
ABSTRACT 

 

WOOTTEN, ADRIENNE MARI. Evaluating Weather Generator Techniques for 
Downscaling Precipitation for Seasonal Forecasting. (Under the direction of Ryan P. Boyles.) 
 

Precipitation has an influence on multiple sectors including agriculture, water 

resource management and natural resource management.  Monthly and seasonal estimates of 

precipitation from global climate models (GCMs) such as the Climate Forecast System 

model are used to provide seasonal forecasts of precipitation.  However, the spatial resolution 

of most GCMs are several hundred kilometers which does not allow for detailed local 

estimates needed for crop modeling, streamflow modeling, and decision making for irrigation 

and water resources management.  Downscaling is used to translate GCM information to 

local scales.  Dynamic downscaling techniques are the most computationally expensive of 

these techniques, while empirical statistical downscaling (ESD) techniques are less expensive 

and can provide similar results to dynamic techniques.  One technique to downscale GCMs is 

the use of weather generators, which can provide local estimates in areas with sparse 

observed data and a virtually unlimited number of local daily realizations of seasonal 

forecasts. However, weather generators often do not account for the spatial structure of 

precipitation or capture the variability associated with extreme events such as tropical 

cyclones and droughts.    

In this study, the WGEN weather generator (Richardson and Wright, 1984), the geo-

spatial temporal weather generator (GiST, Baigorria and Jones, 2010), and a new version of 

GiST with additional consideration for extreme events (GiSTR) are evaluated against 

observations for 1971-2000.  Both GiST and GiSTR are shown to replicate the spatial 

structure of precipitation better than WGEN, while GiSTR better replicates the observed 

variability of precipitation in this time period as compared to GiST and WGEN. While 

GiSTR replicates the variability of precipitation it overestimates the average total 

precipitation in the period.  GiST provides the best replication of the average total 

precipitation.  Given the ability to replicate both the spatial and temporal structure along with 



the variability of precipitation, GiSTR is compared with WGEN to evaluate several 

variations to downscaling with weather generators. 

Downscaling with weather generators involves perturbing the input parameters of the 

generator to reflect the changes projected by the GCM in the forecast period based on a 

scaling relationship.  A second set of analyses focuses on evaluating four different 

approaches to using the scaling relationship to downscale with weather generators based on 

two assumptions used in this relationship.  The first assumption involves the interpolation of 

current day parameters at each station to the GCM grid points, and the second assumption 

involves the estimation of the parameters of the two-parameter gamma distribution used for 

estimating precipitation amounts. Most generators commonly use area weighted averaging 

for parameter interpolation and method of moments to estimate the gamma distribution. This 

study compares this variation against three new variations using GiSTR and Climate Forecast 

System Reanalysis (CFSR) in two separate time periods.  The results of this analysis suggest 

that for both time periods the commonly used variation has larger error than all of the new 

variations when applied in the Southeast U.S.  The results also indicate that variations using 

locally weighted regression or Greenwood and Durand approximation have lower error than 

other variations. 

Finally, WGEN and GiSTR are used with one of the downscaling variations to test 

the performance of each generator when they are used for downscaling in a forecast mode.  

The results of this additional analysis indicate that GiSTR has lower error than WGEN when 

used for downscaling in the Southeast U.S.  However, it is noted that WGEN may be 

sensitive to the choice of downscaling variation.  Future work in this area includes additional 

improvements to GiSTR with regards to extreme precipitation, evaluating each combination 

of downscaling variations and weather generators for the Southeast U.S., and applying 

weather generator downscaling to seasonal forecasting.   
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Chapter 1. Introduction 

 

Precipitation has a strong influence on environmental resources, including water, 

agricultural, natural resources.  Management of these resources benefits from forecasts of 

precipitation at seasonal or monthly time scales for decision making (particularly with 

regards to irrigation and decisions regarding water restrictions) and crop and streamflow 

modeling. Local daily precipitation data are used in crop yield models such as the CERES 

model (Tsvetsinskaya et al, 2003).  In addition, accurate forecasts of seasonal precipitation 

can allow farmers and water managers to plan for potential severe droughts, such as the 2007 

drought in the southeast United States which resulted in estimated crop losses of $1.3 billion 

(Ding et al, 2008).  However, most global climate models (GCMs) which are used to predict 

seasonal precipitation have resolutions of one to several degrees latitude and longitude 

(several hundred kilometers), which is too coarse to provide the local forecasts of 

precipitation needed for decision making and modeling.  To address this limitation of GCMs, 

global scale information about precipitation is translated to the local scale through the 

downscaling. 

 

1.1. Downscaling Background 

 

Downscaling is used in many studies to translate global scale information to the local 

scale.  A common definition of downscaling is described by Benestad (2008) – “the process 

of making the link between the state of some variable representing the large space and the 

state of some variable representing a much smaller space”.  This general definition of 

downscaling has led to the development of several techniques for handling this process, 

which can be broken down into two basic groups.  The first of these groups is dynamic or 

numerical downscaling, and the second group is known as empirical statistical downscaling 

(ESD).    
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1.1.1. Dynamic Downscaling 

 

Dynamic or numerical downscaling makes use of all the model physics which are 

primarily used in numerical weather and climate modeling.  The most common techniques 

for dynamic downscaling involve initializing regional climate models (RCMs, e.g. Barstad et 

al, 2009; Frei et al, 2003, Qian et al, 2009; Pesquero et al, 2010) or nested limited area 

models (LAMs, e.g. Giorgi, 1990; Frogner et al, 2006; Tudor and Termonia, 2010) with the 

output of the desired GCM to be downscaled (Varis et al, 2004).  In addition, dynamic 

downscaling also includes the use of high resolution or variable resolution atmospheric 

GCMs (AGCMs, e.g. Fox-Rabinovitz et al, 2001; May and Roeckner, 2001; Fox-Rabinovitz 

et al, 2006).  While among the most complex and computationally expensive techniques, the 

AGCMs are noted in several studies to provide the most globally consistent results.  

Although AGCMs are globally consistent, significant underlying errors can be present in the 

AGCM (Varis et al, 2004; Christensen et al, 2001).  In contrast, the RCM and LAM 

approaches to dynamic downscaling are capable of producing multi-decadal simulations and 

describe climate feedback mechanisms acting on the regional scale with less computational 

expense than AGCMs (Varis et al, 2004).  Both RCMs and nested LAMs are driven by the 

GCM to be downscaled, and have several limitations.  First, the RCMs and LAMs inherit the 

systematic error in the driving fields provided by the GCM.  Second, there is a lack of two-

way interactions between the regional and global scale climate.  Finally, there are algorithmic 

limitations of the lateral boundary interface between the two models (Varis et al, 2004; 

Christenson and Christenson, 2001).  While several recent studies (e.g. Frei, 2003; 

Rummukainen et al, 2001; Qian et al, 2009) have worked to address these limitations and 

coupling with hydrological and earth system models, the primary limitations of dynamic 

downscaling remain the influence of systematic errors on the results and the computational 

expense.  In addition, Benestad et al (2008) describe several other drawbacks of dynamic 

downscaling related to the numerical models involved.  First, the parameterization schemes 
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used are created based on present climate and therefore may not be valid in future climates, 

particularly with regard to climate change studies.  Second, numerical instabilities result from 

the discrete values on a discrete grid in a model, which give some of the error from dynamic 

downscaling.  While dynamic downscaling has several advantages and disadvantages, 

empirical statistical downscaling contains multiple techniques which have their own 

advantages and disadvantages. 

 

1.1.2. Empirical Statistical Downscaling 
 

Empirical Statistical Downscaling (ESD) refers to a group of downscaling techniques 

which use statistical methods and observed climate data to build the relationship between 

local scale and global scale.  While many techniques can be defined as ESD techniques, they 

share many common advantages.  First, they are more computationally efficient than 

dynamic downscaling techniques.  Second, they are based on standard and accepted 

statistical procedures.  Third, ESD techniques may be flexibly crafted for specific purposes.  

Finally, ESD techniques are able to incorporate historical climate information for the desired 

region (Von Storch et al, 2000; Varis et al, 2004).  There are also several disadvantages to 

ESD techniques. First, these techniques assume that the statistical relationships will be 

unchanged in a future climate.  Second, they require a long (> 20 years) and reliable data 

series to allow the statistical relationships to be robust.  Third, like dynamic downscaling 

techniques, ESD techniques are also affected by the errors in GCM used (Goodess et al, 

2001; Varis et al, 2004).  These advantages and disadvantages are common to all ESD 

techniques, which are broken down into three categories; transfer functions, weather typing 

and weather generators.   

Transfer functions or regression methods are the simplest ESD techniques used to 

determine the relationship between large area and site specific surface climate data or large-

scale upper air data and local surface climate data.  These techniques include linear and 

multiple linear regression, canonical correlation analysis, principal components analysis (or 

empirical orthogonal functions), artificial neural networks and kriging 
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(Barrow, 2002; Wilby et al, 2004; e.g. Benestad, 2007; Busuioc et al, 2001; Heyen et al, 

1996; Hoar and Nychka, 2008; Widmann et al, 2003).   

Weather typing techniques function similarly to transfer functions.  However, weather 

typing focuses on determining the relationship between atmospheric circulation types and 

local weather patterns.  The circulation types or weather classes, can be determined 

objectively through cluster analysis (e.g. Huth, 2000; Kidson, 2000; Hewiston and Crane, 

2002, Corte-Real et al, 1999) or subjectively through various published schemes (e.g. 

Bardossy and Caspary, 1990; Jones et al, 1993).  Weather type techniques include analogue 

methods, self organizing maps and Monte Carlo techniques (Wilby et al, 2004. e.g. Conway 

and Jones 1998; Timbal and McAvaney, 2001; Zorita and Von Storch, 1999; Hughes et al, 

1993). 

Weather generators are models which replicate the statistical attributes of a local 

climate, but do not replicate the observed sequences of events (Wilby et al, 2004; Wilks and 

Wilby, 1999).  Most commonly, these generator make use of first order Markov chains (e.g. 

Richardson and Wright, 1984) or the probability of dry and wet spells of various lengths (e.g. 

Racsko et al, 1991).   

Each of the categories of ESD techniques have multiple advantages and 

disadvantages, which are summarized in Table 1.1 (Barrow, 2002; Wilby et al, 2004).  

Transfer functions are the least computationally expensive of downscaling techniques, can 

produce numerous ensembles easily, employ the full possible range of predictors and have 

several “off the shelf” solutions and software readily available to most users.  Given these 

advantages, transfer functions also suffer from the largest number of disadvantages among 

downscaling techniques including the assumption of linearity or normality and poor 

representation of extreme events.  Weather typing approaches also have several advantages 

including their versatility and the ability to yield the most physically interpretable linkages to 

surface climates.  However, weather typing requires the added task of weather classification, 

the scenarios produced are insensitive to future climate forcing, and may not capture intra-

type variations in surface climate.  Like transfer functions, weather generators are also able to 

produce a large number of ensembles for uncertainty analysis, but can also provide 
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representative time series of unlimited length in regions with sparse data.  In addition, 

weather generators are also capable of producing daily or sub-daily output and the 

parameters can be altered to reflect a future climate for changes in both the mean and 

variability.  Most weather generators suffer from two distinct disadvantages; the lack of 

consideration of spatial structure and representation of extreme events.  Given the ability to 

generate daily information for a large number of ensembles of infinite length along with the 

other advantages, weather generators are used for downscaling in this study.   In addition, the 

two main disadvantages of weather generators are also addressed as part of this research.  

Further background on the structure and various weather generator techniques is discussed in 

the next section. 

 

1.1.2.1. Overview of Weather Generators 

 

While there are multiple basic structures of weather generators, most weather 

generators begin by generating precipitation events using Markov chains.  A Markov chain is 

a common model used to represent time series of discrete variables.  These chains can be 

imagined as being based on a collection of states of a system.  For each time period, the 

length of which is equal to the separation between observations, the Markov chain can 

remain in the same state or change to another state (Wilks, 2006).  For the modeling of 

precipitation events, the Markov chain approach is limited to two states, rain or no rain. The 

behavior of this Markov chain is governed by conditional probabilities known as transition 

probabilities.  A transition probability, like all conditional probabilities, is the probability of 

an event given that another event has already occurred e.g. the probability of event A 

occurring given that event B has already occurred.  Transition probabilities are conditional 

probabilities which refer to the states of the Markov chain for the current time step and the 

previous time step, or for example with precipitation events: 
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Where X represents the state of the Markov chain for day t and day t-1, and a value of X=1 

indicates rain for the given day and a value of X=0 indicates no rain for the given day.  

Therefore, P01 is a transition probability, i.e. the probability that rain will occur on day t 

given that it did not rain the previous day.  For transition probabilities which only consider 

the previous observation, such as in the example, there are three other probabilities involved: 

P00, P10 and P11which are the probability of a dry day following a dry day, the probability of 

a dry day following a rainy day, and the probability of a rainy day following a rainy day 

respectively.  Markov chains with two states consider the previous time step (i.e. the 

transition probabilities are conditioned only on the previous time step) are known as two-

state first order Markov chains.  While some weather generators (Richardson and Wright, 

1984; Wilks and Wilby, 1999) use these Markov chains to help with event generation, other 

generators use second or third order Markov chains, which consider the last two or three time 

steps respectively.   

 Regardless of what order is used, all Markov chain generators have a similar structure 

for generating precipitation.  A flowchart describing this process is provided in Figure 1.1.  

Each generator begins by generating a uniform random number (u) between 0 and 1.  This 

random number is compared to the appropriate transition probability (pc, in this example), 

and if the u<pc the generator will produce a rain event at that location for that day. If a rain 

event is generated, the generator moves on to generate precipitation amounts using statistical 

distributions fit to all nonzero precipitation amounts.  Among Markov chain generators one 

of the oldest generators is WGEN (Richardson and Wright, 1984).  This generator makes use 

of the two state first order Markov chain to generate precipitation events and a two parameter 

gamma distribution for precipitation amounts, and is also used as a guide for building other 

Markov chain generators. 

In contrast to Markov chain generators, spell length generators simulate precipitation 

events based on the probability of dry and wet spells of various lengths.  Rather that 
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simulating individual days, the spell length generator alternates between generating dry and 

wet spells based on the relative frequency of wet and dry spell lengths.  For instance, a spell 

length generator would generate a wet spell followed by a dry spell.  Also, the spell length 

generator does not generate a new spell before finishing the previous spell generation (Wilks 

and Wilby, 1999).  The oldest example of these weather generators is LARS-WG, which has 

been used for multiple downscaling studies (Racsko et al, 1991; Semenov and Barrow, 

1997).  A flowchart describing the generation process of a spell-length generator is shown in 

Figure 1.2.  Spell length generators begin by using the probability of spells of various lengths 

to determine if a string of days to determine the spell length (L) and if the spell is a dry or 

wet spell.  For each day of the spell L is reduced by one until L returns to zero.  At this point 

the generator creates another value of Land generation proceeds with a spell of the opposite 

type.  That is, if the previous spell was wet, the next spell will be dry.  If a given day falls 

into wet spell, the generator will then proceed to the amount generation process for that day, 

otherwise no precipitation is generated for each day in a dry spell.  Nonzero precipitation 

amounts are generally right skewed (such as the example shown in Figure 1.3).  As such, 

weather generators do not model precipitation amounts with a normal distribution, but with 

exponential distributions.  Specifically, most weather generators use either the exponential, 

mixed exponential or the two parameter gamma distribution.  While the exponential 

distribution is the simplest of the three, the two parameter gamma distribution is used more 

often since is allows for more flexible accommodation of amount frequencies, improving the 

realism of the weather generator output (Wilks and Wilby, 1999).  The amount generation 

process functions similarly to the event generation process for both types of weather 

generators.  A standard normal random number is generated, which is converted to the 

precipitation amount using the cumulative distribution functions of the standard normal 

distribution and the chosen distribution fitted to observed precipitation amounts (Wilks and 

Wilby, 1999; Wilks, 2008; Richardson and Wright, 1984). 

Most weather generators begin by generating precipitation, but also include processes 

to simulate temperature and solar radiation using auto-regressive (AR) modeling and 

assuming precipitation as a surrogate for cloud cover.  While these approaches can produce 
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temperature and solar radiation values with little computational expense, recent studies have 

shown that AR modeling can produce negative diurnal temperature ranges and produce 

temperature values that are more normally distributed than observed temperature 

distributions (Schoof et al, 2005; Schoof, 2008; Harmel et al, 2002).  While precipitation, 

temperatures and solar radiation can be downscaled using weather generators, the focus of 

this study will be on the primary function of most weather generators: generating and 

downscaling precipitation.   

In general, weather generators have several input parameters which define the 

observed statistics of precipitation events and amounts.  These parameters can vary by month 

or by season and for simulations in the current time period the observations from that period 

are used to estimate these parameters.  For downscaling, these input parameters are 

conditioned upon information from the GCM.  The conditioning process has two different 

scaling relationships which are used to condition the weather generator: 
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Where P is one of the parameters of the weather generator, either for the GCM grid point 

(PGCM) or for an individual location (Pstation), and F(P) is some function of the parameters of 

the weather generator.  The first relationship assumes an absolute change in the parameters, 

while the second assumes a relative change.  In both cases, the change at each scale is 

assumed to be the same.  In general, the event based parameters are conditioned using the 

first relationship and amount based parameters are conditioned using the second relationship 

(Chen et al, 2006).  However, in many cases the present day information from the GCM is 

not used to represent the weather generator parameters in the large scale for the present day.  

Given all the approximations used in forming any GCM, the GCM modeled climate is 
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slightly different than the observed climate as shown by observations, even when compared 

to area averages.  Therefore, the present climate at the large scale is often not the GCM data, 

but an area average or another extrapolation of the station data to each GCM grid point in the 

domain (Wilks, 1999; Wilby et al, 1998).  The stations used in the area average are matched 

to the appropriate GCM grid point that each of the relationship can be solved for each 

individual location for the future time (Chen et al, 2006).   While the parameters for 

individual weather generators are slightly different the downscaling process is similar.  

However, while the process is similar among different weather generators, this study will 

highlight and evaluate alternatives to some of the key assumptions made in the general 

approach to weather generator downscaling.   

WGEN, like most weather generators, generates precipitation for individual locations, 

with no regard for the spatial structure of precipitation events and amounts.  Therefore, 

WGEN is capable of generating the temporal structure of precipitation, but does not consider 

the spatial structure of precipitation.  Recently, Baigorria and Jones (2010) developed the 

geo-spatial temporal weather generator (GiST), which is a Markov chain generator similar to 

WGEN.  However, GiST considers the spatial structure of precipitation event and amounts 

and handles multiple locations.  Several other weather generators are documented including 

Met&Roll (Dubrovsky, 1997; Wilks, 1992), SIMMETEO (Geng et al, 1986), CLIGEN 

(Nicks and Gander, 1994) and MARKSIM (Jones and Thornton, 2000).  Each of these 

generator are Markov Chain generators, but either use multiple order chains or make use of 

additional predictors such as upper-air parameters.  However, none of these weather 

generators consider both the spatial and temporal components of precipitation.  While GiST 

accounts for both the spatial and temporal structure, the question of accuracy still remains 

across a broad region such as the southeastern US.  In addition, several studies note that 

weather generators tend to underestimate the occurrence of heavy (or rare) precipitation 

events (Wilby et al, 2004; Barrow, 2002; Furrier and Katz, 2008).  Therefore, this study will 

focus on evaluating GiST against WGEN and a proposed improvement to the GiST weather 

generator to address the heavy precipitation issue.   
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1.1.2.2. The Main Concerns with ESD 

 

Regardless of which ESD techniques are chosen for downscaling, there are four 

concerns which need to be considered when evaluating the results, particularly with regards 

to the uncertainty of the technique.  These four concerns are best described by Lewiston and 

Crane (2006) and summarized below: 

 

1. Synoptic-scale vs. Local-scale forcing – While synoptic-scale forcing has an 

influence on local climate, there is also a degree of fixed and variable local forcing.  

Fixed forcings include topography and land-water boundaries, while variable forcings 

include land use and land cover change.  GCMs cannot capture this small-scale 

variability and may be parameterized depending on the RCM.  However, for some 

RCMs and for ESD, these small-scale forcings become stochastic permutations of the 

response to a given synoptic state. 

2. Stationarity – Given that there is a relationship between the global and local scales, 

ESD is feasible with present climates.  However, ESD techniques assume that 

relationship between scales in the present climate is also true in future climates (a 

particular problem for transfer functions).  Physically, this suggests that changes in a 

future climate are primarily in the timing, persistence and frequency of large-scale 

events.  This is particular issue with climate change studies, but it is a reasonable 

assumption for seasonal forecasting. 

3. Predictor variables – The choice of predictors is important to ESD. The predictors 

need to reflect a physical relationship rather than relationships with no clear physical 

relationship.  Since the predictors are taken from the GCMs, additional details that are 

important include having a strong relationship, that the predictor is well represented 

by the GCM, and that predictor responds to change similarly to the predictand 

(Benestad et al, 2008)  

4. Temporal resolution – In addition to downscaling time mean fields, there must be 

consideration given to the fact that the future climate may change the histogram of 
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events without changing the mean, i.e. the variability of precipitation amounts change 

with no change to the mean amounts. 

 

While these concerns have some impact to all types of ESD, the descriptions of the 

various types suggest that some of these are more of a concern for specific techniques.  As 

mentioned previously, downscaling with weather generators produce output on daily or sub-

daily timescales and allow that both the mean and variance of the variable of interest 

(precipitation in this case) can be conditioned for the response to a future climate.  This 

allows downscaling with weather generators to have less trouble with temporal resolution, 

than other ESD techniques.  Stationarity and forcing issues are concerns in ESD regardless of 

the type to technique considered.  However for most weather generators, stationarity 

becomes a concern during the conditioning process, which primarily influences temporal 

parameters, i.e. the timing, frequency and persistence of events.  Benestad et al (2008) argue 

that stationarity is also a concern for dynamic downscaling (particularly in climate change 

studies) since the parameterization schemes used in GCMs and RCMs may not be valid in a 

changed climate.  Predictor variables are a concern primarily for transfer functions and 

weather typing techniques, which often make use of multiple predictor variables.  However, 

certain weather generators, such as Met&Roll (Dubrovsky, 1997), also make use of multiple 

predictors from the GCM.       

While using GiST for downscaling raises the same concerns as all ESD techniques, 

the advantages it has compared to other techniques, such as the direct consideration of spatial 

structure (which addresses one of the main disadvantages of most weather generators), allow 

unique opportunities for downscaling.  Before returning to the motivation for evaluating 

different weather generators and different downscaling approaches, the different spatial 

structures of precipitation and their relation to climate in southeast United States is discussed 

in the next section. 
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1.2. Seasonal Precipitation Patterns in the Southeast U.S. 

 

The southeast United States is an area with diverse topography and a climate 

described as warm-temperate or subtropical with no dry season and mild winters.  The 

exception to this is the southern tip of Florida which is described as a tropical savannah 

climate (Oliver and Hidore, 2002; White et al, 1998).  This region is subject to some of the 

warmest climate conditions in the United States, with its highest annual precipitation along 

the Gulf of Mexico and in south Florida (Baigorria et al, 2007a).  While the southeast (with 

the exception of Florida) has no distinct wet or dry seasons there are two distinct dominant 

processes which cause rainfall in this region.  During the cold season, precipitation in the 

southeast is caused by frontal and large upper-level storm systems coming out of the 

Midwest and Great Plains.  These processes produce precipitation over a wide area in a 

northeast-southwest direction, as shown by the spatial pattern of typical winter precipitation 

in Figure 1.4.The correlations among stations in the region follow a northeast to southwest 

direction perpendicular to the path of most fronts through the region.  During warm months, 

the dominant causes of precipitation are tropical cyclones and largely unstructured 

convection. Unstructured convection produces precipitation in seemingly more random 

locations (for example, the spatial pattern depicted in Figure 1.5), while tropical cyclones 

produce intense precipitation over smaller areas than frontal processes and larger areas than 

unstructured convection.  For these causes of precipitation, correlations between weather 

stations are concentric and decrease rapidly over short distances (Baigorria et al, 2007a, 

2007b).     

Forecasting seasonal precipitation at a local scale is a challenge for most GCMs 

because the two dominant precipitation processes in the region occur at a finer resolution 

than the GCM.  Most GCMs have a resolution of one or more degrees (several hundred 

kilometers), while the spatial structure of precipitation (as shown by weather stations) is 

often less than 10 km.   Therefore the processes that produce precipitation are represented by 

sub-grid parameterization schemes.  As described previously, precipitation in warm months 

is primarily produced through convective (both structured and unstructured) processes.  In 



 

13 

terms of numerical modeling (GCM or weather forecasting), this means repeated calls to 

these parameterization schemes which are the weakest part of the model.  Multiple studies 

have shown the issues of such parameterization schemes, particularly with regards to 

convective precipitation and cloud radiation interaction (e.g. Palmer, 1996).  In addition, 

Benestad et al (2008) note that the equations used in parameterizations provide bulk 

descriptions of sub-processes and land surface processes, but not an exact representation.  

They also point out that in GCMs and RCMs these schemes inhibit overly strong convection 

or filter out physically impossible solutions, resulting in model solutions that are close to the 

real world, but also imply a lack of physical consistency.  These issues with GCM and RCM 

parameterizations are sources of error in forecasting precipitation at monthly and seasonal 

timescales at local scales.  A finer resolution GCM would capture the details of processes 

that produce precipitation, but there would be a dramatic increase in the computational 

expense compared to current GCM runs.   

 

1.3. Motivation and Objectives 

 

Given the problems that are evident with forecasting precipitation from GCMs, 

downscaling becomes necessary to handle precipitation forecasts with finer detail than 

GCMs can provide.  However, given that RCMs have similar parameterization schemes and 

the other disadvantages of dynamic downscaling described previously, ESD becomes an 

ideal choice.  ESD techniques reduce the error with regard to parameterization schemes, and 

have been shown to produce results with similar skill to dynamic downscaling techniques 

(e.g. Hellstrom et al, 2001; Kidson and Thompson, 1998; Hanssen-Bauer et al, 2003), with 

less computational expense than dynamic techniques.  Effective precipitation forecasts 

resulting from ESD can be used by hydrologists and water resource managers to model water 

quality and reservoir levels.  In addition, crop modelers can make use of these downscaled 

forecasts to aid in projections of crop yields.  These projections can allow for decision 

making with regards to the water management, irrigation and crop insurance.  Since weather 
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generators produce output at the daily timescale they can provide direct inputs of 

precipitation for both applications for both climate change studies and monthly/seasonal 

forecasting.   

Given the potential uses for multiple sectors it becomes necessary to evaluate the 

accuracy and uncertainty associated with all parts of weather generator downscaling.  

Baigorria and Jones (2010) have already shown that GiST produces similar results to WGEN 

for precipitation in limited areas of Florida and North Carolina.  This study will expand that 

research to evaluate each generator for the state of North Carolina and for the Southeast 

United States.  In addition, this study will evaluate an adjustment to the GiST generator to 

account for extreme precipitation.  Finally, while the generators themselves will be 

evaluated, several variations on the assumptions used in the scaling relationship for 

downscaling weather generators will also be evaluated for the Southeast United States.  

Specifically the following questions will be address in this study: 

 

• What are the strengths and weaknesses of each generator in each domain? 

• What spatial patterns (if any) are present in the error of each generator?   

• What are the strengths and weaknesses of different approaches used to downscaling 

with weather generators? 

• Are there seasonal/spatial trends in the error of each approach?  

• What are the possible physical causes for these errors? That is, what climatological 

phenomena may not be captured by each generator/approach? 

 

Chapter 2 addresses the details of the GiST weather generator, the proposed improved 

version of GiST, and downscaling with weather generators in addition to the experiment 

design.  Chapter 3 focuses on evaluating three weather generators in the state of North 

Carolina and across the Southeast United States.  Chapters 4 and 5 discuss the evaluation of 

different downscaling approaches with weather generators, while Chapter 6 presents the 

conclusions of this study.  The ultimate goal of this study is to determine which weather 
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generator and downscaling variation is most appropriate for downscaling seasonal forecasts 

of precipitation. 
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Table 1.1. Advantages and Disadvantages of the three categories of ESD techniques 
 
Category Advantages Disadvantages 

Transfer 
Functions 

• Much less computationally 
demanding than dynamic 
downscaling 

• Ensembles of high resolution 
climate scenarios can be produced 
easily 

• Employs the full range of available 
predictors 

• ‘Off the shelf’ solutions and 
software available 

• Large amounts of obs. required 
• Specialist knowledge required to 

apply correctly 
• Relationships only valid during the 

calibration period 
• May not be possible to derive 

significant relationships for some 
variables 

• A predictor which may not appear 
as the most significant may be 
significant in a changed climate 

• Poor representation of observed 
variance and extreme events 

• May assume linearity or normality 
Weather 
Typing 

• Founded on sensible linkages 
between climate on the large scale 
and weather on the local scale 

• Versatile (e.g. applicable to surface 
climate, air quality, etc.) 

• Compositing for analysis of 
extreme events 

• Yields physically interpretable 
linkages to surface climate 

• Differences in the relationships 
between weather type and local 
weather have occurred at some sites 
during the observed record 

• Scenarios produced are insensitive 
to future climate forcing 

• Requires the added task of weather 
classification 

• May not capture intra-type 
variations in surface climate 

Weather 
Generators 

• Able to generate time series of 
unlimited length 

• Able to obtain representative 
weather time series in regions of 
sparse data 

• The parameters of the weather 
generator can be altered to reflect a 
future climate, for both variability 
and mean changes 

• Large ensembles for uncertainty 
analysis 

• Can generate daily and sub-daily 
information 

• Seldom able to describe all aspects 
of climate, especially persistent, 
rare or decadal or century-scale 
events 

• Designed to be used independently 
at individual location, meaning that 
few account for spatial correlation 

• Unanticipated effects to secondary 
variables of change precipitation 
parameters. 
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Figure 1.1. Flowchart for daily precipitation generation using Markov chain 
generators.  Adapted from Wilks and Wilby (1999). 
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Figure 1.2. Flowchart for daily precipitation generation using spell-length generators. 
Adapted from Wilks and Wilby (1999). 
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Figure 1.3. Histogram of Historical Daily Nonzero Precipitation at Raleigh-Durham 
Airport. 
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Figure 1.4. 0555Z 12/26/2010 NEXRAD Southeast U.S. Radar Reflectivity, showing 
frontal precipitation. 
 
 

 
Figure 1.5. 2254Z 5/13/2011 NEXRAD Southeast U.S. Radar Reflectivity, showing 
unstructured convection. 
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Chapter 2. Methods and Experimental Design 

 

The geospatial temporal weather generator, GiST, created by Baigorria and Jones 

(2010) is used to downscale the Climate Forecast System (CFS) model precipitation output 

and test the accuracy of changes to the various elements.  In this chapter, the GiST weather 

generator process is reviewed briefly, followed by a discussion of downscaling with weather 

generators and what elements are varied, both in the GiST generator and in the downscaling 

process.     

 

2.1. Overview of GiST 

 

Full details of this technique are available in Baigorria and Jones (2010), but this 

section briefly reviews the differences of the GiST technique from traditional weather 

generators.  The GiST weather generator as created by Baigorria and Jones (2010) is a 

Markov chain generator built similarly to the WGEN (Richardson and Wright, 1984).  As 

mentioned in the previous chapter, most Markov Chain weather generators use first or second 

order chains to generate precipitation events for individual points independent of the 

relationship with other locations.  In order to capture the spatio-temporal structure of 

precipitation events, GiST makes use of a two-state orthogonal Markov chain.  Given any 

location and month an example of one of the transition probabilities in the Markov chain is: 

 

)0,0,0|1Pr(
10,0,0|1 =====
−tttt ikji XXXXP                (2.1) 

 

In equation 2.1, X reflects the state of the Markov chain, i.e. whether or not precipitation 

occurs (for rain X=1, no rain X=0).  The location i refers to the location being generated and 

locations j and k refer to those locations most strongly correlated with location i, which have 
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already been generated.  Therefore the transition probability in this example, P1|0,0,0, is 

probability of precipitation occurring at station i and time t given that precipitation has not 

occurred at station j and time t, has not occurred at station k and time t, and did not occur at 

station i and time t-1.  Given that there are three conditions used in each transition 

probability, there are eight transition probabilities used by GiST, while two state first order 

chains have two transition probabilities.  However, the orthogonal Markov chain requires that 

two locations have already generated precipitation.  GiST includes an initial process that 

generates precipitation for the first two locations simultaneously. 

 

2.1.1. Initial Event Generation 
 

The first two locations generated by the GiST process are those locations that are 

shown to have the highest correlation with all other locations through the use of the 

Euclidean N-correlational distance (G).  This value is based upon the Pearson correlation of 

rainfall events and represents the strength of the association of one location with all other 

remaining locations.  Given the value of G for each location, GiST determines the order that 

locations are generated by ranking the G values for each station.   Smaller values of G 

indicate a location is more correlated with the remaining locations, while larger values 

indicate that the location is more independent from other locations.  Therefore, the first two 

stations generated are those with the smallest values of G, and generated separately from the 

remaining locations.  The remaining locations are generated from the smallest value of G to 

the largest value, which is the most independent location.  In order to accurately reproduce 

the correlation structure of precipitation in each month, GiST determines the value of G at 

each location for each month using the observed correlations of rainfall events (Baigorria and 

Jones, 2010; Baigorria et al, 2007a). 

In addition to determining the values of G for each month, GiST also determines the 

multi-annual average of the monthly number of rainy days ( mT ) and the multi-annual 

standard deviation of the monthly number of rainy days ( mσ ) for each month (m).  For every 
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location for each month, the expected number of rainy days ( mT̂ ) is generated using the 

following equation: 

 

ψσ normmmm rTT +=ˆ .      (2.2) 

 

In equation 2.2, ψ
normr  is a set of correlated random numbers determined using a vector of 

normally distributed random numbers (Rn) and a Cholesky factorization matrix (F) 

calculated based on the correlation matrix of the monthly number of precipitation events.  

The vector of random numbers is matrix multiplied by the Cholesky matrix to produce a 

vector of correlated random numbers which are rescaled to the Gaussian distributed 

percentages of the population being included (-1 to 1 for 68% or -1.96 to 1.96 for 95% for 

instance) in the final calculation of mT̂ .  Although the values of mT̂ are computed for each 

location, they are used only to provide the target number of rainy days for the first two 

locations generated.   

Each day of the month for each of the starting locations is filled with rain and no rain 

days according to the value of mT̂ .  Both series are then reordered to best fit the relative 

frequency of spatial patterns between the two locations.  Finally, to complete the event 

generation for the first two stations, both are reordered simultaneously to find the best fit for 

the 1st order Markov transition probabilities.  From an ensemble of reordered datasets, the 

final event generation for both locations is the member which minimizes the root mean 

square error (RMSE) of the first order Markov transition probabilities for each location at the 

same time.  Once the events are generated, the GiST generator proceeds to generate the 

remaining locations.     
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2.1.2. Subsequent Event Generation 
 

The remaining locations for each month are generated in order from the smallest to 

the largest values of G, using the two-state orthogonal Markov chain described previously.  

Following a similar pattern to most Markov chain generators, a random number from the 

uniform distribution is compared to the appropriate orthogonal transition probability to 

determine rainfall at each of the remaining stations.  Each of the locations generated are 

conditioned upon the two previously generated and most-correlated stations along with the 

previous state of the current location.  When the first day of a new month is generated, the 

previous state refers to the last day of the previously generated month.  However, for the first 

day of the generation, the unconditional probability of precipitation is used to determine the 

previous state for the location being generated.  For each generated location another 

ensemble of simulations in created, and the member which minimizes the RMSE of 1st order 

transitional probabilities and the correlation of the location with the remaining stations is 

used in the final generation.  However, in determining the RMSE it is important to note that 

only those locations which are not used to generate the current location are used to determine 

the RMSE for each ensemble. 

 

2.1.3. Amount Generation 
 

In addition to the correlation of precipitation events between locations, the correlation 

of nonzero precipitation amounts and the two parameter gamma distribution are used for 

generating precipitation amounts.  GiST fits the shape (α) and scale (β) using the polynomial 

approximation proposed by Greenwood and Durand (1960).  While the moment estimators 

for the distribution could be used to fit the parameters, several studies have shown that the 

moment estimators can give bad results for small values of α (Thom, 1958; Wilks, 1990; 

Wilks, 2006).  To begin the amount generation process the correlation matrix of daily rainfall 

amounts transformed to the Gaussian distribution is determined.  A vector of uniform random 

numbers distributed from 0 to 1 is matrix multiplied by the Cholesky factorization of the 
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correlation matrix.  The resulting vector of correlated random numbers, which follows a 

Gaussian distribution, is than rescaled to the appropriate gamma distribution using the 

cumulative probability functions.  The amount generation process is performed for each day 

and simplified so that the resulting vectors and matrices reflect the number of locations 

where rain events were generated.  That is if K locations have generated rain events, than the 

vectors contain K elements and the Cholesky factorization matrix used is a K x K matrix.  

The results of this completed process are rainfall amounts and events that are spatially and 

temporally correlated.  While the generation process in GiST has been summarized here, the 

full details of the generation process and algorithms involved are available in Baigorria and 

Jones (2010).   

 

2.2.  Potential Improvements to the GiST weather generator 
 

As mentioned previously, both GiST and WGEN use the two-parameter gamma 

distribution to model nonzero precipitation amounts in their respective amount generation 

processes.  While this distributions fit the majority of the distribution of precipitation, recent 

studies have shown that this distribution does not accurately represent precipitation in the tail 

of the gamma distribution, i.e. extremely heavy precipitation events (Furrer and Katz, 2008).  

Therefore, this study explores an alternative to model extreme precipitation events in the 

GiST weather generator.   

 

2.2.1. Extreme Precipitation Generation 
 

In order to generate extreme precipitation events, the GiST weather generator is 

altered to introduce an additional process to generate extreme events for each station.  In this 

case extreme events are defined as those that fall into the top 10% of the observed 

precipitation distribution.  The extreme event generation process functions similarly to the 

event generation process of GiST.    In the extreme event generation process rain events are 
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those precipitation events where the observed precipitation is greater than the 90th percentile 

of the distribution.   

In the amount generation process of the altered GiST generator, the gamma 

parameters for the top 10% of nonzero precipitation amounts are fitted in addition to the 

gamma parameters for the all nonzero precipitation amounts.  While the process for 

generating extreme precipitation amounts functions similarly to the process for generating 

general precipitation amounts, extreme precipitation amounts are not generated if the 

precipitation itself never occurs, i.e. if no rain events are generated than no extreme events 

can occur. 

 

2.2.2. Probable Results of the altered GiST technique 
 

 The result from this altered version of GiST is re-sampling the tail of the observed 

precipitation distribution, or causing more heavy precipitation events to occur than in the 

original GiST or WGEN generators.  While this re-sampling approach increases the number 

of heavy precipitation events, since it is constrained to occur only when both the event 

generation simulates a rain event and the extreme event generation simulates an extreme 

event it is unlikely that heavy precipitation is over-sampled.  Figure 2.1 shows an example of 

the distribution produced by the altered GiST approach in comparison to the original 

technique.  From this point on this study, the altered version of GiST is referred to as GiSTR.  

As part of this paper, the accuracy of GiST, GiSTR and WGEN are compared to show the 

strengths and weakness of each generator. 
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2.3. Potential Improvements to Weather Generator Downscaling 
 

2.3.1. The General Concept of Weather Generator Downscaling 
 

As mentioned in the previous chapter, downscaling with weather generators makes 

use of two basic equations which condition the parameters of the generator based upon the 

information.  These equations, known as scaling relationships (Chen et al, 2006), are shown 

again below: 
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For most Markov chain generators, the parameters related to precipitation events are 

perturbed using the equation 2.3 (the assumption of absolute change) and the parameters 

related to amounts are perturbed using the equation 2.4 (the assumption of relative change).  

For 1st order Markov chain generators these parameters include the mean of the daily nonzero 

precipitation (μ), the variance of the daily nonzero precipitation (σ2), the unconditional 

probability of daily precipitation occurrence (π), and the lag 1 autocorrelation of the daily 

precipitation occurrence series (γ, also known as persistence).  The parameters π and γ 

represent information regarding precipitation events and provide equivalent information to 

the 1st order transition probabilities through the following equations 2.5 and 2.6: 
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0111 pp −=γ        (2.6) 

 

The remaining parameters, μ and σ2, are precipitation amount parameters and can be used to 

determine α and β through the moments of the gamma distribution, which are used by the 

generator for generating precipitation amounts.  These four main parameters are determined 

for each month. 

With regards to downscaling with weather generators, most studies consider the 

changes in climate through the monthly statistics from the GCM used (Wilks, 1999; Chen et 

al, 2006).  However, while the monthly statistics are used (or what is available to use), 

weather generator parameters are daily statistics.  Therefore in these cases, weather generator 

parameters are determined through the use of four monthly statistics;  

• The average total precipitation (E[S(T)]) 

• The variance of the total precipitation (Var[S(T)]), which also characterizes the inter-

annual variability 

• The average number of wet days (E[N(T)]) 

• The variance of the number of wet days (Var[N(T)]) 

These four monthly parameters can be translated into the daily counterparts for each month 

using the following set of equations: 
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Using equations 2.7 through 2.10 most studies work to translate these available values for the 

future climate at each GCM grid point to the corresponding daily parameters of the weather 

generator.  However, while the basic equations to determine these parameters are common to 

most studies, there are several different approaches presented in literature.  The values of 

each of the generator parameters will be noted as πGCM, γGCM, μGCM, and σ2
GCM and represent 

the portion of the scaling relationship corresponding to the future climate portrayed at each 

GCM grid point.   

While the present day values of each weather generator parameter at the GCM grid 

point may also be obtained in this way, most studies do not follow this approach.  As best 

presented by Wilks (1999) and also argued by Benestad et al. (2008), all numerical climate 

models (both RCMs and GCMs) are a physical representation of the climate.  Since both 

types of climate models contain multiple parameterizations and approximations they are 

different to some degree from the climate portrayed by observations.  Therefore, in most 

cases the GCM data is not used to represent the present climate on the large scale, but an area 

average or a weighted area average of the parameters surrounding the GCM grid point is 

taken to represent the present values of each parameter at each GCM grid point in the present 

time.  For reference in this discussion the parameters will be referred to as, 2,,, σµγπ . 

Given the determination of the GCM parameters and the values of these parameters in 

the present time for each location, the perturbed values of each parameter ( 2ˆ,ˆ,ˆ,ˆ σµγπ ) can be 

determined through the use of the scaling relationship at each location.  However, while the 

amount parameters are often perturbed directly, perturbing the event parameters directly can 

result in unrealistic values of the parameters.  Therefore, the event parameters are 

transformed using the log odds and Fischer Z transformations before being used in the 

scaling relationship (Wilks, 1999; Chen et al, 2006).  The log odds transformation is applied 

to all the values of π while the Fischer Z transformation is applied to all values of γ.   
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These transformed parameters are used in the scaling relationship which assumes an absolute 

change, and solving the relationship for the transformed value of π̂  and γ̂  gives the 

following results for each location: 
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The transformed values produced by equations 2.13 and 2.14 are then back transformed to 

produce the final perturbed values, π̂  and γ̂ , used by the generator to simulate the future 

climate at the local scale and a daily timescale.   
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While the event parameters are perturbed based on the assumption of absolute change, the 

amount parameters are perturbed based on the assumption of relative change and are not 

transformed prior to being used in the scaling relationship.  The result for each location 

for µ̂ and 2σ̂  is as follows: 
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µ
µµµ GCM*ˆ =           (2.17) 
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These amount parameters are then used to determine the values of α̂  and β̂  for each 

location, through the moment estimators of the gamma distribution. 
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The aforementioned perturbation process describes the general concept behind downscaling 

with weather generators.  As such there are numerous variations on this general concept, 

including the distinction of the different first order transitions in the amount parameters 

(Chen et al, 2006) and incorporating spatial regression or other types of ESD into the 

perturbation procedure (Semenov and Barrow, 1997).  However, for the purposes of this 

study, I will focus primarily on the general concept and the potential improvements that 

variations to this concept may offer for future downscaling efforts. 

 

2.3.2. Changes and Improvements to the General Approach 
 

The prior section described the general approach that is taken to downscaling GCM 

information using weather generators.  However, while this general approach has existed for 



 

32 

several years there are few studies (e.g. Hashmi et al, 2009) which use the daily or sub-daily 

output produced by several GCMs, such as the Climate Forecast System (CFS) model.  This 

output data can be used to directly solve for the four daily parameters required by the weather 

generator for each grid point in the future climate represented by the GCM.  In addition, a 

recent study by Wilks (2008) suggests that the parameters of a weather generator might be 

more accurately interpolated by a locally weighted regression (LWR) than by global 

regressions, Thiessen polygons (nearest neighbor) or by domain or area averaging.  While 

Wilks shows promising results in the context of interpolating parameters to unknown 

locations for running simulations in present climate, this approach has not been attempted 

with regards to downscaling applications.  Specifically, the LWR developed by Wilks could 

be applied to interpolate the present climate values to each grid point in the GCM, replacing 

the area averaging currently used in most approaches.  The likely benefit from this change 

would be a more accurate representation of the variability of precipitation with respect to 

topography, since the LWR approach developed by Wilks accounts for the elevation of each 

predictor location, where area averaging does not.  Finally, the use of daily output instead of 

monthly information allows for the possibility of using approaches other than perturbing the 

amount parameters and using the moment estimators to determine the values of α̂  and β̂  for 

each location.  As mentioned in section 2.1.3, the moment estimators can produce bad results 

for small values of α, as is often the case with precipitation.  However, the maximum 

likelihood approximation proposed by Greenwood and Durand (1960; Wilks, 2006), may 

allow for more accurate representation of the parameters of the gamma distribution.  

For this alternate approach first consider the approximation proposed by Greenwood 

and Durand through the use of the D statistic shown in equation 2.21: 
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where x represents the mean daily nonzero precipitation as determined from observations at 

each location or from daily output precipitation for each GCM grid point in the future time, n 

is the total number of nonzero precipitation events and x is the daily nonzero precipitation for 

each event i.  In the representation proposed by Greenwood and Durand, the values of the 

shape and scale are: 
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Where α̂  and β̂  are the approximate shape and scale parameters to represent the distribution 

of x.  The values of D can be determined for every location of interest, for each GCM grid 

point in the future climate, and interpolated to each GCM grid point in the present climate.  

In addition, the mean daily nonzero precipitation is also already determined and interpolated 

as described previously.  Therefore it becomes possible to determine the values of α and β  

at every location of interest, for each GCM grid point in the future, and interpolate to each 

GCM grid point for the present climate.  In short, through the use of daily or sub-daily GCM 

output and the Greenwood and Durand approximation, it becomes possible to directly perturb 

the parameters of the gamma distribution to reflect the future climate, potentially with more 

accuracy than with the use of the moment estimators following the perturbation of µ and σ2.  

Therefore, following the same scaling relationship used for µ and σ2, the perturbation of α 

and β becomes the following: 
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α
ααα GCM*ˆ =  (2.25) 

 

β
βββ GCM*ˆ =  (2.26) 

 

Where α̂  and β̂  are now the estimated values of the shape and scale of the approximate 

gamma distribution for each location of interest in the future time.  This new approach, with 

the direct perturbation of the parameters of the gamma distribution, is tested along with the 

LWR approach in an experimental setup to evaluate the error associated with each 

combination in downscaling with weather generators and the potential uses for local seasonal 

forecasting 

 

2.4. Experimental Design 
 

Given that this analysis evaluates improvements to both weather generators and the 

downscaling approach with weather generators, this section describes experimental design 

for both parts.  Chapters 3, 4 and 5 present and discuss the results from each experiment.   

 

2.4.1. Design for Evaluating Weather Generator Improvements 
 

In order to evaluate the improvements of various weather generators, GiST, GiSTR 

and WGEN are compared over the state of North Carolina and over the broader Southeast 

United States.  For each domain considered in this analysis, station observations from 1971 

through 2000 will be used to determine the required information to run each weather 

generator.  The period of 1971-2000 is used in this analysis since it is a standard period used 

to define climatologically normal precipitation at the COOP stations.  All the stations used 

are NWS Cooperative Observer network (COOP) stations.  For the North Carolina domain, 
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91 stations are used which have at least 25 complete years of data.  The North Carolina 

domain stations are shown in Figure 2.2.  For the domain covering the Southeast United 

States, 319 stations are used which have at least 29 complete years of data and at least 200 

days of the remaining incomplete year.  The Southeast U.S. domain stations are shown in 

Figure 2.3.  The size of this domain is chosen to cover all states in the Southeast U.S. and 

extends northward to cover portions of the mid-Atlantic.  While the primary focus will be on 

the Southeast U.S. extending the domain into the mid-Atlantic will allow for an assessment 

of the potential value of each generator and downscaling variation for users in this area as 

well as in the Southeast U.S.  In both domains, these stations are chosen in order to provide 

robust values of all the information required for each generator to function.  The observed 

parameters required for each location are determined and input into appropriate weather 

generator.  The output from each weather generator is used to determine the estimates for 

several observed parameters.  Each weather generator estimated parameter is evaluated 

against their observed counterparts at each station using the root mean square error (RMSE).  

In this way, each weather generator can be evaluated for how accurately it reflects the 

observed climate through how well the generator replicates the observed parameters used to 

initialize the generator.  For each generator, in each domain, the parameters evaluated are 

described in Table 2.1. 

Following the methodology used by Baigorria and Jones (2010), the observed 

parameters are determined and evaluated on the monthly timescale for each station.  A 

numerical evaluation includes computation of the root mean square error (RMSE)  and the 

error (generated - observed) of the parameters generated by each parameter compared to the 

observed values of each parameter.  In addition, two-sample T-tests are performed  to 

determine if specific generators have significantly larger error than others.  In order to insure 

that the assumptions of normality and independence are met, this testing is performed using 

the RMSE of each generator for each parameter.  In addition to a numerical evaluation of 

each weather generator, each generator will also be evaluated through a visual analysis of 

multiple parameters.  This includes a visual comparison of the output of each generator in 

warm and cold months, the uncertainty of each generator in space, the generated compared to 
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observed probability distribution functions of precipitation amounts, and the frequency of dry 

and wet spells of various lengths.  These experiments focus on answering the questions 

associated with evaluating the accuracy of each weather generator, including the strengths 

and weaknesses of each weather generator and the relationship between the error of each 

generator and any physical phenomena related to climate, extreme events or topography. 

 

2.4.2. Design for Evaluating Downscaling Variations 
 

A similar procedure to the previous section is used to evaluate four variations in the 

weather generator downscaling approach.  The first set of variations involves the 

interpolation of weather generator parameters to each GCM grid point by either area 

weighted averaging (AW) or locally weighted regression (LWR). The second set of 

variations involves the use of the moment estimators (MOM) versus the Greenwood and 

Durand approximation (DFIT) of the gamma distribution parameters.  The resulting 

combinations of each set of variations are 

 

• LWR-MOM – LWR for parameter interpolation and the MOM for the gamma 

distribution parameters 

• AW-DFIT – AW for parameter interpolation and the DFIT for the gamma distribution 

parameters. 

• LWR-DFIT – LWR for parameter interpolation and the DFIT for the gamma 

distribution parameters. 

• AW-MOM – AW for parameter interpolation and the MOM for the gamma 

distribution parameters. 

 

AW-MOM reflects the general approach taken for downscaling with weather 

generators, while the remaining three runs reflect the combinations that will possibly 

improve upon the general AW-MOM approach.   For the LWR interpolation this project uses 
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the method proposed by Wilks (2008), while the AW interpolation follows the simple area 

average also described by Wilks (2008).  In order to limit the number of variables involved in 

the experimental design, only one generator is used for comparing the different combinations 

described previously.  While the error resulting from downscaling with each combination 

may change for different generators, the difference in error between combinations should be 

approximately the same for different generators.  Therefore, while these combinations should 

be tested for all generators, the focus of this project will be on the difference in error between 

all combinations with a constant weather generator.   

For this analysis, the Climate Forecast System Reanalysis (CFSR) output is the GCM 

used (Saha et al, 2010).  CFSR precipitation information is available on a T62 Gaussian grid, 

or an approximate resolution of two degrees latitude and longitude.  Hourly output of 

precipitation rate is aggregated to produce a time series of daily total precipitation for each 

GCM grid point.  This daily precipitation data is used to provide the future information for 

each weather generator parameter at each grid point.  The observed data for the present time 

will be provided by the same 319 stations used in the weather generator evaluation section 

across the Southeast United States (Figure2.4).  CFSR output is used for this analysis for 

several reasons.  First, the CFS model is used by the Climate Prediction Center to provide 

operational seasonal forecasts for precipitation and temperature in the Southeast U.S, and 

may be used for future operational forecast downscaling  This CFS Reanalysis includes 

coupled atmosphere, ocean, sea-ice, and land surface models which are unavailable 

operationally in other GCMs.  Finally, while the CFS Reforecast is also available for much of 

the time period, the CFSR data are used to provide consistent initial conditions for the 

Reforecast.  Therefore, the CFSR data are used to eliminate any additional errors in the 

analysis that may be associated with the modeling processes in the CFS Reforecast data.   

In this analysis, two time periods will be used for the downscaling time frame; 1979 

to 2000 and 2001 to 2009.  Two time periods will be considered in this analysis in order to 

determine if the error differences between combinations are consistent in time, given that the 

GCM and weather generator used are held constant.  The base time period for this analysis 

1979-2000 time period, while the forecast time period is 2001-2009.  The base time period in 
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this analysis is smaller than the 1971-2000 time period used for the weather generator 

evaluation since the CFSR data is only available for 1979 to the present.  For the evaluation, 

the same parameters, numerical evaluation, significance testing, and visual analysis will be 

used as was described in the previous section.  This experiment will focus on determining the 

strengths and weaknesses of each downscaling simulation along with the relationship 

between the error of each simulation and physical phenomena.  

At this point there are a few important points to consider.  First, no studies have made 

use of GiST or GiSTR for downscaling.  Second, while GiST and GiSTR both make use of 

the spatial structure of precipitation in their respective generation processes, the correlation 

matrices and orthogonal probabilities themselves will not be perturbed in any way by CFSR.  

While GiST and GiSTR affords the possibility of altering the spatial structure of events and 

amounts to reflect the changes that may occur in time, the coarse resolution of CFSR and 

most GCMs means that the correlations between individual stations cannot be resolved.  In 

contrast, most studies have considered perturbed the average correlation between stations and 

the influence on other parameters, rather than the individual correlations (Wilks, 1999b; 

Osborn, 1997).  For this project, since the two time periods used are within the past 30 years, 

the spatial correlations used by GiST and GiSTR will not be altered in any way.  That is, I 

will assume that the climate has not changed enough over the period to impact the local 

spatial structure of precipitation in the study domain.  While this assumption is likely valid 

for recent time periods and for seasonal forecasting, this would likely not be valid for longer-

term climate change studies.  Therefore, further studies could be done to determine how to 

perturb the spatial correlations for individual stations in a changed climate, which might be 

particularly valuable with regards to changes in precipitation with the possible expansion of 

the Hadley cell.  Regardless, for this study I will assume that the change in climate has not 

had a significant impact on the spatial structure of precipitation in the domain.   

Finally, in addition to the comparison between downscaling combinations, a single 

downscale run of WGEN in each time period will be compared to the downscale run of 

GiSTR.  For consistency, this comparison will only be for one combination in each time 

period.  This comparison will indicate whether the results of the weather generator evaluation 
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are consistent when downscaling is applied and how much if any further comparison may be 

required to solidify the analysis with regards to the four combinations of downscaling 

approaches. In addition, it is important to note that there is a caveat to these particular 

studies.  As part of the amount generation process of GiST for current time (such as for 

inputs for crop modeling) and near time simulations (such as for seasonal forecasting or 

predictions for the next year) precipitation is restricted to be less than 110% of the average 

maximum precipitation for each month for each location (Baigorria, 2010, personal 

communication).  This is meant to prevent unrealistic values of precipitation from occurring, 

and while it can be altered for climate change downscaling, it was retained in both GiST and 

GiSTR since the focus of this study was primarily on seasonal precipitation estimates for 

current and near time.     
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Table 2.1. Description of parameters used to evaluate the each weather generator. 
 

Parameter Description 

µ Mean Daily Nonzero Precipitation 

σ2 Variance of the Daily Nonzero Precipitation 

E[S(T)] Average total precipitation  

Var[S(T)] Inter-annual variability 

P01, P11 1st Order Markov transition probabilities 

π Unconditional probability of rain 

γ Persistence (lag 1 autocorrelation) 

ρ Correlation matrix of precipitation 

ρev Correlation matrix of precipitation events 

ρam Correlation matrix of precipitation amounts 

ρex Correlation matrix of precipitation extreme events 
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Figure 2.1. Example of Theoretical PDFs produced by GiST and GiSTR 
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Figure 2.2. Locations of the 91 COOP stations in the North Carolina domain used in the 
weather generator evaluation 
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Figure 2.3. Locations of the 319 COOP stations in the Southeast United States domain 
used in the weather generator evaluation. 
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Figure 2.4. NWS COOP stations (black) circles and CFSR grid points (red dots) used in 
the downscaling evaluation. 
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Chapter 3.  Weather Generator Evaluation 
 

In this chapter the results of the evaluation of WGEN, GiST, and GiSTR is presented.  

Each generator was run over two separate domains producing an ensemble of thirty members 

using the observations from stations for each domain.  The first domain includes 91 COOP 

stations which cover the state of North Carolina (Figure 2.2), while the second domain 

includes 319 COOP stations covering the entire Southeast United States (Figure 2.3).  The 

main focus of this chapter is to evaluate the strengths and weaknesses of each weather 

generator with regards to replicating the observed climate in each domain.  These two 

domains were chosen to analyze the change in error with increasing domain size in order to 

determine changes with regards to domain size for each generator.  For this analysis, the 

observed climate is measured as observed parameters for each NWS Cooperative observer 

station.  In addition, several parameters which are not used in the basic generator process are 

analyzed to help determine the error of each generator.  A description of these parameters is 

provided in Table 2.1.  In addition to comparing RMSE of each of these parameters, the 

significance of the difference in RMSE is tested using a two sample t-test assuming the 

variance of RMSE is not equal.  The level of significance for each test is fixed at 0.05.  Given 

that the process of each generator is strongly different, it is not appropriate to assume that the 

variance of RMSE for each generator for each parameter will be the same.  Along with the 

numeric analysis there is a visual analysis to determine the accuracy of each weather 

generator with respect to the spatial patterns of error and the probability distribution 

functions produced.     

 

3.1. North Carolina Domain 
 

In this domain each generator has similar results with regards to the event parameters, 

but there are interesting results with regards to the amount parameters and spatial structure.   
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3.1.1. Temporal Parameters 
 

The temporal parameters reflect the occurrence of precipitation events at each station 

in the domain.  Therefore, since these parameters influence the number of days with 

precipitation and the lengths of dry and wet spells it is important that any weather generator 

accurately captures these parameters.  Recall from Chapter 2 that these parameters include 

the 1st order Markov transition probabilities (P01 and P11), the unconditional probability of 

precipitation (π), and persistence (γ).  A comparison of the root mean square error (RMSE) of 

the 1st order Markov transition probabilities for each month, shown in Table 3.1,indicates that 

WGEN has a lower RMSE by 0.03 to 0.042 on average for every month.  In addition, there is 

also no trend in time for the error of each generator for the 1st order probabilities. While there 

is no trend in time, testing the error of each generator with a two-sample T-test against every 

other generator shows a distinct result.  The results of these two-sample T-tests for the 1st 

order transition probabilities are summarized in Table 3.2.  These two sample T-test results 

indicate that the RMSE of the 1st order transition probabilities for WGEN is significantly 

smaller than for GiST and GiSTR.  However, the test also shows that the there is no 

statistically significant difference in RMSE between GiST and GiSTR for these probabilities.  

For this chapter and subsequent chapters, please note that significance refers to the statistical 

significance of various tests, unless otherwise noted.  Each of these comparisons and tests 

indicate that the values of each parameter simulated by each generator at each station shows 

that WGEN is consistently more accurate than GiST and GiSTR for replicating the 

occurrence of precipitation events.     

Given the relationship between P01andP11and π and γ (Equations 2.5 and 2.6) it is 

expected that the results for π and γ are similar to results for P01 and P11.  Table 3.3 shows a 

comparison of the error of π and γ between each generator for all months and on average.  

WGEN has an RMSE for each parameter less than GiST and GiSTR by 0.013 to 0.08 on 

average across all months.  In addition, there is no apparent seasonal trend in the error of 

each generator for these parameters.  Moreover, the two-sample t-tests for RMSE of each of 

these parameters also show similar results to the testing for the Markov probabilities.  A 
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summary of the results of the two-sample T-tests for π and γ is shown in Table 3.4.  The 

testing shows that for both π and γ, WGEN has a significantly smaller RMSE than both GiST 

and GiSTR, while there is no significant difference in RMSE of each parameter for between 

GiST and GiSTR.   

RMSE for all of these parameters is significantly less for WGEN compared to GiST 

and GiSTR, which makes sense given that the generation processes in WGEN focuses 

specifically on temporal structure while both GiST and GiSTR emphasize both the spatial 

and temporal structure of precipitation.  Since these four parameters (P01,P11,π, γ) represent 

the temporal structure of precipitation events, it is likely that increased RMSE of these 

parameters for GiST and GiSTR is partially the result of dual focus represented in the event 

generation processes of GiST and GiSTR.  In addition, while the T-tests indicate that WGEN 

has significantly smaller RMSE for each parameter, the difference in the average RMSE is 

less than 0.08.  This suggests that the error for replicating the occurrence of precipitation is 

practically insignificant between generators, or that each generator will produce roughly the 

same number of rainy days. 

 

3.1.2. Spatial Structure Parameters 
 

While the analysis for the temporal parameters shows that WGEN is the most 

accurate for replicating these parameters, the analysis of the spatial structure shows that 

WGEN has the largest error for replicating the spatial structure in the domain.  Figure 3.1 

shows the trend in RMSE of the correlation matrix of precipitation (a, ρ), the correlation 

matrix of precipitation events (b, ρev), the correlation matrix of precipitation amounts (c, ρam), 

and the correlation matrix of precipitation extreme events (d, ρex) for each generator across 

all months.  Regardless of the spatial structure parameter considered, the error of WGEN is 

larger than both GiST and GiSTR by up to 0.5 in winter months, and up to 0.25 in summer 

months.  In addition, there is almost no difference in the error of the spatial structure between 

GiST and GiSTR regardless of the parameter considered.  The two-sample T-test was also 

applied to RMSE of the spatial structure parameters, and these results are summarized in 
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Table 3.5. The results of this testing indicates that the error of WGEN for these parameters is 

significantly larger than GiST and GiSTR.  However, the testing also shows RMSE of each 

correlation matrix is not significantly different between GiST and GiSTR.  While the RMSE 

of each generator for each correlation matrix indicates the error associated with the spatial 

structure, it does not indicate the ability of each generator to replicate the decay in correlation 

with distance.  In order to evaluate the ability of each generator to capture the decay in 

correlation with distance, the average decay function correlogram for January for 

precipitation (Figure 3.2a), precipitation events (Figure 3.2b), precipitation amounts (Figure 

3.2c), precipitation extreme events (Figure 3.2d) for the North Carolina domain.  The average 

decay function correlogram  represents the average correlation  between stations  in 5km 

distance intervals both observed and generated.  For instance, the observed value of the 

average decay function correlogram  at 15km  is the observed average correlation between 

stations which are 10 to 15km apart.  Figure 3.2 shows that regardless of the distinction 

between events, amounts, or extreme events, WGEN fails to reproduce the observed decay in 

the correlation between locations with distance.  Figure 3.2 also shows that GiST and GiSTR 

both more accurately reproduce the observed average decay function corrrelogram regardless 

of the distinction between events, amount, or extreme events.  However, GiST and GiSTR 

most accurately reproduce the average decay function correlogram for precipitation events 

(Figure 3.2b) compared to precipitation, precipitation amounts, and precipitation extreme 

events.  These patterns are consistent with the RMSE of each correlation matrix, but they are 

also consistent for other months.  Figure 3.3 shows the observed average decay function 

correlogram compared to those generated by each generator for precipitation (a), 

precipitation events (b), precipitation amounts (c), and precipitation extreme events (d) for 

July.  For this month, WGEN does not reproduce the observed average decay function 

correlogram, while GiST and GiSTR more accurately reproduce the observed correlogram.  

However, unlike the results for the January, the correlograms produced for July by GiST and 

GiSTR accurately replicates the observed correlogram for all different parameters.  This is 

consistent with the decrease in RMSE from January to July for precipitation, precipitation 

amounts, and precipitation extreme events.  In addition, because the observed average decay 
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function correlogram decreases rapidly in July for all four parameters there are distances 

(particularly for precipitaiton amounts, Figure 3.3c, and precipitation extreme events, Figure 

3.3d) where WGEN replicates the observed correlogram.  The rapid decay in the observed 

correlogram in July is indicative of the isolated convection which is a dominant structure of 

precipitation in summer.  Therefore the rapid decay in the observed correlogram associated 

with the convective precipitation in summer allows WGEN to be more accurate to reproduce 

spatial structure than in other months.  However, given that the observed decay function 

correlogram is not zero and that GiST and GiSTR accurately replicate the observed 

correlogram, it indicates that while isolated convection  is a dominant form of precipitation in 

summer, it is not the only structure which influences precipitation  in summer.  As such, 

GiST and GiSTR both more accurately capture the spatial structure of precipitation than 

WGEN in all months.  This result is also consistent with the results shown by the RMSE 

comparison for each correlation matrix. 

The results of this first group of analyses of the temporal parameters and the spatial 

structure indicates that although GiST and GiSTR have a higher error when replicating the 

Markov probabilities, π and γ, both generators replicate the spatial structure more accurately 

than WGEN.  This makes sense given that GiST and GiSTR consider both spatial and 

temporal structure while WGEN only considers the temporal structure of precipitation.  

Moreover, the analysis confirms that GiST and GiSTR produce nearly identical results.  

However, while the testing shows that the error of the temporal parameters for GiST and 

GiSTR is significantly larger than WGEN, the difference in error is less than 0.08 in all 

cases.  This suggests that while there is significant difference, there may be little practical 

difference when applied in the context of seasonal forecasting.   

 

3.1.3. Precipitation Amount Parameters 
 

While there are clear differences between weather generators for the temporal 

parameters and the spatial structure, there are several interesting differences between each of 

the generators for the precipitation amount parameters.   
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3.1.3.1. Mean Daily Nonzero Precipitation (µ) 
 

The mean daily nonzero precipitation (µ) simulated by each generator indicates that 

GiST has the lowest error for replicating this parameter.  On average, the RMSE for WGEN, 

GiST and GiSTR is 1.04, 0.45 and 4.83 mm respectively.  A comparison of the RMSE of this 

parameter between generators for each month is shown in Figure 3.4.  The RMSE of this 

parameter is largest for GiSTR in every month, and the RMSE for each generator is also 

largest for August through October and smallest in the cold season.  The large difference in 

RMSE of µfor GiSTR compared to GiST and WGEN is likely the cause of the re-sampling 

of extreme events built into GiSTR.  This re-sampling approach likely produces too many 

heavy precipitation events, resulting in an over-estimation of µ compared to observations.  

For example, consider the month of August, where RMSE of WGEN, GiST and GiSTR is 

1.32, 0.37 and 9.08 mm respectively.  Figure 3.5 shows the difference between observed and 

generated values of µ for WGEN (a), GiST b), and GiSTR (c) for August.  Both WGEN and 

GiST do not show any general spatial patterning overall.  However, GiSTR overestimates the 

values of µ for most stations in the domain.  For several stations in coastal areas, GiSTR 

overestimates by more than 7 mm which forcesRMSE for this month to be larger than the 

annual average RMSE for GiSTR.  In addition, T-test results, summarized in Table 3.6, 

indicate there are significant differences in RMSE of µ between all three weather generators.  

Both WGEN and GiST have significantly smaller RMSE than GiSTR, while RMSE of GiST 

is significantly smaller than WGEN.  This indicates that GiST has the lowest error for mean 

daily nonzero precipitation in this domain.   

 

3.1.3.2. Variance of Daily Nonzero Precipitation (σ2) 
 

In addition to the differences in RMSE of µ between generators, there are also 

differences in RMSE of the variance of daily nonzero precipitation (σ2) between generators.  

Comparing the average RMSE of σ2 for each generator shows that GiSTR has the highest 

accuracy for replicating this parameter.  The average RMSE for WGEN, GiST and GiSTR 
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for σ2 is 80.68, 122.49 and 65.15 mm2 respectively.Figure 3.6 shows a comparison of the 

RMSE of σ2 between generators across every month.  In every month, GiSTR has the 

smallest RMSE for this parameter while GiST has the largest error.  Regardless of the 

generator used the error for this parameter also peaks in September and October.  The two-

sample T-test results for the RMSE between generators is summarized in Table 3.7.The 

RMSE of σ2decreases from GiST to WGEN (by 41.81 mm2) to GiSTR (by another 14.83 

mm2), but only the difference in RMSE between GiST and GiSTR is significant.  As already 

mentioned, the RMSE of σ2peaks during September and October.  These months are the peak 

months for precipitation resulting from tropical cyclones in the state of North Carolina.  

While tropical cyclones generally produce intense precipitation over a period of days, these 

events are relatively rare occurrences.  As such, the occurrence of tropical precipitation 

results in larger observed values of σ2.  Therefore, the result of the high RMSE in all three 

generators during these peak months is because σ2 is underestimated by each generator for 

coastal stations.  For example, in September, RMSE of σ2 for WGEN, GiST and GiSTR is 

197.65, 275.66, and 142.96 mm2 respectively.  The difference between the observed and 

generated values of σ2 for all stations WGEN (a), GiST (b) and GiSTR (c) for September for 

all stations is shown in Figure 3.7.  The primary source of error for each weather generator  

for this parameter is the underestimation of observed values of σ2 for coastal stations in the 

domain.  In addition, the magnitude of the error in this area is smallest for GiSTR.  The 

results in this section suggest that while GiSTR overestimates values of µ, it more accurately 

replicating the values of σ2or the variability throughout the year, but also better captures the 

variability associated with tropical precipitation.   

 

3.1.3.3. Average Total Precipitation (E[S(T)]) 
 

While the mean daily nonzero precipitation (µ) and the variance of the daily nonzero 

precipitation (σ2) are directly related to the average total precipitation (E[S(T)]) and the inter-

annual variability (Var[S(T)]), RMSE patterns of µ for each generator are reflected in RMSE 

of E[S(T)], while RMSE patterns of σ2 are not.  For replicating values of E[S(T)], GiST 
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shows the lowest error while GiSTR has the largest error compared to the other weather 

generators.  The average RMSEfor WGEN, GiST and GiSTR is 12.24, 8.44, and 63.51 mm 

respectively.Figure 3.8 shows a comparison of the RMSE of E[S(T)] between generators for 

each month.  This comparison indicates thatGiST has the smallest error for all months, with 

the peak error for each generator occuring in August through October, similarly to the RMSE 

of µ.  Given that GiSTR overestimates µ because of the re-sampling of heavy precipitation 

and that E[S(T)] is the average total precipitation per month, it is likely that GiSTR is also 

overestimating the values of E[S(T)] for most stations.  The consistent over-sampling of 

heavy precipitation by GiSTR on the daily timescale of each month results in error that 

aggreggates to the monthly timescale.  The result is a large overestimation of the values of 

E[S(T)] by GiSTR for all months.  Figure 3.9 shows boxplots of the difference between the 

generated and observed values of E[S(T)] by month for WGEN (a), GiST (b), and GiSTR (c).  

For most months and most stations WGEN (Figure 3.9a) and GiST (Figure 3.9b) closely 

estimate  E[S(T)], while GiSTR (Figure3.9c) overestimates E[S(T)] for all months and 

stations.  In addition, the T-tests on the RMSE of E[S(T)], summarized in Table 3.8, indicate 

similar results to the T-tests on the RMSE of µ.  The test results indicate that RMSE of 

GiSTR is significantly larger than both GiST and WGEN, while RMSE of GiST is 

significantly smaller than WGEN. 

 

3.1.3.4. Inter-annual Variability (Var[S(T)]) 
 

In contrast to the RMSE of the variance of the daily nonzero precipitation (σ2) for 

each generator, RMSE of the inter-annual variability (Var[S(T)]) for GiST and GiSTR are 

larger than WGEN in this domain.  The average RMSE  for WGEN, GiST and GiSTR is 

923.39, 1370.96, and 1610.76 mm2 respectively.  Figure 3.10 shows a comparison of the 

RMSE of Var[S(T)] between generators for all months.  The RMSE for this parameter is 

smallest for WGEN in all months except September and October.  The peak RMSE for each 

generator is also in August and September.  The two-sample T-tests results of the RMSE 

between each generator, summarized in Table 3.9, indicates that WGEN has a significantly 
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smaller RMSE than GiST and GiSTR.  However, the tests also show that theRMSE for 

Var[S(T)] is not significantly different between GiST and GiSTR.   

One of the interesting results from evaluating how each generator replicates the inter-

annual variability (Var[S(T)]) is that the RMSE for this parameter is not significantly 

different between GiST and GiSTR.  Recall that GiST has a smaller RMSE than GiSTR 

when replicating values of the mean daily nonzero precipitation (µ), while GiSTR has a 

smaller RMSE than GiST when replicating values of σ2.  Both µ and σ2, which are daily 

parameters, have a direct relationship with Var[S(T)](Equation 2.8).  Therefore, while GiST 

better replicates µ and GiSTR better replicates σ2, the larger RMSE of the opposite parameter 

(σ2 for GiST, µ for GiSTR) causes the RMSE of the inter-annual variability for both 

generators to become approximately the same.  Both GiST and GiSTR are less accurate then 

WGEN in replicating Var[S(T)] for opposite reasons.  These opposite errors contribute to 

both generators having increased error compared to WGEN when simulating Var[S(T)]. 

 

3.1.4. Probability Distribution Function Analysis 
 

In addition to the numeric evaluation presented above, the probability distribution 

functions (PDF) of nonzero precipitation amounts for each station were analyzed for each 

generator and compared to the observed PDF for each month and station.  For the winter 

months for all three generators, the PDFs of each station are well matched, such as the 

example for station 315838 in Morganton, NC comparing the observed PDF to those 

generated by WGEN (a), GiST (b), and GiSTR(c) shown in Figure 3.11.  However, with 

regards to summer months, there are several stations in the coastal areas of the Carolinas 

where the PDF of GiSTR does not capture the observed PDF.  For example, consider the 

PDFs generated by WGEN (a), GiST(b), and GiSTR (c) compared to the observed PDF for 

station 319457 in Wilmington, NC for September (shown in Figure 3.12), GiST and WGEN 

accurately capture the observed PDF.  However, GiSTR captures most of the PDF for this 

station but shows an unrealistic tendency to produce precipitation amounts around 75 mm.  
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In particular for most stations GiSTR seems to be capped at particular values for each station 

and is most apparent for summer months.  While there are anomalies for particular stations, 

the PDF of all available nonzero precipitation produced by GiSTR are similar to the 

theoretical PDFs presented in Chapter 2 for most months.  The observed and GiSTR 

generated PDF for all stations combined for January (a) and September (b)are shown in 

Figure 3.13.  While this shows that GiSTR generated PDF is similar to the theoretical PDF 

shown in Figure 2.2, the broad overestimation of the frequency of some amounts also 

indicates the tendency of GiSTR to overestimate values of µ regardless of month. 

The capping feature present in some of these PDFs is the artifact of programming 

code retained from the original implementation of GiST.  GiST contains a condition which 

prevents radically extreme values from appearing.  That is, any precipitation amounts which 

are greater than 110% of the average maximum amount of precipitation are reset to being 

110% of the average maximum precipitation amount for that month (Baigorria, 2010, 

personal communication).  While this cap is not visible in the PDFs of GiST and the winter 

PDFs of GiSTR, this cap is hit more frequently in the summer because much larger amounts 

of precipitation generally occur in summer and GiSTR re-samples heavy precipitation 

amounts. This re-sampling causes a spike in the PDF produced by GiSTR.  While this cap is 

designed to assure that a generator will reproduce realistic precipitation amounts in GiST, 

this cap may accentuate RMSE of µ and σ2 since increased frequency of amounts at the cap 

likely causes values of µ to be overestimated and values of σ2 to be underestimated.  Future 

work might include re-evaluating both GiST and GiSTR with the cap removed.  

 

3.1.5. Dry and Wet Spell Frequency Analysis 
 

The frequency of dry and wet spells of various lengths in days were also examined to 

determine the accuracy of each generator to replicate dry and wet spells.  While there is a 

seasonal trend in the observed frequencies of dry and wet spells, there is also very little 

difference in how well each generator replicates these frequencies.  Figure 3.14 shows 

boxplots of the observed frequency of wet spells of various lengths in January (a), compared 
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to those generated by WGEN (b), GiST (c), and GiSTR (d) for all stations in domain.The wet 

spells produced by GiST, GiSTR and WGEN generally match the observed wet spells.  

However, in all three generators, there is a slight overestimation of the frequency of wet 

spells which are only one day long.  In additon, there is a slight underestimation of the 

frequency of wet spells which are two days long, and accurately replicate the frequency of 

wet spells three days and longer.  Figure 3.15 shows boxplots of the observed dry spells of 

various lengths in January (a), compared to those generated by WGEN (b), GiST (c), and 

GiSTR (d) for all stations in the domain.  For dry spells in January, each generator 

overestimates the frequency of one and two day dry spells, but also underestimates the 

frequency of three day dry spells.  In addition, each generator accurately replicates the 

frequency of dry spells longer than four days.   

Figure 3.16 shows boxplots of the observed frequency of wet spells in July (a) 

compared to those generated by WGEN (b), GiST(c), and GiSTR(d) for all stations in the 

domain.  In July, the wet spells produced by all three generators seem to replicate the 

observed wet spell frequencies.  However, GiST (Figure 3.16c) and GiSTR (Figure 3.16d) 

both provide more accurate replications of wet spells with lengths of one to two days.  

WGEN (Figure 3.16b) appears to slightly underestimated the frequency of one day wet spells 

and overestimate the frequency of two day wet spells.  Each generator also adequately 

captures the frequency of wet spells longer than three days.  Figure 3.17 shows boxplots of 

the observed frequency of dry spells in July (a) compared to boxplots of the generated 

frequency of dry spells in July for WGEN (b), GiST (c), and GiSTR (d) for all stations in the 

domain.  GiST and GiSTR more accurately replicate the majority of the frequency of dry 

spells compared to WGEN.  WGEN (Figure 3.17b) seems to underestimate the frequency of 

one day dry spells in the domain, while both GiST and GiSTR underestimate the frequency 

of two day dry spells.In addition, each generator accurately replicates the frequency of dry 

spells longer than three days. 

Given that GiST and GiSTR use the same process to generate precipitation events and 

that RMSE of the Markov transition probabilities between these two generators are 

approximately the same it is understandable that GiST and GiSTR would share similar 
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patterns for the dry and wet spell frequencies regardless of season.  However, GiST and 

GiSTR provide slightly better replications of the dry and wet spell frequencies compared to 

WGEN, while WGEN has a significantly lower RMSE for the Markov transition 

probabilities.  Although WGEN does better in replicating the Markov transition probabilities, 

these probabilities are part of the 1st order chain. That is, probabilities are only conditioned 

on the previous day.  As such, the generator has no “memory” for what has happened two or 

more days prior to the current day, which has been shown to cause errors when replicating 

the appropriate dry and wet spell frequencies.  This suggests that the orthogonal Markov 

chain used by GiST and GiSTR provides an additional level of “memory” which allows 

GiST and GiSTR to better replicate the observed dry and wet spell frequencies than WGEN.  

This also suggests that although each GiST and GiSTR have a significantly larger error for 

replicating the temporal parameters than WGEN, the orthogonal Markov chain provides a 

sufficient means for each generator to replicate both the spatial and temporal structure of 

precipitation in the domain, since the dry and wet spell frequencies produced by each 

generator show little difference to the observed frequencies in the domain.   

While there are several preliminary conclusions that can be discussed and drawn from 

the weather generator evaluation in the North Carolina domain, the question remains whether 

these conclusions will hold over the broader region of the Southeast United States.  The next 

section of this chapter discusses the results of the weather generator evaluation in the 

Southeast United States, while the final section discusses of the results of the entire weather 

generator evaluation across both domains. 

 

3.2. Southeast United States Evaluation 
 

Many of the relationships discussed above in the analysis of the various parameters 

for each generator in the North Carolina domain are also reflected for each generator across 

the Southeast United States.  This section will summarize the results of the weather generator 

evaluation across the broader Southeast United States, while the final section of the chapter 

discusses the implications of the results.   



 

57 

3.2.1. Temporal Parameters 
 

The error of the 1st order Markov probabilities (P01 and P11) for each generator in this 

domain shows a similar result to those presented in Section 3.1.1.  A comparison of the 

RMSE of each parameter between each generator for all months, shown in Table 3.10, 

indicates that there is no seasonal trend in the error for either parameter in this domain.  The 

average RMSE for WGEN is less than GiST and GiSTR by up to 0.06 for values of P01, and 

by up to 0.37 for values of P11.  Regardless of the month considered, the error for each 

parameter for WGEN is 0.03 to 0.05 less than GiST and GiSTR.  In addition the two-sample 

T-tests for the RMSE of each parameter between generators, summarized in Table 3.11,show 

similar results to the previous domain.  The testing indicates that the error for each parameter 

simulated by WGEN is significantly less than GiST and GiSTR. However, the two-sample T-

test also indicates that GiST has a significantly larger RMSE for values of P01 in the 

Southeast domain than GiSTR.   Up to this point, all the T-tests used have been focused 

primarily on determining if the error for one generator is significantly larger or smaller than 

another, that is, all the tests have been one-tailed T-tests.  In order to determine if any 

differences were significant, the T-test for the error of GiST versus GiSTR was repeated as 

two tailed test, which is commonly used for determining significant difference.  This 

additional analysis indicates that while RMSE of P01for GiST for this parameter is 

significantly larger it is not significantly different (p-value of 0.069 with a level of 

significance of 0.05) from RMSE of GiSTR for the same parameter.   

Similarly to the analysis in Section 3.1.1, the error of the related parameters, the 

unconditional probability of rain (π) and persistence (γ), for each generator reflects the 

patterns shown for the Markov transition probabilities in the Southeast U.S. domain.  The 

RMSE of WGEN for each parameter is smaller than GiST and GiSTR by 0.02 to 0.09 on 

average.  A comparison of the RMSE of π and γ between generators, shown in Table 3.12, 

indicates that WGEN also has the smallest RMSE for each parameter regardless of month.  In 

addition, the comparison also indicates that there is no seasonal trend in the RMSE of either 

parameter for any generator.  The results of the two-sample T-test comparing the RMSE of 
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these parameters between generators are summarized in Table 3.13.  These tests indicate that 

WGEN has a significantly smaller RMSE for both π and γ than GiST and GiSTR.   

While these results also match the results from the smaller domain, the testing also 

indicates that GiST has a significantly larger RMSE for γ than GiSTR.  Following the line of 

analysis presented for P01, a two-tailed test was also performed to determine significant 

difference.  The follow up analysis for significant difference also shows that while GiST has 

a significantly larger RMSE, it does not have a significantly different RMSE compared to 

GiSTR (p-value of 0.061, level of significance of 0.05).  As indicated by the results in the 

North Carolina domain, GiST and GiSTR experience a slightly higher error when replicating 

the temporal parameters of precipitation events compared to WGEN.  As mentioned in 

Section 1.1 this is possibly the result of the dual focus on the spatial and temporal structure of 

precipitation events.   

 

3.2.2. Spatial Structure Parameters 
 

Following the approach for the previous domain, the ability of each generator to 

replicate the spatial structure of precipitation is evaluated.   Similarly to the results for the 

previous domain, WGEN has a larger RMSE, by 0.04 to 0.24 on average, than GiST and 

GiSTR for every spatial structure parameter.  Figure 3.18 shows the RMSE of each generator 

for the correlation matrix of precipitation (a, ρ), the correlation matrix of precipitation events 

(b, ρev), the correlation matrix of precipitation amounts (c, ρam), and the correlation matrix of 

precipitation extreme events (d, ρex) for all months for the Southeast U.S. domain.  This 

comparison indicates that the difference between WGEN and GiST or GiSTR is largest for 

winter months and smallest for summer months for every parameter.  These results are 

consistent with the results presented for the smaller domain.  Regardless of month the RMSE 

for WGEN is also larger than the other generators.   Following the earlier analysis, the 

observed average decay function correlogram  is compared to those generated by each 

generator to determine if each generator reproduces the observed decay in the spatial 

structure with distance between stations.  Figure 3.19 shows the observed average decay for 
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correlogram compared to those created by each generator for precipitation (a), precipitation 

events (b), precipitation amounts (c), and precipitation extreme events (d) for January in the 

Southeast U.S. domain.  Figure 3.19 shows that WGEN fails to replicate the observed 

average decay function correlogram for precipitation, precipitation events, precipitation 

amounts, and precipitation extreme events.  GiST and GiSTR more accurately replicate the 

observed correlogram in all four instances, but best replicates the observed correlogram for 

precipitation events (Figure 3.19b).   For precipitation (Figure 3.19a), precipitation amounts 

(Figure 3.19c), and precipitation extreme events (Figure 3.19d), GiST and GiSTR show a 

similar pattern compared to the observed correlogram, but tend to underestimate the observed 

correlogram.  This indicates that like the smaller domain, there is a tendency to underestimate 

the correlation between stations at most distances for precipitation, precipitation amounts, 

and precipitation extreme events.  This tendency is much less evident during summer 

months.  Figure 3.20 shows the observed average decay function correlogram compared to 

those created by each generator for precipitation (a), precipitation events (b), precipitation 

amounts (c), and precipitation extreme events (d) for July.  Similarly to the previous domain 

the observed correlogram decays rapidly with distance in response to isolated convection.  

This also allows WGEN to replicate the observed correlogram for long distances.  However, 

GiST and GiSTR show a similar pattern to the observed correlogram, but show a tendency to 

underestimate the correlogram.  This underestimation is smallest for precipitation amounts 

(Figure 3.20c) and precipitation extreme events (Figure 3.20d).  The tendency to 

underestimate the observed correlogram shows the tendency of each generator to 

underestimate the correlation of precipitation and therefore the spatial structure in all four 

cases.  However, GiST and GiSTR are more accurate in warm months than in cold months 

and are also more accurate than WGEN in representing the decay in spatial structure with 

distance.  These results are consistent with the results presented for the smaller domain.Table 

3.14 summarizes the results of the two-sample T-test for the RMSE of each spatial structure 

parameter between generators.  In each T-test, the p-values indicate that the error of WGEN 

is significantly larger for all four spatial structure parameters.  In addition, the T-test also 
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shows that there is no significant difference in the RMSE between GiST and GiSTR for three 

of the four spatial structure parameters.   

However, while most T-tests for GiST versus GiSTR show no significant difference, 

the test does show that GiST has a significantly larger RMSE than GiSTR when replicating 

the correlation matrix of precipitation amounts (ρam).  Given that the primary difference 

between GiST and GiSTR is the re-sampling of heavy precipitation amounts, this is a 

possible cause for this difference.  In addition, while the T-tests show that RMSE of ρex for 

WGEN is significantly larger than for GiST and GiSTR, a T-test for significant difference 

(i.e. two tailed) shows that RMSE of the parameter for WGEN is not significantly different 

from GiST (p-value of 0.062) or GiSTR (p-value of 0.052).  These results are contradictory 

to the results in the North Carolina domain for these parameters.  Despite these contradictory 

results, the general conclusions for the spatial structure and temporal parameters of the North 

Carolina domain hold in the Southeast U.S. domain: 

 

• WGEN better replicates the temporal parameters (π, γ and the Markov transition 

probabilities) than GiST and GiSTR, but  

• The difference in the RMSE for these parameters between generators is only 0.03 and 

0.085 on average.   

• GiST and GiSTR better replicate the spatial structure of precipitation in all aspects 

analyzed. 

 

3.2.3. Precipitation Amount Parameters 
 

While the evaluation of the event parameters for each weather generator follows the 

same results for both domains, the evaluation for the amount parameters (µ, σ2, E[S(T)] and 

Var[S(T)]) show several interesting results in Southeast U.S. domain which are not present in 

the North Carolina domain.   
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3.2.3.1. Mean Daily Nonzero Precipitation (µ) 
 

Following the results of the North Carolina domain, GiST has the smallest error for 

values of µ while GiSTR has the largest error.  On average, the RMSE for WGEN, GiST and 

GiSTR is 1.04, 0.075, and 2.49 mm respectively.  A comparison of the RMSE of this 

parameter between generators for all months is shown in Figure 3.21.  GiST also has the 

smallest error for most months in this domain, while GiSTR always has the largest error, 

with the peak RMSE in August through October for each generator.  The two-sample T-tests 

for significance, summarized in Table 3.15, show that the GiST has a significantly smaller 

RMSE than both WGEN and GiSTR.  The T-test results also indicate that WGEN has a 

significantly smaller RMSE than GiSTR.  Both of these results are consistent with the results 

for the North Carolina domain.   

While the same overestimation problem is presented by GiSTR in areas of the domain 

compared to WGEN and GiST, RMSE of GiSTR for this parameter for each month is less in 

the Southeast U.S. domain than in the smaller North Carolina domain.  This suggests that 

while there are still some stations that are overestimated by large amounts, there are many 

stations where the value of µ is replicated accurately by GiSTR in the larger domain.   Asan 

example, consider the month of August, where the RMSE for WGEN, GiST, GiSTR is 1.05, 

1.07, and 3.6 mm respectively.Figure 3.22 shows the difference between observed and 

generated values of µ for WGEN (a), GiST (b), and GiSTR (c).  GiST (Figure 3.22b) and 

WGEN (Figure 3.22a) do not show a tendency to overestimate or underestimate throughout 

the domain.  In contrast, GiSTR (Figure 3.22c) overestimates for most stations bymore than 2 

mm and in some cases more than 7 mm, but also has more stations where precipitation is 

overestimated or underestimated by less than 2mm.Another pattern shown in Figure 3.22c 

indicates that GiSTR overestimates values of µ in Florida by larger values than in the 

remainder of the domain.  This pattern persists for June through September, indicating that 

heavy precipitation amounts are oversampled more in the summer in Florida compared to 

other areas of the domain.  The higher amount of oversampling may influence values of σ2 in 

summer.  In addition, note that the error of GiST for this parameter is larger in July and 
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August than WGEN in this domain.  Though this difference is less than 0.03, this may be 

related to a tendency for GiST to underestimate values of µ for stations in central South 

Carolina and Ohio.  Figure 3.22b shows that in August values of µ in these small areas are 

underestimated by more than 4 mm.  Given that there are several stations in Ohio where the 

underestimation is by more than 4 mm, and that there are underestimations by more than 2 

mm along the northern edge of the domain, it is possible that the error is the result of an edge 

effect and the use of station information outside the domain may improve the representation 

of the spatial structure in these areas.  This in turn could improve the values of µ on the edges 

of the domain in summer months.  While there is not an apparent increase in error at all 

edges of the domain or during all months, the possible influence of an edge effect suggests 

that when using GiST or GiSTR in downscaling for seasonal forecasting or as an input for 

crop models the number of locations used should cover an area larger than the area of interest 

to reduce the error associated with an edge effect where possible.   

The error for stations in central South Carolina is also common only to summer 

months.  There is a possible physical reason that GiST underestimates µ in this region where 

GiSTR and WGEN do not.  Stations in this area are located in the Sandhills region of the 

Carolinas.  The contrasting soil types have been suggested by several researchers to cause a 

sea-breeze like circulation which contributes to the total precipitation in this region (Wootten 

et al, 2010; Raman et al. 2005).  Given that in the larger domain the structure of precipitation 

in these months is primarily unstructured convection, this circulation, which occurs in a small 

region and is not as strong as an actual sea-breeze circulation (and events resulting from this 

circulation occur more rarely than isolated events), it is possible that GiST does not capture 

the spatial structure associated with this circulation and therefore underestimates values of µ 

for these stations.  The lack of spatial structure in WGEN may allow it the flexibility to 

account for this phenomenon, and GiSTR compensates for this spatial structure through the 

re-sampling of heavy precipitation amounts, which are also associated with these events.  

However, while the use of GiST in this domain may not capture this small area structure, it is 

possible, given the results for the spatial structure in the North Carolina domain, that using 

GiST just in this small area may allow it to capture the spatial structure caused by this 
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Sandhills circulation.  In addition, GiST does not show the same tendency to underestimate 

for other stations in or near the Sandhills, which suggests that further research is required to 

determine an exact physical cause for the error of µ in central South Carolina.  This also 

suggests that for applications in regions of a sharp soil or vegetation contrast it would be 

appropriate to apply GiST and GiSTR in small domain surrounding this region compared to a 

larger domain. 

 

3.2.3.2. Variance of Daily Nonzero Precipitation (σ2) 
 

In southeast U.S. domain, each generator shows similar error to the results presented 

for the North Carolina domain in Section 3.1.3.2.  The error for values of σ2 is largest for 

GiST and smallest for GiSTR.  On average, the RMSE for WGEN, GiST and GiSTR is 

85.28, 124.08, and 81.18 mm2 respectively.  The RMSE of this parameter between generators 

for each month is compared in Figure 3.23.  This comparison shows that GiSTR has the 

smallest RMSE for most months while GiST has the largest RMSE for all months.  In 

addition, the peak RMSE for each generator is in September and October.  In this domain, 

the T-tests for difference in the RMSE of this parameter between generators, summarized in 

Table 3.16, also indicate similar results to the smaller domain.  The error of GiSTR is 

significantly less than for GiST.  In addition, the RMSE for σ2 is not significantly different 

between GiSTR and WGEN.  However, contrary to the results in the North Carolina domain, 

the tests in the Southeast domain also show that RMSE of σ2 for GiST is significantly larger 

than WGEN.   

The results from this set of tests and analyses show similar results to the North 

Carolina domain; as such it is reasonable to assume that the larger RMSE values in 

September and October also reflects an underestimation of the values of σ2 across the 

domain.  However, while there are some underestimates along the East Coast, the largest 

underestimates are along the Northern Gulf Coast of Alabama and Florida.  Using September 

as an example, the RMSE for σ2 for WGEN, GiST and GiSTR is 133.66, 188.67, and 141.75 

mm2 respectively.  The difference between observed and generated values of σ2 for each 



 

64 

station for WGEN (a), GiST (b), and GiSTR (c) for September is shown in Figure 3.24.  For 

all three generators there is a general underestimation of σ2 across the domain, with the 

largest errors along the East Coast (up to 500 mm2) and the Northern Gulf Coast (over 700 

mm2).  WGEN (Figure 3.24a) and GiST (Figure 3.24b) do not show any other spatial patterns 

across the domain.  In addition, GiST underestimates σ2by up to 500 mm2for more stations 

than both WGEN and GiSTR during September.  Figure 3.24c indicates that GiSTR 

underestimates σ2 by 0 to 100 mm2 in the northern portions of the domain, underestimates by 

approximately 100 to 300 mm2 in the central portion of the domain, and overestimates by 0 

to 100 mm2 in most of Florida.  The pattern of greater underestimation of σ2 is present 

throughout the year, but is most strongly observed in June through September. In addition, 

the overestimation of σ2 in Florida is only observed during June through September.  Neither 

of these patterns is present in the analysis of σ2 for WGEN or GiST.  The overestimation of 

σ2 by GiSTR in Florida in the summer months also corresponds to an overestimate of µ by 

GiSTR in the same location and time period.  In the case of Florida the main reason for this 

double overestimate during the summer by GiSTR involves the re-sampling of heavy 

precipitation.  In Florida the oversampling of heavy precipitation causes the generated values 

of µ and σ2 to be much larger than in other portions of the domain.  This suggests that GiSTR 

re-samples the higher precipitation amounts more frequently than in other areas of the 

domain.  This results in a large overestimate of µ and a slight overestimate σ2 in Florida.   

 

3.2.3.3. Average Total Precipitation (E[S(T)]) 
 

In contrast to the North Carolina domain, the error the average total precipitation 

(E[S(T)]) and the inter-annual variability (Var[S(T)])for each generator better reflects RMSE 

of their daily counterparts, µ and σ2.The average RMSE of E[S(T)] for WGEN, GiST, and 

GiSTR is 11.64, 12.16 and 39.71 mm respectively.  As in the North Carolina domain, GiSTR 

has the largest error for E[S(T)]while GiST and WGEN have similar error.  Figure 3.25 

shows a comparison of the RMSE of this parameter between generators for every month.  

GiSTR has the largest RMSE for every month, and the peak RMSE for each generator is in 
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August through October.  The two-sample T-test results for the difference in the RMSE of 

this parameter between generators are summarized in Table 3.17.  As with the North Carolina 

domain, the T-tests show that GiSTR has a significantly larger RMSE than both WGEN and 

GiST.  However, unlike the North Carolina domain there is no significant difference for 

RMSE for E[S(T)] between GiST and WGEN.   

Similarly to RMSE of µ for GiSTR in this domain, RMSE of E[S(T)] for GiSTR is 

smaller than in the Southeast domain than in the North Carolina domain (average RMSE for 

North Carolina domain is 63.51 mm, average RMSE for Southeast domain is 39.71 mm).  

Since there is a direct relationship between µ and E[S(T)], the same reason is the likely cause 

of this improvement.  That is, there are more stations where GiSTR replicates E[S(T)] with 

smaller error, which results in an RMSE that is less than in the North Carolina domain.  In 

contrast to the North Carolina domain, the error of E[S(T)] is slightly larger for GiST than 

WGEN in the Southeast domain.  GiST has an average RMSE of 8.43 mm in North Carolina 

domain and an average RMSE of 12.16 mm in the Southeast domain.  This is also in contrast 

to the difference in the error of µ between GiST (0.075 mm) and WGEN (1.04 mm) in the 

Southeast U.S. domain.  Given the direct relationship between µ and E[S(T)] (Equation 2.7), 

and the previous discussion regarding the summer underestimations of µ, it is possible the 

error for µ in these areas contributes to the increased error of E[S(T)] by aggregation to the 

monthly timescale.  However, given that the T-test results show that there is no significant 

difference in the error between GiST and WGEN, both are capable of replicating the average 

total precipitation (E[S(T)]) for stations across the region.   

 

3.2.3.4. Inter-annual Variability (Var[S(T)]) 
 

The error pattern of the inter-annual variability (Var[S(T)]) for each generator does 

show some distinct differences from the results for the North Carolina domain.  In the 

previous domain, the error of GiST and GiSTR are shown to be larger than WGEN.  On 

average, the RMSE of Var[S(T)] for WGEN, GiST, and GiSTR is 873.97, 1288.31, and 

836.89 mm2 respectively in this domain.  Therefore, in this domain GiSTR has the smallest 
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error for replicating Var[S(T)], while GiST has the largest error.  Figure 3.26 shows a 

comparison of the RMSE of Var[S(T)] between generators for each month.  The RMSE of 

Var[S(T)] is smallest for GiSTR for most months and largest for GiST in all months with the 

peak RMSE for each generator in September.  In addition, the two-sample T-test results, 

summarized in Table 3.18, indicate that WGEN has a significantly lower RMSE than GiST, 

which is consistent with results from the North Carolina domain. However, GiSTR also has a 

significantly lower RMSE than GiST, which is not consistent with results from the North 

Carolina domain.  Given that Var[S(T)] is directly related to both µ and σ2(Equation 2.8) it 

becomes apparent why RMSE of Var[S(T)] for GiSTR improved on average between 

domains.  While RMSE of σ2 increased by approximately 23.2% (65.85 mm2 to 81.18 mm2) 

with the increase in the number of stations used, RMSE of µ decreased by 48.4% (4.83 mm 

to 2.49mm).  This sharp decrease caused RMSE of Var[S(T)] for GiSTR to decrease between 

the North Carolina domain and the Southeast domain by 48% (from 1610.76 mm2 to 836.89 

mm2).  However, as mentioned previously the error of GiSTR for both µ and σ2 is larger in 

Florida than in the rest of the domain in summer as compared to WGEN and GiST.  

Therefore, the RMSE of GiSTR for Var[S(T)] is also larger in Florida in summer than in the 

rest of the Southeast domain.  Given this information, it is fair to assume that the re-sampling 

approach of GiSTR has lower RMSE when replicating Var[S(T)] in the majority of the 

Southeast domain, but suffers higher error in all amount parameters during summer in 

Florida.    

 

3.2.4. Probability Distribution Function Analysis 
 

Following the analysis from the North Carolina domain, the PDFs produced by each 

weather generator vary significantly between seasons, but also between stations in the 

domain.  In most cases all three weather generators replicate much of the observed PDFs for 

stations throughout the domain for winter months.  For example, consider the PDFs produced 

by each generator compared to the observations for several stations in January.  A 

comparison between in the observed and generated PDFs for WGEN (a), GiST (b), and 
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GiSTR (c) for station 310301 in Asheville, NC is shown in Figure 3.27.  For this station, 

each generator accurately replicates much of the PDF of nonzero precipitation in January.  

However, both WGEN (Figure 3.27a) and GiST (Figure 3.23b) show a tendency to 

underestimate the frequency of amounts between 10 and 20 mm.  GiSTR (Figure 3.27c) 

shows a tendency to overestimate the frequency of amounts between 20 and 30 mm, which 

also shows a cap around 30 mm.  In addition, consider a comparison between the observed 

and generated PDFs for WGEN (a), GiST (b), and GiSTR (c) for station 460102 in Alderson, 

WV shown in Figure 3.28.The PDFs for each generator also replicate much of the observed 

PDF for this station in January.  However, GiSTR (Figure 3.28c) again shows a tendency to 

hit the capping value around 25 mm.  Finally, consider the comparison between the observed 

and generated PDFs for WGEN (a), GiST (b), and GiSTR (c) for station 089176 in Venice, 

FL in January shown in Figure 3.29.  This comparison again indicates that each generator 

replicates most of the observed PDF for this station.  However, it is again apparent that both 

GiST (Figure 3.29b) and GiSTR (Figure 3.29c) hit the capping value for this station.  Despite 

the ability of each generator to replicate much of observed PDF for each station, it is evident 

in this comparison that GiST and GiSTR reach their capping values regardless of location.  In 

addition it is also apparent that while both GiST and GiSTR reach their capping values even 

in January, the re-sampling of heavy precipitation causes GiSTR to reach the capping values 

more frequently.  This indicates that values of µ can be overestimated during any season by 

GiSTR, though with larger overestimations in warm months.   

As an example for warm months consider the PDFs produced for the same stations 

used previously in September.  Figure 3.30 shows a comparison between the observed and 

generated PDFs for WGEN (a), GiST (b), and GiSTR (c) for station 310301 in September for 

Asheville, NC.  In Asheville, each weather generator produces similar results and GiSTR 

already shows a tendency to reach the capping value in cold months.  In September, each 

generator replicates the majority of the PDF accurately.  However, GiST (Figure 3.30b) and 

GiSTR (Figure 3.30c) are frequently hitting the capping value for this station.  In addition, 

the fact that the value of the PDF is larger at the capping value for GiSTR than GiST 

indicates that GiSTR will more frequently produce values above this value.  Figure 3.31 
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shows a comparison between the observed and generated PDFs for WGEN (a), GiST (b), and 

GiSTR (c) for station 460102 in September for Alderson, WV.  For the Alderson, WGEN 

(Figure 3.31a) and GiST (Figure 3.31b) accurately reproduce the PDF for September.  

However, it is also apparent that while GiSTR (Figure 3.31c) capture most of the PDF, it also 

frequently hits the capping value in September.  Figure 3.32 shows a comparison between the 

observed and generated PDFs for WGEN (a), GiST (b), and GiSTR (c) for station 089176 in 

September for Venice, FL.  For this station, the PDFs produced by each weather generator 

capture most of the observed PDF.  However, there are also clear instances where the PDF of 

each generator failed to replicate the observed PDF in Florida.  For instance, GiST (Figure 

3.32b) in September seems to provide the best replication of the PDF, while WGEN (Figure 

3.32a) has some distinct overestimations and underestimations of the PDF for some values 

less than 20 mm.  Finally, GiSTR (Figure 3.32c) replicates most of the PDF for stations in 

Florida, but also meets its cap more often than for other stations in the domain.  This 

tendency is common for multiple stations in summer and is most strongly visible in Florida.  

The more frequent occurrence of values at the capping value mentioned previously is 

indicative of the overestimation of µ and σ2 in summer in Florida. 

 

3.2.5. Dry and Wet Spell Frequency Analysis 
 

Dry and Wet spell frequencies generated by each generator are also compared against 

observations in the Southeast U.S. domain, and show similar trends to the dry and wet spell 

frequencies produced by each generator in the North Carolina domain.  Boxplots of the 

observed frequency of wet spells of various lengths in January (a), compared to those 

generated by WGEN (b), GiST (c), and GiSTR (d) for all stations in the domain are shown in 

Figure 3.33.  In January each generator underestimates the frequency of one day wet spells 

while overestimating the frequency of two day wet spells.  Each generator also accurately 

replicates the frequency of wet spells three days and longer.  Figure 3.34 show boxplots of 

the observed frequency of dry spells of various lengths in January (a) compared to those 

generated by WGEN (b), GiST (c), and GiSTR (d) for all stations in the domain.  For these 
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dry spells, each generator overestimates the frequency of two-day dry spells, but replicates 

the frequency of the lengths of other dry spells in the domain.  These patterns are common 

among all cold months, suggesting that each generator accurately replicates most wet and dry 

spell frequencies during the cold months at each station.   

Boxplots of the observed frequency of wet spells of various lengths in July (a) 

compared to those generated by WGEN (b), GiST (c), and GiSTR (d) for all stations in the 

domain are shown in Figure 3.35.  For July wet spells, WGEN (Figure 3.35b) underestimates 

the frequency of one day wet spells while overestimating two day wet spells.  This pattern is 

present in GiST (Figure 3.35b) and GiSTR (Figure 3.35c), but with much less magnitude in 

the Southeast domain than WGEN.  Each generator also accurately captures wet spells of 

three days and longer.  Finally, Figure 3.36 show boxplots of the observed frequency of dry 

spells of various lengths in July (a) compared to those generated by WGEN (b), GiST (c), 

and GiSTR (d) for all stations in the domain.  For these dry spells in July, WGEN 

underestimates the frequency of one-day dry spells, while both GiST and GiSTR 

overestimate the frequency of one-day dry spells across the domain.  These patterns are also 

similar for all warm months.  In addition each generator replicates the frequency of the 

longest dry and wet spells at each station accurately during both the warm and cold months.  

In section 3.2.1 it is shown that the RMSE for values of the temporal parameters is 

significantly larger for GiST and GiSTR than WGEN.  However, the increase in error is also 

shown to be less than 0.09 on average.  The results in this section indicate that there is little 

difference between generators for accurately replicating the frequency of dry and wet spells 

of different lengths.  These results, consistent with those presented in Section 3.1, suggests 

that although the error for the temporal parameters is significantly larger for GiST and 

GiSTR, there is little difference in the dry and wet spell frequencies or the number of 

precipitation events produced.  As such, GiST and GiSTR are capable of replicating the 

spatial and temporal structure of precipitation, which might have value in downscaling 

seasonal precipitation forecasts.   
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3.3. Summary Discussion 
 

For each of these domains there are distinct results and conclusions that can be drawn 

about the effectiveness of each generator.  There are also several avenues where future 

research may improve upon each generator.  This section summarizes the results of the 

weather generator evaluation in each domain and their implications.  A listing of which 

generator exhibits the lowest error for every parameter in both domains is shown in Table 

3.20. 

The evaluation shows that for temporal parameters (P01, P11, π, γ) in both domains, 

WGEN has the lowest error on average compared to other generators.  However, for the 

spatial structure of precipitation including the raw spatial structure, structure of precipitation 

events, amounts, and extreme events, GiST and GiSTR have lower error than WGEN for 

replicating the observed spatial structure in both domains.  For replicating those parameters 

which reflect daily nonzero precipitation amounts, µ and σ2, the generator with the lowest 

error on average is GiST and GiSTR respectively in both domains.  However, for the 

monthly counterparts of these daily parameters, E[S(T)] and Var[S(T)], there are several 

discrepancies between domains.  For the North Carolina domain, the generator with the 

lowest error on average for E[S(T)] is GiST.  For the Southeast U.S. domain, WGEN has the 

lowest error on average for E[S(T)].However, the T-tests for this parameter indicated that 

there is no significant difference in the error of this parameter between GiST and WGEN.  

Finally, for the North Carolina domain the generator with the lowest error when replicating 

Var[S(T)] (which characterizes the inter-annual variability) is WGEN, while the generator 

with the lowest error for this parameter in the Southeast domain is GiSTR.   

For those parameters reflecting the temporal structure, it is likely that the reason 

WGEN has the lowest error for these parameters is that the entire focus for generating 

precipitation events is on the temporal structure of precipitation.  GiST and GiSTR focus on 

both the spatial and temporal structure of precipitation amounts.  GiST and GiSTR use an 

orthogonal Markov chain to generate precipitation events, and as a result the spatial and 

temporal structures are used in tandem during the generation process.  This interactive 
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approach affects the error of the generator for replicating both the spatial structure 

parameters and the temporal parameters.  The result of this interaction is a large 

improvement in error with regards to the spatial structure and a slight increase in error for 

temporal parameters of precipitation events.  In contrast, WGEN only uses the 1st order 

Markov chain for generating precipitation events.  As a result of the lack of interaction 

between the spatial structure and temporal structure in the generator process, the error for the 

temporal parameters is slightly smaller for WGEN.  However, because WGEN does not 

consider spatial structure in the event generation process, the error of WGEN is much larger 

for reproducing the spatial structure of precipitation.  Therefore, while a dual focus creates 

slightly larger error with regards to the temporal parameters, GiST and GiSTR compensate 

for this error by improving the spatial structure.   

In addition, though the error for the temporal parameters for GiST and GiSTR is 

significantly more than WGEN, the difference in RMSE is less than 0.09 on average and the 

frequency of dry and wet spells are well replicated by all three generators despite the larger 

RMSE produced for the four temporal parameters by GiST and GiSTR.  As mentioned 

previously, it is possible that this is because of the issue of “memory”.  The 1st order Markov 

Chains are only conditioned upon the events occurring at the same location the previous day.  

As such, there have been a few arguments suggesting that WGEN and other 1st order Markov 

chain generators have a lack of “memory” for those events occurring several days to several 

weeks prior to the current day.  This is often the source of one of the main disadvantages for 

Markov chain generators.  Given that GiST and GiSTR also replicate dry and wet spell 

frequencies while RMSE for the temporal parameters is larger suggests that the orthogonal 

Markov chain used by GiST and GiSTR provides another level of “memory” to allow for 

multiple cases where GiST and GiSTR better replicates observed dry and wet spell 

frequencies particularly for wet spells in summer.  While it is possible that GiST and GiSTR 

provide better representations of dry and wet spell frequencies for this reason, the analysis in 

this study shows that there is very little difference in the dry and wet spell frequencies 

produced by each generator.  Given this information, each generator is capable of 

reproducing the occurrence of precipitation events.  However, for applications to forecasting 
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and to crop modeling, it is recommended that GiST and GiSTR be used, given their ability to 

replicate both the spatial and temporal structure of precipitation.   

GiST has been shown to have lower error on average when replicating µ than WGEN 

and GiSTR.  The only difference between GiST and WGEN is the consideration of the 

spatial structure during the event and amount generation process.  Therefore, the addition of 

the spatial structure during the generation process also improves the ability of a weather 

generator to replicate values of µ.  However, this does not indicate that the PDFs or temporal 

variance of precipitation are replicated accurately.  Given that GiST shows the largest error 

in each domain for σ2, this suggests that while GiST replicates low precipitation amounts 

accurately it does not replicate large precipitation amounts as often as WGEN and GiSTR.  

Since nonzero precipitation amounts follow a gamma distribution (small precipitation 

amounts occur much more frequently than large amounts), it is possible that GiST accurately 

captures the frequency of small amounts while not capturing the frequency of large amounts.  

The result of this combination yields the accurate estimation of µ and the overall 

underestimation of σ2 common to all three weather generators.  Given that the difference 

between GiST and WGEN is only the spatial structure this combination suggests that the 

spatial structure built into the GiST generation process causes GiST to provide a better 

estimate the mean daily nonzero precipitation (µ) but a worse estimate of the variance of the 

daily nonzero precipitation (σ2).  It is also shown that GiSTR has lower error when 

replicating σ2 and higher error when replicating µ.   

The results of the analysis suggest that the re-sampling of heavy precipitation 

amounts done by GiSTR produces opposite results to the evaluation of GiST.  While the 

GiSTR better replicates the frequency of larger precipitation amounts, these values are over-

sampled by the generator.  This causes µ to be overestimated and σ2 to be underestimated by 

a smaller magnitude for most stations and overestimated for some stations.  However, as 

mentioned previously, GiST and GiSTR contain a capping measure to prevent values that are 

unrealistic from occurring.  However, since GiSTR produces heavy precipitation more 

frequently than GiST, this cap is reached more frequently, increasing the frequency of 

precipitation amounts at this cap.  As a result, the PDFs produced by GiSTR become more 
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unrealistic, despite the ability to replicate the values of σ2.  In addition, as described in 

Chapter 2, GiSTR uses an additional gamma distribution to model precipitation extremes.  

While this additional gamma distribution does improve values of σ2 it also overlaps with the 

gamma distribution that models smaller precipitation amounts.  Therefore, precipitation 

amounts where the two overlap are oversampled by GiSTR.  The result of the capping value 

and the oversampling by GiSTR causes an overestimate ofµ in both domains.  The error of µ, 

when aggregated to the monthly timescale causes GiSTR to overestimate E[S(T)] across both 

domains.  However, the error of both µ and E[S(T)] produced by GiSTR decreases from the 

North Carolina domain to the Southeast U.S. domain.  There are several possible reasons for 

this result.  First, while several stations from the North Carolina domain are included in the 

Southeast U.S. domain, the more stringent quality control requirements used for the 

Southeast U.S. domain may have caused some stations used in the smaller domain to be 

dropped from the Southeast domain.  While not immediately evident from this analysis, some 

of the stations that may have been removed likely are locations with the largest error in the 

North Carolina domain, resulting in GiSTR producing lower error for both µ and E[S(T)].  

However, considering those sixty-nine stations which are common to both domains does not 

reduce the error of µ and E[S(T)] for GiSTR in the North Carolina domain.  Second, the 

larger number of stations used and the stations used in the northern portions of the domain 

may allow that more stations have both µ and E[S(T)] replicated accurately causing the 

average error to be less across the domain.  Third, the larger number of stations also 

increased the information used by the spatial structure component of events and amounts, 

allowing for better replication of the observed distribution of precipitation amounts.  This 

possibility is unlikely since the increase in station caused the error between domains for the 

same parameters for GiST to increase. Finally, for Var[S(T)], the error of GiSTR also 

improves on average from the smaller domain to the larger domain.  Given that Var[S(T)] is 

directly related to µ and σ2, the 48%  improvement in Var[S(T)] between domains matches a 

48.4% improvement in µ between domains.   

For GiST and WGEN there are very few visible spatial patterns in the error with 

regards to µ, σ2, E[S(T)].  For most months, µ and E[S(T)] are either underestimated or 
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overestimated by small amounts (1 to 2mm and 0 to 15 mm respectively).  In addition, for 

most months GiST and WGEN underestimate values of σ2 across the domain, with the largest 

error on the northern Gulf Coast in summer.  Regardless of the generator used, there is a 

slight increase in error for values of σ2 for stations along the coast during the peak of the 

Atlantic hurricane season.  This suggests that regardless of the generator used, all generators 

produce a greater underestimate of σ2 for coastal stations related to a lack of tropical 

precipitation.  While this underestimation is reduced by GiSTR, this generator shows a clear 

pattern in summer to underestimate σ2 slightly in the northern portions of the Southeast 

domain, overestimate σ2 in Florida, and underestimate σ2 by larger values in the middle of the 

Southeast domain.  This difference might be related to the differences in climatology 

between areas in the domain.  Florida and the northern Gulf Coast have a more tropical 

climate than the rest of this domain and receive the largest annual precipitation.  The central 

portion of the domain is temperate to sub-tropical, with no dry season and mild winters.  

However, the northern portion of the domain has lower temperatures and experience harsher 

winters with less unstructured and tropical convection.  These subtle differences may result 

in the difference in the observed values of σ2; the northern portion of the domain in summer 

has the smallest observed values of σ2, the largest values are in the central portion of the 

domain, and the values of σ2 are smaller in Florida in general than in the rest of the domain.  

This suggests that the more frequent occurrence of precipitation in this region causes the 

values of σ2 to decrease from the central portions of the domain.  The less frequent 

occurrence of precipitation in the central portion of the domain causes observed values σ2 in 

the central portion of the domain to be larger than other areas.   

Finally, while precipitation likely occurs with equal frequency in the northern 

portions of the domain it is possible that the heavy precipitation amounts which occur in the 

central and southern portions of the domain occur less frequently, which causes observed 

values σ2 to decrease in the northern portion of the domain compared to other portions of the 

domain (such as the example for September shown in Figure 3.37).  However, while there are 

these subtle differences in the frequency of precipitation and precipitation extremes, what is 

defined as extreme precipitation changes between the northern and southern portions of the 
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domain.  Recall, that GiSTR uses an additional gamma distribution to model the top 10% of 

precipitation amounts.  Given that the value of 90th percentile is larger in Florida during 

summer (in September values of 39.37 mm in Florida versus values of 17.93 mm for some 

North Carolina stations), it is also possible that GiSTR over-samples precipitation at these 

much higher values more frequently than observed in Florida in summer causing an 

overestimation of σ2 in Florida.  This over-sampling of values, which are in most cases 

greater than 25 mm, may also cause GiSTR to overestimate values of µ in summer in Florida 

by values of 10mm or more.   

Both of these are possibilities since precipitation occurs more frequently in summer.  

The amounts remain small, which keeps observed values of µ similar to other values in the 

domain.  The more frequent occurrence of small amounts causes the observed values of σ2 in 

Florida to decrease compared to other stations in the Southeast domain.  The lower values of 

the 90th percentile in North Carolina indicate that GiSTR will re-sample lower values than for 

stations in Florida, which causes the underestimation of values of σ2 in the central portion of 

the North Carolina domain.  Finally, the values of the 90th percentile in the northern portion 

of the domain are generally between 19 and 25 mm, which may allow GiSTR to better 

estimate observed values of σ2 in these areas.  However, this argument is only speculation 

and future work should include further analysis of this particular feature in GiSTR. 

While GiST suffers higher error for the variance of daily nonzero precipitation and 

slightly higher error for the 1st order Markov transition probabilities, it captures mean daily 

precipitation amounts, average monthly total precipitation, dry and wet spell frequencies, and 

the spatial structure of precipitation more accurately than GiSTR and WGEN in the North 

Carolina domain and the Southeast U.S. domain.  While WGEN matches GiST and GiSTR 

for the dry and wet spell frequencies and 1st order transition probabilities, GiST and GiSTR 

are both capable of reproducing the spatial structure of precipitation in both domains.  

However, GiST fails to capture much of variance of daily nonzero precipitation compared to 

GiSTR.  The high error in mean daily nonzero precipitation and average monthly total 

precipitation shows that while GiSTR captures the variance and precipitation extremes, it 

does not provide an ideal solution for modeling the entire distribution of precipitation 
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amounts across the Southeast U.S.  Therefore, future work in this area should include the 

application of different approaches to capturing extreme precipitation. Possible methods 

include a hybrid distribution approach (Furrer and Katz, 2008), a mixed distribution approach 

(Wilks and Wilby, 1999), and the use of different distributions.   

Given that it accurately reproduces the temporal and spatial structure of precipitation 

in multiple domains and provides the best replication of the mean daily nonzero precipitation 

and the average total precipitation, GiST is recommended for seasonal forecasting and crop 

modeling in near term simulations.  However, since GiST has the highest error for replicating 

the variance of daily nonzero precipitation and the inter-annual variability, it should be noted 

that GiST would likely have high error for rare or cyclic events, such as the effect of an 

active Atlantic hurricane season.  Therefore, it is recommended that for situations where high 

variability may be a concern, GiSTR should be used for forecasting and crop modeling.  

However, it is important to note that the capping value present in both GiST and GiSTR does 

have effect on the simulated precipitation produced by GiSTR.  For future research, it is 

recommended that this analysis be repeated with the capping value increased or removed, 

which may improve the simulation of precipitation produced by both GiST and GiSTR.   
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Table 3.1. RMSE comparison of generated Markov Transition probabilities (P01 and 
P11) values for the NC domain. 
 

 
P01 

  
P11 

  month WGEN GiST GiSTR WGEN GiST GiSTR 
1 0.017 0.037 0.043 0.027 0.055 0.040 
2 0.017 0.046 0.049 0.032 0.043 0.046 
3 0.017 0.056 0.046 0.030 0.062 0.067 
4 0.017 0.063 0.068 0.034 0.073 0.062 
5 0.016 0.065 0.066 0.025 0.072 0.055 
6 0.020 0.038 0.050 0.029 0.058 0.064 
7 0.018 0.057 0.058 0.031 0.062 0.060 
8 0.018 0.057 0.063 0.034 0.077 0.065 
9 0.017 0.056 0.071 0.036 0.079 0.071 
10 0.014 0.066 0.069 0.035 0.071 0.084 
11 0.020 0.053 0.057 0.026 0.054 0.061 
12 0.015 0.071 0.070 0.026 0.064 0.061 

       average 0.017 0.055 0.059 0.030 0.064 0.061 
 
 
 
 
Table 3.2. Summary of Results from the two-sample T-tests with the 1st order Markov 
Transition Probabilities (P01 and P11) for the NC domain.  P-values in red indicate that 
the difference in RMSE between the two generators compared is significantly less than 
zero.  The Difference in average RMSE is the average RMSE of the second generator 
subtracted from the average RMSE of the first generator. 
 

   P01  P11  

Generators compared 
Difference in 

Average RMSE P-value 
Difference in 

Average RMSE P-value 
WGEN GiST -0.038 4.44E-08 -0.034 2.92E-08 
WGEN GiSTR -0.042 3.17E-09 -0.031 1.52E-07 
GiST GiSTR -0.0038 0.19 0.0028 0.27 
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Table 3.3. RMSE comparison of generated unconditional probability of rain (π) and 
persistence (γ) values for the NC domain. 
 

 
π 

  
γ 

  Month WGEN GiST GiSTR WGEN GiST GiSTR 
1 0.018 0.016 0.022 0.032 0.087 0.078 
2 0.020 0.027 0.030 0.036 0.081 0.087 
3 0.020 0.029 0.032 0.033 0.11 0.099 
4 0.020 0.041 0.043 0.037 0.12 0.11 
5 0.017 0.034 0.035 0.029 0.13 0.11 
6 0.020 0.028 0.025 0.035 0.084 0.11 
7 0.022 0.020 0.028 0.032 0.12 0.11 
8 0.022 0.023 0.032 0.037 0.13 0.12 
9 0.022 0.029 0.049 0.041 0.13 0.13 
10 0.017 0.045 0.045 0.040 0.13 0.15 
11 0.020 0.036 0.032 0.034 0.094 0.11 
12 0.017 0.057 0.051 0.030 0.11 0.11 

       average 0.020 0.032 0.036 0.035 0.11 0.11 
 
 
 
 
Table 3.4. Summary of Results from the two-sample T-tests with unconditional 
probability of rain (π) and persistence (γ) for the NC domain.  P-values in red indicate 
that the difference in RMSE between the two generators compared is significantly less 
than zero.  The Difference in average RMSE is the average RMSE of the second 
generator subtracted from the average RMSE of the first generator. 
 

  π  γ  

Generators compared 
Difference in 

Average RMSE P-value 
Difference in 

Average RMSE P-value 
WGEN GiST -0.012 0.0014 -0.075 6.36E-09 
WGEN GiSTR -0.016 4.64E-05 -0.076 3.48E-09 
GiST GiSTR -0.0035 0.21 -0.00041 0.48 
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Table 3.5. Summary of results of two-sample T-tests for each correlation matrix (p-
values only) for the NC domain.  P-values in red indicate that RMSE of the first 
generator is significantly larger than the second generator. 
 

Generators Compared ρ ρev ρam ρex 
WGEN GiST 2.64E-06 7.42E-09 6.45E-06 0.00046 
WGEN GiSTR 2.49E-06 7.35E-09 5.23E-06 0.00013 
GiST GiSTR 0.35 0.43 0.23 0.15 

 

 

 

Table 3.6.Summary of results of the two-sample T-test on the generated values of the 
mean daily nonzero precipitation (µ) for the North Carolina domain.  P-values in red 
indicate RMSE of one generator is larger than the other. The Difference in Average 
RMSE is the average RMSE of the second generator subtracted from the average 
RMSE of the first generator. 
 

Generators Compared Difference in Average RMSE (mm) P-value 
WGEN GiST 0.59 7.49E-08 
WGEN GiSTR -3.79 2.1E-05 
GiST GiSTR -4.38 5.47E-06 

 
 
 
 
 
Table 3.7. Summary of results of the two-sample T-test on the generated values of the 
variance of daily nonzero precipitation(σ2) for the NC domain.  P-values in red indicate 
RMSE of one generator is larger than the other.  The Difference in Average RMSE is 
the average RMSE of the second generator subtracted from the average RMSE of the 
first generator. 
 

Generators Compared Difference in Average RMSE (mm2) P-value 
WGEN GiST -41.81 0.055 
WGEN GiSTR 14.83 0.24 
GiST GiSTR 56.64 0.016 
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Table 3.8. Summary of results of the two-sample T-test on the generated values of the 
average total precipitation (E[S(T)]) for the NC domain.  P-values in red indicate 
RMSE of one generator is larger than the other. The Difference in Average RMSE is 
the average RMSE of the second generator subtracted from the average RMSE of the 
first generator. 
 

Generators Compared 
Difference in Average RMSE 

(mm) P-value 
WGEN GiST 3.80 0.00017 
WGEN GiSTR -51.27 5.46E-06 
GiST GiSTR -55.08 2.87E-06 

 
 
 
 
 
 
 
 
Table 3.9. Summary of results of the two-sample T-test on the generated values of the 
inter-annual variability (Var[S(T)]) for the NC domain.  P-values in red indicate RMSE 
of one generator is larger than the other. The Difference in Average RMSE is the 
average RMSE of the second generator subtracted from the average RMSE of the first 
generator. 
 

Generators Compared Difference in Average RMSE (mm2) P-value 
WGEN GiST -447.57 0.028 
WGEN GiSTR -687.37 0.017 
GiST GiSTR -239.80 0.23 
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Table 3.10. RMSE comparison of generated Markov Transition probabilities (P01 and 
P11) values for the Southeast U.S. 
 

 
P01 

  
P11 

  month WGEN GiST GiSTR WGEN GiST GiSTR 
1 0.018 0.068 0.068 0.027 0.056 0.055 
2 0.019 0.067 0.069 0.031 0.070 0.055 
3 0.019 0.071 0.061 0.030 0.057 0.058 
4 0.019 0.075 0.069 0.030 0.076 0.066 
5 0.019 0.078 0.059 0.029 0.059 0.064 
6 0.019 0.071 0.059 0.027 0.066 0.060 
7 0.019 0.059 0.053 0.028 0.073 0.064 
8 0.018 0.058 0.051 0.029 0.076 0.063 
9 0.018 0.088 0.069 0.034 0.075 0.065 
10 0.015 0.10 0.071 0.035 0.064 0.078 
11 0.018 0.061 0.065 0.030 0.057 0.056 
12 0.018 0.083 0.083 0.028 0.069 0.061 

       average 0.018 0.073 0.065 0.030 0.067 0.062 
 
 
 
 
 
 
Table 3.11. Summary of Results from the two-sample T-tests with the Markov 
Transition Probabilities for the Southeast U.S. domain.  P-values in red indicate that 
the difference in RMSE between the two generators compared is significantly less than 
zero. 
 

  P01  P11  

Generators Compared 
Difference in 

Average RMSE P-value 
Difference in 

Average RMSE P-value 
WGEN GiST -0.055 7.43E-09 -0.037 4.83E-10 
WGEN GiSTR -0.047 6.52E-10 -0.032 2.84E-11 
GiST GiSTR 0.0087 0.035 0.0045 0.067 
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Table 3.12. RMSE comparison of generated unconditional probability of rain (π) and 
persistence (γ) values for the Southeast U.S. domain. 
 

 
π 

  
γ 

  Month WGEN GiST GiSTR WGEN GiST GiSTR 
1 0.017 0.038 0.038 0.033 0.11 0.11 
2 0.021 0.043 0.043 0.035 0.12 0.11 
3 0.018 0.044 0.036 0.037 0.11 0.11 
4 0.019 0.051 0.040 0.036 0.13 0.12 
5 0.019 0.047 0.030 0.035 0.12 0.11 
6 0.018 0.035 0.025 0.034 0.13 0.11 
7 0.019 0.030 0.025 0.034 0.12 0.11 
8 0.018 0.034 0.022 0.036 0.12 0.11 
9 0.020 0.058 0.041 0.040 0.15 0.13 
10 0.018 0.076 0.048 0.039 0.15 0.14 
11 0.020 0.037 0.048 0.033 0.11 0.099 
12 0.018 0.054 0.057 0.033 0.13 0.12 

       average 0.019 0.046 0.038 0.035 0.12 0.11 
 

 

 

 

 

Table 3.13. Summary of Results from the two-sample T-tests with unconditional 
probability of rain (π) and persistence (γ) for the Southeast US domain.  P-values in red 
indicate that the difference in RMSE between the two generators compared is smaller 
or larger than zero, depending on the Difference in the Average RMSE. 
 

  π  γ  
Generators 
Compared 

Difference in 
Average RMSE P-value 

Difference in 
Average RMSE P-value 

WGEN GiST -0.02687 7.43E-09 -0.08855 8.84E-12 
WGEN GiSTR -0.01899 3.92E-05 -0.07921 3.03E-12 
GiST GiSTR 0.007881 0.058 0.009348 0.030 
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Table 3.14. Summary of results of one tailed two-sample T-tests for each correlation 
matrix (p-values only) for the Southeast US domain.  P-values in red indicate that 
RMSE of the first generator is significantly larger than the second generator. 
 
Generators Compared ρ ρev ρam ρex 
WGEN GiST 0.00016 2.13E-08 0.00013 0.031 
WGEN GiSTR 7.91E-05 2.77E-08 1.31E-05 0.027 
GiST GiSTR 0.31 0.14 0.0068 0.28 

 
 
 
 
 
 
Table 3.15. Summary of results of the two-sample T-test on the generated values of the 
mean daily nonzero precipitation (µ) for the Southeast U.S. domain.  P-values in red 
indicate RMSE of one generator is larger than the other. The Difference in Average 
RMSE is the average RMSE of the second generator subtracted from the average 
RMSE of the first generator. 
 

Generators Compared Difference in Average RMSE (mm) P-values 
WGEN GiST 0.30 0.00053 
WGEN GiSTR -1.44 2.26E-06 
GiST GiSTR -1.75 1.50E-07 

 

 

 
 
 
Table 3.16. Summary of results of the two-sample T-test on the generated values of the 
variance of daily nonzero precipitation (σ2) for the Southeast U.S. domain.  P-values in 
red indicate RMSE of one generator is larger than the other. The Difference in Average 
RMSE is the average RMSE of the second generator subtracted from the average 
RMSE of the first generator. 
 

Generators Compared Difference in Average RMSE (mm2) P-values 
WGEN GiST -38.79 0.0061 
WGEN GiSTR 4.11 0.39 
GiST GiSTR 42.90 0.0093 
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Table 3.17.Summary of results of the two-sample T-test on the generated values of the 
average total precipitation (E[S(T)]) for the Southeast U.S. domain.  P-values in red 
indicate RMSE of one generator is larger than the other. The Difference in Average 
RMSE is the average RMSE of the second generator subtracted from the Average 
RMSE of the first generator 
 

Generators Compared 
Difference in Average RMSE 

(mm) P-values 
WGEN GiST -0.52 0.30 
WGEN GiSTR -28.07 9.97E-10 
GiST GiSTR -27.55 4.57E-11 

 
 
 
 
 
Table 3.18. Summary of results of the two sample T-test on the generated values of the 
inter-annual variability (Var[S(T)]) for the Southeast U.S. domain.  P-values in red 
indicate RMSE of one generator is larger than the other. The Difference in Average 
RMSE (mm2) is the average RMSE of the second generator subtracted from the first 
generator. 
 

Generators Compared Difference in Average RMSE (mm2) P-values 
WGEN GiST -414.34 0.00026 
WGEN GiSTR 37.08 0.37 
GiST GiSTR 451.42 0.00073 
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Table 3.19 .Summary results of which generator has the lowest error on average for 
each parameter tested. 
 

Parameter 
North Carolina 

Domain 
Southeast U.S. 

Domain 
1st Order Markov Transition Probabilities 

(P01, P11) WGEN WGEN 
Unconditional Probability of Rain (π) WGEN WGEN 

Persistence (γ) WGEN WGEN 
Spatial Structure (ρ, ρev, ρam, ρex) GiST/GiSTR GiST/GiSTR 

Mean Daily Nonzero Precipitation (µ) GiST GiST 

Variance of Daily Nonzero Precipitation (σ2) GiSTR GiSTR 
Average Monthly Total Precipitation 

(E[S(T)]) GiST GiST/WGEN 

Variance of the Monthly Total Precipitation / 
Inter-annual Variability (Var[S(T)]) WGEN GiSTR 
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Figure 3.1. RMSE of each weather generator by month for the correlation matrix of 
precipitation (ρ) (a), the correlation matrix of precipitation events (ρev)(b), the 
correlation matrix of precipitation amounts (ρam)(c), and the correlation matrix of 
precipitation extreme events (ρex)(d)  for North Carolina domain. 
 

 

(a) (b) 

(c) (d) 
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Figure 3.2. Average Decay Function Correlogram for each generator and observations 
for January for precipitation (a), precipitation events (b), precipitation amounts (c), 
and precipitation extreme events (d). North Carolina domain. 
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Figure 3.3. Average Decay Function Correlogram for each generator and observations 
for July for precipitation (a), precipitation events (b), precipitation amounts (c), and 
precipitation extreme events (d). North Carolina domain. 
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Figure 3.4. RMSE (mm) comparison for the generated values of mean daily nonzero 
precipitation (µ) for North Carolina domain. 
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Figure 3.5. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) across the North Carolina domain for the month of August for 
WGEN(a), GiST(b), and GiSTR (c) 
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Figure 3.6. RMSE (mm2) comparison for the generated values of the variance of the 
daily nonzero precipitation (σ2) for North Carolina domain. 
 

 

 

 

 

 

 



 

94 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.7. Difference between generated and observed values of the variance of daily 
nonzero precipitation (σ2) across the North Carolina domain for the month of 
September for WGEN(a), GiST(b), and GiSTR (c) 
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Figure 3.8. RMSE (mm) comparison for generated values of the average total 
precipitation (E[S(T)]) for North Carolina domain. 
 

 

 

 

 

 



 

98 

 

 

 

 

 
Figure 3.9. Boxplots of the difference between generated and observed values of the 
average total precipitation (E[S(T)]) for WGEN (a), GiST (b), and GiSTR(c) for North 
Carolina domain. 
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Figure 3.10. RMSE (mm2) comparison for generated values of the inter-annual 
variability (Var[S(T)]) for North Carolina domain. 
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Figure 3.11. Generated vs. Observed PDF examples for January for station 315838 in 
Morganton, NC for WGEN (a), GiST (b), and GiSTR (c). 
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Figure 3.12. Generated vs. Observed PDF examples for September for station 319457 in 
Wilmington, NC for WGEN (a), GiST (b), and GiSTR (c). 
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Figure 3.13. Monthly PDF examples, generated vs. observed for GiSTR for January (a) 
and September (b) for all stations in the domain. 
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Figure 3.14. Boxplots of the frequency of January Wet Spells of various lengths for all 
stations for observations (a), WGEN (b), GiST (c), and GiSTR (d) for North Carolina 
domain. 
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Figure 3.15. Boxplots of the frequency of January dry spells of various lengths for all 
stations for observations (a), WGEN (b), GiST (c), and GiSTR (d) for North Carolina 
domain. 
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Figure 3.16. Boxplots of the frequency of July Wet Spells of various lengths for all 
stations for observations (a), WGEN (b), GiST (c), and GiSTR (d) for North Carolina 
domain. 
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Figure 3.17. Boxplots of the frequency of July dry spells of various lengths for all 
stations for observations (a), WGEN (b), GiST (c), and GiSTR (d) for North Carolina 
domain. 
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Figure 3.18. RMSE of each weather generator by month for the correlation matrix of 
precipitation (ρ) (a), the correlation matrix of precipitation events (ρev)(b), the 
correlation matrix of precipitation amounts (ρam)(c), and the correlation matrix of 
precipitation extreme events (ρex)(d) for the Southeast US domain. 
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Figure 3.19. Average Decay Function Correlogram for each generator and observations 
for January for precipitation (a), precipitation events (b), precipitation amounts (c), 
and precipitation extreme events (d). Southeast U.S. domain. 
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Figure 3.20. Average Decay Function Correlogram for each generator and observations 
for July for precipitation (a), precipitation events (b), precipitation amounts (c), and 
precipitation extreme events (d). Southeast U.S. domain. 
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Figure 3.21. RMSE (mm) comparison for the generated values of mean daily nonzero 
precipitation (µ) for the Southeast US domain. 
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Figure 3.22. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) (mm) across the Southeast U.S. domain for the month of August for 
WGEN(a), GiST(b), and GiSTR (c). 
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Figure 3.23. RMSE (mm2) comparison for the generated values of the variance of daily 
nonzero precipitation (σ2)for the Southeast US domain. 
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Figure 3.24. Difference between generated and observed values of the variance of daily 
nonzero precipitation (σ2)(mm2) across the Southeast U.S. domain for the month of 
August for WGEN (a), GiST (b), and GiSTR (c). 
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Figure 3.25. RMSE (mm) comparison for the generated values of the average total 
precipitation(E[S(T)]) for the Southeast U.S. domain. 
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Figure 3.26. RMSE (mm2) comparison for the generated values of the inter-annual 
variability (Var[S(T)]) for the Southeast US domain. 
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Figure 3.27. Generated vs. Observed PDF examples for January for station 310301 in 
Asheville, NC for each weather generator for WGEN (a), GiST (b), and GiSTR (c). 
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Figure 3.28. Generated vs. Observed PDF examples for January for station 460102 in 
Alderson, WV for each weather generator for WGEN (a), GiST (b), and GiSTR (c). 
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Figure 3.29. Generated vs. Observed PDF examples for January for station 089176 in 
Venice, FL for each weather generator for WGEN (a), GiST (b), and GiSTR (c). 
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Figure 3.30. Generated vs. Observed PDF examples for September for station 310301 in 
Asheville, NC for each weather generator for WGEN (a), GiST (b), and GiSTR (c). 



 

136 

 

 

(a) 

(b) 



 

137 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 

(c) 



 

138 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.31. Generated vs. Observed PDF examples for September for station 460102 in 
Alderson, WV for each weather generator for WGEN (a), GiST (b), and GiSTR (c). 
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Figure 3.32. Generated vs. Observed PDF examples for September for station 089176 in 
Venice, FL for each weather generator for WGEN (a), GiST (b), and GiSTR (c). 
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Figure 3.33. Boxplots of the frequency of January Wet Spells of various lengths for all 
stations for observations (a), WGEN (b), GiST (c), and GiSTR (d) for the Southeast US 
domain. 
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Figure 3.34. Boxplots of the frequency of January Dry Spells of various lengths for all 
stations for observations (a), WGEN (b), GiST (c), and GiSTR (d) for the Southeast US 
domain. 
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Figure 3.35. Boxplots of the frequency of July Wet Spells of various lengths for all 
stations for observations (a), WGEN (b), GiST (c), and GiSTR (d) for the Southeast US 
domain. 
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Figure 3.36. Boxplots of the frequency of July Dry Spells of various lengths for all 
stations for observations (a), WGEN (b), GiST (c), and GiSTR (d) for the Southeast US 
domain. 
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Figure 3.37. Observed values of the variance of daily nonzero precipitation (σ2) (mm2) 
across the Southeast U.S. domain for September. 
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Chapter 4.  Evaluation of Downscaling Variations – 1979-2000 
 

While the previous chapter focuses on evaluating three different weather generators, 

this chapter focuses on evaluating four different variations on the general approach of 

downscaling precipitation with weather generators.  These four variations are based on 

variations on two different assumptions that are used in the general approach. The first set of 

variations involves interpolating the values of each parameter for the present time for each 

GCM grid point from surrounding stations. The second set of variations addresses how the 

values of the gamma distribution parameters are determined.   

The analysis of interpolation investigates the use of area averaging (AW) compared 

with locally weighted regression (LWR) as described by Wilks (2008).For the second set of 

variations, the method of moment estimators (MOM) is compared with the Greenwood and 

Durand approximation (DFIT) in determining the gamma distribution parameters for nonzero 

precipitation. Combining each produces four downscaling variations, which will each be 

evaluated using the same statistical methods and visual analysis as discussed in Chapter 3.  In 

order to focus specifically on the different variations in the downscaling approach, only the 

GiSTR weather generator will be used for comparing techniques.  GiSTR is used as the fixed 

generator since it adequately reproduces the observed spatial and temporal structure and 

better replicates the variability associated with extreme events, which is a historical problem 

for all weather generators (Wilks and Wilby, 1999).  Since downscaling with any weather 

generator involves perturbing the parameters of each generator using the scaling relationship 

and then the weather generator of choice, it can be assumed that the error with regard to 

different variations used in the scaling relationship is the same regardless of the generator 

used.   

The GCM used for this analysis is the Climate Forecast System Reanalysis (CFSR, Saha 

et al, 2010) with a resolution of approximately 2 degrees latitude and longitude, and each 

simulation will be evaluated against the observed statistics of each station in the Southeast 

U.S. domain for the period of 1979-2000.  The CFSR data is used for this analysis because 

this version of CFS is operationally used for seasonal forecasting and also makes used of 
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coupled modeling of atmosphere, ocean, land-surface, and sea ice.  The CFS Reforecast is 

not used in this analysis since it was not available at the time of the analysis. The four 

combinations considered in this study are the following: 

 

• LWR-MOM – LWR for parameter interpolation and the MOM for the gamma 

distribution parameters 

• AW-DFIT – AW for parameter interpolation and the DFIT for the gamma distribution 

parameters. 

• LWR-DFIT – LWR for parameter interpolation and the DFIT for the gamma 

distribution parameters. 

• AW-MOM – AW for parameter interpolation and the MOM for the gamma 

distribution parameters. 

 

In addition to the analysis for differences between downscaling simulations, each 

simulation is compared to a Control simulation.  This Control simulation reflects the use of 

GiSTR with observations being supplied to the generator rather than the use of the scaling 

relationship and the CFSR data.  In short, this Control simulation is the same as the use of 

GiSTR with observations only as presented in Chapter 3.  This additional analysis will allow 

for determining the increase in error that is associated with each downscaling variation and 

GiSTR compared to the error of GiSTR alone.   

Following the comparison of downscaling techniques using GiSTR, a comparison of 

GiSTR and WGEN in a downscaling context using only one downscaling variation is 

presented.  This comparison is intended to determine if the patterns between weather 

generators seen in Chapter 3 are consistent when used for downscaling.  This combination of 

analyses tests the consistency of error between generators and downscaling variations, 

essentially determining if several of the assumptions in Chapter 4 and Chapter 5 are valid, or 

if future work should include a full evaluation of each weather generator and downscaling 

variation before considering applications to seasonal forecasting. 
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4.1. Downscaling Simulation Comparison 
 

Following the analysis in the previous chapter the same set of parameters are used to 

evaluate each simulation.  These parameters are also considered for evaluating the difference 

between each simulation and the Control.   

 

4.1.1. Temporal Parameters 
 

For each of the temporal parameters, the 1st order Markov transition probabilities (P01 

and P11), the unconditional probability of precipitation (π), and persistence (γ), there is very 

little difference observed in the error between simulations.  For P01, the difference in RMSE 

on average between each simulation is less than 0.002 for every month, as shown in Table 

4.1.  Similarly for P11, the difference in RMSE on average between each simulation is less 

than 0.003 for every month as shown in Table 4.2.  There is also no seasonal trend in the 

error of each simulation or difference in error between simulations for either parameter, 

which is also consistent with the Control. 

 In addition, testing for significance between each simulation for both parameters 

shows that there is no significant difference between each of these simulations.  The two-

sample T-test results for the RMSE of P01 and P11 between each downscaling simulation, 

summarized in Table 4.3, indicates that there is no significant difference between 

simulations.  Comparing each of the error of each of these simulations to the error of the 

Control for each parameter shows several interesting results.  On average, each simulation 

has smaller RMSE than the Control (by up 0.0056) for values of P01.  In contrast, each 

simulation has larger RMSE than the Control (by up to 0.004) for values of P11.  While there 

are contrasting results in this comparison for each parameter, the two-sample T-tests 

comparing each downscaling simulation to the Control for each parameter, as summarized in 

Table 4.4, indicates that there is no significant difference in error between each simulation 

and the Control.  The small difference between each simulation and the Control for each 
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parameter, as well as the lack of significant difference suggest that there is also no practical 

significance to these differences.   

The results presented for the 1st order Markov transition probabilities are similar to 

results presented for the unconditional probability of rain (π) and persistence (γ).  As shown 

by the RMSE comparison between simulations in Table 4.5, the difference in the RMSE of π 

between every simulation is less than 0.003 for every month. As shown by the RMSE 

comparison for γ between simulations in Table 4.6, the difference between each simulation is 

also less than 0.003 for all months.  There are no seasonal trends in the difference in error 

between simulations for either parameter.  These results are consistent with the results for the 

Markov transition probabilities. 

Similarly to the analysis for the previous parameters, the two-sample T-tests for each 

parameter, summarized in Table 4.7, show that there is no significance in the RMSE between 

simulations.  The p-values for each test were greater than 0.23, and the difference in the 

average RMSE was less than 0.0034 for both π and γ, indicating no significant difference in 

the RMSE of each parameter between each simulation.  Comparing the error for each 

simulation for these parameters to the Control also shows some interesting results.  For π and 

γ, each simulation has smaller RMSE than the Control by up to 0.0035.  However, the T-tests 

comparing the RMSE for each parameter to the Control, summarized in Table 4.8, also 

indicates that there is no significant difference (p-values more than 0.22) in the error between 

each simulation and the Control.  The results for this section indicate that there is no 

significant difference in the RMSE of each temporal parameter between downscaling 

simulations, or between each downscaling simulation and the Control.  Given that these 

parameters reflect the occurrence of a wet day for each station, this implies that each 

simulation produces a similar number of wet days for each station.  That is, if used to 

downscaling seasonal forecasts, each simulation will produce an equivalent number of wet 

days during a given period.  Regardless of the similarities and lack of significant difference 

between simulations, the LWR-MOM and LWR-DFIT simulations have smaller error for 

these parameters, and therefore smaller error for the number of wet days for any given station 

and time period than  the remaining simulations.   
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4.1.2. Spatial Structure Parameters 
 

For all simulations, the spatial structure is not perturbed by the CFSR data.  Given the 

resolution of CFSR, it cannot provide enough resolution to determine how the correlation of 

each individual station with every other station is influenced by the model, which is used by 

both GiST and GiSTR in the event generation process.  For each of the simulations, the 

spatial structure (i.e. the correlation matrices) used in the generator is the spatial structure 

determined by the observations for 1971-2000.  While the spatial structure is not directly 

perturbed, it is possible that the spatial structure is indirectly perturbed given how GiSTR 

generates precipitation events.  GiSTR makes use of the 1st order Markov probabilities in the 

initial generation of precipitation events for the first two stations.  In addition, the orthogonal 

Markov chain used by GiSTR considers both space and time, specifically the relationship 

between three stations in the current time, and information from the previous day for the 

station of interest.  Therefore the perturbation to the 1st order Markov probabilities (i.e. P01 

and P11) may have some impact on the generated spatial structure.  To explore the possible 

impacts on spatial structure, the RMSE of each of the correlation matrices for each 

simulation analyzed.  For the correlation matrix of precipitation (a, ρ), the correlation matrix 

of precipitation events (b, ρev), the correlation matrix of precipitation amounts (c, ρam), and 

the correlation matrix of extreme precipitation events (d, ρex), the RMSE for each 

downscaling simulation across each month, shown in Figure 4.1, is approximately the same.  

Following the same analysis from the previous chapter, the observed and simulated average 

decay function correlograms are determined in order to evaluate the ability of each 

downscaling simulation to reproduce the appropriate decay in spatial structure with distance.  

The average decay function correlogram is the average correlation between stations in 5 km 

distance intervals.  That is the value of the correlogram 15km is average correlation of 

stations between 10 and 15km apart.  Figure 4.2 shows the observed and simulated average 

decay function correlogram for January for precipitation (a), precipitation events (b), 

precipitation amounts (c), and precipitation extreme events (d).  In January, each simulation 

shows a tendency to underestimate the correlogram for all four parameters with the smallest 
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underestimation for precipitation events (Figure 4.2b).  What is also apparent from Figure 4.2 

is that there is little difference in the correlogram produced by each simulation.  These results 

are also consistent during the warm months.  Figure 4.3 shows the observed and simulated 

average decay function correlogram for July for precipitation (a), precipitation events (b), 

precipitation amounts (c), and precipitation extreme events (d).  The results for July also 

indicate that each simulation produces a similar correlogram in all four cases and has a 

tendency to underestimate the observed correlogram.  Each simulation  provides the best 

replication of the correlogram for precipitation amounts (Figure 4.3c) and has the largest 

underestimation of  the correlogram for precipitation events (Figure 4.3b).  These results are 

consistent between months, but the results for both months show that the simulated 

correlograms for precipitation events have significantly more error than the correlograms 

produced by GiSTR outside of a downscaling context.  The results for the correlogram 

comparison also indicate that the increase in ability to capture the observed correlogram 

more accurately in July is consistent with results shown in Section 3.2.2. for GiSTR.  When 

used with observations, GiSTR accurately replicates the observed correlogram for 

precipitation events with little underestimation.  Therefore, the application of CFS and the 

indirect influence on the spatial structure through the 1st order Markov chains in the event 

generation process influences the RMSE of the correlation matrix of precipitation events, by 

causing each simulation to more dramatically underestimate the correlation between stations 

at distances less than 1000 km.  This indicates the possibility that there is significant 

difference in the RMSE of correlation matrix of precipitation events of one or more 

simulations from the Control.  In addition, though not evident from Figures 4.2 and 4.3 the 

RMSE for correlation matrices for precipitation, precipitation amounts and precipitation 

extreme events may also be significant between each simulation and the Control.   

Results from the two-sample T-test between simulations, summarized in Table 4.9, 

shows the simulations have an RMSE which is not significantly different from the RMSE of 

any of the other simulations.  The average RMSE values for each generator for each of the 

four correlation matrices also shows that there is very little difference on average between 

each of the downscaling simulations.  While the RMSE between simulations for each 
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correlation matrix is not significantly different, there are some cases where the RMSE of 

individual simulations for the correlation matrices is different from the Control.  Table 4.10 

summarizes the results of the two-sample T-test between each simulation and the Control.  

The test results indicate that the RMSE of ρev for all four simulations is significantly larger 

than for the Control.  For the other correlation matrices, only AW-DFIT had a significantly 

larger RMSE for ρam than the Control (p-value of 0.0019).  Given that the RMSE of ρev of 

each simulation was significantly larger than the Control, and there is no difference for the 

remaining spatial structure parameters, there is some indication of the impact of the 

perturbing the temporal parameters on values of ρev produced by each simulation.  Recall that 

each of the temporal parameters reflects the occurrence of precipitation events only, not the 

occurrence of specific amounts, extreme events, or the overall spatial structure of 

precipitation.  Therefore, the perturbation of these temporal parameters only influences the 

structure of precipitation events.  This influence becomes apparent when the results from 

Tables 4.4 and 4.8 are compared to the results from Table 4.9.  Tables 4.4 and 4.8 shows that 

the error of π, γ, and P01 is smaller than the Control, and the LWR-MOM and LWR-DFIT 

simulations offer larger improvements for each parameter compared to the remaining 

simulations.  Table 4.9 shows that the difference between the each simulation and the Control 

for the RMSE of ρev is smaller for the LWR-DFIT and LWR-MOM simulations.  This similar 

pattern between the temporal parameters and ρev indicates that, in absence of perturbing the 

spatial structure, downscaling variations which have lower error for the temporal parameters 

of precipitation will better replicate the spatial structure of precipitation events when GiSTR 

is used.  This same result also applies to GiST, since it also makes use of the same orthogonal 

Markov chain and 1st order Markov probabilities for generating precipitation events.  

However, since the Markov transition probabilities are not used for generating precipitation 

amounts, the RMSE of ρam for all simulations is not significantly different from the Control, 

with the exception of the AW-DFIT variation.   

Finally, as described in Chapter 2, GiSTR includes a separate section for extreme 

event generation, which follows the same structure as the regular event generation found in 

GiST and GiSTR.  Therefore, GiSTR includes another set of 1st order and orthogonal Markov 
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probabilities specifically for generating extreme events.  Following the downscaling 

procedure for precipitation events, everything related to the spatial structure of extreme 

events was not perturbed, but the 1st order Markov probabilities for extreme events were 

perturbed.  The T-test results on the Markov transition probabilities for extremes, 

summarized in Table 4.11, indicates that the RMSE of each transition probabilities for the 

extremes for the LWR-DFIT and AW-DFIT was significantly larger than the LWR-MOM 

and AW-MOM simulations.  The impact of the 1st order transition probabilities for extremes 

is corroborated by T-test results comparing each simulation to the Control summarized in 

Table 4.12.  While there is no significant difference between each simulation and the Control 

for RMSE of ρex, the difference from the Control for this parameter is larger for the LWR-

DFIT and AW-DFIT than the remaining simulations.  This suggests a similar impact on 

values of ρex by the perturbation of the transition probabilities of extreme events as the impact 

of the normal Markov transition probabilities on values of ρev.   

 

4.1.3. Precipitation Amount Parameters 
 

While the error of each simulation for most of the previous parameters are not 

significantly different from each other or from the Control, there are more distinct results for 

values of µ, σ2, E[S(T)], and Var[S(T)].   

 

4.1.3.1. Mean Daily Nonzero Precipitation (µ) 
 

Each simulation shows unique results for the error of the mean daily nonzero 

precipitation (µ).  First, the LWR-MOM and LWR-DFIT variations have larger RMSE for 

this parameter compared to the other variations.  The average RMSE for LWR-MOM, AW-

DFIT, LWR-DFIT, and AW-MOM is 5.35, 3.78, 5.25, and 4.21 mm respectively.  The 

LWR-MOM and LWR-DFIT variations also have the larger RMSE for every month than 
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other simulations, with the peak RMSE occurring in July through September, as shown by 

the RMSE comparison for each month in Figure 4.4.   

The two-sample T-test result comparing each simulation, summarized in Table 4.13, 

indicates that the RMSE for LWR-MOM and LWR-DFIT is significantly larger than AW-

DFIT and AW-MOM.  The other combinations for this test, LWR-MOM versus LWR-DFIT 

and AW-DFIT versus AW-MOM, show no significant difference in RMSE.  While there are 

significant differences in the RMSE of µ between individual simulations, the results of the 

two-sample T-test of each simulation against the Control (summarized in Table 4.14) 

indicate that every simulation has a significantly larger RMSE than the Control. 

While there are significant differences between simulations shown by the two-sample 

T-tests for the RMSE of µ, there are also several interesting spatial patterns in the error of 

generated values of µ for each simulation.  Consider as an example the error of µ across the 

domain for several months for each simulation.  The error of µassociated with each station 

for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) in January, shown in 

Figure 4.5.  This comparison indicates that each variation has a tendency to overestimate 

values of µ in western Pennsylvania, eastern Ohio, and West Virginia. However, Figure 4.5c 

also shows that the LWR-DFIT overestimates by 7 mm or more in the northeastern tip of the 

domain, while underestimating less in Alabama and Georgia than other simulations.  This 

suggests that the RMSE of µ for LWR-DFIT is lower in the Carolinas, Alabama and Georgia 

than the RMSE for the entire domain in January (3.87 mm).   

Figure 4.6 shows the error of µ for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 

and AW-DFIT (d) for June.  For this month, LWR-MOM (Figure 4.6a) and LWR-DFIT 

(Figure 4.6c) show a distinct tendency to underestimate values of µ in the western Carolinas.  

In addition, the LWR-MOM (Figure 4.6a), AW-DFIT (Figure 4.6b), and AW-MOM (Figure 

4.6d) show a tendency to overestimate by more than 7 mm in Florida, while the LWR-DFIT 

(Figure 4.6c) overestimates by less than 2 mm for much of the same region.  However, 

LWR-DFIT also overestimates µ by over 7 mm along the coast of the Carolinas and Georgia 

and underestimates values of µ by 4 to 7 mm in the Northeastern portion of the domain.  

September also shows some trends in the error of µ for both LWR-MOM and LWR-DFIT.   
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Finally, Figure 4.7 shows the error of µ for LWR-MOM (a), AW-DFIT (b), LWR-

DFIT (c), and AW-MOM (d) for all stations in the domain for September.  Both LWR-MOM 

(Figure 4.7a) and LWR-DFIT (Figure 4.7c) overestimate in the northeastern portion of the 

domain.  However, while both overestimate in the same area, LWR-DFIT overestimates in 

this area by 18 to 24 mm and LWR-MOM overestimates by 8 to 12 mm.  In addition, while 

there are these overestimates, LWR-DFIT seems to provide a better estimate across the 

central portion of the domain than the LWR-MOM, with the exception of the western 

Carolinas.  While each of the LWR simulations shows some improvements in this month, it 

is apparent that both of the AW simulations provide the best estimate of µ during September 

in most of the domain.  The spatial pattern between simulations demonstrated by the error of 

µ for January is common for most months across the domain, and the patterns shown in June 

and September also exists for July and August.  Therefore, for months other than June 

through August it is likely that the RMSE for µ in the Carolinas, Georgia, Alabama, and 

Tennessee is less than the RMSE for the entire domain for LWR-DFIT.  However for June 

through September, AW-DFIT provides the best estimate of µ across the same states. All 

four simulations also overestimate µ in June and September in Florida, which is consistent 

with the previous results for the evaluation of GiSTR in Chapter 3. 

Both LWR-MOM and LWR-DFIT make use of LWR for the interpolation of 

parameters to GCM grid points, and both provide underestimates or overestimates of µ in the 

northeast corner of the domain.  However, the maximum over- or underestimation occurs in 

different months between these two simulations; April for LWR-MOM and September for 

LWR-DFIT.  Simulations AW-DFIT and AW-MOM, which make use of AW for the 

parameter interpolation to GCM grid points, do not show the same spatial pattern in this 

domain.  Regardless of the patterns (both seasonal and spatial) shown by these results, it is 

apparent that the AW-DFIT has the lowest error for values of µ.  Therefore, in seasonal 

forecasting and those studies of near-term climate trends, and for crop modeling in the same 

time periods, AW-DFIT is the recommended variation given that provides the most accurate 

values of the mean daily nonzero precipitation. 
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4.1.3.2. Variance of the Daily Nonzero Precipitation (σ2) 
 

While the RMSE comparison for values of µ indicates that AW-DFIT shows the 

smallest error over the entire domain, the error for the variance of the daily nonzero 

precipitation (σ2) does not follow the same pattern.  For the entire domain, the LWR-MOM 

and AW-MOM have smaller RMSE for values of σ2 than the other simulations.  The average 

RMSE for LWR-MOM, AW-DFIT, LWR-DFIT, and AW-MOM is 127.44, 150.28, 130.32, 

and 127.30 mm2 respectively.  Comparing the RMSE of σ2for all months, shown in Figure 

4.8, it is apparent that the RMSE is smaller for LWR-MOM and AW-MOM in every month 

than other simulations, and the peak RMSE for each variation is in April, September, and 

October.  The results of the two-sample T-tests between each simulation, summarized in 

Table 4.15, indicate that there is no significant difference in the RMSE of σ2 between 

downscaling simulations.  In addition, it is also apparent that the average RMSE is larger for 

the LWR-DFIT and AW-DFIT variations than the LWR-MOM and AW-MOM variations.  

While not a significant difference, this result suggests that using the MOM to estimate 

gamma parameters improves error with regards to σ2 in the domain.  Finally, the T-test 

results comparing the RMSE of each simulation to the Control, summarized in Table 4.16, 

shows that the RMSE is significantly larger than the Control for all simulations except the 

LWR-MOM simulation.   

The RMSE comparison for each month, shown in Figure 4.8 highlights the months 

with peaks in the error of each downscaling simulation to be April and October.  Figure 4.9 

shows the error of σ2 for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) 

for all stations in the domain in April.  For April, each downscaling simulation 

underestimates values of σ2 by up to 300 mm2 in most of the domain.  However, there are 

several stations where each simulation underestimates values of σ2 by more than 500 mm2, 

primarily in Alabama and western Florida.  Figure 4.10 shows the error of σ2 for LWR-MOM 

(a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for all stations in the domain in 

October.  In October, there is a similar pattern where each simulation has underestimated in 
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most of the domain by 300 mm2 or less and several locations where the underestimation is 

greater than 500 mm2 along the northern Gulf Coast.   

Regardless of which stations are underestimated, it is also evident that for those 

stations the underestimation of σ2is largest for AW-DFIT (up to 1300 mm2) and AW-MOM 

(up to 1500 mm2) in both April and October compared to the LWR-MOM (up to 1100 mm2) 

and the LWR-DFIT (up to 1100 mm2).  This trend was also common for most other months, 

suggesting that while the AW interpolation produces more accurate values of µ in 

downscaling with weather generators, the LWR interpolation produces more accurate values 

of σ2for the most stations.  However, while LWR-MOM and LWR-DFIT may have less error 

for values of σ2, there is no significant difference in the RMSE between downscaling 

simulations.  Given that the LWR-MOM variation has the fewest number of stations where 

σ2 is underestimated by more than 500 mm2, has one of the lowest average RMSE, and the 

RMSE for the LWR-MOM is not significantly different to the Control, the LWR-MOM 

variation has the lowest error for values of σ2.   

 

4.1.3.3. Average Total Precipitation (E[S(T)]) 
 

The average total precipitation (E[S(T)]) was shown in Chapter 2 (Equation 2.7) to be 

directly related to the mean daily nonzero precipitation (µ), and the pattern of error between 

each downscaling variation is very similar to the results shown in Section 4.1.3.1.  The AW-

DFIT variation has the smallest RMSE, which is consistent with the results in Section 

4.1.3.1.  The average RMSE of E[S(T)] for LWR-MOM, AW-DFIT, LWR-DFIT, and AW-

MOM is 65.73, 44.47, 64.61, and 52.50 mm respectively.  Figure 4.11 shows a comparison 

of the RMSE of E[S(T)] for all months for each simulation.  From this comparison, it is 

apparent across all months LWR-MOM and LWR-DFIT have larger RMSE for values of 

E[S(T)] than other simulations while AW-DFIT has the smallest RMSE.  Testing the RMSE 

of each simulation against every other simulation, the T-test results, presented in Table 4.17, 

show similar to results to the T-tests for µ.  The two-sample T-test between simulations 

shows that the RMSE for LWR-DFIT and LWR-MOM for E[S(T)] is significantly larger 
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than the RMSE for AW-DFIT, but not significantly larger than the RMSE for AW-MOM.  

These results are all similar to the results presented in Section 4.1.3.1 and these similarities 

demonstrate the relationship between µ and E[S(T)].  In addition, the two-sample T-tests for 

the RMSE for each simulation against the Control, summarized in Table 4.18, shows that the 

RMSE of simulations LWR-DFIT and AW-MOM are significantly larger than the Control.  

However, the RMSE for E[S(T)] for AW-DFIT and LWR-MOM are not significantly 

different compared to the Control. 

The results for the evaluation of E[S(T)] follow a similar result to the evaluation of µ 

for each simulation.  Therefore, the result from Chapter 3 (that GiSTR overestimates 

E[S(T)]) , that each downscaling simulation has a larger RMSE than the Control, and that 

each overestimates µ suggests that each downscaling simulation generally overestimates 

E[S(T)] by a larger amount than the Control.  In addition, the RMSE of E[S(T)] for AW-

DFIT and AW-MOM is on average less than the RMSE for LWR-MOM and LWR-DFIT.  

This indicates that the AW interpolation provides more accurate values of E[S(T)] for most 

stations when used in downscaling.  This is also consistent with the results for values of µ.  

This also emphasizes the earlier result presented in Section 4.1.3.1, that AW-DFIT is 

recommended for forecasts for situations where normal precipitation is anticipated on the 

large scale.   

 

4.1.3.4. Inter-annual Variability (Var[S(T)]) 
 

While the results for the average total precipitation (E[S(T)]) and mean daily nonzero 

precipitation (µ) are similar, the results for the inter-annual variability (Var[S(T)]) and the 

variance of daily nonzero precipitation (σ2) are not.  The AW-MOM variation has the 

smallest RMSE for values of Var[S(T)].  The average RMSE of LWR-MOM, AW-DFIT, 

LWR-DFIT, and AW-MOM is 2342.17, 1936.38, 2321.12, and 1846.90 mm2 respectively.  

The RMSE comparison between simulations for each month, shown in Figure 4.12, indicates 

that the RMSE for LWR-MOM and LWR-DFIT is larger, and the RMSE for AW-DFIT and 

AW-MOM is smaller.  The comparison also shows that the peak RMSE for each simulation 
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is in August through September.  The T-test results comparing the RMSE between 

simulations, summarized in Table 4.19, are in contrast to the T-test results for σ2.The two-

sample T-test indicates that LWR-MOM and LWR-DFIT have a significantly larger RMSE 

for Var[S(T)] than  AW-MOM.  However, the testing also shows that the RMSE for other 

simulations are not significantly different.  This is contradictory to the results presented in 

Section 4.1.3.2, which indicates no significant difference in the RMSE between simulations 

for values of σ2.  The two-sample T-test results comparing each simulation to the Control for 

Var[S(T)] are shown in Table 4.20.  The RMSE of Var[S(T)] for each downscaling 

simulation is significantly larger than the RMSE for the Control, which is consistent with the 

results for σ2. 

As shown by Equation 2.8, Var[S(T)] is dependent on both µ and σ2.  Therefore in 

cases where the RMSE of µ is larger for LWR-MOM and LWR-DFIT, this will contribute 

most to the RMSE of Var[S(T)] for those same simulations.  Given that the error of µ for  

LWR-MOM and LWR-DFIT can be more than 7 mm for some stations, and that RMSE of σ2 

is not significantly different between simulations, the RMSE of µ has the largest effect on the 

RMSE of Var[S(T)] for the domain.  However, given that some simulations provide better 

estimates of µ and σ2in certain areas of the domain, it is possible that for specific states in the 

domain the simulations may have better values of the RMSE of each of these parameters. 

   

4.1.4. Probability Distribution Function Analysis 
 

The statistical comparison shows that all four simulations have significantly larger 

RMSE for most parameters than the Control.  In addition the evaluation also shows that  

AW-DFIT and AW-MOM produce significantly more accurate values of the µ and E[S(T)] 

than  LWR-MOM and LWR-DFIT, with no significant difference in the RMSE between 

simulations for σ2, and some significant differences for Var[S(T)].  However, the PDFs 

produced by each downscaling simulation vary significantly across the domain and for 

individual months.  For example, consider the PDFs produced by each variation for several 

stations across the domain in January. Figure 4.13 shows the PDF generated by LWR-MOM 
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(a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) compared to the observed PDF for 

station 083163 in Ft. Lauderdale, FL in January.  It is apparent that LWR-MOM (Figure 

4.13a) best matches the observed PDF of nonzero precipitation for this station.    Recall from 

Chapter 2 that GiST and GiSTR both contain a capping value for every station in every 

month at 110% of the average maximum daily precipitation for that month and station in 

order to prevent unrealistically large values from occurring.  The remaining three 

downscaling simulations have a tendency to hit this capping value on high precipitation 

events for this station more than LWR-MOM, and hit the cap most frequently for LWR-

DFIT (Figure 4.13c). In contrast, for stations in North Carolina all the downscaling 

simulations tend to produce the PDF of observed nonzero precipitation similar to the Control.  

For example, the PDF comparison to the observed PDF for LWR-MOM (a), AW-DFIT (b), 

LWR-DFIT (c), and AW-MOM (d) for station 311975 in Concord, NC in January, shown in 

Figure 4.14, indicates that each simulation tends to replicate most of the observed PDF.  

While all the downscaling simulations provide a good fit to the observed PDF, LWR-DFIT 

(Figure 4.14c) provides the best fit for this station and others in North Carolina.  This also in 

contrast to the PDFs produced for stations in New Jersey, in the northeast corner of the 

domain.  Recall from Figure 4.3 that the values of µ in this area in January were 

overestimated by more than 7 mm by LWR-DFIT.  Comparing the generated PDFs for 

LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) to the observed PDF for 

station 283516 in Greenwood Lake, NJ in January, shown in Figure 4.15,indicates that the 

cap is present for all the simulations. However, LWR-DFIT (Figure 4.15c) fails to capture 

the PDF for lower precipitation amounts where the remaining simulations do capture the 

PDF for these amounts.  Regardless of the fact that each simulation hits the cap that is 

inherent to GiSTR, this analysis indicates that LWR-DFIT overestimates values of µ because 

it fails to produce enough low intensity precipitation events.  That is, LWR-DFIT generates 

more heavy precipitation for this station than the other downscaling simulations, which 

causes the drastic overestimation of µ in this region.   

For September, the comparison of PDFs for the same stations also shows some 

unique patterns as the comparison in January.  Figure 4.16 shows a comparison of the PDFs 
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generated by LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) compared 

to the observed PDF for station 083163 in Ft. Lauderdale, FL in September.  Every 

downscaling simulation fails to capture smaller precipitation amounts, resulting in an 

overestimation of µ by all downscaling simulations for this station in September.  This result 

is consistent for all the stations in Florida where µ is overestimated by over 7 mm, which is 

caused by GiSTR implementation in estimating heavy precipitation events as discussed in 

Chapter 3.  Figure 4.17 compares the PDF produced by LWR-MOM (a), AW-DFIT (b), 

LWR-DFIT (c), and AW-MOM (d) to the observed PDF for station 311975 in Concord, NC 

in September.  For this example, each of the downscaling simulations in September produces 

PDFs which capture most of the observed PDF.  However, while each simulation captures 

most of the observed PDF of nonzero precipitation, LWR-DFIT (Figure 4.17c) best captures 

the PDF with the exception of the overestimation of precipitation at the cap.  These patterns 

in the PDFs produced for station 311975 are similar for most stations in North Carolina.  

This suggests that while LWR-DFIT seems to hit the built in cap more frequently, it is still 

able to capture most of the PDF for stations in North Carolina.  This is turn leads to better 

estimates of µ in North Carolina compared to the LWR-MOM in September.  Finally, for 

stations in the northeast corner of the domain, the differences between simulations are clear 

for these stations.  As an example consider the PDFs produced by LWR-MOM (a), AW-

DFIT (b), LWR-DFIT (c), and AW-MOM (d) compared to the observed PDF in September 

for station 283516 in Greenwood Lake, NJ, shown in Figure 4.18.  LWR-MOM (Figure 

4.18a) and LWR-DFIT (Figure 4.18c) fail to capture low precipitation amounts and cause 

precipitation to occur too frequently at the cap for this station.  Similarly to the Florida 

stations, the failure of the LWR-MOM and LWR-DFIT to capture the PDF and overestimate 

the frequency of values at the cap (which is common to all stations in the northeast corner for 

both simulations) causes values of µ in this area to be overestimated by 8 to 12 mm for 

LWR-MOM and 20 to 24 mm for LWR-DFIT.  As mentioned in Chapters 2 and 3, the 

capping value for each of these locations is common to both GiST and GiSTR, which is used 

to prevent unrealistic values of precipitation from being produced by either generator.  As 

noted in Chapter 3, GiSTR hits this cap more frequently than GiST, which contributes to the 
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RMSE of all the precipitation amount parameters.  However, the error caused by the GiSTR 

generation process and capping value does not cause values of µ to be overestimated as much 

as when any downscaling variation is used.  In situations where the simulation used does not 

capture the frequency of small precipitation amounts and overestimates the frequency of 

precipitation at the capping value, the result is an overestimation of values of µ which also 

causes values of E[S(T)] to be overestimated.  These results suggest that while GiSTR and 

the downscaling simulations both contribute to the RMSE of different precipitation amount 

parameters, removing or adjusting the capping value will likely improve the RMSE of these 

parameters by allowing large precipitation amounts to occur.  In addition, in the northeastern 

corner of the domain the overestimation of µ resulting from failing to capture the frequency 

of small precipitation amounts only occurs for LWR-MOM and LWR-DFIT.  While this 

occurs for more months for LWR-DFIT, both simulations make use of the LWR 

interpolation, suggesting that errors in this area are the result of the parameter interpolation 

more than the moment estimation.   

 

4.1.5. Dry and Wet Spell Frequency Analysis 
 

While there are several clear differences in the PDFs produced by each downscaling 

simulation for various locations in the domain, there are little differences in the frequency of 

the various dry and wet spells produced by each downscaling simulation.  Regardless of the 

month considered, each downscaling simulation produces similar results to every other 

downscaling simulation.  In every Markov chain generator those parameters that are used in 

precipitation event generation also control the frequency of dry and wet spells.  Therefore, 

the similarities of the dry and wet spell frequencies between downscaling simulations is 

consistent with earlier testing which indicated no significant difference in the RMSE of P11, 

P01, π, and γ between downscaling simulations.  While the dry and wet spell frequencies are 

similar between downscaling simulations, there are some differences between the observed 

dry and wet spell frequencies.  Figure 4.19 shows the observed frequency of wet spells of 

various lengths for January (a) compared to those generated by LWR-MOM (b), AW-DFIT 
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(c), LWR-DFIT (d), and AW-MOM (e) for all stations in the domain.  For wet spells in 

January, each downscaling simulation slightly underestimates one-day wet spells and slightly 

overestimates two-day wet spells.  Figure 4.20 shows the observed frequency of dry spells of 

various lengths for January (a) compared to those generated by LWR-MOM (b), AW-DFIT 

(c), LWR-DFIT (d), and AW-MOM (e) for all stations in the domain.  Similarly to the 

January wet spells, for dry spells in January each downscaling simulation slightly 

overestimates one- and two-day dry spells.  For both the wet and dry spell frequencies each 

simulation accurately captures the frequency of spells that are three days and longer.   

Figure 4.21 shows the observed frequency of wet spells of various lengths for July (a) 

compared to those generated by LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d), and AW-

MOM (e) for all stations in the domain.  For July wet spells, each downscaling simulation 

show very little difference from the observations.  Figure 4.22 shows the observed frequency 

of dry spells of various lengths for July (a) compared to those generated by LWR-MOM (b), 

AW-DFIT (c), LWR-DFIT (d), and AW-MOM (e) for all stations in the domain.  This 

comparison shows a similar pattern to wet spells in July, indicating very little difference 

between simulated and observed frequencies of dry spells regardless of length.  This pattern 

of minor differences between observed and generated dry and wet spell frequencies is also 

consistent with the earlier testing on the RMSE of P11, P01, π, and γ between each 

downscaling simulation and the Control.  The earlier testing indicated that the RMSE for 

several of these parameters for several downscaling simulations is not significantly different 

from the Control.  Therefore the dry and wet spell frequencies simulated by each 

downscaling simulation have equivalent or smaller error than the dry and wet spell 

frequencies simulated by the Control.   

Each of the analyses as part of this evaluation focuses on the difference between 

downscaling simulations across the Southeast U.S.  Each variation shows a tendency to be 

more accurate for specific parameters.  Given this result, there is at least one conclusion 

evident from this analysis.  For most parameters reflecting precipitation occurrence, spatial 

structure and amounts, every other downscaling variation had more accuracy than the 

traditionally used AW-MOM variation.  Of the three variations remaining, the LWR-MOM 
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variation best captures most parameters including spatial structure, temporal parameters and 

the variance of daily nonzero precipitation.  However, given that the previous chapter 

evaluates individual weather generators outside of a downscaling context, the next section 

presents a comparison of two weather generators used in downscaling to determine which 

patterns from Chapter 3 remain between generators used for downscaling.   

 

4.2. Weather Generator Comparison - Downscaling Context 
 

In the previous section, the generator used to downscale was held constant in order to 

evaluate the effect of four different combinations of the two assumptions used in 

downscaling with weather generators.  This section will return the weather generator 

evaluation in the context of downscaling.  WGEN and GiSTR are used to downscale CFSR 

data for the same period as in the previous section (1979-2000) and for the same set of 

stations.  WGEN is used in this analysis since it is often used as a standard for building other 

Markov chain weather generators.  GiSTR is used for this analysis since the results of 

Chapter 3 indicate that it better replicates the variability associated with extreme events than 

WGEN, which is a historical program for most generators (Wilks and Wilby, 1999).  For this 

analysis each downscaling assumption is fixed to one technique.  Given that it has the 

smallest error for most parameters, the LWR is used to interpolate the observed weather 

generator parameters to each CFSR grid point and the MOM is used to determine the values 

of the gamma distributions used by each generator.  Therefore, please note that the GiSTR 

downscaling simulation in this section is the same as LWR-MOM in Section 1.  As with the 

previous section each generator has the observed parameter perturbed through the scaling 

relationship using the two fixed assumptions, each with a 30-member ensemble.  This section 

focuses on whether the results shown in Chapter 3 are similar when each generator is applied 

in the context of downscaling.  
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4.2.1. Temporal Parameters 
 

Comparing the 1st order Markov transition probabilities (P01 and P11) produced by 

each generator in a downscaling context between generators shows a different result for the 

same comparison outside a downscaling context.  Table 4.21 shows a comparison of the 

RMSE of P01 and P11 between the WGEN and GiSTR simulations for each month.  For P01, 

the RMSE for the WGEN simulation is similar to the GiSTR simulation on average and for 

every month.  The RMSE for WGEN, while similar to GiSTR, is also larger than the RMSE 

for the GiSTR simulation for most months by up to 0.031.  In contrast, for P11 the RMSE for 

the WGEN simulation is larger than the GiSTR simulation on average and for every month.  

Though there is no seasonal trend in the RMSE for either simulation, the RMSE for WGEN 

is larger than GiSTR by up to 0.24 for most months.   

The results of the error comparison for the 1st order Markov probabilities are 

consistent with the results of the error comparison for the unconditional probability of rain 

(π) and persistence (γ).  Table 4.22 shows a comparison of the RMSE of π and γ between the 

WGEN and GiSTR simulations for each month.  First, for values of π, the WGEN simulation 

has the largest RMSE on average and across every month in the domain.  Similarly to the 

results for P11, the RMSE of π for the WGEN simulation is larger than the GiSTR simulation 

by up to 0.23 for every month, with no seasonal trend in the RMSE for either simulation.  

The RMSE for values of γ also shows a similar pattern to the results for P11.  The WGEN 

simulation has a larger average RMSE for this parameter than the GiSTR simulation.  In 

addition, the RMSE of the WGEN simulation is larger for every month by up to 0.18, with no 

seasonal trend in the RMSE for either simulation.   

Given that the direct relationship between P01, P11, π, and γ described in Chapter 2 

(Equations 2.5 and 2.6), the RMSE of P01 and P11 produced by each of these downscaling 

simulations influences the RMSE of π and γ through this relationship.  Therefore, since the 

RMSE of P01 and P11 in WGEN increases when used for downscaling, the RMSE of π and γ 

also increases. These results are in contrast to the results presented in Chapter 3, where 

WGEN was shown to have smaller error than GiSTR for each of these parameters.  Testing 
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the difference in the RMSE between the WGEN simulation and the GiSTR simulation also 

shows several interesting results.  The two-sample T-test results for each parameter, 

summarized in Table 4.23, indicate that the RMSE of P11, π, and γ is significantly larger for 

WGEN than GiSTR.  This result is different than the results presented in Chapter 3, where 

WGEN had significantly smaller RMSE for all these parameters in the same domain.  

Therefore, this indicates that applying WGEN in downscaling causes an increase in the 

RMSE for these parameters and causes a decrease in the RMSE for these parameters for 

GiSTR.  However, it is important to note that this comparison only uses one of the four 

combinations of the downscaling assumptions discussed in Section 1.  Therefore, further 

simulations with the other combinations of downscaling assumptions are needed to confirm if 

these results are common across all assumptions, or if WGEN is sensitive to the choice of 

downscaling variation.  

 

4.2.2. Spatial Structure Parameters 
 

Following the approach presented in Section 4.1.2, the spatial structure was not 

directly perturbed by the downscaling variation used in either WGEN or GiSTR.  While the 

previous discussion highlighted how the spatial structure produced by GiSTR could still be 

impacted by the perturbation of the temporal parameters, the same influence does not apply 

to the WGEN simulation.  Since WGEN does not consider both the spatial and temporal 

structure of precipitation in the event generation process, the perturbation applied to the 

temporal parameters has no influence on the spatial structure produced by WGEN.  In 

contrast to the results for P01, P11, π, and γ, the results for the spatial structure are consistent 

to the results presented in Chapter 3.  Figure 4.23 shows the RMSE of each simulation for the 

correlation matrix of precipitation (a, ρ), the correlation matrix of precipitation events (b, 

ρex), the correlation matrix of precipitation amounts (c, ρam), and the correlation matrix of 

precipitation extreme events (d, ρex) for all months.  Regardless of the parameter consider, the 

RMSE of the spatial structure for WGEN is larger than the RMSE for GiSTR.  Figure 4.24 

shows the observed average decay function correlogram compared to those created by each 
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simulation for precipitation (a), precipitation events (b), precipitation amounts (c), and 

precipitation extreme events (d) for January.  Similarly to the results in Section 3.2.2, GiSTR 

better replicates the observed correlogram  than WGEN for all four situations, but best 

replicates the observed correlogram for precipitation events (Figure 4.24b).  The results for 

July also show similar results to the generator comparison in Section 3.2.2.  Figure 4.25 

shows the observed average decay correlogram compared to those  created by each 

simulation for precipitation (a), precipitation events (b), precipitation amounts (c), and 

precipitation extreme events (d).  As with January, the correlograms generated by the GiSTR 

simulation better replicate the observed correlogram  than WGEN for all four parameters.  

However, GiSTR best replicated the observed correlogram for precipitation amounts (Figure 

4.25c).  As mentioned in Section 3.2.2, the observed correlogram decreases more rapidly 

with distance in summer months compared to winter months because of the influence of 

isolated convection during summer.  The rapid decrease in the observed correlogram allows 

the WGEN simulation to better replicate the observed correlogram for stations more than 

500km apart.   However, the two-sample T-test on the RMSE of each correlation matrix for 

each downscaling simulation, summarized in Table 4.24, indicates that the RMSE for WGEN 

is significantly larger than GiSTR for every parameter.  These results are consistent with the 

results presented in Chapter 3 and with the correlograms produced by each simulation, which 

is expected since the spatial structure was not directly affected by the parameter perturbation 

applied in the downscaling process with either weather generator.  The RMSE for each 

spatial structure parameter for the WGEN simulation was tested against the RMSE for each 

spatial structure parameter produced by WGEN used outside of a downscaling context (that 

is, the RMSE of WGEN shown in Section 3.2.2).  The results of this additional analysis show 

that the RMSE for each spatial structure parameter in this WGEN simulation is not 

significantly different from the RMSE of the spatial structure parameters presented in 

Chapter 3 (p-values > 0.33).  This result is expected since WGEN does not consider the 

spatial structure during the event generation process, which indicates that the perturbation 

process applied to the temporal parameters of WGEN does not impact the spatial structure.  
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4.2.3. Precipitation Amount Parameters 
 

For the precipitation amount parameters (µ, σ2, E[S(T)], and Var[S(T)]) comparing 

the downscaling simulations of WGEN and GiSTR also shows significantly different results 

between generators than described in Section 3.2.3.   

 

4.2.3.1. Mean Daily Nonzero Precipitation (µ) 
 

In Section 3.2.3.1, WGEN is shown to have smaller error that GiSTR for values of 

the mean daily nonzero precipitation (µ) across the domain.  However, when used in a 

downscaling simulation, the error for values of µ is larger for WGEN than GiSTR.  The 

average RMSE of µ for WGEN and GiSTR is 5.93 and 5.35 mm respectively.  The 

comparison of the RMSE across all months, shown in Figure 4.26, indicates that the RMSE 

of µfor WGEN downscaling simulation is similar to the RMSE for the GiSTR downscaling 

simulation except in certain months.  In April, the RMSE for WGEN is 19.5 mm, while in 

June, July and August the RMSE for WGEN is less than 3 mm. While the RMSE difference 

between WGEN and GiSTR in June, July and August reflects the results in Chapter 3, the 

RMSE difference for April suggests that there may be a few stations where the value of µ is 

unrealistically overestimated or underestimated in the domain.  Figure 4.27 shows the 

difference between the WGEN simulated values of µ and the observed values for each station 

in April.  The WGEN simulation has a tendency to overestimate values of µ by more than 7 

mm in the northeast corner of the domain and in coastal Georgia.  The tendency to 

overestimate in the northeast corner of the domain is common to both simulations.  However, 

the actual difference between the simulated and observed values for WGEN is between 30 

and 50 mm in this region, while GiSTR overestimates in the same region by 14 to 22 mm.  

The overestimation for the coastal stations in Georgia in April is also common to both 

simulations, but the WGEN simulation overestimates values of µ for these stations by more 

than 180 mm and the GiSTR simulation overestimates by between 20 to 40 mm.  The fact 

that the WGEN simulated values of µ have an error 350% larger than the GiSTR simulation 
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for these stations, it is possible that the RMSE of this month for the WGEN simulation 

(which > 200% larger than the average RMSE) is the result of the overestimation at these 

stations.  This result is in consistent with results from Section 3.2.3.1, which indicates that 

WGEN has a smaller RMSE than GiSTR when used outside of a downscaling context. 

 

4.2.3.2. Variance of Daily Nonzero Precipitation (σ2) 
 

The results from Section 3.2.3.2 indicate that WGEN has a higher error for the 

variance of the daily nonzero precipitation (σ2) than GiSTR outside of a downscaling context.  

When used for downscaling, WGEN still has higher error than GiSTR for values of σ2.  The 

average RMSE of σ2 for WGEN and GiSTR is 268.74 and 127.44 mm2 respectively.  Figure 

4.28 compares the RMSE of each simulation across all months in the domain.  In a similar 

result to the comparison for the RMSE of µ, the RMSE of each simulation for values of σ2 is 

similar between simulations for all months, except September, March and July.  Given that 

the RMSE for the WGEN simulation is up to 320% larger than the average RMSE for these 

months, it is possible that the RMSE for these months is the results of large overestimations 

or underestimations for individual stations.  Figure 4.29 shows the difference between the 

simulated and observed values of σ2 for the WGEN simulation for September.  The 

difference between the generated and observed values of σ2 in September shows that WGEN 

simulates values of σ2 within 500mm2 of the observed values.  However, there are several 

stations on the Gulf Coast of Florida where WGEN overestimates by over 300 mm2.  The 

exact error of the WGEN simulation for each of these stations is over 3500 mm2, while the 

GiSTR simulation overestimates values of σ2 for the same stations in September by less than 

500 mm2.  This particular tendency was also common to the months of March and July, 

suggesting that the RMSE of the WGEN simulation for these months is the result of 

unrealistic values of σ2 for these stations.  Given the result for WGEN in this section and the 

previous section, the RMSE of µ and σ2 for the WGEN simulation may be improved by 

removing these outlying values. 
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4.2.3.3. Average Total Precipitation (E[S(T)]) 
 

The results for the error of the average total precipitation (E[S(T)]) are similar to the 

results for the mean daily nonzero precipitation (µ).  The WGEN simulation has the higher 

error for E[S(T)] than the GiSTR simulation.  The average RMSE of E[S(T)] for the WGEN 

and GiSTR downscaling simulations is 79.73 and 65.73 mm respectively.  The comparison of 

the RMSE between simulations across all months, shown in Figure 4.30, indicates that the 

RMSE of each generator is similar for most months.  However, for April the RMSE of the 

WGEN simulation is 222.72 mm, while the GiSTR simulation has a RMSE less than 71.78 

mm.  Following the relationship between µ and E[S(T)], described in Chapter 2 (Equation 

2.7), the RMSE of E[S(T)]for the WGEN simulation in April is related to the RMSE of µ for 

the same simulation. That is, the high error of µ for the WGEN simulation at individual 

stations also contributes the RMSE of E[S(T)] for the month of April and the increase in the  

average RMSE. Therefore, removing those stations where the WGEN simulation produces 

unrealistically high values of µ will likely improve the error of the WGEN simulation for 

both µ and E[S(T)].  However, the current results for this parameter are in contrast to the 

results presented in Chapter 3, which indicate that WGEN had a lower error than GiSTR 

outside of a downscaling context.   

 

4.2.3.4. Inter-annual Variability (Var[S(T)]) 
 

Given the relationship between the inter-annual variability (Var[S(T)]),the mean daily 

nonzero precipitation (µ), and the variance of the daily nonzero precipitation (σ2), the error 

comparison in this section shows that the error of the WGEN simulation is larger for 

Var[S(T)] than for the GiSTR simulation. The average RMSE of WGEN and GiSTR is 

11032.19 and 2314.74 mm2 respectively.  Figure 4.31 shows the RMSE of the WGEN and 

GiSTR simulations for every month.  The comparison of these values indicates that each 

simulation has similar RMSE for all month except April and September.  In April and 

September the RMSE for the WGEN simulation is over 137% larger than the average RMSE 



 

174 

for the WGEN simulation, and over 850% larger than the RMSE of the same months for the 

GiSTR simulation.  In each of these months, the RMSE of µ and σ2 for the WGEN 

simulation was also much larger than the average RMSE for that simulation.  Given the 

direct relationship between these two parameters and Var[S(T)], along with the earlier 

discussion regarding the error for individual stations, it is apparent that outlying error values 

for both µ and σ2 caused the RMSE of Var[S(T)] for the WGEN simulation to also be 

unrealistically large in April and October.  Therefore, it is likely that removing these outlying 

stations for both µ and σ2 will improve the RMSE of Var[S(T)] for the WGEN simulation.  

Regardless of this result, the error comparison presented in this analysis shows a similar 

result to those presented in Chapter 3.  While the error of each simulation for each of the 

amount parameters shows specific results, the two-sample T-test results, summarized in 

Table 4.25, indicates that there is no significant difference in the RMSE of each parameter 

between each generator.  

  

4.2.4. Probability Distribution Function Analysis 
 

While the RMSE of most parameters between each downscaling simulation is similar, 

the RMSE for most parameters increases between WGEN when not applied to downscaling 

(Chapter 3) and the WGEN downscaling simulation.  This increase is what causes GiSTR 

and WGEN to have comparable accuracy when used for downscaling.  However, the 

questions remains as to why the WGEN simulation errors for µ and σ2 which are much larger 

for individual stations and months than for the GiSTR simulation and other stations and 

months.  These particular results are related to the ability of the WGEN simulation to 

replicate the PDF for these stations.  Recall from Section 4.2.3.1 that for stations in coastal 

Georgia, the value of µ was overestimated at these stations by more than 180 mm in April by 

the WGEN simulation, and by between 20 and 40 mm by the GiSTR simulation.  Figure 4.32 

shows the comparison between the PDF produced by the WGEN simulation and the observed 

PDF for station 097847 in Savannah, GA in April.  The generated PDF for this station shows 

that the WGEN simulation failed to capture the observed PDF of nonzero precipitation for 
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this station in April and the value of µ at this station is overestimated by 240 mm.  In 

contrast, this station was overestimated by 40 mm by the GiSTR simulation. This problem 

was common to both of these coastal Georgia stations and stations in northeast corner of the 

domain where values of µ are overestimated by up to 50 mm.  A similar problem can also be 

shown for those stations where the WGEN simulation overestimates the value of σ2 by over 

3500 mm2.  Recall from Section 2.3.2 that the WGEN simulation shows this overestimate for 

stations in Florida, while the GiSTR simulation overestimates σ2 by up to 500 mm2 in the 

same region.  Figure 4.33 shows the comparison between the PDF produced by the WGEN 

simulation and the observed PDF for station 080945 in Bradenton, FL in September.  

Examining the PDFs shows that it while it captures most precipitation that occurs, there are 

multiple instances where precipitation amounts are generated which are much larger than the 

observed maximum precipitation for this station.  This pattern is common for PDF produced 

by the WGEN simulation for all the stations in Florida where σ2 is overestimated by more 

than 3500 mm2.  This suggests that the extremely heavy precipitation produced by the 

WGEN downscale simulation for these stations causes values of σ2 to be overestimated on 

the Gulf Coast of Florida. 

The result of the failure to capture the PDF in these locations for April and September 

caused the RMSE for µ and σ2 to be overestimated by the WGEN simulation.  This also 

contributed to the RMSE of E[S(T)] and Var[S(T)] for WGEN simulation to be comparable 

to the GiSTR downscale simulation.  Removing these stations will likely improve the domain 

average RMSE of µ and σ2 for April and September respectively.  However, in most other 

months there are no outliers in the error like in April or September, such as in the example 

for January for the error of µ and σ2 shown in Figure 4.34. This suggests that the RMSE of 

WGEN when used for downscaling is still comparable the RMSE of GiSTR used for 

downscaling for the amount parameters without these outlier stations.  To determine if 

removing the stations associated with these outliers will improve the results, an additional 

analysis showing the improvement for both simulations with these outliers removed, is 

shown in the next section. 
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4.2.5. Changes with Outliers Removed 
 

For this analysis, those stations where the WGEN simulation overestimated µ by 

more than 180 mm or overestimated σ2 by more than 3500 mm2are removed.  The analysis 

shown in Section 4.2.3 is repeated to show any improvements and changes in both 

simulations with these outlier stations removed.  Removing these outlying stations changes 

the result for values of µ and E[S(T)].  For these parameters, the WGEN simulation has 

smaller RMSE on average than GiSTR for µ and a larger RMSE on average for σ2.  For 

values of µ, the average RMSE of WGEN and GiSTR is 5.05 and 5.13 mm respectively.  In 

addition, for values of E[S(T)], the average RMSE of WGEN and GiSTR is 68.37 and 63.38 

mm respectively.  The same seasonal trends shown in Section 2.3 for µ and E[S(T)] are also 

present with the outliers removed.  Figure 4.35 shows the RMSE comparison between 

simulations for values of µ with the outliers removed.  In addition, Figure 4.36 shows the 

same RMSE comparison between simulations for values of E[S(T)]with outliers removed.  In 

both comparison plots, it is apparent that RMSE associated with each parameter for the 

WGEN simulation peaks in April, though with a smaller magnitude with the outliers 

removed.  However, with the outliers removed, the WGEN simulation has smaller error for 

the mean daily nonzero precipitation (µ), which is similar to results for the comparison 

between generators from Section 3.2.3.1.  However, given that the RMSE for the average 

total precipitation (E[S(T)]) is still smaller for the GiSTR simulation, which is in contrast to 

the generator comparison results in Section 3.2.3.3.  While those stations where µis 

overestimated by more than 180 mm were removed, those stations in the northeast corner of 

the domain where the WGEN simulation overestimated µ by between 30 and 50 mm are not 

removed.  The error of these stations for µ, aggregated to the monthly parameter, E[S(T)], 

like causes the average RMSE of the WGEN simulation to remain larger than the GiSTR 

simulation for this parameter.   

For the remaining parameters, the variance of the daily nonzero precipitation (σ2) and 

the inter-annual variability (Var[S(T)]), the error of the GiSTR simulation remains smaller 

than the WGEN simulation with the outlier stations removed.  The average RMSE of σ2 for 
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WGEN and GiSTR is 183.58 and 124.08 mm2 respectively.  The average RMSE of 

Var[S(T)] for WGEN and GiSTR is 4233.94 and 2154.23 mm2 respectively.  Figure 4.37 

shows the RMSE comparison between simulations with the outliers removed for σ2 by 

month.  Similarly, Figure 4.38 shows the RMSE comparison between simulations with the 

outliers removed for Var[S(T)] by month.  From both comparison plots, it is apparent that the 

unrealistic of the WGEN simulation associated with September and April is reduced with the 

outliers removed.  Another interesting result of this analysis is the change in the significance 

testing.  Testing the RMSE for each simulation and every amount parameter originally 

showed that there was no significant difference between parameters.  This result is still 

consistent for µ and E[S(T)], but the two-sample T-test results, summarized in Table 4.26, 

show that the RMSE for the WGEN simulation is significantly larger than the GiSTR 

simulation for both σ2 and Var[S(T)] when outliers are removed.  However, it is also 

important to note that the GiSTR simulation still has lower error for both parameters, which 

is consistent with the results for the evaluation of each generator presented in Chapter 3.  The 

issues with outlying stations highlight an important implication for using any of the weather 

generators or downscaling variations presented in this Chapter.  While these variations and 

weather generators each have their own spatial and seasonal error patterns, the fact that 

precipitation amounts produced for individual stations can have these erroneous values 

shows the importance of noting where any generator or downscaling process suffers high 

error for the applications of local users.  For instance, a drastic overestimation of 

precipitation amounts caused by this WGEN simulation would produce erroneous crop and 

streamflow modeling results, or overestimate the potential for above normal precipitation in a 

season without communicating the uncertainty of any downscaling process to the end user.  

However, the fact that these stations have such erroneous results for both simulations (though 

there is less error in GiSTR) is important for those users requiring forecasts at these stations.  

While the exact cause for the gross errors at these locations is not determined in this analysis, 

it is likely that either the LWR interpolation failed to estimate parameters at the CFSR grid 

point, or that the MOM estimation produced erroneous parameters for the gamma 

distribution, or that both failed to produce a realistic value of the input parameters at these 
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stations.  In these cases, the capping value present in GiSTR may have prevented the error at 

these stations from reaching or exceeding the error produced by the WGEN simulation.  

Given that the downscaling variation used may have caused the result, this suggests that a 

different variation may change this result and that several variations may be necessary in a 

forecast situation in order to communicate to the end user the best variation for their area of 

interest.    

 

4.2.6. Dry and Wet Spell Frequency Analysis 
 

Given that removing the outliers, as shown in Section 4.2.5, did not affect the results 

associated with the temporal parameters, this section focuses on dry and wet spell 

frequencies associated with all stations in the domain.  In Chapter 3 each generator is shown 

to replicate the dry and wet spell frequencies with very little difference between each 

generator and between each generator and the observations.  However, the simulation of the 

dry and wet spell frequencies by each downscaling simulation in this section shows unique 

errors that are not shown in Chapter 3.  Figure 4.39 show the observed frequency of wet 

spells of various lengths in January (a) compared to those produced by the WGEN simulation 

(a) and the GiSTR simulation (b) for all stations in the domain.  For wet spells in January, the 

WGEN simulation underestimates the frequency of one day wet spells compared to the 

observations and the GiSTR simulation.  Figure 4.40 shows the observed frequency of dry 

spells of various lengths in January (a) compared to those produced by the WGEN simulation 

(b) and the GiSTR simulation (c) for all stations in the domain.  The WGEN simulation 

shows very little difference compared to the observations for dry spells in January, while the 

GiSTR simulation underestimates the frequency of one-day dry spells.   

Figure 4.41 shows the observed frequency of wet spells of various lengths in July 

compared to those produced by the WGEN simulation (a) and the GiSTR simulation (b) for 

all stations in the domain.  Similarly to the January wet spells, the WGEN downscale 

underestimates the frequency of one-day wet spells in July while the GiSTR downscale 

shows little difference from observed July wet spell frequencies.  Figure 4.42 shows the 
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observed frequency of dry spells of various lengths in July (a) compared to those produced 

by the WGEN simulation (b) and the GiSTR simulation (c) for all stations in the domain.  

Similarly to the January dry spells, the WGEN downscale simulation shows very little 

difference from observations for July dry spells and the GiSTR downscale underestimates the 

frequency of one-day dry spells.   

The underestimation of one day wet spells reflects the increased RMSE of P01 and P11 

for the WGEN downscale shown in Section 4.2.1.  In addition, the increased RMSE of P11 

between the simulation of WGEN in Chapter 3 and the WGEN simulation in this section is 

also reflected in overestimation of the frequency of wet spells longer than ten days.  All the 

results, with the exception of the evaluation of spatial structure show that when downscaling 

is applied, the difference between weather generators do not follow the same error patterns 

described in Chapter 3.  This suggests that further evaluation using all the available 

combinations of the downscaling variations and weather generators is necessary to determine 

the exact combination which best captures precipitation in the Southeast U.S.  While further 

analysis is still required, based on this research the GiSTR generator and the LWR-MOM 

variation have the lowest error for most parameters across the Southeast U.S.   

 

4.3. Summary Discussion 
 

4.3.1. Downscaling Simulation Comparison 
 

Using GiSTR as the fixed generator, this evaluation focused primarily on the 

evaluation of various downscaling variations applied to the assumptions of the scaling 

relationship.  The combinations were LWR-MOM, AW-DFIT, LWR-DFIT, and AW-MOM.  

The results of this analysis, summarized in Table 4.27, indicate that on average the RMSE of 

all parameters resulting from the other three variations of the downscaling assumptions are 

more accurate than the commonly used AW-MOM variation.  Of the three combinations 
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remaining, the LWR-MOM variation best captures most parameters reflecting precipitation 

events and amounts. 

While individual variations are best for specific parameters, tests for significance 

showed that there was no significant difference in the RMSE for the temporal parameters or 

the spatial structure between downscaling variations.  However, for those parameters 

reflecting precipitation amounts (µ, σ2, E[S(T)], and Var[S(T)]), the testing revealed that 

specific variations provide a significant improvement in the RMSE of these parameters 

across the domain.  For µ the two-sample T-tests indicate that the variations using AW 

interpolation have significantly smaller RMSE than those using LWR interpolation.  

However, the testing also shows that for values of E[S(T)] that the AW-DFIT variation has 

significantly smaller RMSE than those using the LWR interpolation.  However, while the 

RMSE of E[S(T)] for the AW-DFIT is smaller than the RMSE for the AW-MOM variation, 

there is no significant difference in the RMSE between the two simulations.  Tests for 

significance on the variance of daily nonzero precipitation (σ2) and the inter-annual 

variability (Var[S(T)]) show that there is no significant difference in the error of σ2 between 

simulations and that LWR variations have a significantly larger error for Var[S(T)] than the 

AW-MOM variation.   

While there are patterns between downscaling simulations for the RMSE of various 

parameters, there are also patterns in the error of these parameters in the domain for each 

downscaling simulation.  In the downscaling simulations using the LWR there is a tendency 

to overestimate values of µ by more than 7 mm in the northeast corner of the domain.  This 

tendency is not shown by either of the downscaling simulations using the AW.  The LWR as 

described by Wilks (2008) makes use of the elevation of both the stations and the elevation 

of each GCM grid point in the regression of each weather generator parameter, while the AW 

does not consider elevation.  Given the resolution of CFSR it is possible that the elevation of 

the land surface model is too coarse to provide the appropriate elevation in the northeast 

corner of the domain.   The northeast corner of the domain does have strong variations in 

elevation which may not be captured by the CFSR topography.  However, this is likely not 

the only sources of error since the values of µ are within 7 mm of the observed values for 
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most months in the Appalachian Mountains from western Pennsylvania through Georgia. An 

additional source of error for values of µ may result from an edge effect on the LWR 

downscaling simulations in the northeast corner of the domain.  However, this is somewhat 

unlikely since there are no similar errors shown on the edges or corners of the domain.  

Regardless of what caused these errors for µ in the LWR downscaling simulations, it is likely 

that considering an RMSE for individual states may show that the RMSE of µ for the LWR 

downscaling simulations is less than the average in the central portion of the domain.  The 

tendency to underestimate values of the variance of daily nonzero precipitation is still present 

for much of the domain, with an apparent pattern of underestimating more for coastal stations 

during the peak of the Atlantic hurricane season.  Each simulation has the largest 

underestimation on the north Gulf Coast and in southern Alabama, with values of σ2 

underestimated by over 500 mm2.  However, the LWR-MOM variation has the fewest 

number of stations where this occurs.  The ultimate conclusion from this analysis is that the 

LWR-MOM variation provides the lowest error for most parameters of interest in weather 

generator downscaling, including the temporal parameters of precipitation occurrence, the 

spatial structure, and the variance of daily nonzero precipitation.  As such, the LWR-MOM 

variation was applied to the weather generator comparison in the context of downscaling.   

 

4.3.2. Weather Generator Comparison – Downscaling Context 
 

In order to determine if the patterns between generators when used for downscaling 

are consistent with the patterns shown in Chapter 3, WGEN are also used for downscaling 

the CFSR data and compared to the GiSTR downscaling.  Since the results of Section 1 show 

that LWR-MOM has the lowest error for most parameters, this is used as the constant 

variation for this analysis.    However, while it is expected that the same patterns would hold 

between generators regardless of the downscaling context, the downscaling performed with 

each generator indicates several differences between the downscaling simulations and the 

results presented in Chapter 3 in the Southeast U.S.  The results of this analysis, summarized 

in Table 4.28, show the best simulation for each parameter.   
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While the RMSE of the spatial structure parameters, σ2, and Var[S(T)] reflect the 

results shown in Chapter 3 (which indicate that WGEN has larger error than GiSTR for each 

parameter), for almost all the remaining parameters in a downscaling context GiSTR shows 

smaller RMSE on average across the domain as compared to the WGEN simulation.  For all 

the temporal parameters, the RMSE for WGEN increases when downscaling is applied, and 

becomes larger than the GiSTR simulation.  The increase in the RMSE for WGEN for the 

temporal parameters is also reflected in the dry and wet spell frequencies across the domain.  

The overestimation of the frequency of wet spells longer than 8 days and the underestimation 

of the frequency of wet spells shorter than 2 days indicates there is a general overestimation 

of P11 across the domain.  However, this only occurs when downscaling is applied, 

suggesting that for WGEN the chosen combination for the downscaling assumption has a 

strong influence on downscaling precipitation events with WGEN, while it has much less 

influence on GiSTR.   

For µ and E[S(T)], the GiSTR downscaling simulation has smaller RMSE as 

compared to WGEN.  In Chapter 3, WGEN is shown to have smaller RMSE for both 

parameters.  While the difference between each downscaling simulation for both parameters 

is not significant, the downscaling variation used also effects the values of both of these 

parameters.  However, while the increase of the RMSE of the temporal parameters for the 

WGEN downscaling simulation is common across the domain, the RMSE of µ and E[S(T)] 

for the WGEN downscaling simulation has been shown to be the result of the failure of 

WGEN to capture the PDF at two specific locations in April, which likely contributes to the 

RMSE for these parameters across the domain.  However, it is unlikely that this alone is the 

only cause for the increased error.  Given the previous indication of the overestimation of P11 

by the WGEN downscaling simulation across the domain, a general increase in the RMSE of 

µ and E[S(T)] could be the result of an increase in the number of days of precipitation 

generated in the domain.  Therefore it is possible that the amount generation process is being 

called too often, resulting in an overestimation of µ and E[S(T)].  A common issue between 

the GiSTR and WGEN downscaling simulations is the overestimation of values of µ in the 

northeast corner of the domain.  This is consistent with the evaluation of downscaling 
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combinations, since both downscaling simulations make use of LWR which has been shown 

to have this problem.   

Another pattern observed was the change in significance of RMSE of σ2 between the 

WGEN downscaling and control simulations as compared to analysis from Chapter 3.  

Recall, that the RMSE of σ2 between the WGEN control simulation and the GiSTR control 

simulation was shown to not be significantly different.  However, analysis of the 

downscaling has shown that WGEN has significantly larger RMSE of σ2 than GiSTR.  

Similarly to the results for values of µ, there are several locations where the generated values 

of σ2 are much larger than the average, particularly in September.  These locations more 

accurately capture the observed values of µ, but also produce precipitation amounts far larger 

than the historical maximum precipitation amount at that location.  The result is an 

overestimation of values of σ2 at these locations, which affects the RMSE of these values 

throughout the domain.  This in turn also affects the RMSE of Var[S(T)].  The comparison of 

Var[S(T)] between the GiSTR and WGEN downscaling simulation is consistent with the 

results presented in Chapter 3, but the magnitude of the difference is much larger when 

downscaling is applied (37.08 mm2 in Chapter 3 versus 8717.45 mm2 in this chapter). 

In an additional analysis, the stations where the WGEN simulation overestimated the 

mean daily nonzero precipitation (µ) by more than 180 mm or the variance of the daily 

nonzero precipitation (σ2) was overestimated by more than 3500 mm2 are removed.  The 

result of this analysis improves the RMSE of all the precipitation amount parameters.  

However, removing the outliers only causes the RMSE of µ produced by both simulations to 

reflect the results shown in Chapter 3.  That is, removing outlying stations from both 

simulations allows the WGEN simulation to have a smaller RMSE for µ than the GiSTR 

simulation, which is shown in Chapter 3.  However, it was also shown for each simulation 

that there was no significant difference between simulations for each of the amount 

parameters.   

While there are several clear patterns in these results, there is one common trend to all 

of these results.  Regardless of the downscaling variation or generator used, the error of the 

downscaling process is larger than when each generator is with observations only.  In 
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addition, while there are mixed results on which downscaling combination provides the 

highest accuracy for all the parameters described, LWR-MOM, LWR-DFIT, and AW-DFIT 

all have better accuracy for most parameters than the AW-MOM. AW-MOM is commonly 

found in literature as the general approach to downscaling with weather generators.  While 

the AW-DFIT combination provides the most accurate values for mean daily nonzero 

precipitation (µ) and the average monthly total precipitation (E[S(T)]) across the Southeast 

U.S. in general, it is possible that the LWR/MOM and the LWR/DFIT may be more accurate 

in the central portion of the domain, since this would not be effected by the increase in error 

in the northeast corner.  It is possible that this difference may be related to a combination of 

an edge effect and topography.  These edge and topography effects are not likely primary 

causes of increased error.  Regardless, it is likely that the error of the LWR-DFIT and LWR-

MOM variations is improved with the stations in the northeast corner of the domain 

removed.  While there are several clear patterns in the error of each downscaling 

combinations with regards to each parameter, the difference between the GiSTR and WGEN 

downscaling simulations suggest that the downscaling combination has an impact on the 

results of each generator.  As such, future work in this area should be to explore all the 

possible combinations of the downscaling assumptions and weather generator to determine 

the best combination for providing accurate estimates of precipitation in different regions of 

the Southeast U.S.  In addition, while the simulations are evaluated against the observations 

for 1979-2000 at each station, repeating this analysis with observations from the 1971-2000 

time period used in Chapter 3 does not change the results in this Chapter.  While the weather 

generator evaluation could be performed for the 1979-2000 time period, the 1971-2000 time 

period is used in Chapter 3 since this 30 year period reflects a standard period for 

determining normal climatology.  Therefore this period is used to determine if each generator 

can replicate the climate in this standard period, while allowing the 2001-2009 period to be 

used for analyzing the potential error with regards to forecast downscaling weather 

generators.  In order to determine if the trends shown in this chapter are similar regardless of 

the time period, the next chapter presents a similar analysis to this chapter using CFSR as 

forecast for the period 2001-2009. 
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Table 4.1. RMSE Comparison for each downscaling simulation across the Southeast 
U.S. for value of P01. 
 
Month LWR-MOM AW-DFIT LWR-DFIT AW-MOM 

1 0.070 0.075 0.067 0.065 
2 0.050 0.048 0.044 0.055 
3 0.062 0.067 0.060 0.071 
4 0.040 0.041 0.044 0.045 
5 0.057 0.056 0.066 0.063 
6 0.056 0.059 0.060 0.060 
7 0.055 0.054 0.053 0.053 
8 0.060 0.054 0.052 0.055 
9 0.067 0.076 0.066 0.070 
10 0.059 0.075 0.069 0.069 
11 0.063 0.060 0.057 0.057 
12 0.076 0.069 0.074 0.079 

     average 0.059 0.061 0.059 0.062 
 
 
 
 
Table 4.2. RMSE Comparison for each downscaling simulation across the Southeast 
U.S. for value of P11. 
 
Month LWR-MOM AW-DFIT LWR-DFIT AW-MOM 

1 0.057 0.062 0.061 0.065 
2 0.068 0.066 0.064 0.067 
3 0.062 0.055 0.059 0.060 
4 0.066 0.072 0.071 0.072 
5 0.063 0.057 0.065 0.061 
6 0.067 0.071 0.066 0.064 
7 0.072 0.071 0.072 0.076 
8 0.055 0.055 0.057 0.059 
9 0.069 0.064 0.069 0.077 
10 0.081 0.071 0.081 0.075 
11 0.058 0.056 0.061 0.054 
12 0.062 0.054 0.066 0.059 

     average 0.065 0.063 0.066 0.066 
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Table 4.3. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the Markov Transition Probabilities (P01and P11).  P-values in red 
indicate that either the first simulation has a significantly larger or smaller RMSE than 
the second. 
 

  
P01 

 
P11 

 

Simulations compared 

Difference in 
Average 
RMSE P-value 

Difference in 
Average 
RMSE P-value 

LWR-MOM AW-DFIT -0.0018 0.34 0.0022 0.246 
LWR-MOM LWR-DFIT 0.00027 0.475 -0.0010 0.36 
LWR-MOM AW-MOM -0.0024 0.27 -0.00087 0.39 
AW-DFIT LWR-DFIT 0.0020 0.32 -0.0032 0.14 
AW-DFIT AW-MOM -0.00066 0.44 -0.0030 0.16 

LWR-DFIT AW-MOM -0.0027 0.25 0.00017 0.47 
 

 

 

 

 
Table 4.4. Two-sample T-test results comparing each downscaling simulation to the 
Control for the Markov Transition Probabilities.  The difference in the average RMSE 
is the Simulation – Control.  P-values in red indicate that RMSE for that simulation is 
significantly larger than the Control. 
 

 
P01 

 
P11 

 
Simulation used 

Difference in 
Average RMSE  P-value 

Difference in 
Average RMSE  P-value 

LWR-MOM -0.0053 0.25 0.0029 0.48 
AW-DFIT -0.0036 0.20 0.00077 0.39 

LWR-DFIT -0.0056 0.073 0.0040 0.073 
AW-MOM -0.0029 0.22 0.0038 0.098 
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Table 4.5. RMSE Comparison for each downscaling simulation across the Southeast 
U.S. for value of the unconditional probability of rain (π). 
 

month LWR-MOM AW-DFIT LWR-DFIT AW-MOM 
1 0.046 0.045 0.045 0.042 
2 0.023 0.021 0.023 0.030 
3 0.040 0.040 0.038 0.045 
4 0.024 0.029 0.024 0.024 
5 0.032 0.032 0.041 0.034 
6 0.025 0.027 0.027 0.030 
7 0.023 0.023 0.025 0.024 
8 0.038 0.030 0.030 0.034 
9 0.038 0.046 0.039 0.040 
10 0.034 0.055 0.049 0.051 
11 0.035 0.036 0.041 0.037 
12 0.054 0.046 0.051 0.051 

     average 0.034 0.036 0.036 0.037 
 

 

Table 4.6. RMSE Comparison for each downscaling simulation across the Southeast 
U.S. for value of persistence (γ). 
 

month LWR-MOM AW-DFIT LWR-DFIT AW-MOM 
1 0.10 0.12 0.10 0.11 
2 0.11 0.11 0.099 0.11 
3 0.11 0.10 0.10 0.11 
4 0.097 0.10 0.11 0.11 
5 0.11 0.10 0.11 0.11 
6 0.11 0.12 0.12 0.12 
7 0.12 0.12 0.12 0.12 
8 0.10 0.10 0.10 0.10 
9 0.13 0.13 0.13 0.14 
10 0.13 0.12 0.13 0.13 
11 0.11 0.11 0.099 0.097 
12 0.11 0.11 0.12 0.12 

     average 0.11 0.11 0.11 0.11 
 



 

188 

Table 4.7. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the unconditional probability of rain (π) and persistence (γ).  P-values 
in red indicate that either the first simulation has a significantly larger or smaller 
RMSE than the second. 
 

  
π 

 
γ 

 

Simulations compared 

Difference in 
Average 
RMSE P-value 

Difference in 
Average 
RMSE P-value 

LWR-MOM AW-DFIT -0.0016 0.35 -3.5E-05 0.50 
LWR-MOM LWR-DFIT -0.0018 0.33 0.00089 0.42 
LWR-MOM AW-MOM -0.0026 0.26 -0.0025 0.29 
AW-DFIT LWR-DFIT -0.00024 0.48 0.00092 0.42 
AW-DFIT AW-MOM -0.00097 0.41 -0.0025 0.29 

LWR-DFIT AW-MOM -0.00073 0.43 -0.0034 0.23 
 
 
 
Table 4.8. Two-sample T-test results comparing each downscaling simulation to the 
Control for the unconditional probability of rain (π) and persistence (γ).  The difference 
in the average RMSE is the Simulation – Control.  P-values in red indicate that RMSE 
for that simulation is significantly less than the Control. 
 

 
π 

 
γ 

 
Simulation used 

Difference in Average 
RMSE  P-value 

Difference in 
Average RMSE  P-value 

LWR-MOM -0.0035 0.43 -0.0026 0.23 
AW-DFIT -0.0019 0.34 -0.0026 0.28 

LWR-DFIT -0.0017 0.35 -0.0035 0.22 
AW-MOM -0.00091 0.41 -6E-05 0.49 

 

 
 
Table 4.9. Average RMSE for each downscaling simulation for each correlation matrix. 
 

Parameter LWR-MOM AW-DFIT LWR-DFIT AW-MOM 
ρ 0.13 0.14 0.14 0.13 

ρev 0.089 0.093 0.091 0.092 
ρam 0.13 0.15 0.14 0.14 
ρex 0.10 0.11 0.11 0.11 
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Table 4.10. Two-sample T-test results comparing each downscaling simulation to the 
Control for the correlation matrix of precipitation events (ρev).  The difference in the 
average RMSE is the Simulation – Control.  P-values in red indicate that RMSE for 
that simulation is significantly larger than the Control. 
 

Simulation Used Difference in Average RMSE  P-value 
LWR-MOM 0.016 0.0011 
AW-DFIT 0.020 0.00024 

LWR-DFIT 0.018 0.00078 
AW-MOM 0.019 0.00029 

 

 

 

 

 

Table 4.11. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the Markov transition probabilities for extreme events.  P-values in 
red indicate that either the first simulation has a significantly larger or smaller RMSE 
than the second simulation. 
 

  
P01 

 
P11 

 

Simulations compared 

Difference in 
Average 
RMSE P-value 

Difference in 
Average 
RMSE P-value 

LWR-MOM AW-DFIT -0.073 7.07E-06 -0.089 5.35E-06 
LWR-MOM LWR-DFIT -0.071 1.09E-05 -0.092 2.93E-06 
LWR-MOM AW-MOM -0.0046 0.38 -0.0026 0.44 
AW-DFIT LWR-DFIT 0.0019 0.42 -0.0037 0.32 
AW-DFIT AW-MOM 0.068 8.68E-06 0.086 7.54E-06 

LWR-DFIT AW-MOM 0.066 1.13E-05 0.090 4.21E-06 
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Table 4.12. Two-sample T-test results comparing each downscaling simulation to the 
Control for the correlation matrix for precipitation extreme events (ρex).  The difference 
in the average RMSE is the Simulation – Control.  P-values in red indicate that RMSE 
for that simulation is significantly larger than the Control. 
 

Simulation Used Difference in Average RMSE  P-value 
LWR-MOM -0.0012 0.46 
AW-DFIT 0.0085 0.24 

LWR-DFIT 0.0056 0.32 
AW-MOM 0.0018 0.44 

 
 
 
 
Table 4.13. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the mean daily nonzero precipitation (µ).  P-values in red indicate that 
either the first simulation has a significantly larger or smaller RMSE than the second. 
 

Simulations compared 
Difference in Average 

RMSE (mm) P-value 
LWR-MOM AW-DFIT 1.57 0.0046 
LWR-MOM LWR-DFIT 0.11 0.43 
LWR-MOM AW-MOM 1.144 0.035 
AW-DFIT LWR-DFIT -1.47 0.0066 
AW-DFIT AW-MOM -0.43 0.19 

LWR-DFIT AW-MOM 1.03 0.047 
 

 

 
Table 4.14. Summary of Two-sample T-test results comparing downscaling simulations 
to the Control for the RMSE of the mean daily nonzero precipitation (µ).  P-values in 
red indicate the simulation has a significantly larger RMSE than the Control. 
 

Simulation Used Difference in Average RMSE (mm) P-value 
LWR-MOM 2.86 0.047 
AW-DFIT 1.29 0.00073 

LWR-DFIT 2.75 2.83E-05 
AW-MOM 1.72 0.00045 
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Table 4.15. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the variance of daily nonzero precipitation (σ2).  P-values in red 
indicate that either the first simulation has a significantly larger or smaller RMSE than 
the second. 
 

Simulations compared 
Difference in Average RMSE 

(mm2) P-value 
LWR-MOM AW-DFIT -22.84 0.14 
LWR-MOM LWR-DFIT -2.79 0.44 
LWR-MOM AW-MOM 0.14 0.50 
AW-DFIT LWR-DFIT 20.04 0.17 
AW-DFIT AW-MOM 22.98 0.16 

LWR-DFIT AW-MOM 2.944 0.44 
 
 
 
Table 4.16. Summary of Two-sample T-test results comparing downscaling simulations 
to the Control for the RMSE of the variance of daily nonzero precipitation (σ2).  P-
values in red indicate that either that the simulation has a significantly larger RMSE 
than the Control. 
 

Simulation Used Difference in Average RMSE (mm2) P-value 
LWR-MOM 46.26 0.44 
AW-DFIT 69.10 0.0011 

LWR-DFIT 49.06 0.0065 
AW-MOM 46.12 0.016 

 

 

Table 4.17. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the average total precipitation (E[S(T)]).  P-values in red indicate that 
either the first simulation has a significantly larger or smaller RMSE than the second. 
 

Simulations compared 
Difference in Average 

RMSE (mm) P-value 
LWR-MOM AW-DFIT 21.26 0.015 
LWR-MOM LWR-DFIT 1.13 0.45 
LWR-MOM AW-MOM 13.23 0.086 
AW-DFIT LWR-DFIT -20.14 0.014 
AW-DFIT AW-MOM -8.03 0.17 

LWR-DFIT AW-MOM 12.11 0.094 
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Table 4.18. Summary of Two-sample T-test results comparing downscaling simulations 
to the Control for the RMSE of the average total precipitation (E[S(T)]).  P-values in 
red indicate that either that the simulation has a significantly larger RMSE than the 
Control. 
 

Simulation Used Difference in Average RMSE (mm) P-value 
LWR-MOM 26.024 0.092 
AW-DFIT 4.76 0.22 

LWR-DFIT 24.90 0.0013 
AW-MOM 12.79 0.031 

 
 
 
 
Table 4.19. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the inter-annual variability (Var[S(T)]).  P-values in red indicate that 
either the first simulation has a significantly larger or smaller RMSE than the second. 
 

Simulations compared 
Difference in Average 

RMSE (mm2) P-value 
LWR-MOM AW-DFIT 378.36 0.055 
LWR-MOM LWR-DFIT -6.38 0.49 
LWR-MOM AW-MOM 467.84 0.033 
AW-DFIT LWR-DFIT -384.73 0.052 
AW-DFIT AW-MOM 89.49 0.29 

LWR-DFIT AW-MOM 474.22 0.032 
 
 
 
Table 4.20. Summary of Two-sample T-test results comparing downscaling simulations 
to the Control for the RMSE of the inter-annual variability (Var[S(T)]).  P-values in red 
indicate that either that the simulation has a significantly larger RMSE than the 
Control. 
 

Simulation Used 

Difference in 
Average RMSE 

(mm2)  P-value 
LWR-MOM 1477.85 0.032 
AW-DFIT 1099.50 1.69E-08 

LWR-DFIT 1484.23 3.97E-06 
AW-MOM 1010.01 1.7E-06 



 

193 

Table 4.21. Comparison of the RMSE of Markov Transition probabilities (P01 and P11) 
between the GiSTR simulation and the WGEN simulation. 
 

 
P01 

 
P11 

 Month GiSTR WGEN GiSTR WGEN 
1 0.070 0.076 0.057 0.28 
2 0.050 0.081 0.068 0.28 
3 0.062 0.069 0.062 0.28 
4 0.040 0.051 0.066 0.23 
5 0.057 0.043 0.063 0.25 
6 0.056 0.067 0.067 0.26 
7 0.055 0.051 0.072 0.28 
8 0.060 0.065 0.055 0.30 
9 0.067 0.077 0.069 0.26 
10 0.059 0.047 0.081 0.24 
11 0.063 0.047 0.058 0.24 
12 0.076 0.067 0.062 0.27 

     average 0.059 0.062 0.065 0.27 
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Table 4.22. Comparison of the RMSE of the unconditional probability of rain (π) and 
persistence (γ) between the GiSTR simulation and the WGEN simulation. 
 

 
π 

 
γ 

 Month GiSTR WGEN GiSTR WGEN 
1 0.046 0.23 0.10 0.23 
2 0.023 0.25 0.11 0.22 
3 0.039 0.22 0.11 0.23 
4 0.024 0.17 0.097 0.22 
5 0.032 0.18 0.11 0.23 
6 0.025 0.20 0.11 0.25 
7 0.023 0.22 0.12 0.26 
8 0.038 0.23 0.10 0.28 
9 0.038 0.21 0.13 0.24 

10 0.034 0.16 0.13 0.22 
11 0.035 0.18 0.11 0.22 
12 0.054 0.21 0.11 0.23 

     average 0.034 0.20 0.11 0.24 
 
 
 
 
 
 
 
 
Table 4.23. Summary of the two-sample T-test results for Markov Transition 
probabilities(P01 and P11), the unconditional probability of rain (π), and persistence (γ).  
P-values in red indicate that the RMSE of that parameter for WGEN is significantly 
larger than the RMSE of that parameter for GiSTR. 
 

Parameter Difference in Average RMSE (WGEN - GiSTR) P-value 
P01 0.0024 0.31 
P11 0.20 8.31E-15 
π 0.17 8.14E-12 
γ 0.12 2.04E-13 
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Table 4.24. Summary of two-sample T-test results for the RMSE of the correlation 
matrix of precipitation (ρ), the correlation matrix of precipitation events(ρev),the 
correlation matrix of precipitation amounts(ρam), and the correlation matrix of 
precipitation extreme events (ρex.).  P-values in red indicate that the RMSE of that 
parameter for WGEN is significantly larger than the RMSE for GiSTR. 
 

Parameter Difference in Average RMSE (WGEN - GiSTR) P-value 
ρ 0.13 0.00014 

ρev 0.21 5.75E-08 
ρam 0.10 7.04E-05 
ρex 0.051 0.0040 

 
 
 
 
 
 
 
Table 4.25. Summary of the two-sample T-test results for the mean daily nonzero 
precipitation (µ), the variance of the daily nonzero precipitation (σ2), the average total 
precipitation (E[S(T)]), and the inter-annual variability(Var[S(T)]).  P-values in red 
indicate that the RMSE of that parameter for WGEN is significantly larger than the 
RMSE of that parameter for GiSTR. 
 

Parameter Difference in Average RMSE (WGEN - GiSTR) P-value 
µ 0.58 mm 0.34 
σ2 141.30 mm2 0.055 

E[S(T)] 13.99 mm 0.21 
Var[S(T)] 8717.45 mm2 0.072 
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Table 4.26. Summary of the two-sample T-test results for the mean daily nonzero 
precipitation (µ), the variance of the daily nonzero precipitation (σ2), the average total 
precipitation (E[S(T)]), and the inter-annual variability(Var[S(T)]). after removing 
outlier stations.  P-values in red indicate that the RMSE of that parameter for WGEN is 
significantly larger than the RMSE of that parameter for GiSTR. 
 

Parameter Difference in Average RMSE (WGEN - GiSTR) P-value 
µ -0.083 mm 0.46 
σ2 59.50 mm2 0.0053 

E[S(T)] 4.99 mm 0.33 
Var[S(T)] 2079.71 mm2 0.0095 

 
 
 
 
 
 
Table 4.27. Summary of Best Downscaling Variation on Average for the different 
parameters evaluated. 
 

Parameter Best Downscaling Variation 
Probability of a wet day following a dry day (P01) LWR/MOM and LWR/DFIT 
Probability of a wet day following a wet day (P11) AW/DFIT 

Unconditional Probability of Rain (π) LWR/MOM 
Persistence (γ) LWR/MOM 

Precipitation correlation matrix (ρ) LWR/MOM 
Precipitation event correlation matrix (ρev) LWR/MOM 

Precipitation amount correlation matrix (ρam) LWR/MOM 
Precipitation extreme event correlation matrix (ρex) LWR/MOM 

Mean daily nonzero precipitation amounts (µ) AW/DFIT 
Variance of daily nonzero precipitation amounts (σ2) LWR/MOM 

Average monthly total precipitation (E[S(T)]) AW/DFIT 
Variance of the monthly total precipitation / Inter-

annual Variability (Var[S(T)]) AW/MOM 
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Table 4.28. Comparison Table between the weather generators (full details in Chapter 
3) and downscaling simulations in the Southeast U.S.  Comparison includes GiSTR and 
WGEN only. 
 

Parameter 
Best weather 

generator 

Best 
downscaling 
simulation 

Best 
downscaling 

simulation (no 
outliers) 

Probability of a wet day following 
a dry day (P01) WGEN both both 

Probability of a wet day following 
a wet day (P11) WGEN GiSTR GiSTR 

Unconditional Probability of Rain 
(π) WGEN GiSTR GiSTR 

Persistence (γ) WGEN GiSTR GiSTR 
Precipitation correlation matrix (ρ) GiSTR GiSTR GiSTR 

Precipitation event correlation 
matrix (ρev) GiSTR GiSTR GiSTR 

Precipitation amount correlation 
matrix (ρam) GiSTR GiSTR GiSTR 

Precipitation extreme event 
correlation matrix (ρex) GiSTR GiSTR GiSTR 

Mean daily nonzero precipitation 
amounts (µ) WGEN GiSTR WGEN 

Variance of daily nonzero 
precipitation amounts (σ2) GiSTR GiSTR GiSTR 

Average monthly total 
precipitation (E[S(T)]) WGEN GiSTR GiSTR 

Variance of the monthly total 
precipitation / Inter-annual 

Variability (Var[S(T)]) GiSTR GiSTR WGEN 
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Figure 4.1. RMSE of each downscaling simulation by month for the correlation matrix 
of precipitation (ρ) (a), the correlation matrix of precipitation events(ρev) (b), the 
correlation matrix of precipitation amounts (ρam) (c), and the correlation matrix of 
precipitation extreme events (ρex) (d). 
 

(a) (b) 

(c) (d) 
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Figure 4.2. Average Decay Function Correlogram for each simulation and observations 
for January for precipitation (a), precipitation events (b), precipitation amounts (c), 
and precipitation extreme events (d). 1979-2000 time period. 
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(c) (d) 
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Figure 4.3. Average Decay Function Correlogram for each simulation and observations 
for July for precipitation (a), precipitation events (b), precipitation amounts (c), and 
precipitation extreme events (d). 1979-2000 time period. 
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Figure 4.4. RMSE Comparison between downscaling simulations for mean daily 
nonzero precipitation (µ). 
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Figure 4.5. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM 
(d) for January. 
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Figure 4.6. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM 
(d) for June. 
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Figure 4.7. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM 
(d) for September. 
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Figure 4.8. RMSE Comparison between downscaling simulations for the variance of 
daily nonzero precipitation (σ2). 
 

 

 

 

 

 

 

 



 

218 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.9. Difference between generated and observed values of the variance of daily 
nonzero precipitation (σ2) for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-
MOM (d) for April. 
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Figure 4.10. Difference between generated and observed values of the variance of daily 
nonzero precipitation (σ2) for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-
MOM (d) for October. 
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Figure 4.11. RMSE Comparison between downscaling simulations for the RMSE of the 
average total precipitation (E[S(T)]). 
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Figure 4.12. Comparison between downscaling simulations for the RMSE of the inter-
annual variability (Var[S(T)]). 
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Figure 4.13. Generated vs. Observed PDF examples for a station 083163 in Ft. 
Lauderdale, FL for January for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and 
AW-MOM (d). 
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Figure 4.14. Generated vs. Observed PDF examples for a station 311975 in Concord, 
NC for January for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM 
(d). 
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Figure 4.15. Generated vs. Observed PDF examples for a station 283516 in Greenwood 
Lake, NJ for January for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-
MOM (d). 
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Figure 4.16. Generated vs. Observed PDF examples for a station 083163 in Ft. 
Lauderdale, FL for September for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and 
AW-MOM (d). 
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Figure 4.17. Generated vs. Observed PDF examples for a station 311975 in Concord, 
NC for September for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM 
(d). 



 

243 

 

 

(a) 

(b) 



 

244 

 

 

(c) 

(d) 



 

245 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.18. Generated vs. Observed PDF examples for a station 283516 in Greenwood 
Lake, NJ for September for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-
MOM (d). 
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Figure 4.19. Boxplots of January Wet Spell Frequencies for observations (a), LWR-
MOM (b), AW-DFIT (c), LWR-DFIT (d) and AW-MOM (e). 
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Figure 4.20. Boxplots of January Dry Spell Frequencies for observations (a), LWR-
MOM (b), AW-DFIT (c), LWR-DFIT (d) and AW-MOM (e). 
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Figure 4.21. Boxplots of July Wet Spell Frequencies for observations (a), LWR-MOM 
(b), AW-DFIT (c), LWR-DFIT (d) and AW-MOM (e). 
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Figure 4.22. Boxplots of July Dry Spell Frequencies for observations (a), LWR-MOM 
(b), AW-DFIT (c), LWR-DFIT (d) and AW-MOM (e). 
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Figure 4.23. RMSE of the WGEN and GiSTR simulations by month for the correlation 
matrix of precipitation (ρ) (a), the correlation matrix of precipitation events(ρev) (b), the 
correlation matrix of precipitation amounts (ρam) (c), and the correlation matrix of 
precipitation extreme events (ρex) (d). 
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Figure 4.24. Average Decay Function Correlogram for WGEN and GiSTR compared to 
observations for January for precipitation (a), precipitation events (b), precipitation 
amounts (c), and precipitation extreme events (d). 1979-2000 time period. 
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Figure 4.25. Average Decay Function Correlogram for WGEN and GiSTR compared to 
observations for July for precipitation (a), precipitation events (b), precipitation 
amounts (c), and precipitation extreme events (d). 1979-2000 time period. 
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Figure 4.26. RMSE Comparison between downscaling simulations for the mean daily 
nonzero precipitation (µ). 
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Figure 4.27. Difference between generated and observed values of the mean daily 
nonzero precipitation (µ) for the WGEN simulation in April. 
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Figure 4.28. RMSE Comparison between downscaling simulations for the variance of 
the daily nonzero precipitation (σ2). 
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Figure 4.29. Difference between generated and observed values of the variance of the 
daily nonzero precipitation (σ2) for the WGEN simulation in September. 
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Figure 4.30. RMSE Comparison between downscaling simulations for the average total 
precipitation (E[S(T)]). 
 
 

 
Figure 4.31. RMSE Comparison between downscaling simulations for the inter-annual 
variability (Var[S(T)]). 
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Figure 4.32. Difference between generated and observed PDF of nonzero precipitation 
for station 097847 in Savannah, GA for the WGEN simulation in April. 
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Figure 4.33. Difference between generated and observed PDF of nonzero precipitation 
for a station 080945 in Bradenton, FL for the WGEN simulation in September. 
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Figure 4.34. Difference between generated and observed values of the mean daily 
nonzero precipitation (µ) for the WGEN downscale simulation in January. 
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Figure 4.35. RMSE Comparison between downscaling simulations for the mean daily 
nonzero precipitation (µ) with outliers removed. 
 

 
Figure 4.36. RMSE Comparison between downscaling simulations for the average total 
precipitation (E[S(T)]) with outliers removed. 
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Figure 4.37. RMSE Comparison between downscaling simulations for the variance of 
the daily nonzero precipitation (σ2) with outliers removed. 
 
 

 
Figure 4.38. RMSE Comparison between downscaling simulations for the inter-annual 
variability (Var[S(T)]) with outliers removed. 
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Figure 4.39. Boxplots of the frequency of wet spells of various lengths for January for 
observations (a), WGEN simulation (b), and GiSTR simulation (c). 
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Figure 4.40. Boxplots of the frequency of dry spells of various lengths for January for 
observations (a), WGEN simulation (b), and GiSTR simulation (c). 
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Figure 4.41. Boxplots of the frequency of wet spells of various lengths for July for 
observations (a), WGEN simulation (b), and GiSTR simulation (c). 
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Figure 4.42. Boxplots of the frequency of dry spells of various lengths for July for 
observations (a), WGEN simulation (b), and GiSTR simulation (c). 
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Chapter 5. Evaluation of Downscaling Variations: 2001-2009 
 

The previous chapter focuses on evaluating the difference between each of the 

variations of the two key assumptions of downscaling with weather generators, and the 

difference between two different generators used in downscaling with a fixed set of 

assumptions.   However, that analysis is in the same time period as the observations used. 

The analysis presented here focuses on 2001-2009 as a forecast period.   

The downscaling simulations in this period do not make use of the observations from 

the different stations in this period.  Therefore, the analysis in this chapter shows the 

potential error associated with downscaling in a “forecast mode” rather than during a 

calibration period.  For all analyses in this time period, the CFSR data was again used as the 

GCM, since the CFS Reforecast data was not available at the time of the analysis.  Therefore, 

while this chapter will provide insight into the potential error associated with using any of the 

techniques described for seasonal forecast downscaling, it is recommended that the analysis 

in this chapter be repeated with whichever GCM is used for seasonal forecasting over the 

region.   

Finally, while the 319 stations used in the previous analysis could be used for this 

evaluation, not all of these stations have sufficient data in 2001-2009 to be used for cross-

validation.  For all the evaluations in this chapter, 216 stations of the original 319 used in the 

previous chapter are used (as shown in Figure 5.1).  These stations have less than 10% of the 

observations missing in 2001-2009 and are again checked for quality.  These stations are 

used in an evaluation of the different downscaling variations and the difference between 

weather generators when used for downscaling.  For analysis of downscaling variations, 

GiSTR is the generator used for the downscaling.  For analysis of generator differences, the 

downscaling assumptions use dare held constant to compare GiSTR and WGEN.  As with 

chapter 4, WGEN is used because it is used as a standard for building Markov chain 

generators, and GiSTR is used since it better replicates the variability associated with 

extremes (which is a historical problem for weather generators, Wilks and Wilby, 1999) and 

better replicates the spatial structure as compared to WGEN.   
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5.1. Downscaling Simulation Comparison 
 

While many of these results are consistent with results in the previous chapters the 

evaluation in this chapter shows the difference between time periods as well as exaggerated 

differences between downscaling simulations.   

 

5.1.1. Temporal Parameters 
 

The temporal parameters, which influence precipitation occurrence, were produced 

similarly by each downscaling variation for the 2001-2009 time period.  For the Markov 

transition probabilities (P01 and P11), the difference in RMSE between simulations is less 

than 0.004 on average.    For the RMSE of P01, AW-DFIT and LWR-MOM have smaller 

RMSE than LWR-DFIT and AW-MOM across the domain.  The comparison of the RMSE of 

P01 for each simulation and all months, shown in Table 5.1, shows that there is no seasonal 

trend for each simulation and that the LWR-MOM and AW-DFIT have smaller RMSE than 

the remaining simulations for most months.  Similarly, for the RMSE of P11, AW-DFIT also 

has the smallest RMSE on average.  Table 5.2 shows a comparison of the RMSE of P11 for 

each simulation and all months.  The results of this comparison show that there is also no 

seasonal trend in the RMSE of P11 for each simulation.  This comparison also shows that the 

AW-DFIT and LWR-MOM have smaller RMSE than the remaining simulations for most 

months.  The two-sample T-test results for the RMSE of both parameters between 

simulations, summarized in Table 5.3, shows that every test has a p-value greater than 0.183 

and a difference less than 0.004 for most tests.  These additional two-sample T-tests for the 

RMSE of each parameter between simulations show that there is no significant difference 

between simulations for a level of significance of 0.05.  Each of these results are consistent 

with the results for the Markov Transition Probabilities in Section 4.1.1 which also indicates 

that the LWR-MOM and AW-DFIT simulations have smaller error than the remaining 

simulations for these parameters. 



 

271 

Given that errors in this time period are representative of potential errors associated 

with use in a forecasting simulation, the error of each simulation in this time period are tested 

against the error of the matching simulations from the previous chapter.  For instance, the 

RMSE of each parameter for the LWR-MOM variation in the 2001-2009 time period are 

tested against the RMSE of the same variation for the 1979-2000 time period.  The results of 

these two-sample T-tests are summarized in Table 5.4.  While there is no significant 

difference between simulations for this time period, comparing the individual 2001-2009 

simulations to their counterparts from Chapter 4 shows that the RMSE of each parameter for 

downscaling simulations in the 2001-2009 time period is significantly larger than in the 

1979-2000 time period.  This is expected given that the observations used in the scaling 

relationship are for the 1971-2000 time period, not the 2001-2009 time period.  No station 

observations in any analysis are used during the 2001-2009 time period. 

 Similar results are shown for unconditional probability of rain (π) and persistence (γ).    

The RMSE comparison between simulations for each month for values of π, shown in Table 

5.5, indicates that there is no seasonal trend in the RMSE of π and that AW-DFIT and LWR-

MOM have smaller RMSE than the remaining simulations for most months and on average.  

This comparison also shows that the difference between simulations is less than 0.004 for all 

months.  Similarly, the AW-DFIT and LWR-MOM have smaller RMSE of γ on average than 

the LWR-DFIT and AW-MOM simulations.  The RMSE comparison between simulations 

for each month for values of γ, shown in Table 5.6, indicates that there is no seasonal trend in 

the RMSE of γ for any simulation.  This comparison also indicates the difference between 

simulations is less than 0.004 for all months and that the LWR-MOM and AW-DFIT has the 

smaller RMSE for most months and on average than the LWR-DFIT and AW-MOM 

simulations.  Given that the difference between simulations for both parameters is less than 

0.004, the two-sample T-test for π and γ, summarized in Table 5.7, is performed to determine 

significant difference.  Similarly to the results for the P01 and P11, the two-sample T-test 

shows that there is no significant difference in the RMSE of π or γ between the 2001-2009 

downscaling simulations.  The results are also consistent with the results shown in Chapter 4, 
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which indicates that the LWR-MOM and AW-DFIT have lower error than the remaining 

simulations for both π and γ.  

The RMSE of all four parameters for each 2001-2009 simulation are also tested using 

the two-sample T-test against the RMSE of the corresponding 1979-2000 simulations in 

Chapter 4.  The results of these tests, summarized in Table 5.8, indicates that the RMSE for 

each parameter for each of the 2001-2009 simulations is significantly larger than the RMSE 

of the same parameters for their corresponding simulations from Chapter 4.  These results 

make sense given the direct relationship between P01, P11, π, and γ as described by Equations 

2.5 and 2.6.  However, the fact that the RMSE of all the temporal parameters increases in this 

“forecast” time period, indicates the potential error associated with forecasting these 

parameters.  Since these parameters reflect the occurrence of precipitation events, it is likely 

that this increased error would impact the forecasted number of precipitation events in the 

region.  Regardless, the AW-DFIT and LWR-MOM have lower error for each of the 

temporal parameters in the Southeast U.S than the LWR-DFIT and AW-MOM simulations. 

 

5.1.2. Spatial Structure Parameters 
 

Following the procedure from Chapter 4, the spatial structure parameters are not 

altered by CFSR.  However, given that the affect of CFSR on other parameters (specifically 

P01 and P11) and that how GiSTR generates precipitation events is influenced by those same 

parameters, the spatial structure produced by GiSTR is also affected.  Therefore, each of the 

simulations may represent the spatial structure of precipitation differently.  For each of the 

simulations, the spatial structure parameters were held fixed to represent the observed spatial 

structure from the period of 1971-2000.  This assumes that the spatial structure between 

individual stations is not very different between the two periods.  The RMSE for each 

simulation for the correlation matrix of precipitation (a, ρ), the correlation matrix of 

precipitation events (b, ρev), the correlation matrix of precipitation amounts (c, ρam), and the 

correlation matrix of precipitation extreme events (d, ρex) for all months is shown in Figure 

5.2.  For all the correlation matrices there is very little difference in the RMSE between each 
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simulation.  This is also consistent with the average decay function correlogram produced by 

each simulation.  Figure 5.3 show the observed average decay function correlogram 

compared to those created by each simulation for precipitation (a), precipitation events (b), 

precipitation amounts (c), and precipitation extreme events (d) for January.  Each simulation 

shows a tendency to underestimate the observed correlogram at several distances, though the 

LWR-MOM simulation is slightly more accurate for precipitation amounts (Figure 5.3c) and 

precipitation extreme events (Figure 5.3d).  This pattern is not shown by the correlograms 

created by each simulation for summer months.  Figure 5.4 shows the observed average 

decay function correlogram compared to those created by each simulation for precipitation 

(a), precipitation events (b), precipitation amounts (c), and precipitation extreme events (d) 

for July.  For all four parameters, each simulation produces a similar correlogram to every 

other simulation.  However each simulation also shows a tendency to underestimate the 

observed correlogram for precipitation (Figure 5.4a), precipitation events (Figure 5.4b), and 

precipitation extreme events (Figure 5.4d) for stations less than 1000km apart.  Similarly to 

results from Section 4.1.2, each simulation provides a slightly worse estimate of the observed 

correlogram of precipitation events compared to observed correlogram produced by GiSTR 

outside of downscaling throughout the year.  This  is likely related to the indirect influence of 

the downscaling variation on the spatial structure output by the simulations.  These results 

are also consistent with the RMSE of the different correlation matrices and testing may 

reveal significant differences in the RMSE between each simulation. 

The average RMSE for each correlation matrix is shown in Table 5.9.  Testing the 

RMSE for each correlation matrix for each downscaling simulation shows that there is no 

significant difference in the RMSE between most downscaling simulations, which is 

consistent with the small differences in the average RMSE between simulations for each 

parameter indicated by Table 5.9.  However, for specific downscaling simulations and 

correlation matrices there are instances where the RMSE is significantly larger or smaller 

than others.  Using the two-sample T-test, AW-MOM is shown to have a significantly 

smaller RMSE for values of the correlation matrix of precipitation events (ρev) than all other 

simulations (p-values of 0.02 to 0.03).  This result of this analysis suggests a contrast to the 
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same comparison in the previous chapter.  Section 4.1.2 suggests that the relationship 

between the errors of the temporal parameters might be used to determine the impact of these 

parameters on values of ρev.  However, the fact that the RMSE of AW-MOM is significantly 

smaller for this parameter while the RMSE of the temporal parameters is larger is in contrast 

to the earlier conclusion in Chapter 4.  In addition, the testing also shows that LWR-DFIT 

has a significantly larger RMSE for values of the correlation matrix of precipitation amounts 

(ρam) than all other simulations (p-values of 0.003 to 0.03).  These results are contradictory to 

the results presented in Chapter 4 for the same comparison.  For all other parameters, the 

results of Chapter 4 show that there is no significant difference in the RMSE of any of the 

spatial structure parameters between simulations.  

However, while the majority of the tests are consistent with the results presented in 

Chapter 4, the average RMSE is also similar between the 2001-2009 and 1979-2000 

simulations.  The only exception is RMSE for values of ρam, where the testing shows that the 

RMSE of all the 2001-2009 simulations for this parameter are significantly larger than for the 

1979-2000 simulations (p-values of 2E-9 to 2E-5).  This increase in the RMSE of ρam from 

the 1979-2000 simulations to the 2001-2009 simulations provide the largest change reflecting 

the indirect influence of CFSR on the spatial structure.  For downscaling with GiSTR, the 

spatial structure of precipitation amounts is used in conjunction with the values of µ and σ2.  

Therefore, although the spatial structure itself is not affected directly by CFSR, the spatial 

structure is indirectly affected by CFSR through the impact on the values of µ and σ2.  Given 

that the RMSE of ρ, that is the spatial structure with no distinction between events, extreme 

events, or amounts, is not significantly different between simulations and the error for most 

spatial structure parameters is consistent between domains, there are two simulations which 

are recommended for potential use in forecast downscaling.   Given that the error is smaller 

and comparable between the AW-DFIT and LWR-MOM simulations, these two simulations 

provide the most accurate simulation of the spatial structure and is consistent with results in 

Chapter 4.   
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5.1.3. Precipitation Amount Parameters 
 

Given the impact of CFSR on spatial structure through values of µ and σ2, the RMSE 

of each downscaling simulation for µ and σ2 is also considered.   

 

5.1.3.1. Mean Daily Nonzero Precipitation (µ) 
 

The error of each simulation for the mean daily nonzero precipitation (µ) reflects the 

pattern between simulations described in Section 4.1.3.1.  On average, the RMSE is smallest 

for the AW-DFIT and largest for the LWR-MOM.  The average RMSE of µ for LWR-MOM, 

AW-DFIT, LWR-DFIT, and AW-MOM is 6.10, 3.99, 5.95, and 4.50 mm respectively.  The 

RMSE comparison between simulations for each month, shown in Figure 5.5, shows that the 

RMSE is smallest for AW-DFIT and larger for LWR-MOM and LWR-DFIT for most 

months than AW-MOM and AW-DFIT.  The RMSE comparison also indicates that the peak 

RMSE for most simulations occurs in August or September.  The LWR-MOM also has the 

largest RMSE in April and May.  These errors are similar in magnitude to the previous time 

period, and the exact sources of error between the two domains are also similar between the 

two time periods.  These patterns are consistent with the results shown in Chapter 4, which 

indicate that the AW-DFIT simulation has the lowest error and the peak RMSE is in August 

or September for most simulations. 

Figure 5.6 shows the error of µ for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 

and AW-MOM (d) for all stations in the domain in January.  For January, the error for values 

of µ is roughly the same across much of the domain, with some improvement in error across 

the domain compared to the 1979-2000 time period.  However, the tendency for error to be 

concentrated in particular areas remains common persist in the 2001-2009 time period.  

Particularly for the LWR-DFIT (Figure 5.6c) the value of µ is overestimated in the northeast 

corner of the domain by 10 to 22 mm in January.  In addition, there is little difference 

between LWR-MOM (Figure 5.6a), AW-DFIT (Figure 5.6b), and AW-MOM (Figure 5.6d) 

simulations in January.  Each of these simulations shows a tendency to underestimate values 
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of µ in the western Carolinas and northern Georgia, which is common to the spatial pattern of 

error shown in Chapter 4 for these simulations..   

Figure 5.7 shows the error of µ for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 

and AW-MOM (d) for all stations in the domain in June.  For this month each simulation 

shows a similar spatial pattern to the error shown in the 1979-2000 domain with some 

changes in the magnitude.  The LWR-MOM (Figure 5.7a) shows only slightly less or slightly 

more error than for the corresponding 1979-2000 LWR-MOM simulation.  The AW-DFIT 

simulation in Chapter 4 shows a broad overestimate of µ in the northern and southern 

portions of the domain.  However, the AW-DFIT for the 2001-2009 time period (Figure 

5.7b) overestimates by a smaller magnitude, and underestimates by a larger magnitude in the 

central portion of the domain than in the 1979-2000 time period.  The LWR-DFIT simulation 

in 2001-2009 (Figure 5.7c) has lower error for estimates of µ in Alabama and a smaller 

overestimation for the northern portion of the domain than the 1979-2000 simulation.  The 

AW-MOM simulation in 2001-2009 (Figure 5.7d) has smaller overestimates in the southern 

portions of the domain, and also underestimates more in the central portion of the domain 

than the AW-MOM simulation for the 1979-2000 time period.  The spatial pattern is similar 

between simulations, but the LWR-MOM and LWR-DFIT show a tendency to underestimate 

µ in the western Carolinas and northern Georgia.  In addition, the LWR-DFIT also has a 

tendency to underestimate in the northeast corner of the domain.  Both of these tendencies 

are consistent with the results shown in Chapter 4, but are between 2 and 4 mm larger, which 

indicates the same pattern for both of these simulations.  The error associated with these 

regions contributes to the increased RMSE of the LWR-MOM and LWR-DFIT compared to 

the AW-MOM and AW-DFIT in June and on average.  

Figure 5.8 shows the error of µ for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 

AW-MOM (d) in September.  In this month, each simulation shows similar spatial patterns to 

those for the error of µ in the 1979-2000 period, with some notable exceptions.  The results 

of Chapter 4 indicate that each 1979-2000 simulation shows a tendency to underestimate 

values of µ in the central and coastal Carolinas.  For the 2001-2009 time period, each 

simulation shows a tendency to underestimate values of µ throughout much of the Carolinas, 
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with the largest magnitudes in the western Carolinas and northern Georgia.  The 

underestimation in this area is the larger for the LWR-MOM (Figure 5.8a) and AW-DFIT 

(Figure 5.8b) and smallest for the LWR-DFIT (Figure 5.8c).  In addition, the LWR-MOM 

(Figure 5.8a) and LWR-DFIT (Figure 5.8c) show a tendency to overestimate values of µ in 

the northeast corner of the domain which is also shown by the results in Chapter 4.  The 

combination of the overestimation in the northeast corner of the domain and underestimation 

in the western Carolinas causes the RMSE of µ for LWR-MOM and LWR-DFIT to be larger 

than the remaining simulations. 

One pattern that is most evident in the error of µ for all four simulations is that much 

of the error during this time period is in the mountains of the Carolinas and Georgia.  There 

are primarily underestimates in this region, which is also evident in other warm months, 

which is not consistent with the results of Chapter 4.  For the earlier time period, the error of 

µ in the summer months was primarily an overestimation in Florida and the northeast corner 

of the domain.  The overestimation in Florida is shown to be a consistent problem with 

GiSTR in Chapter 3 and shown to increase when CFSR data are used in Chapter 4.  In 

addition, the error in the northeast corner was shown to be a source of error primarily for 

LWR-MOM and LWR-DFIT in Chapter 4, which use the LWR interpolation.  However, 

while the LWR-MOM and LWR-DFIT exhibit the same tendency to overestimate µ in the 

northeast corner, each simulation overestimates µ with a smaller magnitude in Florida during 

the 2001-2009 time period than during the 1979-2000 period.  While there are several spatial 

patterns, the AW-DFIT simulation has the smallest error for µ for this domain.   

 

5.1.3.2. Variance of Daily Nonzero Precipitation (σ2) 
 

The error for the variance of daily nonzero precipitation (σ2) between simulations 

follows a similar pattern to the results presented in Section 4.1.3.2.  The average RMSE is 

smaller for the AW-MOM and LWR-MOM than the remaining simulations.  The average 

RMSE of σ2 for LWR-MOM, AW-DFIT, LWR-DFIT, and AW-MOM simulations is 182.89, 

185.70, 187.52, and 177.19 mm2 respectively. Figure 5.9 compares the RMSE for each 
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simulation across all months.  This comparison indicates that there is little difference in the 

RMSE of each simulation for each month, and that the RMSE of each simulation peaks in 

September.   

The sources of error of σ2 change somewhat between the two time periods.  First, the 

difference in the RMSE for each simulation between the two time periods in most months is 

less than 50 mm2.  For example, for the month of April, results for the 1979-2000 time period 

show a peak in the RMSE.  This same peak is not present for the 2001-2009 downscaling 

simulations.  The difference in the RMSE of σ2 for April between the two time periods for 

each simulation is approximately 1.06 mm2.  Given that in most months each individual 

simulation shows little difference in the RMSE of σ2 between the two time periods, there are 

a couple months which may cause the difference in the RMSE between time periods to be 

significant.  For example, in September the average difference in the RMSE of σ2 for each 

individual downscaling simulation is 255.51 mm2.  The large difference between time 

periods in August and September is the likely cause of the increase in the RMSE of σ2 

between the two time periods to being significant.  While the RMSE of σ2 in 2001-2009 is 

largest in September for each simulation, the error pattern shown in Chapter 4 for this 

parameter is consistent in this time period.   

Figure 5.10 shows the error of σ2 for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 

and AW-MOM (d) for April.  For this month, each 2001-2009 downscaling simulation has 

similar error for σ2 across the entire domain.  There is a general tendency to underestimate 

values of σ2 on the northern Gulf Coast and in southern Alabama, which is consistent with 

the spatial patterns shown in Chapter 4.  The LWR-DFIT simulation (Figure 5.10c) has the 

smallest number of underestimates in this area, but also has more overestimates in northern 

Alabama and central Tennessee.  Of the three simulations remaining, the LWR-MOM 

(Figure 5.10a) and AW-MOM (Figure 5.10d) have a smaller number of underestimates on 

the northern Gulf Coast and southern Alabama than the remaining simulations.  The results 

in Chapter 4 indicate that each simulation estimates values of σ2 in most of southern Florida 

within 100 mm2.  This is in contrast to Figure 5.10, which shows that each simulation 

underestimates values of σ2 by between 100 and 500 mm2 in southern Florida. 
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Figure 5.11 shows the error of σ2 for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 

and AW-MOM (d) for September.  For September, the error of σ2 between each of the 2001-

2009 downscaling simulations is again similar across the domain.  Each downscaling 

simulation broadly underestimates values of σ2 by up to700 mm2across much of the domain.  

However, both the LWR-MOM (Figure 5.11a) and LWR-DFIT (Figure 5.11c) have smaller 

magnitudes for this underestimation in the Carolinas than the other simulations for 

September.  Consistent sources of error include underestimates larger than 700 mm2 on the 

east coast of Maryland, and overestimates on the coast of Georgia by between 100 and 300 

mm2. 

Figure 5.12 shows the error of σ2 for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 

and AW-MOM (d) for October.  For this month, the error pattern for σ2 between each 2001-

2009 downscaling simulation is again consistent.  Most of the error is less than 100mm2, 

which is in contrast to the results shown in Chapter 4, which indicates that each simulation 

underestimates values σ2 by up to 700 mm2 in most of the center of the domain.  Each 

simulation underestimates values of σ2 1100 to 1300 mm2 for several stations on the northern 

Gulf Coast and by 500 to 7000 mm2 on the coast of North Carolina.   These errors in σ2 along 

the Gulf Coast and in North Carolina are consistent in summer months for both time periods.  

However, the error for the LWR-MOM (Figure 5.12a) and the LWR-DFIT (Figure 5.12c) is 

smaller for both of these regions, and the LWR-DFIT also overestimates the value of σ2 on 

the Outer Banks of North Carolina by more than 300 mm2. 

 Following the results shown in this section for σ2 and the previous section for µ, the 

RMSE for both parameters between simulations is tested for significance.  The two-sample 

T-test results for each parameter, summarized in Table 5.10, indicate that the RMSE of µ for 

LWR-MOM and LWR-DFIT is significantly larger than for AW-DFIT and AW-MOM, and 

that there is no significant difference in the RMSE of σ2 between simulations, which is 

consistent with results for the same tests shown in Chapter 4.  As mentioned in the previous 

section, there are several stations where the values of µ are overestimated by each simulation.  

In addition, results in the previous section indicate that the magnitude of error for each of 

these locations is larger for the LWR-DFIT and LWR-MOM than for AW-MOM and AW-
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DFIT.  This larger magnitude error causes the LWR-DFIT and LWR-MOM to have 

significantly larger RMSE for values of µ.  Each downscaling simulation has similar error at 

all locations across the domain in every month, which is consistent with there being no 

significant difference in the RMSE of σ2 between each of the 2001-2009 simulation.  The 

results of the RMSE comparison between the 2001-2009 downscaling simulations for µ and 

σ2 are consistent with the results presented in Chapter 4.  However, comparing each of these 

2001-2009 simulations to their counterparts for the period of 1979-2000 yields some interest 

results.  Table 5.11 summarizes the results of the two-sample T-test for the RMSE of both µ 

and σ2 between time periods for each simulation.  For values of µ there is no significant 

difference in the RMSE between time periods.  However, for values of σ2, LWR-MOM, 

LWR-DFIT and AW-MOM have significantly larger RMSE in the 2001-2009 time period 

than in the 1979-2000 time period.   

It is evident from Table 5.11 that the RMSE of µ is comparable between the two time 

periods for each simulation, with an average difference of less than 0.8 mm.  This is 

consistent with the discussion in the previous section which indicated that while the sources 

of error changed, the overall magnitude did not change.  However, the difference in the 

September and August RMSE of σ2 for each simulation between time periods compared to 

the same difference for other months suggests that the difference in the RMSE of σ2 between 

time periods is only significant for these months.  In addition, the error for values of σ2 is 

smaller for the LWR-MOM and AW-DFIT than the other simulations.   

 

5.1.3.3. Average Total Precipitation (E[S(T)]) 
 

The average total precipitation (E[S(T)]) is directly related to the mean daily nonzero 

precipitation (µ) and the error of each simulation for E[S(T)] reflects the same pattern as the 

error for µ.  For the 2001-2009 downscaling simulations, AW-DFIT has the smallest RMSE 

on average, while LWR-MOM and LWR-DFIT have larger RMSE on average across the 

domain than the other simulations.  The average RMSE of E[S(T)] for LWR-MOM, AW-

DFIT, LWR-DFIT, and LWR-MOM is 79.61, 53.45, 75.74, and 62.66 mm  respectively.  
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Figure 5.13 shows a RMSE comparison between simulations for all months.  This 

comparison indicates that the AW-DFIT has the smallest RMSE for all months, while the 

LWR-MOM and LWR-DFIT have larger RMSE for all months than AW-DFIT and AW-

MOM.  In addition, the comparison also shows that the RMSE of each simulation has a peak 

in August and September.  The pattern of error between each simulation for this parameter is 

consistent with the results presented for the values of µ.  This is expected given the direct 

relationship between µ and E[S(T)] described by Equation 2.7.   The AW-DFIT simulation 

has the lowest error for values of E[S(T)] in this “forecast” situation, which is consistent with 

the results for Section 4.1.3.1.     

 

5.1.3.4. Inter-annual Variability (Var[S(T)]) 
 

The inter-annual variability (Var[S(T)]) has a different pattern from the results of 

Section 1.3.4 in Chapter 4.  For values of Var[S(T)], AW-DFIT and AW-MOM  have smaller 

RMSE on average across the domain than the remaining simulations.  The average RMSE of 

Var[S(T)] for LWR-MOM, AW-DFIT, LWR-DFIT, and AW-MOM is 3231.06, 2481.17, 

3144.14, and 2515.36 mm2 respectively.  A comparison of the RMSE of each simulation by 

month, shown in Figure 5.14, indicates that the AW-MOM and AW-DFIT simulations have 

the smaller RMSE for all months than the remaining simulations.  In addition, comparison 

also shows that each simulation has its peak RMSE in August and September.  These results 

are consistent with the results shown in Chapter 4.  Another interesting result is that the 

LWR-MOM simulation much larger RMSE than the other simulations in April and May.  

Recall that Var[S(T)] is directly related to µ and σ2 (Equation 2.8, Chapter 2).  In addition, 

each simulation has a peak RMSE for µ and σ2 in August and September and the LWR-

MOM simulation has a second peak RMSE for µ in April and May, which did not exist in the 

same comparison in Chapter 4.  The relationship between µ and σ2 and Var[S(T)] provide the 

link to the RMSE of Var[S(T)] for each simulation.  This relationship suggests that the same 

sources of error which impact both µ and σ2 impacts Var[S(T)].  That is, the error for 

individual stations or groups of stations for µ and the broad underestimation of σ2, which is 
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largest during the peak of the Atlantic hurricane season, is the probable cause for the seasonal 

patterns in the error of Var[S(T)].   

Following the analysis of the Section 5.1.3.2, the RMSE of E[S(T)] and Var[S(T)] 

between each simulation was tested for significance.  Table 5.12 summarizes the results of 

the two-sample T-tests for the RMSE between simulations for E[S(T)] and Var[S(T)].  The 

T-tests for E[S(T)] indicate that LWR-MOM and LWR-DFIT have significantly larger 

RMSE than AW-DFIT and AW-MOM.  In addition, the tests for Var[S(T)] also shows that 

there is no significant difference between simulations. These patterns are consistent with 

patterns shown for µ and σ2, and also consistent with results shown in Chapter 4, which 

indicate that the LWR-MOM and LWR-DFIT simulations have significantly larger RMSE 

than AW-DFIT and AW-MOM for E[S(T)] and no significant difference between 

simulations for the RMSE of Var[S(T)]. 

Given that the E[S(T)] and Var[S(T)] are the average total precipitation and the inter-

annual variability, it is important to understand the potential error associated with forecasting 

these parameters.  Therefore, the two-sample T-test is also used to compare the RMSE of 

each 2001-2009 downscaling simulation to the RMSE of their counterparts in Chapter 4 for 

both E[S(T)] and Var[S(T)].  The results of these tests for each parameter between time 

period are summarized in Table 5.13.  The testing shows that there is no significant 

difference in the RMSE of E[S(T)]  between the two time periods for each simulation, and 

that the 2001-2009 downscaling simulations have a significantly larger RMSE for Var[S(T)] 

than their 1979-2000 counterparts.  Therefore, while the results of this analysis indicate the 

potential errors associated with using these downscaling variations in a forecast, there are 

some clear results for the relationship of each simulation between time periods.  For values of 

µ and E[S(T)] the error associated with each simulation would be no different in a 

forecasting situation compared to the calibration period.  However, for values of σ2 and 

Var[S(T)], the error of each simulation can be larger in during a forecast period compared to 

a calibration period.  Finally, while there are many seasonal patterns for each simulation, the 

AW-DFIT and AW-MOM simulations show smaller error for values of Var[S(T)] than the 

remaining simulations. 
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5.1.4. Probability Distribution Function Analysis 
 

In section 5.1.3.1, the error for each 2001-2009 simulation for values of µis shown to 

have a similar pattern to the 1979-2000 simulations across the domain.  This is also reflected 

in the PDFs of nonzero precipitation generated for each station by each downscaling 

simulation.  As an example, consider the month of January for several stations in the domain.  

From Section 5.1.3.1 the difference in RMSE of µ between simulations is less than 2.2 mm, 

and is less than 30 mm2 for σ2.  This small difference is also indicated by the PDFs for most 

locations in the domain.  Figure 5.13 shows a comparison between the observed and 

generated PDFs for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for 

January for station 090969 in Blairsville, GA. Each simulation accurately reproduces much 

of the observed PDF for this station in the 2001-2009 time period.  In addition, although each 

downscaling simulation accurately reproduces the PDF for this station, LWR-MOM (Figure 

5.15a), AW-DFIT (Figure 5.15b), and AW-MOM (Figure 5.15d) overestimate the frequency 

of small precipitation amounts, but do not overestimate the frequency of precipitation at the 

capping value.  The overestimation of the frequency of small amounts compared to other 

precipitation amounts causes each simulation to underestimate the value of µ for this station 

by 6 mm.  In contrast, LWR-DFIT (Figure 5.15c) does overestimate the frequency of 

precipitation at the capping value for this station.  As such, where this simulation would 

normally underestimate µ, the overestimate of the frequency of precipitation amounts at the 

capping value counters the overestimate of the frequency of small precipitation amounts.  

This causes the LWR-DFIT for this station to underestimate µ by less than 4 mm.   

Figure 5.16 shows a comparison between the observed and generated PDFs for LWR-

MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for January for station 319457 

in Wilmington, NC.  Similarly to the results shown in Figure 5.15, each simulation 

reproduces much of the observed PDF.  In contrast to the PDFs for station 090969, there are 

no instances where any of the simulations overestimate the frequency of precipitation at the 
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capping value for station 319457.   However, each simulation has a tendency to overestimate 

the frequency of amounts between 10 and 20 mm.   

Finally, Figure 5.17 shows a comparison between the observed and generated PDFs 

for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for January for 

station 286026 in Newark, NJ.  This station is in the northeast corner of the domain, and the 

error of µ for the LWR-MOM, AW-DFIT, and AW-MOM simulations is less than 4 mm.  

However, the LWR-DFIT simulation overestimates the value of µ at this station by more 

than 7 mm.  For this station it is apparent that the LWR-MOM (Figure 5.17a), the AW-DFIT 

(Figure 5.17b), and the AW-MOM (Figure 5.17d) capture almost all of the observed PDF.  

However, the LWR-DFIT (Figure 5.17c) does not capture the frequency of small 

precipitation amounts and overestimates the frequency of precipitation at the capping value.  

This is also shown to occur for stations in the same area in 1979-2000 domain for LWR-

DFIT in Chapter 4, and causes the overestimate of µ at this station and others in the northeast 

corner of the domain.  The error for values of µ shows similar spatial patterns in the domain 

between time periods, but has a smaller magnitude than in summer months, which is 

reflected by the PDFs in the domain.  However, the values of σ2 are consistent between 

simulations for most stations, which are reflected by the common tendency to capture much 

of the PDF between simulations for most stations for January and all winter months.     

However, as described earlier the peak RMSE of µ for most simulations is in August 

and September and the error of µ is spread with no apparent pattern throughout the domain.  

In addition, the peak error for all simulations for σ2 is also in August and September.  For the 

three example stations shown in January, consider the PDFs produced for September at each 

station.  Figure 5.18 shows a comparison between the observed and generated PDF for LWR-

MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) in September for station 

090969 in Blairsville, GA. Each simulation produces PDFs that are similar at small 

precipitation amounts to the observed PDF.  For this station, the LWR-MOM, AW-DFIT, 

and AW-MOM simulations underestimate the value of µ by less than 2 mm, and the LWR-

DFIT underestimates by between 2 and 4 mm.  Each station also underestimates the value of 

σ2 by between 100 and 300 mm2.  While each of these 2001-2009 simulations reproduce the 
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PDF for precipitation amounts less than 25 mm, each of these simulations has a tendency to 

overestimate the frequency of precipitation amounts between 25 and 40 mm as well at the 

capping value for this station.  Both the LWR-MOM (Figure 5.18a) and LWR-DFIT (Figure 

5.18c) hit the capping value with equal frequency, while the AW-MOM (Figure 5.18d) hits 

the capping value more frequently than the other simulations.  Given that each simulation 

captures the frequency of small amounts at this station and hits the capping value associated 

with this station, it is likely the underestimation of µ and σ2 is the result of underestimating 

the frequency of heavy precipitation. The LWR-MOM, AW-DFIT, and AW-MOM 

simulations have a larger overestimation of the frequency of amounts between 25 and 40 mm 

than the LWR-DFIT simulation, which may contribute to better error for values of µ for the 

LWR-MOM, AW-DFIT, and AW-MOM simulations, by offsetting the lack of precipitation 

larger than the capping value. 

Figure 5.19 shows a comparison between the observed and generated PDFs for LWR-

MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for September for station 

319457 in Wilmington, NC.  For this station, each simulation also appears to reproduce the 

observed PDF of nonzero precipitation in September.  This is consistent with the results for 

the error of µ which shows that each simulation has values within 2 mm of the observed 

value of this station.  In contrast to the other simulations, the PDF produced by AW-MOM 

(Figure 5.19d) for this station includes an overestimation of the frequency of precipitation at 

the capping value.  The overestimation of the frequency of precipitation at the capping value 

by AW-MOM contributes the difference in the error of σ2 between AW-MOM and the other 

simulations.  The AW-MOM simulation underestimates the value of σ2 by between 100 and 

300 mm2 at this station, while the remaining simulations underestimate the value of σ2 by 300 

to 500 mm2.  Though the PDF produced by AW-MOM for this station shows some slight 

differences for these amounts, the PDF for the remaining precipitation amounts is reproduced 

accurately, which offsets the error from the overestimation of the capping value.   

Finally, Figure 5.20 shows a comparison between the observed PDF and those 

generated by LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for station 

286026 in Newark, NJ for September.  At this station, the LWR-MOM and LWR-DFIT 
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simulations overestimate the value of µ by more than 7 mm, and the AW-DFIT and AW-

MOM simulations estimate the value of µ within 2 mm.  The cause of the error of µfor the 

LWR-MOM (Figure 5.20a) and LWR-DFIT (Figure 5.20c)  is apparent in the PDF produced 

by each simulation.  Each of the LWR simulations underestimates the frequency of the 

smallest precipitation amounts, and overestimates the frequency of precipitation at the 

capping value.  This combination of underestimation and overestimation causes the LWR-

MOM and LWR-DFIT simulations to overestimate the value of µ at this station in 

September.   This tendency is common for all stations in the northeast corner of the domain 

for the summer months where both LWR-MOM and LWR-DFIT overestimate the value of µ 

by more than 7 mm.  In addition, each simulation underestimates the value of σ2 by up to 300 

mm2, suggesting that although the PDFs produced by each simulation are indicative of the 

overestimation of µ, the errors in the PDF of each simulation allows each simulation to have 

similar error for σ2.  While there are slight differences in the PDFs produced between time 

periods, the general patterns are consistent between time periods. 

Recall that in the earlier analysis it was shown that the RMSE of σ2 is significantly 

larger in the 2001-2009 time period, not significantly different between simulations, but 

follows a similar spatial pattern to the error of σ2 in the 1979-2000 time period.  For most 

months, the error of σ2 is less than 300 mm2 in magnitude across the domain for each 

simulation.  However, as shown previously there are several locations (particularly in 

September) where the error of σ2 is underestimated by more than 700 mm2.  As an example, 

Figure 5.21 shows a comparison of the observed PDF with those generated by LWR-MOM 

(a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for station 092283 in Cornelia, GA 

for September. Each 2001-2009 simulation underestimates the value of σ2 for September by 

700 mm2.  The PDF generated by each downscaling simulation shows how each simulation 

hits the capping value inherent to GiSTR and overestimates the frequency of the smallest 

precipitation amounts.  The result is that each simulation does not capture the PDF for the 

largest precipitation amounts.  These larger precipitation amounts are primary contributors to 

values of σ2.  Although they occur rarely, these events increase the observed values of σ2 and, 

when they are not captured by the simulation, cause an underestimation of the value of σ2 at 
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this station.  This pattern was common for all stations where σ2 was underestimated by more 

than 700 mm2 in the domain.  While these extreme values of events may be captured if the 

capping value was increased or removed, as also shown in Chapter 3, there is another 

possible source for this error.  While this study has assumed the COOP stations as the truth, 

there may be some data points for some stations which passed quality control but are not 

good quality data, which would have an impact on the results particularly with regards to 

evaluating the generated values of σ2.  Therefore, the data quality during the 1971-2000 

period may have an impact on the variability of precipitation amounts during the forecast 

period.    

 

5.1.5. Dry and Wet Spell Frequency Analysis 
 

Following the analysis shown in Chapter 4, the frequencies of dry and wet spells of 

various lengths are also evaluated for each 2001-2009 downscaling simulation in the domain.  

Figure 5.22 shows the observed frequency of wet spells of various lengths in January (a) 

compared to those generated by LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d), and AW-

MOM (e) for all stations in the domain.  From this comparison it is clear that the wet spell 

frequencies of each simulation for various lengths are similar to each other.  However, each 

2001-2009 simulation underestimates the frequency of one day and two day wet spells in the 

domain.  In addition, each simulation produces wet spell frequencies three days and longer 

accurately.  Figure 5.23 shows the observed frequency of wet spells of various lengths in July 

(a) compared to those generated by LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d), and 

AW-MOM (e) for all stations in the domain.  In contrast to the January wet spells, each 

2001-2009 downscaling simulation reproduces the frequency of wet spells of various lengths 

in July with very few discrepancies.  However, the wet spell frequencies produced by AW-

DFIT (Figure 5.23c) and LWR-DFIT (Figure 5.23d) are slightly more accurate than the 

frequencies produced by the other simulations. 

Figure 5.24 shows the observed frequency of dry spells of various lengths for January 

(a) compared to those generated by LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d), and 
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AW-MOM (e) for all stations in the domain.  Similarly to the January wet spells, each 2001-

2009 simulation produces frequencies similar to the other downscaling simulations.  In 

addition, each 2001-2009 downscaling simulation has a tendency to overestimate the 

frequency of short dry spells (less than 3 days), which is consistent with the underestimation 

of short wet spells for the same month.  In addition each simulation also replicates the 

frequency of dry spells three days and longer accurately.  Finally, Figure 5.25 shows the 

observed frequency of dry spells of various lengths in July (a) compared to those generated 

by LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d), and AW-MOM (e) for all stations in the 

domain.  Similarly to the July wet spells, there is also very little discrepancy between the 

observed and generated dry spell frequencies for each simulation in July.  However, AW-

DFIT (Figure 5.25c) and LWR-DFIT (Figure 5.25d) are slightly more accurate for 

reproducing the frequency of July dry spells.  While AW-DFIT and LWR-DFIT appear to be 

slightly more accurate for both dry and wet spells in July, the difference between each 

downscaling simulation is minimal.   

These results are consistent with the earlier T-tests on P01 and P11, which indicated no 

significant difference in the RMSE of each parameter between downscaling simulations.  In 

addition, the fact that each downscaling simulation improves the representation of the dry 

and wet spell frequencies in summer months agrees with the trend in the RMSE of P01 and 

P11(Tables 5.1 and 5.2), which indicated that the RMSE of each parameter was smallest in 

summer months.  The majority of the results described in this section are consistent with the 

results presented in Chapter 4 for the comparison between simulations, and to the observed 

frequencies.  However, the analysis in this section also shows some distinct increases in error 

for a potential forecasting situation.  While this section does show some potential errors in 

forecasting with each downscaling variation, CFSR uses data assimilation and therefore does 

not reflect exact conditions in most forecasting models.  Therefore, it is recommended as 

future work than this analysis is repeated with the CFS Reforecast, to assess the full potential 

associated with downscaling for seasonal forecasting by these methods.  Given the 

comparable patterns of error in this time period and that it has lower or comparable error for 

most parameters in this time period, the LWR-MOM variation replicates most parameters 
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with the lowest error in a “forecasting” situation.  However, while there is comparable error 

between simulations, an additional conclusion is that for most parameters the AW-MOM 

simulation did not have the lowest error, indicating that any of the other variations are more 

accurate than the traditional approach to downscaling with weather generators, which is 

consistent with the conclusions reached in Chapter 4.  Following the analysis shown in 

Chapter 4, the next section focuses on the differences with regards to downscaling with 

GiSTR and WGEN under a fixed set of assumptions.  

 

5.2. Weather Generator Comparison – Downscaling Context 
 

Following the analysis presented in Chapter 4, this section will focus on the 

evaluation of WGEN and GiSTR in a downscaling context.  As mentioned previously 

WGEN has been chosen for this analysis because it is a standard for building Markov chain 

generators, and GiSTR has been chosen since it replicates the spatial structure and better 

replicates the variability associated with extreme precipitation, which is a historical problem 

for most weather generators.  The 2001-2009 time period and the associated stations for cross 

validation described at the beginning of this chapter are also used in this analysis.  Following 

the analysis in the previous chapter, the LWR-MOM is used as the downscaling assumptions 

for this analysis.  The GiSTR downscaling simulation used is the same as LWR-MOM 

simulation in the previous section.  While the previous chapter indicates that the LWR-MOM 

simulation has the lowest error for most parameters, Section 5.1 of this chapter indicates that 

the LWR-MOM simulation has the lowest error for several parameters and comparable error 

for the remaining parameters.  Given these collective results, the LWR-MOM is again used 

to keep consistency between this section and Section 4.2.     
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5.2.1. Temporal Parameters 
 

In Section 4.2.1 the error of the temporal parameters is shown to be larger for WGEN 

than for GiSTR.  This section presents a similar analysis and also indicates that in the error is 

larger for the WGEN simulation than the GiSTR simulation, for the 1st order Markov 

Transition probabilities (P01 and P11), unconditional probability of rain (π), and persistence 

(γ).  For values of P01, the difference in the RMSE between the two simulations is less than 

0.02 on average, with WGEN having less error than GiSTR.  For values of P11, the RMSE of 

the WGEN simulation is larger than GiSTR by 0.06 to 0.20.  A comparison of the RMSE 

between simulations for both P01 and P11 across all months is shown in Table 5.14.  For both 

parameters, there is no seasonal trend in the RMSE for each simulation.  However, there is 

little difference in RMSE for P01 for all months, while the difference in RMSE for P11 is 

more than 0.06 for all months.  The pattern and magnitude of the RMSE for both generators 

is consistent with those shown in Chapter 4, which indicates that WGEN has a larger RMSE 

than GiSTR for these parameters in a downscaling context.  In addition, the error of each 

simulation for values of π and γ is similar to the results of Chapter 4.  For each parameter, the 

RMSE of WGEN is larger on average than the GiSTR simulation by between 0.08 and 0.1.  

Table 5.15 shows a comparison of the RMSE of each simulation for all months for both 

parameters.  For values of π, the WGEN downscaling simulation has a larger RMSE for all 

months by 0.03 to 0.15.  Similarly, for values of γ, the RMSE of the WGEN downscaling 

simulation is larger than the RMSE for the GiSTR downscaling simulation by up to 0.17.  In 

addition, neither simulation shows a seasonal trend in the RMSE for either parameter.  The 

two-sample T-test results, summarized in Table 5.16, also show similar results to those 

presented in Chapter 4.  That is, the test results in both time periods indicate that the RMSE 

of P11, π, and γ for the WGEN downscaling simulation is significantly larger than the RMSE 

for the GiSTR downscaling simulation.  This suggests that the error of GiSTR for these 

temporal parameters is less than the WGEN simulation.  This in turn suggests that GiSTR 

would have much lower error than WGEN in a “forecast” situation for the occurrence of 

precipitation in this domain. 
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5.2.2. Spatial Structure Parameters 
 

As mentioned in Chapter 4, the spatial structure is not directly affected by the CFSR 

data.  However, the spatial structure when GiSTR is used for downscaling is indirectly 

affected by the impact of the CFSR data on the temporal parameters (P01, P11, π, and γ).  For 

the correlation matrices representing the spatial structure, the WGEN simulation has a 

consistently larger RMSE than GiSTR by up to 0.21 on average.  Figure 5.26 shows a RMSE 

comparison between simulations for the correlation matrix of precipitation (a, ρ), the 

correlation matrix of precipitation events (b, ρev), the correlation matrix of precipitation 

amounts (c, ρam), and the correlation matrix of precipitation extreme events (d, ρex) for all 

months.  This comparison indicates that the GiSTR simulation has the smallest RMSE for all 

months for all four parameters.  The results are similar for the average decay function 

correlograms produced by each simulation.  Figure 5.27 shows the observed average decay 

function correlogram compared to those generated by the WGEN and GiSTR simulations for 

precipitation (a), precipitation events (b), precipitation amounts (c), and precipitation extreme 

events (d) for January.  For all four parameters the GiSTR simulation better replicates the 

observed correlogram, which is consistent to the RMSE of each correlation matrix for each 

simulation.  Similarly to the results in Section 4.2.2 the GiSTR simulation has the best match 

to the observed correlogram for precipitation events (Figure 5.27b).  The correlograms 

produced by each simulation in July also have similar results to the RMSE comparison.  

Figure 5.28 shows the observed average decay function correlogram compared to those 

generated by the WGEN and GiSTR simulations for precipitation (a), precipitation events 

(b), precipitation amounts (c), and precipitation extreme events (d) for July.  As with the 

results for January, the GiSTR simulation consistently provides a better estimate of the 

observed correlogram than the WGEN simulation for all four parameters.  Similarly to the 

results from Section 5.1.2 the GiSTR simulation has the best estimate of the observed 

correlogram for precipitation amounts (Figure 5.28c) in July.  The results are consistent with 

the RMSE comparison in Figure 5.26 and with the results discussed in Section 4.2.2, which 

also suggests that the two-sample T-tests will also provide similar results. 
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The two-sample T-test results comparing the RMSE of each simulation for all four 

parameters are summarized in Table 5.17.  The results of the tests between simulations show 

that the RMSE for the WGEN simulation is significantly larger for each parameter than 

GiSTR.  In all cases, these results reflect the results described in Section 4.2.2 and the 

comparison between generators in Section 3.2.2, which both indicated that RMSE of the 

spatial structure parameters for WGEN is significantly larger than GiSTR.  However, since 

the spatial structure parameters are fixed to the observed correlation matrices for 1971-2000, 

the impact on the spatial structure resulting from the indirect effect of the downscaling 

approach can be determined by comparing the RMSE of these 2001-2009 simulations with 

those simulations not used for downscaling.  For this brief analysis, the downscaling 

simulations in this section will be compared to their counterparts from Chapter 3 (the WGEN 

Control and the GiSTR Control respectively).  The RMSE of each correlation matrix for the 

WGEN and GiSTR simulations are tested using the two-sample T-test against the RMSE of 

each matrix for the WGEN and GiSTR Control simulations, with the result summarized in 

Table 5.18.  This test shows that the GiSTR downscaling simulation has significantly larger 

RMSE for ρev and ρam than the GiSTR Control simulation.  The test also shows that the 

WGEN downscaling simulation has significantly larger RMSE than the WGEN Control for 

ρam only.  These results are not consistent with the analysis shown in Chapter 4.  In Chapter 

4, only GiSTR has a significantly larger RMSE for ρam only.  While the difference in the 

RMSE are statistically significant, the difference between the 2001-2009 downscaling 

simulations and their respectively controls is less than 0.05 in these situations.  The test 

indicates that the impact on spatial structure is strongest when GiSTR is used for 

downscaling.  As described in Chapter 2, both GiST and GiSTR generate precipitation events 

and amounts using both the spatial and temporal information, and for downscaling the spatial 

structure was held fixed since the resolution of CFSR cannot resolve changes in the 

individual correlations between stations.  However, since GiSTR uses both the temporal and 

spatial structure in the generation process the spatial structure output by GiSTR is indirectly 

affected by the impact of CFSR on the temporal parameters.  The result of this is 

significantly increased RMSE for the spatial structure for precipitation events and amounts.  
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Although there is a clear impact on the ρev and ρam, the RMSE of ρ is not significantly 

different between the GiSTR downscaling simulation and the GiSTR Control.   This suggests 

that while there is a statistically significant impact on some aspects of spatial structure, the 

impact on the overall spatial structure produced when downscaling with GiSTR is negligible.  

In addition, since WGEN does not take into account the spatial structure of precipitation 

events or amounts and there is only one instance of significantly larger RMSE for the WGEN 

downscaling simulation compared to the WGEN Control (ρam). The impact of the CFSR data 

on the spatial structure resulting from the WGEN downscaling simulation is also negligible.  

These results still lead to the conclusion that the GiSTR produces a more accurate spatial 

structure for precipitation than the WGEN when used in a downscaling context, which is 

consistent with the results presented in Chapters 3 and 4.   

 

5.2.3. Precipitation Amount Parameters 
 

While this analysis has assumed that the differences between weather generators used 

in a downscaling context are similar to when they are not used for downscaling, there are 

several instances where this assumption is not valid.   

 

5.2.3.1. Mean Daily Nonzero Precipitation (µ) 
 

In Section 4.2.3.1, the WGEN simulation was shown to have larger error than the 

GiSTR simulation for values of the mean daily nonzero precipitation (µ).  The comparison of 

the WGEN and GiSTR simulation in this “forecast” simulation also shows that WGEN has a 

larger error than GiSTR for values of µ.  The average RMSE for the WGEN and GiSTR 

simulations is 7.55 and 6.10 mm respectively.  The RMSE comparison across all months, 

shown in Figure 5.29, indicates that the RMSE of the WGEN simulation has similar error to 

the GiSTR simulation for most months in the domain.  However, the comparison also shows 

that the RMSE of WGEN in April is 28 mm, or 235% larger than the GiSTR simulation and 
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279% larger than the average RMSE for the WGEN simulation, which has also been shown 

by the same comparison in section 4.2.3.1.  For values of µ in April, there are several stations 

where the values are overestimated in both simulations.  Figure 5.30 shows the error of µ for 

the WGEN simulation (a) and the GiSTR simulation (b) in April.  For the WGEN simulation 

(Figure 5.30a) there are several stations on the coast of Georgia where the value of µ is 

overestimated by 180 to 300 mm.  For the same locations, the GiSTR simulation (Figure 

5.30b) overestimates µ by between 20 and 40 mm.  These results are consistent with those 

shown in Chapter 4 for both magnitude and location, and indicate that WGEN has a higher 

error than GiSTR in a downscaling context.  The errors at these stations have the largest 

impact on the RMSE of µ in April for the WGEN simulation.  This information also suggests 

that removing the outlier stations will improve the error associated with the WGEN 

simulation in a forecast situation, throughout the domain.  However, as the analysis of the 

PDFs for each simulation suggests, the LWR-MOM variation may have produced some 

erroneous results for the input parameters required for both GiSTR and WGEN.  Therefore, a 

different simulation may provide better estimates of this parameter at these outlier stations.   

 

5.2.3.2. Variance of Daily Nonzero Precipitation (σ2) 
 

In Section 4.2.3.2, the WGEN simulation was shown to have larger error than the 

GiSTR simulation for the variance of daily nonzero precipitation (σ2).  In this “forecast” 

situation, the error of the WGEN simulation is also larger than the GiSTR simulation.  The 

average RMSE of σ2 for the WGEN and GiSTR downscaling simulations is 342.91 and 

182.89 mm2 respectively.  Comparing the RMSE of each simulation for all months, shown in 

Figure 5.31, indicates that the RMSE is similar between simulations for all months, except 

for the month of September.  In September, the RMSE for the WGEN simulation is more 

than 1500 mm2.  This RMSE for the WGEN simulation in April is 272% larger than the 

RMSE of the GiSTR simulation in April, and 341% larger than the average RMSE for the 

WGEN simulation.  These results are consistent to the results presented in Chapter 4, though 

inconsistent with the results from Chapter 3, which indicates that GiSTR is more accurate for 
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this parameter in a downscaling context than WGEN.  Similarly to the analysis for µ in April, 

there are stations where the error of the WGEN simulation in September is larger than 

surrounding station for values of σ2.  Figure 5.32 show the difference between generated and 

observed values of σ2 for the WGEN (a) and GiSTR (b) simulations.  For values of σ2 in 

September, there are several stations in the southern Appalachian Mountains where the 

WGEN simulation (Figure 5.32a) overestimates by more than 3500 mm2.  In contrast, for the 

same stations the GiSTR simulation (Figure 5.32b) estimates values of σ2 within 500 mm2 of 

the observed value.  Therefore, similarly to the previous section and Section 4.2.3.2, the error 

associated with individual outlier stations has an impact on the RMSE of the WGEN 

simulation and removing these outlying stations will likely improve the error of the WGEN 

simulation with respect to values of σ2.  However, altering the variation used may also 

improve the results produced by both WGEN and GiSTR for these stations.   

 

5.2.3.3. Average Total Precipitation (E[S(T)]) 
 

The error for the average total precipitation (E[S(T)]) for each simulation in this time 

period follows a similar pattern to the results from Section 4.2.3.3 and to the results from 

Section 5.2.3.1.  The error of E[S(T)] is largest for the WGEN simulation across the domain.  

The average RMSE of E[S(T)] for the WGEN and GiSTR downscaling simulation is 86.09 

and 79.61 mm respectively.  A comparison of the RMSE between simulations for all months, 

shown in Figure 5.33, indicates that the RMSE for GiSTR is less than or similar to the 

WGEN simulation.  However, for the month of April, the RMSE of the WGEN simulation is 

254.54 mm, which is 142% larger than the RMSE of the GiSTR simulation for the same 

month.  In addition, the RMSE of the WGEN simulation for April is also 196% larger than 

the average RMSE of the WGEN simulation for all months.  These results are consistent with 

those shown in Chapter 4, but are larger in magnitude particularly for April (222.72 mm in 

1979-2000, 254.51 mm in 2001-2009).  Given the direct relationship between E[S(T)] and µ, 

described by Equation 2.7, it is likely that the increased RMSE for the WGEN simulation in 

April for E[S(T)] is also related to the high error of µ for individual stations shown in Section 
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5.2.3.1.  Therefore, it is suggested that the error of the WGEN simulation for E[S(T)] would 

improve if the outlier stations for values of µ are removed.       

 

5.2.3.4. Inter-annual Variability (Var[S(T)]) 
 

The inter-annual variability (Var[S(T)]), which is impacted by both the mean daily 

nonzero precipitation (µ) and the variance of the daily nonzero precipitation (σ2), is shown to 

be better replicated by the GiSTR simulation in Section 4.2.3.4.  In this “forecast” period, 

GiSTR again has the smallest error for Var[S(T)].  The average RMSE for the WGEN and 

GiSTR simulations are 16743.59 and 3231.09 mm2 respectively.  Figure 5.34 shows a 

comparison of the RMSE between simulations for all months.  This comparison shows that 

the RMSE of each simulation is similar for most months except April and September.  In 

April, the RMSE of the WGEN simulation is 126442.7 mm2, which is over 3200% larger 

than the April RMSE for the GiSTR simulation and 655% larger than the average RMSE for 

the WGEN simulation.  In September, the RMSE of the WGEN simulation is 26965.59 mm2.  

The RMSE for September for this WGEN simulation is 430% larger than the September 

RMSE for the GiSTR simulation and 61% larger than the average RMSE of the WGEN 

simulation. The consistent pattern between each of these parameters reflects the direct 

relationship between µ, σ2, and Var[S(T)] described in Chapter 2 (Equation 2.8).  The 

increased April RMSE for the WGEN simulation reflects the increased error associated with 

the individual stations in April for values of µ.  The increased September RMSE for the 

WGEN simulation reflects the increased error associated with individual stations for values 

of σ2.  All of these results are consistent with those shown in Chapter 4.  However, the 

magnitude of the error of WGEN increases by almost 6000 mm2 on average from the 1979-

2000 time period to the 2001-2009 time period.   

While these errors are much larger than the error for the remaining stations, this does 

not indicate that the RMSE of µ, σ2, E[S(T)], and Var[S(T)] for the WGEN simulation is 

significantly larger than the RMSE for the GiSTR simulation.  The two-sample T-test results, 

summarized in Table 5.19, indicate that there is no significant difference in the RMSE of any 
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of parameters between the two downscaling simulations.  In addition, the error for values of 

µ and σ2 is consistent across the domain for the remaining months and less than 10 mm and 

500 mm2 respectively, such as in the example shown in the error ofµ and σ2 for January in 

Figure 5.35. Therefore, removing the individual stations which are outliers in error may 

cause the RMSE of these parameters to reflect the results shown in Chapter 3, by reducing 

the error associated with April and September in the WGEN simulation.      

 

5.2.4. Probability Distribution Function Analysis 
 

The previous section shows that the increased error associated with each of the 

amount parameters for the WGEN simulation is related to increased error with individual 

stations in the domain.  This raises a question of how well the WGEN simulation captures the 

PDF for these stations in April and September for this “forecast” period.  While the WGEN 

simulation captures the PDF for most stations, when values of µ are overestimated by over 

180 mm the WGEN downscaling fails to capture the PDF.  As an example, consider a 

comparison between the observed PDF and the PDF produced by WGEN for station 091345 

in Brunswick, GA in April shown in Figure 5.36.  For this station the value of µ is 

overestimated by more than 200 mm in April and the PDF produced by this WGEN 

downscaling simulation fails to capture the observed PDF for this station.  When values of σ2 

are overestimated by over 3500 mm2 in September, the differences between the observed and 

generated PDFs are equally apparent.  For example consider a comparison between the 

observed PDF and the PDF produced by WGEN for station 085973 near Lake Wales, FL in 

September shown in Figure 5.37.  For this month and station, the WGEN simulation 

overestimates the value of σ2by 16300 mm2.    The WGEN simulation has a tendency to 

overestimate the frequency of the smallest precipitation amounts and overestimate the 

frequency of precipitation amounts larger than 200 mm.  This combination of overestimates 

causes the WGEN simulation to overestimate the value of σ2 for this station.   

Given that the errors for these same stations for WGEN is smaller when the generator 

is not used for downscaling compared to when the generator is used for downscaling with the 
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LWR-MOM variation it is possible that LWR-MOM variation produced erroneous input 

parameters.  The two parameter gamma distribution is used by GiSTR and WGEN to 

represent precipitation amounts.  The LWR-MOM uses the locally weighted regression and 

the moment estimators of the gamma distribution to determine the two parameters of the 

gamma distribution used by each generator.  Therefore, it is possible that either the locally 

weighted regression or the moment estimation produced values of the shape and scale of the 

gamma distribution.  The GiSTR simulation also has smaller error than the WGEN 

simulation for the same stations where WGEN overestimates µ by more than 180 mm or σ2 

by more than 3500 mm2.  Given that GiSTR has a capping value to prevent unrealistic 

precipitation amounts from occurring, and that the same input parameters are used in both the 

GiSTR and WGEN simulations, it is likely that the capping value present in GiSTR counters 

the error associated with erroneous input parameters produced by the LWR-MOM at these 

stations.  As a result, the GiSTR simulation has lower error than the WGEN simulation for 

these stations though the input parameters are erroneous. 

The trends in the PDFs where values of µ are overestimated by over 180 mm and σ2 

are overestimated by over 3500 mm2 by WGEN are similar between stations where this 

occurs, and is also consistent with the PDF comparison in Section 4.2.5.  The overestimation 

of the occurrence of small amounts combined with the underestimation of the occurrence of 

larger precipitation amounts could be the cause of the overestimation of the σ2 for this station 

and month.  Therefore, removing stations where the WGEN simulation overestimates µ by 

over 180 mm and overestimates σ2 by over 3500 mm2 potentially improving error associated 

with forecasting with this WGEN simulation.  In addition, one important note is that those 

stations which overestimate µ by over 180 mm and σ2 by over 3500 mm2 in this time period 

are the same as those outlier stations in the 1979-2000 time period.   

 

5.2.5. Changes with Outliers Removed 
 

In order to determine the impact associated with removing the stations with outlier 

error in the WGEN simulation, similar analyses to Section 5.2.3 are performed with these 
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stations removed.  Every station was removed where the error of the mean daily nonzero 

precipitation (µ) is more than 180 mm in the WGEN simulation, and where the error of the 

variance of the daily nonzero precipitation (σ2) is more than 3500 mm2 from both 

simulations.  These seven outlier stations are removed in both simulations since while these 

stations were outliers in the WGEN simulation, they were also outliers in the GiSTR 

simulation but with smaller magnitude than the WGEN simulation.  For the temporal and 

spatial structure parameters, there was no difference in the results with the outlier stations 

removed.  However, the error for values of µ improves for both simulations with these 

outliers removed.  The average RMSE of the WGEN and GiSTR simulations is 6.25 and 5.80 

mm respectively.  In addition, the RMSE comparison by month, shown in Figure 5.38, 

indicates that the RMSE of each simulation is again similar for most months.  However, the 

WGEN simulation has an RMSE of 14.91 mm for April, which is 84% larger than the GiSTR 

simulation for April and 139% larger than the average RMSE for the WGEN simulation.  In 

addition, the RMSE of WGEN simulation improves by approximately 50%. 

The results for values of E[S(T)] are similar to the results for values of µ.  The 

WGEN simulation has larger RMSE on average than the GiSTR simulation for values of 

E[S(T)], and the RMSE of each simulation is smaller with the outlier stations removed.  The 

average RMSE for WGEN and GiSTR is 76.96 and 75.51 mm respectively.  For the RMSE 

comparison across all months, shown in Figure 5.39, it is apparent that each simulation has 

similar RMSE for most months.  However, the RMSE of the WGEN simulation in April is 

183.75 mm which is 76% larger than GiSTR in April and 139% larger than the average 

RMSE for WGEN.  In addition, the error of the WGEN simulation improves by 28%.  This 

combination suggests that while removing outliers improves the error of µ and E[S(T)] for 

both simulations, the WGEN simulation still has the largest error for both parameters in a 

“forecast” situation.  This result is in contrast to what was shown in Section 4.2.5, where 

removing the outlier stations caused the WGEN simulation to have less error for values of µ. 

The variance of daily nonzero precipitation (σ2) for each simulation shows similar 

error with the outliers removed to the results shown in Section 5.2.3.2.  While the RMSE for 

each simulation improves, the WGEN simulation has the largest RMSE on average.  The 
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average RMSE for WGEN and GiSTR is 249.43 and 178.67 mm2 respectively.  The RMSE 

comparison for all months, shown in Figure 5.40, indicates several results which are different 

from the earlier results shown in Section 5.2.3.2.  For all months, the GiSTR simulation has 

smaller RMSE than WGEN, which is consistent with the earlier results.  However, while 

each simulation has a peak RMSE in September, the difference between simulations for this 

month is smaller compared to results with outlier stations included.  The RMSE of the 

WGEN simulation in September is 459.10 mm2, which is 14% larger than GiSTR in 

September and 84% larger than the average RMSE for WGEN.  The RMSE of the WGEN 

simulation improves by 70%.  These results indicate an improvement in the error of values of 

σ2 for both simulations, though the GiSTR simulation has the lowest error which is consistent 

with previous results in Chapter 3 and Chapter 4.   

Finally, for the inter-annual variability (Var[S(T)]), there is an improvement in the 

error of this parameter for each simulation with the outlier stations removed.  However, 

although the error of both simulations is improved, the RMSE of the GiSTR simulation is 

smaller than the RMSE for WGEN.  On average, the RMSE of the WGEN and GiSTR 

simulation with outliers removed is 5908.23 and 3017.58 mm2 respectively.  The RMSE 

comparison between simulations by month, shown in Figure 5.41, shows that the GiSTR 

simulation has smaller RMSE than WGEN for most months.  In addition, the comparison 

also shows that the RMSE of WGEN is 18730.42 mm2 in April.  This value is 412% larger 

than the corresponding value for GiSTR and 217% larger than the average RMSE for 

WGEN.  This is an improvement for the WGEN simulation by 85%.  While removing the 

outlier stations improved the RMSE of WGEN for April compared to GiSTR, it is apparent 

that the error of this month is still associated with the error for values of µ.  In contrast, the 

RMSE of WGEN in September with outliers removed is 5971.96 mm2, which is only 23% 

larger than the corresponding value for GiSTR.  This is an improvement for the WGEN 

simulation by 79%.  It has been mentioned that the error of σ2 for the WGEN simulation also 

improved for September with the outlier stations removed.  The improved error of σ2 

translated to an improved error for Var[S(T)], causing the RMSE of WGEN for Var[S(T)] to 

be similar to GiSTR for the month of September.  Although the error of both simulations 
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improves with the outlier stations removed, the WGEN simulation still has larger error than 

the GiSTR simulation, which is consistent with the results of Sections 4.2.3.4 and 4.2.5 and 

Section 5.2.3.4.    

While the results of the error comparison for each parameter are similar the test for 

significance show an interesting result compared to the earlier tests for each of the amount 

parameters. Table 5.20 show the results of the two-sample T-test for the RMSE of µ, σ2, 

E[S(T)], and Var[S(T)] between simulations with the outlier stations removed.  Similarly to 

the results with outlier stations included, there is no significant difference in the RMSE of µ 

and E[S(T)] between simulations.  In contrast, with the outlier stations removed, the RMSE 

of σ2 and Var[S(T)] for the WGEN simulation is significantly larger than GiSTR.  Recall that 

the outlier stations are removed based upon either the RMSE of µ or the RMSE of σ2 

produced by the entire WGEN simulation.  Therefore, it is possible that while certain stations 

which are outlier stations for µare not outlier stations for σ2 which may cause the error of the 

WGEN simulation to be significantly larger for σ2 and by aggregation Var[S(T)].  Regardless 

of the exact reason, this analysis indicates that the GiSTR simulation has lower error for most 

parameters in this “forecast” situation, even with outliers removed, which is consistent with 

the results shown in Chapter 4. 

 

5.2.6. Dry and Wet Spell Frequency Analysis 
 

The frequencies of the dry and wet spells of various lengths are also evaluated for 

each simulation.  Given that the error of the temporal parameters is not different when the 

outlier stations are removed, as described in Section 5.2.5, the dry and wet spells analysis is 

not considered with the outliers removed.  The dry and wet spells frequency in this analysis 

shows similar results to Section 4.2.6, which is also consistent with the results for the 

temporal parameters in Section 5.2.1 and Section 4.2.1.  Figure 5.42 shows the observed 

frequency of wet spells of various lengths in January (a) compared to those produced by the 

WGEN simulation (b), and the GiSTR simulation (c) for all stations in the domain.  For wet 

spells in January, the WGEN simulation underestimates the frequency of one and two day 
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wet spells compared to the GiSTR simulation.  Figure 5.43 shows the observed frequency of 

wet spells of various lengths in July (a) compared to those produced by the WGEN 

simulation (b), and the GiSTR simulation (c) for all stations in the domain.  Similarly for wet 

spells in January, WGEN also underestimates the frequency of one and two day wet spells 

compared the GiSTR simulation. For each month, the WGEN simulation also overestimates 

the frequency of wet spells which are 5 days and longer.   

Figure 5.44 shows the observed frequency of dry spells of various lengths in January 

(a) compared to those produced by the WGEN simulation (b), and the GiSTR simulation (c) 

for all stations in the domain.  Each downscaling simulation matches the pattern of the 

observed dry spell frequencies in the domain.  Figure 5.45 shows the observed frequency of 

dry spells of various lengths in July (a) compared to those produced by the WGEN 

simulation (b), and the GiSTR simulation (c) for all stations in the domain.  Similarly to dry 

spells in January, there is also little difference between the observed dry spell frequencies 

and the frequencies resulting from each downscaling simulation in July.  However, in both 

months the one-day and two-day dry spells are slightly overestimated by the GiSTR 

downscaling simulation and slightly underestimated by the WGEN downscaling simulation.  

These for the dry and wet spells frequencies are consistent for all months, which is consistent 

with the results presented in Chapter 4.  Given the tendency to of the WGEN simulation to 

overestimate the frequency of wet spells longer than five days and to underestimate the 

frequency of wet spells of one or two days and the increased RMSE of P11 it is likely that the 

WGEN simulation overestimates values of P11 across much of the domain.  An overestimate 

of P11 would result make it more likely that the downscaling simulation would produce more 

long wet spells than short wet spells.  It would also cause the frequency of long dry spells to 

be reduced, which is not apparent in this analysis given that the frequency of long dry spells 

for most months is smaller than 0.05 for dry spells longer than ten days.  This is also shown 

by the results in the previous chapter. 

Based upon the analysis in this section, the GiSTR simulation provides the lowest 

error for all parameters, with and without outlier stations, for this “forecast” period.  This 

result is consistent with the results presented in Section 4.2.  However, it is important to note 
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that this analysis and that in Chapter 4 assumes the patterns between generators would be the 

same when used in a downscaling context despite the relationship variation used.  Both 

chapters have shown that this assumption may not be valid, and that the error associated with 

downscaling with WGEN may be more sensitive to the variation used.  Future work in this 

area includes downscaling with all possible combinations of weather generator and 

downscaling variations to determine the influence of each variation on each weather 

generator in the context of downscaling.   

 

5.3. Summary Discussion 
 

5.3.1. Downscaling Simulation Comparison 
 

Section 4.1 and 5.1 focuses on evaluating four variations of the two downscaling 

assumptions described in Chapter 2.  These variations include the LWR-MOM, AW-DFIT, 

LWR-DFIT, and AW-MOM.  The AW-MOM variation is the most commonly used variation 

for downscaling with weather generators.  In Chapter 4, the downscaling focuses on the 

1979-2000 time period while this chapter focuses on the 2001-2009 time period to assess the 

potential errors associated with seasonal forecasting.  Several of the results in this chapter are 

consistent with the results presented in Chapter 4.   

While the summary in Table 5.21 may show some discrepancies between the results 

of this chapter and Chapter 4, the T-tests done in each chapter show that there is no 

significant difference in the RMSE of the temporal parameters (P01, P11, π, and γ) and the 

spatial structure parameters (ρ, ρev, ρam, and ρex) between the downscaling variations.  The 

difference between downscaling simulations is only significant for those parameters 

influencing precipitation amounts (µ, σ2, E[S(T)], and Var[S(T)]).  In Section 5.1, the AW-

DFIT is shown to have the smallest RMSE across the domain for values of µ and E[S(T)], 

which is consistent with the results from Section 4.1.  In addition, the LWR-MOM and 

LWR-DFIT simulations were shown to have significantly larger RMSE for values of µ and 
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E[S(T)] than the AW-DFIT and AW-MOM simulations.  In contrast to the results of Chapter 

4, the AW-MOM simulation is shown to have the smallest RMSE for values of σ2 and the 

AW-DFIT simulation is shown to have the smallest RMSE for values of Var[S(T)].  

However, the T-tests between each downscaling simulation shows that there is no significant 

difference in the RMSE between each simulation for σ2 and Var[S(T)], which is consistent 

with the results from the previous chapter.   

As an additional analysis, the RMSE of each downscaling simulation in the 2001-

2009 time period for each parameter are tested against the RMSE of the corresponding 

simulation for the 1979-2000 time period (from Chapter 4).  For all the temporal parameters, 

the RMSE of each 2001-2009 downscaling simulation is significantly larger than the RMSE 

of the corresponding 1979-2000 downscaling simulation.  For all the spatial structure 

parameters, the RMSE of each 2001-2009 downscaling simulation is not significantly 

different from the RMSE of the corresponding 1979-2000 downscaling simulation.  Finally 

for the amount parameter, the RMSE of µ and E[S(T)]for each downscaling simulation was 

not significantly different between time periods, while the RMSE of σ2 and Var[S(T)]for the 

2001-2009 time period was significantly larger than the 1979-2000 time period.  The RMSE 

of µand E[S(T)] is not significantly different between time periods, sources of error for these 

parameters are similar between time periods.   

For the 1979 to 2000 time period the primary sources of error for µ resulted from 

localized areas where µ is overestimated or underestimated.  For all the 2001-2009 

simulations in this domain, the spatial patterns of the error were similar to the 1979-2000 

time period, with a few exceptions.  For instance, each LWR simulation shows a tendency to 

overestimate values of µ in the northeast corner of the domain, which is consistent with the 

results shown in Chapter 4.  In contrast, each simulation shows a tendency to underestimate 

values of µ in the Carolinas and have less error in Florida in the summer months than the 

1979-2000 simulation.  

Each downscaling simulation does show some small localized sources of error for 

values of σ2 in the domain, which is consistent with the spatial patterns shown in Chapter 4.  

These small sources are in the same locations, but the peak error is in September, compared 
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April and October for the 1979-2000 time period.  The primary sources of error for values of 

σ2 for the 2001-2009 time period are on the northern Gulf Coast, southern Alabama, and the 

east coast of North Carolina.  While the stations with primary sources of error for σ2does not 

change between time periods, the magnitude of error between the two time periods becomes 

larger (by up to 200 mm2 for some stations) which is the cause for the significant increase in 

the RMSE of both σ2 and Var[S(T)] for the 2001-2009 time period.   

There are several possible reasons for why the RMSE of σ2 and Var[S(T)] is 

significantly larger in the 2001-2009 time period for each downscaling simulation.  Consider 

the difference between the observed values of σ2 in each time period.  For the 1979-2000 

time period, shown in Figure 5.46, the observed maximum value of σ2 (in September) is 1600 

mm2 along the northern Gulf Coast and southern Alabama.  For the 2001-2009 time period, 

shown in Figure 5.47, the observed maximum value of σ2 (also in September) is 2300 mm2 in 

eastern Maryland.  In addition, between the two time periods there is a broad increase in σ2 

across the domain of 200 to 300 mm2, which is most evident in summer.  The increase in σ2 

in this time period may be related to decrease length of the time period.  However, this 

increase may also be related to the several extreme events in the 2001-2009 time period.  

First, four hurricanes made landfall in Florida during the 2004 Atlantic hurricane season 

which produced extreme precipitation events, causing the observed values of σ2 to rise and 

reducing the overestimation of σ2 by each downscaling simulation in Florida.  Second, the 

2005 Atlantic hurricane season led to several land falling hurricanes in the Southeast U.S. 

which increases the number of extreme precipitation events and the observed values of σ2.  

Finally, these two wet events across the southeast were followed by the record drought of 

2007.  This dry situation led to a reduction of precipitation events, which would lead to more 

days of zero precipitation.  The result is an extremely dry situation, which would also cause 

the observed values of σ2 to increase.  The combination of extreme wet events and extreme 

dry events during four years of the 2001-2009 time period caused the observed values of σ2 

to increase, which improves the values of σ2 in Florida, but increases the underestimation of 

values of σ2 in the rest of the domain, resulting in the significant increase in the RMSE of σ2 

between time periods.  Given the direct relationship between σ2 and Var[S(T)], this increase 
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in the RMSE of Var[S(T)] between time periods for each downscaling simulation is also 

caused by the increase in the observed values of σ2 which is not captured by any of the 

downscaling simulations.  In that way, one might conclude that 1979-2000 is not 

representative of the extremes observed in 2001-2009.  However, it is also possible that using 

a shorter time period can inherently increase the observed variance.  Finally, in the previous 

chapter, the edge and topographic effects were discussed as the possible causes for the LWR-

MOM simulations and LWR-DFIT simulations having larger error for values of µ.  In these 

simulations, there are very few over or underestimates more than 4 mm of µ on the inland 

edges of the domain.  However, there are several overestimates of µ along the coastlines of 

the domain.  This suggests a possible edge effect with regards to what station information is 

available for the LWR interpolation on the coast.  Without information from buoys, there is a 

lack of offshore information about the required parameters for downscaling, which could be 

source of error in the interpolation.  While this is a possibility, there are several coastal 

stations where the error of µ is less than 4 mm, which suggests that this coastal edge effect is 

not the only possible source of error.  The high error of µ in the western Carolinas and 

northeast Georgia suggests that topography may affect the LWR interpolation, leading to 

overestimates of µ in summer.  However, if topography alone caused the error in this region, 

then it would also be likely that higher error of µ would exist in the northeast corner of 

domain and along the Appalachian Mountains since there is also complex topography in this 

region.  Therefore, topography may not be the only source of error for values of µ in the 

LWR simulations.  Given that the LWR interpolation makes use the elevation at each station 

and at each CFSR grid point, it is possible that the modeled land surface elevation in CFSR is 

too coarse, which could lead to erroneous interpolation when used in the LWR variations.  

Regardless of the sources of error or the difference between time periods or the comparable 

error between variations, there is one common pattern.  For most parameters, there are 

combinations of the two downscaling assumptions which have lower RMSE then the 

commonly used AW-MOM combination.     
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5.3.2. Weather Generator Comparison – Downscaling Context 
 

The second analysis presented in this chapter is an analysis of the difference between 

weather generators used in downscaling when the downscaling assumptions are fixed to the 

LWR-MOM assumptions.  This analysis is done to determine if the error patterns between 

weather generators when they are used for downscaling are consistent with the comparison of 

weather generators presented in Chapter 3 for a non-downscaling context.  The results from 

this analysis, summarized in Table 5.22, mirror the results shown in Chapter 4.  In addition, 

those stations which had outlying error values for the WGEN simulation were removed.  

These results of this additional analysis, summarized in Table 5.23, also reflect most of the 

results presented for the same analysis in Chapter 4.   

While the results for this chapter for the spatial parameters, σ2, and Var[S(T)] are the 

same as the results for the comparison of weather generators in Chapter 3, the remaining 

parameters show the same pattern described in Chapter 4.  For three of the temporal 

parameters (P11, π, and γ) the WGEN simulation has significantly larger RMSE than the 

GiSTR simulation, which is in contrast to the results in Chapter 3.  The error in these 

parameters is reflected in the error in the frequency of dry and wet spells produced by the 

WGEN downscaling simulation.  The overestimation of the frequency of wet spells longer 

than five days suggests that values of P11 are overestimated in this domain.  Since this causes 

to the precipitation amount generation process to be used more often, this may cause the 

errors in the values of all the amount parameters, causing an increase in the error of all the 

amount parameters when WGEN is used for downscaling.  These same issues do not affect 

the GiSTR downscaling simulation which again suggests that the results from WGEN when 

used for downscaling are sensitive to the downscaling assumptions used.  There is one caveat 

in this result.  While the precipitation data at the cross-validation stations were checked for 

quality, it is possible that some of the observations used are poor quality which passed the 

quality control procedure used.   

The results of the evaluation in this chapter and in Chapters 3 and 4 show distinct 

trends in the error of all the downscaling and control simulations evaluated.  However, the 
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results from this evaluation also suggest several recommendations for future work involving 

weather generator downscaling.  In addition, it is important to note that the CFSR is not used 

for seasonal forecasting.  Therefore, while the results of this section provide insight into the 

potential errors associated with using each generator or downscaling variation in 

downscaling seasonal forecasts, it is recommended to expand this analysis to the CFS 

Reforecast.  The CFS Reforecast data comes from the same seasonal forecast model used 

operationally by the Climate Prediction Center.  Therefore, expanding this analysis to the 

Reforecast will help to determine the ability of each generator and simulation to downscale 

seasonal forecasts of precipitation in the region.  The next chapter discusses the conclusions 

drawn from this research, the caveats, and the future work possible in studying downscaling 

with weather generators, and the potential applications to seasonal forecasting and crop, 

hydrology, and climate change modeling.  
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Table 5.1. RMSE Comparison for each 2001-2009 downscaling simulation across the 
Southeast U.S. for value of P01. 
 

month LWR-MOM AW-DFIT LWR-DFIT AW-MOM 
1 0.137 0.141 0.157 0.135 
2 0.0981 0.0991 0.0987 0.0995 
3 0.106 0.105 0.112 0.113 
4 0.105 0.115 0.114 0.113 
5 0.0924 0.0922 0.0883 0.0955 
6 0.0840 0.0847 0.0958 0.0879 
7 0.0805 0.0740 0.0815 0.0782 
8 0.104 0.111 0.105 0.106 
9 0.132 0.124 0.128 0.140 
10 0.0984 0.0855 0.113 0.102 
11 0.127 0.131 0.114 0.133 
12 0.123 0.122 0.124 0.120 

     average 0.107 0.107 0.111 0.110 
 
 
 
Table 5.2. RMSE Comparison for each 2001-2009 downscaling simulation across the 
Southeast U.S. for value of P11. 
 
month LWR-MOM AW-DFIT LWR-DFIT AW-MOM 

1 0.122 0.115 0.122 0.121 
2 0.135 0.128 0.127 0.140 
3 0.106 0.100 0.0941 0.0940 
4 0.117 0.114 0.112 0.123 
5 0.120 0.121 0.136 0.131 
6 0.119 0.132 0.136 0.127 
7 0.128 0.129 0.143 0.126 
8 0.125 0.124 0.135 0.139 
9 0.132 0.131 0.134 0.128 
10 0.147 0.129 0.132 0.133 
11 0.0953 0.107 0.104 0.114 
12 0.122 0.113 0.119 0.116 

     average 0.122 0.120 0.124 0.124 
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Table 5.3. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the Markov Transition Probabilities (P01 and P11).  P-values in red 
indicate that either the first simulation has a significantly larger or smaller RMSE than 
the second.  The Difference in the Average RMSE indicates is the difference between 
the average RMSE of the first simulation and the average RMSE of the second 
simulation. 
 

  
P01 

 
P11 

 

Simulations Compared 

Difference in 
the Average 

RMSE P-value 

Difference in 
the Average 

RMSE P-value 
LWR-MOM AW-DFIT 0.000153 0.492 0.00231 0.320 
LWR-MOM LWR-DFIT -0.00387 0.314 -0.00194 0.370 
LWR-MOM AW-MOM -0.00309 0.346 -0.00202 0.353 
AW-DFIT LWR-DFIT -0.00402 0.316 -0.00425 0.212 
AW-DFIT AW-MOM -0.00324 0.347 -0.00434 0.183 
LWR-DFIT AW-MOM 0.000784 0.462 -8.60E-05 0.494 

 
 
 
 
 
 
 
Table 5.4. Summary of Two-sample T-test results on the RMSE of the Markov 
Transition Probabilities (P01 and P11) for each 2001-2009 downscaling simulation with 
the corresponding 1979-2000 downscaling simulation.  P-values in red indicate that the 
RMSE of the 2001-2009 simulation is significantly larger than the 1979-2000 
simulation. 
 

 
P01 

 
P11 

 
Simulation 

Difference in 
Average RMSE P-value 

Difference in 
Average RMSE P-value 

LWR-MOM 0.0517 2.370E-07 0.0617 4.363E-11 
AW-DFIT 0.0504 6.437E-07 0.0607 2.875E-13 

LWR-DFIT 0.0561 1.019E-07 0.0621 4.501E-10 
AW-MOM 0.0525 2.393E-07 0.0624 8.215E-12 
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Table 5.5. RMSE Comparison for each 2001-2009 downscaling simulation across the 
Southeast U.S. for values of the conditional probability of rain (π). 
 

month LWR-MOM AW-DFIT LWR-DFIT AW-MOM 
1 0.135 0.139 0.147 0.132 
2 0.104 0.105 0.102 0.112 
3 0.0820 0.0852 0.0876 0.0913 
4 0.105 0.108 0.107 0.118 
5 0.0950 0.0945 0.0934 0.0950 
6 0.0851 0.0833 0.101 0.0821 
7 0.0924 0.0881 0.0977 0.0887 
8 0.0999 0.104 0.100 0.100 
9 0.109 0.103 0.106 0.113 
10 0.104 0.0921 0.114 0.0951 
11 0.113 0.119 0.108 0.131 
12 0.118 0.111 0.118 0.112 

     average 0.103 0.103 0.107 0.106 
 
 
 
Table 5.6. RMSE Comparison for each 2001-2009 downscaling simulation across the 
Southeast U.S. for values of persistence (γ). 
 

Month LWR-MOM AW-DFIT LWR-DFIT AW-MOM 
1 0.138 0.128 0.148 0.142 
2 0.136 0.119 0.133 0.123 
3 0.163 0.151 0.154 0.151 
4 0.128 0.139 0.140 0.128 
5 0.137 0.142 0.153 0.155 
6 0.141 0.160 0.145 0.161 
7 0.130 0.129 0.139 0.129 
8 0.153 0.156 0.164 0.173 
9 0.208 0.201 0.204 0.210 
10 0.170 0.149 0.154 0.174 
11 0.146 0.153 0.141 0.146 
12 0.132 0.134 0.131 0.134 

     average 0.148 0.147 0.150 0.152 
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Table 5.7. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the unconditional probability of rain (π) and persistence (γ).  P-values 
in red indicate that either the first simulation has a significantly larger or smaller 
RMSE than the second.  The Difference in the Average RMSE is the difference between 
the average RMSE of the first simulation and the average RMSE of the second 
simulation. 
 

  
π 

 
γ 

 

Simulations Compared 

Difference in 
the Average 

RMSE P-value 

Difference in 
the Average 

RMSE P-value 
LWR-MOM AW-DFIT 0.000735 0.453 0.00171 0.426 
LWR-MOM LWR-DFIT -0.00341 0.291 -0.00196 0.412 
LWR-MOM AW-MOM -0.00245 0.351 -0.00376 0.351 
AW-DFIT LWR-DFIT -0.00414 0.260 -0.00366 0.332 
AW-DFIT AW-MOM -0.00319 0.315 -0.00547 0.284 

LWR-DFIT AW-MOM 0.000952 0.442 -0.00181 0.422 
 
 
 
 
 
 
 
Table 5.8. Summary of Two-sample T-test results on the RMSE of the unconditional 
probability of rain (π) and persistence (γ) for each 2001-2009 downscaling simulation 
with the corresponding 1979-2000 downscaling simulation.  P-values in red indicate 
that the RMSE of the 2001-2009 simulation is significantly larger than the 1979-2000 
simulation. 
 

 
π 

 
γ 

 
Simulation 

Difference in 
Average RMSE P-value 

Difference in Average 
RMSE P-value 

LWR-MOM 0.0738 8.7E-12 0.0418 1.69E-05 
AW-DFIT 0.0720 2.44E-11 0.0401 1.13E-05 

LWR-DFIT 0.0756 8.8E-12 0.0443 1.2E-06 
AW-MOM 0.0737 5.84E-11 0.0429 3.1E-05 
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Table 5.9. Average RMSE for each 2001-2009 downscaling simulation for each 
correlation matrix. 
 
Parameter LWR-MOM AW-DFIT LWR-DFIT AW-MOM 

ρ 0.144 0.143 0.148 0.145 
ρev 0.0991 0.0980 0.0993 0.0878 
ρam 0.180 0.178 0.188 0.173 
ρex 0.121 0.124 0.123 0.117 

 

 
 
 
 
 
Table 5.10. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the mean daily nonzero precipitation (µ) and the variance of the daily 
nonzero precipitation(σ2).  P-values in red indicate that either the first simulation has a 
significantly larger or smaller RMSE than the second.  The Difference in the Average 
RMSE is the difference between the average RMSE of the first simulation and the 
average RMSE of the second simulation. 
 

  
µ 

 
σ2 

 

Simulations Compared 

Difference in 
the Average 
RMSE (mm) P-value 

Difference in 
the Average 

RMSE (mm2) P-value 
LWR-MOM AW-DFIT 2.113 0.000443 -2.813 0.467 
LWR-MOM LWR-DFIT 0.148 0.395 -4.634 0.442 
LWR-MOM AW-MOM 1.598 0.00448 5.700 0.430 
AW-DFIT LWR-DFIT -1.965 5.49E-06 -1.820 0.478 
AW-DFIT AW-MOM -0.515 0.0590 8.513 0.401 

LWR-DFIT AW-MOM 1.450 0.00052 10.333 0.373 
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Table 5.11. Summary of Two-sample T-test results on the RMSE the mean daily 
nonzero precipitation (µ) and the variance of the daily nonzero precipitation(σ2).  P-
values in red indicate that the RMSE of the 2001-2009 simulation is significantly larger 
than the corresponding RMSE of the 1979-2000 simulation. 
 

 
µ 

 
σ2 

 

Simulation 

Difference in 
Average RMSE 

(mm) P-value 

Difference in 
Average RMSE 

(mm2) P-value 
LWR-MOM 0.784 0.124 70.194 0.00708 
AW-DFIT 0.255 0.236 48.054 0.0549 

LWR-DFIT 0.735 0.0904 70.650 0.00568 
AW-MOM 0.323 0.251 63.988 0.0145 

 
 
 
 
 
 
Table 5.12. Summary of Two-sample T-test results comparing downscaling simulations 
for the RMSE of the average total precipitation (E[S(T)]) and the inter-annual 
variability(Var[S(T)]).  P-values in red indicate that either the first simulation has a 
significantly larger or smaller RMSE than the second.  The Difference in the Average 
RMSE indicates is the difference between the average RMSE of the first simulation and 
the average RMSE of the second simulation. 
 

  
E[S(T)] 

 
Var[S(T)] 

 

Simulations Compared 

Difference in 
the Average 
RMSE (mm) P-value 

Difference in 
the Average 

RMSE (mm2) P-value 
LWR-MOM AW-DFIT 26.159 0.00184 749.914 0.0590 
LWR-MOM LWR-DFIT 3.875 0.324 86.950 0.425 
LWR-MOM AW-MOM 16.953 0.0258 715.727 0.0625 
AW-DFIT LWR-DFIT -22.284 0.00115 -662.96 0.0674 
AW-DFIT AW-MOM -9.206 0.0769 -34.186 0.468 

LWR-DFIT AW-MOM 13.078 0.0346 628.777 0.0710 
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Table 5.13. Summary of Two-sample T-test results on the RMSE of the average total 
precipitation (E[S(T)]) and the inter-annual variability(Var[S(T)])for each 2001-2009 
simulation with the corresponding 1979-2000 simulation.  P-values in red indicate that 
the RMSE of the 2001-2009 simulation is significantly larger than the 1979-2000 
simulation. 
 

 
E[S(T)] 

 
Var[S(T)] 

 

Simulation 

Difference in 
Average RMSE 

(mm)  P-value 

Difference in 
Average RMSE 

(mm2)  P-value 
LWR-MOM 14.242 0.0776 996.405 0.0115 
AW-DFIT 9.5101 0.0912 634.615 0.0339 

LWR-DFIT 11.789 0.0768 917.913 0.00980 
AW-MOM 10.565 0.0876 757.169 0.0146 

 

 
 
 
Table 5.14. Comparison of the RMSE of the Markov Transition Probabilities (P01 and 
P11) between the GiSTR downscaling simulation and the WGEN downscaling 
simulation.  Time period of 2001-2009. 
 

 
P01 

 
P11 

 Month GiSTR WGEN GiSTR WGEN 
1 0.137 0.149 0.122 0.284 
2 0.0981 0.116 0.135 0.333 
3 0.106 0.114 0.106 0.247 
4 0.105 0.120 0.117 0.235 
5 0.0924 0.0832 0.120 0.221 
6 0.0840 0.104 0.119 0.204 
7 0.0805 0.0941 0.128 0.215 
8 0.104 0.0842 0.125 0.220 
9 0.132 0.0880 0.132 0.201 
10 0.0984 0.0880 0.147 0.233 
11 0.126 0.106 0.0953 0.249 
12 0.123 0.132 0.122 0.292 

     average 0.107 0.107 0.122 0.244 
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Table 5.15. Comparison of the RMSE of the unconditional probability of rain (π) and 
persistence (γ) between the GiSTR downscaling simulation and the WGEN downscaling 
simulation.  Time period of 2001-2009. 
 

 
π 

 
γ 

 Month GiSTR WGEN GiSTR WGEN 
1 0.135 0.269 0.138 0.218 
2 0.104 0.245 0.136 0.299 
3 0.0820 0.215 0.163 0.221 
4 0.105 0.180 0.128 0.252 
5 0.0950 0.152 0.137 0.232 
6 0.0851 0.153 0.141 0.242 
7 0.0925 0.130 0.130 0.260 
8 0.0999 0.144 0.153 0.243 
9 0.109 0.163 0.208 0.196 
10 0.104 0.181 0.170 0.218 
11 0.113 0.197 0.146 0.243 
12 0.118 0.230 0.132 0.275 

     average 0.103 0.188 0.148 0.242 
 

 
 
 
 
 
Table 5.16. Summary of the two-sample T-test results for the Markov Transition 
Probabilities (P01 and P11), the unconditional probability of rain (π), and persistence (γ).  
P-values in red indicate that the RMSE of that parameter for WGEN is significantly 
larger than the RMSE of that parameter for GiSTR.  Time period of 2001-2009. 
 

Parameter Difference in Average RMSE (WGEN - GiSTR) P-value 
P01 -0.00065 0.468 
P11 0.122 8.53E-08 
π 0.0850 1.17E-05 
γ 0.0932 6.83E-09 
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Table 5.17. Summary of two-sample T-test results for the RMSE of the correlation 
matrix of precipitation (ρ), the correlation matrix of precipitation events (ρev), the 
correlation matrix of precipitation amounts(ρam), and the correlation matrix of 
precipitation extreme events(ρex).  P-values in red indicate that the RMSE of that 
parameter for WGEN is significantly larger than the RMSE for GiSTR. 
 

Parameter Difference in Average RMSE (WGEN - GiSTR) P-values 
ρ 0.123 0.000191 

ρev 0.209 6.04E-08 
ρam 0.102 2.99E-06 
ρex 0.0417 0.00962 

 
 
 
 
 
 
Table 5.18. Summary of two-sample T-test results from the RMSE of the correlation 
matrix of precipitation (ρ), the correlation matrix of precipitation events (ρev), the 
correlation matrix of precipitation amounts(ρam), and the correlation matrix of 
precipitation extreme events(ρex)between each 2001-2009 simulation and its Control 
from Chapter 3.  The Difference in the Average RMSE is the Simulation – Control.  P-
values in red indicate that the RMSE of that simulation is larger than the Control 
simulations. 
 

 
GiSTR 

 
WGEN 

 
Parameter 

Difference in 
Average RMSE  P-value 

Difference in 
Average RMSE  P-value 

ρ 0.0178 0.142 0.00482 0.446 
ρev 0.0262 1.11E-05 0.00518 0.423 
ρam 0.0453 6.16E-08 0.0383 0.0432 
ρex 0.0164 0.0773 -0.119 0.0873 
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Table 5.19. Summary of the two-sample T-test results for the mean daily nonzero 
precipitation (µ), the variance of the daily nonzero precipitation (σ2), the average total 
precipitation (E[S(T)]), and the inter-annual variability (Var[S(T)]).  P-values in red 
indicate that the RMSE of that parameter for the WGEN simulation is significantly 
larger than the RMSE of that parameter for GiSTR simulation. 
 

Parameter Difference in Average RMSE (WGEN - GiSTR) P-value 
µ 1.451 mm 0.242 
σ2 160.02 mm2 0.0863 

E[S(T)] 6.476 mm 0.362 
Var[S(T)] 13512.5 mm2 0.105 

 
 
 
 
 
 
Table 5.20. Summary of the two-sample T-test results for the mean daily nonzero 
precipitation (µ), the variance of the daily nonzero precipitation (σ2), the average total 
precipitation (E[S(T)]), and the inter-annual variability (Var[S(T)]).  P-values in red 
indicate that the RMSE of that parameter for the WGEN simulation is significantly 
larger than the RMSE of that parameter for GiSTR simulation. Outlier stations 
removed. 
 

Parameter Difference in Average RMSE (WGEN - GiSTR) P-value 
µ 0.449 0.463 
σ2 70.756 0.0254 

E[S(T)] 1.454 0.456 
Var[S(T)] 2890.649 0.0209 
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Table 5.21. Summary of results from Chapters 4 and 5 for the downscaling simulation 
comparison by parameter. 
 

Parameter 

Best Downscaling 
Variation from 

Chapter 4 

Best Downscaling 
Variation from 

Chapter 5 
Probability of a wet day following a dry day 

(P01) 
LWR-MOM and 

LWR-DFIT 
LWR-MOM and 

AW-DFIT 
Probability of a wet day following a wet day 

(P11) AW-DFIT AW-DFIT 

Unconditional Probability of Rain (π) LWR-MOM 
LWR-MOM and 

AW-DFIT 

Persistence (γ) LWR-MOM 
LWR-MOM and 

AW-DFIT 

Precipitation correlation matrix (ρ) LWR-MOM 
LWR-MOM and 

AW-DFIT 

Precipitation event correlation matrix (ρev) LWR-MOM 
LWR-MOM and 

AW-DFIT 

Precipitation amount correlation matrix (ρam) LWR-MOM 
LWR-MOM and 

AW-DFIT 
Precipitation extreme event correlation matrix 

(ρex) LWR-MOM 
LWR-MOM and 

AW-DFIT 
Mean daily nonzero precipitation amounts (µ) AW-DFIT AW-DFIT 

Variance of daily nonzero precipitation 
amounts (σ2) LWR-MOM 

LWR-MOM and 
AW-MOM 

Average monthly total precipitation (E[S(T)]) AW-DFIT AW-DFIT 
Variance of the monthly total precipitation / 

Inter-annual Variability (Var[S(T)]) AW-MOM 
AW-DFIT and AW-

MOM 
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Table 5.22. Comparison Table between the Control (full details in Chapter 3), 1979-
2000 downscaling simulations, and 2001-2009 downscaling simulations in the Southeast 
U.S.  Comparison includes GiSTR and WGEN only. 
 

Parameter 

Best control 
simulation 
(Chapter 3) 

Best Downscaling 
simulation 
(Chapter 4) 

Best Downscaling 
Simulation 
(Chapter 5) 

Probability of a wet day 
following a dry day (P01) 

WGEN both both 

Probability of a wet day 
following a wet day (P11) 

WGEN GiSTR GiSTR 

Unconditional Probability of 
Rain (π) WGEN GiSTR GiSTR 

Persistence (γ) WGEN GiSTR GiSTR 
Precipitation correlation 

matrix (ρ) GiSTR GiSTR GiSTR 

Precipitation event 
correlation matrix (ρev) 

GiSTR GiSTR GiSTR 

Precipitation amount 
correlation matrix (ρam) GiSTR GiSTR GiSTR 

Precipitation extreme event 
correlation matrix (ρex) 

GiSTR GiSTR GiSTR 

Mean daily nonzero 
precipitation amounts (µ) WGEN both Both 

Variance of daily nonzero 
precipitation amounts (σ2) GiSTR GiSTR GiSTR 

Average monthly total 
precipitation (E[S(T)]) WGEN both Both 

Variance of the monthly total 
precipitation / Inter-annual 

Variability (Var[S(T)]) 
GiSTR GiSTR GiSTR 
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Table 5.23. Comparison Table between downscaling simulations in the Southeast U.S.  
Comparison includes GiSTR and WGEN only, with outlier stations removed. 
 

Parameter 
Best downscaling 

simulation (Chapter 4) 
Best downscaling 

simulation (Chapter 5) 
Probability of a wet day following a 

dry day (P01) both both 
Probability of a wet day following a 

wet day (P11) GiSTR GiSTR 
Unconditional Probability of Rain 

(π) GiSTR GiSTR 
Persistence (γ) GiSTR GiSTR 

Precipitation correlation matrix (ρ) GiSTR GiSTR 
Precipitation event correlation 

matrix (ρev) GiSTR GiSTR 
Precipitation amount correlation 

matrix (ρam) GiSTR GiSTR 
Precipitation extreme event 

correlation matrix (ρex) GiSTR GiSTR 
Mean daily nonzero precipitation 

amounts (µ) WGEN GiSTR 
Variance of daily nonzero 
precipitation amounts (σ2) GiSTR GiSTR 

Average monthly total precipitation 
(E[S(T)]) GiSTR GiSTR 

Variance of the monthly total 
precipitation / Inter-annual 

Variability (Var[S(T)]) WGEN GiSTR 
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Figure 5.1. Cross Validation station map for 2001-2009. 
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Figure 5.2. RMSE of each downscaling simulation by month for the correlation matrix 
of precipitation (ρ) (a), the correlation matrix of precipitation events (ρev) (b), the 
correlation matrix of precipitation amounts(ρam) (c), and the correlation matrix of 
precipitation extreme events(ρex) (d). 
 
 

(a) (b) 

(c) (d) 
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Figure 5.3. Average Decay Function Correlogram for each simulation compared to 
observations for January for precipitation (a), precipitation events (b), precipitation 
amounts (c), and precipitation extreme events (d). 2001-2009 time period. 
 

 

 

(a) (b) 

(c) (d) 
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Figure 5.4. Average Decay Function Correlogram for each simulation compared to 
observations for July for precipitation (a), precipitation events (b), precipitation 
amounts (c), and precipitation extreme events (d). 2001-2009 time period. 
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(c) (d) 
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Figure 5.5. RMSE Comparison between 2001-2009 downscaling simulations for mean 
daily nonzero precipitation (µ). 
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Figure 5.6. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) for each of the 2001-2009 downscaling simulations: LWR-MOM (a), 
AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for January. 
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Figure 5.7. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) for each of the 2001-2009 downscaling simulations: LWR-MOM (a), 
AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for June. 



 

333 

 
 
 
 
 
 

 
 
 
 

 
 
 
 

(a) 



 

334 

 
 
 
 
 
 

 
 

 
 
 
 
 
 

(b) 



 

335 

 
 
 
 
 

 
 

 
 
 
 
 
 
 

(c) 



 

336 

 
 
 
 
 

 
 
 
 
 
 
 
 
 

(d) 



 

337 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.8. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) for each of the 2001-2009 downscaling simulations: LWR-MOM (a), 
AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for September. 
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Figure 5.9. RMSE Comparison between 2001-2009 downscaling simulations for the 
variance of the daily nonzero precipitation (σ2). 
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Figure 5.10. Difference between generated and observed values of the variance of the 
daily nonzero precipitation (σ2) for each of the 2001-2009 downscaling simulations: 
LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for April. 
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Figure 5.11. Difference between generated and observed values of the variance of the 
daily nonzero precipitation (σ2) for each of the 2001-2009 downscaling simulations: 
LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for September. 
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Figure 5.12. Difference between generated and observed values of the variance of the 
daily nonzero precipitation (σ2) for each of the 2001-2009 downscaling simulations: 
LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and AW-MOM (d) for October. 
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Figure 5.13. RMSE Comparison between 2001-2009 downscaling simulations for the 
average total precipitation (E[S(T)]). 
 

 
Figure 5.14. RMSE Comparison between 2001-2009 downscaling simulations for the 
inter-annual variability (Var[S(T)]). 
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Figure 5.15. Observed vs. Generated PDFs of nonzero precipitation for station 090969 
in Blairsville, GA for January for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and 
AW-MOM (d). 
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Figure 5.16. Observed vs. Generated PDFs of nonzero precipitation for station 319457 
in Wilmington, NC for January for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 
and  AW-MOM (d). 
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Figure 5.17. Observed vs. Generated PDFs of nonzero precipitation for station 286026 
in Newark, NJ for January for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and 
AW-MOM (d). 
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Figure 5.18. Observed vs. Generated PDFs of nonzero precipitation for station 090969 
in Blairsville, GA for September for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 
and AW-MOM (d). 
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Figure 5.19. Observed vs. Generated PDFs of nonzero precipitation for station 319457 
in Wilmington, NC for September for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), 
and AW-MOM (d). 
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Figure 5.20. Observed vs. Generated PDFs of nonzero precipitation for station 286026 
in Newark, NJ for September for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and 
AW-MOM (d). 
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Figure 5.21. Observed vs. Generated PDFs of nonzero precipitation for station 092283 
in Cornelia, GA for September for LWR-MOM (a), AW-DFIT (b), LWR-DFIT (c), and 
AW-MOM (d). 
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Figure 5.22. Boxplots of January Wet Spell Frequencies in 2001-2009 for observations 
(a), LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d) and AW-MOM (e). 
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Figure 5.23. Boxplots of July Wet Spell Frequencies in 2001-2009 for observations (a), 
LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d) and AW-MOM (e). 
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Figure 5.24. Boxplots of January Dry Spell Frequencies in 2001-2009 for observations 
(a), LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d) and AW-MOM (e). 
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Figure 5.25. Boxplots of July Dry Spell Frequencies in 2001-2009 for observations (a), 
LWR-MOM (b), AW-DFIT (c), LWR-DFIT (d) and AW-MOM (e). 
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Figure 5.26. RMSE of the WGEN and GiSTR downscaling simulation by month for the 
correlation matrix of precipitation (ρ) (a), the correlation matrix of precipitation events 
(ρev) (b), the correlation matrix of precipitation amounts(ρam) (c), and the correlation 
matrix of precipitation extreme events(ρex) (d). Time period of 2001-2009. 
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Figure 5.27. Average Decay Function Correlogram for WGEN and GiSTR compared to 
observations for January for precipitation (a), precipitation events (b), precipitation 
amounts (c), and precipitation extreme events (d). 2001-2009 time period. 
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Figure 5.28. Average Decay Function Correlogram for WGEN and GiSTR compared to 
observations for July for precipitation (a), precipitation events (b), precipitation 
amounts (c), and precipitation extreme events (d). 2001-2009 time period. 
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Figure 5.29. RMSE Comparison between downscaling simulations for mean daily 
nonzero precipitation (µ).  2001-2009 time period. 
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Figure 5.30. Difference between generated and observed values of mean daily nonzero 
precipitation (µ) for the WGEN simulation (a) and the GiSTR simulation (b) in April. 
2001-2009 time period. 
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Figure 5.31. RMSE Comparison between downscaling simulations for the variance of 
daily nonzero precipitation (σ2).  2001-2009 time period. 
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Figure 5.32. Difference between generated and observed values of the variance of daily 
nonzero precipitation (σ2). for the WGEN simulation (a) and the GiSTR simulation (b) 
in September. 2001-2009 time period. 
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Figure 5.33. RMSE Comparison between downscaling simulations for the average total 
precipitation (E[S(T)]).  2001-2009 time period. 
 

 
Figure 5.34. RMSE Comparison between downscaling simulations for the inter-annual 
variability(Var[S(T)]).  2001-2009 time period. 
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Figure 5.35. Difference between generated and observed values of the mean daily 
nonzero precipitation(µ) (a) and the variance of daily nonzero precipitation (σ2). (b) in 
January for the WGEN downscale simulation. 2001-2009 time period. 
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Figure 5.36. Difference between generated and observed PDF of nonzero precipitation 
for station 091345 in Brunswick, GA for the WGEN simulation in April. 
 

 
Figure 5.37. Difference between generated and observed PDF of nonzero precipitation 
for a station 092485 near Lake Wales, FL for the WGEN simulation in September. 
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Figure 5.38. RMSE Comparison between downscaling simulations for the mean daily 
nonzero precipitation (µ).  2001-2009 time period.  Outlier stations removed. 
 

 

 
Figure 5.39. RMSE Comparison between downscaling simulations for the average total 
precipitation (E[S(T)]).  2001-2009 time period.  Outlier stations removed. 
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Figure 5.40. RMSE Comparison between downscaling simulations for the variance of 
daily nonzero precipitation (σ2)..  2001-2009 time period.  Outlier stations removed. 
 

 

 
Figure 5.41. RMSE Comparison between downscaling simulations for the inter-annual 
variability(Var[S(T)]).  2001-2009 time period.  Outlier stations removed. 
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Figure 5.42. Boxplots of the frequency of wet spells of various lengths for January for 
observations (a), WGEN simulation (b), and GiSTR simulation (c).  2001-2009 time 
period. 
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Figure 5.43. Boxplots of the frequency of wet spells of various lengths for July for 
observations (a), WGEN simulation (b), and GiSTR simulation (c).  2001-2009 time 
period. 
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Figure 5.44. Boxplots of the frequency of dry spells of various lengths for January for 
observations (a), WGEN simulation (b), and GiSTR simulation (c).  2001-2009 time 
period. 
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Figure 5.45. Boxplots of the frequency of dry spells of various lengths for July for 
observations (a), WGEN simulation (b), and GiSTR simulation (c).  2001-2009 time 
period. 
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Figure 5.46. Observed values of the variance of daily nonzero precipitation (σ2) for the 
1979-2000 time period across the domain for September. 
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Figure 5.47. Observed values of the variance of daily nonzero precipitation (σ2) for the 
2001-2009 time period across the domain for September. 
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Chapter 6. Conclusions and Future Work 
 

This study focuses on evaluating three weather generators which are used for 

downscaling precipitation across the Southeast U.S.  The weather generators are evaluated 

for the ability to replicate the observed statistics of precipitation in the 1979-2000 time 

period.  These weather generators are evaluated for two separate domains: a smaller domain 

covering only North Carolina, and a larger domain extending over the Southeast U.S.  A 

single weather generator is then used to evaluate the error associated with four variations of 

the two assumptions in the scaling relationship used for downscaling with weather 

generators.  This analysis was under the assumption that the error for each downscaling 

variation would be similar regardless of the generator used.  Finally, two of the three 

generators, using the same variation of the downscaling assumptions, were compared to 

determine if the error patterns are similar to those shown when each generator is not used for 

downscaling.  These two analyses were performed using CFSR data for the base period of 

1979-2000 and a forecast period of 2001-2009. The conclusions resulting from each of these 

analyses are presented based on each of the main questions to be answered as part of this 

study.  Recommendations for future work and the caveats of this research are also presented 

in this Chapter. 

 

6.1. Summary and Conclusions 
 

The previous three chapters provided full details regarding the analyses performed in this 

study.  The major conclusions drawn from this research are presented based upon the major 

study questions described below (also in Chapter 1). 

 

• What are the strengths and weaknesses of each generator in each domain? 

• What seasonal/spatial trends (if any) are present in the error of each generator?  

• What are the strengths and weaknesses of different approaches used to downscaling 

with weather generators?  
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• Are there seasonal/spatial trends in the error of each approach? 

• What are the possible physical causes for this error? That is, what climatological 

phenomena may not be captured by each generator/downscaling simulation?  

 

Each analysis in this study made use of a set of parameters which are common to each 

weather generator and commonly referred to in literature for downscaling with weather 

generators.  For reference in this chapter the parameter descriptions from Chapter 2 are 

included in Table 6.1.  This breakdown of the results by each major study question will be 

followed by some general conclusions from the study as a whole. 

 

What are the strengths and weaknesses of each generator in each domain? 

 

While there are some discrepancies regarding the error of each generator between 

domains, there are several patterns generally observed which are consistent between 

domains.  For the temporal parameters reflecting the occurrence of precipitation events, 

WGEN has the lowest error when replicating these parameters across the domain.  In 

contrast, GiST and GiSTR have larger error for replicating these parameters.  However, 

while GiST and GiSTR have larger error for these parameters, the difference in error 

compared to WGEN is less than 0.08 on average.  In addition, each generator is equally 

capable of reproducing dry and wet spells of various lengths across the entire domain.  This 

suggests that although both GiST and GiSTR have a slightly higher error than WGEN for 

replicating these parameters the difference is negligible in practice.  GiST and GiSTR are 

shown to have substantially lower error replicating the spatial structure.  WGEN has the 

highest error when replicating spatial structure (by 0.09 to 0.24).   

 

These results are consistent with the structure of each weather generator.  By design, 

GiST and GiSTR consider both the spatial and temporal structure of events and amounts 

when simulating precipitation.  In contrast, WGEN does not consider spatial structure during 

its generation process.  This lack of spatial structure in either the event generation or amount 
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generation process leads to the increased error with regards to spatial structure.  However, 

while GiST and GiSTR consider spatial structure, the joint consideration of both spatial and 

temporal structure is a potential cause for the increased error with regards to temporal 

parameters related to precipitation occurrence.  Regardless, while WGEN is able to capture 

the occurrence of precipitation amounts it cannot replicate the dominant spatial structure of 

precipitation and how that structure changes during the year.  That is, WGEN is not capable 

of distinguishing between different spatial structures of precipitation such as such as mid-

latitude cyclones and frontal precipitation or isolated convective processes.   

For parameters reflecting precipitation amounts, there are several consistent features 

between domains.  First, GiST has the lowest error when replicating the mean daily nonzero 

precipitation amounts (0.46 mm for the North Carolina domain, 0.75 mm for the Southeast 

U.S. domain), while GiSTR has the largest error (4.83 mm for the North Carolina domain, 

2.49 mm for the Southeast U.S. domain).  Second, GiSTR has the lowest error (65.85 mm2 

for the North Carolina domain, 81.18 mm2for the Southeast U.S. domain) when replicating 

the variance of daily nonzero precipitation, while GiST has the largest error (122.49 mm2 for 

the North Carolina domain, 124.08 mm2 for the Southeast U.S. domain).  GiSTR is shown to 

overestimate values of the mean daily nonzero precipitation for most stations in both 

domains.  The impact of this error pattern is that the GiST generator is more able to capture 

normal precipitation amounts than both GiSTR and WGEN.  However, the variance of daily 

nonzero precipitation is representative of the variability associated with extreme precipitation 

events, both extreme wet and dry spells.  Therefore the impact of this shows that while GiST 

is capable of capturing normal precipitation amounts, GiST does not capture the variability 

associated with extreme precipitation events, including droughts and hurricanes.  Recall that 

for the generation of precipitation amounts the only difference between each generator is that 

GiSTR generates extreme precipitation events with an extra gamma distribution.  This extra 

gamma distribution re-samples the extreme events causing them to occur more frequently.  

The overestimation of the mean daily nonzero precipitation by GiSTR reflects both the 

increased sampling associated with the extra gamma distribution and the overlap of this extra 
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gamma distribution with the regular gamma distribution which reflects smaller precipitation 

amounts.   

While the process used by GiSTR to re-sample precipitation extremes causes the 

mean daily nonzero precipitation to be overestimated, it also improves the ability of GiSTR 

to replicate the variance of the daily nonzero precipitation.  While both GiST and WGEN 

make use of a single gamma distribution to represent all precipitation amounts, GiST was 

shown to have a significantly smaller error for the mean daily nonzero precipitation and 

larger error for the variance of the daily nonzero precipitation.  WGEN slightly overestimates 

the mean daily nonzero precipitation across for most stations, and underestimates the 

variance of daily precipitation for coastal stations.  GiST also underestimates the variance of 

daily nonzero precipitation for the same locations as WGEN with a larger magnitude.  

 For the amount generation process of each weather generator, the major difference is 

that GiST uses the spatial correlation of precipitation amounts in that process while WGEN 

does not.  As such, it can be concluded that considering the spatial structure improves the 

ability of GiST to replicate mean daily nonzero precipitation amounts, but increases the error 

of GiST for replicating the variance of nonzero precipitation.  GiST also has the lowest error 

(between 8.44 and 11.64 mm on average) for replicating values of the average total 

precipitation for both domains.  However, the error for each generator for the inter-annual 

variability is not consistent between domains.  WGEN has the smallest error (923.39 mm2on 

average) for the North Carolina domain, while GiSTR has the smallest error (836.89 mm2on 

average) in the Southeast U.S. domain.  Recall that values for the inter-annual variability are 

affected by the error of both the mean and the variance of the daily nonzero precipitation.  In 

addition, it was also shown in Chapter 3 that GiSTR has a larger error for values of the mean 

daily nonzero precipitation in the North Carolina domain (4.83mm) than in the Southeast 

U.S. domain (2.49mm).  This difference is the likely cause for the change in which generator 

is best for replicating the inter-annual variability.  The average total precipitation and the 

inter-annual variability indicate the total precipitation during a period and the variability of 

precipitation during that period.  On a monthly or seasonal time scale, these represent the 

average total precipitation in a month or season, and the inter-annual variability is 
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representative of the climatic variability during that period.  Historically, the inter-annual 

variability has been a major source of error for most weather generators and associated in the 

failure to capture extreme precipitation and the variance of daily nonzero precipitation (Wilks 

and Wilby, 1999; Furrer and Katz, 2008).  Given that GiSTR has smaller error for the inter-

annual variability than WGEN and GiST, it implies that GiSTR is more capable of capturing 

the precipitation extremes associated with climatic variability.  However, given that the inter-

annual variability is affected by the mean daily nonzero precipitation and the variance of the 

daily nonzero precipitation, applying different distributions to improve the ability of GiSTR 

to capture the mean daily nonzero precipitation would likely also improve the inter-annual 

variability produced by GiSTR more than shown in this analysis. 

 

What seasonal/spatial trends (if any) are present in the error of each generator? 

 

While there are seasonal trends in the error for several of the parameters evaluated for 

each generator, there is no seasonal trend present for any of the temporal parameters for the 

occurrence of precipitation events for either generator.  For the spatial structure, WGEN has 

a tendency to better replicate the spatial structure of precipitation in summer months.  The 

dominant spatial structure for precipitation during June, July and August is unstructured 

convection.  From a purely statistical point of view, this translates into a more random spatial 

structure than the stratiform precipitation which dominant in winter months.  That is, there is 

a weaker relationship between locations and that correlation between locations decreases 

more rapidly in summer months than in winter months.  The weaker relationship between 

locations also WGEN, which does not consider spatial structure, to be more accurate in 

capturing this weak relationship in summer months than during other months.  However, this 

improvement in summer still shows larger error (by up to 0.11 in summer, by up to 0.24 over 

the entire year) than GiST and GiSTR.  This is indicative of the fact that while unstructured 

convection is a dominant form of precipitation in summer months, structured convection or 

large scale systems still contributes to precipitation.  Therefore, unstructured convection does 

cause the spatial structure to be more random, but not entirely random.  For the mean daily 
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nonzero precipitation, the peak error for each generator is in July through October.  In 

addition, for the variance of the daily nonzero precipitation, each generator has two peaks for 

the error, in April and in September and October.  The peak error in April may be related to 

the transition between the dominant structures of precipitation.  In this transition between 

stratiform precipitation and unstructured convection during April there is a possibility that 

both unstructured convection and convection embedded in synoptic scale structures.  This 

suggests an increase in the occurrence of extreme precipitation events from the combination 

of unstructured and embedded convection which causes this secondary peak in the error for 

the variance of the daily nonzero precipitation.  Given that the error of this parameter in 

March and May also larger than January, February and June, it is also possible that the 

transition between dominant structures also has an impact on the error of each generator.  

That is, there may be more unstructured convection in May and less stratiform precipitation, 

and in March there may be more stratiform precipitation and less convection, while April has 

an equal amount of both types of precipitation.  This transition may also impact the error of 

the variance of daily nonzero precipitation in August through October and be augmented by 

the effect of tropical precipitation during these months.   

For the mean daily nonzero precipitation and the variance of the daily nonzero 

precipitation, each generator shows distinct spatial patterns and each domain.  In the North 

Carolina domain, WGEN and GiST have similar error for the mean daily nonzero 

precipitation across the domain for all months.  Aside from overestimating values of the 

mean daily nonzero precipitation for most stations, GiSTR has a general tendency to 

overestimate by larger amounts for coastal stations during July and August.  Each generator 

also has a tendency to underestimate the variance of the daily nonzero precipitation more for 

coastal locations in August, September and October.  The tendency of GiSTR to overestimate 

the mean daily nonzero precipitation and underestimate the variance across much of the 

domain is likely related to the capping value which is used by both GiST and GiSTR 

(Baigorria, 2010, personal communication).  The re-sampling approach for extreme 

precipitation in GiSTR causes it to hit the capping value more frequently than GiST does in 

the same situation.  Given that more extreme precipitation can happen in convective and 
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tropical processes, and that unstructured convective processes dominate in summer, and the 

peak of the Atlantic hurricane season is in September, GiSTR will produce amounts at this 

capping value more frequently than for other months.  This increased frequency of 

precipitation at this capping value causes the mean daily nonzero precipitation to be 

overestimated throughout the domain, but also keeps values larger than the capping value 

from occurring, which causes the variance of daily nonzero precipitation to still be 

underestimated by GiSTR.  The overestimation of the mean daily nonzero precipitation and 

underestimation of the variance of daily nonzero precipitation at coastal stations by larger 

amounts than elsewhere in the domain for July through October is also related to tropical 

precipitation.  Precipitation from hurricanes have the largest impact on coastal stations given 

that these locations are subject to the most intense precipitation from landfall and from 

hurricanes which pass close to the coast.  As such, the extreme events which are not captured 

by any of the three generators occur more frequently, causing the variance of daily nonzero 

precipitation for these coastal stations to underestimate more than other locations in the 

domain.  While WGEN and GiST will capture the mean daily nonzero precipitation for these 

months, the re-sampling mechanism in GiSTR will cause it to hit the capping value more 

frequently than for inland stations.  This in turn causes GiSTR to overestimate the mean daily 

precipitation by a larger magnitude for coastal stations than inland stations.   

For the Southeast U.S. domain, WGEN and GiST have similar error across the 

domain for all months.  However, aside from the tendency to overestimate the mean daily 

nonzero precipitation for all stations and months, GiSTR also has a tendency to overestimate 

this parameter by larger values in the summer months in Florida.  While the error of each 

generator replicating the variance of the daily nonzero precipitation has a seasonal trend, 

there is also a spatial trend.  Each generator underestimates the variance of the nonzero 

precipitation, but the largest magnitude for this underestimation is during September and 

October in the northern Gulf Coast and in southern Alabama.  In addition, GiSTR also has a 

tendency to overestimate the variance of daily nonzero precipitation for summer months in 

Florida.  Each generator has the largest error for the average total precipitation in August 

through October in both domains.  Finally, each generator has the largest error for the inter-
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annual variability in August and September in both domains.  Between domains, GiST and 

WGEN show common trends in error for most parameters.  However, GiSTR has a tendency 

to better replicate the mean daily nonzero precipitation and the average total precipitation in 

the Southeast domain, which is likely the result of the increased number of stations in the 

Southeast U.S. domain where values of both parameters are accurately reproduced by 

GiSTR. 

While much of the seasonal and spatial error patterns are similar between domains, 

the tendency of GiSTR to overestimate both the mean daily nonzero precipitation and the 

variance of the daily nonzero precipitation in Florida during summer months may be related 

to several factors.  In summer, convective and tropical processes, including sea breeze and 

unstructured convection, play a role in precipitation occurring in the state.  Given that Florida 

has the largest number of thunderstorms compared to other areas of the Southeast U.S.  

These convective processes can produce extreme events, but the observed PDFs also show 

that small precipitation events occur more frequently than extreme events in summer.  

Therefore, the increased number of precipitation events in Florida lowers the observed 

variance of daily nonzero precipitation and mean daily nonzero precipitation.  This possible 

cause, combined with the re-sampling done by GiSTR, may cause this generator to 

overestimate both the mean daily nonzero precipitation and the variance of the daily nonzero 

precipitation in Florida when the state receives most of its convective activity in summer.  

However, the affect of this combination of factors is speculation and further research is 

required to determine the exact cause of these errors in GiSTR.   

 

What are the strengths and weaknesses of different approaches used to downscaling with 

weather generators? 

 

The four variations of the two the downscaling assumptions have been used with GiSTR 

to downscale precipitation data from CFSR to the southeast U.S.  These four variations used 

include the following:   
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• LWR-MOM – LWR for parameter interpolation to GCM grid points, and the MOM 

for the gamma distribution parameters 

• AW-DFIT – AW for parameter interpolation to GCM grid points, and the DFIT for 

the gamma distribution parameters. 

• LWR-DFIT – LWR for parameter interpolation to GCM grid points, and the DFIT for 

the gamma distribution parameters. 

• AW-MOM – AW for parameter interpolation to GCM grid points, and the MOM for 

the gamma distribution parameters. 

 

LWR refers to locally weighted regression (Wilks, 2008), AW refers to area weighted 

averaging, MOM refers to the method of moments estimation of gamma distribution 

parameter, and DFIT refers to the Greenwood and Durand (1960; Wilks, 2006) 

approximation for the gamma distribution parameters.  Each downscaling simulation, 

regardless of time period increases the error of all parameters by some amount, including the 

spatial structure, which is not directly affected by the CFSR data.  However, regardless of the 

downscaling simulation the spatial structure of precipitation is not significantly affected by 

the CFSR data and the error is not significantly different between downscaling simulations.  

There is no difference in error for the temporal parameters of precipitation occurrence 

between these downscaling simulations in either period.  This is also reflected by the dry and 

wet spell frequencies produced by each downscaling simulation.   

However, while the there is no significant difference between simulations for the 

error of the spatial structure of precipitation or the temporal parameters of precipitation 

occurrence, there are significant differences between simulations for the mean daily nonzero 

precipitation and the average total precipitation.  Table 6.2 shows the average RMSE for 

values of the mean daily nonzero precipitation and the average total precipitation in both time 

periods for each simulation.  For the mean daily nonzero precipitation and the average total 

precipitation, AW-DFIT has the smallest error in both time periods and LWR-MOM has the 

largest error.  In addition, for these two parameters, LWR-MOM and LWR-DFIT (which use 

LWR) have larger error than AW-DFIT and AW-MOM.  This indicates that the parameter 
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interpolation using LWR increases error for the mean daily nonzero precipitation and the 

average total precipitation.   

For the variance of the daily nonzero precipitation, LWR-MOM and AW-MOM have 

the smaller error (127 mm2 on average for both) in the 1979-2000 period than the remaining 

simulations.  The AW-MOM has the smallest error (177 mm2 on average) and the LWR-

MOM ha error less than 4% larger on average (183 mm2 on average) in the 2001-2009 time 

period.   For the inter-annual variability, AW-MOM has the smallest error for the 1979-2000 

time period and AW-DFIT has the smallest error for the 2001-2009 time period.  However, 

while the difference in error between downscaling simulations for the mean daily nonzero 

precipitation and average total precipitation shows significance, the difference in error for the 

variance of daily nonzero precipitation and the inter-annual variability between downscaling 

simulations is not significant in most cases for both time periods.   

While there is no significant difference in error between simulations for the variance 

of daily nonzero precipitation or the inter-annual variability, the difference between 

simulations with regards to the mean daily nonzero precipitation and the average total 

precipitation may contribute to the subtle differences between time periods.  While the LWR-

MOM and the AW-MOM have comparable error for the variance of daily nonzero 

precipitation in both periods, the LWR interpolation makes use of the station elevation and 

GCM grid point elevation.  Therefore, the coarse land surface elevation in the CFSR may 

have contributed to the slight increase in error between time periods for this value.  In 

addition, a shorter time period can cause observed values of the variance to be larger.  This 

fact coupled with the potential error associated with coarse land surface resolution, may 

contribute to the slight difference between AW-MOM and LWR-MOM in each time period.  

Given that the only difference between the AW-MOM and AW-DFIT is the method used to 

estimate the parameters of the gamma distribution, the DFIT technique may have produced 

slightly higher error for the inter-annual variability in 1979-2000 through error in multiple 

parameters.  Regardless of the exact causes, the error for the variance of daily nonzero 

precipitation and inter-annual variability is not significant between simulations.  In each time 
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period, the results indicated that the commonly used AW-MOM variation has higher error for 

most parameters compared to the remaining three downscaling simulations.   

Given that only the error for mean daily nonzero precipitation and the average total 

precipitation show significant difference, the best downscaling variation is the AW-DFIT 

variation.  However, if the error for the variance of nonzero precipitation and the inter-annual 

variability is also considered, than the best choices for the downscaling variation are the 

LWR-MOM variation and the AW-DFIT variation, since these variations have the lower 

error for most parameters across the domain. 

Aside from holding the weather generator used constant and comparing all variations, 

the downscaling variation used was fixed and the WGEN and GiSTR weather generators 

were evaluated in a downscaling context.  The results from this analysis in both time periods 

indicates that when used for downscaling GiSTR has lower error for most parameters than 

WGEN, and better replicates the observed dry and wet spell frequencies in the domain.  This 

is contradictory to the results shown in Chapter 3, where WGEN had lower error for µ and 

E[S(T)].  The increased error from WGEN in both time periods was caused by errors that are 

much larger than the average error specifically in April and September.  However, removing 

these outlier stations did not substantially change the results in either time period.  This 

suggests that WGEN may be more sensitive to the choice of downscaling variation than 

GiSTR, and that the use of a different variation might produce different results, particularly 

with regards to the outlier stations where the LWR-MOM variation may have produced 

erroneous inputs for both GiSTR and WGEN.     

 

Are there seasonal/spatial trends in the error of each approach? 

 

Each downscaling variation shows specific trends for the error of the mean daily 

nonzero precipitation for both time periods.  First, the peak error for each simulation in each 

time period is most often during the summer months or in April.  Second, the peak error for 

each simulation for the average total precipitation is also in the summer months for each time 

period.  This seasonal pattern is also reflected in the spatial pattern of the error of each 
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downscaling simulation.  During the summer months, each downscaling simulation 

overestimates the mean daily nonzero precipitation in Florida for the 1979-2000 time period.  

In addition, during the same time period the LWR-MOM and LWR-DFIT simulations both 

have a tendency to overestimate the mean daily nonzero precipitation in the northeast corner 

of the domain, while having similar error to the remaining simulations for the rest of the 

domain.  In this time period, this is caused by the failure of the LWR-DFIT and LWR-MOM 

downscaling simulations to capture the probability distribution function (PDF) of the daily 

nonzero precipitation in this region.   

The 2001-2009 forecast time period shows similar seasonal patterns in the error of the 

mean daily nonzero precipitation and similar sources of error.  While the patterns are similar, 

each simulation shows a tendency to underestimate the mean daily nonzero precipitation in 

the Carolinas during this time period, with the largest magnitude in the southern 

Appalachians.  This is in contrast to the errors shown by the 1979-2000 simulation, which 

has similar underestimates along the coast of the Carolinas.  In addition it is also shown that 

the mean daily nonzero precipitation and the variance of the daily nonzero precipitation 

produced by each simulation in the 2001-2009 time period in Florida is more accurate than in 

the 1979-2000 time period for summer months.  While several of these errors are related to 

the same physical reasons that are sources of error for GiSTR (the tropical influence in 

summer and the transition between dominant structures in April), there are several sources of 

error which may be related to the downscaling variations and the CFSR data itself.   

The downscaling simulations using LWR overestimate the mean daily nonzero 

precipitation in specific regions for the 1979-2000 time period, and individual stations in 

small regions for the 2001-2009 time period.  There are several possible causes for the errors 

with these downscaling simulations.  The LWR interpolation approach makes use of the 

elevation at the each station as well as the elevation at each CFSR grid point.  The two 

degree resolution of the CFSR model suggests that coarse land surface elevation has an 

impact on the results from the LWR interpolation of present day station data to the CFSR 

grid points.  Another possible explanation is an edge effect, particularly for those stations and 

CFSR grid points on the edge of the domain.  No stations are included beyond the edges of 
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the domain in this analysis, which could also have an impact on the results produced by the 

LWR downscaling simulations.  However, further analysis should be done to determine the 

exact cause of this increased error for the LWR downscaling simulations.   

For the variance of daily nonzero precipitation and the inter-annual variability, the 

peak error for each downscaling simulation from July through October in each time period.  

While this seasonal pattern is consistent between the base and forecast time periods, the 

sources of error are different between domains.  For the 1979-2000 period the sources of 

highest error are in the northern Gulf Coast, southern Alabama (both underestimates), and in 

Florida (overestimates).  For the 2001-2009 time period, the sources of highest error include 

southern Alabama, the southern Appalachians, and eastern Maryland (all underestimates).  

However, it is important to note that each downscaling simulation had similar error patterns 

in both time periods, which is consistent with the lack of significant difference between 

downscaling simulations for the error of the variance of nonzero precipitation and the inter-

annual variability. 

In addition, it is noted that the variance of daily nonzero precipitation for August and 

September is overestimated by GiSTR and the 1979-2000 downscaling simulations in 

Florida, but underestimated by the 2001-2009 downscaling simulations.  This period is 

subject to large variability in much of Florida from several events, including the 2004 and 

2005 Atlantic hurricane seasons and the drought during 2007.  Figure 6.1a shows that the 

variance of daily nonzero precipitation in during the 1979-2000 time period, while the 

variance of the daily nonzero precipitation in 2001-2009 is shown in Figure 6.1b in 

September.  However, for Florida there is no period during the 1979-2000 period where the 

variance of daily nonzero precipitation is comparable to values in 2001-2009, shown in 

Figure 6.2 also for September.  However, there are other portions of the domain where the 

value of the variance of daily nonzero precipitation is comparable between time periods.  

Comparing 1991-2000 and 2001-2009 there are several areas along the Gulf Coast and East 

Coast where values of the variance of daily nonzero precipitation is comparable.  However, it 

is also important to note that in northern and western areas of the domain the variance of 

daily nonzero precipitation is larger in the 2001-2009 time period compared to the 1979-2000 
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time period.  This increase cannot be matched by the variance of daily nonzero precipitation 

from different ten year time periods within the 1979-2000 time period.   The difference in the 

observed values of the variance of daily nonzero precipitation between time periods may be 

related to the size of the time periods.  The value of the variance of daily nonzero 

precipitation is also subject to the size of the time period.  Smaller time periods can cause the 

variance to increase compared to a larger time period with the same percentage of extreme 

events.  In addition, tropical precipitation from the 2004 and 2005 hurricane seasons did track 

into the northern and western portions of the study domain.  This may have caused the 

increase in the observed variance of nonzero precipitation between time periods in these 

areas of the domain.  However, the increase in the northern and western portions of the 

domain is less than in Florida because of the decrease in the strength of a hurricane as it 

travels inland from the Gulf Coast and East Coast.  Regardless, the change in error of the 

variance of the daily nonzero precipitation for the downscaling simulations with GiSTR 

between the 1979-2000 and 2001-2009 is likely the result of a set of extreme events which 

affected Florida in 2001-2009 and cause the variance to increase to the point where it did not 

appear to be matched in by any ten year period in the 1979-2000 period.  This could 

contribute to the subsequent decrease in the error for the variance of daily nonzero 

precipitation in Florida for all the 2001-2009 downscaling simulations.  During this time 

period, the mean daily nonzero precipitation would also be larger in Florida, primarily from 

the land falling hurricanes in Florida during this period.  Given how GiSTR generates 

precipitation amounts, it can be concluded that GiSTR used in downscaling, regardless of the 

variation used, improves the simulation of precipitation in Florida for periods with above 

average hurricane seasons.  However, to determine if GiSTR in downscaling is best for 

periods with active hurricane seasons this analysis should be repeated using all three weather 

generators and all four downscaling variations.   
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Additional Conclusions and Caveats 

 

In addition to the conclusions and answers to the main questions of this study, there 

are several conclusions and caveats which are also important to note.  In several chapters it is 

noted that GiST has a capping value in order to prevent unrealistic values of precipitation 

from occurring (Baigorria, 2010, personal communication).  Since the focus of this study is 

on seasonal or near-term precipitation estimates, the capping value has been retained for both 

GiST and GiSTR.  Given that GiSTR re-samples heavy precipitation the capping value for 

each station is hit more frequently, causing the GiSTR to produce unrealistic PDFs for the 

observed precipitation at several stations.  Adjusting or removing the capping value when 

using GiSTR might allow for more realistic PDFs to be produced potentially improving the 

error for precipitation amounts.  

 It is also noted that the spatial structure is not directly influenced by the CFSR data.  

This has been done since CFSR cannot resolve the differences between individual stations, 

and following common practice for downscaling with weather generators.  However, since 

GiSTR makes use of the spatial and temporal structure as it generates precipitation the 

influence of the CFSR data has been shown to influence the spatial structure output by 

GiSTR.  While this does have an impact, the error for the spatial structure between GiSTR 

and the GiSTR downscaling simulations was not significantly different.  However, given that 

this study focuses on near term downscaling, this conclusion may not be valid for climate 

change downscaling studies. 

 

6.2. Recommended Usage 
 

There are several potential uses and applications for downscaling with weather 

generators, but what is recommended for use does depend on the ultimate application of 

downscaling in question.  Given the ability of GiST to replicate the dominant spatial 

structure, frequencies of dry and wet spells and the average total precipitation for a given 

time period, GiST is recommended over WGEN and GiSTR for use in situations involving 
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generating synthetic weather data as replacements for missing or poor quality data or for 

seasonal forecasting of precipitation in winter months or when the variability is not expected 

to be strongly influenced by climatic variability.  However, in situations where climatic 

variability or changes in climatic variability are concerns, GiSTR is recommended since it is 

better able to capture this variability.  These situations include forecasts of drought and 

extreme precipitation associated with above normal hurricane season activity.   

 

For downscaling, there are separate recommendations for the variations described in 

this study.  The error of each variation is similar for the temporal and spatial structure 

parameters.  However, given the tendency of the LWR-MOM and AW-DFIT to have lower 

error for most parameters the other variations, the LWR-MOM or AW-DFIT variations are 

recommended for use in most situations.  As with the comparison between generators LWR-

MOM and AW-DFIT have similar error for most parameters.  However, the LWR-MOM 

better replicates the variability of daily precipitation than the AW-DFIT.  In addition, the 

AW-DFIT better replicates the mean daily nonzero precipitation than the LWR-MOM. 

Therefore, AW-DFIT is recommended for use when the variability of daily precipitation is 

not a concern in the application, and LWR-MOM is recommended for when daily variability 

is a concern.   

An interesting note regarding this recommendation is that each simulation has one 

new assumption and one commonly used assumption.  Both of these have smaller error for 

most parameters than the traditionally used AW-MOM, which shows that each the AW-DFIT 

and LWR-MOM improve upon the commonly used AW-MOM.  However, the LWR-DFIT 

has higher error than the LWR-MOM and AW-DFIT while making use of both new 

assumptions.  It is possible that using the DFIT with the LWR interpolation causes any errors 

in the LWR interpolation to be exaggerated, causing the error to be larger for most 

parameters than LWR-MOM and AW-DFIT.  Therefore, it is likely that the one new 

assumption compensates for the potential errors in the old and more commonly used 

assumption, which allows both LWR-MOM and AW-DFIT to have the smallest error for 

most parameters.  While these variations are recommended, it is important to note that the 
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error in downscaling in any situation is also subject to the weather generator chosen.  For 

instance, at a given location one variation may provide better estimates than others, such as 

for the outlier stations described in this study.  As such, the end use of the downscaling must 

also be considered to determine the appropriate generator to use of the generators used in this 

study. 

 

6.3. Potential Applications 
 

Historically, weather generators have been used as inputs for crop modeling for the 

determination of crop yields in a region (Wilks and Wilby, 1999).  In recent years, the focus 

has shifted to applications of weather generators in seasonal forecasting.  This includes daily 

realizations of seasonal forecasts (Wilks, 2002), downscaled probabilistic guidance (Kim et 

al. 2009), seasonal forecasting for crop yields (Semenov and Doblas-Reyes, 2007), and 

forecasts for stream flow modeling (Caraway and Rajagopalan, 2011).  Each of these studies 

demonstrates ways that GiST and GiSTR may be applied to seasonal forecasting and those 

forecasts in turn could be applied to multiple fields.  For the basic user, the potential 

probabilistic guidance developed from GiST or GiSTR could be applied to provide point 

probabilities of having more or less than a specific amount of precipitation in an area.  Built 

into a user friendly web product, the ensemble members produced by either generator could 

be used to provide this information at seasonal and monthly time scales, potentially providing 

the end user with local guidance regarding a required or dangerous amount of precipitation 

for their interests while maintaining more realism than other weather generation techniques 

and operating more efficiently than most dynamic techniques.  One of the advantages of all 

weather generators is the ability to produce a large number of ensembles in a short time 

period.  The number of ensembles provides an equal number of scenarios which can be 

applied to crop modeling and hydrology modeling.  Given the advantages of GiST and 

GiSTR demonstrated by this study, each of these generators, providing realistic precipitation 

and temperature scenarios can allow for producing a range of forecasts for streamflow and 
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crop yields.  This range of forecasts can allow for determining potential “best case” and 

“worst case” scenarios for both crop yields and streamflow in a given forecast period.   

In addition to the application to seasonal forecasting, the applied focus of weather 

generators has also included determining the local impacts of climate change in regions (e.g. 

Kilsby et al, 2007; Qian et al, 2005; Mavromatis and Jones, 1998).  Given that GiST and 

GiSTR incorporate the spatial structure directly in their processes, the mean, variability and 

spatial structure could be perturbed to reflect the potential effect of climate change on the 

local structure and frequency of precipitation in a region.  Given an ensemble from each 

generator, the likelihood for different conditions could be assessed compared to current time 

on a local scale while preserving a realistic spatial and temporal structure.  Finally, the 

ensemble members can again provide temperature and precipitation scenarios at daily 

timescales under a changed climate.  These scenarios can be fed to crop models and 

hydrology models to determine the potential impacts of climate change on local crop yields 

(as suggested by Apipattanavis et al, 2010), stream flow, and reservoir levels.  While there is 

potential for both seasonal forecasting and climate change predictions for precipitation, 

temperature, crop yields, and stream flow through the use of these weather generators, it is 

important to note that while these generators and downscaling variations have been tested 

against each other and not yet evaluated against other techniques for these purposes, which is 

a recommendation for future work in this area.  

 

6.4. Recommendations for Future Work 
 

Section 6.1 presented the conclusions of this study based on the main study questions 

presented in Chapter 1, along with some additional conclusions and caveats of this research.  

Sections 6.2 and 6.3 provided information on the recommended usage and potential 

applications.  The conclusions and caveats in Section 6.1 and the potential applications in 

Section 6.3 suggest multiple possibilities for future work for downscaling with GiST and 

GiSTR.  
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While GiSTR is shown to capture the variability associated with extreme 

precipitation events, it is also shown to overestimate the mean values of precipitation 

amounts.  Therefore, a possible exploration for future work involves determining a better 

method for replicating extreme precipitation events in the domain.  This may include using a 

hybrid precipitation distribution (Furrer and Katz, 2008), a similar approach to GiSTR using 

a mixture of distributions (Wilks and Wilby, 1999), or a single distribution different from the 

two parameter gamma distribution which is commonly used.   

Given that the differences between GiSTR and WGEN change when downscaling is 

applied, an additional recommendation for future work is apply all the downscaling 

variations used in this study to all three generators and both time periods.  This would allow 

for a complete picture of the differences between each generator when each downscaling 

variation is applied.   

As mentioned several times, the CFSR data has an indirect impact on the spatial 

structure produced by the GiSTR weather generator, although the spatial structure is not 

directly perturbed.  Given that both GiST and GiSTR make use of the correlations between 

individual stations as part of their generation processes, there will always be some impact of 

the GCM data on the spatial structure produced.  While the downscaling simulations have no 

significant difference in error for the spatial structure compared to GiSTR used without 

downscaling applied, this is likely because the spatial structure of precipitation did change 

significantly between the two time periods used in this study.  However, if either GiST or 

GiSTR are to be used for downscaling for climate change scenarios it is likely that the spatial 

structure of precipitation may change in a changed climate and that the parameters reflecting 

this information in GiST and GiSTR will need to be perturbed to reflect this.  Most literature 

involving weather generator downscaling for climate change scenarios either does not alter 

the spatial structure or influences the other parameters of the weather generator based on the 

change in the average inter-station correlation (Wilks 1999; Osborn, 1997), or uses the 

correlation between individual stations to influence other parameters of the weather generator 

(Wilks, 2009; Mehrotra et al. 2006; Wilks, 1998).  However, no investigators have 

considered the spatial structure as part of the basic process in the same fashion that GiST and 
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GiSTR consider this.  That is, other studies focus on translating spatial structure through the 

conditioning of other parameters such as the Markov chains or the inter-annual variability, 

while GiST and GiSTR consider the spatial structure directly through the orthogonal Markov 

chain in the event generation process.  Therefore, a potential source of future work in this 

field involves the development of a technique to infer the change in the relationship between 

individual stations from global climate model information, which could also be used in 

downscaling with GiST and GiSTR.  In addition, the CFSR data was used for downscaling 

both time periods.  Therefore, the results for these simulations in the 2001-2009 time period 

reflects the potential errors associated with using each of these techniques for forecasting or 

climate change predictions.  In order to determine the full errors of using each of these 

techniques in a true forecast, each of these techniques and generators should be re-evaluated 

using the CFS Reforecast or GCM of interest in climate change predictions.   

Finally, the major focus of this study is on the different variations of the two 

assumptions of the scaling relationship used for downscaling with weather generators.  These 

variations consider the general approach to downscaling with weather generators.  However, 

there are several variations of this general approach (described in Chapter 2) which blend 

weather generator downscaling with other types of statistical downscaling.  In addition, there 

are several other dynamic downscaling, ESD, statistical-dynamic downscaling techniques 

which could be or have been applied to downscaling in the Southeast U.S.  In order to 

determine the best downscaling technique for the Southeast U.S. the generator techniques in 

this study should be compared with other weather generators, other statistical techniques and 

dynamic techniques.  While the weather generator downscaling techniques shown in this 

study are applicable to seasonal forecasting and potentially to downscaling climate change 

scenarios, each downscaling approach will have its own strengths and weaknesses for 

producing precipitation estimates in the Southeast U.S.  These strengths and weakness should 

be studied and documented to provide the potential users of this climate information in the 

Southeast U.S. with details about the uncertainty associated with each technique under a 

variety of situations. 
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Table 6.1. Description of parameters used to evaluate the each weather generator. 
 

Parameter Description 

µ Mean Daily Nonzero Precipitation 

σ2 Variance of the Daily Nonzero Precipitation 

E[S(T)] Average total precipitation  

Var[S(T)] Inter-annual variability 

P01, P11 1st Order Markov transition probabilities 

π Unconditional probability of rain 

γ Persistence (lag 1 autocorrelation) 

ρ Correlation matrix of precipitation 

ρev Correlation matrix of precipitation events 

ρam Correlation matrix of precipitation amounts 

ρex Correlation matrix of precipitation extreme events 

 

 

 

 

Table 6.2. Average RMSE Comparison for values of the mean daily nonzero 
precipitation (µ) and the average total precipitation (E[S(T)]) between time periods and 
downscaling simulations. 
 

 
µ 

 
E[S(T)] 

 Simulation 1979-2000 2001-2009 1979-2000 2001-2009 
LWR-MOM 5.35 6.1 65.73 79.61 
AW-DFIT 3.78 3.99 44.47 53.45 

LWR-DFIT 5.25 5.95 64.61 75.74 
AW-MOM 4.21 4.5 52.5 62.66 
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Figure 6.1. Observed values of the variance of daily nonzero precipitation (σ2) for the 
1979-2000 time period (a) and the 2001-2009 time period (b). 
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Figure 6.2. Observed values of the variance of daily nonzero precipitation (σ2) for the 
1991-2000 time period (a) and the 1981-1990 time period (b). 
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