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ABSTRACT 

The quality of MM5 ensembles is evaluated for short-

range probabilistic quantitative precipitation forecasts 

over Arizona during the Southwest monsoon. The sensitivity 

of different ensemble constmicts is examined with respect 

to analysis xmcertainty, model parameterization 

uncertainty, and a combination of both. Model uncertainty 

is addressed through different cumulus and planetary 

boundary layer parameterizations, and through stochastic 

forcing representative of a component of subgrid-scale 

uncertainty. A first-order autoregression model adds a 

stochastic perturbation to the Kain-Fritsch cumulus scheme 

and MRF planeteiry boundary layer scheme. A sensitivity 

study is also conducted to determine the MM5 planetary 

boundary layer parameterizations capable of simulating the 

structure of the pre-convective, monsoon atmospheric 

boundary layer. 

The results indicate that ensemble precipitation 

forecasts are skillful and may assist operational weather 

forecasters during the monsoon. The most skillful 

ensembles contain both analysis perturbations and mixed-

model physics. The Blackadar or MRF planetary boundary 

layer schemes are recommended for MM5 simulations or 

forecasts of the Southwest monsoon. 
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CHAPTER 1: INTRODUCTION 

1.1 The Research Problem. 

The summer rainy season in the Southwest United States 

is referred to as the North American monsoon, the Southwest 

United States monsoon, the Mexican monsoon, and the Arizona 

monsoon (Adams and Comrie 1997). Hereafter, the summer 

rainy season over Arizona is simply referred to as "the 

monsoon." During the monsoon, the synoptic environment 

over the Southwest is characterized by light easterly flow 

aloft and a conditionally xinstable atmosphere (Bryson and 

Lowry 1955; Hales 1974; Adang and Gall 1989; Maddox et al. 

1995) . Convection typically forms around 19 UTC (12 PM 

MST) over the high terrain and then spreads toward the 

lower elevations during the afternoon and evening hours 

(Watson et al. 1994a) . However, the movement of convection 

away from its high-elevation source is dependent upon the 

ambient flow, convective-scale interaction with surrounding 

orography, and the meso- and micro-meteorological 

environment (e.g.. Smith and Gall 1989; Hales 1975; Maddox 

et al. 1993; Stensrud and Fritsch 1993, 1994; McCollum et 

al. 1995). Thus, meteorological analysis and forecasting 

techniques traditionally associated with severe weather and 

heavy rainfall prediction in the central and eastern 

portions of the United States (Miller 1972; Doswell 1982; 

Fiink 1991) are of little use to Arizona operational weather 

forecasters during the monsoon. 
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Quantitative precipitation forecasts and probabilistic 

quantitative precipitation forecasts (QPFs and PQPFs, 

respectively) are perhaps the most important element of the 

weather forecast. The importance of QPF to the public and 

economic health of this cotintry led the United States 

Weather Research Program (USWRP) to recently select QPF as 

one of their three highest priority research topics. A 

USWRP prospectus development team summarized the current 

state of QPF understanding and prediction in Fritsch et al. 

C1998) . They stated the lack of improvement in QPF skill is 

probably the result of treating it as a deterministic 

problem, rather than conceding to its chaotic nature and 

considering it in a probabilistic framework. To improve 

QPFs and PQPFs, Fritsch et al. (1998) called for a better 

understanding of convective and microphysical processes, 

the ability to numerically simulate and/or parameterize 

these processes in nxomerical weather prediction (NWP) 

models, and the development of ensemble systems. They also 

recommended the investigation of multi-model ensembles, 

including those with stochastic contributions that account 

for the chaotic nature of the atmosphere. Ensemble 

prediction is discussed in section 1.2.2. 

The primary objective of this dissertation is to 

improve short-term (-24 hour) monsoon PQPFs through the use 

of ensembles. To accomplish this objective sensitivity 

studies are conducted to determine appropriate NWP 
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parameterizations, and the quality of short-term monsoon 

ensembles are evaluated. Additionally, the role of mixed 

and rudimentary stochastic physics in ensemble PQPFs is 

investigated [as called for in Fritsch et al. C 1998) 1 . 

1.2 Previous Work 

1.2.1 Monsoon Studies 

During the fall, winter, and spring months, westerly 

winds in the middle and upper levels of the troposphere are 

typically observed over Arizona (Schmidli 198S; Douglas et 

al. 1993; Glueck 1997) . Mid-latitude weather distxirbances 

embedded in this westerly flow are responsible for cool-

season rainfall over the state. By early summer (late May 

or June), the westerlies retreat northward as intense 

heating shifts the subtropical high northward and westward 

over the western United States (Douglas et al. 1993; Maddox 

et al. 1995) . The result is a shift in the middle and 

upper tropospheric wind direction over Arizona, New Mexico, 

and northwest Mexico from westerly to southeasterly. At 

the same time, intense surface heating causes surface low 

pressure to develop over the Great Basin and Southwest 

Deserts (Maddox et al. 1995) . In early July, these changes 

initiate a rapid increase in humidity and precipitation 

over northwest Mexico and the southwest United States 

(Bryson and Lowry 1955; Reitan 1957; Sellers and Hill 1974; 

Carleton 1985, 1986; Adang and Gall 1989; Smith and Gall 
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1989; Moore et al. 1989; Douglas et al. 1993; Maddox et al. 

1995; McCollum et al. 1995; Schmitz and Mullen 1996) . 

Historically, the abrupt increase in precipitation over the 

southwest United States has been referred to as the 

"Arizona monsoon" (e.g., Adang and Gall 1989; Moore et al. 

1989; Smith and Gall 1989) . However, after clearly showing 

the most impressive changes occur over Sinaloa, Mexico, 

Douglas et al. (1993) chose to call it the "Mexican 

monsoon." 

Over the past five decades, numerous studies have been 

published describing the moisture transport and severe 

storm environment associated with the monsoon {Bryson and 

Lowrey 1955; Reitan 1957; Hales 1972, 1974; Brenner 1974; 

Sellers and Hill 1974; Carleton 1985, 1986; Adang and Gall 

1989; Moore et al. 1989; Smith and Gall 1989; Douglas et 

al. 1993; McCollum et al. 1995; Schmitz and Mullen 1996; 

Wallace et al. 1999) . Dxxring the 1990s, the Southwest Area 

Monsoon Project (SWAMP) (Maddox 1990; Meitin et al. 1991) 

made significant contributions toward tinders tanding the 

convective environment in central Arizona and northwest 

Mexico (Douglas et al. 1993; Stensrud 1993; Douglas 1995; 

Maddox et al. 1995; McCollum et al. 1995; Stensrud et al. 

1995; Stensrud et al. 1997) . 

Historically, most monsoon studies have focused on 

either the climatological aspects of the monsoon [see Adams 

and Comrie (1997) I or the understanding and prediction of 
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severe thunderstorms. Flash flooding constitutes "severe 

weather" in Arizona^ as it represents a significant threat 

to life and property (McCollum et al. 1995) . But, only 

Randerson (1976, 1986) and Maddox et al. (1980) have 

specifically addressed quantitative precipitation 

forecasting or flash flood forecasting in the formal 

literatxire. 

Despite all the research devoted towcird understcinding 

the monsoon, forecasting thunderstorms in Arizona remains 

extremely difficult (Dxinn and Horel 1994a,b? Maddox et al. 

1995; McCollxim et al. 1995) . Forecast verification 

statistics reveal that skill scores for the prediction of 

severe weather are much lower in Arizona than other regions 

of the United States (Maddox et al. 1995) . The improvement 

in thunderstorm and QPF prediction is closely related to 

improvements in NWP models (Funk 1991; Olsen et al. 1995; 

Fritsch et al. 1998) . But, Dunn and Horel (1994a,b) 

showed the operational National Center for Environmental 

Prediction (NCEP) Nested Grid Model (NGM) (Hoke et al. 

1989) exhibits no QPF skill during the monsoon. They also 

fotmd that an earlier 80 km. version of NCEP's Eta model 

(Janjic 1990, 1994) shows only limited skill by 

occasionally producing light rainfall over the Arizona 

deserts, but rarely predicts precipitation over the 

mountains or widespread, heavy rainfall events. The lack 

of Eta model skill is attributable to a poor representation 
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of the moisture field, convective initiation occurring at 

scales the model could not resolve, and an inability of the 

model to initiate convection over high terrain. 

High resolution mesoscale model simulations of cool-

season precipitation events in the western United States 

demonstrate the positive impact increasing terrain 

resolution has on model QPF (Giorgi and Bates 1989; Horel 

and Gibson 1994; McDonald and Horel 1998; Colle et al. 

1999; Colle and Mass 2000). Black et al. (1998) provide an 

example of how better terrain resolution improves the QPF 

for a summertime convective precipitation event over 

Arizona. Recent studies also suggest that high-resolution, 

mesoscale models simulate the diurnal cycle and general 

location of convective activity during the monsoon (Giorgi 

1991; Stensrud et al. 1995; Farfan et al. 1998, 2000) . 

Stensrud et al. (1995) used the Pennsylvania State 

University/National Center for Atmospheric Research 

(PSU/NCAR) mesoscale model, version 4, (MM4) (Anthes and 

Warner 1978; Anthes et al. 1987) to produce a one-month 

model climatology of the monsoon in Mexico. Their model 

simulation reproduces many of the observed features of the 

monsoon circulation, including the large-scale mid-

tropospheric wind field, southerly low-level flow over the 

Gulf of California, episodic surges of moisture into the 

Southwest United States, the diurnal cycle of convective 

precipitation, and heavy rainfall over western Mexico. 
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Real-time monsoon, forecasts centered over Arizona using the 

PSU/NCAR mesoscale model, version 5, {MM5) (Grell et al. 

1994) reproduce the general structure of observed 

precipitation, low-level wind, low-level temperature, and 

low-level hxomidity fields over Arizona (Farfan et al. 1998, 

2000) . They found the MM5 is capable of simulating the 

general flow associated with the monsoon, but is deficient 

at predicting individual convective events and heavy 

rainfall. Although these studies are encouraging, outflows 

(McCollum et al. 1995), orography {Cotton et al, 1983; 

Banta 1984, 1986), precipitating anvils (Segal et al. 1986; 

Roux 1988; Markowski et al. 1998) , gravity waves 

(Bretherton and Smolarkiewicz 1989; Mapes 1993; Warner and 

Hsu 2000), and botmdaries associated with spatial gradients 

in. land-surface character (Chang and Wetzel 1991; Giorgi 

1991; Gallus and Segal 2000) are well below the resolvable 

grid scale and therefore decrease the certainty of 

deterministic QPFs. 

1.2.2 Ensemble Forecasting 

Bjerknes (1919) wrote that with a reasonably accurate 

initial analysis of the atmosphere, the state of the 

atmosphere at an.y sxibsequent time can be determined, by a 

super-mathematician. However, the development of routine 

NWP in the middle 1950s (Anthes 1986) quickly cast doubt on 

such an idealistic statement, and serious scientific study 
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on the limits of atmospheric predictability soon followed. 

The modem roots of ensemble forecasting are embedded 

in the discovery of the "butterfly effect" (Lorenz 1963, 

1965; Epstein 1969; Gleick 1987; Toth and Kalnay 1993) . 

This discovery provided the realization that the atmosphere 

is a highly non-linear, non-periodic, dynamical system. As 

such, its predictability is limited by errors in the 

ability to initialize perfectly NWP models, and of course, 

errors in the models themselves. 

The non-linearity allows the smallest errors to grow 

upscale, eventually resulting in chaos (Gleick 1987) and 

error saturation in nxomerical forecasts at the largest, 

most energetic scales. If the atmosphere were linear, the 

easily observable synoptic and global scales would have far 

greater predictability. In NWP models, the doxibling time 

of small initial errors is generally considered to be 2 

days, with maximimi Icirge-scale (synoptic to planetary) 

predictability believed to be in the 10 to 14 day range 

(Anthes 1986; Simmons et al. 1995) . Predictability is much 

less for smaller horizontal scales, and decreases with 

decreasing latitude. The latter may seem counterintuitive 

at first, but reflects the fact that less variability and 

enhanced convective activity in the tropics results in a 

quicker realization of chaos. 

The predictability of mesoscale weather is less than 

synoptic scale weather simply because the upscale growth in 
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errors and the rate of energy transfer affects the 

mesoscale first. Thus, the predictability of monsoon 

convection may be limited by: (1) the relatively small 

variance in day-to-day changes in temperattire, moisture, 

and wind during the monsoon (Douglas et al. 1993; Watson et 

al. 1994b; Maddox et al. 1995; Wallace et al. 1999); (2) 

the obseirvational voids in the southwest United States and 

northwest Mexico resulting in mesoscale features not being 

obseirved and initialized in NWP models (Dxum. and Horel 

1994a,b; Stensrud and Fritsch 1993, 1994; McCollim et al. 

1995); and (3) the relatively small storm size and weak 

organization typical of Arizona convection (Bartels et al. 

1991; Howard et al. 1997). 

Mesoscale phenomena that owe their existence to 

botindary forcing (e.g., land-sea contrasts, orography, and 

surface characteristics affecting the land-sxirface energy 

balance) sometimes have greater predictability than free 

mesoscale circulations (Anthes 198S). Despite the 

predictablity limitations discussed above, Arizona 

convection tends to form diumally and somewhat predictably 

over elevated terrain due to thermal circulations related, 

to the orography (Warner and Ksu 2000). Thus, the strong 

lower boundary forcing may increase the predictability of 

short-range monsoon QPFs if the temperature, humidity, 

wind, and land-surface (e.g., soil temperature and 

moisture) fields are initialized, reasonably well. 
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Ensemble forecasting is depicted by the two-

dimensional phase-space diagram^ shown in Fig. 1.1. The 

forecast originating from the operational analysis of the 

atmosphere is termed the "control forecast" am.d corresponds 

to the traditional deterministic forecast used in 

operational meteorology. The ellipse surroiinding the 

initial analysis represents the statistical distribution of 

several equally-likely but slightly different initial 

states owing to inadequate observations, measurement 

errors, errors of representativeness, cind/or different 

assumptions in data assimilation. Thus, another forecast 

starting from a slightly different but equally-accurate 

initial state may result in an entirely different solution. 

This forecast represents that of an "ensemble member." 

Both the control forecast and the ensemble member forecast 

are depicted by the trajectories shown in Fig. 1.1. Non

linear growth (or decay) causes the forecasts to diverge 

with time. All forecasts beginning with equally-likely 

initial states result in equally-likely solutions 

represented by the ellipse (solid) at the final forecast 

time. Many studies have indicated the variance of the 

atmosphere is larger than the spread predicted by an 

ensemble (Buizza 1997; Kamill and Colucci 1997, 1998a; 

Stensrud et al. 1999) . Hence, the larger ellipse (dots) at 

the final forecast time represents all plausible 

atmospheric states that the ensemble is atten5)ting to 

accoTont for. 
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The previous example neglects any uncertainty 

associated with, model numerics or model physics. In other 

words, all forecast error was attributed entirely to errors 

in determining the initial state of the atmosphere. 

Several studies have found that model uncertainty is a 

significant source of forecast error (Kuo and Reed 1988; 

Reed et al. 1988; Mullen and Baumhefner 1989; Kuo and Low-

Nam 1990; Stensrud et al. 2000) . The effect of imperfect 

NWP models is depicted in Fig. 1,2. In this case, different 

model forecasts cire made from the (identical) control 

analysis. Due to different physics and numerics, the 

forecasts evolve differently in time. Again, the ellipse 

at the end of the forecast represents the full range of 

equally-probable solutions based on different but equally-

defensible models. 

Recent studies suggest that accounting for both 

analysis uncertainty and model uncertainty produces a range 

of solutions that more closely approximates the probability 

distribution of the atmosphere (Richardson et al. 1996; 

Buizza et al. 1999; Harrison et al. 1999; Evans et al. 2000; 

Hou et al. 2001; Wandishin et al. 2001) . This is portrayed 

graphically in Fig. 1.3. 

The role of stochastic physics in ensemble forecasting 

is just beginning to be explored. The Exiropean Center- for 

Meditrai-Range Weather Forecasts (ECMWF) adds a simple 

stochastic component to their operational ensemble 
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prediction system that increases the forecast variance and 

improves PQPFs (Buzzia et al. 1999). Their stochastic 

contribution is not designed to represent uncertainty due 

to a specific physical process, but rather the uncertainty 

introduced by all model parameterizations in general. Lin 

cuid Neelin (2000) added a stochastic component to a general 

circulation model (GCM) using a first-order autoregression 

model (Meurkov process) . Their results show the stochastic 

component simulates part of the convective variance 

normally underestimated by GCMs. Thus, preliminary 

evidence suggests that stochastic physics may help bring 

ensemble dispersion closer to observed dispersion. The 

concept of stochastic physics in a mixed-model/perturbed 

analysis ensemble is depicted in Fig. 1.4. 

Initial perttirbations representative of analysis 

uncertainty are typically produced by one of following 

methods: (I) random perturbations, (2) bred modes, (3) 

optimal modes (singular vectors), (4) Kalman filters, or 

(5) lagged averages. Methods 2 and 3 cire considered 

dynamically-conditioned because they exploit the fastest 

growing dynamic instabilities (Houtekamer and Derome 1995) . 

Random perturbations (sometimes called Monte Carlo 

pertxirbations) often follow the technique described in 

Mullen, cind Baumhefner (1989, 1994) based on the work of 

Errico and Baumhefner (1987). This technique is designed 

to mimic analysis uncertainty by introducing random, scale 
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dependent pertxirbations that are spatially correlated 

(Errico and Baumhefner 1987; Du et al. 1997; Stensrud et 

al. 2000) . The magnitude of the pertiirbations is 

consistent with differences between various data 

assimilation systems. The technique is designed to 

introduce two types of error, one for the "large" scale and 

one for the "small" scale. Large scale errors are those 

larger than truncation wave nximber 30 (T30) [-1000 km]. 

The T30 cutoff is called the saturation point, and 

represents the threshold at which error varieuice equals 

analysis variance (Daley and Mayer (1986). The large scale 

error is simply handled with equal-amplitude white noise 

(i.e., perturbation size is independent of scale), while 

the small-scale error is handled by spectral decomposition. 

The spectral components of the temperature, wind, and 

moisture are replaced by components of equal amplitude but 

random phase. The perturbations are projected onto the 

first two to four vertical cosine modes, which produces 

greater vertical coherence helping to reduce unrealistic, 

gravitationally unstable vertical gradients (Stensrud et 

al. 2000). A non-linear normal model procedure (Errico 

1983) is sometimes used to remove unbalanced pertxirbations 

from, the perturbed analysis (Mullen and Baumhefner 1989, 

1994; Du et al. 1997) . This technique produces initial 

errors in temperature, wind, and moisture that agree well 

with observed values reported by Baiomhefner (1984) . 

Several ensemble studies have successfully implemented this 
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approach, including Mullen and Baumhefner (1989, 1994) , Du 

et al, (1997), and Stensrud et al. (2000). 

Bred models (or breeding) is performed operationally 

at NCEP and attempts to capt\ire fast-growing, 

baroclinically xmstable modes in the assimilation cycle 

(Toth and Kalnay 1993) . Through the successive use of 

short-rcinge forecasts in the analysis cycle, a "natural 

selection" occurs such that fast-growing errors are 

maintained. The method is "seeded" once by adding random 

perturbations to the initial analysis. Then, RMS 

differences between the 24-hour control and 24-hour 

perturbed forecast are calculated and reduced in size to 

match the RMS of the original perturbations. The new 

perturbations are added to the new analysis and the cycle 

is repeated. After 3 to 4 days, the perturbation growth 

rate saturates and is independent of the initial, random 

perturbations (Toth and Kalnay 1993) . The bred 

perturbations are dominated by the fastest growing, most 

unstable modes. Operationally, each ensemble member 

maintains its own breeding cycle at no additional 

computational expense. The NCEP bred perturbations reflect 

the fastest growing modes during the 24 hoxirs prior to run 

time (Toth and Kalnay 1993) . 

Optimal modes, now commonly called singular vectors 

(Errico 1997), capture the fastest growing modes during the 

first few hours (or days) of the forecast. Computation of 
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singular vectors requires a simplified, tangent-linear 

version of the NWP model. Singular vectors are derived 

from the linearized, model through the "linear model 

propagator" (L) (Molteni and Palmer 1993; Buizza 1997) and 

its adjoint (L*) (Errico 1997) . The eigenmodes of the 

product L'L with the largest eigenvalues represent the 

fastest-growing perturbations dxiring the integration 

period. Singular vectors are used operationally at the 

European Center for Medium Range Weather Forecasting 

(ECMWF). The integration period requires additional 

computer time to calculate the singular vectors, which the 

ECMWF does for the first 48 hours of the forecast period 

(Buizza and Palmer 1995; Molteni et al. 1996; Buizza 1997). 

Singular vectors also require a tangent-linear and adjoint 

version of the nximerical model, the construction of which 

is non-trivial. 

Houtekamer and Derome (1995) found that, despite the 

significantly different methods of developing initial 

perturbations at the NCEP and the ECMWF, ensembles 

employing either bred, or optimal modes produce similar 

results. Due to the computational and numerical simplicity 

of bred perttirbations, they recommend operational centers 

explore bred modes. 

The Kalman filter (Kalman 1960; Kalman and Bucy 1961; 

Jazwinski 1970; Ghil et al. 1981) method, generates 

perturbations using the covariance matrix of the analysis 
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error. It can be integrated until the forecast start time 

using the closure assumption that errors evolve linearly-

Lagged averages {Hoffman and Kalnay 1983) simply use 

the forecast from previous model runs to initialize the 

ensemble. For example, one ensemble member begins with the 

24 hour forecast from yesterday, another with the 48 hour 

forecast from two days ago, and so on. Lagged average 

perturbations grow faster than Monte Carlo pertxirbations 

because larger uncertainty exists in regions of greater 

forecast variability. However, the older forecasts tend to 

have larger perturbations everywhere, and are therefore 

less skillful [unless weighted accordingly (Thompson 1977,-

Hoffmann and Kalnay 1983) I . 

The Monte Carlo method is used in this dissertation 

research. Because the Monte Carlo method does not capture 

the fastest growing modes, it may not represent the optimal 

technique for short-term ensemble forecasts of cool season 

precipitation, because dynamic instabilities may be 

important. However, convection, not large-scale dynamic 

instability [i.e., baroclinic or barotropic instability 

(Gill 1982; Holton 1992) 1, is responsible for the summer 

rainfall over Arizona (Watson et al. 1994a,b) . Thus, it is 

not necessary to find the fastest growing baroclinic modes 

in order to initialize properly a monsoon ensemble. 

A. growing body of work (Du et al. 1997; Hamill and 

Colucci 1997, 1998a,b; Stensrud et al. 1999, 2000; Hou et 
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al. 2001; Wandishin et al. 2001) suggests that ensemble 

forecasts positively contribute to the skill and value of 

short-range {i.e., less than 3 days) QPFs and PQPFs. These 

studies examine both warm and cool season precipitation 

over the United States, but do not focus on the 

predictability of sxammer (monsoon) rainfall over the 

southwest United States. 

1.3 Dissertation Format and Contents 

In accordance with policy established by The 

University of Arizona Graduate Council in January, 1992, 

published manuscripts serve as the primary component of 

this dissertation. The two msinuscripts are attached as 

appendices A and B. Authorship is shared with Professor 

Steven L. Mullen of the Department of Atmospheric Sciences, 

who served as the primary advisor for this research. 

Professor Mullen provided guidance and software to 

calculate the Monte Carlo perturbations; otherwise, all 

aspects of the research and dissertation represent the 

original work and contributions of the lead author (David 

R. Bright). 

The manuscript in appendix A represents a pre-ensemble 

sensitivity study to determine the best physical 

parameterizations to use in short-range monsoon ensembles. 

It focuses on the importance of the planetary boundary 

layer (PBL) development to monsoon convection, and the 
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ability of MM5 to predict accxirately its structtire: prior to 

convective events. The manuscript in appendix B examines 

the ability of MM5 ensembles to forecast short-rsinge (24 

hour) PQPFs over Arizona during the monsoon. Specifically, 

the sensitivity of different ensemble constructs is 

examined with respect to perturbations in the initial 

analyses and the representation of model uncertainty. 

Model uncertainty is addressed through different cumulus 

and PBL parameterizations. Rudimentary stochastic forcing 

representative of sxibgrid-scale uncertainty associated with 

convective initiation and model parameters is explored. 
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Control Forecast 

Initial Forecast Time 

Final Forecast Time 

FIG. 1.1. Two-dimensional phase space schematic 

illustrating basic concepts of ensemble forecasting. The 

ellipse at the initial forecast time encompasses all 

similar, equally-likely initial states of the atmosphere. 

The ellipse at the final forecast time (solid) represents 

the equally-likely distribution of NWP forecasts. The 

trajectories are forecasts from identiccil NWP models with 

slightly different initial states. The large ellipse at 

the final forecast time (dotted) delineates all plausible 

states of the real atmosphere. 
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Control Forecast 

Initial Forecast Time 

Final Forecast Time 

FI6. L.2. As in Fig. 1.1, except the trajectories 

represent forecasts from three different NWP models. The 

solid trajectory represents the control forecast from Fig. 

l.lr while the dashed trajectories are symbolic of two 

additional, equally-likely and equally-defensible NWP model 

forecasts. All three forecasts are initialized using same 

initial analysis. 
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Control Forecast 

Initial Forecast Time 

Final Forecast Time 

FIG. 1.3. As in Fig. 1,1 and Fig. 1.2, but illustrating 

the combination of equally-likely initial states with 

equally-defensible NWP models. The solid trajectories 

represent the forecasts from, slightly different initial 

states Cas in Fig. 1.1), while the dashed trajectories 

represent the forecasts from different NWP models (as in 

Fig. 1.2). The final distribution of forecasts accounts 

for initial analysis xincertainty and model errors, and is 

therefore believed to better represent all plausible end-

state forecasts. 
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Control Forecast 

Initial Forecast Time 

Final Forecast Time 

FIG. 1.4. Ensemble forecasts as in Pig. 1.3 (solid), but 

now including the hypothesized effect of stochastic forcing 

representative of s\ibgrid-scale uncertainty due to the 

parameterization of physical processes in NWP models 

(dashed). The final distribution of forecasts may better 

represent (probabilistically) all plausible atmospheric 

states. 
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CHAPTER 2: PRESENT STUDY 

The complete methods, results, and conclusions of this 

study are presented in the two manuscripts appended to this 

dissertation. The following summarizes the most important 

findings in these papers. 

2.1 Summary 

The prediction of monsoon convection in Arizona 

requires careful attention to the evolution of the PBL. 

Due to complex terrain, the horizontal and vertical 

resolution of NWP models is insufficient to resolve all 

important structural details observed in the Arizona 

boxindary layer. Thus, to produce short-term mesoscale 

QPFs, forecasters need to conceptually combine features the 

model can simulate well, such as three-dimensional 

advective changes, areas of conditional instability, and the 

basic PBL structure, with their knowledge of local terrain, 

local climatology, and features observed in regional 

observations. 

Verification of four PBL parameterizations in MM5 

shows that the Blackadar (BLK) and the NCEP Medium Range 

Forecast model CMRF) schemes more accxirately simulate the 

PBL in terms of temperatxire, mixing ratio, and depth than 

the Burk-Thompson (BT) and NCEP Eta schemes. The BT and 

Eta schemes, as implemented in MM5, produce PBLs that are 
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too shallow, cool, and moist during the monsoon. It 

appears the non-local schemes (BLK and MRF) ability to 

parameterize large eddies affecting the depth of the entire 

PBL is necessary to simulate properly the deep PBLs that 

develop over the Southwest during the monsoon. 

Integrated thermodynamic quantities indicative of 

potential updraft and downdraft strength [convective 

available potential energy (CAPE) and downdraft convective 

available potential energy (DCAPE), respectively (Emanuel 

1994)1 also favor the non-local BLK and MRF schemes. 

However, convective inhibition does not show a significant 

preference for these schemes. This suggests that the 

initiation of monsoon convection, rather than the model's 

ability to forecast areas of conditional instability, may 

be an important factor limiting the accuracy of MM5 QPFs. 

To compensate for this weakness, MM5 ensembles that employ 

stochastic variations in the initiation of convection may 

account for a component of the error associated with the 

timing and placement of convective precipitation. 

Ten unique MM5 ensembles were assembled by combining 

different PBL (BLK or MRF), cumulus, and stochastic 

parameterizations. Each of the ten ensembles contains ten 

members based on variations to the initial and lateral 

boundary conditions (ICs and LBCs, respectively) (i.e., the 

control + nine perttirbations) . A. ten member, mixed-physics 

ensemble (MOD) is constructed by combining the control 
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forecast from each of the ten. ensembles. A mixed-

physics/perturbed-aneilysis ensemble (MIX) is formed by 

combining one unique IC/LBC forecast from each of the ten 

ensembles. 

Ensemble performance is highly dependent on the 

verification metric and verifying observation. For that 

reason, ensemble evaluation by an assortment of accuracy 

measures against both spatially-averaged and rain gauge 

observations is necessary. With this in mind, the 36 km 

MIX is the most skillful ensemble tested. It is always 

more skillful thcux the higher-resolution (12 km) 

deterministic forecast, usually with 99% confidence, and 

typically beats all other ensemble configurations. 

Comparing the skill of the 12 km ensemble to its 36 km 

counterpart indicates that increasing horizontal grid 

resolution tends to increase the skill of the monsoon 

ensemble. But, this improvement is relatively small and is 

a function of the verification metric and observation used. 

Furthermore, the 36 km MIX ensemble still shows the best 

overall skill. This suggests that for the grid separations 

tested here (12 km and 36 km), improved resolution of 

terrain and other surface inhomogeneities is secondary to 

accoxinting for the uncertainty associated with 

observational analyses and model physics. 

The ensemble precipitation forecasts are very 

sensitive to the choice of ciimulus parameterization, which 
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affects the predicted precipitation, much more than, the PBL 

scheme or stochastic physics. The spatially-averaged 

precipitation indicates most ensembles are capable of 

simulating, at least to some extent, the diumeil signal 

characteristic of monsoon precipitation. 

The rudimentary stochastic forcing applied to 

convective initiation shows a slight increase in forecast 

skill when verified against gridded observations. It 

appears the stochastic ctimulus scheme is aiding slightly 

the PQPF by accounting for non-deterministic, subgrid-scale 

uncertainty associated with the initiation of convection. 

Additional experiments incorporating more sophisticated 

stochastic physics should be explored. 

Recent studies stress the importance of building both 

mixed-physics (or mixed-model) and perturbed analysis 

ensembles (e.g., Evans et al. 2000; Hou et al. 2001). 

Indeed, the most skillful predictions of 24-hour monsoon 

precipitation occ\ir when analysis xincertainty and model 

error are both accounted for by the ensemble. 

The ensemble spread for the mixed-physics only 

ensemble (MOD) is much less than all other ensembles. This 

is true for hoxirly and 24-hour precipitation amotmts. But, 

the mixed-physics/pertxirbed-analysis ensemble (MIX) is the 

most dispersive ensemble. Based on the spread and skill 

scores, IC pertxirbations combined with an accxirate 

convective scheme are probably the most important 
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ingredients to a short-range monsoon ensemble, followed by 

the addition of mixed-physics. 

Improvements to ensemble forecast systems can be 

realized more quickly by operational forecasters than 

improvements via model output statistics, because a frozen 

model and years of forecasts are not required for 

statistical calibration (Hamill and Colucci 1997, 1998a). 

The results of this dissertation support real-time 

implementation of operational, short-term, monsoon 

ensembles such as those recently implemented for test and 

evaluation at NCEP (Du and Tracton 2001). History suggests 

that forecasters, with sufficient time, should respond to 

real-time ensemble PQPFs with even more skillful 

predictions of monsoon convection. 



40 

REFERENCES 

Adams, D. K., and A. C. Comrie, 1997: The North American 
monsoon. Bull. Amer, Mieteor, Soc,, 78, 2197-2213. 

Adang, T. C., and R. Gall, 1989: Structure and dynamics of 
the Arizona monsoon boundary. Won. Wea. Rev,, 117, 
1423-1438. 

Anthes, R. A., 1986: The general question of predictability. 
Mesoscale Meteorology and Forecasting-, P. S. Ray, Ed., 
Amer. Meteor. Soc., 636-656. 

Anthes, R. A., and T. T. Warner, 1978: Development of 
hydrodynamical models suitable for air pollution and 
other mesometeorological studies. Hon. Wea, Rev,, 106, 
1045-1078. 

, E. -Y. Hsie, and Y. -H. Kuo, 1987: Description of 
the Perm State/NCAR mesoscale model version 4 (MM4). 
NCAR Tech. Note NCAR/TN-282+STR, 66 pp. 

Banta, R. M., 1984: Daytime boundary-layer evolution over 
mountainous terrain. Part I: Observations of the dry 
circulations. MOn, Wea, Rev,, 112, 340-356. 

, 1986: Daytime boundciry-layer evolution over 
moxmtainous terrain. Part II: Numerical studies of 
upslope flow duration. Afon. Wea, Rev,, 114, 1112-
1130. 

Bartels, D. L., D. P. Jorgensen, and B. F. Smull, 1991: 
Airborne doppler analysis of a mesoscale convective 
system observed dtiring the southwest area monsoon 
project. Preprints, 25th International Conference on 
Radar Meteorology^ Paris, France, Amer. Meteor. Soc., 
486-489. 

Baxomhefner, D. P., 1984: Analysis and forecast inter-
comparisons using the FGGE SOPl data base. NAS 
FGGE Workshop, Woods Hole, MA. 

Bjerknes, V., 1919: Wettervorhersage. Meteor, Z,, 36, 68. 

Black, T. L., M. Baldwin, G. DiMego, and E. Rogers, 1998: 
Results from daily forecasts of the NCEP Eta-10 model 
over the western United States. Preprints, 12^ Conf, 
On Numerical Weather Prediction, Phoenix, AZ, Amer. 
Meteor. Soc., 246-247. 



41 

Brenner, I, S.r 1974: A sxirge of maritime tropical air -
Gulf of California to the southwestern United States. 
Mdn. Wea. Rev., 102, 375-389. 

Bretherton, C. S., and P. K. Smolarkiewicz, 1989: Gravity 
waves, compensating subsidence and detrainment around 
cxamulus clouds. J. Atmos. Sci., 46, 740-759. 

Bryson, R., and W. P. Lowry, 1955: Synoptic climatology of 
the Arizona summer precipitation singularity. 
Bull. Amer. Meteor. Soc., 36, 329-339. 

Buizza, R., 1997, Potential forecast skill of ensemble 
prediction and spread and skill distributions of the 
EC1®IF ensemble prediction system. Mon. Wea. Rev., 125, 
99-119. 

, and T. N. Palmer, 1995: The singular vector 
structtire of the atmospheric general circulation. 
J-. Atmos. Sci., 52, 1434-1456. 

, M. Miller, and T. N. Palmer, 1999: Stochastic 
representation of model uncertainties in the ECMWF 
ensemble prediction system. Quart. J. Roy. Meteor. 
Soc., 125, 2887-2908. 

Carleton, A. M., 1985: Synoptic and satellite aspects of 
the southwestern U.S. "monsoon." J". Climatol., 5, 
389-402. 

, 1985: Synoptic-dynamic character of 
'bursts' and 'breeiks' in the southwest U.S. Stammer 
precipitation singularity. J. Climatol., 6, 605-623. 

Chang, J. -T., and P. J. Wetzel, 1991: Effects of spatial 
variations of soil moisture and vegetation on the 
evolution of a prestorm environment: A numerical case 
study. Mon. Wea. Rev., 119, 1368-1390. 

Colle, B. A., and C. F. Mass, 2000: The 5-9 February 1996 
flooding event over the Pacific Northwest: Sensitivity 
studies and evaluation of the MM5 precipitation 
forecasts. Moa. Wea. Rev., 128, 593-617. 

, K. J. Westrick, and C. F. Mass, 1999: Evaluation 
of MM5 and Eta-10 precipitation forecasts over the 
Pacific Northwest dxiring the cool season. Wea. 
Forecasting-, 14, 137-154. 



42 

Cottoa, W. R., R. L. George, P. J. WetzeL, and R. L. 
McAnelly, 1983 r A. long-live mesoscale convective 
complex. Part I: The mountain-generated conponent. 
Mon. Wea, Rev., Ill, 1893-1918. 

Daly, R., and T. Mayer, 1986: Estimates of global analysis 
error from the global weather experiment obserational 
network.. Moa, Wea., Rev., 114, 1&42-1653. 

Doswell, C. A., Ill, 1982: The operational meteorology of 
convective weather. Volxune I: Operational 
mesoanalysis. NOAA. Tech. Memo. NWS NSSFC-5, 158 pp. 

Douglas, M. W., 1995: The sxunmertime low-level jet over 
the Gulf of California. Man. fiTea. Rev., 123, 
2334-2347. 

, R. A. Maddox, and K. W. Howard, 1993: 
The Mexican monsoon. J". Climate, 6, 1665-1677. 

Du, J., and M. S. Tracton, 2001: Implementation of a real
time short range ensemble forecasting system at NCEP: 
An update. Preprints, 9^ Conf. On Mesoscale 
Processes, Ft. Lauderdale, PL, Amer. Meteor. Soc., 
355-356 

, S. L. Mullen, and F. Sanders, 1997: Short-range 
ensemble forecasting of quantitative precipitation. 
Afon. Wea. Rev., 125, 2427-2459. 

Dunn, L. B., and J. D. Hdrel, 1994a: Prediction of central 
Arizona convection. Part I: Evaluation of the NGM and 
Eta model precipitation forecasts. PiTea. Forecasting-, 
9, 495-507. 

, and , 1994b: Prediction of central 
Arizona convection. Part II: Further examination of 
the Eta model forecasts. Wea. Forecasting-, 9, 508-521. 

Emanuel, K. A., 1994: Atmospheric Convection. Oxford 
University Press, 580 pp. 

Epstein, E. S., 1969: Stochastic dynamic prediction. 
Tellus, 21, 739-759. 

Errico, R. M., 1983: A guide to transform software for non-
lineaur normal-mode initialization of the NCAR 
community forecast model. NCAR/TN-217+IA. 86 pp. 
[Available from the National Center for Atmospheric 
Research, P.O. Box 3000, Boulder, CO, 80307.1 



43 

, 1997: What is an adjoint model? Bull. Amer. 
Meteor, Soc.r 78, 2577-2591. 

, and D. P. Baxomhefoer, 1987: Predictability 
experiments using a high resolution and limited area 
model. Mbn, Wea. Rev. r 115, 488-504. 

Evans, R. E., M. S. J. Harrison, R. J. Graham, and K. R. 
Mylne, 2000: Joint medium-range ensembles from the 
Met. Office and ECMWF systems. Afon. Wea. Rev., 128, 
3104-3127. 

Farfan, L. M., D. R. Bright, and J. A. Zehnder, 1998: 
Numerical simulation of mesoscale weather systems in 
Arizona. Preprints, 121±. Conf. on Numerical Weather 
Prediction, Phoenix, AZ, Amer. Meteor. Soc., J13-J16. 

, J. A. Zehnder, and D. R. Bright, 2000: 
Verification of mesocale model simulations for 
Arizona. Postprints, Southwest Weather Symposium, 
Tucson, AZ, NWS/Univ. of Arizona/COMET, 104-119. 
[Available from WFO Tucson, 520 N. Park Ave. Suite 
304, Tucson, AZ 85719.1 

Pritsch, J. M., R. A. Houze Jr., R. Adler, H. Bluestein, L. 
Bosart, J. Brown, F. Carr, C. Davis, R. H. Johnson, N. 
Junker, Y. H. Kuo, S. Rutledge, J. Smith, Z. Toth, J. 
W. Wilson, E. Zipser, D. Zmic, 1998: Quantitative 
precipitation forecasting: Report of the eighth 
prospectus development team, U.S. Weather Research 
Program. Bull. Amer, Meteor, Soc,, 79, 285-299. 

Funk, T. VI,, 1991: Forecasting techniques utilized by the 
forecast branch of the National Meteorological Center 
during a major convective rainfall event. Wea, 
Forecasting-, 6, 548-564. 

Gallus, W. A., Jr., and M. Segal, 2000: Sensitivity of 
forecast rainfall in a Texas convective system to soil 
moisture and convective parameterization. Wea, 
Forecasting^, 15, 509-525. 

Ghil, M., S. Cohn, J. Tavantzis, K. Bube, and E. Isaacson, 
1981: Applications of estimation theory to numerical 
weather prediction. Dynamic Meteorology: Data 
Assimilation Methods, L. Bengtsson, M. Ghil, and E. 
Kallen, Eds., Springer-Verlag, 139-224. 

Gill, A. E., 1982: Atmosphere-Ocean Dynamics, Academic 
Press, 662 pp. 



44 

Giorgio F., 1991: Sensitivity of simulated stunmertime 
precipitation over the western United States to 
different physics parameterizations. Afon. Wea. Rev., 
119, 2870-2888. 

, and G. T. Bates, 1989: The climatological skill 
of a regional model over complex terrain. Afon. Wfea. 
Rev.r 117, 2325-2347. 

Gleick, J., 1987: Chaos^ Penguin Books, 352 pp. 

Glueck, J. R., 1997: Climate of Tucson, Arizona. NOAA 
Tech. Memo. NWS WR-249, 121 pp. [Available from 
NOAA/NWS, Western Region, 125 South State St., Salt 
Lake City, UT 84147.] 

Grell, G. A., J. Dudhia, and D. R. Stauffer, 1994: A 
description of the fifth-generation Penn 
State/NCAR mesoscale model {MM5) . NCAR/TN-398+STR, 
121 pp. [Available from MMM Division, NCAR, P.O. Box 
3000, Boulder, CO 80307] 

Hales, J. E., Jr., 1972: Surges of maritime tropical air 
northward over the Gulf of California. Won. Wea. Rev., 
100, 298-306. 

, 1974: The southwestern United States summer 
monsoon source - Gulf of Mexico or Pacific Ocean? 
J". Appl. Meteor., 13, 331-342. 

, 1975: A severe southwestern desert thxinderstorm: 
August 19, 1973. Mon. Wea. Rev., 103, 344-351. 

Hamill, T. M., and S. J. Colucci, 1997: Verification of the 
Eta-RSM short-range ensemble forecasts. Mon Wea Rev., 
125, 1312-1327. 

, and , 1998a: Evaluation of the Eta-RSM 
ensemble probabilistic precipitation forecasts. Man. 
Wea Rev.r lie, 711-724. 

, and , 1998b: Perturbations to the land-
stirface condition in short-range ensemble forecasts. 
Preprint, 12^ Conf. on Numerical Weather Prediction, 
Phoenix, AZ, Amer. Meteor. Soc., 273-276. 

Harrison, M. S. J., T. N. Palmer, D. S. Richeurdson, and. R. 
Buizza, 1999: Analysis and model dependencies in 
medium-range ensembles: Two transplant case studies. 
Quart. iJ. Roy. Meteor. Soc., 125, 2487-2516. 



45 

Hoffmann.^ R. N., and E. Kalnay, 1983: Lagged average 
forecasting, an altemaative to Monte Carlo 
forecasting. Tellus, 35A., 100-118. 

Hoke, J. E., N. A.. Phillips, G. J. DiMego, J. J. Tuccillo, 
and J. G. Sela, 1989: The regional analysis and 
forecasting system, of the National Meteorological 
Center. Wea. Forecasting'r 4, 323-334. 

Holton, J. R.., 1992: An Introduction to Dynaxaic 
Meteorology, Academic Press, 511 pp. 

Horel, J. D., and C. V. Gibson, 1994: Analysis and 
simulation of a winter storm over Utah. Wea, 
Forecasting, 9, 479-494. 

Hou, D., E. Kalnay, K. K. Droegemeier, 2001: Objective 
verification of the SAMEX '98 ensemble forecasts. 
Hon, Wea, Rev., 129, 73-91. 

Houtekamer, P. L., and J. Derome, 1995: Methods for 
ensemble prediction. Mbn. Wea. Rev,, 123, 2181-2196. 

Howard, K. W., J. J. Gourley, and R. A. Maddox, 1997: 
Uncertainties in WSR-88D measurements and their 
impacts on monitoring life cycles. Wea. Forecasting, 
12, 166-174. 

Janjic, Z. I., 1990: The step-motmtain coordinate model: 
Physical package. Mdn, Wea, Rev,, 118, 1429-1443. 

, 1994: The step-mountain Eta coordinate model: 
Fxirther developments of the convection, viscous 
sublayer, and turbulence closure schemes. Mon, Wea, 
Rev,, 122, 927-945. 

Jazwinski, A. H., 1970: Stochastic Processes and Filtering 
Theory, Academic Press, 376 pp. 

Kalman, R., 1960: A new approach to linear filtering and 
prediction, problems. Trans, ASMS, Ser. D, J, Basic 
Eng^,, 82, 35-45. 

, and R. Bucy, 1961: New results in linear 
filtering and prediction theory. Trans, ASME, Ser, D, 
<1, Basic Eng-,,92, 95-105. 

Kuo, Y. -H., and R. <J. Reed, 1988: Numerical simulation of 
an explosively deepening cyclone in. the eastern 
Pacific. Mbn, Wea, Rev,, 115, 2081-2105. 



46 

, and S. Low-Nam, 1990: Prediction of nine 
explosive cyclones over the western Atlantic with a 
regional model. Afon. Wea. Rev., H8, 3-25. 

Lin, J. W.-B., and J. D. Neelin, 2000: Influence of a 
stochastic moist convective parameterization on 
tropical climate variability. Geophys, Res. Lett., 
27, 3691-3694. 

Lorenz, E. N., 1963: Deterministic non-periodic flow. J. 
Atmos. Sci., 20, 130-141. 

, 1965: A study of the predictability of a 28-
variable atmospheric model. Tellus, 17, 321-333. 

Maddox, R. A., 1990: The southwest area monsoon project: 
Operations plan. NSSL/NOAA, Norman, OK, 57 pp. 
[Available from the National Severe Storms Laboratory, 
1313 Halley Circle, Norman, OK 73069.] 

, F. Canova, and L. R. Hoxit, 1980: Meteorological 
characteristics of flash flood events over the western 
United States. Mon. Wea. Rev., 108, 1866-1877. 

, D. M. McCollum, and K. W. Howard, 1993: Case 
study of an isolated severe thunderstorm over central 
Arizona: supercell in the desert? Preprints, 17"^ 
Conf. on Severe Local Storms, St. Louis, MO, 
Amer. Meteor. Soc., 201-205. 

, D. M. McCollxim, and K. W. Howard, 1995: Large-
scale patterns associated with severe summertime 
thunderstorms over central Arizona. Wea. Forecasting-, 
10, 763-778. 

Mapes, B. E., 1993: Gregarious tropical convection. 
J. Atmos. Scl., 50, 2026-2037. 

Markowski, P. M., E. N. Rasmussen, J. M. Straka, and D. C. 
Dowell, 1998: Observations of low-level baroclinicity 
generated by anvil shadows. Hon. Wea. Rev., 126, 
2942-2958. 

McCollum, D. M., R. A. Maddox, and K. W. Howard, 1995: 
Case study of a severe mesoscale convective system in 
central Arizona. Wea. Forecasting, 10, 641-663. 

McDonald, B. E., and J. D. Horel, 1998: Evaluation of 
precipitation forecasts from the NCEP's 10-km nest 
mesoscale Eta model. Preprints, 12^ Conf. On Numerical 
Weather PrediCtioii,Phoenix, AZ, Amer. Meteor. Soc., 
J27-J30. 



47 

J. G., K. W. Howard, and R. A. Maddox, 1991: 
Southwest area monsoon project. Daily operations 
stimmary, 141 pp. [Available from the National Severe 
Storms Laboratory, 1313 Halley Circle, Norman, 
OK 73069.1 

Miller, R. C., 1972: Notes on analysis and severe storm 
forecasting procedxires of the Air Force Global Weather 
Central. Air Weather Service Tech. Rep. 200 (Rev.), 
102 pp, [NTIS AD 744042.1 

Molteni, F., and T. N. Palmer, 1993: Predictability and 
finite-time instability of the northern winter 
circulation. Quart. tT. Roy. Meteor. Soc., 119, 
269-298. 

, R. Buizza, T. N. Palmer, and T. Petroliagis, 
1996: The ECMWF ensemble prediction system: 
Methodology and validation. Quart. <J. Roy. Meteor. 
Soc., 122, 73-119. 

Moore, T. J., R. Gall, and T. C. Adang, 1989: Disturbances 
along the Arizona monsoon boxmdary. Moa. Wea. Rev., 
117, 932-941. 

Mullen, S. L., and D. P. Baumhefner, 1989: The impact of 
initial condition vincertainty on numerical simulations 
of large-scale explosive cyclogenesis. Moa. Wea. 
Rev., 117, 2800-2821. 

, and , 1994: Monte Carlo simulations 
of explosive cyclogenesis. Afon. Wea. Rev., 122, 
1548-1567. 

Olsen, D. A., N. W. Junker, and B. Korty, 1995: Evaluation 
of 33 years of quantitative precipitation 
forecasting at NMC. Wea.. Forecasting-, 10, 498-511. 

Randerson, D., 1976: Meteorological analysis for the Las 
Vegas, Nevada, flood of 3 July 1975. Mon. Wea. Rev., 
104, 719-727. 

, 1986: A mesoscale convective complex type storm 
over the Desert Southwest. NOAA Tech. Memo. NWS 
WR-196, 54 pp. [Available frora^ NOAA/NWS, Western 
Region, 125 South State St., Salt Lake City, DT 
84147.1 

Reed, R. J., A. J. Simmons, M:. D. Albright, and P. Unden, 
1988: The role of latent heat release in explosive 
cyclogenesis: three examples based on ECMWF 
operational forecasts. Wea. Forecasting^, 3, 217-229. 



48 

Reitaa, C. H., 1957: The role of precipitable water vapor 
in Arizona's summer rains. Tech. Rep. on the 
Meteorology and Climatology of Arid Regions 2, The 
Institue of Atmospheric Physics, The University of 
Arizona, Tucson, 19 pp. [Available from The Institute 
of Atmospheric Physics, The University of Arizona, 
Tucson, AZ 85721.1 

Richardson, D. S., M. S. J. Harrison, K. B. Robertson, and 
A. P. Woodcock, 1996: Joint medium-range ensembles 
using UKMO, ECMWF, and NCEP ensemble systems. 
Preprint, 11^ Conf. On Numerical Weather Prediction, 
Norfolk, VA, Amer. Meteor. Soc., J26-J28. 

Roux, F., 1988: The west African squall line observed 23 
Jxme 1981 during COPT 81: Kinematics and 
thermodynamics of the convective region. J, Atmos. 
Sci., 45, 406-426. 

Schmidli, R. J., 1986: Climate of Phoenix, Arizona. NOAA 
Tech. Memo. NWS WR-177, 114 pp. [Available from 
NOAA/NWS, Western Region, 125 South State St., Salt 
Lake City, UT 84147.] 

Schmitz, T. J., and S. L. Mullen, 1996: Water vapor 
transport associated with the sxommertime North 
American monsoon depicted by ECMWF analyses. 
<7. Cliina.ter 9, 1621-1633. 

Segal, M., J. F. W. Pxirdom, J. L. Song, R. A. Pielke, and 
Y. Mahrer, 1986: Evaluation of cloud shading effects 
on the generation and modification of mesoscale 
circulations. Mon, Wea.. Rev., 114, 1201-1212. 

Sellers, W. D., and R. H. Hill, Eds., 1974: Arizona. Climate 
1931-1972, The University of Arizona Press, 616 pp. 

Simmons, A. J., R. Mxireau, and T. Petroliagis, 1995: Error 
growth and estimates of predictability from the ECMWF 
forecasting system. Quart. J. Roy. Meteor. Soc., 121, 
1739-1771. 

Smith, W. P., and R. L. Gall, 1989: Tropical squall lines of 
the Arizona monsoon. Mon. Wea. Rev., 117, 1553-1569. 

Stensrud, D. J., 1993 r Elevated residual layers and their 
influence on surface botindary-layer evolution. 
J. Atmos, Sci,r 50, 2284-2293. 

, and J. M. Fritsch, 1993: Mesoscale convective 
systems in weakly forced large-scale environments. 
Part 1: Observations. Afon. Wea. Rev., 121, 3326-3344. 



49 

, and J. M. Fritsch., 1994: Mesoscale convective 
systems in weakly forced large-scale environments -
Part II: Generation of a mesoscale initial 
condition. Mdn. Wea. Rev., 122, 20&8-2L04. 

, R. Gall, and M. Nordquist, 1997: Surges over the 
Gulf of California during the Mexican monsoon. Mbn, 
Wea. Rev,, 125, 417-437. 

, J. -W. Bao, and T. T. Warner, 2000: Using initial 
condition and model physics perturbations in short-
range ensemble simulations of mesoscale convective 
systems.Afon. Wsa. Rev,, 128, 2077-2107. 

, R. L. Gall, S. L. Mullen, and K. W. Howard, 1995: 
Model climatology of the Mexican monsoon. J". Climate, 
8, 1775-1794. 

, H. E. Brooks, J. Du, M. S. Tracton, and E. 
Rogers, 1999: Using ensembles for short-range 
forecasting. Man, Wea, Rev., 127, 433-445. 

Thompson, P. D., 1977: How to improve accuracy by combining 
independent forecasts. Mon. Wea. Rev., 105, 228-229. 

Toth, Z., and E. Kalnay, 1993: Ensemble forecasting at NMC: 
The generation of perturbations. Bull. Amer. Meteor. 
Soc.r 74, 2317-2330. 

Wallace, C. E., R. A. Maddox, and K. W. Howard, 1999: 
Summertime convective storms environments in central 
Arizona: Local observations. Wea. Forecasting-, 14, 
994-1006. 

Wandishin, M. S., S. L. Mullen, D. J. Stensrud, and H. E. 
Brooks, 2001: Evaluation of a short-range multimodel 
ensemble system. Mon. Wea. Rev., 129, 729-747. 

Warner, T. T., and H.-M. Hsu, 2000: Nested-model simulation 
of moist convection: The impact of coarse-grid 
parameterized convection on fine-grid resolved 
convection. Mon. Wea. Rev., 128, 2211-2231. 

Watson, A. I., R. E. Lopez, and R. L. Holle, 1994a: Diurnal 
cloud-to-ground lightning patterns in Arizona dxiring 
the Southwest Monsoon.. Mon. Wea. Rev., 122, 
1716-1725. 

, R. L. Holle, and R. E. Lopez, 1994b: Cloud-to-
grotind lightning and upper-air patterns during btirsts 
and breaks in the Southwest Monsoon. Mon. Wea. Rev., 
122, 1726-1739. 



50 

APPENDIX A 

THE SENSITIVITY OF THE NUMERICAL SIMULATION OF THE 

SOUTHWEST MONSOON BOUNDARY LAYER TO THE CHOICE OF PBL 

TURBULENCE PARAMETERIZATION IN MM5 

DAVID R- BRIGHT 

NOAA/NWS Weather Forecast Office, 

Tucson, Arizona 

STEVEN L. MULLEN 

Department of Atmospheric Sciences, The University of Arizona, 

Tucson, Arizona 

Accepted to Weather and Forecasting 
Copyright American Meteorological Society 

(Reproduced with permission of the 
Americcin Meteorological Society) 

August 31, 2001 

* Corre^onding author address: David R. Bright, NOAA/NWS, 520 N. Peurk 
Ave. Suite 304, Tucson, AZ 85719-5035? e-mail: david.brioht&noaa.oov 



51 

A.l ABSTRACT 

Summertime coavection over Arizona typically begins in 

the early afternoon and continues into the night. This 

suggests that the evolution of the daytime planetary 

boundary layer is important to the development of Arizona 

convection. If numerical models are to provide useful 

guidance for forecasting convection during the monsoon, 

then the planetary boxindeiry layer must be simulated as 

accurately as possible through utilization of the 

appropriate physical parameterizations. This study examined 

the most appropriate MM5 planetary boundeiry layer 

parameterization(s) for deterministic and ensemble modeling 

of the monsoon. The four MM5 planetary boundary layer 

parameterizations tested were the Blackadar, Burk-Thompson, 

Eta, and MRF schemes. The Blackadar and MRF planetary 

boundary layer schemes correctly predicted the development 

of the deep, monsoon planetary boundary layer, and 

consequently did a better job of predicting the convective 

available potential energy and downdraft convective 

available potential energy, but not the convective 

inhibition. Because the convective inhibition was not 

accurately predicted, it is possible that the MMS's ability 

to initiate or "trigger" convection might be a limiting 

factor in. the model *^5 ability to produce accurate 

quantitative precipitation forecasts dtiring the monsoon. 

Since the MM5 planetary boundary layer predicted by the 
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Burk-Thompson and Eta schemes did not accurately reproduce 

the basic structure of the monsoon planetary boundary 

layer, their inclusion in a mixed physics ensemble is 

discussed. 
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A. 2 Introduc tioa 

Forecasting precipitation in the Southwest United 

states during the summer convective season (also known as 

the North American monsoon, the Southwest United States 

monsoon, the Mexican monsoon, or the Arizona monsoon (Adams 

and Comrie 1997) and hereafter referred to as "the 

monsoon") is difficult. Observational studies, many 

motivated by the Southwest Area Monsoon Project (SWAMP) 

(Meitin et al. 1991) during the 1990s, have shown that weak 

synoptic forcing, complex terrain (FIG. A.l), and sizable 

areas void of mesoscale observations are largely to blame 

for the forecast problems (Haro et al. 1998; Maddox et al. 

1995; McCollum et al. 1995; Maddox et al. 1993; Hales 

1975) . It also has been doctimented that numerical weather 

prediction (NWP) models provide limited guidance to the 

forecaster during the monsoon. Dxmn and Horel (1994a) 

showed that in Arizona, the National Center for 

Environmental Prediction (NCEP) Nested Grid Model (NGM) 

(Hoke et al. 1989) ejdiibited no skill in producing 

quantitative precipitation forecasts (QPFs) during the 

monsoon, while an earlier 80 km version of NCEP's Eta model 

(Janjic 1994, 1990) showed only limited skill by 

occasionally producing light rainfall over the Arizona 

deserts, but never predicting precipitation over the 

mountains or widespread, heavy rainfall events. Lack of 

Eta model skill was attributed to a poor representation of 

the moisture field, convective initiation occurring at 
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scales that the model could not resolve, and an inability 

of the model to initiate convection over high terrain (Dunn 

and Horel 1994b) . Stensrud et al. (1995) used the 

Pennsylvania State University/National Center for 

Atmospheric Research (PSU/NCAR) mesoscale model, version 4, 

(MM4) (Anthes and Warner 1978; Anthes et al. 1987) to 

produce a one-month model climatology of the monsoon in 

Mexico. Their model simulation reproduced many of the 

observed features of the monsoon circulation, such as the 

large-scale mid-tropospheric wind fields, southerly low-

level winds over the Gulf of California, and heavy rainfall 

over western Mexico. They emphasized that choosing 

appropriate physical parameterizations is as important as 

accurate initial conditions. This point was reiterated by 

Haro et al. (1998) in their review of two Arizona severe 

thunderstorm events that occurred in August 1996. Winds 

near Phoenix in excess of 160 kmhr"'- (100 mph) were measured 

in both events. They noted the inability of synoptic and 

mesoscale models to forecast properly the evolution of the 

planetary boundary layer (PBL) as the ma]or impediment to 

the model's ability to provide useful guidance beyond 12 

hours. 

This paper focuses on the importance of the PBL 

evolution to Arizona monsoon convection, and ability of the 

PSU/NCAR mesoscale model version 5 (MM5) (Grell et al. 

1995) to predict its evolution prior to convective events. 

Section 2 provides background, information on the PBL and 
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forecasting convection during the monsoon, and section 3 

provides observational examples illustrating some of the 

challenges faced by Arizona forecasters in sounding 

analysis for thunderstorm prediction. Emphasis is placed 

on PBL features that we believe forecasters need to 

evaluate Ccurefully in order to produce accurate, short-term 

forecasts. A description of two local, higher-order and 

two non-local PBL schemes included with MM5 version 2 

(release 12) is given in section 4. All four of these PBL 

schemes are considered sophisticated enough for use in MM5 

modeling of the monsoon; however, to our knowledge there is 

no verification pviblished on their ability to reproduce 

very deep, well-mixed PBLs typical of Arizona and the 

southwest United States. The methodology of our MM5 PBL 

experiment is also described in section 4. The results of 

the experiment are contained in Section 5. Section 6 

discusses the results, including the suitability of 

including these PBL schemes in short-term ensembles during 

the monsoon. 

A.3 Background 

A.3.1 Forecasting' convection during- the monsoon 

Through operational experience, we believe that 

Ccireful analysis of observational data, particularly 

regional soundings, is necessary for making short-term 

forecasts (i.e., approximately 6 to 18 hours) of Arizona 

convection. Maddox et al. (1995) described how detailed 
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observational analysis can reveal small but significant 

changes in the severe weather environment of the Southwest» 

Recently, remotely sensed data such as those from 

satellites and WSR-88D radars have proved valuable 

additions to the observational network (e.g.. Bright and 

McCollxm 1998). Nevertheless, operational forecasters 

still rely heavily on climatology to provide the conceptual 

basis for their short term forecasts and warnings • 

Probably the most significant climatological feature of 

Arizona convection is its correlation with the diurnal 

cycle and terrain. Cloud-to-ground lightning activity is 

at a maximum in Arizona at 4 PM LST (Watson et al. 1994) . 

Thunderstorms typically begin over the mountains around 

Noon LST and move toward lower terrain dxiring the afternoon 

and evening hours (FIG. A.2), sometimes reaching the 

central deserts of Phoenix with a peak frequency at 11 PM 

LST (Balling and Brazel 1987). 

The deterministic model forecasts completed for this 

study revealed that 6 to 18 hour forecasts of Arizona 

convection are more challenging in the lower elevation 

deserts farther removed from the mountains. This is 

because the model must accurately generate and move the 

mesoscale forcing for convective initiation away from its 

high-elevation source and into the lower deserts. The 

success of the numerical forecast is therefore related to 

the model PBL evolution, since dixomal changes in the 

structure of the PBL directly impact convective available 
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potential energy (CAPE), convective inhibition (CIN), and 

dovnadraft convective available potential energy (DCAPE), 

particulcirly in the lower elevations. (In this paper, 

CAPE refers to the positive buoyant energy between the 

level of free convection and the equilibrium level, while 

CIN refers to the negative buoyant energy below the level 

of free convection. All calculations of CAPE and CIN are 

based on pseudoadiabatic processes (Emanuel 1994) and 60 mb 

parcel averages unless otherwise stated. DCAPE also 

follows Emanuel (1994), and represents the maximum 

potential energy that can be realized in a precipitating 

downdraft.) In this paper it is calculated by first 

cooling a parcel just above the lifting condensation level 

isobarically through a wet-bulb process, and then asstiming 

evaporation maintains saturation during pseudoadiabatic 

descent.) 

A.3.2 Numerically simulating- the planetary boxmdary layer 

The daytime growth of the PEL results from turbulent 

exchanges, primarily driven by intense surface heating. 

This growth is principally governed by how the net 

radiation received at the surface is partitioned into 

sensible, latent, and soil heat fluxes. Simple bulk models 

of the PBL (also called slab models and referred to as 

half-order closure models) assume a priori a vertical 

distribution of wind, temperature, and/or moisture. Once 

the wind, temperature, or moisture is known at a point in 
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the PBL, its value at all heights of the PBL is diagnosed. 

For decades, variations of the bulk method have been used 

in meteorological models with sufficient accuracy that it 

remains a popular modeling technique today (Stull 1988; 

e.g., see Stensrud 1993). However, sophisticated mesoscale 

models need to include effects of processes internal to the 

PBL, such as turbulent eddies of various sizes in vsurious 

stability regimes. These processes are not represented 

accurately by the conceptual simplicity of bulk 

parameterizations. 

The next level of sophistication beyond the bulk 

formulation is first-order closure (often called K-

theory), which assumes that turbulent fluxes flow down-

gradient in proportion to an eddy diffusivity and the local 

vertical gradient of the quantity being transferred 

(Garratt 1992) . First order closiire works best for 

neutral or stably stratified PBLs, but worsens as 

convection becomes dominant over shear in the production of 

PBL turbulence. Many mesoscale models now employ PBL 

parameterizations incorporating higher-order closxire 

schemes, where in addition to prognostic equations for the 

mean quantities, prognostic equations are also retained for 

the turbulent fluxes. These higher-order schemes 

typically determine the turbulent fluxes through values 

and/or gradients of predicted quantities at the same 

vertical point. Because the ttirbulent closure is evaluated 

at the same vertical grid point, these schemes are referred 
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to as utilizing local closure. Another approach used in 

mesoscale models is non-local closurer where the turbulent 

fluxes at a point are parameterized by predicted quantities 

at several vertical points through the depth of the PBL. 

Non-local schemes assizme that turbulence is a 

superposition of eddies of various sizes, and are therefore 

well suited for parameterizing the effects of large eddies 

in an unstable, connective PBL. Local schemes have been 

extended to third order, while non-local schemes have been 

limited to first order (Garratt 1992). See Stull (1988, 

Chapter 6) for a mathematically based discussion on 

turbulent closure. 

A.3.3 Planetary boundary layers in complex terrain 

Anticipating changes in the structxire of the PBL is 

further complicated by vertical growth into a layer of the 

free atmosphere modified by prior contact with the surface. 

These elevated residual layers (ERLs) tend to conserve mean 

state variables of the boundary layer in which they 

originally formed. Complex terrain and steep terrain 

gradients make ERLs rather common over the western United 

States. During the 1990 SWAMP, Stensrud (1993) found ERLs 

over Phoenix about 20% of the time. An ERL may or may not 

be well mixed, but a unique and common subset of the ERL is 

the elevated mixed layer (EML) . The EML is a former, well 

mixed PBL, often originating over high terrain and 

subsequently moving over lower terrain, away from its high-
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elevation heat sotirce and into the free downstream 

atmosphere. EMLs often act as a "lid" on convective storm 

formation in the central United States (Lanicci and Warner 

1991a, 1991b, 1991c; Graziano and Carlson 1987; Carlson et 

al. 1983; Carlson et al. 1980), with the horizontal 

location of the EML strongly influenced by the interaction 

of the large-scale flow with the mesoscale environment 

(Lieman and Alpert 1993) . A lid is defined as an EML over 

a moist PBL, and over the southern Great Plains typically 

exist for about one week (Lanicci and Weimer 1991b) . 

Stensrud (1993) showed that ERLs influence the 

potential for convection depending on their 

characteristics, particularly the gradient of potential 

temperature separating the ERL from the PBL. He found that 

if an ERL is separated from the PBL by a strong, shallow 

inversion (i.e., large vertical gradient of potential 

temperature), then the surface moisture flux (i.e., latent 

heating) tends to dominate over dry air entrainment at the 

top of the PBL. Therefore, if the surface moisture flux 

is large enough, the water vapor content of the PBL will 

increase despite its slow growth into a drier ERL. 

However, if the inversion separating the ERL from the PBL 

is relatively deep and wecik. (i.e., small vertical gradient 

of potential temperature), then ERL air is quickly 

entrained downward into the PBL, dominating the surface 

moisture flux. Thus, if the ERL is drier than the PBL, 

then the entrainment of air from above will dominate the 
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latent heat flux, resulting in a net drying of the PBL. 

(Typically, the ERL is drier than the PBL, but this is not 

necessarily true if the ERL was created by moist 

convection.) In high temporal resolution soundings taken 

over Phoenix during SWAMP, Stensrud (1993) showed examples 

of rapidly decreasing CAPE (and increasing CIN) when an ERL 

moved over the Phoenix PBL. 

A.4 Obser^rations of the desert PBL 

Afternoon boundary layers over the desert Southwest 

grow considerably deeper than other regions of the country 

(Holzworth 1964) . This is particularly true during the 

late spring and early summer months prior to the monsoon, 

when minimal vegetation and dry soil allow most of the 

available energy to go toward sensible heating. Dxiring the 

monsoon, forecasting changes to the PBL and its conditional 

instability are considerably more complex. Midtropospheric 

air entrained into the afternoon PBL is not necessarily dry 

(Douglas et al. 1993), and an increase in soil moistxire 

resulting from the monsoon rainfall changes the land-

surface energy budget. 

A 00 DTC (5 PH LST) 30-yecir, pre-monsoon composite 

sounding at Tucson, Arizona for all dry days (i.e., all 

calendcir days without trace or measurable precipitation at 

Tucson International Airport) between 10-19 June 1961-1990 

contains a precipitable water of 16 mm and a PBL top at 

approximately 650 hPa (FIG. A.3) . The mixing ratio 
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decreases rapidly with height through the entire PBL. 

Winds in the composite sounding are southwest above the 

PBL, indicating southern Arizona is still under the 

influence of a relatively dry Pacific air mass, in good 

agreement with regional monsoon composites (Douglas et al. 

1993) . An entraining PBL (Stull 1988) can explain the 

obseirved drying with height in the boundary layer. One 

month later and typically during the monsoon, a 30-year 

composite sounding of all dry days at Tucson between 10-19 

July 1961-1990 indicates the top of the PBL has decreased 

to about 700 hPa, the mixing ratio is more uniformly 

distributed through the PBL, the precipitable water has 

increased to 28 mm, with moistening at all levels of the 

troposphere (FIG. A.4). 

Elevated heat sources due to rugged topography (see 

FIG. A.l) and strong insolation can produce deep and 

complex PBLs over Arizona. The 00 UTC 22 July 2000 

sotinding over Tucson (FIG. A. 5) shows a classic EML between 

650 hPa and 500 hPa,^ and evidence of a very shallow EML 

between 670 hPa and 650 hPa. These EMLs are likely formed 

as the PBL over the mountain ranges east of Tucson is 

advected westward over the lower elevation PBL. The mixing 

ratio of the EML between 650 hPa and 500 hPa is a uniform 

3.1 gkg"^, while the mixing ratio of the Tucson PBL is 

considerably higher at 7.5 gkg"^. The strong inversion 

sepeirating the PBL from the deep EML suggests that the 

entraimnent of dry air will proceed, slowly. One can then 
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deduce that a rapid decrease (increase) in the 653 Jkg"^ of 

surface parcel CAPE (56 Jkg"^ of CIN) is unlikely; although, 

a substantial amount of CIN must be overcome to initiate 

convection. Outflow from thunderstorms that originated 

over the Mogollon Rim and White Moxantains around 22 UTC 

triggered thimderstorms in the Tucson area between 03 and 

04 UTC (National Weather Service (NWS) Tucson sxirface 

observations eind storm log) . 

After days of intense heating and the complete 

entrainment of EMLs into the PBL, extremely deep PBLs can 

form, such as the 00 UTC (5 PM LST) 29 July 1995 Tucson 

sounding shows (FIG. A.6) . The PBL reaches 470 hPa (the 

small inversions at 800 hPa and 600 hPa appear spurious) 

and the mixing ratio is reasonably well mixed but only 

about 3 gkg"^ {erroneously high dew point temperatures above 

the surface and below 700 hPa were removed) . This 

environment is very similar to the Western dry-microburst 

environment described by WaJcimoto (1985) . Because a large 

amount of DCAPE exists in the environment (about 2300 Jkg*^ 

for a parcel originating at 450 hPa), and the cloud base is 

well above the freezing level, even a shallow precipitating 

cloud in the 450 to 300 hPa layer is capable of generating 

a strong downdraft (Proctor 1989; Emanuel 1994). Indeed, 

isolated high-based convection developed over the Phoenix, 

Arizona metropolitan area (200 km northwest of Tucson) 

around 04 UTC (9 PM LST), producing measured wind gusts to 

115 km hr"*- (70 mph) and ntimerous reports of wind damage. 
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but very little rainfall (NOAA 1995; Green and Haro 1998) . 

h. heat burst (Johnson 1983) , which is an abrupt increase in 

sxirface temperature as a precipitation-driven dovmdraft 

penetrates the shallow nocturnal inversion, occtirred at Sl?y 

Harbor airport at 06 DTC (11 PM LST) when the temperatxire 

jumped to 46° C (114° F) > Although reports of cloud-to-

cloud lightning were frequent, no cloud-to-ground lightning 

accompanied the storms in the Phoenix metropolitan, area 

(lightning information courtesy of Ron Holle, Global 

Atmospherics, Tucson, Arizona) . 

An interesting event that illustrates the complexity 

and sensitivity of the desert PBL to convective initiation 

occ\irred 29 June 2000. The 12 UTC (5 AM LST) sounding at 

Phoenix (PIG. A.7, solid; sounding data provided by Charles 

Dempsey, Salt River Project (SRP), Tempe, Arizona) will 

become conditionally unstable as the PBL develops during 

the day. The 12 DTC Tucson soxinding was of minimal value 

to the forecasters due to convective contamination (i.e., 

the Tucson sounding sampled the residual effects of 

nocttimal convection not representative of the large-scale 

environment) . An EML is situated over Phoenix between 750 

hPa and 600 hPa, with an ERL between about 810 hPa and 750 

hPa. Based on the uniform northeast wind at about 10 ms"^, 

the EML coxild have formed the previous afternoon as the PBL 

over the northeast Arizona plateau (about 400 km northeast 

of Phoenix), with the lower portion perhaps modified by 

nocttimal cooling, forming an. ERL, as it passed over the 
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Mogollon Rim (about 150 km northeast of Phoenix) . (The 

formation of the EML/ERL is indeed speculative; however, 

its existence and not its origin is the topic of 

discussion.) The soxinding presents a difficult challenge 

to the forecaster, since afternoon instability is dependent 

upon how the developing PBL and drier ERL/EML interact. 

The threat for severe convection was significant enough to 

prompt the Storm Prediction Center, in coordination with 

Arizona NWS offices, to issue a Severe Thunderstorm Watch 

for much of central Arizona at 20 UTC (1 PM LST) . 

A one-dimensional bulk PBL model (Stull 1988, page 

456) driven by a simple parameterization of the net 

radiative flux (Stull 1988, page 256-259) is used to 

estimate the development of the Phoenix PBL and its 

conditional instability. The model assumes a constant 

entrainment coefficient, partly cloudy sky cover (two-

tenths mid and high cloud, respectively), and a constant 

Bowen ratio (ratio of sensible to latent surface heat 

fluxes) . The value of the Bowen ratio and entrainment 

coefficient are 4.5 and 0.2, respectively, and are 

considered representative of a free-convective PBL in a 

semi-arid environment (Stull 1988, page 274 and 478, 

respectively) . The latent heat flxix is simply determined 

using" the assumed Bowen ratio. Day-to-day changes in the 

spatial variability of soil moisture can have a significant 

impact on the surface energy budget, CAPE, and cm. 

Boundaries resulting from differential heating owing to 
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gradients in the soil moistiire may be important in 

convective development (Gallus and Segal 2000; Chang and 

Wetzel 1991), but this model was simply designed to provide 

first-order estimates of how CAPE and CIN evolve relative 

to the growing PBL. 

Model output indicates that temperatures warm steadily 

between 12 UTC and 20 UTC (5 AM LST to 1 PM LST) , while 

the surface dew point steadily decreases as the boundary 

layer grows into the drier air above the surface (FIG. A.7, 

dash, dot, dash-dot valid at 16, 20, and 00 UTC, 

respectively). By 20 DTC the PBL has grown into the ERL, 

with a strong inversion capping the PBL and slowing the 

rate of dry air entrainment. The hourly model output 

plotted as a meteogram (FIG. A.8) indicates the forecast 

CAPE (60 mb surface parcel) is generally quite low through 

16 UTC (9 AM LST), and then steadily increases as heating 

continues but dry air entrainment slows as the PBL grows 

into the ERL above 810 hPa. CAPE values never become very 

large, and peak at just under 500 Jkg"^ around 00 UTC (5 PM 

LST) . CIN is predicted to decrease through the day, but 

remains an appreciable 30 Jkg"^ during the late afternoon, 

indicating convection in the Phoenix valley is unlikely 

without a strong outflow. The model simulation of CAPE and 

CIN seems credible based on the good agreement of the 

predicted surface temperature to the observed surface 

temperattire at nearby Sky Hcirbor International airport. 

The dew point trend is also forecsist quite well, but the 
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model dew point {using 12 OTC SRP data for initialization) 

is always less than the Sky Harbor airport dew point. In 

this case, convection did not overcome the EML lid in the 

central deserts (in good agreement with the bulk model 

prediction), and no severe weather occurred in the Phoenix 

metropolitan area (NOAA 2000). 

During this time, an interesting situation was 

developing farther south over Tucson. The Tucson sounding 

at 00 UTC (5 PM LST) 30 Jtine shows an ERL with a top at 600 

hPa and base around 680 hPa (FIG. A.9). The top of the ERL 

and its mean potential temperattire and mixing ratio (316 K 

and 6 gkg"^, respectively) are nearly identical to those 

observed in the EML over Phoenix earlier in the day; 

however, the winds are now north at 5 ms"^. This ERL may 

have originated from the EML observed over Phoenix earlier 

in the day, or perhaps formed over the Santa Catalina 

mountains just north of Tucson- In any event, cloud cover 

earlier in the day and moist soil from recent rainfall 

limited the growth of the Tucson afternoon PBL to only 780 

hPa, well below the base of the ERL. Low level moisture 

advection in combination with the warm air below the ERL 

(between 700 and 650 hPa) capped convective initiation (CIN 

39 Jkg"^ ) during the afternoon hours, allowing a 

considerable amount of conditional insteibility to form over 

Tucson (CAPE 1192 Jkg'^ ) . At 04 OTC (9 PM LST) the lid 

was overcome as a small con^lex of thtinderstorms developed 

over southern Arizona. The storms that developed in the 
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Tucson metropolitan area produced urban flash, flooding Cup 

to 6 cm of rain between 04 and 06 UTC) but no reports of 

severe wind or hail (NOAA. 2000) . 

A.5 Numerical simulation of the desert PBL using MM5 

The Tucson NWS office, in cooperation with the 

University of Arizona has performed real-time MM5 

forecasts since the summer of 1997 (see Parfan et al. 1998; 

Farfan et al. 2000). Initial sensitivity studies showed 

that different PBL parameterizations produced notably 

different forecasts; however, we could find no existing 

study of MM5 PBL performance in Arizona during the monsoon. 

In related climate work, Giorgi et al. (1993) found that a 

non-local PBL scheme favorably decreased the amount of 

convective precipitation due to more rapid upward mixing of 

low level moisture, while Holtslag and Boville (1993) noted 

that a non-local PBL scheme showed promise because it (more 

correctly) transferred moistxire away from the surface than 

a local scheme. This present study was conducted to 

determine the most appropriate MM5 PBL parameterization(s) 

to use for deterministic and ensemble modeling of the 

monsoon. The four MM5 PBL parameterizations tested were 

the Blackadar (BLK) (Zhang and Anthes 1982), Burk-Thompson 

(BT) (Biirk and Thompson 1989), Eta (Janjic 1994) and the 

MRF (Hong and Pan 1996) schemes. 
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A.5.1 The four MM5 BBL parameterizatlons 

A.5.1.1 BLACKADAR PBL PARAMETERIZATION 

The high-resolution boundary layer scheme based on 

Blackadar (1976, 1978) and Zhang and Anthes (1982) is used 

to forecast the vertical mixing of horizontal wind, 

potential temperatxxre, mixing ratio, cloud water, cloud 

ice, and graupel. The stable, nocturnal regime and free-

convective regime are treated differently. In the 

nocturnal regime, the atmosphere is stable (or marginally 

unstable) and turbulence is the result of mechanical 

processes, while in the free-convective regime the 

atmosphere is unstable and turbulence is the result of 

free-convective thermals of wsirm, rising air. In the 

nocturnal regime, a first-order closure approach based on 

K-theory is used to determine the tiirbulent fluxes. 

Because the nocturnal regime is a local scheme, mixing is 

assumed to occur only between adjacent model layers. In 

contrast, the free-convective regime employs a non-local 

approach where buoyant plxomes of warm air are assumed to 

mix heat, moisture, and momentum at every level of the 

mixed layer. 

A.5.1.2 BDRK-THOMPSON PBL PARAMETERIZATION 

The BT scheme available in MM5 is based on its initial 

implementation in the Navy Operational Regional Atmospheric 

Prediction System (NORAPS) (Bxirk: and Thompson 1989) . The 

scheme parameterizes PBL turbulence through local, second-
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order closure based on Mellor and Yamada's (1974) level 3 

model. In MM5, the scheme is used to forecast the vertical 

mixing of horizontal wind, potential temperature, mixing 

ratio, cloud water, and rain water through prognostic 

equations for turbulent kinetic energy, temperature 

variance, moisttire variance, and temperature-moisture 

covciriance. All other flxixes cure obtained diagnostically. 

Its inclusion of prognostic equations for the higher 

statistical moments allows for the simulation of well-mixed 

PBLs, but at increased computational expense. 

A..5.1.3 ETA PBL PARAMETERIZATION 

The Eta PBL parameterization in MM5 is based on 

implementation of the Mellor and Yamada's (1974) level 2.5 

model in the NCEP Eta model (Janjic 1994) . It is a local, 

one-and-a-half order closure scheme in the PBL with a 

prognostic equation for turbulent kinetic energy. In MM5, 

the scheme is used to forecast the vertical mixing of 

horizontal wind, potential temperature, and mixing ratio. 

A.5.1.4 MRF PBL PARAMETERIZATION 

The MRF PBL peirameterization (Hong and Pan 1996) is a 

first-order, non-local scheme based on the results of the 

large-eddy simulations by Vi^gaard and Brost (1984) . It 

represents large-eddy ttirbulence in a well-mixed PBL, and 

is coii5)utationally the most economical. It has been used 

in general circulation models and ntmerical weather 
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prediction models because of its computational efficiency 

and its ability to simulate leirge-eddy turbulence in well-

mixed PBLs. In MM5, the scheme is used to forecast the 

vertical mixing of horizontal wind, potential temperature, 

mixing ratio, cloud water, cloud ice, and graupel. 

A, 5.2 Methodology 

The model was initialized at 12 UTC (5 AM LST) during 

21 days of August, 1998. Four, 12-hour forecasts were 

produced daily, each forecast containing a different PBL 

scheme. Verification data consisted of the four 

operational NWS rawinsondes available in the southwest 

United States (Flagstaff, Arizona (FGZ); Albuquerque, New 

Mexico (ABQ); Tucson, Arizona (TUS); Santa Teresa, New 

Mexico (EPZ); see FIG. A.l or FIG. A.10 for locations). 

The forecast duration was 12 hours to examine the predicted 

afternoon PBL as compared to 00 UTC (5 PM LST) soundings. 

The MM5 model was configured with 27 layers in the 

vertical, a 64x64 grid-point course domain at 54 km grid 

spacing, emd a 64x64 grid-point, two-way interactive nest 

at 18 km grid spacing (FIG. A. 10) . Output from the 18 km 

nested domain was used for all model verification. Model 

physics include the simple explicit microphysical 

parameterization for cloud water and rain water below the 

freezing level, and cloud ice and snow above the freezing 

level (Grell et al. 1995; Dudhia 1989; Zhang 1989), the 

Kain-Fritsch convective parameterization (Kain and Fritsch 
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1990, 1993), a. five-layer soil temperatxire model with, fixed, 

sxibstrate (Dudhia 1996), and. a cloud radiation scheme 

accounting for long and short wave radiative transfer in 

cloudy and clear air (Grell et al. 1995? Dudhia 1989). 

Terrain height and land-use information for the 18 km 

domain were derived from the NCAR 10 minute (approximately 

19 km) global terrain and land-use database. Initial and 

lateral boundary conditions were interpolated directly from 

NCEP's Eta model available on AWIPS grid 211 (80 km grid 

spacing) (Stackpole 1994) to the MM5 grid. To overcome a 

dry bias over Arizona then found in the low levels of the 

Eta initial moisture fields (Farfan et al. 1998), a 

locally-developed reanalysis scheme nudged 12 aTC initial 

grids of interpolated temperature and moisture (below 700 

hPa) toward observed 12 UTC upper air and sxirface 

observations. In the MM5 preprocessing system, the 

initial ground temperatxire is set to the initial sxirface 

temperature. Soil moisture availability is simply assigned 

its climatological sxraimertime value based on the land-use 

category at the particular grid point. 

Verification of the model's PEL forecast consisted of 

comparing the model forecast vertical profile (i.e., 

forecast sounding) against the four rawinsonde 

observations. To avoid introducing additional tincertainty 

due to interpolation, the forecast sotmdings were extracted 

directly from the grid point nearest the observation site. 

Comparisons were made at the initial time (12 OTC) to 
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quantify the accuracy of the initial conditions, and after 

the 12 hour forecast (valid 00 DTC) to verify the accuracy 

of the PBL forecast. 

Prior to the statistical analysis, all 00 UTC and 12 

UTC soundings (model and observed) were visually inspected 

for either convective contamination or erroneous data. 

Convective contamination constitutes any sounding we 

believe was not representative of the large-scale, pre-

convective PBL due to localized convection or organized 

convective systems (e.g., "onion" sotindings (Zipser 1977)). 

Any real or predicted sounding showing evidence of 

occvirring, recent, or nearby convection, or sptxrious data, 

was removed from the 21-day statistical analysis? eight of 

the 84 possible soundings were removed from the analysis. 

With the exception of integrated quantities such as CAPE 

and CIN, verification consisted of all observed sotinding 

data being vertically interpolated to the nine lowest MM5 

sigma layers. The lowest sigma layer (.995) was always 

removed from the analysis to ensxire that any spurious 

surface effects would not contaminate the results. (e.g.. 

The NWS Automated Surface Observing System (ASOS) uses 

"chilled mirror" technology (for ASOS information see 

http r / / www. nws. noaa. gov/ asos) to determine the dew point 

temperature. Personal experience in Tucson has shown that 

the mirror must be clesuaed. frequently during the summer 

months to ensure accurate dew point measurements in the 
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desert. Rather than sxibjectively determining the validity 

of the observed surface dew point temperatures, all surface 

data were simply removed from the analysis.) At the four 

verification sites, the top (ninth) sigma layer used for 

verification ranged from 170 to 200 hPa above the surface, 

which is generally near the top of the afternoon PBL in the 

Southwest. Although the PBL often exceeds 170 to 200 mb 

depth, the analysis was restricted to this layer to ensure 

the results reflect the properties of the PBL and not the 

free atmosphere above. 

A.6 Results 

The accuracy of the MM5 initial analysis compared to 

the rawinsonde observation indicates a slight cool bias (-

0.6 °C) in the model initial conditions when all four sites 

are considered collectively (TABLE A.l) . The largest MM5 

cool bias is fotind at TUS (-0.9 °C) and the smallest at ABQ 

and FL6 (-0.4 "C) . The vertical profile of mixing ratio 

shows no initial bias (0.0 gkg"'-) when all sites are 

considered, with individual biases ranging from a slight 

MM5 dry bias at ABQ (-0.3 gkg"^) to a slight MM5 wet bias at 

TUS (0.3 gRg'"-). The MM5 bias for the u and v component of 

the wind is also small (0.1 ms"^ and -0.3 ms"^, respectively) 

when all four sites are considered collectively. 

Similar statistics at the 12-hour forecast time (valid 

00 UTC) were computed for the BLK, BT, Eta, and MRF PBL 
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parameterizations (Tables 2 through. 5, respectively. The 

bold nximbers in the "ALL" row indicate the smallest bias or 

standard deviation among the four PBL schemes.) The BLK 

PBL scheme (TABLE A. 2) shows the smallest overall 

temperature bias (0.1 "C) and mixing ratio bias (0.0 gkg""-) 

with the MRF PBL parameterization (TABLE A. 5) a close 

second. In fact, the 12-hour forecast accuracy of 

temperature by both the BLK and MRF PBL schemes is 

generally as good or better than at initialization (compare 

Tables 2 and 5 to TABLE A.l) ; however, the standard 

deviation is always greater after the 12-hour forecast, 

indicating more variability and error growth exists in the 

forecast. The mixing ratio also maintains a high degree of 

accuracy dxiring the 12-hour forecast when the BLK and MRF 

PBL schemes are used. Considering all sites, the BT (TABLE 

A.3) and Eta (TABLE A.4) PBL schemes show a relatively 

large cool (-1.0 °C and -0.9 °C, respectively) and wet (both 

0.8 gkg"*^ ) bias, and an obvious decrease in the accxiracy 

(bias) and precision (standard deviation) of the PBL 

temperature and mixing ratio forecast as compared to the 

BLK and MRF schemes. In fact, the only site where a local 

scheme (BT or Eta) temperature bias is less than either 

non-local scheme (BLK or MRF) is at TtJS, where the Eta 

temperature bias (0.4 °C) is the smallest among all four PBL 

parameterizations. However, a large wet bias (1.1 gkg"^), 

much larger than the BLK or MRF schemes (0.3 and 0.2 gkg*^, 

respectively), negates the relatively good temperature 
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forecast at TUS. For all four sites, the BLK scheme has 

the smallest bias, while the MRF scheme generally shows 

less variability than the other three PBL schemes. 

The results of Tables 2 through 5 indicate that the 

higher-order, local PBL schemes (BT and Eta) produce a 

monsoon PBL that is too cool and too wet, suggesting that 

the vertical growth of the PBL is probably too shallow. To 

quantitatively examine the depth of the PBL, its top was 

calculated for each observed and model forecast sounding. 

Here, the top of the PBL is defined as the pressiire of the 

first sigma layer where the potential temperature is one 

degree Celsius greater than the potential temperature of 

the second sigma layer. (Again, the lowest sigma layer is 

neglected to avoid any non-representative surface effects.) 

The results indicate that the BLK and MRF schemes more 

accxirately predict the depth of the afternoon PBL (TABLE 

A.6). In MM5, the BT and Eta schemes always forecast a PBL 

top lower than observed. A test for statistical 

significance (two-tailed t-test, 5% significance level) 

(Wilks 1995, pg 117-129) found that the difference in 

forecast versus observed PBL depth is always significant 

when the BT or Eta PBL schemes are used (YES in TABLE A. 6), 

but is not significant when the BLK or MRF schemes are used 

(NO in TABLE A. 6) . 

Con^osite soxindings at the Arizona stations 

graphically illustrate the biases described above. At TUS 

(elevation 779 m), the composite sounding shows the BT 
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(FIG. A.lib) and Eta (FIG. A. 11c) tendency to produce 

shallow, cool, and moist PBLs when overlaid with the 

observed composite. The BLK (FIG. A. 11a) and MRF schemes 

(FIG. A.lid) more accurately predict the general structure 

of the PBLr although, none of the schemes predict the light 

northwest winds observed near the surface. At FLG 

(elevation 2192 m) the BLK (FIG. A.12a) and MRF (FIG. 

A.12d) schemes fit the observed composite better than the 

BT (FIG. A. 12b) and Eta (FIG. A. 12c) schemes. But, the BLK 

and MRF PBL moisture profile, albeit better than the BT and 

Eta, is clearly too moist at this high-elevation station. 

All of the schemes predict too much of a southerly 

component in the neear-stirface winds at FLG. 

Since the depth of the PBL affects the vertical 

distribution of heat and moisture in the lower atmosphere, 

the amount of CAPE, CIN, and DCAPE will vary depending on 

the PBL parameterization used in. MM5. Furthermore, many 

convective paarameterizations employ a trigger fxinction that 

is explicitly or implicitly based on the amount of CIN 

(e.g., see Kaia and Fritsch 1992) . To examine how each PBL 

forecast might affect the potential for convection, 

calculations were made of the forecast and observed CAPE 

and cm. Computation of CAPE and CIN were based on the 

average thermodynamic properties of 60 hPa deep layers 

lifted from the lowest four sigma layers of the model, 

similar to the technique used by the Kain-Fritsch 

convective parameterization (Kain and Fritsch 1993,- Fritsch 
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and Kain 1993) , (All 27 sigma layers were considered in 

the calculation of forecast and observed integrated 

thermodynamic quantities.) The BLK and MRF PEL schemes 

predict CAPE more acctirately than the Eta and BT schemes 

(TABLE A.7) . CAPE based on a parcel with its base at the 

lowest sigma layer (sigma=l in TABLE A.7) was more 

accurately modeled by the BLK and MRF schemes, but the 

difference from observation is statistically significant 

regardless of the scheme used. (Observed surface data is 

probably affecting the calculation of CAPE here, since the 

lowest sigma layer was retained in these calculations.) 

Parcels originating at sigma layers two, three, and four 

reveal that the BLK and MRF schemes forecast CAPE values 

closer to observation than the BT and Eta schemes, with 

differences that cire not significant. In MM5, the BT cuid 

Eta schemes generally over-predict the CAPE by a 

significant amount, while the BLK and MRF schemes under-

predict the CAPE by a lesser, insignificant amoxint. The 

mid-botindary layer equivalent wet bulb potential 

temperature predicted by the BT and Eta schemes is 

typically about one degree greater than observation (and 

the BLK and MRF predictions), consistent with their 

tendency to over-predict CAPE. 

A similar calctLLation was repeated for the CIN (TABLE 

A.8) . Results are generally less definitive than for CAPE, 

as all but one test (MRF scheme at sigma=l) show 

differences that are statistically significant. In all 
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cases, the amount of CIN is under-predicted. The current 

version of the Kain-Fritsch convective parameterization in 

ME15 employs a trigger function based on the difference in 

temperature between the parcel and the environment at the 

parcel's lifting condensation level (LCL) (Fritsch and Kain 

1993; Kain and Fritsch 1993), hereafter abbreviated DTLCL. 

A calculation of DTLCL was made to determine if the BLK or 

MRF PEL schemes, which forecast CAPE accurately but not 

CIN, also under-predict the DTLCL (TABLE A»9) . In this 

case, the Eta PBL scheme produces the most accurate result, 

and it is the only scheme not significantly different from 

observations; however, due to the cool, moist bias of its 

predicted PBL, the Eta LCL will tend to be too low. Of 

more significance is the fact that the BLK and MRF schemes 

tend to under-predict the DTLCL. 

Convective downdrafts and outflow are critically 

important to the development of new convection during the 

monsoon (McCollum et al. 1995; Dunn and Horel 1994b; Smith 

and Gall 1989), so calculations of DCAPE were also made to 

determine if a particular PBL scheme can better predict the 

potential intensity of downdrafts (TABLE A. 10) . These 

calcxilations were based on moist descent from the sigma 

layer just above the LCL (parcel averages were not used in 

the calculation of DCAPE) . The BLK and MRF schemes yield 

more accurate calculations of DCAPE, with differences that 

never differ significantly from observation. The BT and 

Eta schemes tend to show significantly different amounts of 
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DCAPE than observed. 

A. 7 Discussion and Sxoinmary 

The prediction of monsoon convection in Arizona 

requires careful attention to the evolution of the PBL. 

Due to the complex teirrain, the horizontal and vertical 

resolution of NWP models is insufficient to resolve all of 

the important structural details observed in the Arizona 

PBL and overlying atmosphere. Thus, to produce short-term 

mesoscale forecasts, forecasters need to conceptually 

combine features the model can simulate well, such as 

three-dimensional advective changes, areas of conditional 

instability, and the basic PBL structure, with their 

knowledge of the local terrain, local climatology, and 

features observed in area soundings. Special consideration 

must be given to features not resolved or predicted by the 

models, such as the development and advection of meiny ERLs. 

The forecaster must attempt to determine (numerically or 

subjectively) the affect an ERL could have on short-term 

stability changes, such as its potential to serve as a lid 

to convective development, and its role in moistening or 

drying of the PBL. 

Verification of four PBL parameterizations in MM5 

found that the BLK and MRF schemes more accurately simulate 

the PBL in terms of temperatxire, mixing ratio, and depth 

than the BT and Eta schemes. The BT and Eta schemes, as 

implemented in MM5, produce PBLs that are too shallow. 
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cool, and moist dtiring the monsoon. It appears the non

local schemes (BLK and MRF) ability to parameterize large 

eddies affecting the depth of the entire PBL is necessary 

to simulate properly the deep PBLs that occur over the 

Southwest. In order to determine the most accurate pre-

convective PBL forecast, soundings directly contaminated by 

convection, either modeled or observed, were removed from 

the study. Nevertheless, it remains possible that our 

combination of physical parameterizations in MM5 may have 

contributed to the performance of a particular PBL scheme. 

In other words, the performance of the Eta or BT PBL 

schemes may improve if coupled with different physical 

parameterizations in MM5. 

Integrated thermodynamic quantities that are 

indicative of potential updraft and downdraft strength 

(CAPE and DCAPE, respectively) also favor the non-local 

BLK and MRF schemes. However, the inhibition of convection 

(CIN and DTLCL) does not show a significant preference for 

these schemes. Although the BLK and MRF PBL schemes 

correctly simulate the development of the afternoon PBL, 

and to some extent correctly predict the production of CAPE 

and DCAPE, they do not accurately predict the CUT observed 

in Southwest sottndings. This suggests that the initiation 

of monsoon convection, rather than the model's ability to 

forecast areas of conditional instability, may be an 

important factor that limits the accuracy of MM5 QPFs. 

Although we aurrive at this result through investigation of 
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the MM5 PBL, experiments with, the trigger fxmction led Kain 

and Fritsch (1992) to conclude that, "—the convective 

trigger function may become the limiting factor in the 

continued improvement of operational forecasts of mesoscale 

convective systems." 

To ensure accurate simulation of the monsoon PBL, at 

least in conjvinction with the accompanying model physics 

tested here, we conclude that deterministic or ensemble MM5 

forecasts of the monsoon should use either the BLK or MRF 

PBL parameterization. (The nonlinearity of the model is 

such that this result may not apply if the BT or Eta PBL 

schemes were used in conjunction with different cloud, 

radiation, or convective parameterizations.) 

Computationally, the MRF scheme is 15% faster than BLK, so 

we typically utilize the MRF PBL parameterization. 

It's been shown that short-range ensembles consisting 

of mixed physical parameterizations result in output that's 

more dispersive than an ensemble based on a single model 

configxiration (Stensrud et al. 2000) . If the ensemble 

members are not weighted unequally (Thompson 1977), then a 

tacit assumption of mixed physics ensembles is that each, 

model configuration is equally-likely. Based on the model 

construction used in our experiments, including the BT or 

Eta PBL schemes in a mixed physics, monsoon ensemble seems 

dxibious. Nevertheless, because many studies have indicated 

that the variance of the atmosphere is larger than the 

variance fotmd in the ensemble (Buizza 1997; Hamill and 
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Colucci 1997, 1998; Stensrud et al. 1999), it may remain, 

tempting (and statistically attractive) to include specific 

combinations of physical parameterizations to simply 

increase dispersion without regard to their individual 

performance. The significant differences between the local 

and non-local schemes tested here raises important 

questions regarding the construction of mixed ensemble 

forecast systems. Is improved performance by the ensemble 

system, sufficient reason to include a specific model 

configuration, known to be inferior and thus not equally-

likely, in a mixed ensemble? Is it better to exclude that 

construct from the mix and continue the search for better 

configrirations, such as stochastic model formulations? Or, 

should the computing resources be used to increase 

resolution of the superior, equally-likely members? It is 

our belief that improved ensemble performance alone does 

not constitute sufficient grounds to include a model 

construct in a mixed ensemble, but that other criteria such 

as being an equally-likely member should also be considered. 

The general structure of the PBL predicted by the BLK 

and MRF schemes, and their predicted CAPE, resembles 

observations reasonably well. But, their predicted CIN 

does not. To compensate for this model deficiency, MM5 

ensembles that employ variations of the convective trigger 

function may help account for errors in the model's ability 

to initiate convection. For this reason, a monsoon 

ensemble system, consisting of initial perttirbations, mixed 
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physics, and stochastic processes within, the trigger 

function is the svibject of cxirrent experiments between the 

University of Arizona and the NWS office in Tucson. 
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FIG. A..L. The topography of the southwest United States. 

Location of National Weather Service rawinsonde sites 

Albuquerque, NM (ABQ), Santa Teresa, NM (EPZ), Flagstaff, 

AZ CFGZ) , and Tucson, AZ (TUS) are indicated. 
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FIG. A.2. Isochrones of maximum lightning activity for 

1100-0000 LST in 3-hour increments. Solid lines are for 

plateau-generated lightning; dashed lines are for southeast 

highlands-generated lightning. Taken from Watson et al. 

(1994). 



94 

LOO 

300' 

500-

600' 

800 

900 

15 -10 -5 0 5 10 30 

FIG. A..3. Skew T-logp 

for all dry days at 

1961-90. Wind in 

plot of 00 UTC composite soxmding 

Tucson, Arizona between 10-19 June 



95 

too 

200 

300' 

100 

600 

700 

800' 

900-

\ 

I 
J 

-15 -10 -5 0 5 10 15 20 25 30 35 *)0 M5 50 

FIG. A..4. Skew T-logp plot of 00 CTC composite sounding for 

all dry days at Tucson, Arizona between 10-19 July 1961-90. 

Wind in ms"^. 
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FIG. A.5. Skew r-Iogp plot of sotmding at Tucson, Arizona 

0000 DTC 22 July 2000. Wind in ms"'^ . 
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FIG. A..6. Skew T-logp plot of sounding at Tucson, Arizona 

0000 DTC 29 July 1995. Wind in ms'^ . (Unrealistically high, 

dew point temperatures below 700 hPa and above the surface 

were removed from the plot.) 
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FIG. A..7. Skew T-logp plot of sounding at Phoenix, Arizona 

1200 UTC 29 Jxme 2000 (solid) and PBL forecast sounding 

valid at 1500, 2000, and 0000 DTC (dash, dot, dash-dot, 

respectively) using a one-dimensional bulk model. Observed 

12 DTC wind plotted in ms"^. 
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FIG. A. 10. Location of MM5 54 km. coxirse domain, and 18 km 

nested domain. Location of National Weather Service 

rawinsonde sites Albuquerque, NM (ABQ), Santa Teresa, NM 

(EPZ), Flagstaff, AZ (FGZ), and Tucson, AZ (TUS) are 

indicated. 
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FIG> A. 11. Skew r-logp plot of 0000 DTC observed (solid, 

wind in the right column) and 12-hotir forecast (dash, wind 

in the left column) composite soxmding at Tucson, Arizona 

for the (a) BLK, (b) BT, (c) Eta, and (d) MRF PEL schemes. 

Wind in ms"^. 
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FIG. A-. 12. As in FIG. A.. 11 except for Flagstaff, Arizona. 
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TABLE A.l. Bias (model - observatioa) and standard 

deviation (shown in parentheses) of the initial model 

vertical profile at 12 UTC for the 21-day period in August, 

1998. A positive (negative) bias indicates the model is 

greater (less) than the observation. 

Site Temp (C) Mixr (gkg-^) U (ms"^) V (ms"'-) 

ABQ -0.4 (1.0) -0.3 (0.4) 0.1 (1.2) -0.6 (1.3) 

EPZ -0.5 (0.8) -0.1 (0.4) 0.3 (1.2) -0.7 (1.1) 

FGZ -0.4 (1.6) 0.1 (0.7) -0.2 (2.3) -0.3 (1.4) 

TUS -0.9 (1.6) 0.3 (0.8) 0.0 (1.2) 0.1 (1.1) 

ALL -0.6 (1.3) 0.0 (0.6) 0.1 (1.5) -0.3 (1.3) 
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TABLE Bias (model - observation) and standard 

deviation (shown in parentheses) of the 12-hour forecast 

model vertical profile valid at 00 UTC for the 21-day 

period in August, 1998 using the BLK PBL parameterization. 

A positive (negative) bias indicates the model is greater 

(less) than the observation. 

Site Temp (C) MLxr (gkg-M U (ms"^) V (ms"^) 

ABQ 0.1 (1.0) -1.1 (1.5) -0.4 (2.4) 0.9 (3-2) 

EPZ 0.1 (1-7) 0.1 (1.6) -0.6 (2.8) -0.1 (2.1) 

FGZ -0.4 (1.5) 0.8 (1.4) -1-5 (3.7) 0.1 (3.4) 

TUS 0.6 (1.1) 0.3 (1.4) -1.4 (2.5) 0.8 (2.0) 

ALL 0.1 (1.4) 0.0 (1-7) -l.O (2.9) 0.5 (2.8) 



112 

TABLE A.3. As in TABLE A.2 except using the BT PBL 

parameterization. 

Site Temp (C) Mixr (gkg-"^) U (ms"'-) V (ms"^) 

ABQ 1 o
 

« -0.7 (1.6) -0.4 (3.4) 1 o
 

t (3.5) 

EPZ -1.3 (1.7) 1.2 (2.1) -1.1 (3.0) -0.1 (2.5) 

FGZ -1.3 (1.7) 1.5 (2.0) -1.0 (3.4) -0.3 (3.4) 

TUS -0.7 (1.5) 1.5 (2.4) -1.9 (2.7) 1.4 (2.1) 

ALL -1.0 (1.6) o
 

t 00
 

(2.3) -1.1 (3.2) 0.3 (3.0) 
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TABLE A.4. As in TABLE A.2 except using the Eta PBL 

parameterization. 

Site Temp (C) Mixr (gkg"^) U (ms"^) V (ms"^) 

ABQ -0.7 CI.5) -0.4 (1.5) -0.5 (2.7) 0.3 (3.4) 

EPZ -1.2 (1.8) 1.3 (1.7) -1.0 (2.8) -0.1 (2.1) 

FGZ -1.1 CI.6) 1.2 (1.8) -1.2 C3.4) -0.1 (3.2) 

TUS -0.4 CI.4) 1.1 (2.1) -2.1 (2.5) 1.3 (2.0) 

ALL -0.9 (1.6) 0.8 (2.0) -1.2 (2.9) 0.4 C2.8) 
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TABLE A.5. As in TABLE A.2 except using the MRF PBL 

parameterization. 

Site Temp (C) Mixr Cgkg-^) U Cms'^) V Cms"^) 

ABQ 0-4 (I-L) -L.l CI.5) -0.7 C2.4) 0.9 C3.1) 

EPZ 0.5 CI.8) 0.2 CI.5) -0.7 C2.5) 0.0 CI.9) 

PGZ -0.2 CI.5) 0.9 CI.2) -1.4 C3.4) 0.1 C3.3) 

TUS 0.9 Cl.l) 0.2 CI.3) -1.2 C2.4) 1.0 (2.1) 

ALL 0.4 C1. 4 )  0.1 CI.6) -l.O C2.7) 0.5 C2.8) 
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TABLE A. 6. Average pressure (hPa) of the 12-hoxir forecast 

boundary layer top and its observed value at 00 UTC for 

the 21-day period in August, 1998. The YES or NO in 

parenthesis indicates whether the difference in the 

forecast PEL top from the observed PEL top is statistically 

significant at the 5% level. The numbers in bold are the 

closest to observation. 

Site BLK BT Eta MRF Observed 

ABQ 596(NO) 633(YES) 663(YES) 581(NO) 599 

EPZ 650(NO) 723(YES) 719(YES) 635(NO) 671 

FGZ 631(NO) 685(YES) 688(YES) 617(NO) 614 

TUS 684(NO) 763(YES) 733(YES) 646 (NO) 658 

ALL 639(NO) 699(YES) 699(YES) 618 (NO) 633 
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TABLE A. 7. Average of the 12-hour forecast CAPE {Jkg"'^ ) 

and its observed value at 00 UTC for the 21-day period in 

August, 1998. The calculations cire based on a 60 hPa deep 

parcel with, its base at the sigma level shown. The YES or 

NO in. parenthesis indicates whether the difference in the 

forecast CAPE from the observed CAPE is statistically-

significant at the 5% level. The numbers in. bold are the 

closest to observation if the departure from observations 

is not statistically significant. 

Site Sigma BLK BT Eta MRF Observed 

ALL I 148(YES) 494(YES) 412(YES) 151(YES) 240 

ALL 2 130(NO) 407(YES) 341(YES) 130(NO) 177 

ALL 3 125(NO) 373(YES) 315(YES) 123(NO) 158 

ALL 4 110(NO) 272(YES) 246(YES) 112(NO) 116 
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TABLE A.8. As in. TABLE A. 7 except for CIN (Jkg-^ ) . 

Site Sigma BLK BT Eta MRF Observed 

ALL 1 22 (YES) 22(YES) 24(YES) 28(NO) 37 

ALL 2 19(YES) 22(YES) 22(YES) 24(YES) 37 

ALL 3 17(YES) 22(YES) 21(YES) 21(YES) 36 

ALL 4 15 (YES) 25(NO) 23(NO) 18(YES) 31 

i 
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TABLE A.9- As in TABLE A.,7 except for DTLCL, the (paxceL 

- environment) temperature at LCL ("C) . 

Site Sigma BLK BT Eta MRF Observed 

ALL 1 -1.4(NO) -1 .9(YES) -1.8 (NO) -1 .2(YES) -1.6 

ALL 2 -1.3(YES) -2 .O(YES) -1.8(NO) -1 .2(YES) -l.S 

ALL 3 -1.3(YES) -1 .9(YES) -1.8(NO) -1 .l(YES) -1.6 

ALL 4 -1.3(YES) -2 .0(YES) -1.8(NO) -1 .KYES) -1.7 
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TABLE A.. 10^ Average of the 12-hoxir forecast- DCAPE (Jkg"^) 

and its observed value at 00 UTC for the 21-day period in 

August, 1998. The calculations are based on moist descent 

from the sigma layer just above the LCL. The YES or NO in 

parenthesis indicates whether the difference in the 

forecast DCAPE from the observed DCAPE is statistically 

significant at the 5% level. The numbers in bold are the 

closest to observation. 

Site BLK BT Eta MRP Observed 

ABQ 699 (NO) 718(NO) 665(NO) 662(NO) 637 

EPZ 632(NO) 520(YES) 501 (YES) 543 (NO) 704 

FGZ 506(NO) 352 (YES) 406(YES) 468(NO) 547 

TUS 869(NO) 662(YES) 739(NO) 811(NO) 783 

ALL 675(NO) 560(YES) 578 (YES) 62I{NO) 665 
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B.l ABSTRACT 

The skill and potential value of MM5 ensembles are 

evaluated for short-range (24 hour) probabilistic 

quantitative precipitation forecasts over Arizona during 

the Southwest monsoon. The sensitivity of different 

ensemble constructs is examined with respect to analysis 

uncertainty, model parameterization uncertainty, and a 

combination of both. Model uncertainty is addressed 

through different cumulus and planetary boundary layer 

parameterizations, and through stochastic forcing 

representative of a component of subgrid-scale uncertainty, 

where a first-order autoregression model adds a stochastic 

perturbation to the Kain-Fritsch cumulus scheme and MRF PEL 

scheme. 

The results indicate that the precipitation forecasts 

are skillful and may assist operational weather forecasters 

during the monsoon; however, the forecasts are highly 

dependent on the cumulus parameterization. The addition of 

a stochastic element in. the Kain-Fritsch ciravulus scheme 

produces a small increase in skill and dispersion. 

Ensembles incorporating mixed-physics and pertxirbed-

analyses are the most skillful. A simple cost-loss model 

reveals that the monsoon ensembles can aid decision makers. 

Operational application is demonstrated for a heavy rain, 

event over southern Arizona. 
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B.2 Introduction 

Qucintitative precipitation forecasts and probabilistic 

quantitative precipitation forecasts (QPFs and PQPFs, 

respectively) are perhaps the most important element of the 

weather forecast. Their importance to the pxiblic and 

economic health of this country led the Science Advisory 

Committee of the United States Weather Research Program 

(USWRP) to select QPF as one of their three highest 

priority research topics. To provide guidance to the 

scientific commxmity for this research, a USWRP prospectus 

development team summarized the cxirrent state of QPF 

understanding and prediction in Fritsch et al. (1998, 

hereafter FEA.) . To improve real-time QPFs and PQPFs, FEA 

called for a better understanding of convective and 

microphysical processes, the ability to numerically 

simulate and/or parameterize these processes in numerical 

weather prediction (NWP) models, and the development of 

ensemble forecast systems. They also recommended the 

investigation of multi-model ensembles, including those 

with stochastic contributions to account for the chaotic 

nature of the atmosphere. These recommendations extend 

those originally put forth at a short-range ensemble 

workshop in 1994 (Brooks et al. 1995) . The workshop 

summary concluded that a short-range ensemble system may 

compensate for model and/or analysis error and signal the 

possible occurrence of rare, but high-in^jact events such as 

flash floods. 
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rmprovement ia QPF skill is closely related to 

improvement in NWP models (Funk 1991; Olsen et al. 1995; 

FEA). High, resolution mesoscale model simulations of cool-

season precipitation events in the western United States 

demonstrate the positive impact terrain resolution has on 

model QPF (Giorgi and Bates 1989; Horel and Gibson 1994; 

McDonald and Horel 1998; Colle et al. 1999; Colle and Mass 

2000) . Black et al. (1998) provide an example of how 

higher resolution improves the model QPF of a stimmertime 

convective precipitation event over Arizona. But, Giorgi 

(1991) found summertime QPFs in the western United States 

are very sensitive to model physics, local conditions 

(e.g., soil moisture availability), and local processes 

(e.g., land-surface energy fluxes), and are less skillful 

than wintertime QPFs. Meanwhile, a growing body of 

ensemble work (Du et al. 1997; Hamill and Colucci 1997, 

1998a; Stensrud et al. 1999; Stensrud et al. 2000; Hou et 

al. 2001; Wandishin et al. 2001) demonstrates the overall 

positive impact ensembles have on short-range, mesoscale 

(-20-80 km grid spacing) QPFs and PQPFs. These ensemble 

studies examine both warm and cool season precipitation, 

but none of them focus on the prediction of sxanmer rainfall 

over the southwest United States. [The stammer rainy season 

in the Southwest United States has been referred to as the 

North American monsoon, the Southwest United States 

monsoon, the Mexican monsoon, and the Arizona monsoon 

(Adams and Comrie 1997) . Hereeifter, the s\jmmer rainy 
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season over Arizona is simply referred to as "the 

monsoon."] As a result of these short-range research 

ensembles, the National Center for Environmental Prediction 

(NCEP) initiated a real time test and evaluation (RTT&E) of 

a two-model, 10 member mesoscale ensemble at 48 km 

horizontal grid separation (Du and Tracton 2001; Tracton 

and Du 2001). 

The role of stochastic physics in ensemble forecasting 

is just beginning to be explored. The European Center for 

Medixim-Range Weather Forecasts (ECMWF) adds a simple 

stochastic component to their operational ensemble 

prediction system that increases their forecast variance 

and improves PQPFs (Buzzia et al. 1999). Their stochastic 

contribution is not designed to represent uncertainty due 

to a specific physical process, but rather the uncertainty 

introduced by all sub-grid parameterizations in general. 

Lin and Neelin (2000) introduce a stochastic component to a 

general circulation model (GCM) using a first-order 

au tor egression model (Markov process) . They add a random 

element to the convective available potential energy (CAPE) 

(Emanuel 1994) of the Betts-Miller convective 

parameterization (Betts and Miller 1993) . This stochastic 

contribution is designed to simulate non-deterministic 

convective processes that are not explicitly accoxinted for 

by the convective scheme. Their results show that the 

stochastic component simxilates part of the low-frequency 

convective variance normally underes tima ted by GCMs. 
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The synoptic environment over the Southwest during the 

monsoon is characterized by weak flow eind a conditionally 

unstable atmosphere (Douglas et al. 1993; Watson et al. 

1994b; Maddox et al. 1995) . Convection often forms 

divimally over the high terrain (Watson et al. 1994a) and 

is subsequently modulated by the ambient flow (Smith and 

Gall 1989), complex orography (McCollum et al. 1995), and 

local conditions and processes such as the land-surface 

energy budget (Giorgi 1991). As a result, analysis and 

forecasting techniques traditionally associated with severe 

weather and heavy rainfall prediction in the central and 

eastern portions of the United States (Miller 1972; Doswell 

1982; Funk 1991) are of little value to Arizona operational 

forecasters. Nevertheless, severe thunderstorms with heavy 

rain, damaging wind, hail, small tornadoes, and frequent 

cloud-to-ground lightning are observed nearly every monsoon 

season (Idso et al. 1972; Idso 1975; Hales 1975; Randerson 

1986; Brazel and Nickling 1986; Smith and Gall 1989; 

McCollum et al. 1995). 

The meek synoptic-scale forcing for upward vertical 

motion combined with large areas void of conventional 

sxirface and upper air observations (McCollum et al. 1995) 

decreases NWP skill during the monsoon. Junker et al. 

(1992) report that for precipitation events exceeding 6 mm, 

the NCEP nested grid model (NGM) (Hoke et al. 1989) and 

medium-range forecast model (MRF) (Kanamitsu et al. 1991) 

exhibit their lowest forecast skill in the southwest United 
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States. Likewise, Dxinn and Horel (1994a,b) show the NGM 

has no QPP skill in Arizona dxiring the monsoon. They also 

report that an early, 80 km version of NCEP's Eta model 

(Janjic 1990, 1994) contains only limited skill by 

occasionally producing light rainfall over the Arizona 

deserts, but does not predict precipitation over the 

mountains or widespread, heavy rainfall events. They 

attribute the lack of Eta skill to a poor representation of 

the moisture field, convective initiation occurring at 

scales the model can not resolve, and an inability of the 

model to initiate convection over high terrain. 

Recent studies suggest that high-resolution, mesoscale 

models do simulate the diumal cycle and general location 

of convective activity during the monsoon. For example, 

Stensrud et al. (1995) used the Pennsylvania State 

University/National Center for Atmospheric Research 

(PSU/NCAR) mesoscale model, version 4, (MM4) (Anthes and 

Warner 1978; Anthes et al. 1987) at 25 km horizontal grid 

spacing to produce a one-month model climatology of the 

monsoon in Mexico. Their model simulation reproduces many 

of the observed features of the monsoon circulation, 

including the large-scale mid-tropospheric wind field, a 

strong diumal cycle, southerly low-level flow over the 

Gulf of California including episodic moisture surges, and 

heavy rainfall over westem Mexico. Real-time monsoon 

forecasts centered over Arizona using the PSU/NCAR 

mesoscale model, version 5, {MM5) {Grell et al. 1994) 



127 

reveal overall featiires of the monsoon, including 

precipitation, low-level wind, low-level temperature, and 

low-level humidity, are correctly forecast over Arizona 

{Farfan et al, 2000) . They report that the MM5 is capable 

of simulating the general flow associated with the monsoon, 

but is deficient at predicting individual convective events 

and heavy rainfall. Even if NWP models initiate convection 

perfectly over Arizona, the effect of outflows (Smith and 

Gall 1989; McColltim et al. 1995), orography (McCollum et 

al. 1995), convective anvils (Segal et al. 1986; Roux 1988; 

M^kowski et al. 1998), gravity waves (Bretherton and 

Smolarkiewicz 1989; Mapes 1993; Warner and Hsu 2000), and 

boundaries associated with spatial gradients in land-

surface character (Chang and Wetzel 1991; Giorgi 1991; 

Gallus and Segal 2000) are well below the resolvable grid 

scale and result in considerable uncertainty in the QPF. 

Forecasters have a long history of adding value and 

skill to forecasts provided by NWP models and attendant 

statistical guidance (Funk 1991; Olsen et al. 1995) . It is 

therefore logical to assume that more skillful model 

predictions of monsoon precipitation should increase the 

skill and accompanying services provided by operational 

weather forecasters. Forecasters at the NWS Weather 

Forecast Office (WFO) in Tucson, Arizona issue routine 

forecasts of the probability of measurable rainfall (> 0.25 

mm) . Their predictions for Tucson International Airport 

(KTUS) from the summers of 1998 and 1999 provide an 
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estimate of the cxirrent skill-level of precipitation 

forecasting during the monsoon. According to the Brier 

Skill Score (Stanski et al. 1989; Wilks 1995), the 

forecasters improve 14% over climatology, while NWS Model 

Output Statistics (MOS) (Glahn and Lowry 1972) improve only 

2% to 3% over climatology (Pat Holbrook, personal 

communication) . The relatively low skill attests to the 

difficulty of predicting svunmertime precipitation over the 

region. 

To address the charge put forth by the USWRP report 

(FEA.) commenstirate with the mission of the NWS WFO in 

Tucson, Arizona and goals of the NWS Strategic Plan (NOAA 

2000), the cibility of MM5 ensembles to forecast skillfully 

short-range (24 hour) PQPFs over Arizona during the monsoon 

is examined. Specifically, the sensitivity of different 

ensemble constructs is compeared with respect to 

perturbations in the initial analyses and the 

representation of model \incertainty. Model uncertainty is 

addressed through different ciravulus and planetary boxindary 

layer (PBL) parameterizations and stochastic forcing 

representative of subgrid-scale uncertainty. By accounting 

for both model and analysis uncertainty, Evans et al. 

(2000) show that the improvement in a mediums-range forecast 

ensemble equates to a gain in predictability on the order 

of 1 day. At the short range, Hou et al. (2001) also 

report that both, model and analysis uncertainty should be 

represented in ensemble forecast systems, but recommend 
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regional testing and larger samples. 

This paper is organized as follows: the methodology, 

ensemble constructs, stochastic physics, and verification 

methods are discussed in section 2. The ensembles are 

evaluated both with and without perturbations to the 

initial conditions (ICs), revealing the relative importance 

of analysis xincertainty versus mixed-physics. Section 3 

contains the results of the ensemble experiments. Sample 

applications follow in section 4. These applications 

include decision making assessment based on a single cost-

loss model and a case study with heavy rain near Tucson, 

Arizona. Section 5 contains a summary of the key findings 

and recommendations for futtire research. 

B. 3 Me thodology 

S. 3.1 Experiment design 

The MM5 version 2 (release 12) serves as the limited-

area mesoscale model for the ensemble system.. The domain 

consists of 97 x 97 grid points with a horizontal grid 

spacing of 36 km. (FIG. B.l). [The grid spacing of the NCEP 

RTT&E short-range ensembles is 48 km (Du and Tracton 

2001).] The model contains 27 vertical layers, the bottom 

nine of which are within 200 hPa of the stir face, which is 

within the afternoon PEL over Arizona (Bright and Mullen 

2001) . The prevailing July flow over the monsoon region is 

from the southeast (south) at mid-levels (low-levels) of 

the troposphere (Douglas et al. 1993; Douglas 1995; Maddox 
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et al. 1995) at speeds of 5 to 10 ms"^. Thus, lateral 

boundary condition (LBC) errors should not significantly 

damage the forecast quality over Arizona during a 24 hour 

forecast (Errico and Baumhefner 1987; Warner et al. 1997). 

A 12 km, two-way interactive nest (97 x 97 grid points) is 

added for a higher-resolution ensemble forecast (nested 

domain in FIG, B.l) . 

All forecasts are 24-hours in length and start at 12 

aTC every day of July 1999. This particular month 

represents an active monsoon period in Arizona 

chciracterized by extensive flash flooding and severe 

weather (NOAA 1999b), and above normal precipitation (NOAA 

1999a). The month also includes at least one monsoon 

"break" (Hales 1972? Carleton 1986; Watson et al. 1994b) 

and therefore tests the ability of an ensemble to predict 

both active and inactive convective periods. The ICs and 

LBCs are interpolated from the NCEP Eta model available on 

NCEP grid 211 (80 km horizontal grid spacing) (Stackpole 

1994) at 6-ho\irly intervals. No mesoscale or convective-

scale data are used to refine the model initialization 

(e.g., Stensrud and Pritsch 1994) . 

Perturbations are added to the initial cind predicted 

Eta grids prior to their interpolation to the MM5 domain 

(i.e., the perturbations are processed on grid 211). The 

LBCs are pertxirbed in a manner consistent with the initicil 

perturbations, so they are non-dispersive. The 

perturbations are designed to mimic analysis uncertainty by 
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introducing randomly-generated, scale dependent 

perturbations that are spatially correlated (Errico and 

Batunhefher 1987; Du et al. 1997; Stensrud et al. 2000) . 

The magnitude of the perturbations is consistent with 

differences between various data assimilation systems, 

resulting in a set of ICs that are considered equally-

probable estimates of truth. The perturbations are applied 

through a two-step process. First, perturbations sire added 

to the Eta temperattire, dew point depression, horizontal 

wind, and sea level pressure fields (geopotential height is 

reconstructed following the pertxirbation of the mass 

field). Because the variance of the reconstructed total 

precipitable water (TPW) over Mexico was considerably less 

than differences noted by comparing different NCEP 

operational initial analyses (i.e., comparing NGM, Eta, and 

MRF initial analyses of TPW), a second iteration of the 

perturbation code is applied to the TPW. The fractional 

vertical distribution of water vapor is fixed, allowing the 

perturbed TPW to be redistributed vertically. To maintain 

consistency with analysis vincertainty (Baumhefher 1984; 

Daley and Mayer 1986; Augustine et al. 1991), a land-sea-

Mexico mask is applied such that perturbations over the 

United States are less than over the oceans and Mexico. K 

vertical filter is used to project the perturbations on the 

first two cosine modes to produce greater vertical 

coherence. A nonlinear normal mode procedure (Errico 1983) 

is sometimes used to balance the perturbed initial fields 
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(Mullen and Baumhefner 1989, 1994; Du et al, 1997) . 

However, the atmosphere is not completely balanced at these 

smaller scales, so following Stensrud et al. (2000) normal 

mode balancing is not applied. 

The MM5 control and all ensemble configtirations employ 

an explicit microphysical parameterization for cloud water 

and rain water below the freezing level, and cloud ice and 

snow above the freezing level (Dudhia 1989; Zhang 1989; 

Grell et al. 1994), a five-layer soil temperature model 

with fixed substrate (DucJhia 1996) , and a cloud radiation 

scheme that accounts for long and short wave radiative 

transfer in cloudy and clear air (Dudhia 1989; Grell et al. 

1994) . Mixed ensembles could include variations to all of 

the above physical parameterizations. However, limited 

resoxirces force us to focus exclusively on the two areas 

believed to be the most important for 24-hour monsoon QPFs 

at 36 and 12 km grid spacing, the PEL and cumulus schemes, 

and embedded stochastic contributions thereof. 

Terrain height and leuid-use information for the 36 km 

and 12 km domains are derived from NCAR's United States 

Geological Survey (USGS) 10 minute (-19 km) and 5 minute 

(~9 km) global terrain and land-use database, respectively. 

The soil moisture availability is used to determine the 

land-stirface energy budget. Rather than using the default 

MM5 moisture availability obtained from a seasonal 

climatology, moisture availability is calculated at 12 UTC 

each day using the antecedent precipitation index: (API) 
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(Chang and Wetzel 1991) initialized on 1 April 1999. The 

API is a simple hydrologic budget drivea by daily 24-hour 

rainfall reports from the NCEP River Forecast Center (RFC) 

tabulated report, the National Climatic Data Center (NCDC) 

Cooperative Observer Network, the Automated Local 

Evaluation in Real Time (ALERT) rain gauge networks in 

Arizona, and the University of Arizona agricultxiral network 

(AZMET) . All control and ensemble members use the same 

API-based moisture availability, although varying its value 

may be important in ensemble forecasting (Giorgi 1991; 

Hamill and Colucci 1998b; Stensrud et al. 2000) . 

B.3,2 The ensemble constructs 

Ten unique MM5 ensembles are assembled by combining 

different PBL, cumulus, eind stochastic parameterizations 

(TABLE B.l - experiments 1 through 10) . Each of the ten 

ensembles contains ten. members based on variations in ICs 

and LBCs (i.e., the control + nine perturbations). 

Computational resources restrict each ensemble to only ten 

members, which is probably sufficient to forecast the 

ensemble mean and about 90% of the benefit obtainable from 

ensemble averaging (Leith 1974; Du et al. 1997). A ten 

member, mixed-physics (only) ensemble (MOD) is constinicted 

by combining the control forecast of experiments 1 through 

10, and a mixed-physics/pertxirbed-analysis ensemble (MIX) 

is formed by combining a unique IC/LBC forecast from 

experiments 1 through 10 (see TABLE B.2) . Under the 
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assiimptioa that the perturbed ICs represent equally 

probable estimates of truth consistent with analysis 

uncertainty (Du et al. 1997), MOD could comprise any column 

of TABLE B.2, and MIX any ten matrix elements as long as no 

redundancy occxirs in row or column. The experimental 

design allows both analysis and model uncertainty to be 

addressed in a regional, monsoon prediction system.. It 

therefore extends the work of Stensrud et al. C2000) by 

testing the combined effect of analysis and model 

uncertainty over the monsoon region, and Hou et al. (2001) 

by examining ensemble skill over the southwest United 

States during the monsoon. 

For comparative purposes, a 12 km higher-resolution 

ensemble (KM12) is included containing physics identical to 

the 36 km ensemble KM. The control forecast from KM12 

serves as the higher-resolution deterministic forecast 

{D12). To ensure meaningful comparisons between the 

different MM5 configurations, experiments 1 through 10 and 

13 all use the same initial and botmdary perturbations. 

Thus, differences between the MM5 ensemble forecasts 

reflect differences in model physics and not differences in 

ICs or LBCs. The following cumulus and PBL 

parameterizations are used. 

Betts-Miller Convective Parameterization fBMCP) r The 

BMCP {Betts and Miller 1993) is a relaxation scheme that 

adjusts the atmosphere to a reference, post-convective 

thermodynamic profile. The scheme does not include 



135 

ej^licit downdrafts and was designed for models with, a 

horizontal grid separation at or above 30 km. A version 

of the BMCP is used operationally in the NCEP Eta model 

(Janjic 1994) . The BMCP ensembles include EM and BE 

(TABLE B.l). 

Grell Convective Parameterization (GRCP) r The GRCP 

(Grell 1993; Grell et al. 1994) is based on a quasi-

equilibrium, single cloud model. The scheme includes 

downdrafts and was designed for models with a horizontal 

grid separation in the 10 to 30 km range. The GRCP 

ensembles include GM and GB (TABLE B.l). 

Kain-Fritsch Convective Parameterization fKFCP): The KFCP 

(Kain and Fritsch 1990, 1993) is based on an 

entraining/detraining plume model that removes all 

available buoyant energy in a convective time period. It 

includes downdrafts and was designed to parameterize 

convection in models with a horizontal grid spacing of 

approximately 20 to 30 km. The KFCP ensembles include 

KM, KB, KM', and KM12 (TABLE B.l) . 

Stochastic Kain-Fritsch Convective Parameterization 

fRFCP*^): Subgrid-scale parameterization simulates 

processes that can not be adequately resolved and 

explicitly predicted fay the model. Yet, no stochastic 

forcing is typically built into these pcirameterizations 

to accotm.t for any uncertainty associated with subgrid 

scales (FEA) - For example, Kain and Fritsch (1992) found 

the trigger ftinction is critically in^ortant in 
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determining when and where convection activates in the 

model, and that the trigger ftmction may become the 

limiting factor in acctirate mesoscale QPFs. During the 

monsoon, complex terrain, isolated or loosely organized 

convection, and spatial gradients in vegetative cover and 

soil wetness create areas of convergence and differential 

heating at scales not resolvable by a 36 km or 12 km 

model. By accounting for uncertainty in the model's 

ability to initiate convection due to unresolved subgrid-

scale processes, it is possible that PQPFs may be 

improved. 

The stochastic KFCP' is designed to affect 

convective initiation only. It does not change the CAPE 

or CIN, nor does it contain any explicit feedback to grid 

resolvable fields. KFCP' simply adds a temporally 

correlated perturbation to the KFCP trigger ftmction. 

The deterministic trigger function in the KFCP checks for 

parcel buoyancy at the lifting condensation level (LCL) 

using 

Ts - T + 5T >0, buoyant, (1) 

< 0, stable, 

where Ts is the temperature of the saturated updraft at 

the LCL and T is the environmental teir^jerature predicted 

by the model at the LCL. 5T is a thermal perturbation 

defined as 

5T=cfWoI'« C2) 
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where c = 1 K and is the grid resolvable 

vertical velocity (cms"^) at the LCL. The temperature 

increment ST is designed to simulate crudely, yet 

economically, sxibgrid-scale forcing as a function of the 

grid resolved vertical motion in the layer being lifted 

(Fritsch and Kain 1993). Actual atmospheric vertical 

motion may be quite variable and localized, particularly 

in regions of complex orography (e.g., Wilson et al. 

1992) . The stochastic KFCP' trigger function is a 

slight modification of (2) designed to consider subgrid-

scale uncertainty in vertical velocity. In KFCP' ST is 

5T = c|vy^o+wM'«. (3) 

where w't is a perturbation vertical velocity from a 

first-order autoregression model (Wilks 1995; Lin and 

Neelin 2000) given by 

w't = ;/ + r(w't-t -/i)+£, (4) 

where fi is the mean perturbation vertical velocity, r is 

the autocorrelation of w'c, and e the stochastic "shock" 

term. 

The autocorrelation of w't is derived from 

probability distributions associated with the remaining 

lifetime of individual convective cells reported by 

MacKeen et al. (1999) . Their radar-derived probability 

distributions imply the autocorrelation of w't ranges from 

about 0.86 to 0.98 over one convective time-step (in MM5 

the convective scheme is called once every 5 minutes). 
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Because no knowledge exists a priori of the temporal 

correlation of subgrid-scale convection^ choosing a value 

for the autocorrelation is somewhat arbitrary. Since the 

grid separation (36 km) is much larger than a single 

convective storm, a larger autocorrelation seems 

justified; r=0.97 is used in KFCP'. Setting the mean 

perturbation vertical velocity to zero Ot=0) is tantamount 

to stating that the grid, resolved vertical velocity, or 

mean value for the model grid, is simulated correctly by 

the deterministic model. The shock term, (e) represents the 

effects of sttbgrid-scale uncertainty in vertical motion, 

that may be important enough to initiate or suppress 

convective development. The shock term is assumed to 

follow a Gaussian distribution such that 

£ =GC9.o), (5) 

where 9 is the mean deviate vertical velocity and tr its 

steindcird deviation. Again, it is assumed that the grid 

resolved vertical motion is correctly predicted, such that 

the mean vertical velocity perturbation is also zero (0=0). 

The stibgrid-scale variance is assumed to be 1 cm^s"^ 0.e., 

(7=lcm r') and represents uncertainty in the deterministic 

vertical velocity used by the ctimulus parameterization to 

initiate convection. The order of magnitude estimate of 

subgrid-scale veiriance is derived by considering the 

uncertainty in vertical motion resulting- from an ensemble 

of thermals within a grid cell [thermal area -4 km^ with a 



139 

mean updraft and downdraft vertical velocity -0.5 ms"^ 

(Caughey and Palmer 1979,- Stull 1988)]. No diurnal 

perturbation dampening is applied, although more 

sophisticated stochastic schemes may need to consider 

such refinement. A sample of the grid resolved vertical 

velocity and the stochastic vertical velocity is plotted 

for a grid point near Tucson, Arizona (FIG. B.2) . The 

KFCP' constructs include K'M, K'B, and K'M' (TABLE B.l) . 

Blackadar Planetary boundary laver (ELK) r BLK is a high-

resolution PBL scheme based on Blackadar (1976, 1978) and 

Zhang and Anthes (1982) . It employs a non-local approach 

to simulate mixing ia the free-convective regime. It is 

capable of simulating the deep, well-mixed PBLs that 

develop over Arizona during the monsoon (Bright and 

Mullen 2001). 

MRF Planetary boundary layer (MRF) t The MRF PBL 

parameterization (Hong smd Pan 1996) is a first-order, 

non-local scheme based on the results of large-eddy 

simulations by Vi^gaard cuid Brost (1984) . It is 

computationally efficient and successfully simulates the 

deep PBLs that develop in the pre-convective environment 

over Arizona during the monsoon (Bright and Mullen 2001) . 

Stochastic MRF Planetary boundary layer (MRF') t A first-

order autogression model similar to the stochastic model 

in KFCP' is used to add stochastic perturbations to the 

MRF PBL scheme (MRF'). Hong and Pan (1996) show that 
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convective precipitatioa in the NCEP MRF model is 

sensitive to the critical bulk Richardson number (RiBcr), 

particularly during the evening hours as the boundary 

layer collapses. Their sensitivity experiments reveal 

considerable variance in the QPF when this parameter 

varies between 0.25 < RiBcr < 0.75. Convection over the 

lower deserts of Arizona often occurs during the late 

afternoon and evening hours, dxiring or shortly after the 

mixed layer decouples from the surface. This suggests 

that a stochastic perturbation applied to the RiBct may 

increase the dispersion of ensemble QPFs over Arizona. 

In MRF', a first-order autoregression model is applied to 

the txinaible parameter RiBcr, so that 

RiBcrt = f/ + r(RiBat-i - + (6) 

The autoregression model parameters were set to ;/=0.5 (the 

deterministic default for RiBcr), r = 0.97, and e = 

G(0=O,(t=O.O2). To prevent the unlikely occurrence of 

unrealistic values of RiBcr, limits are imposed such that 

0.2 < RiBcr < 0.8. An example of the stochastic RiBcr for a 

grid point near Tucson, Arizona is shown (FIG. B.3) . 

The Eta PBL peirameterization (Janic 1994) and the 

Burk-Thompson (BT) PBL parameterization (Burk and 

Thompson 1989), which are options in the MM5 modeling 

system, are not included in this study because their MM5 

predictions are unrepresentative of the pre-convective 

PBL over Arizona (Bright and Mullen 2001). 
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B.3.3 Verification data and metrics 

Verification of the ensenibles and all related 

statistics are based on 24-hoxir precipitation amounts (12 

UTC to 12 UTC) centered over greater Arizona, specifically 

within the region 30° to 38° N and -116° to -106° W 

(approximately the area shown in FIG. B.15 and B.16) . 

Convective precipitation in the Southwest is often 

localized and intense (Bartels et al. 1991), creating 

incertitude as to whether ensembles should be verified 

against rain gauges or spatially averaged analyses. Rain 

gauge verification retains the extreme precipitation 

amounts and is generally more familiar to forecasters that 

produce QPFs and flash flood warnings for storm-scale 

events. However, convective parameterizations are not 

designed to simulate individual convective storms, and 

verification results tend to reflect areas with a high-

density of rain gauges (McDonald and Horel 1998) . Gridded 

rainfall analyses are now available on a 4 km national grid 

from the NCEP multi-sensor (Stage IV) national 

precipitation analysis (Smith and Krajewski 1991; Klazura 

and imy 1993; Fulton et al. 1998). They are created by 

blending both NWS radar [Weather Surveillance Radar - 1988 

Doppler (WSR-88D) (Crum and Alberty 1993) 1 and actual rain 

gauge observations. In addition to errors inherent in the 

estimation of precipitation from radar reflectivity (Baeck 

and Smith 1998; Fulton et al. 1998), in the West this 
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product suffers from, a spotty, inhomogeneous distribution 

of rain gauges and radar beam-blockage due to terrain 

(e.g., Gourley and Maddox 1999) . 

Because no "perfect" observation exists for NWP 

verification, results are presented for both rain gauge 

(hereafter RG) observations (model output is bilinearly 

interpolated to the RG location) and the NCEP gridded Stage 

rv (hereafter S4) analyses. The verifying RG observations 

are the same used in the API calculation (described in 

Section 2a). The S4 analyses are interpolated to the 36 km 

(12 km) MM5 grid by simply averaging all S4 grid cells 

within -20 km (~7 km) of the MM5 grid point. If any of the 

S4 cells are missing, the 12 km S4 (S4-12) or 36 km S4 (S4-

36) value is also set to missing. The 36 km ensembles are 

compared to the S4-36 analysis, while KM12 and D12 are 

compared to the S4-12 analysis. 

The Brier skill score (BSS) (Stanski et al. 1989; 

Wilks 1995), ranked probability skill score (RPSS) (Epstein 

1969; Murphy 1971; Wilks 1995), verification rank histogram 

(VRH) (Hamill and Colucci 1997, 1998a), and relative 

operation characteristic (ROC) (Swets 1973; Mason 1982; 

Stanski et al. 1989) are used to evaluate the quality of 

the monsoon ensembles. A summary of these metrics is 

provided in section B.8 (appendix A). All skill scores are 

relative to the July 1999 sait^le climatology. (Hereafter, 

sample climatology and climatology eire used 

interchangeably.) Verification statistics are calctilated 
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at the following precipitation thresholds: 0.25 mm. (0.01"), 

1 mm, 2 mm, 5 iraa, 10 mm, 15 mm, 20 mm, and 25 mm. 

Bootstrap confidence intervals based on resampling (Wilks 

1995; Hamill 1999) are shown for most results. An 80% 

confidence interval is used such that non-overlapping beurs 

are indicative of significantly different results with 99% 

confidence. 

B.4 Results 

S.4.I Predictions of diurnal preciplta.tlon and spread 

The spatially-averaged hoxirly precipitation predicted 

by the ensembles shows that all constructs except BM and BB 

reproduce a diurnal signal cheiracteristic of monsoon 

precipitation (PIG. B.4). The precipitation forecasts tend 

to cluster by cumulus parameterization, convective 

development generally begins too early, and the ensembles 

appeeir to develop convection too gradually by not capturing 

the sharp increase observed around 19 UTC. During the 

first 15 hours of the forecast, the precipitation 

production by CM and GB is notably less than that produced 

by any of the KFCP or KFCP' ensembles. The peak in. average 

precipitation predicted by the KFCP and KFCP' ensembles is 

very close to the observed amount, but the convective 

scheme is too active during the first 6 to 9 hours of the 

forecast. By not including analysis perturbations, MOD 

precipitation is considerably less than MIX precipitation 
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until forecast hour 10, after which, the two are quite 

similar. Other MOD-like constructs employing identical but 

perturbed ICs {i.e., mixed-physics constructs assembled 

from a different column of TABLE B.2) produce spatially-

averaged precipitation forecasts similar to MIX {not 

shown) . Thus, the IC perturbations appear to increase 

precipitation production by about 50% during the first 10 

hours of the forecast. This may reflect in good part the 

use of tinbalanced ICs introduced by the perturbation 

strategy. The precipitation predicted by EM and BE is the 

most out-of-phase with observed precipitation, with maximum 

precipitation rates occurring at forecast hour 1 (13 UTC) . 

The spatially-averaged hotirly standard deviation of 

ensemble precipitation indicates that most constructs 

experience their maximum variance around forecast hours 5 

to 6 {17 UTC to 18 UTC) {FIG. B.5) . None of the ensembles, 

with, or without analysis perturbations, do a very good job 

simulating the observed diximal cycle of precipitation 

variance. MOD is a notable outlier compeured to all other 

ensembles, with, very little variance early in the forecast, 

and a small maximxim at forecast hour 12 (00 UTC) . 

Obviously, the initial pertxirbations induce considerably 

more dispersion, particularly dxiring the first 10 hotirs of 

the forecast, implying either a Icirge variation in onset 

time and/or a large variation in precipitation amount. 

Including IC perturbations creates a distinct 
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variance maximiam somewhat similar to the observed spread, 

but it is too large and occurs much too early in the 

forecast. It too may reflect a response to unbalanced 

initial perturbations. At the end of the forecast, BM, BB, 

GM, and GB have the largest variance, followed by MIX. The 

KFCP and KFCP' packages, along with MOD, are clustered 

together at lesser amounts. Even at forecast hour 24, the 

lingering affect of the initial perturbations are evident 

as MIX retains a larger spread than MOD. The dispersion of 

GM and GB is generally larger them the KFCP and KFCP' 

constructs (i.e., KM, KB, KM', KM12, K'M, K'B, and K'M""), 

indicating the GRCP is more sensitive to initial 

perturbations than the KFCP. Again, the ensembles appesir 

to cluster by cumulus scheme, with only minor differences 

associated with PBL scheme or stochastic forcing. Other 

mixed-physics ensembles assembled from identical but 

perturbed ICs (i.e., from a different coltimn in TABLE B.2) 

possess a spread very similar to MOD, but are about 30% 

greater than MOD through the entire forecast cycle (not 

shown) . 

B.4.2 Sample clima.tology and skill scores 

The RG sample climatology ranges from 33.6% at 0.25 mm 

to 2.3% at 25 mm, while the S4-36 (S4-12) sample 

climatology ranges from 59.4% (49.0%) at 0.25 mm to 0.4% 

(0.6%) at 25 mm. The difference between model climatology 
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and sample climatology can be siunmarized by the absolute 

relative error (ARE): 

ARE = nr"- S - o^l . (7) 

^ Pi 

where pt is the model-based climatological probability of 

precipitation (POP), ot the observation-based climatological 

POP, and i an index of the n=8 precipitation thresholds 

(0.25, 1, 2, 5, 10, 15, 20, and 25 mm) (FIG. B.6) . The 

ensemble probabilities agree more closely with the RG 

climatology rather than the gridded S4 climatology. MIX 

simulates the RG sample climatology the best, while the 

higher-resolution KM12 agrees fairly well with the S4-12 

observations. In. either case, BM and BE are the farthest 

removed from climatology. Two notable departures from 

sample climatology not apparent in FIG. B.6 are: (1) the 

BMCP packages under-forecast the light precipitation 

amounts (< 10 mm) and over-forecast the heavy precipitation 

amoxints (> 10 mm), and (2) the KFCP and KFCP' packages tend 

to over-forecast the light precipitation amounts (< 5 mm) 

when compared to the RG sample climatology. 

The ESS is calculated for all precipitation thresholds 

through 25 mm, but only the 0.25 mm results are shown (FIG. 

E.7) . MIX has the greatest skill at 0.25 mm when RG data 

are used for verification (FIG. B.7a), and remains slightly 

skillful through 20 mm. The unperturbed-analysis ensemble, 

MOD, is always less skillful than MIX through 25 mm. 
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Overall, GM and GB perform similar to MIX, but are slightly-

less skillful. Based on RG observations, KM12 is the least 

skillful ensemble at 0.25 mm and 1 mm, and D12 is 

significantly less skillful than any of the ensembles at 

all precipitation thresholds. Above 5 mm, the lower-

confidence bar of all ensembles dips below the no-skill 

line, with the performance of BM and BB being particularly 

poor. The stochastic ensembles show little change in skill 

compared to their non-stochastic counterparts. 

KM12 boasts the best BSS at 0.25 mm relative to the 

gridded S4 sample climatology (FIG. B.7b) . The BSS of all 

ensembles decreases very rapidly as observed S4 

precipitation increases, such that above 2 mm none of the 

ensembles remain skillful. The stochastic cxomulus 

constructs (K'M, K'^B, and K'M') are among the most skilled 

at the light precipitation amounts, and are more skillful 

than their non-stochastic counterparts (KM or KB) . BM and 

BB perform particularly poor compared to the other 

ensembles and are significantly worse than D12. MIX always 

outperforms MOD, and at 2 mm is the most capable package. 

The RPSS is a distance-sensitive extension of the BSS 

to exhaustive and exclusive multi-category forecasts, and 

as such provides a scalar measure of the skill of the full 

PQPF predicted fay the ensemble. All ensembles possess very 

impressive skill based on the RG verification CFIG. B.8a) . 

GM and GB are the best packages at nesirly 39% improvement 

over climatology, followed by MIX. BM and. BB are close 
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behind, then MOD and KM12. The KFCP and KFCP' constructs 

cluster around 25% improvement over climatology. All 

ensembles boast significant improvement over D12. 

When S4 observations are used as verification, KM12 is 

again the best performer (32.1% improvement over 

climatology) followed closely by MIX (FIG. B.Sb) . BM and 

BB are now much worse than all competitors, as their 

conditional biases result in a sxibstantial penalty when 

using S4-36 observations (cf. FIG. B.6) . In fact, they 

offer only a slight improvement over D12, The stochastic 

c\imulus constructs (K'M, K'B, and K'M') all show a slight 

increase in skill over their non-stochastic counterpart (KM 

or KB) . Once again, KM12 improves over its 36 km 

cotmterpart (KM), and the inclusion of initial analysis 

perturbations in MIX results in an increase in skill 

compared to MOD. 

The VRH, based on RG observations, suggests that all 

packages are under-dispersive, and all but BM, BB, and MOD 

have an obvious wet bias (i.e., verification is too often 

less than all 10 members) (FIG. B.9a). In fact, 25% to 30% 

of the time the observed precipitation is less than all 10 

members of the KFCP and BCFCP' constructs. BM and BB are 

the most equitably distributed, but are dry biased. By 

accotinting for model and analysis uncertainty, MIX 

generally shows more dispersion than most constructs, and 

considerably more than model uncertainty alone accoxmts for 

in MOD. The extremely under-dispersive MOD is consistent 
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with, its small hourly spread compared to the other 

ensembles and observations (FIG. B.5). 

When S4 observations are used for verification, all 

constructs indicate a dry bias in the model (or a wet bias 

in the observing system) . BM, BB, and MOD show a huge dry 

bias, with observed precipitation greater than all 10 

members about 30% of the time (FIG. B.9b) . KM12 is the 

most equitably distributed of all the ensembles, while the 

KFCP and KFCP' packages are the most evenly distributed of 

the 35 km ensembles. The stochastic cumulus constructs 

(K'M, K'B, and K'M') appear to improve the dispersion 

slightly. 

Considering both RG-based and S4-based VRHs, a chi-

square goodness of fit test (Wilks 1995) reveals MIX is the 

most uniformly distributed 24-hour QPF, followed by KM12 

and then QM. MOD results in the most non-uniformly 

distributed precipitation forecast. This suggests that 

perturbing the ICs accounts for most of the variability 

found in the 24-hour QPF ensembles, but model uncertainty 

makes a non-negligible contribution to the spread. 

A ROC area greater than 0.5 indicates the forecast 

system can discriminate events from nonevents [i.e., the 

hit rate exceeds the false alarm rate; see section B.8 

(appendix A) 1. At the lightest precipitation threshold 

(0.25 mm) all ensembles and D12 are skillful compared to 

either RG or S4 observations (FIG. B.lOa and B.lOb, 

respectively) . With the exception of the weciker BM and BB, 
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all ensembles perform about the same based on R6 

verification (FIG. B.lOa) . Performance varies a little 

more when the forecasts are compared to S4 observations, 

with MIX, GM, GB, and the stochastic members among the most 

skillful. Although EM and BE are the least-skilled 

ensembles, the R6 and S4 observations indicate they are 

better options than D12 for predicting the occurrence of 

measurable precipitation. [AcJmittedly, it might not be 

considered fair to compare the ROC area calculated from one 

deterministic forecast point to that calculated from 

multiple decision points associated with an ensemble 

forecast. However, this comparison accentuates the fact 

that an ensemble forecast provides a spectrum, of 

discretionary information while a deterministic forecast 

does not (Wandishin et al. 2001) .J 

At 25 mm all ensembles are skillful using either RG or 

S4 verification (FIG. B.Ila and E.llb, respectively) . The 

RG results (FIG. B.lla) show D12 is significantly less 

skillful than all ensembles, but the BK and BB are now 

among the most skillful. Again, MIX is an excellent 

performer and certainly beats MOD. Comparing the forecasts 

to gridded S4 observations (FIG. E.llb), EM and BB are 

again strong performers, but only the high-resolution KM12 

appears to be a significantly better discriminator than 

D12. 

The 25 mm. ROC curves based on RG observations for KM, 

K'M, KM12, MIX, and MOD are shown in. FIG. B.12. Eased on 
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the ROC area, KM12 is slightly better at discriminating 

heavy rainfall events than its 36 km coxinterpart KM, but 

adding a stochastic component (K'M) increases the skill 

such that it beats them both. The importance of mixed-

physics and analysis perturbations is clearly evident by 

the increase in discriminatory skill exhibited by the MIX 

ROC. Interrogation of the actual ROC curve provides 

valuable information about the ability of the ensemble to 

distinguish events from nonevents at the various 

probability thresholds, and also allows the ensemble 

forecast to be compared to the deterministic forecast. The 

D12 forecast is quite good at discriminating > 25 mm of 

precipitation {HR=15%; FAR=1%), and is actually more 

skillful than the nearest MIX ensemble point (30% forecast: 

HR=8%; FAR=1%) . However, the MIX ensemble provides useful 

information at the 10% and 20% probability thresholds 

simply not available from the D12 forecast. Applications 

in section 4 illustrate how the MIX 10% or 20% forecast may 

be more useful to forecasters and decision makers than the 

D12 forecast. 

It is also worth noting that no information is 

available at probabilities between 0% and 10% because the 

ensemble contains only 10 members. The RG climatological 

probability of 25 mm is 2.3%, so a larger ensemble capable 

of resolving probabilities much smaller than 10% might 

prove very useful to decision makers by filling in the 

upper-right portion of the ROC curve (Richardson 2000). 
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B.5 Operational Applications 

B.5,1 Potential value in decision making-

One of the challenges associated with PQPFs is how to 

convert the probabilistic forecast into a binary decision. 

For example, in operational forecasting probability terms 

are not allowed during the first six hours of the terminal 

aerodrome forecast (TAF). Thus, nearly every day of the 

monsoon forecasters must convert the probability of 

thunderstorms into a dichotomous prediction. Other 

decisions influenced by QPFs inside and outside the NWS 

include staffing, emergency response, and mitigative 

activities (e.g., when to close flash flood prone areas). 

An action associated with a probabilistic weather forecast 

is often based on a cost-loss (a=cost/^loss) model CCLM), 

where an economic btirden is expected regardless of the 

decision, but over time an optimal decision minimizes 

expected expense. The potential economic value of the 

monsoon ensemble is now explored through a simple, static 

CLM (Mtirphy 1977; Richardson 2000) . [The model is derived 

using a standard contingency table in section B.9 (Appendix 

B) .1 

Although this CLM is rather rudimentary, it does 

realistically simulate the circumstances faced by weather-

sensitive decision makers and has therefore been used 

extensively in real and hypotheticeil meteorological 



153 

decision making (Murphy 1977). Because most decision 

makers are concerned with specific points and not areal 

averages, the CLM is presented in terms of the RG 

observations. The CLM estimates the potential value CV) of 

the ensemble system, where V is the fractional amount of 

savings incxirred relative to a climatological forecast and 

a hypothetical perfect forecast. Thus, 0 (no decision 

making value over climatology) < V < 1 (perfect forecast) . 

If V > 0, then the forecast system is potentially 

profitable. 

All the ensembles possess potential value (i.e., V > 

0) for a range of users at all precipitation thresholds 

between 0.25 and 25 mm (results not shown). For certain 

values of a, even D12 is profitable, although it is 

considerably less profitable than the ensemble forecasts at 

most values of a (results not shown) . MIX provides the 

largest V among the various packages, particularly as the 

precipitation amount increases. Its maximxim V [termed the 

maximum. Kxiipers score (Richardson 2000)] is between 0.35 

and 0.40, and occ\irs at lower (higher) values of a. as the 

precipitation increases (decreases) (FIG. B.13). The 

probability at which action should be initiated (i.e., the 

"action probability") is determined by plotting V for all 

ensemble probabilities starting at 10%. This is done in 

FIG. B.14 for the 25 mm MIX, which indicates that for 0.01 

< a < 0.13, action should be taken when the MIX PQPF equals 



154 

or exceeds 10% or 20%. 

B.5.2 The 15 July 1999 Sabino Canyon flash flood 

A. heavy rainfall event and record flash flood occiirred 

between 0930 UTC and 1330 UTC (0230 LST to 0630 LST) on 15 

July 1999 near Tucson, Arizona, with the heaviest rainfall 

occurring between 11 and 12 UTC. Pytlak and Wigg (2000) 

provide a meteorological and hydrological synopsis of the 

event. The heavy precipitation was unusual because of the 

intense rainfall rates reaching 80 mm hr'^ and the unusual 

nocturnal time-of-occurrence. Total rainfall during the 4-

hour event exceeded 150 mm at an automated rain gauge (2440 

m elevation) in the Santa Catalina Mountains (about 15 km 

northeast of Tucson) . Most of the heavy rain fell in the 

upper Sabino Canyon watershed that encompasses 

approximately 100 km^, with an elevation ranging from about 

750 m near its outlet in northeast Tucson to 2750 m in the 

Santa Catalina Moxintains. The 36 km horizontal grid 

separation is not capable of resolving the Santa Catalina 

mountain range and is certainly not capable of explicitly 

simulating the intense, localized orographic precipitation. 

But, it's been shown the 36 km ensembles can skillfully 

predict precipitation during the monsoon and do skillfully 

discriminate events exceeding 25 mm. Thus, they may be 

capable of providing forecasters with probabilistic 

guidance that a rare, nocturnal heavy rainfall event is 

possible near Tucson, Arizona. 
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The 12 UTC 14 July MIX ensemble predicts a 10% to 30% 

chance of > 25 mm of precipitation during the ensuing 24 

hours over an eirea from southeast to northwest Arizona 

(FIG. B.15) . In the vicinity of the Santa Catalina 

motintains probabilities are also around 10% to 30%. 

Several RGs in and aroiind the mountain range exceeded 25 mm 

of precipitation during the next 24 hoxirs. Recall the CLM 

showed the > 25 mm action probability for the MIX ensemble 

is 10% or 20% if 0.01 < a < 0.13 (FIG. B.14). The majority 

of RGs that measured at least 25 ram of precipitation are 

inside the 10% or greater forecast area. In contrast, D12 

predicts several areas of precipitation at or above 25 mm, 

but the majority of RG reports that met or exceeded this 

amount are outside the 25 mm area (FIG. B.16) . Many of the 

RGs in the Santa Catalina motintains exceeded 25 mm, but D12 

predicted the heaviest rainfall (25 to 50 mm) west of the 

mountain range. The 12 km ensemble KM12 did not predict a 

chance of > 25 mm over Sabino Canyon (figtire not shown), 

and "missed" more of the 25 mm reports than the lower-

resolution MIX. (EM and BE, which contain a wet bias above 

10 mm, were not the MIX members predicting > 25 mm over 

Sabino CanyonI) 

Forecasters may also benefit from hotxrly probability 

forecasts (FIG. B.17) . The hourly probabability time-

series for > 0.25 mm at the grid point closest to the upper 

Sabino Canyon watershed (solid) shows the MIX POP well 
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above the conditional climatological probcQaility (dash.) at 

that grid points (The conditional probability is the 

hourly-averaged July 1999 MIX probability of > 0,25 mm at 

the grid point, given that > 0.25 mm occurred at the grid 

point according to the S4-36 observation.) Although, the 

model rainfall rates are well below the observed rainfall 

intensity, forecasters understand that model convection is 

parameterized and the 36 km grid spacing is not capable of 

fully simulating intense, localized orographic events, 

nevertheless, the MIX ensemble predicts a 30% to 40% chance 

of precipitation near Sabino Canyon after 09 UTC (2 AM 

LST), which is well above the 10% to 15% rainy-day normal. 

Thus, forecasters can approach the overnight hours armed 

with the knowledge that atmospheric conditions may support 

rare, nocturnal convection neeir Tucson, and 24-hoxir PQPFs 

indicate significant rainfall is possible. 

B.6 Discussion and Summary 

B.6".I Ensemble performance recap 

Ensemble performance is highly dependent on the 

verification metric and verifying observation. For that 

reason, ensemble evaluation by an assortment of accuracy 

measures against both spatially-averaged and rain gauge 

observations is necessary. With this in mind, the 36 km 

MIX is the most skillfxil ensemble tested. It was always 

more skillfxil than the higher-resolution deterministic 

forecast D12, usually with 99% confidence, and typically 
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beats the other ensemble configiirations. 

Comparing the skill of the 12 km ensemble (KM12) to 

its 36 km counterpart (KM) indicates that increasing the 

horizontal grid resolution tends to increase the skill of 

the monsoon ensemble. But;, this improvement is relatively 

small and is a function of the verification metric and 

observation used. Furthermore, KM12 skill does not exceed 

the overall skill of the 36 km MIX. This suggests that for 

the grid spacings examined here, improved resolution of 

terrain and other surface inhomogeneities in the monsoon 

environment is secondary to accounting for the xincertainty 

associated with observational analyses and model physics. 

The ensemble precipitation forecasts are very 

sensitive to the choice of cumulus parameterization, which 

tends to affect the predicted precipitation much more than 

the PBL scheme or stochastic physics. The spatially-

averaged precipitation indicates all ensembles except BM 

and BB are capable of simulating, at least to some extent, 

the ditimal signal characteristic of monsoon precipitation. 

Based on the ensembles constructed from IC 

perturbations only, the 6RCP exhibits the most skill at 

predicting monsoon precipitation, followed by the KFCP. 

The KFCP suffers from a wet bias at the light precipitation 

amounts during the first 6 to 9 hours of the forecast. 

Wang and Seaman C1997) cilso noted a KFCP wet bias at light 

precipitation amounts. Because the gridded S4 observations 

generally smooth the observed precipitation and increase 



158 

t±ie occxirrence of light precipitation, (i.e., < 5 mm), the 

KFCP verifies quite well when compared to the spatially-

averaged S4 observations. In addition to being diumally 

out-of-phase, the BMCP suffers from a substantial dry bias 

at the light precipitation amounts and a sxibstantial wet 

bias at the heavy precipitation amounts. Dunn and Horel 

(1994a) also detected a dry bias in an early version of the 

operational Eta model, which includes a version of the 

BMCP. The BMCP wet bias at the heavy precipitation amounts 

is consistent with Wang and Seaman (1997), and the tendency 

to convective during the first two hours of the forecast 

was also reported by Warner and Hsu (2000) . 

To predict clima to logically rare events such as heavy 

rainfall, a large ensemble is necessary to resolve in 

probability space subtle but potentially important 

deviations from climatology, but to simulate excessive 

convective rainfall on the order of 100 mm, NWP models 

require high spatial resolution. This results in a bit of 

an ensemble paradox. Are forecasters and decision makers 

better served by devoting computational resources toward 

larger ensembles capable of resolving extreme events in 

probability space, or should available computing power go 

toward smaller ensembles with greater spatial resolution 

capable of simulating convective scale events? This study 

did not point to an obvious answer. It's likely additional 

research, in this area will require a regional perspective 

and knowledge of the specific forecast application. 
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The rudimentary stochastic forcing applied to 

convective initiation in the KFCP' (K'M, K'B, K'M') shows a 

slight increase in forecast skill when verified against the 

gridded S4-36 observations. The stochastic MRF scheme did 

not have a discernible affect on the results. It appeeirs 

that the stochastic cxjmulus scheme is aiding slightly the 

PQPF by accounting for non-deterministic, subgrid-scale 

uncertainty associated with the initiation of convection. 

Additional experiments incorporating more sophisticated 

stochastic physics should be explored. 

B.6.2 The role of mixed-physics versus mixed-analyses 

Recent studies have stressed the importance of 

building both mixed-physics (or mixed-models) and perturbed 

analysis ensembles (e.g., Evans et al. 2000; Hou et al. 

20OL) . However, Evans et al. (2000) focused on medixom-

range predictability, and Hou et al. (2001) did not 

evaluate monsoon precipitation forecasts. Indeed, the most 

skillful predictions of 24-hour monsoon precipitation occur 

when analysis uncertainty and model error are both 

addressed. 

The ensemble spread for the mixed-physics only 

ensemble (MOD) is much less than all other ensembles that 

incorporated IC perturbations. This is true for hourly and 

24-hour precipitation amounts. The VRH indicates that MIX 

is the most dispersive of the 24-hour ensCTible QPFs. Based 

on the spread and skill scores, IC perturbations with an 
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accurate convective scheme are probably the most important 

ingredients of a short-range monsoon ensemble, followed by 

the addition of mixed-physics. This is somewhat different 

than what Stensrud et al. (2000) found for weakly forced 

convection over the Great Plains. They concluded that weak 

large-scale forcing for upward motion favors a mixed-

physics ensemble (similar to MOD) over a perturbed-analysis 

ensemble (similar to the GB construct) , But, the 

differences in convective initiation between the various 

ciomulus schemes, which are very important in a weakly-

forced environment over the Great Plains, are probably not 

as critical to the formation of monsoon convection over 

Arizona. This is because monsoon convection forms 

diumally and somewhat predictably due to orographic 

forcing and other sources of differential heating related 

to the stirface energy budget (Warner and Hsu 2000), 

resulting in less sensitivity to the particular convective 

parameterization used. It shoxild be noted that Stensrud et 

al. (2000) did not test a combined mixed-physics/perturbed-

analysis ensemble, which yields the most skillful and 

potentially valuable monsoon PQPF. 

B.6.3 Operational potential during the monsoon 

As discussed in the introduction, forecasters tend to 

improve on the forecast produced by NWP models and their 

accompanying statistical guidance. Iii5>rovements to 

ensemble forecast systems can be realized more quickly by 
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operational forecasters than improvements via MOS, because 

a frozen model and years of forecasts are not required for 

statistical calibration (Hamill and Colucci 1997, 1998a). 

At 0.25 mm, all ensembles tested exceed the BSS of current, 

state-of-the-art MOS guidance provided by NCEP. In fact, 

even without post-processing or calibration (see Hamill and 

Colucci 1997, 1998a), several ensembles beat the Tucson WFO 

BSS. Although the different data sets make a direct 

comparison impossible, the results support real-time 

implementation of operational, short-term, monsoon 

ensembles such as those recently implemented at NCEP (Du 

and Tracton 2001). History suggests that forecasters, with 

sufficient time, should respond to real-time ensemble PQPFs 

with even more skillful predictions of monsoon convection. 
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B.8 Appendix A.: Ensemble Verification 

B.8.1 Brier skill score (ESS) 

The Brier skill score (ESS) (Stanski et al. 1989; Wilks 

1995) is used to determine the skill of PQPFs based on 

dichotomous rainfall observations. The Brier score (BS) is 

simply the mean-squared error of the PQPF. Thus, 

BS = n-'f(pv-oO^, (Al) 
itei 

where k is an index of the n forecast/event pairs, p the 

forecasted probability and o the observation (o=0 if the 

event did not occxir and o=l if the event occvirred) . The 

BSS relative to sample climatology is then 

B S S = 1 - B S .  ( A 2 )  
BSa 

where BScii is the BS determined by setting pk to climatology 

in (Al) . The BSS expresses the fractional improvement of 

the ensemble PQPF relative to sample climatology and ranges 

from -00 to 1 (perfect forecast) . Two advantages of the BSS 

are its ability to verify probabilistic forecasts and its 

familiarity to operational forecasters • A positive BSS 

means the PQPF is correctly resolving lower-probability 

events from higher-probability events. 

B.8.2 Ranked probability skill score CRPSSj 

The ranked probability skill score (RPSS) (Epstein 

1969? Murphy 1971; Wilks 1995) is usefxil for verifying 

ensemble PQPFs because it is based on the cumulative 
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probability distribution of mutually exclusive, 

collectively exhaustive categories. The ranked probability 

score (RPS) is simply an extension of the BS to multi-event 

situations, or 

RPS =r C(fpD-(roD)l (A3) 
frbki )si jsl 

where m is an index of the J events over which probability 

is distributed (e.g., in this study: 0 < Ji < 0.25 mm, 0.25 

mm<J2<lmia, — ,J9>25 mm), p is the forecasted 

probability and o the observation {o=0 if the event did not 

occur and o=l if the event occurred) . The RPS is therefore 

sensitive to the forecasted probability distribution and 

the verifying precipitation amoimt. It reduces to the BS 

when the cumulative distribution is composed of only two 

categories (e.g., the verification of measurable rainfall). 

The RPSS is analogous to the BSS, except RPS replaces BS in 

(A2) . Like the BSS, the RPSS ranges from to 1 (perfect 

forecast). 

B.8,3 Verification rank histogram (VRH) 

If it is assumed that ensemble errors are independent 

and identically distributed, then a useful verification 

technique is the verification rank histogram (VRH) . Its 

construction is described in detail by Anderson (1996) and 

Hamill and Colucci (1997, 1998a). If the observed 

precipitation amotint is assumed to be unbiased and 

perfectly acctirate, then its rank relative to each member 
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of the ensemble forecast is completely independent of the 

ensemble. As the sample size increases, a perfect ensemble 

results itt a uniform, distribution of rank, indicating the 

ensemble probability density function is perfectly 

calibrated to produce accurate PQPFs. From, the VRH, the 

dispersion of the ensemble system, is readily apparent by 

the relative frequency distribution of the histogram. An 

under-dispersive ensemble is consistent with a "u-shaped" 

VRH, indicating a disproportionate occurrence of observed 

precipitation either less than or greater than all ensemble 

members. Thus, the ensemble likely contains model errors, 

improper initial perturbations, incorrect observations, or 

some combination therein.. 

B.8.4 Relative operating characteristic (ROC) 

The relative operating characteristic (ROC) (Swets 

1973,- Mason 1982; Stanski et al. 1989) is derived from 

signal detection theory (SDT) (e.g., Swets 1988) and is 

useftil for comparing ensembles to deterministic forecasts. 

In SDT, a dichotomous forecast is verified by calculating 

its hit rate (HR) (the proportion of events that are 

correctly forecast) and its false alarm, rate (FAR) (the 

proportion of nonevents forecast as events) . [The false 

alarm rate (FAR) is often confused with the more familiar 

false alarm ratio (FAR") (Stanski et al. 1989) . The 

distinction between the two is noted, below.] Following 

Stanski et al. (1989) and making use of a contingency table 
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(e.g., see Wilks 1995) (TABLE B.Al)r 

HR = a/ (a+c) (Hit Rate or Probability of Detection.), 

FAR = b/ (b+d) (False Alarm Rate), 

FAR' = b/ (a+b) (False Alarm Ratio) . 

If the HR exceeds the FAR, then the forecast has the 

ability to discriminate correctly occxirrences from non

occurrences. When a series of contingency tables are 

assembled by stratifying the ensemble probabilities (e.g., 

0%, 10%, 20%, — , 100%) into a series of dichotomous 

forecasts, then the ROC is formed. If the ROC is plotted 

(HR on the ordinate and the FAR on the abscissa) a smooth 

curve usually results (e.g., see FIG. B.12); larger 

ensembles result in smoother cuirves because of the ability 

to better discriminate events in probability space. A 

perfect forecast system (HR=I; FAR=0) forms two straight 

line segments extending from the lower-left comer along 

the left ordinate to the upper-left comer, and then 

turning right 90° to the upper-right comer of the graph. 

Stanski et al. (1989) provides step-by-step instructions 

for constructing the ROC. 

A. measure of ROC skill (relative to chance) is the 

area under the ROC curve (Ar), where 0.5 (No Skill) < A^< 1 

(Perfect Forecast). The diagonal line from the upper-right 

to the lower-left comer of the ROC graph delineates the 

no-skill line. The area under: the ROC can be calculated 

ntimerically through various techniques; in this paper, the 
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midpoint approximation (Edwards and Penny 1982) was used to 

perform the integration. A system, with no skill is (at 

best) equivalent to "guessing", since it inctirs misses at 

least as often as hits. A deterministic forecast may be 

compared to an ensemble by plotting its SDT point on the 

ensemble ROC plot and noting whether it lies above (more 

skillful) or below (less skillful) the ensemble ROC. 

Regardless of where the deterministic point falls, this 

comparison accentuates the fact that an ensemble forecast 

provides a spectnim of discretionary information while a 

deterministic forecast does not. 
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B.9 Appendix B: Cost-Loss Potential Value 

This cost-loss model (CLM) is adapted from. Murphy 

C1977) and Richardson (2000), and derived here in terms of 

a standard contingency table (Wilks 1995) of forecasted (F) 

versus observed (0) events (see TABLE B.Al) . From the 

contingency table, the following conditional probabilities 

(Pij) and sample climatology (s) can be formed: 

p„ = P(0=Yes| F=Yes) = afQa+b), (B1) 

po, = P(0=No [ F=Yes) = b/(a+b), (B2) 

p,Q = P(0=Yes 1 F= No) = c/Cc+d). (B3) 

Poo = P(0=No I No) = d/Cc+d). (B4) 

Pit+P0t = l ,  (B5) 

Pio+ Poo = 1, (B6) 

iT,=Ca+b)/a (B7) 

iTa=Cc+d)/a (88) 

s = pn/Ty+ Pio/Ta> (B9) 

where ptj are the conditional probabilities of the forecast 

such that i=l (i=0) if the event occurred (did not occur) 

and j=l (3=0) if the event was forecast (was not forecast), 

and iTyandilaare the marginal distributions (iT^iTa=l). 

If a decision maker has no forecast information other 

than climatology, then the only two realistic options arer 

(1) always act or (2) never act. If the choice is to always 

act, then expenses, C, are incxirred every time action is 

taken. However, if they choose to never act, then losses, 

L, are incurred each time the event actually occurs. 
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Therefore, the expected expenses based on climatology are 

either C (action taken) or sL (no action taken) . The 

prudent coiirse of action based solely on climatological 

information is to choose the less expensive of the two 

options, so the expected expenses using climatology are 

Eclimace" min(C; SL) . (BIO) 

If the hypothetical "perfect forecast" is available, then 

expenses, C, eire incurred only when absolutely necessciry. 

Thus, expected expenses based on the perfect forecast 

system are 

Elperfect — SC. (Bll) 

The imperfect forecast resxilts in an expense by initiating 

action and/or experiencing losses. Following the above 

reasoning and using the conditional probabilities defined 

in (Bl) through (B4) and the marginal distributions defined 

in (87) and (B8) , expected expenses associated with 

forecasting the event are /T,mfn(C,puL) and not forecasting the 

event are /T«m[n(C.pioL). Thus, the expected expenses from the 

imperfect forecast are 

Etae«ar= iT,m(n(C,piiL)+/I,mfnCC.piQL). (B12) 

The potential value, V, of the forecast is 

V= ErJmnta — (B13) 
Edmota ~ ̂serfect 

Stibstituting the expected expenses from (BIO) through (B12) 

into (B13) and rewriting in terms of the cost-loss ratio 

(a=C/L) yields 
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V = mlnfo^s) - g , (B14) 
m[n(a,s) - as 

where 

 ̂= n, mio(a,Pii) + ZT, min(a,p w), (B15) 

so that (Climatology) 0 < V < 1 (Perfect Forecast). V 

represents the potential savings as a fractional amoiont of 

costs incurred by the (hypothetical) perfect forecast 

(V=l) . If V=0, then the forecast system provides no 

decision-making value over climatology and decisions should 

be based on (BIO) , 
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FIG. B.l. Domain area for the 36 km and 12 km (inner box) 

MM5 ensemble forecasts. 
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FIG. B.2. Example of the grid-resolved vertical velocity 

tw) (dash-plus) and stochastic vertical velocity (w+w') 

(solid) from, a 14 July 1999 K'M forecast at a grid point 

neeur Tucson, Arizona. Vertical velocity is from the lowest 

sigma layer (0.995) in cms"^. 
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FIG. B.3. Example of the stochastic critical bulk 

Richardson number (RiBcr ) from a 14 July 1999 KM' forecast 

at a grid point near Tucson, Arizona. 
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PIG. B.4. The hotirly^ spatially-averaged ensemble mean 

precipitation (mm) for July 1999. The thick solid line is 

derived from the observed 4 km Stage IV (S4) multi-sensor 

analysis over the same area. [Key: KFCP=boxr GRCP=circle; 

BMCP=triangle; MRF=filled marker? BIiK=empty meirker; No 

stochastic component=solid line; KFCP'=long-dashed line; 

MRF'=short-dashed line; KFCP' and MRF' =long/short-dashed 

line; MOD=empty triangle; MIX=filled triangle; KM12= 

asterisk] 
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FIG. B.5. As in Fig. B.4, except the spatially-averaged 

ensemble standard deviation of precipitation (mm.) . 
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Probability of Precipitation Error 
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FIG. B.6. The absolute relative error (ARE) between the 

ensemble POP and the climatological POP based on RG (solid) 

and S4 (hatched) observations. The ARE is described in the 

text. 
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FIG. B.8. The RPSS verified against (a) RG observations 

and (b) S4 observations. Error bars delineate the 80% 

confidence interval. 
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VRH(RG) 

FIG. B.9. The VRH for the ensemble constructs verified 

against (a) R6 observations and (b) S4 observations. 

[Ensemble key as in Fig. 41 



191 

0^5 mm ROC Area (R6) 

Mi 

IU5 

(LTI 

 ̂MS 

lii 

0^ 

Ml 

OAS 

OM 

OJO 

0.7S 

0.70 

I 0« 

OJO 

OJS 

OJO 

0.49 

FIG. B^IO. Area under the 0.25 mm ROC curve verified 

against (a) RG observations and (b) S4 observations. Error 

bars delineate the 80% confidence interval. 
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Fig. B.LL. As in. Fig. B.LOr except cirea under the 25 mm. 

ROC curve. 
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FIG B.12. 25 nrni ROC cxirves verified against RG 

observations for the ensemble constructs KM, K'M, MOD, MIX, 

KM12, MOD, and the deterministic forecast point D12 (+) . 

The first point from the upper-right comer represents a 

10% POP, the next point a 20% POP, and so on through 100%. 

The tliick, solid line represents the no-skill line, above 

which forecasts are considered skillful. [Ensemble key as 

in Eig^ B.4I 
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FIG. B.13. The potential value (V) of the MIX ensemble 

contotired as a function of the cost-loss ratio (a) and 

precipitation amount Cmm) . 
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FIG. B.14. The potential value of the MIX ensemble at 25 

mm. for various probabilities starting at 10%. Maximum 

potential value from the ensemble is possible at a=0.025 

when the 25 mm. POP > 10%. 
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FIG. B.15. Forecast probability (24 hour) of > 25 mm of 

precipitation, from the 12 UTC 14 July 1999 MIX ensemble 

(filled contours at 10%, 30% and 50%) . The RG reports > 25 

mm of precipitation (24 hoxir) ending 12 UTC 15 July 1999 

are shown by filled circles, while all other RGs are 

indicated by the small ' + The Santa Catalina mountains 

are indicated by the triangles in southern Arizona. Sabino 

Canyon drains the southeast slopes of the Santa Catalina 

motintains. 
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FIG. B.16. As in. Fig. B,15, except precipitation (24 hoxir) 

from, the 12 DTC 14 July 1999 12 km deterministic forecast 

Dl2 (filled contours at 25 mm and 50 mm) . 
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FIG. B.17. Hourly probability of > 0.25 mm. precipitation 

from the 12 UTC 14 July 1999 MIX ensemble (solid), and the 

July 1999 MIX climatological conditional probability of > 

0.25 mm [conditional that the 24-hour S4-36 observation 

reported a daily total >0.25 mmj (dash) . 
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TABLE B.l. Ensemble configxiration for evaluation of monsoon 

PQPFs. The Experiment Name identifies the cianulus 

parameterizatioa (first letter: K=Kain.-Fritsch; G=Grell; 

B=Betts-Miller) and the PBL parameterization (second 

letter: M=MRF,- B=Blackadar) . The primed (') schemes are 

stochastic versions of the parameterization and aire 

described in the text. Experiments 11 (MOD) and 12 (MIX) 

cure mixed-physics and mixed-physics/perturbed-analysis 

ensembles, respectively. Their construction is formed by 

combining ten members of experiments 1 through 10 (see 

TABLE B.2) . Experiment 13 (KM12) is a higher-resolution 

ensemble with the same physics as in experiment 1 (KM) . 

NuadMr 
Slza 

BxpazisMnt 

Nam 

Physics 

ca/PBL 

Perturbations 

IC/LBC Modal 

Grid 

1 KM KFCP/MRF YES NO 36 km. 

2 GM GRCP/MRF YES NO 36 km 

3 BM BMCP/MRF YES NO 36 km. 

4 K'M KFCPVMRF YES NO 36 km 

5 KB KFCP/BLK YES NO 36 km 

6 GB GRCP/BLK YES NO 36 km 

7 BB BMCP/BLK YES NO 36 km 

8 K'B KFCPVBLK YES NO 36 km. 

9 KM*^ KFCP/MRF' YES NO 36 km 

10 K'M' KFCP'/MRF' YES NO 36 kia 

11 MOD COLUMN NO YES 36 km 

12 MIX DIAGONAL YES YES 36 km 

13 KM12 KFCP/MRF YES NO 12 km 
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TABLE B.2. Matrix illustrating the construction of the 36 

km ensembles. The control (CON) and nine IC/LBC 

perturbations {PER f) are indicated for each, of the ten. MM5 

configurations. The ten control forecasts form the mixed-

physics ensemble [MOD (bold - first column) ]. A. unique 

model and unique IC/LBC form the mixed-physics/perturbed-

analysis ensemble [MIX (underline - matrix diagonal) ]. 

Hmnb«r tWaw Initial Condltion«/Ii*t«r«i 

1 KM COM PERI PER2 PER3 PER4 PER5 PER6 PER7 PERS PERS 

2 GM CON PERI PBR2 PER3 PER4 PER5 PER6 PER? PERS PERS 

3 BM CON PERI £SE2. PER3 PER4 PER5 PER& PER? PERS PERS 

4 K'M CON PERI PER2 SSEl PER4 PER5 PERf PER? PERS PERS 

5 KB cm PERI PER2 PER3 PER4 PER5 PER6 PER? PERS PERS 

6 GB CON PERI PER2 PER3 PER4 PER5 PER6 PER? PERS PERS 

7 BB c(»r PERI PER2 PER3 PER4 PER5 PER6 PER? PERS PERS 

8 K'B c(ai PERI PER2 PER3 PER4 PER5 PERS PER? PER8 PERS 

9 KM' can PERI PER2 PER3 PER4 PER5 PER6 PER? PERS PERS 

10 K'M' con PERI PER2 PER3 PER4 PER5 PER6 PER? PERS PERS 

11 MOD (First Column.) 

12 MIX (Matrix Diagonal) 



TABLE B.Al. Contingency table of observed (0) events 

versus forecasted (F) events. The sample size (n) is 

a + b + c + d. 

O 
Yes No 

Yas a b 
F 

No c d 
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