 0,29 0,14 0.27 

Ks +15% and slonn move down 8.3 0.54 15 0.48 0.01 -0.07 -0.18 -0.02 
Ks +15% and stonn move up 6.61 0.6 16.06 0.48 -0.19 0.03 -0,12 -0.02 
Ks +30% and slonn move dawn 8.01 0.51 13.84 0.44 •0.02 -0.12 -0,24 -0.10 
Ks +30% and slonn move up 6.41 0,57 14.74 0.45 -0.22 -0.02 -0.19 -0.08 
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CHAPTER? 

DISCUSSION AND CONCLUSIONS 

7.1 Summary 

En order to perform a high resolution, stochastic, distributed, physically-based 

hydrologic simulation, an integrated simulation system was developed in this research. 

The integrated simulation system consists of the three subsystems; a stochastic space-time 

rainfall model, a GIS engine and a distributed physically-based hydrologic model. 

The developed stochastic space-time rainfall model is capable of estimating the 

storm movement and simulating a random rainfall field over the study area, based on the 

measurement fi'om three gauges. The rainfall model consists of two parts, estimation of 

storm movement and modeling the stochastic rainfall process. Both spatial and temporal 

distributions have been considered in the model. Compared to the other existing 

stochastic rainfall models, this one has several advantages. For instance, for the estimation 

of storm movement, the optimization-based lag-k cross-correlaiiou method is objective 

and automatic. The observed storm data show the approach works well for a multiple-

peak rainfall pattern. In addition, the simulation of a stochastic rainfall process in this 

model is much simpler than the GW(79) model and the RE(87) model for simulation of the 

stochastic rainfall field. More important, at each time interval, equation (2.27) has the 
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observation Ri(i) as a "base" value available for simulated point value, and the parameters 

for the stochastic model are derived from the measured data, those make the simulation of 

a stochastic rainfall process more reliable. 

Distributed physically-based hydrologic modeling requires extensive data. To 

process the large amount of spatial data, a GIS tool was integrated into this simulation 

system. ARC/INFO has been applied to automatically extract the spatially distributed 

parameters for hydrologic modeling. Digital elevation modeling techniques were used to 

process a high resolution digital map, then delineate a stream network; delineate the 

drainage basin boundaries; and partition a basin into a set of hydrologic response units 

(HRU), such as overland flow elements and channel segments. For each HRU, the GIS 

determines the topographic parameters (slope, aspect, width, length) and organizes non-

topographic hydrologic parameters. The application shows GIS is a powerful tool to 

organize, process and visualize the spatial information. 

A distributed physically-based hydrologic model, operated in Ei£C-l, simulated the 

stochastic, distributed, interrelated hydrological processes. The Green-Ampt equation is 

used for modeling the infiltration process, kinematic wave approximation for infiltration-

excess overland flow, and the diffiision wave model for the unsteady channel flow. 

Using five recorded storm events, 112 simulations were performed under a variety 

of conditions. For two watersheds, for runoff peak flow and runoff depth only, 448 

simulation results were reported in Table 6.1 to Table 6.5. Both model structure and 

catchment parameter uncertainties were investigated in the sensitivity analysis. The 

statistical tests for the simulation results show that even in such a small watershed, with 
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high resolutton data, it is important to model stochastic rain£iil with storm movement, 

which caused a significant change in runoff peak flow and runofif depth from that where 

the input is only one gage data. The sensitivity of runoff peak flow and nmoff volume to 

roughness factor N and hydraulic conductivity K. were intensively investigated. The 

results show that the roughness coefficient and hydraulic conductivity are very sensitive to 

the small rainfall nmoff events, but not for large storm events. As the runoff peak flow 

rate increases, the impacts of roughness faaor and hydraulic conductivity to the peak flow 

decrease in a nonlinear way. As the peak flow gets to a threshold value for a watershed, 

above lO(cfs) for LHlOl and above 30(cf5) for LHI03, both roughness factor and 

hydraulic conductivity have little effects to the runoff processes. 

Since the model is physically-based, its advantage is that, even in a very complex 

situation, we can closely trace the 'cause and effects' in detail. 

7.2 Major conclusions 

Based on the summary and discussion, several major conclusions can be drawn 

from this research. 

(1) Integration of a stochastic rainfall model, GIS and distributed physically-

based hydrologic modeling successfully provided a new simulation 

environment to investigate the dynamic behavior of the complex hydrologic 

processes and their uncertainties. By comparing the simulation results to the 

measured runoff in five recorded storms, the integrated simulation system 

has performed consistently very well. Without this integrated system, many 
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complex simulations carried out in this research would be very difficult to 

perform. 

(2) In such a small watershed, the simulation and sensitivity analysis show that it 

is important to model a stochastic space-time rainfall with storm movemem. 

For five recorded storms, more than one hundred simulations under a variety 

of conditions were carried out. The statistical tests show that for the change 

of the peak flow and runoflT volume, there is a significant difference between 

the mode with a stochastic rainfall with storm movement and the one with 

only one gage data as input. In general, the storm movement reduces the 

runofif peak flow rate, since the maximum area intensity is reduced. 

(3) The developed optimization-based Lag-k correlation method has been 

applied to estimate the five recorded high intensity storms, and the results 

show that four storms moved at the speeds ranging from 20 m/min to 100 

m/min. One storm did not move. 

(4) The developed stochastic rainfall model was applied to the five recorded 

storms, and the recorded data and the statistical tests support the model 

assumption in this two stage stochastic rainfall model. 

(5) GIS is a powerful tool to process and organize the large amount of spatial 

data for distributed physically-based hydrologic modeling. The basin 

topographic characteristics delineated by digital elevation modeling technique 

agree well with the manual work on 1 ;5000 orthophoto. The small channel 



features were unable to be captured by GIS, because the lOm x 10m OEM is 

not fine enough to capture those narrow channels. 

(6) Saturated hydraulic conductivity K, is one of the most important parameter 

to be estimated in the distributed hydrologic model. RainM-runoff 

simulation is very sensitive to and is a dominating factor for the small 

nmoflf events. 

(7) The roughness coefiScient directly impacts the calculation of kinematic wave 

overland flow, but the its efi^ on peak discharge could be dominated by 

when they are vary complementarily. 

(8) The impacts of N and K, to runoff peak flow both depend on the events, as 

the runoff peak flow increases, the efifects decrease in a nonlinear way. 

There exists a threshold value, when the storm is very large, as the runoff 

peak flow get to above that value, 10 (cfs) for LHIO1 and 30(cfs) for 

LH103, the runoff is no longer sensitive to N and K,. 

The major contributions 

Based on the above work, the major contributions can be identified as the follows; 

( I )  An opt imizat ion-based lag-k cross-correlat ion method was developed for  

estimating storm movement parameter. Its advantages are objective, 

automatic, and working well for multiple-peak rainfall pattern. 



(2) A stochastic space-tiine rain&U model was developed. It incorporates the 

point measurement at each time step, considering the storm movement, its 

parameters were estimated from the measurement data. It is much easier to 

implement compared with the other existing stochastic rainfiUl field models. 

(3) An integrated stochastic, distributed, physically based hydrologic simulation 

system was developed. This integrated system presents a new simulation 

environment to investigate the complex interrelationship of hydrologic 

processes. The system simulated the stochastic rainfall field with the storm 

movement, which has been missed in the other existing hydrologic simulation 

systems to model the rainfall-runoff process in semiarid area. A set of GIS 

approaches developed in this research processed the large amount of spatial 

data with high resolution, those will benefit the fiiture research and 

application. Developed in this research, a set of simulation implementations 

of the stochastic distributed model designed in HEC-1 are readily usable for 

high resolution flood control projects. Finally, the implemented integration 

of the stochastic rainfall model with the physically-based hydrologic model 

makes it easy to trace the "cause and effects" inside of the watershed 

simulation, and support an intensive study even in a data-limiting situation. 

7.4 Discussion and recommendation for the future research 

All of our efforts are constrained by the data. The high quality rainfall data play a 

crucial roie in the rainfall modeling. If more raingauge data could be available in this area. 
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the rainfall model could be improved greatly. The time series analysis method developed 

in this research can be applied directly to a multiple gage data analysis. The channel data 

is most difficult to estimate by digital elevation modeling. The channel bed slope and 

cross section data could be estimated by the sub-grid parameter estimating. The hydraulic 

conductivity is crucial for the infiltration process, while the method to estimate this 

parameter needs further study. 

GIS is powerful in processing the spatial data, but not convenient for time series 

data. The techniques to efficiently handle time varying data in GIS needs to pay more 

attention. 

This integrated simulation system is recommended to be tested with more rainfall 

events, and in other watersheds with different size and different resolution. 
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