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Executive Summary

Sediment loads from construction sites can be much greater than those from agricultural lands.
The development of sediment control plans is therefore important in reducing the potential
environmental impact of construction activities. Urban planers and engineers have a plethora of
choices of onsite and offsite sediment control measures. The Watershed Assessment Tool for
Environment Risk (WATER) model was developed to be atool to assess the effectiveness of
different sediment control practices. The WATER model evaluates risk by performing many
simulations of construction site erosion for possible weather scenarios.

A particularly important component of the WATER model is the prediction of daily weather and
storm characteristics. This prediction is done using a stand alone sub-module called the WINDS
(Weather Input for Nonpoint Data Simulations) model. The WINDS model has routines to
determine the statistical parameters of daily climate variables as well as intra-storm
characteristics. Datafrom more than 200 climate and 200 15-minute precipitation stations have
been analyzed, and the results have been stored in convenient files that are available to usersto
predict weather at their construction sites. The WINDS model uses algorithms to predict
weather with the same statistical characteristics as those observed. A particular important
algorithm is the methodology used to predict storm hyetographs. The WINDS model also allows
the user to incorporate 5-day forecast information into the predictions. Predicted weather and
storm characteristics were compared to those observed and were found to be in very good
agreement.

Many years of possible weather conditions can easily be obtained with the WINDS model. The
WATER model then converts this weather information into predicted sediment losses from
construction sites. The key processes for this conversion are processes related to surface runoff,
plant growth and evapotranspiration, and erosion and sediment transport. Since there is no one
best modeling approach for all sites, the WATER model allows the user to select different
modeling algorithms for most of the processes. The modeling approaches range from largely
empirical relationships to fundamental process-based models. The selection of the best model is
dependent on the availability of parameters and conditions at the construction site.



Chapter 1
| ntroduction

Background I nfor mation

Sediment loads from construction sites can be much greater than those from agricultural
lands (Gray and Sotir, 1996). The development of sediment control plans is therefore
important in reducing the potential environmental impact of construction activities. Urban
planers and engineers have a plethora of choices of onsite and offsite sediment control
measures. Choices for onsite control include mulches, erosion control blankets, vegetative
sod and infiltration-enhancing practices. Detention ponds, infiltration basins, bioretention
cells, and vegetative buffers are examples of offsite sediment control practices.

Different sediment control strategies are conveniently evaluated using simulation models.
Current models typically predict erosion and sediment transport using concepts originally
developed for agricultural landscapes. This approach presumes similar fundamental
processes between the two different land uses that can be represented by the proper selection
of parameters. New and innovative predictive techniques for sediment control practices are
likely necessary to meet the needs of the construction sector.

Minnesota Department of Transportation (Mn/DOT) and the Minnesota Loca Roads
Research Board (LRRB) have provided funds to the principal investigator to study the
usefulness of erosion control blankets and to explore fundamental detachment process.
Extrapolating this information to the myriad of construction conditions in Minnesota requires
atheoretical framework that links together the many factors influencing erosion. One
important factor is highly variable weather conditions.

Overview of M odeling Concepts

Scale is an important issue in the development and use of models. Different definitions of
scale can be found in the literature. 1t will defined here as atime duration or length
dimension corresponding to a process, an observation or amodel. Process-based models can
be grouped by the scale at which they represent processes. Rigorous models typically
represent processes at arelatively small scale. The overall response of alarger systemisthen
obtained by linking the results from these small-scale processes. Parameters with this
approach are considered to be fundamentally-based and therefore applicable to a wider range
of problems. An example of an erosion model at the fine scale is the detachment model of
Wilson (1993). Herethe turbulent detachment forces acting on individual particles are
considered in the erosion process.

Rigorous modeling approaches often are faced with estimating parameters from observed
datathat are gathered a different scale than the model. Interpretation of parameter values
then becomes more difficult. Additional problems also emerge with the linking of many
small scale processes for nonlinear systems. For such systems, relatively small errors a the
process level grow resulting in poor predictions of the overall system. An alternative to



predicting small-scale processes is to develop models corresponding to the observational or
the decision-making scale of interest to the user. The framework and parameters for this
approach are for the cumulative impact of complex small-scale processes. The use of this
type of larger scale model to other applications is only appropriate if interactions among
small-scale processes for these new applications are similar to the original data set. The
Universal Soil Loss Equation (Wischmeier and Smith, 1965) is an example of an erosion
model developed at the observational scale of the erosion plots from which the parameters
are defined. The erodibility parameter here includes the integration of small-scale processes
affecting particle detachment as well as those processes affecting infiltration.

The uniformity of model complexity among different components is another important
consideration in model development. The “uniform slop” approach uses the same level of
complexity for all components of the model. The overall accuracy of the model is inherently
assumed to be determined by the accuracy of the weakest component. A rigorous
representation of a process is not warranted when its input comes from a crudely represented
component, succinctly captured by the adage “garbage in, garbage out”. An alternative to
this philosophy is, however, appropriate if the response or management decisions are
particularly sensitive to one of the components. Greater effort in modeling that component
may then be the best approach.

The availability of model parameters and the model sensitivity to potential error in these
parameters are also important factors in the selection of modeling algorithms. Insight into
the role of these two factors can be obtained from afirst-order analysis for independent
parameters. The uncertainty in predictions is defined as (Garen and Burges, 1981)

Var) =g S VAR(b) (1.1)
i=1
wheren isthe model result, b’ s are model parameters, S isthe sensitivity coefficient for
parameter by, VAR(l) isthe variance of the parameters and n is the number of parameters.
The sensitivity coefficient is defined as the change in model results per change in parameter
value.

The importance of parameter selection can be explored using Equation 1.1. A large variance
reflects large uncertainty in predicted results and corresponds to alack of confidence in
drawing conclusion from simulated results. From Equation 1.1, confidence in predicted
values is dependent on small variances (uncertainty) of parameters, small sensitivity
coefficients, and/or small number of parameters. Rigorous models inevitably have more
parameters than simple models. To have the same level of confidence, the sensitivity
coefficients and/or the uncertainty of the parameters must then be reduced when using a more
rigorous model to compensate for alarger n in Equation 1.1.

To summarize, the selection of models is dependent on the ability of the user to determine
parameter values and the rigor of representing important processes. Although rigorous
models are intellectually appealing for representing processes, they typically have many
parameters that are frequently unknown. Application to a particular site is then difficult. In
contrast, simple models of erosion have only a few parameters, but these parameters are
likely derived from agricultural data. In addition, simple models do not capture important



components of erosion and sediment transport. They are then unable to adequately assess the
effectiveness of alternative sediment control practices. Models for construction sites
therefore need to have parameters that can be determined for site conditions and also be
sufficiently rigorousto allow sediment control practices to be evaluated.

Objectives of the Study

The overall goal of the proposed study isto develop arisk assessment tool for erosion from
construction sites. Risk assessment is based on the impact of possible weather conditions on
the effectiveness of different erosion control strategies. The specific research objectives are:

(1) To assess the needs and demands of erosion control practitioners working with
construction projects

(2) To develop asimulation tool that allows practitioners to evaluate the risk of erosion on
construction sites and that has a suitable framework to allow for easy expansion to meet
the future needs of the road construction industry, and

(3) To evaluate the usefulness of the simulation tool using the experiences of seasoned
erosion control professionals.

The general framework of the model is given in Chapter 2. This includes information
received from erosion control practitioners by Objective 1. A description of the important
sub-module to predict weather scenario is given in Chapter 3. The modeling approach used
for hillslope processes is given in Chapter 4. An overall summary and conclusions are given
in the final chapter.



Chapter 2
Overview of the WATER Model

I ntroduction

The simulation tool for risk assessment is called the Watershed Assessment Tool for
Environmental Risk (WATER) model. An overview of the modeling approach in the
WATER model is given in this chapter. Of particular interest is the framework for assessing
risk for variable weather conditions. Feedback from the advisory panel isalso givenin this
chapter.

Details of the particular modeling algorithms of hillslope processes in the WATER model are
given in Chapter 4. Since uncertainty in weather is of critical importance in assessing risk,
the accurate prediction of possible weather scenarios is the foundation for the successful use
of the WATER model. Algorithms for the prediction of weather have been combined into a
stand alone climate generator called the WINDS (Weather Input for Nonpoint Data
Simulations) model. Details of the algorithms used in the WINDS model are given in
Chapter 3. Both WATER and WINDS models are written using Microsoft Visual C++
computer language.

Risk Assessment Framewor k

The WATER model is designed to evaluate the risk associated with different sediment
control measures. Risk assessment has historically been based on return periods associated
with rainfall events. Although useful, this approach only considers the probability of a
rainfall event; that is, it does not directly incorporate dynamic site conditions. The erosion
model considers both the uncertainty of rainfall events and variability of conditions at
construction sites.

The modeling approach of the risk assessment model is conceptually similar to that of the
Water Erosion Prediction Project model (Flanagan and Nearing. 1995). With the WEPP
model, a climate generator is used to simulate many years of weather realization and
corresponding soil erosion. The model was originally developed for agricultural lands. The
average annual soil loss predicted by the WEPP model could be used, instead of Universal
Soil Loss Equation, to select the best management practices.

The risk assessment approach of the WATER model is shown in Figure 2.1. Observed time
series of maximum daily temperature at Duluth, Minnesota, USA for 1948, 1949 and 1991
are shown to illustrate the natural variability in yearly weather conditions. Also shown in
Figure 2.1 is a hypothetical date for site disturbance by construction activities. Straw mulch
and a silt fence are being considered as possible sediment control measures. The dates for
the application/installation of these measures are also shown in Figure 2.1. Potential vegetal
growth at the site is an important factor in modeling erosion.
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Figure 2.1. Risk Assessment Approach.

Risk assessment is done in the WATER model by simulating plant growth, runoff, and
erosion at the site after the start of construction activities. These processes are weather
dependent and different responses are obtained for each yearly realization. Total sediment
yield is obtained by summing the sediment yield for individual storms occurring after site
disturbance. This processis repeated for different sediment control practices for each year of
possible weather conditions. If alarge number of realizations are used, probabilistic analyses
of sediment yield data are possible. Hypothetical results for the straw mulch and silt fence
scenarios are shown in Figure 2.2 using cumulative probabilities. 1f the user has an
acceptable sediment loss goal, then the fraction of yearsthat have yields less than or equal to
the goal can be determined for each of the scenarios. This concept isillustrated in Figure 2.2.



Straw Mulch &
| Silt Fence

Straw Mulch

Cumulative Probability

No Treatment

»
»

Acceptable
Loss

Sediment Loss

Figure 2.2 Cumulative Probabilities for Different Sediment Control Strategies.

Clearly the above approach is dependent on a good technique for determining the yearly
weather conditions. Much of the work for the WATER model was in the development in
unique algorithms to simulate the weather conditions. These algorithms are discussed in the
next chapter.

Insights from Technical Advisory Team

The needs and demands of erosion-control practitioners were assessed by seeking input from
ateam of experienced erosion-control professionals. The advisory team members are Ms.
Katie Benik, Environmental Services, Mn/DOT; Mr. Leo Holm, Environmental Services,
Mnr/DOT; Mr. Matthew Wassman, TKDA Consultants, Ms. Jennifer Hildebrand, Bonestroo,
Rosene, Anderlik & Associates, Mr. Larry Berkland, Steele County and Dr. Keith
Cherryholmes, Minnesota Pollution Control Agency.

As part of brainstorming activities, the team suggested the following erosion/sediment
control practices for consideration in the WATER model development: straw mulch, wood
chips, sod, straw and wood blankets, temporary seeding, surface roughening, hydraulically
applied mulches, soil stabilizers, long-term seeding-vegetation, silt fences, diversions created
by straw waddles, bundles, biorolls, triangular silt dikes, composite material, pond,
infiltration basins, vortex swirls, rock checks, inlet protection, hard concrete armament,
porous pavement, and bioengineering methods. The advisory team understood that
implementation of all of these practices exceeded the scope of the project. Selection of
practices was left to discretion of the principal investigator.

The advisory team also discussed important site information for the proper design of
erosion/sediment control practices. They were summarized into the following categories:
soil type (clay, silt loam, sand), slope gradient and aspect, soil compaction, topsoil and



subsoil, surrounding topography for runon impacts and existing vegetation. The team
identified the specification of construction time lines as major issue in developing a
construction site model. Timelines are dependent on unknown weather conditions and can
vary greatly with contractors and subcontractors. A summary of important construction
activities is shown in Figure 2.3.

The technical advisory team for the project identified having a user friendly interface as
important. An example of the interface for the WINDS model is shown in Figure 2.4. Drop
down menu options are used and are consistent with those used by most commercial software
packages. The user is guided through the myriad of features available in the WINDS and
WATER models using a“wizard”. The user can opt for the basic (default) option for input
or for the advanced option. The basic option has a minimum number of inputs. The
advanced option allows the user to tailor the simulation approach to the particular
characteristics of the site and his/her expertise.

Tasks Timeline

4

«Clearing —1 Begin Date | | Duration

*Temporary Grading —1 Begin Date | | Duration

*Final Grading —+ Begin Date | | Duration

*Seeding —1 Begin Date | | Duration

*Vegetative Establishment —1 Begin Date | | Duration
v

Figure 2.3. Important Tasks Conducted at Construction Activities.
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Chapter 3
Modeling Algorithms of the WINDS Model

I ntr oduction

Climate generators allow many years of possible weather scenarios to be used to determine
the characteristics of runoff and sediment. Useful climate generators are developed in two
stages. Firgt, the historic weather records are analyzed to obtain pertinent statistical
information. Since these characteristics vary with day of year, daily or monthly ensemble
statistics are typically used to capture seasonal trends. Second, gtatistical methods are
developed and implemented to use the observed statistical information to predict time series
of weather variables.

The description of the WINDS model is divided into five sections. The first section
describes the observed weather data sets used to determine the parameters for the WINDS
model. The second section describes the algorithms for analyzing these data sets. The next
two sections are then used to describe the predictive algorithms of the WINDS model.
Separate sections are used to describe algorithms for daily climate variables and for storm
characteristics. The last section is used to describe special features of the WINDS model.

Observed Weather Data Sets
Daily Climate Variables

Statistical characteristics of daily climate variables were computed from two different types
of data sets. Datafrom the National Climatic Data Center (NCDC) and from the Solar and
Meteorological Surface Observational Network (SAMSON) were used to obtain daily
weather records for 208 climate stations. The location of these stations is shown in Figure
3.1. A summary of the daily weather variables evaluated at each of these stationsis given in
Table 3.1. The length of the datarecord varied with individual variables, as shown in Table
3.1 for the Minneapolis site. The longest record length for any particular weather variable
among all climate stations was 129 years, and the shortest record length was 28 years.



Figure 3.1. Locations of Daily Climate Stations Used in the WINDS model.

Table 3.1. List of Daily Weather Variables for Minneapolis, MN.

. : Length From To
Variables Units Symbol (Yeagrs) (Month-Year) (Month-Year)
Temperature, Max °C TMAX 103 Jan-1891 Dec-2003
Temperature, Min °C TMIN 103 Jan-1891 Dec-2003
Relative Humidity, Max % RHMAX 56 Jul-1948 Dec-2003
Relative Humidity, Min % RHMIN 56 Jul-1948 Dec-2003
Dew Point Temperature °C DPTP 43 Jan-1961 Dec-2003
Ave Wind Speed m/s AVWD 43 Jan-1961 Dec-2003
Max Wind Speed m/s PKWND 36 Jan-1961 May-1996
Wind Direction deg WINDIR 43 Jan-1961 Dec-2003
Atmospheric Pressure kPa PRESS 43 Jan-1961 Dec-2003
Solar Radiation MJ/m2 RAD 40 Jan-1961 Dec-2000
Precipitation mm PRCP 103 Jan-1891 Dec-2003

10
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The NCDS and SAMSON data sets were combined into asingle input file. This combined
data set was used to compute the statistical characteristics. The format used in the input file
isshown in Table 3.2. The definition of the header variables are given in Table 3.1. Missing
values were represented by “999999”. Missing values were not used in the computation of
statistics. Percent sunshine and Julian day were also created in the combined datafile.
However, a gatistical analysis of percent sunshine was not done as part of this project.

Table 3.2. Format of Climate Data File for Rochester, MN.

MONTH DAY TMAX TMIN PRCP RHMAX  RHMIN DPTP AVWD PKWND WINDIR PRESS PSUN RAD JULIAN
10 1 21.67 7.78 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 275
10 2 16.11 -1.11 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 276
10 3 2111 5 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 277
10 4 25 13.33 4 999999 999999 999999 999999 999999 999999 999999 999999 999999 278
10 5 2111 4.44 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 279
10 6 18.89 8.33 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 280
10 7 20.56 -1.11 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 281
10 8 24.44 6.11 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 282
10 9 23.89 5.56 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 283
10 10 19.44 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 284
10 11 13.33 18.33 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 285
10 12 999999 11.67 13 999999 999999 999999 999999 999999 999999 999999 999999 999999 286
10 13 999999 4.44 1 999999 999999 999999 999999 999999 999999 999999 999999 999999 287
10 14 9.44 5 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 288
10 15 18.89 8.89 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 289
10 16 18.33 14.44 18 999999 999999 999999 999999 999999 999999 999999 999999 999999 290
10 17 17.22 6.67 0 999999 999999 999999 999999 999999 999999 999999 999999 999999 201
10 18 8.33 6.67 17 999999 999999 999999 999999 999999 999999 999999 999999 999999 292
10 19 10.56 999999 3 999999 999999 999999 999999 999999 999999 999999 999999 999999 293
10 20 9.44 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 294
10 21 16.11 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 295
10 22 17.22 111 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 296
10 23 10 0.56 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 297
10 24 15 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 298
10 25 1111 -1.11 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 299
10 26 10 -4.44 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 300
10 27 1111 0 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 301
10 28 7.78 0.56 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 302
10 29 3.89 -9.44 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 303
10 30 4.44 -8.89 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 304
10 31 8.33 2.78 999999 999999 999999 999999 999999 999999 999999 999999 999999 999999 305

Radiation data are converted into the ratio of that measured at the station to atheoretical
value that would be obtained when the earth’s atmospheric effects are negligible. The
theoretical value is defined as (Lee, 1978)

VY N TN
Ra _( p ) Sc COS( 180 )COS(f )[Sn(ws) Ws COS(WS)] (31)

where R, isthe radiation at the station without any atmospheric effects, lat is the station
latitude, S isthe solar flux density, f isthe solar declination angle, and ws is the sunset hour
angle. Relationshipsto estimate these values are shown below.
_1.95(1+0.033 cos(2p day/365))

S 3.2a
X 4 (3.29)
f =0.4003sin (2P (222; day), (3.2b)
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Figure 3.2. Location of Precipitation Stations Used in the WINDS Model.

W, = arccos(- tan(%) tan(f)) (3.20)

Statistical characteristics for radiation are done using the radiation ratio defined as

raD' = RAD (3.3)
R,

In prediction radiation, the RAD is first computed. The RAD is then obtained by
multiplying this value by the theoretical value given by Equation 3.2. The theoretical value
only requires day of the year and the latitude of the construction site.

Data Setsfor Intra-Sorm Characteristics

The NCDS and SAMSON data sets are used to determine statistical characteristics to predict
the daily climate variables, including the total depth of precipitation for each storm. In
addition to the weather condition represented by these values, the intra-storm characteristics
are also needed for accurate simulation of hillslope runoff and erosion processes. Of
particular interests for the WINDS model are the storm duration, the fraction of total duration
with no precipitation, transitional probabilities between rain and no-rain bursts, and the
distribution of intensities within storm (i.e., hyetograph).

Intra-storm characteristics were computed from data sets of 15-minute precipitation depths
purchased from Hydrosphere Data Products located in Boulder, Colorado. For each of
NCDC/SAMSON climate station, a nearby precipitation station was selected. Therefore, 208
precipitation stations were chosen for analysis of intra-storm characteristics. The locations of
these stations are shown in Figure 3.2. The length of record at precipitation stations was
considerably shorter than the climate stations data. The average record length for all stations
was 26 years.

12



The format of the datafiles for the precipitation stations is shown in Table 3.3. The start of
each year had the same header information. Precipitation depths were recorded for each 15
minute increment starting at 1 am and ending at 1 am the next day. The total precipitation
depthisgiven inthe last column. All precipitation depths were converted into millimeters.
Missing data were represented by the code “—M” or “—D”. The notation of “—A”
indicated that only the cumulated depth was recorded over the intervals with this notation.
The cumulated depth was divided equally for all 15 minute increments. Total storm duration
was defined as the time interval between the first and last measured storm depths within each
day. No attempts were made to evaluate whether the observed depths were caused by more
than one storm.

Analysis of Weather Data

Daily Climate Variables

The WINDS model includes routines to compute the observed statistical characteristics of the
NCDS/'SAMSON daily climate files and the Hydrosphere intra-storm data files. A paired set
of files are required to use these routines. The computer code of the analyses of historical
data are organized in a class called CWindsParameters. Separate sections are used to
describe the algorithms used to determine the pertinent statistical characteristics of daily
climate and the intra-storm records.

Table 3.3. Format of the Precipitation Data File.

Station ~ SPRING VALLEY Parameter  Prcp

County FILLMORE Record Cnt 29

State MN Coverage % 87

ID 7941 Latitude 43:41:00 Begin Date  05/1971

Elevation 1275 Longitude  092:25:00 End Date 12/1999
1971

Quarter-Hourly Precipitation in Hundredths of an inch
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For al non-precipitation data, the mean, standard deviation and skew coefficient are
computed for the five-day intervals, and therefore, seventy-three values are used to represent
trends within the year. The mean, standard deviation and skew coefficient for each five-day
interval are defined as

é in
E(x;) :lT (3.4a)

[of=]

é (in - E(Xj))2 a Xﬁ . (é in)(é in)/n
STDEV(X;) = =L == = =1 (3.4b)
n-1 n-1

na (x;- E(x))? n"a X -3n@ x)@ xﬁji)+2(é X; )’
KEW(x,) = =1 =i = i1 =1 (3.4c)

i=1 i=1

(n- 1)(n- 2)STDEV(x,) n(n- 1) (n- 2) STDEV(x,)

where x; and n are the non-precipitation variable and the number of observation, respectively,
for the jth five-day interval. Means and standard deviations are normalized by dividing the
values of Equations 3.4a and 3.4b by the yearly mean and yearly standard deviation,
respectively. Normalized values allow the means and standard deviations to be summarized
without using units. Other advantages are discussed later.

An output file of the observed statistical characteristicsis created and is used as input to the
WINDS model. The first lines of this file contain information about the station and yearly
normalizing means and standard deviations. The variations in statistics within the year are
represented by cosine functions with three different harmonics, as suggested by Richardson
(1981). The general form of this function is:

STAT"(x,) =b, +b, cos(t, +b,) +b, cos(2t, +b,) + b, cos(3, +h) (3.5)

where ST AT*(x,-) is the normalized mean, normalized standard deviation, and skew
coefficient, and where t; = 2(day;)p/365.

Initial estimates of the b coefficients of Equation 3.5 are obtained from the theory for
harmonic analysis as given by Priestly (1981). Final estimates were taken by using a
modified nonlinear Gauss method where the impact of adding higher order harmonics could
be considered. Thisimpact was assessed by first computing the residual sum of squares
using the lowest-order harmonic. Higher order harmonics were added if the percent
improvement in the residual sum of squares was greater than 0.1%. The normalized mean
square error was saved in the climate parameter output file as a measure of the goodness of
fit of the cosine curve.

An example of a cosine-fitted curve is shown in Figure 3.3 for the normalized mean and
normalized standard deviation of maximum temperature for Rochester, Minnesota. The
cosine function of Equation 3.5 was effective in capturing within-year trends in the daily
means and standard deviations for this data set. Visual comparison of trends at other
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Normalized Mean

locations resulted in similar conclusions; that is, if there was a discernible observed trend,
then the cosine function fit that trend well. A poor fit (no trends within a year) resultsina
relatively large normalized mean square error. Inthe prediction of weather variables by the
WINDS model, a constant value is used throughout the entire year when the normalized
mean square value is greater than 0.65. The constant value is the average of the type of data
shown in Figure 3.3.

Observed

Normalized StDev

Cosine curve

T T T
0 100 200 300

Day
Figure 3.3. Trends in Normalized Means and Standard Deviation for Maximum Temperature.

Intuitively, if the maximum temperature for any given day is greater than its mean, then the
minimum temperature would likely also be greater than its mean. This statistical property can
be captured by using cross correlations. Likewise, if the maximum temperature for any given
day is greater than its mean, then the maximum temperature of the next day would likely also
be greater than its mean. This property can be captured using serial correlations. Cross
correlation coefficients and serial correlation coefficients are computed by conducting a
second pass through the climate data set and by using the following equations

8 (%, - E(x)) (% - E(xy)

COR(X;,%g) == (3.6a)
1’7977 (n- 1) STDEV(x,,) STDEV(%,)

8 (%, - E(X,)) (Xys - E(%.0)

SCOR(X,;» %g.1) == (3.6b)
179177 (n- 1) STDEV(x,,) STDEV (x,.,)

where p and q refers to specific non-precipitation daily variables as identified in Table 3.1.

The above equations are used to compute correlation correlations and serial correlation
coefficients using a five-day interval (for atotal of 73 intervals) for each of the summation
terms. The matrix of correlation coefficients for each of these intervals is symmetrical, that
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is, the correlation between maximum temperature and minimum temperature is the same as
the correlation between minimum temperature and maximum temperature. However, the
matrix of serial correlations coefficients is not necessarily symmetrical because the serial
correlation between the current-day maximum temperature and the previous-day minimum
temperature may not equal that between the current-day minimum temperature and previous-
day maximum temperature. The consequence of a non-symmetrical matrix isthat more
coefficients are needed for serial correlation than for cross correlation. A non-normalized
cosine function of Equation 3.5 was fitted to fifty-eight different cross correlation
coefficients and one-hundred different serial correlation coefficients. The cosine coefficients
are stored in the output data file and are once again used as input into the WINDS model.

The number of observation to compute the means, standard deviations, and skew coefficients
of Equations 3.4 corresponds to all days within the five-day interval that had an observed
value. Richardson (1981) suggested that these statistics are also dependent on whether there
was precipitation on that day. To indirectly consider correlation between non-precipitation
variables and precipitation, the statistics of Equations 3.4 were also computed for dry days
only and wet days only, where wet days were defined as those days with measurable
precipitation depth. Dry-days statistics were computed using Equations 3.4 with
observations only from days with no precipitation. The appropriate summations for wet days
were obtained by subtracting dry-days summation terms from those of the total (all days).

Daily precipitation depths were also analyzed to determine the mean, standard deviation and
skew coefficient by using Equations 3.4. Since the number of observations for computing
these statistics is typically much smaller than non-precipitation variables, atwenty-eight day
averaging interval is used for daily precipitation characteristics. Within-year variationsin
statistics were once again represented by using coefficient for the fitted cosine function of
Equation 3.5. Mean and standard deviation of daily precipitation depth were normalized by
the station annual precipitation depth and the annual standard deviation. A plot of
normalized mean and standard deviation with the fitted cosine curve is shown in Figure 3.4.
The cosine curve was able to accurate capture within-year variations in the statistics. To
provide greater flexibility in predicting the rainfall depth, the parameters of the generalized
extreme value distribution were also computed using twenty-eight-day intervals. This
includes central tendency, spread, and skewness parameters. The harmonic cosine functions
were used to represent within-year variations in these statistics.
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Figure 3.4. Trendsin Mean and Standard Deviations in Daily Precipitation Depth.

Daily precipitation data were aso used to compute the transitional probabilities of wet-to-wet
days and dry-to-wet days. These transitional probabilities were obtained by counting the
number of consecutive wet-wet and dry-wet days within twenty-eight day intervals. The
probability of awet day was also computed. Within year trends were represented by the
cosine function. Thetotal number of wet days was computed, as well as the average annual
precipitation depth.

A frequency analysis of the daily depth was also done to determine the depths corresponding
to return periods of 2 year, 5 year, 10 year, 25 year, 50 year and 100 year. This analysis
required that the identification of the largest daily precipitation depth for each year, resulting
in a maximum annual time series. Following widely used concepts first given by Hershfield
(1961), thistype of time series data was converted to a partial time series by multiplying the
results obtained from the maximum annual time series by adjustment factors of 1.13, 1.04,
and 1.01 for the 2-y, 5-y, and 10-y depths, respectively. Another issue isthe difference in
precipitation depth between fixed 24-h period (as recorded in the data sets) and 24-h clock
time that corresponds to storms that have precipitation in two fixed 24-h periods.
Adjustments to account for differences between clock-time (actual storm duration) and daily
precipitation depth were investigated by Hershfield (1961). Based on his work, the daily
precipitation depth was multiplied by a factor of 1.13 to convert it to an equivalent clock-
time depth.

Two different methods were used to estimate the depths corresponding to different return
periods. For both approaches, the statistics are first obtained from the maximum annual time
series with adjustments for daily to clock-hour values. One of the methods used the plotting
position to estimate the depth corresponding to the two-year return period and the extreme
value type | distribution to estimate the 100-year depth. Depths corresponding to the 5-y, 10-

17



y, 25-y, and 50-y return periods were determined by interpolating between these two depths
using relationships derived from the extreme value type | distribution. The other method
used the generalized extreme value type distribution to estimate the return period depths.

The derived parameters from the adjusted maximum annual time series were used to estimate
depths for all of the return periods. The return-period depths obtained from both methods
were adjusted to partial duration series as previously discussed. Return-period depths from
the daily precipitation play an important role in the defining depth-duration-frequency curves
discussed in the next section.

Intra-Sorm Characteristics

In the CWindsParameter Class, a separate output datafile is created to store the results of the
statistical analyses of intra-storm characteristics. This output file becomes an input file for
prediction of weather with the WINDS model. Possible within-year variations in statistics
were computed using twenty-eight day intervals. A non-normalized cosine function of
Equation 3.5 was again fitted to the data, and the coefficients are stored in the output data
file. Similar to the analysis at the climate stations, the daily mean (mm), standard deviation
(mm) and skew coefficients were also computed for each of the intra-storm stations, and the
cosine coefficients were stored in the intra-storm outpui file.

Storm duration is an important parameter in determining intra-storm characteristics.
Normalized storm durations as a function of normalized precipitation depths for the months
of May, July and September are shown in Figure 3.5 for Spring Valley, Minnesota. Storm
durations were normalized by 24 h, and precipitation depths were normalized by the mean
daily precipitation. Thisfigure suggests a weak relationship between storm duration and
depth. The parameters and statistics for three different relationships of storm duration with
respect to storm depth were analyzed: (1) no trend where the mean and standard deviation
were used to summarize the characteristics, (2) linear relationship where the slope of the least
square line was computed as well as the mean and standard deviation of residuals, and (3) a
logistic relationship. The logistic relationship is described in greater detail below. The best
least square fit of the linear and logistic relationships are also shown in Figure 3.5.
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Figure 3.5. Storm Duration as a Function of Precipitation Depth for Spring Valley, MN.

The logistic model was selected to ensure that ssorm duration is between zero and twenty-
four hours. It can be developed by assuming that the relative rate of change in storm duration
with depth is directly related to the remaining available timein aday. Let y represent storm

duration and x total storm depth. The logistic model can then be represented as
1 .dy
—= =k - 3.7
(y+b)dx 1 (Yo =Y) (3.7)

where dy/dx is the rate of change in storm duration with respect to storm depth, | isarate
coefficients, ymax IS the maximum possible storm duration (i.e., 24 h), and p isabase
constant. A dimensionless formulation is possible using the variables of y =y/yma and

X =x/ X (?( is the mean storm depth). The dimensionless logistic model can then be written
as
1

Yy +b°

( )(11*)dy*=kldx* (39)
-y

where the additional dimensionless variables are defined asb "= b/ymaand ki =k Ymax X. An
analytical solution is obtained by integrating with partial fractionsto obtain
- blemk, X (1+b7)-1]

: e (3.9)
1+b exp(k, X (1+b"))

For each twenty-eight day interval, optimal values for b” and k;” were determined using
nonlinear regression techniques. Cosine functions were fitted to the datato represent these
two parameters within the year. Asshown in Figure 3.5, observed duration varied greatly
around the logistic function. This variation was evaluated by defining residuals as
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y +b’
b'(L-y)
that is, the residual is defined as the difference in depth and the equivalent predicted depth
for agiven storm duration. The above formulation allows the prediction of storm duration to
be bounded by zero and twenty-four hours. The mean and standard deviation of es* was

computed for each twenty-eight day interval, fitted with cosine functions, and coefficients
stored in the intra-storm output file.

c_ 1.1
€= x - ()l ] (3.10)

Another important intra-storm characteristic is the fraction of the total duration with no
precipitation. This fraction is called the no-precipitation gap. The fraction of time with no
precipitation is shown in Figure 3.6 for the months of May, July, and September for Spring
Valley, Minnesota. Trendsin fraction of gap (represented by the symbol g) were evaluated
using an exponential function, that is, the rate of change in no-rain gap with storm duration is
directly proportional to the remaining available gap fraction, or mathematically,

d
9 _k(g..-9) (3.11)
dy

where dg/dy is the rate of change in gap fraction with respect to sorm duration, k has units of
[2/L], and Qmax IS the maximum gap fraction (i.e., gnax=1). A dimensionless formulation is
obtained using g =g/Gma=g and Y =Y/Yimax, Where yma = 24 h. The above equation can then
be written as

(1 )dg=k"ay (312)
1- g

where k" =k/ymax. The above equation can be easily solved for g as
g=1-exp(-k” x") (3.13)
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Figure 3.6. Fraction of Time with No Precipitation for Storms At Spring Valley, MN.

The least square estimate of k™ was obtained for each twenty-eight day period using simple
log transformation. Trends within the years were captured using the cosine function. An
analysis of residuals was done, where residuals were defined as
f s In(1- g)
&=V - (- T)

where the twenty-eight day interval’ s mean and standard deviation are computed from the
data set and within-year trends represented by cosine function. To provide the user of the
WINDS model with additional options, the mean and standard deviation of fraction of gaps
and the least square slope of alinear relationship and corresponding standard error were also
computed and summarized in the output file with coefficients for the cosine curves.

(3.14)

The transitional probabilities within a ssorm of wet-wet burst and a wet-dry burst sequences
were also computed. The fraction of the storms that had the peak precipitation intensities in
the first and fourth quartiles of the storm was determined. For storms with only two rainfall
bursts, the fraction of the total precipitation depth in the first burst was also analyzed. All of
these statistics were fitted with cosine functions for capturing within-year trends and the
coefficients were stored in the precipitation output datafile.

The intra-storm characteristics were used to perform a depth-duration-frequency (DDF)
analysis. Precipitation depths for return periods of 2 year, 5 year, 10 year, 25 year, 50 year
and 100 year for durations of 15 min, 30 min, 45 min, 60 min, 90 min, 2h, 3h, 4 h, 6 h, 12 h,
and 24 h were computed by first determining the largest depth for each of the duration for
each year in the observed data set. The maximum annual time series was converted into a
partial duration series by multiplying the annual series values by adjustment factors of 1.13,
1.04, and 1.01 for the 2-y, 5-y, and 10-y depths (Hershfield, 1961). Adjustmentswere also
made to account for differences between clock-time (actual storm duration) and precipitation
gathered over afixed 24 hour period. The following equation was used to adjust to clock
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time
F,(T)=2- exp[-o.1393(%)] (3.15)

where Fy(T) is the adjustment in depth for a given duration of T (h). For T=24 h, the
adjustment corresponds to the recommended value by Hershfield (1961) of 1.13 for daily
depths. For D=15 min, the change in precipitation depth is small.

For some intra-storm stations, there were only a few measured storms within a year because
of problems with missing data. Determination of the largest precipitation depth is unreliable
if only a few of the storms for that year were actualy measured. Datafor a given year were
generally not included if the number of storms was less than 30% of the average number of
wet days of a nearby climate station. Exceptions were allowed if one of the storms was a
particularly large event. A large event was defined if the total depth was greater than 10% of
the annual precipitation depth, as estimated by a nearby climate station.

The relatively short record length of the intra-storm characteristics made the DDF analysis
more difficult. Four different approaches were used to estimate the depths for different
return periods and durations. The most straightforward approach relied on the depths
obtained mostly from the extreme value type | distribution. For each duration, the plotting
position method was used to estimate the depth corresponding to the two-year return period
and the extreme value type | distribution was used to estimate the 100-year depth from the
mean and standard deviation of the maximum annual time series. Depths corresponding to
the 5-y, 10-y, 25-y, and 50-y return periods were determined by interpolating between these
two depths using the relationships derived from the extreme value type | (EV 1) distribution.
Adjustment for conversion to a partial duration series was then done using factors previously
described. For some stations, standard deviations of depth for given duration were
inconsistent, resulting in unlikely trends in return period depths. The inconsistent standard
deviation values were likely caused by insufficient datarecord length.

The other three approaches used the results of the frequency analysis for a nearby climate
station with (usually) a much longer record of daily depths. The “TP-40" approach used the
24-h depth (Pr24) obtained from the generalized extreme value (GEV) distribution. The 1-h
depth (Pr1) was then estimated using the NRCS relationship of Pr; = 0.46 Pr 24 for their
Type Il region (Kent, 1973). For durations between 1 h and 24 h, the relationships embedded
inthe USWB TP 40 were used (Hershfield, 1961), that is,

PI' = P1+ fTP40 (P24 - Pl) (3'16)
where frps equaled 0.056, 0.11, 0.22, 0.31, 0.50, and 0.75 for durations of 90 min, 2 h, 3 h,
4 h, 6 h, and 12 h,, respectively. For duration lessthan 1 h, the 30-minute depth (Pro5s) is
estimated using the NRCS relationship of Pros = 0.37 Pr24 for aType Il region. The 15 min
depth (Pro.25) and 45-min depth (Pro.75) were computed using relationships embedded in

HYDRO-35 (Frederick et al., 1977). These depths were defined as
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B _ Pros- 0.49P
Fl025 — 0.51

P o7 = Proxs+ 0.70 (Pry - Prgs) (3.17b)

(3.1739)

The third approach (Weighed Method) for determining the depths for each duration and
return period is to combine the results for the EV 1 method and the TP-40 method. The depth
for the Weighed method is determined by the following equation
n 30
P.. =wEV1l . +w,TP40__ = EV1l . +

F.T 1 F.T 2 F.T (30+n) F.T (30+n
where n isthe number of years used in the estimate of depths using the EV1 method. With
this equation, equal weight is given to the EV 1 and the TP40 depths for n=30.

)TP40, . (3.18)

The fourth approach used the generalized extreme value (GEV) distribution. Here
normalized spread and asymmetric statistics at the nearby long-record climate station were
used to estimate the GEV spread and GEV asymmetric statistics for different durations at the
intra-storm station. The frequency analysis for the climate station corresponds to the 24-h
duration. For the climate station, the GEV spread statistic was normalized by its
corresponding mean, and the GEV asymmetric statistic was normalized by its corresponding
spread statistic. These normalized statistics were assumed to be constant for all durations of
the intra-storm data set. This data set was then only used to compute the mean for each
duration from its maximum annual time series. The corresponding intra-storm GEV spread
was then obtained by the product of the observed mean and the normalized spread.

Likewise, the corresponding intra-storm GEV asymmetric statistic was obtained as the
product of the GEV spread and the normalizing asymmetric statistic. Precipitation depths for
all of the return periods were then estimated using the GEV distribution from these derived
parameters.

The DDF values were summarized by fitting the following breakpoint relationship
P, =b F>T" (%)bax (3.19)

where Pt isthe precipitation depth for sorm duration T (h) and return period frequency F
(y), Ty isthe breakpoint duration (set at 1 h), x isan indictor variable equal to zero for T < Ty
and one for T >Ty, and by, by, by, and b; are coefficients to the DDF values described in the
previous paragraphs. The above formulation allows the relationship between depth and
duration to vary to the power of b, for T < Ty, and the power of b,-bs for T>Ty,. This provides
greater flexibility in fitting Equation 3.19 to the observed data set.

Two different methods were used to estimate the coefficients of by, bs, by, and bs. The log-
form of Equation 3.19 results in a linear relationship from which the coefficients can be
defined easily using the least square estimators. Nonlinear regression analysis was also used.
This approach does not require a log-transformation of the data. The fit of Equation 3.19
using the nonlinear regression coefficients is shown in Figure 3.7. The user of the WINDS
model has the options of selecting the coefficients obtained by linear or the nonlinear
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regression methods for DDF values estimated by the EV 1 method, the TP40 method, the
Weight method, or the GEV method. There are atotal of twelve choices. Values are stored
in the data file by using a line of output for parameters corresponding to duration less than
breakpoint duration (i.e., x =0). Herethe log-intercept parameter, by, the power of frequency,
b;, and power of duration, by, are stored. Another line of output is used for the parameters
corresponding to duration greater than the breakpoint duration (i.e., x =1). The log-intercept
parameter, beT,>, the power of frequency, by, and power of duration, (b, — bs), are stored in
the datafile.

Fitted Equatioh Uéing .
Nonlinear Regression Methads ™

A__—
— °
€
E
= :
% 10er
a 25yrA/

DDF values using : / -
Extreme Value Type |

10

b —_——

10
Duration (h)

Figure 3.7. DDF values and Fitted Function for Holyoke, MN

The DDF values obtained at the intra-storm stations were converted to normalized values for
anearby daily climate station by using the following equation

\ PS P,
Pl= () (=1
I:)F,24h P

2y,24h

) (3.30)

where P £ 1 is the normalized depth for a given return period (F) and duration (T). All depths
were normalized by the 2-y, 24-h depth available at the climate station (superscript c).
Depths were also adjusted by the ratio of F-y, 24-h depth at the climate station to that at the
intra-storm station. The DDF curve used to summarize the normalized DDF value can be

written as
P bO FblTbZ (Tb/24)b3x T*
P,=—FT = T2 o BT ()™ (3.21)
Pz by (2" (24 (2)" T

where F = F/2, T" = T/24, T, = Ty/24 and b, = (Tp ) ™. Since the DDF values are not
represented perfectly by the DDF curve, linear and nonlinear regression methods were
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applied to Equation 3.21 to determine the coefficients b, , by, b, and bs for each of the four
different methods for computing P=1. The eight sets of coefficients are stored in the output
file for daily climate variables as well the normalizing 2-y depth. Coefficients are stored as
the log-intercept, power of frequency, and power of duration in separate lines for duration
less than and greater than the breakpoint duration.

Prediction of Daily Climate Variables
Introduction

Prediction of daily climate variables is done by selecting statistical methods to simulate a
time series of values that have similar statistical characteristics to those observed. Let's
consider a hypothetical time series plot of daily temperature and rainfall intensity as shown in
Figure 3.8. Inthis figure, temperature appears to be well represented as a continuous curve.
Continuous variables are usually simulated within a statistical framework as Markov
processes. Therainfall intensity in Figure 3.8 appears to be discontinuous as the rainfall
intensity sudden jumps from zero to a non-zero value because of a sudden burst of
precipitation. A sequence of precipitation events may then be best represented as discrete
events of wet and dry days. The simulation of discrete events within a statistical framework
isusually done using Markov chains. Here the probability of atransition from a dry to a wet
day or from awet to adry day is of fundamental importance. After aday has been
determined to be wet, the total depth can be estimated from a specified probability density
function with appropriate statistical parameters.

A summary of daily weather variables predicted by the WINDS model is given in Table 3.1
Non-precipitation variables are simulated as Markov processes. Daily precipitation depth is
predicted using a Markov chain for discrete dry-and-wet day events that is coupled with a
depth estimate from a specified probability density function. Details of these methods are
given in three sections. The first section describes methods used in WINDS for predicting
uncorrelated non-precipitation weather variables. Thisisthe simplest option and is the most
robust approach. The second section describes methods used to predict non-precipitation
variables such that cross-correlations among key weather variables are maintained. The final
section discusses the approach used to compute daily precipitation depth.
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Figure 3.8.Hypothetical Time Series of Temperature and Rainfall Intensity.

The prediction of daily weather variables is fundamentally related to random processes or
events. It istherefore possible, especially for the uncorrelated weather option, that for any
particular day that the predicted minimum temperature is greater than the predicted
maximum, that the predicted minimum relative humidity is greater than the predicted
maximum, that the predicted maximum wind speed is less than the predicted average, and
that the predicted dew point temperature is greater than the predicted maximum temperature.
Appropriate checks are placed in the code to prevent these inconsistencies.

Uncorrelated Non-Precipitation Weather Variables

The simplest and most robust option for the user isto select uncorrelated non-precipitation
weather variables. For this option, weather variables are predicted independently of each
other. For example, minimum temperature is not influenced by the maximum temperature
for that day. However, serial correlation with the previous day is included in the simulation
approach. Inthe WINDS model, non-precipitation variables are predicted using a first-order
autoregressive model. This model is defined as

xt =m+r xl(xt—l- m<)+et (3.22)

where X, is the predicted value (e.g., maximum temperature for day t), X isthe predicted
value of the previous day, m is the mean value, and & isarandom error.

Asdiscussed in the previous section, the standard deviation and the skew coefficient for all
of the weather variables were computed, and appropriate cosine coefficient stored into an
input file for the WINDS model. The standard deviation and the coefficient of variation of
the error term in Equation 3.22 can be related to the standard deviation and the skew
coefficient of the weather variable using

S,=s,4J1-r/ (3.239)
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The key parameters of Equation 3.22 can be obtained from the information stored in the daily
climate file. The mean and standard deviation are obtained as

STAT(X,) = X4 [b, +b, cos(t, +b,)+b, cos( 2t, +b,) +b; cos(®, +b,)]  (3.24)

where STAT(X,) isthe mean and the standard deviation of the weather variable of interest,
where t; = 2tp/365 and X«q is the normalizing value (also stored in the daily climate file).
The serial correlation coefficient and the skew coefficient are defined using a form of
Equation 3.24 for X44 = 1. The user has the choice of selecting a random error using the
normal distribution or the extreme value type | distribution. Both use a mean of zero. The
normal distribution should be selected for most applications.

Means, standard deviations, and skew coefficients may differ between days with and without
precipitation. Since these statistics were computed for all days (wet and dry), only dry days,
and only wet days, the user can select to vary means, standard deviations, and skew
coefficients depending on the precipitation state of the day.

Correlated Non-Precipitation Variables

The procedures outlined by Matalas (1967) are used to simulate cross-correlations and

additional serial correlations between key weather variables. This approach requires the

solution of the following system of equations, corresponding to j=1 to n weather variables,
X, =AX,_, +Bg, (3.25)

where A and B are nxn matrices, x;, Xt.1 and & are vectors (nx1) corresponding to day t and
the previous day t-1. The jth elements of the x;.; and the x; vectors are defined as
Xiaj = Xeaj- Moy and Xj =Xe-M; (3.26)

For conditions of no correlation between the error term and the weather variables and for
errors with a mean of zero and a sandard deviation of one, correlations can be maintained if
the matrix A of Equation 3.25 is defined as

A=M,M E)l (3.2739)
and the matrix B isdefined as
BBT:MO-MlM;)lMI (3.27b)

where M, is the symmetrical cross-covariance matrix defined as

é VAR(X_1,) K COV(Xt—l,l’Xt—l,n)g
M, :g y o ! 3 (3.289)

BCOV (%1 %.1) K VAR(X.,)

and M ; isthe asymmetrical serial covariance matrix defined as

27



eCOV (X1, % 1) K COV(xt,l,xt.l,n)g

0 o) 0 i (3.280)

OV (X n %.11) K COV (X0 %.1n)H

M, =

(‘%) D D

The solution to matrix A is obtained using standard algorithms for working with matrices.
The solution to matrix B is obtained using the classic eigenvalue formulation defined for the
above matrices as

(BB"-1,)u,=0 (3.29)

where BB isa nxn matrix, A, isa scalar value called the eigenvalue and u; isthe
eigenvector. There are n solutions for A; and corresponding u;. Eigenvectorswill also be
subject to the normalizing constraint that u;"u; = 1.

The eigenvalue formulation can be manipulated as

u/(BB"-I,1)u,=u/BB"u,- I ,ul u,=u/BB™u, - |, =0 (3.309)
where u;"u; = 1 has been used. We conclude

u/BB'u, =I, (3.30b)
By repeating this process for all eigenvectors, we have the following set of equations

d, K ou gJEK Ogg\/EK 03
UBB'U=ZI O lig=gll O W ggll O I 4=DD (3.31)

B0 K 1,§g €0 K (i,8€0 Kk i Y
where U is the matrix where the columns corresponding to each set of eigenvectorsand D is

adiagonal matrix where the elements are the square root of eigenvalues. This requires that
all eigenvalues are positive.

By using matrix multiplication rules, we obtain

UTBBTUU'=U'BB" =DDU"! (3.323)
and with additional multiplication

(UTY'UTBBT =BB" =(U")"'DDU* = (U )T DDU"* (3.32h)
where the matrix rule of (UT)™ = (U™)™ hasbeen used. Let’'sdefineB as

B=(UY)'D (3.39)
By using the matrix rule that (E F)" = ET F', we then obtain

B =DU" (3.34)
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and the conditions of Equation 3.32b are satisfied.

In the WINDS model, the matrices A and B of Equation 3.25 are constant for five-day
intervals. For each of the five-day intervals, the elements of matricesM , and M ; are defined
by using the cosine function of the form of Equation 3.24. As previously discussed, the
appropriate cosine coefficients have been stored for cross correlation and serial correlation
coefficients. The X«q in Equation 3.24 is replaced by the product of appropriate standard
deviations. The midpoint of the five-day interval isused in the cosine function. The
algorithm used to compute eigenvectors requires a symmetrical matrix for M1. The upper
diagonal elements of this matrix are used to define the lower diagonal elements. The matrix
A iscomputed using well-established algorithms to solve Equation 3.27afor each five-day
interval within the year.

The matrix B is obtained by Equation 3.33. The determination of the eigenvectors for the U
matrix and eigenvalues for the D matrix isan important step in this computation. Initial
attempts to maintain correlations among all weather variables resulted in negative
eigenvalues, preventing a solution. Therefore, the only non-zero off-diagonal elements are
those for cross and serial correlations between (1) maximum and minimum temperatures, (2)
maximum temperature and radiation, (3) maximum and minimum relative humidity, and (4)
dewpoint temperature and minimum relative humidity. If negative eigenvalues still occur
with these variables, the correlations are systematically reduced until only positive
eigenvalues are obtained. A different set of elements are obtained for matrix B for each five-
day interval.

Predicted statistical characteristics for maximum temperature and maximum relative
humidity are shown in Figures 3.9 and 3.10, respectively. The solid curves in these figures
are the cosine curves obtained from observed climate data, and therefore effectively
correspond to observed values. The mean and standard deviation of the predicted maximum
temperature are in good agreement to the observed trends. The skew coefficient of normally
distributed values is zero, and therefore the theoretical structure prevents the prediction of
values resulting in a non-zero skew coefficient. The predicted statistics of the maximum
relative humidity are not as accurate as those obtained for maximum temperature. Thisis, at
least partially, caused by the WINDS model limiting the maximum relative humidity to
100%.
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Figure 3.9 Predicted Statistical Characteristics of Maximum Temperature at Rochester, MN.
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Figure 3.10. Predicted Statistical Characteristics of Maximum Relative Humidity at
Rochester, MN.

Predicted cross correlation coefficients among minimum relative humidity and selected
weather variables are shown in Figure 3.11, and predicted serial correlation coefficients
among dewpoint temperature and selected weather variables are shown in Figure 3.12. The
predicted cross and serial correlation coefficients are approximately zero for all variables,
except those identified for correlation. The coefficients for these variables are in good
agreement to those observed. The dewpoint temperature was selected to be correlated with
minimum relative humidity. Since minimum relative humidity is correlated to maximum
relative humidity, some serial correlation with maximum relative humidity is still
maintained.
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Figure 3.11. Cross Correlation Coefficients between Minimum Relative Humidity and
Selected Weather Variables at Rochester, MN.
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Figure 3.12. Serial Correlation Coefficients between Dewpoint Temperature and Selected
Weather Variables at Rochester, MN.

Smulation of Daily Precipitation

The simulation of daily precipitation is done by coupling afirst-order Markov chain with a
probability density function of daily rainfall depth. The first step is the determination of
whether the discrete precipitation state is a wet day, where awet day is simply a day with
precipitation. Thisisdone using the transitional probability of wet day given that the
previous day is dry or the transitional probability of wet day given that the previous day isa
dry day. Thesetransitional probabilities were computed from the daily climate data and are
summarized using coefficients of the cosine function stored in the daily climate file. If the
day is not awet day, then by definition it isadry day. As previously discussed, the user can
use the precipitation state of the day to determine the mean, standard deviation, and skew
coefficient of the non-precipitation weather variables.
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The storm depth for a wet day is computed from a probability density function. The user can
select either an exponential, log-normal, extreme value type |, gamma (skew normal), or
generalized extreme value (GEV) distribution. The daily precipitation at the climate station
was analyzed to determine the daily mean, standard deviation, skew coefficient, GEV spread
statistic, and the GEV asymmetric statistics. The appropriate value for any day can be
determined from the coefficients of the cosine function stored in the daily climate file.

The predicted daily precipitation statistics are shown in the observed cosine curves in Figure
3.13 for Rochester, Minnesota. The predicted daily precipitation statistics are in good
agreement with observed trends. The predicted and observed annual precipitation depth and
average annual number of wet days are shown in Figure 3.14. The WINDS model predicted
these statistics with good accuracy.

Prediction of Storm Char acteristics
Theoretical Framework

Intra-storm characteristics of the WINDS model are predicted using the general framework
proposed by Wilson and Headrick (1998) for a known storm depth and duration. It is based
on the theoretical concepts of Keifer and Chu (1957), often referred to as the Chicago
hyetograph method. The overall goal of the method is to develop storm patterns that match
known depth-duration-frequency values (DDF) for asite. The breakpoint form of the DDF
eguation was previously given by Equation 3.19. It will be evaluated here in the following
form:

P=K FxT" (3.35)

wherefor T< Ty, Ki=Ki=b,and nj=n; = b, and for T > Ty, K; =K2:boTbb3andni =n
=by-bs.



Homalized Mean

Mormalized St Dew

Depth (mmj

Draily Prec: Gamima (Skew Hormal)
bo= 0.010, b1 =-0.005b2= -0.328 b2 =-0.000 b4 = 0.275 bS =-0000 bE =-0.243

~
Z
=
=
z F
= *
=
=z *
=
@
g F
=
w
g F
=
=
= ! ! L L )
=
] 3 148 220 53 365
Days
D=ily Prec: bo= 0,938 b1=-0.585 D=ily Prec: bo= 3,106, b1 = 0,000
bi=-0.367, b3 = 0.019, bd= 0.473, bJ = -0.034, b& = 0163 bZ= 0.000, b3 = 0.000, bd = 0.000, b5 = 0.000, b& = 0.000
5or 3
- =
i s
* *
=k - 2 3 .
& 2 =
P - - * *
u + * .
=
z L @ = *
= = * * b d
e =
e ' =
= o 3 145 220 83 ELL) - o T3 148 {i] 83 2088
Diayz Days
Figure 3.13. Predicted Daily Precipitation Statistics for Rochester, MN.
Annual Precipitation Depth : Gamma {Skew Hormal) Annual Average Humber of Wet Days: Gamma {Skew Hormalp
Ob=served (left]= T42.0; Predicted right]= 753.4 Observed (left]= 98.2; Predicted [right]= 955
g r g
= S g I
= S $ 2r
z
g
=
5
g [ 2 3
S 8 F
= =
] 1 H 3 4 ] 1 2 3 4
Observed and Predicted Observed and Predicted

Figure 3.14. Predicted and Observed Annual Precipitation Depth and Number of Wet Days
for Rochester, MN.

Total storm depth is known for each wet day by using the algorithms discussed in the

previous section. Later in this section, the methods to compute storm duration are described.
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The total storm depth (Ps) and total storm duration (T) are therefore known. A key
assumption is that cumulative depths for all durations less than the storm duration have the
same frequency.

A dimensionless form of Equation 3.19 is obtained by dividing both sides of this equation by
Ps, corresponding to sorm duration of Ts. We then obtain

T, \bx
P bOFblTbZ(?b)b3
R=FT= T—=a.T (3.36)
s b F™T. (2)™
b P2 T ()

S

where Ps isthe cumulative precipitation normalized by storm depth and T+ isthe cumulative
time (duration) normalized by storm duration. The symbols o+ and n have the following
definitions

a.=l,n=n-=h, T<T,, T,<T, (3.37a)
a _T ﬁ)Tm-nz n=bh, T<T,, T.>T (3.37b)
* -I-bb3 K2 s ! b s b '

a.=1,n=n,=b,- b, T>T,, T,>T, (3.37¢)

Dimensionless rainfall intensity is directly defined as

_dP _ _dP/dT
L =" ca.nT, =
P/T,

(3.39)

which is physically defined as the rainfall intensity normalized by the average intensity for
the storm.

Equation 3.36 can be used to determine the cumulative depth of precipitation within a storm.
This equation assumes that the peak rainfall intensity occurs at the beginning of the storm. A
more general solution can be obtained for different times of peak intensity. The solution
approaches are shown in Figure 3.15. The left-sided figure correspondsto the solution for
peak intensity at T-=0 as given by Equation 3.36. The right-sided figure is the rainfall
intensity for apeak intensity at t=t«,. The endpoints of the right-side pattern are defined to
equal the storm duration, that is, T+ = t«g - t«_.
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Figure 3.15. Hyetographs Derived from DDF Curves.

The fraction of the duration corresponding to the left (rising) limb () is defined as

|, =2 =t, (3.393)

where the last equality is obtained using the entire storm duration (i.e.,, T- =1 and t-,. = 0). A
constant |+ for durations within a storm is used in deriving the hyetograph. The fraction of
the duration corresponding to the right (falling) limb (r+) is defined as

[
= RT P=1- 0 =1-t, (3.39h)

Cumulative precipitation depths are equal for the same duration for the two patterns shown in
Figure 3.15. Theintra-storm intensities for the right-sided figure are defined as a power
function of the form relative to the time of peak intensities. Unknown coefficients A and B
are defined such that the partition of precipitation between the rising and falling limbs is
done in proportion to |+ and r« for their respective limb. Let’s consider the change in
cumulative depth over a small time increment, that is, AP: = [+AT». The partitioning of this
precipitation depth between rising and falling limbs can be done using

. I, DT. =Aa.nt "Dt andr. I, DT, =Ba.nt }'Dt (3.409)

where the first equation corresponds to the rising limb and the second to the falling limb and
where 1. = t«p-t- and g = t- - t,. By using Equation 3.38, At =I-AT+, and Atg =r-AT», we
obtain

T =A(t,-t)" and T =B(t.- t.,)"" (3.40b)

and therefore A and B are defined as
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A:—n—l =— and B = — = 1 — (3.41)
(t,-t) £ (t.-t,) (1-t.,)

The dimensionless rainfall intensities for the rising and falling limbs can then be written as

t, -t _ -t
|,kL=a,kn(”t*—)”‘l and i., =a. n(1 t Pyt (3.42)

p p

Let’s consider the relatively simple hyetograph for Ts< Ty. For thiscase, o~ =1 and n = by.
By using the intensity defined by Equation 3.42, the cumulative depth for the rising limb of
the hyetograph is defined as

R boto-t, r R R
() =n, ——)"dt, =nt. g dt =t (1- £
p.(t.) 19 ™ ) n; pgj o ) (3.430)

fort £t,, T.ET,
where

f*: =1-

to-t
> ti (3.430)

*p

Likewise, the cumulative depth for the falling limb of the hyetograph is defined as

= Pymtdt, =t, 1-t. )" dt =
p.(t) =t. +nd p) o F 0y )ot (3,443

t,+(1-t )t"™ fort. >t , T.E£T,

where

P (3.44b)

Let’s now consider the hyetograph for Ts> Ty. 1n addition to determining separate
relationships for the rising and falling limbs, relationships are needed to account for each of
the piecewise DDF curves. By using the definitions for I* and r*, these durations are defined
as

t,=t,- LT, =t,1-T,) and t.p =t +(1-t.)T, (3.45)

By using the intensities given by Equation 3.42, the cumulative depth for therising limb and
for 0 <t <t-p can be defined as
t.)=n nzldt-nt 7o =t (1- £
p.(t.) = 2d pc‘j o ) (3.460)
for OfLLE£ L, T,> T,

S

and for t-, <t- <t«, can be defined as
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- t. bo
p.(£) =t (- £3) +na. ( Lymidt =t (- £F) +nat, gt dl =
' fb) t, ' td (3.46b)

t,@1-th +atl -ath) fort, £ELEL, T,>T,

where {, isas previously defined.

By using the intensities given by Equations 3.42, the cumulative depth for thefalling limb
and for tsgp <t+ <1

t t. a. ——)"dt. =p. (. a.l-t ) dt =
p.(t) =p.(t, )+natd p) p.(t.;) + na. ( )ot (3.473

t,@- tz+a.th)+a. (- t )L™ fort, £t £ te, T,> T,

S

and for t«p <t« <t«gp

p.(t) =p.t.,) +n, o( ")”“dt =p.(t,) +na. (-t )@”Zldt—

p
t*p(l- t+a.tl) +a.@- t )ty + (-t )(t,knz -ty (3.47b)
fort.g, ELEL T, > T,

where t. isas previously defined.

For storm of greater duration than two bursts, the time of peak precipitation intensity is
selected by first dividing the total duration into four quartiles. The probability of observed
storms that had their peak intensity in the first and fourth quartiles was determined from the
intra-storm characteristics routines and summarized by cosine coefficients to capture within-
year variations. The probability of peak intensity in the second and third quartiles are
assumed to be equal and calculated by subtracting first and fourth quartile probabilities from
one. Thetime of peak intensity is randomly selected such that the frequency of occurrence in
each quartile corresponds to those observed. The time of peak intensity is taken at the
midpoint of the quartile.

Scorm Duration

The theoretical framework of the previous section requires a determination of the storm
duration. The user has three options for determining this parameter. The most
straightforward option is to assume no relationship with storm depth. The cosine coefficients
for the mean and standard deviation of duration are stored in the precipitation file and can be
used to predict duration using the normal, log-normal, or extreme value type | distribution.
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The user can also select alinear relationship between duration and storm depth. The cosine
coefficients for the slope and the standard error are also stored in the intra-storm file. The
user can select the normal or the extreme value type | distribution to add arandom
component.

For the logistic duration model, the cosine coefficients for the statistical characteristics of the
residuals are stored in the intra-storm file where the residuals are defined by Equation 3.10.
By rearranging this equation, the normalized duration is determined as function of the
normalized depth (x* = daily precipitation divided by daily precipitation depth) as

._ b[exp(k, X (@+b"))exp(- & (1+b"))- 1]

; s : : ; (3.48)
1+b exp(k; x (1+b ))exp(- ¢, (1+b))

where cosine coefficients are stored in the intra-storm data file for b and k," and for the mean
and standard deviation of ey .

Fraction of Sorm Duration with No Precipitation

The WINDS model also simulates time periods within a storm that has no precipitation.

Here the fraction of the storm duration with no precipitation (fraction of gaps) isa critically
important parameter. This observed fraction was examined with the intra-storm data.
Although cosine coefficients are available in the intra-storm data file to represent the mean
and standard deviation of no-precipitation gap and to represent a linear relationship between
no-precipitation gap and duration, the WINDS model uses the exponential relationship
shown in Figure 3.6. The current version of the WINDS model does not place a high priority
on predicting accurately the no-precipitation gap and compromises this feature to obtain the
proper depths within the storm. By using the definition of residuals given by Equation 3.14,
the fraction of no-precipitation gap can be predicted as

g=1- exp(k” y') exp(-€,) (3.49)

where cosine coefficients are stored in the intra-storm data file for k™ and for the mean and
stgndard deviation of g5 . The extreme value type | distribution is used as the distribution for

€ .

The WINDS model computes cumulated precipitation depth for afixed storm interval,
corresponding to “bursts’ of precipitation. The fraction of gapsisonly applied if the total
storm duration is greater than two bursts. A gap in precipitation is not allowed at the time of
peak precipitation intensity and the nearest surrounding bursts. When there is a no-
precipitation time interval, the intensity of subsequent burstsis increased to maintain the
same total depth. This concept isillustrated in Figure 3.16.

In addition to the fraction of no-precipitation gaps, the persistency trend might also be of
interest; that is, the probability that the next time interval within a storm has precipitation is
dependent on whether the current time period has rain. A first-order Markov chain is used
where the transitional probabilities of wet time period given that the previous time period is
also wet and the probability of awet time period given that the previous time period was dry.
These transitional probabilities were determined from intra-storm data, and the results are
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summarized using cosine coefficients in the intra-storm file.

P =g« dt.

Equal depths

Dimensionless Intensity —.

No Rain Dimensionless Time-T.

Figure 3.16. Impact of No-Precipitation Gap on Intensity.

The transitional probabilities obtained from cosine curves are adjusted to place additional or
fewer no-precipitation gaps during the simulation of the storm pattern. This adjustment is
shown in Figure 3.17. Inthisfigure, Ng and nq are the total number of no-precipitation time
periods necessary to achieve the overall fraction of no-precipitation gaps and the current
count of no-precipitation time periods, respectively; N, and n, are the total and current
number of time periods for the storm. The x-axis is then the ratio of the remaining time
periods needed to achieve the overall no-precipitation gap and the total remaining time
periods. If thisratio is zero, then all the time periods for no-precipitation gaps have been
used. The probability of obtaining another no-precipitation gap is then set to zero preventing
any more no-rain gaps. |If the x-axis value is one, all of the remaining time periods must be
no-precipitation gaps and therefore the transitional probabilities are set to one. Breakpointsin
the curves correspond to the transitional probabilities that are determined from the cosine
coefficients. They correspond to the transitional probabilities at the beginning of the storm.

For asmall storm duration of only two storm bursts, the WINDS model distributes the depth
among the two bursts based on the fraction of the total precipitation for two burst storms
analyzed from the intra-storm data file. Cosine coefficients are used to represent within-year
variations, and these coefficients are stored in the intra-storm file.
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Figure 3.17. Changesin Transitional Probabilities within Storms.

Additional Features

One of the advantages of using normalized statistics for the mean and standard deviation for
the weather variables isthat it allows the WINDS model to more easily adjust predicted
values for locations whose weather differs from that of the nearest climate/intra-storm
station. For example in mountainous terrains, temperature varies with elevation, and
therefore temperatures corresponding to climate station at alow elevation do not correspond
to those of a location at a higher elevation. Although it is unlikely that an adequate time
series data set exists at the higher elevation for determining the parameters of the WINDS
model, the user will often have sufficient information to estimate the annual mean
temperature and possibly the standard deviation. The user has the option of changing the X«q
normalizing statistics of Equation 3.24 to the mean and/or standard deviation of the study
location. The WINDS model will then simulate daily climate variables to correspond to the
mean (and possibly standard deviation) at the study location. Trends of the weather variable
relative to its normalizing value are the same as that of the climate station. Radiation is
latitude dependent. Therefore, in addition to changing the mean and standard deviation, the
user can improve the simulation of radiation by specifying the latitude for his/her location.

The primary goal in the development of the WINDS model was to predict different weather
scenarios for a particular year. Nonetheless, the WINDS model can also be used to predict
weather in future years. Another advantage of using normalizing statistics isthe ease in
which climate change can be simulated. For this type of application, the X¢q normalizing
statistics of Equation 3.24 are simply allowed to vary with year of simulation. The user can
vary both the mean and standard deviation X¢q with year. The following equation is used in
the WINDS model.

X, qa (YeQr) = Xy [1+ R, (year) + Fy, (year) + K, (year)] (3.50)
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where X «q IS the varying normalizing coefficient with year of simulation that can be
determined as the sum of an exponential function, a periodic sine function, and/or alinear
function. These functions are defined as

Fexp(year) = A—»(p,max (1' eXp(- Bexp,rateyear)) (3513-)

Fan(Year) = Ay, pa SIN ( yga - 1) (3.51b)
sin, per

I:Iin(year) = 3in,dope (year - 1) (351C)

where the A and B coefficients are entered by the user. The determination of these
coefficientsis not atrivial task. The functions in Equation 3.50 can be set to zero by using
zero A coefficients or Byingope COEfficients. The above equations are applied to both the mean
and standard deviation of the weather variables.

Five-day weather forecasts are frequently available and the user may wish to use these
forecasts in the simulations of different weather scenarios. The mean and standard deviation
values obtained from the cosine function for the non-precipitation variables are overridden by
five day forecast information provided by the user. Forecast expected value is taken as the
mean value and the possible range in value is used to estimate the standard deviation.
Standard deviations are defined to increase from the first day to the fifth day of the forecast.
The percent chance of rain is used to override the probability of wet day given adry day and
the probability of a wet day given awet day.
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Chapter 4
Modeling Algorithms of the WATER Model

I ntroduction

Assessment of the effectiveness of sediment control practices requires that the weather
predicted from the WINDS model be used to simulate the runoff and erosion from hillslopes.
I mportant hillslope processes are shown in Figure 4.1. They include surface runoff processes
of which infiltration and overland flow are particularly important, plant processes related to
plant growth and evapotranspiration, and erosion and sediment transport that include
detachment by raindrop impact and shear forces from surface flows. At the toe of the
hillslope, sediment deposition is common and occurs when the sediment load exceeds the
transport capacity of the flow.

The WATER model has more than one algorithm to simulate the key components. The
selection of the best algorithm is closely tied to the availability of their parameters and the
expertise of the user. Since the parameter sets for construction site is quite limited, the best
modeling algorithms will often not be the most theoretically appealing. However as future
studies provide greater insight into processes and a larger data base is established, the
selection of the best modeling algorithms will likely move to more rigorous process-based
relationships.

The description of the algorithms in the WATER model is divided into those used for runoff
processes, plant processes, and erosion and sediment transport. Prediction of runoff
processes is largely dependent on the methods to predict infiltration, surface depressional
storage, and overland flow. Important algorithms for plant processes are those used to
predict plant growth and evapotranspiration. Three different levels of modeling rigor are
used for erosion and sediment transport. The simplest methods are those based on the
Universal Soil Loss Equation (USLE). More process-based methods based on the approach
of the Water Erosion Prediction Project (WEPP) model are available to the user. The most
rigorous algorithms, but the least tested, are based on recent work done at the University of
Minnesota.

Estimation of soil parameters is an important component in modeling runoff and erosion
from construction sites. A separate class is used to estimate these parameters. Different
algorithms were selected to allow the user to select the best method given the information
available for his/her design. Routines have been developed to predict matrix potential and
relative conductivity using Brooks-and-Corey (1964) and van Genuchten (1980)
relationships and other soil parameters such as porosity, residual moisture content, bubbling
pressure, pore size distribution, moisture content at field capacity, moisture content at wilting
point, and saturated conductivity. Estimates of these later parameters can be obtained using
the mean values by soil texture of Rawls et al.”s (1989) data set of more than 5000 samples.
Predictive equations proposed by Rawls et al. and developed for the WEPP model (Flanagan
and Nearing, 1995) is also available to users.
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Figure 4.1. Important Hillslope Processes for the WATER model.

Runoff Processes
Infiltration and Surface Depressional Storage

Infiltration is a critical component of the runoff processes because it divides rainfall into
surface and subsurface flow paths. A number of different infiltration methods has been
coded and is available to the user. These methods are (1) Green-Ampt-Mein-Larson
(GAML) infiltration model (Mein and Larson, 1973), (2) two-layered GAML model, (3)
dual-porosity GAML model, (4) Holtan infiltration method (Holtan, 1961), (5) Horton
infiltration equation equation (Horton, 1939), (6) infiltration based on the curve number
method (SCS, 1972; Hjelmfelt, 1980), and (6) constant infiltration rate of the phi-method.
Once again, the selection of the best infiltration method is dependent on the type of problem
and availability of parameters. Only information on the GAML model and the curve number
method is summarized here.

The Green-Ampt’sinfiltration equation is based on the idealized moisture content profile of
box shape corresponding to sharp wetting front. The infiltration rate is defined as
(qs - q|)y f + F

f =K, ( = ) (4.1)

where f isthe infiltration rate, Ks is the effective saturated conductivity, g; and gs are the
initial and effective saturated moisture content, respectively, y ¢ is the average suction at the
wetting front and F is the cumulative infiltration depth. Cumulative infiltration depth is
predicted as
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_ (qs_qi)Yf+F
F_Fs+(qs_qi)Yf|n( (qs'qi)yf+FS)+KS(t-tS) (42)

where Fs and ts are the infiltration depth and time at effective surface saturation. Mein and
Larson (1973) used the Green and Ampt’s approach to estimate Fs as

_ (qs - q|)y f
F=( (i/K—S)-l) (4.2)

where i isaconstant rainfall intensity. For constant rainfall intensity, ts is obtained by simply
dividing Fsby i. Inthe WATER model, the Mein and Larson’s approach is modified for
unsteady rainfall intensity using the concepts given by Chu (1978). Li et a.’s (1976) simple
two-step method is used to solve the GAML model efficiently. The GAML model is only
used when the rainfall intensity is greater than the infiltration capacity given by Equation 4.1.
If the rainfall intensity is less than the infiltration capacity, the infiltration rate is taken as the
rainfall intensity.

Abstraction isthe removal of rain from surface runoff processes. In addition to infiltration, it
includes surface depressional storage and vegetative interception, of which surface
depressional storage is of greater importance. Initial abstraction is the surface depressional
storage, vegetative interception and infiltration (Fs for the GAML model) prior to the start of
runoff. Most of the total surface depressional storage and vegetative interception occur prior
to runoff. Rainfall excess depth is defined as the difference between rainfall and abstraction
depths. Excess depths drive the detachment and transport of sediment by surface runoff.

Simple vegetative interception models are used in the WATER model where the user
specifies whether the relative interception depth as large, medium or small. Adjustments for
wind speed are also possible. Two methods for surface depressional storage are available to
the user. The simplest approach is to specify whether the relative depth is large, medium, or
small. A more rigorous model is available using the results of Onstad’ s (1984). Surface
depression storage depth is then predicted as function of the roughness and slope of the
surface by the following equation.

SS, =R (0.112+0.031R. - 0.012S,) 4.3

where SS; is the surface depressional storage (mm), R; is the roughness of the surface and S
is the slope of the land.

The curve number method is atwo stage model that directly predicts rainfall excess. If the
cumulative precipitation depth is less than initial abstraction, then the excess depth is zero. If
the cumulative precipitation depth is greater than initial abstraction, the excess depth is
predicted as

2
Z :M if P>1, (4.49)
P-1,+S

where Z is the cumulative excess depth for a cumulative precipitation depth P, 1, is the initial
abstraction, and S is a maximum abstraction depth related to a curve number (CN) by
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S= 1000 _ 10 (4.4b)
CN
The user can specify an initial abstraction depth, estimate the initial abstraction from
vegetative interception and surface depressional storage method previously discussed, or use
the default value in the NRCS curve number method where

|.,=02S (4.40)

Overland Flow

As excess water travels over the surface, it combines with water from other areasto increase
the volumetric flow rate. Asthe rateincreases, the ability of the flow to detach and transport
particles also clearly increases. The user is given several unit hydrograph options and four
kinematic wave approaches. Unit hydrograph theory is used to predict flow rate assuming
(1) alinear reservoir, (2) a series of linear reservoirs, (3) atime-area curve coupled with a
linear reservoir, (4) alinear reservoir for surface runoff and a linear reservoir for channel
processes, and (5) time-area-excess-depth curve linked with a linear reservoir. The kinematic
wave options are based (1) equilibrium flow response, (2) constant excess intensity response,
(3) general numerical solution for rectangular surface, and (4) general numerical solution for
aconverging surface. The first two kinematic wave options are only recommended for small
drainage areas.

Unit hydrograph theory is a conceptual modeling approach widely used to predict surface
runoff. A unit hydrograph is defined as a hydrograph of one unit of surface runoff, usually
for specific duration. The approach can be applied to a watershed scale that includes both
overland and channel flow processes. Unit hydrographs were originally defined using
observed data, but the theory has been expanded to include process-based concepts. The
following notation is used here: At isthe duration of rainfall excess burst, DUH is the unit
hydrograph for sorm burst of At, IUH is the instantaneous unit hydrograph corresponding to
At — 0, AZ isthe rainfall excess depth for ssorm burst defined as the product of rainfall
excess intensity (i) and At, and Q isthe flow rate of runoff hydrograph.

Unit hydrograph theory is based on properties inherent in linear differential equations. One
of these relationships is the principle of proportionality that statesthat the flow rates are
proportional to excess depths. Another important relationship is the principle of
superposition. This principle allows a complex input to be divided into simpler components
and then solving these simpler components to determine solution for the original complex
input. For runoff, the principle of superposition allows the flow rate to be determined using
the convolution integral defined as

Q(t)=tc‘jUH(t-t )it )dt (4.5)

where i isthe rainfall excess intensity which is known from the rainfall hyetograph
infiltration and surface depressional storage relationships of the previous section. The
WATER model allows the user to select several different instantaneous unit hydrographs
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(IUH).

A numerical solution to Equation 4.5 is shown in Figure 4.2 for three bursts of excess. Each
burst resulted in a runoff hydrograph. These runoff hydrographs are lagged and added to
determine the overall response.

Kinematic wave approach is based on the coupling of the conservation of mass with the
equation of motion with negligible inertial term and pressure forces. It assumes broad sheet
flow for overland conditions. The kinematic wave solution for these conditions can be
written as

g b 10 _.
ab = 4.6
‘Hx+ q it le (4.63)

where q isthe flow rate per unit width and a and b are parameters defined from arating
curve or from Manning’ s equation. For Manning’s equation, b = 3/5anda =
[/(1.495 Y?)]°, where nisManning’sn and S, is land slope. Inthe WATER model, the
following approximation is used to solve the above equation (Chow et a., 1987)
+: J++l +. eJ|+l Iéw
" J l( )+a b q|+1(ql 1 5 q| 1)b 1+Dt( 1) ( b)
q++ - + 4.6
! Dt — +a b(qjﬂl q|+1)b 1
Dx 2

wherei and j are grid locations in x and t, respectively. Checks are used for the special case
of no flow on the surface.
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Figure 4.2. Numerical Solution to the Convolution Integral for Three Rainfall Excess Bursts.
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Plant Processes
Plant Growth Modeling

Plant growth at construction sites provides vegetative cover for erosion control and leaf
canopy that influences evapotranspiration. Plant models are commonly used for agricultural
crops (Wilson and Jamieson, 1984; Jones et al., 1986). Generally, for these applications,
competition among different types of plantsisrelatively unimportant. Weeds are controlled
by effective management practices. However for many construction sites, the establishment
of any vegetation is often important in reducing erosion. Lessinterest liesin the growth of a
particular plant species

Two general approaches are available in the WATER model to simulate plant growth. The
simplest approach uses empirically derived biomass curves for acommunity of plants. The
accuracy of this approach is dependent on available data for the plant community at a given
construction site. The other approach is more rigorous and uses concepts from crop growth
models.

The process-based modeling approach represents the potential plant community at a site by
several different plant groups. Germination and other growth stages are triggered by heat
unit indices. The triggering heat unit indices vary among the plant groups. Prior to reaching
maturity, potential daily biomass for each plant group is estimated using the photosynthetic
active radiation. Observed biomass as a function of photosynthetic active radiation for
eleven different cropsis shown in Figure 4.3. The potential biomass for any given day is
obtained as

b, =0.02092R , R, (1- exp(- 0.65LAl;)] 4.7

where Py, isa plant factor for converting photosynthetic active radiation, Rs is the solar
radiation obtained from the WINDS model, and LA+ isthe leaf areaindex. A larger leaf
area provides more available energy for plantsto grow. After plant maturity, different set of
relationships are used to consider the biomass of the plant community.

Equation 4.7 alows the potential biomassto be estimated. Adjustments in this potential
biomass are necessary for non-optimal conditions at construction sites. As an example, the
reduction in the photosynthetic rate as afunction of an air-temperature stressor is shown in
Figure 4.4. Inthe WATER model, reduction in optimal biomass is done for the following
stressors:. (1) seed availability, (2) soil moisture availability, (3) availability of nitrogen, (4)
availability of phosphorous, (5) air temperature, and (6) leaf area competition among plant
groups. The impact of all of these stressors are represented by the general relationship

ks =1+ C( éf - éfopt)2 (483.)

where ks is the stressor factor, c is a definable factor that depends on a minimum or
maximum limit for ks, S; isanormalized stressor defined as
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§= >
"O1+k(S, - S,.)/S

(4.8b)

fopt

where S is the stressor value where ks equal zero, S iS the stressor value where k=1 and
k isasymmetrical adjustment factor. The parameters of the stressor equation are shown in
Figure 4.4 using the general form of y = Ymin + (Ymax-Ymin)Ks, Where ypin = 0.
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Figure 4.3. Relationship between Biomass and Photosynthetic Active Radiation.

The application of these concepts to a plant community of different plant groups is shown in
Figure 4.5. Total biomass and leaf area index is first computed for the entire plant
community. Thistotal biomass is then distributed among the different plant groups. Each
plant group has a unique set of phenological properties (such as early emergence), efficiency
of biomass conversion, and stressor properties (such as tolerance to low soil moisture
content). Plant groups that have characteristics that are best suited to site conditions receive
agreater fraction of the total biomass. This competition among plant groups determines the
dominate plant group.
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Evapotranspiration

Evapotranspiration is a critical process for determining the moisture content of the soil,
which is used for computing infiltration for individual storms and for simulating plant
growth. Users have a choice for predicting potential ET using pan evaporation, Priestly-
Taylor, Penman and Penman-Monteith methods (Jansen et a., 1990). Crop coefficients and
the leaf-area index method are used to estimate potential ET for site conditions (Burman et
al., 1983; Ritchie and Barnett, 1971). The impact of water availability in the soil is modeled
using either the simple linear relationships proposed by Larson (1985) or by using
relationships that relate leaf resistance to soil moisture potential. Only the more rigorous of
these options will be presented here.

The Penman-Monteith method is based on an energy balance for a plant canopy. Important
energy terms are shown in Figure 4.6. The net radiation, R,, is defined as the net radiation
into the plant canopy and can be estimated by coupling the solar radiation from the WINDS
model with albedo and other factors. Net radiation is the dominate energy term for the
control volume. The sensible heat flux, Hs, is defined as the net heat flux leaving the canopy
asthe result of temperature difference, primarily through a plane located at the top of the
canopy, but possibly also by the net advected heat term. Sensible heat is an important energy
term. The sensible heat flux, G, is defined as the net heat flux leaving the plant canopy to the
soil. Although some researchers/modelers consider G for short time steps (less than a day), it
isusually small when integrated over an entire day. The latent heat, RET, is defined as the
heat used for evapotranspiration for areference crop. The rate of change in energy of the
canopy, AS, istypically negligible. Other negligible energy terms are the viscous dissipation
work and biological (non-RET) and chemical activities.

By using the slope of the saturation vapor pressure-temperature curve to approximate the
temperature of the leaf surface, by neglecting insignificant energy terms shown in Figure 4.6,
and by using resistance-type of relationships for heat and vapor movement, the Penman-
Monteith method can be derived as

D rc,

RET :(D+gc(1+rlv/rah) )(Rn - G)+(

e-e
a__a 4.9
D+gc(1+ rIv / rah) )( rah ) ( )

where A is the slope of the saturation vapor-pressure-temperature curve, & is the saturated
vapor pressure, e is the vapor pressure (e, = e,°rh), r isthe air density, ¢, isthe specific heat
at constant pressure, g is the psychrometric constant, and r, and r, are the stomatal
resistance and heat-atmospheric resistance, respectively. The heat-atmospheric resistance
can be derived from turbulent flow theory for log-velocity profiles as

(2 9y 1inE Y-y
My = 5 m (4.10a)
kZU(2)

Z, Z

where k, is the von Karmon constant and U(z) is the velocity measured at a height of z. The
remaining parameters are dependent on the type of plant. For areference crop of alfalfa, the
stomatal resistance can be estimated as (Jansen et al. 1990)
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=10 here LAI =25In(h)- 1.4 (4.10b)

rIv -
0.5 LAl

andy =y m=0, Zn=0.123 h, Z;, = 0.1 Z,, and d=0.67 h, where h is the canopy height.
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Figure 4.6. Energy Balance for Plant Canopy.

Potential evapotranspiration for the reference crop of alfalfais predicted by Equation 4.9 for
the parameters as defined by Equation 4.10b. This potential evapotranspiration needs to be
adjusted to consider other plant types at different stages of growth. Inthe WATER model,
the adjustment factor can be determined from standard growth curves or by using the |eaf
areaindex. The leaf areaindex is characteristic of the plant community predicted by the
plant growth algorithms. The ratio of potential plant transpiration and RET as a function of
the leaf areaindex is shown in Figure 4.7. For LAl < 3, thisratio is predicted in the WATER

model as

-
P_=052JLAI  for LAI <3 (4.11)
RET
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Figure 4.7. Potential Transpiration Ratio as Function of Leaf Arealndex.

Actual evapotranspiration is less than potential evapotranspiration when there is insufficient
water in the soil matrix. One approach in the WATER model for predicting this reduction is
based on the potential difference between the soil matrix and the plant leaf. As discussed by
Campbell and Norman (1998), the relative humidity inside the leaf stomatais nearly one,
even under stressed conditions. The leaf is therefore unable to control transpiration by
substantially dropping its leaf potential. Reduced transpiration can, however, be obtained by
closing its stomata (increasing leaf resistance). Figure 4.8 shows changes in leaf resistance
asafunction of leaf potential. Also shown in thisfigure are the mathematical
approximations used in the WATER model to represent leaf resistance.
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Figure 4.8. Leaf Resistance as Function of Leaf Potential.

By using the relationships shown in Figure 4.8, Brooks-and-Corey relationship for soil
matrix potential and considerable algebraic manipulation, the ratio of actual transpiration to
the potential transpiration (without water stress) can be defined as

T km, -1+ m,F .)> +4m;[k + (1- km))F . - 1

T _ G Lo miEY - Amk (1 km)F L enen @iz
T 2km, 2 2k

p

T 5 -1+ MF )7 +4my[(K/1 ) +(1- my)F . -1
_:\/(m2 m,F ) mz[*( )+(1- my)F, E_F_ for A, £A,. (412b)
T 2m, 2 2k

p

where A, is the available water in the soil, A, is a breakpoint available water value, Fs isa
dimensionless soil potential, and k, my’, my’, and | are leaf resistance parameters as shown in
Figure 4.8.

Erosion and Sediment Transport
USLE-based Routines

The Universal Soil Loss Equation (USLE) was developed as atool for soil conservationists
to use for developing farm management plans to control erosion and maintain soil
productivity from agricultural lands. It is best suited to predict average, annual soil loss. An
advantage of the USLE-based approaches isthe relatively large data set used to determine
erosion parameters. The USLE is based on more than 10,000 plot-years of data. Substantial
efforts were undertaken to improve the prediction accuracy of the original USLE resulting in
the Revised Universal Soil Loss Equation (RUSLE). Of particular interest with this
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modification is the calculation of the slope length coefficient as a function of arill-to-interrill
erosion parameter.

One of the erosion modeling algorithm in the WATER model is the modified Universal Soil
Loss Equation (MUSLE) (Williams, 1977). This method was developed for storm events. It
replaces the rainfall factor in USLE with a runoff factor that was evaluated using 778 storms
with avariety of different watersheds. The MUSLE predicts total sediment yield from the
construction site. Sediment yield is predicted by the following equation

Y =95(V Q,)**K LSCP (4.13)

where 95 (VQ,)**® is the runoff erosion factor, Y is the sediment yield at the outlet, V isthe
volume of runoff, Q, is the peak flow rate and where K, L, S, C, and P are the USLE factors
for erodibility, slope length, slope steepness, cover and practice, respectively.

The USLE-based method of SLOSS (Wilson et al, 1982) is also available to the user of the
WATER model. With this method the detachment is divided into interrill and rill
components, where the USLE rainfall erositivity is used to compute detachment from interrill
areas and the volume and peak flow rate is used to determine detachment fromrill areas.
Deposition is computed if the sediment load in rills exceeds the transport capacity of the
flow. Thetransport capacity of the flow is computed using Y ang’s unit stream power
equation (Yang, 1973).

WEPP-based Routines

The Water Erosion Prediction Project (WEPP) was developed as an alternative, more
process-based approach to USLE for predicting annual average erosion from agricultural
lands (Flanagan and Nearing, 1995). The overall framework for this project is similar to that
used by the WATER model. Erosion in the WEPP model is divided into interrill and rill
components. In contrast to the SLOSS approach, the parameters for the WEPP modeling
approach are not based on the USLE data set.

The WEPP-based form of interrill detachment used in the WATER model is
D, =K, i’C G (4.14)

where D; isthe interrill detachment, K| isthe interrill soil erodiblity, i isthe effective rainfall
intensity, C; and G; arethe interrill canopy and ground cover factors. Therill detachment by
surface runoff is estimated as

D, =K, (t -t,) (I WP) (1- % fort >t (4.15)

C

where D, istherill detachment rate, K, istherill erodibility, t isthe bed shear defined as

(r gRS)™?, t . isthe critical bed shear, | isthe length of the rill, WP is the wetted perimeter, Gq
is the downslope sediment load, and T is the transport capacity of the flow. A simple mass
balance is maintained in the rill to estimate Gq. This mass balance can be used to compute
deposition in the toe area of atypical hillslope. The WEPP-based algorithms assume a fixed
number of rills per unit area, corresponding to a set of parallel rills for a given hillslope.
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University of Minnesota’' s Algorithms

The third set of erosion modeling algorithms available to the user is based on methods
developed at the University of Minnesotain the early 1990s. These algorithms were
developed to improve the prediction of detachment by surface runoff. Instead of the fixed
number of rills approach used in the WEPP-based methods, the University of Minnesota's
algorithm uses a dendritic network of rills (Wilson, 1991). This approach is based on an
analysis of the link characteristics of small-scale surface drainage networks measured from
erosion plot data. Networks are predicted by combining link characteristics with the topology
defined by an infinite topologically random network. Power relationships are used to
describe the shape of rills that are allowed to expand with drainage area.

Wilson (1993) proposed a fundamentally-based flow detachment model that is also available
inthe WATER model. This detachment model provides a framework for isolating flow from
soil characteristics. Flow characteristics are estimated using turbulent detachment forces at
the boundary. Turbulent characteristics are represented by the extreme value type |
probability density functions. In contrast to the WEPP-based models, the role of sediment
load on particle detachment is obtained by the suppression of turbulence by suspended
sediment.
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Chapter 5
Summary and Conclusions

The WATER (Watershed Assessment Tool for Environmental Risk) model was developed to
be atool to assess the effectiveness of different sediment control practices. Determination of
parameters and rigor of modeling approaches are important factorsin the development and
use of models. Rigorous models typically have many parametersthat are frequently
unknown. Application of these models to aparticular site is then difficult. Overly simple
models may have few parameters but are unable to capture important components of erosion
and sediment transport. The effectiveness of alternative sediment control practicesisthen
not adequately modeled. Models of erosion and transport of sediment from construction sites
need to be sufficiently rigorousto allow sediment control practices to be evaluated and to
have parameters that can be determined for site conditions.

The risk assessment is performed with the WATER model by simulating many years of
different weather conditions at the construction site for different sediment control plans.
Therefore the WATER model needs to adequately represent the weather conditions, the
runoff characteristics, erosion processes, and plant growth. In addition, the WATER model
needs a user-friendly interface. From the many years of different weather conditions,
probabilistic inferences are possible for each of the sediment control options.

A particularly important component of the WATER model is the prediction of daily climate
conditions and storm characteristics. The prediction of these characteristics is done using the
WINDS (Weather Input for Nonpoint Data Simulations) model. The development of the
WINDS model was done intwo steps. First, the statistical characteristics of historic weather
records were analyzed. Separate routines were developed to efficiently determine the many
parameters that were derived from the observed data sets. These routines were used to
analyze daily climate variables as well as intra-storm characteristics from 15-minute
precipitation data. Within-year variations of key statistics were represented by coefficients
of afitted cosine function. Data from more than 200 climate and 200 15-minute precipitation
stations have been evaluated and are available for use by the modeler.

The second step in the WINDS model development was the implementation of algorithms to
predict future weather conditions with, ideally, similar statistical properties of those
observed. The user has several options in the simulation of weather including different
response for wet and dry days, cross correlation among weather variables, incorporation of 5-
day forecast information, and different probability density functions for representation of
different weather variables. The prediction of intra-storm characteristics is especially
important for modeling erosion from small construction sites. A hyetograph method was
developed based on DDF (Depth-Duration-Frequency) curves. Important parameters for this
method include the storm duration, fraction of total duration without precipitation, and the
coefficients of the DDF curve. A comparison of predicted weather and storm characteristics
with those observed was very good.
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The WATER model has three major components for representing hillslope processes. They
are: (1) surface runoff, (2) plant processes, and (3) erosion and sediment transport. Since
there is no one best modeling approach for al sites, the WATER model allows the user to
select different modeling algorithms for most of these processes. Noteworthy approaches for
infiltration are the curve number method and the GAML (Green-Ampt-Mein-Larson) model.
The user has choice between unit hydrograph theory and kinematic wave solutions for
overland flow. A simple empirical approach and process-based algorithm are available to the
user for simulating plant growth. Penman-Monteith method is the most rigorous of the
approaches available to predict reference crop evapo-transpiration. Relationships are used to
account for different types of plant groups and for water availability in the soil. Algorithms
for erosion and sediment transport range from the relatively simple USL E-based approach to
the more recent erosion work developed at the University of Minnesota
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