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ABSTRACT 

For this study, warm-season simulations from the real-time Pennsylvania State University / 

National Center for Atmospheric Research (PSU/NCAR) mesoscale model, known widely as 

MM5, are verified against surface METAR and upper-air soundings. Verification statistics are 

calculated on two model domains. The 36-km coarse-mesh domain encompasses the CONUS 

and portions of the surrounding regions. The 12-km fine-mesh domain is centered over 

Pennsylvania and encompasses the surrounding states. Variables that are verified include 

temperature, dew point, relative humidity, wind direction, wind speed, geopotential height, sea- 

level pressure, as well as the total totals severe weather index. Verification statistics calculated 

include bias, mean absolute error, root mean square error, and the decomposition of a skill score 

based on the mean square error. 

Coarse-mesh surface results show an early-morning warm and dry bias, a positive wind speed 

bias, and wind directions that veer clockwise with respect to the observations. A cool bias is 

present on the coarse mesh at 850 mb for all forecast times, possibly indicating an over-prediction 

of boundary layer depth. Interestingly, the fine mesh does not perform better than the coarse 

mesh overall. But, over the 24-hour forecast period, fine-mesh skill markedly improves and 

nearly matches coarse-mesh skill for many variables, especially the moisture fields. By 

improving the fine-mesh initialization procedure, the fine-mesh forecasts should prove more 

skillful than the coarse-mesh forecasts. 
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ABSTRACT 

For this study, warm-season simulations from the real-time Pennsylvania State University / 

National Center for Atmospheric Research (PSU/NCAR) mesoscale model, known widely as 

MM5, are verified against surface METAR and upper-air soundings. Verification statistics are 

calculated on two model domains. The 36-km coarse-mesh domain encompasses the CONUS and 

portions of the surrounding regions. The 12-km fine-mesh domain is centered over Pennsylvania 

and encompasses the surrounding states. Variables that are verified include temperature, dew 

point, relative humidity, wind direction, wind speed, geopotential height, sea-level pressure, as well 

as the total totals severe weather index. Verification statistics calculated include bias, mean 

absolute error, root mean square error, and the decomposition of a skill score based on the mean 

square error. 

Coarse-mesh surface results show an early-morning warm and dry bias, a positive wind speed 

bias, and wind directions that veer clockwise with respect to the observations. These errors are 

consistent with systematic inaccuracies in the surface-layer fluxes of the Blackadar boundary-layer 

scheme. A cool bias is present on the coarse mesh at 850 mb for all forecast times, possibly 

indicating an over-prediction of boundary layer depth. Interestingly, the fine mesh does not 

perform better than the coarse mesh overall. But, over the 24-hour forecast period, fine-mesh skill 

markedly improves and nearly matches coarse-mesh skill for many variables, especially the 

moisture fields, by the end of the forecast. By improving the fine-mesh initialization procedure, the 

fine-mesh forecasts should become more skillful than the coarse-mesh forecasts. 
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CHAPTER 1 

INTRODUCTION 

1.1       Motivation and Goals for the Verification System 

The objective of this study is to identify the strengths and weaknesses of the version of 

the Pennsylvania State University / National Center for Atmospheric Research 

(PSU/NCAR) mesoscale model, known widely as MM5, operated in real time at Penn 

State. Quantifying its skill will enable the model developers to pinpoint problem areas 

within the model and will help guide them toward possible ways to improve its 

performance. For example, Manning and Davis (1997) used wintertime statistics to test 

specific MM5 parameterization changes. Moreover, the availability of documented 

verification information on the real-time MM5 products will allow forecasters and 

researchers to more intelligently use these products in various applications. This 

verification system is intended to provide the foundation for what will become an intense 

and ongoing exploration into the strengths, biases, and deficiencies of a greater variety of 

forecast variables, derived products, and parameterizations that are being generated by or 

utilized in, the real-time MM5 model at Penn State. 

The statistics produced by this verification system may also be used to compare the 

Penn State real-time MM5 forecasts to the forecasts from other mesoscale models in use 

today. For example, White et al. (1998) statistically compare the MM5 to five other 

mesoscale models for the winter of 1996. Additionally, Cox et al. (1998) use statistics 

from a variety of climates and seasons for an inter-comparison of four mesoscale models, 
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one of which is the MM5. The University of Utah statistically verifies the MM5, National 

Weather Service MESO-ETA, and NCEP research models over each season and for 

special cases (Kirby L. Cook 1998, personal communication). The statistical results 

presented in this study are for the warm season from 1 June to 28 August 1997. Unlike 

many published statistical studies of mesoscale models, we present in detail the statistical 

values so that they can be used in future comparisons. 

1.2       The Pennsylvania State University Mesoscale Modeling System 

The real-time mesoscale model at Perm State is the non-hydrostatic Perm State/NCAR 

MM5 (Version 2) (Grell et al. 1994, Dudhia 1993). Forecasts verified here were 

produced on two grids. The outer domain covers the continental United States with a 36- 

km mesh, while the inner domain over the Northeastern U. S. has a 12-km mesh. The 

inner domain has finer-resolution terrain to better represent complex topography and 

dynamic processes. The model utilizes 30 terrain-following (sigma) vertical coordinate 

layers with approximately 9 of those layers below 1 km AGL. Key physical 

parameterizations in the present version include: Blackadar planetary boundary layer 

(Blackadar 1979), explicit moist physics with a simple ice phase (no mixed-phase 

processes), Kain-Fritsch deep convection (Kain and Fritsch 1993), and atmospheric 

radiation. For a more complete description of the PSU/NCAR MM5 model see Grell et 

al. (1994). 

Preparation of initial and lateral boundary conditions begins with interpolation of the 

National Centers for Environmental Prediction's (NCEP) current "early-Eta" model 
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analyses and forecast fields to the MM5 outer mesh. Each 36-km ran of the MM5 is 

started 12 h prior to the beginning of the forecast period (t = to-12 h). Over that 12-h 

period, Newtonian relaxation (Stauffer and Seaman 1990) is used in a dynamic 

initialization to gradually assimilate the analyses, so that the model's fields are in 

approximate dynamic balance at the beginning of the forecast period and condensed-phase 

processes are well developed. Finally, the 12-km fine grid, integrated for 3 h prior to the 

beginning of the forecast period at t = t0-3 h, uses interpolated 36-km dynamically 

initialized fields for initial conditions and lateral boundary conditions. No data are 

assimilated on the fine-mesh through this 3-h pre-forecast period. The t = to+00 h 

corresponds to 0000 UTC. 

Forecasts are run in parallel on a 4-processor SGI R10000 Power Challenge. 

Following the dynamic initialization, the optimized MM5 code produces a 36-h forecast 

on the 36-km outer domain and a 24-h forecast on the 12-km domain. Including the 

initialization, forecasts for both meshes are completed in less than five hours. The daily 

model output including convective indices is available on the web at 

(http://mm5.met.psu.edu/mm5/). 



CHAPTER 2 

SIMULATION AND OBSERVATION DESCRIPTION 

2.1 Model Simulations 

Model simulations are archived hourly on the native sigma-vertical-coordinate levels. 

A software post-processor is used to interpolate from the sigma levels to pressure levels. 

Model evaluation is performed at the model surface layer (i.e. lowest model sigma level, 

about 30 m AGL), as well as the 850, 700, 500, and 250-mb levels. The coarse mesh is 

verified at the t = t0+00 h analysis time, t = to+12 h, t = to+24 h, and t = t0+36 h forecast 

times. The fine mesh is verified at the t = t0+00 h, t = to+12 h, and t = to+24 h times. 

Model variables that are verified include temperature, dew point, relative humidity, wind 

direction, wind speed, geopotential height, sea level pressure, and the total totals index, 

which is used as an aid in forecasting severe convective weather. 

2.2 Observational Data 

National Weather Service rawinsonde and METAR-surface observations are used for 

verification of the MM5 forecasts. To help prevent erroneous observations from being 

used in the verification, a quality-control check is done first on all temperature, wind, and 

sea-level pressure observations. To do this we compare each observation to the ETA 

analysis value for that time and level. If the observation does not equal the ETA value, 

plus or minus an assigned tolerance range, the observation is assumed to be unreliable and 

is thrown out. The tolerance range is based on Penn State's experience with real-data 

input into MM5. For most of the warm season cases studied here, between 1% and 6% of 

the observations were discarded. 



CHAPTER 3 

STATISTICAL ANALYSIS METHODOLOGY 

3.1 Overview 

The objective of this verification package is to illuminate the strengths and weaknesses 

of the MM5, and to infer which physical parameterizations are performing well or need 

improvement. Since no one verification score can give a complete understanding of the 

capability of a forecasting system (Brier and Allen 1951, Murphy and Daan 1985), we 

calculate a selection of scores designed to fulfill the verification study objectives. 

3.2 Standard Verification Statistics 

We calculate common verification measures such as the bias, root mean square error 

(RMSE), and mean absolute error (MAE), which are useful for comparing forecast 

systems (Murphy and Winkler 1987). The bias is a direct measure of the tendency of the 

model to over-forecast or under-forecast a particular variable. The RMSE, which is 

always positive, represents the error in the forecast in a way that emphasizes the 

magnitude of the extreme errors. The MAE is also always positive, but measures the 

average or typical magnitude of error in the model for a particular variable. Anthes (1983) 

gives a description of bias and RMSE and includes tables of typical values for both. 

Murphy and Daan (1985) discuss bias, RMSE, and MAE as well as many other skill 

scores. The bias, RMSE and MAE are defined as 

N L    -/v 



RMSE = if-of 
N 

M4£ = £ 
N N 

6 

(2) 

(3) 

where f and o are the forecast and observation values respectively and N is the total 

number of forecast and observation pairs evaluated. 

3.3       Murphv Skill Score Statistics 

Bias, RMSE, and MAE measures are commonly used for comparing models, but to 

further explore strengths and weaknesses of, and ways to improve, a forecasting system, 

Murphy and Winkler (1987) demonstrate that other diagnostic measures can be valuable. 

For this purpose, they outline two factorizations of the joint distribution of forecasts and 

observations leading to new statistical scores. We have chosen to utilize a Skill Score 

(SS), equation (12) in Murphy (1988), that is based on the mean square error (MSE) and 

falls into the calibration-refinement factorization. Calibration refers to a pattern 

comparison between the observations and model forecast and refinement refers to model 

"willingness" to forecast values away from the mean (Murphy and Winkler 1987). The SS 

is the 'sum' of three non-negative parts and is defined as 

SkillScore{SS) = COD -MULTE - ADDE (4) 

where, 



COD = r2 = 

-l2 

"E if*o) 
N \N 'N KrN) 

*Y—-fe- *z--z- 

MULTE =[r-(sf/S0)} 

(5) 

(6) 

ADDE = 
s„ 

(7) 

The term r in (5) is the coefficient of correlation, Sf is the standard deviation of the 

forecasts, and S0 is the standard deviation of the observations. The SS can have values 

ranging from 1, a perfect score, to -oo, the worst possible score. 

The COD, or the coefficient of determination, is the square of the coefficient of 

correlation, r, and is a measure of the linear relationship between the forecasts and 

observations. The COD is a measure of how well the forecast pattern matches the 

observed pattern of a particular variable and is not a measure of how closely the 

magnitudes match. The COD can be thought of as the skill score that is achieved if the 

model output statistics (MOS) (Glahn and Lowry 1972) technique is applied to a single 

predictor (the model forecast of the variable being evaluated). The forecast is perfectly 

correlated with the observations when the COD has a value of 1.0. If the COD has a 

value of 0.0, there is no correlation between the observed and the forecast patterns. 

The COD, when taken alone as a skill score, ignores two non-pattern related errors, 

the multiplicative error (MULTE) and the additive error (ADDE). The MULTE describes 
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an error in the amplitude of the forecast variation and can be corrected by scaling the 

forecast. The ADDE describes the additive bias and can be corrected by shifting the entire 

forecast pattern positively or negatively. Both the MULTE and the ADDE can be 

corrected by the MOS method outlined above. The SS then is more enlightening than the 

COD because it does not ignore the multiplicative and additive errors of the model, which 

can be corrected by post-processing techniques. A thorough discussion of the merits of 

the coefficients of correlation and determination as a skill score are found in Murphy 

(1995). 



CHAPTER 4 

VERIFICATION RESULTS 

4.1       Coarse-mesh Findings 

The coarse-mesh bar charts included in the Appendix illustrate spatial averages of each 

particular statistic over the domain. Values from approximately eighty sounding sites 

went into each spatial average for upper-air statistics and values from approximately 750 

surface METAR sites went into each spatial average for surface statistics. During this 

warm-season study period, from 1 June to 28 August 1997, each sounding and METAR 

site produced approximately 47 to 60 observations for use in the verification. The 

forecast time t = t0+00 h corresponds to the 0000 UTC time. 

4.1.1 Temperature 
Figure 1 illustrates coarse-mesh temperature verification statistics averaged over the 

coarse-mesh domain. Surface bias is very close to zero at the analysis time, t = to+00 h, 

growing to a positive bias (1.27 to 0.99 °C) at the early morning t = t0+12 h and t = t0+36 

h forecast times. A negative surface bias (-1.67 °C) exists at the evening t = t0+24 h time. 

In a wintertime study over the intermountain west, Manning and Davis (1997) also found 

that the MM5 boundary layer, using the Blackadar (1979) planetary boundary layer (PBL) 

scheme, was as a whole, too warm at the early morning forecast times and too cool during 

the early evening. In contrast a springtime verification study of MM5 over the 

intermountain west shows warm biases of approximately 3.0 °C in the early morning and 

1.9 °C in the early evening (Kirby L. Cook, University of Utah 1998, personal 

communication). Nevertheless, even in the spring, the bias is high in the early morning 
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relative to the early evening, as in the summer and winter studies. 

There are several possible explanations for the positive early morning surface 

temperature biases. Some of the most probable causes are: incorrect cloud cover and 

associated radiative effects, inaccurate surface parameterization including moisture 

availability, and excessive surface wind speeds. The surface temperature bias could be due 

to excessive vertical diffusion. Because the Blackadar PBL scheme reduces PBL depth to 

zero in the early morning hours, the problem would lie in the background (minimum) 

diffusion rather than the Blackadar scheme. Another partial explanation for the above 

biases could be that model surface forecast values are extracted from the lowest sigma 

level, which is located approximately 30 meters above ground level. Because surface 

observations are taken at 2 m above ground level, a perfect early morning forecast for the 

30-m level could be warmer by several degrees due to diabatic effects associated with the 

nocturnal inversion. Throughout this paper the above altitude difference explanation will 

be referred to as "the altitude difference theory". 

The early evening surface cool bias may be caused by all of the explanations above and 

also by the possibility of excessive Blackadar boundary layer turbulent transport (Zhang 

and Anthes 1982), which acts to destroy the surface super-adiabatic layer that should 

occur in nature under conditions with strong insolation over land. Additionally, the 

altitude difference theory may contribute to the early evening surface cool bias because a 

perfectly forecast early evening super-adiabatic profile would have a 30-m temperature 

that is several degrees cooler, in some cases, than the temperature forecast for 2 m above 
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ground level. 

The negative temperature bias at 850 mb (-0.14 °C at t = to+00 h increasing to -1.21 

°C with forecast time) might indicate over-prediction of the PBL depth (Shafran 1997). 

Both the Manning and Davis wintertime study, and the Utah springtime study find a 

similar negative temperature bias at 850 mb for all forecast times. There is, however, 

nearly zero bias at 700 mb and 500 mb for all forecast times and a slight warm bias at 250 

mb for all forecast times, as found in the two prior studies. Temperature MAE values in 

this study are between 2.11 °C and 2.52 °C at the surface and decrease with height. It is 

possible that errors are larger at the surface because of larger local variability of surface 

data, differences in model and actual terrain heights and because complex boundary layer 

processes are difficult to parameterize. 

The coefficient of determination, Figure 1 panel (e), shows that if MOS were utilized, 

the SS would be approximately 0.6 for the surface and 0.8 for upper-air levels. A look at 

the SS in panel (d) shows the model is forecasting close to that potential for 700 mb and 

above. Figure 1 panel (g) shows that both the surface and 850-mb levels suffer from 

mostly an additive error. Applying even the simplest possible MOS scheme to model 

temperature simulations would thus greatly improve the MM5 surface temperature 

forecasts. 

A horizontal plot of the surface temperature bias at the early morning forecast time of 

t = to+12 h shows that the biases are not random, but have a distinct pattern (Figure 2). 

The northeastern region of the domain appears to have almost no bias, the midwest and 
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southern regions have a warm bias, the Rocky mountain region has a variable warm and 

cool bias, while the warmest bias is found along the West Coast. The warm west-coast 

surface bias is present for all forecast times (not shown). Some of the largest magnitudes 

for the surface MAE and RMSE are found within the higher elevations western regions of 

the domain for all forecast times (not shown). The 850-mb cool bias is also most 

pronounced over higher terrain areas. It is possible that this indicates inadequate terrain 

resolution. The SS horizontal plots (not shown) confirm that the poorest model surface- 

temperature forecast skill is located along the West Coast and the highest values are 

located in the northeastern parts of the domain. 

4.1.2 Dew Point 

Figure 3 shows coarse-mesh dew point verification statistics averaged across the 

coarse-mesh domain. Panel (a) shows an early evening surface dry bias of between -1.82 

and -2.25 °C. In contrast, Manning and Davis (1997) show a morning and evening 

surface moist bias for the MM5 over their intermountain-west domain and an evening 

moist bias over the central domain. The University of Utah study finds an early evening 

surface moist bias of 1.8 °C and a morning surface moist bias of 1.0 °C. 

One explanation for the early evening surface dry bias in the present study is that the 

fixed moisture availability, defined in the real-time MM5 as a function of land use, is too 

dry on average. This error would result in insufficient surface evaporative flux. However, 

while increased soil moisture might increase surface evaporation, it would also decrease 

the surface sensible heat flux and would thus tend to increase the magnitude of the late- 

afternoon cool bias found in the MM5 surface temperatures. An explanation for a small 
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fraction of this dry surface bias is that if the model simulation is extracted approximately 

30 meters above the observed level, a perfectly modeled sounding profile would, on 

average, be slightly drier at that level (Fairall et al 1996). 

The 250-mb dry bias of-2.54 °C at the analysis time may be due to the way model 

moisture is handled during the dynamic initialization. Due to limited observational data, 

all levels above 300 mb are initialized with 10% relative humidity. As shown at the 

subsequent forecast times, the model quickly corrects this dry bias by transporting 

moisture into the upper atmosphere. The effects of initializing with a larger moisture 

value at upper levels should be investigated for future model runs. 

The MAE of the dew point ranges from 2.04 °C to 3.19 °C at the surface and from 

5.13 °C to 7.14 °C at 500 mb. Interestingly, the surface and 250-mb level MAE and 

RMSE values improve over time, possibly in response to the decreasing bias. At all other 

levels, these errors steadily increase with time. These results suggest that there may be 

significant errors in the model's vertical transport to the mid-troposphere. 

The COD shows that the model has its greatest potential for skill at the lower levels. 

The surface SS suffers from mostly additive error while the 250-mb SS suffers from 

mainly a multiplicative error, but also a large additive error. Because the COD is much 

higher than the SS, MOS would greatly improve the dew point forecasts being produced 

by the real-time MM5. 

The two-dimensional surface plots of SS, bias and RMSE (not shown) reveal that the 

least skillful dew-point forecasts are in the higher elevations of the Rockies. Figure 4 on 
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the other hand shows some of the highest 700-mb dew point SS values to be located in the 

same high-elevation areas. The 250-mb plots (not shown) reveal the most pronounced dry 

bias to be along the West Coast, close to the upwind lateral boundary. 

4.1.3 Relative Humidity 
Figure 5 contains coarse-mesh relative humidity (RH) verification statistics averaged 

across the coarse-mesh domain. The dry surface RH bias, seen in panel (a), of 

approximately -7% at early morning forecast times is also reported by Manning and Davis 

(1997) as well as the University of Utah study. Using typical values for early morning 

temperature and dew point, we see that a 1.3 °C rise in forecast temperature due to model 

bias, with no dew-point change, would translate into an RH bias of approximately 5 °C. 

In a similar way, the positive early morning 850-mb RH bias of about 3.5% is possibly 

linked to the negative temperature bias and positive dew-point bias at that level. The 

University of Utah study found an 850-mb positive RH bias of about 4.0% to 5.0% for all 

forecast times. The t = t0+00 h dry bias at 250 mb of-2.74% helps quantify the dry initial 

conditions above 300 mb. Of course, the 12-h dynamic initialization may help to minimize 

the effect of the data paucity above 300 mb, so that most of the dry bias has already been 

overcome by the t = t0+000 h. Interestingly, at the t = to+24 h and t = t0+36 h forecast 

times the model has a moist bias of 3.99% and 2.39% respectively at the 250-mb level. 

RH MAE values for all levels are between 10.99% and 20.12% with the smallest error at 

the surface. This trend of increasing RH MAE with height is surprising since boundary 

layer physical processes can be difficult to simulate and the surface evaporation is based 

on constant values for soil moisture availability. A possible explanaition could like in 
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errors of the vertical moisture transport of the model through convective and resolved- 

scale vertical velocities. 

The COD shows a potential for skill of between 0.11 and 0.51. The low SS suggests 

that incorporating MOS into the model would significantly improve the real-time MM5 

RH forecasts. Most of the SS deficiencies are due to additive errors at lower levels, but 

multiplicative errors are dominant at 250 mb. 

4.1.4 Wind Direction 
Figure 6 displays coarse-mesh wind direction verification statistics averaged over the 

coarse-mesh domain. A positive bias means that the forecast wind direction was veered 

(clockwise) with respect to the observed wind direction and a negative bias means that the 

forecast wind direction was backed (counter-clockwise) with respect to the observed 

direction. 

The early-morning surface veering or positive bias of 12.67 to 14.95 degrees might be 

explained by the excessive background vertical diffusion possibility mentioned in section 

4.1.1. The vertical diffusion would tend to pull, faster and veered winds down toward the 

surface from aloft. The early morning surface veering also can be explained in part by the 

altitude difference theory because the model surface layer wind values come from 30 

meters above ground level where the winds would be slightly veered. At and above the 

850-mb level the small directional biases are between 2.0 and 4.0 degrees. The MAE 

values are between 42.88 and 51.38 degrees for the surface and improve with height to 

between 10.24 and 23.55 degrees at 250 mb. The large direction errors at the surface in 
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the early morning are associated with the local variability that is characteristic of the 

slower wind speeds commonly observed at that time. 

Two-dimensional surface wind direction bias plots (not shown) indicate that all 

portions of the domain contribute evenly to the early morning veering of surface wind. 

There are a large number of model surface sites in the western half of the domain, where 

terrain complexity is greatest, with large wind-direction bias magnitudes. Surface RMSE 

values also are higher for the western half of the domain due to the more complex terrain. 

4.1.5 Wind Speed 
Figure 7 shows coarse-mesh wind speed verification statistics averaged over the 

coarse-mesh domain. The positive 2.2 m s"1 surface wind speed bias for early morning 

forecast times might be explained by the excessive background vertical diffusion theory 

because faster wind speeds from higher levels would be transported down to the surface. 

The altitude difference theory may explain some of the speed bias because wind shear in 

the lowest 100 m can be large at night. At the t = t0+24 h early evening forecast time 

there is also a positive, yet weaker, surface speed bias of 1.01 m s"1. Similar results appear 

in Manning and Davis (1998) and The University of Utah study as well as a study by 

Oncley and Dudhia (1995). The Cox et al. (1998) study shows a positive surface wind 

speed bias for all four of the models in the comparison. Wind speeds in this study are 

slightly weak for levels above the surface. 

The COD values show poor potential for skill at the surface with greater potential at 

higher levels. The utilization of MOS would correct the significant deficiencies due to 
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both additive and multiplicative error in the surface wind skill score, but would be of little 

help at the higher levels where wind speeds are simulated well. 

4.1.6 Geopotential Height 
Figure 8 displays coarse-mesh geopotential height verification statistics averaged over 

the coarse-mesh domain. The height field simulations are second only to sea level 

pressure in skill. The 850-mb heights have a positive bias of only 3.41 to 9.93 meters; 

similar results for 850 mb were found in the University of Utah study. Looking back at 

Figure 1 we see that the temperature of the model layer from the surface to 850 mb should 

be colder than observed, but we see that there is a positive 850-mb height bias. This 

contradiction may be due to the interpolation of the height values when converting from 

sigma to pressure coordinates. The 250-mb heights have a negative bias of-2.31 to - 

19.12 meters and intermediate levels have a near-zero bias. Similarly, the University of 

Utah study shows a 250-mb bias of between 0.0 and -8.0 meters with reduced bias at mid 

levels. For all levels the bias is a very small percentage of the typical value for 

geopotential height variations in time. MAE values for all levels are between 7.77 and 

23.77 meters, which is also a small fraction of the typical range of variation in time. 

The COD illustrates a potential for very high SS. The multiplicative and additive 

errors are very small, resulting in SS values that are very close to the high potential seen in 

the COD values. Errors are so small that utilizing MOS would not significantly improve 

height forecasts. 



18 
4.1.7 Sea Level Pressure 

Figure 9 shows coarse-mesh sea-level pressure verification statistics averaged over the 

coarse-mesh domain. Biases are very small, ranging from -0.41 to 0.64 mb. MAE values 

range from 1.23 to 1.63 mb. The spatially averaged SS values are high overall and would 

not be improved significantly by MOS. These statistics indicate excellent quality in the 

sea-level pressures on the 36-km domain. 

Clear regional biases for sea-level pressure can be found in the horizontal analyses. 

For example, Figure 10 shows the horizontal field of sea-level pressure biases at t = to+12 

h. The northeast portion of the domain has the smallest positive bias, the plains and most 

of Canada have a small negative bias and the western region has a positive sea level 

pressure bias that becomes large in some areas. These regional biases may suggest a 

systematic problem in the reduction of the model's surface pressure forecasts to sea level. 

4.2       Fine-mesh Findings 

The fine-mesh bar charts included in the Appendix illustrate spatial averages for each 

particular statistic over the domain. Values from nine sounding sites went into each 

spatial average for upper-air statistics and values from approximately 100 surface MET AR 

sites went into each spatial average for surface statistics. During this study period each 

sounding and METAR site produced approximately 47 to 60 observations for use in the 

verification. The forecast time t = t0+00 h corresponds to the 0000 UTC time. 

4.2.1 Temperature 
Figure 11 illustrates temperature verification statistics averaged over the fine-mesh 

domain. Similar to the coarse mesh statistics that are calculated over only the fine-mesh 
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domain, the fine mesh has an early morning surface warm bias of 1.38 °C. Both the fine- 

mesh statistics and the coarse-mesh statistics, which are calculated over the fine-mesh 

domain, show a slight cooling trend at 850 mb. Because the fine-mesh model was 

initialized with a warm bias at 850 mb of 0.29 °C, the fine-mesh statistics do not show a 

cool bias like the coarse-mesh statistics, that are calculated over the fine-mesh domain, of 

between-0.15 °C and -0.5 °C. MAE values are between 1.84 °C and 1.97 °C at the 

surface and fall to about 0.9 °C for all other levels. 

Except for the surface, the COD values (not shown) are not much larger than the SS 

values in Figure 11, indicating that MOS would be of only slight help for surface 

temperatures. The additive error is the greatest contributor to the reduction of the SS 

values at the surface. 

For the domain-wide early morning surface warm bias, the two-dimensional spatial 

plot (Figure 12) indicates variable warm and cool bias over the higher terrain and an 

almost zero bias for many of the model locations along the coast. 

4.2.2 Dew Point 

Figure 13 shows dew point verification statistics averaged over the fine-mesh domain. 

An evening surface dry bias exists on the fine mesh, which is similar to, yet weaker than 

that seen for the coarse-mesh statistics averaged over the fine-mesh domain. The 700-mb 

level is dry by -0.98 °C to -2.08 °C, while the 500-mb level is too moist by between 1.06 

°C and 1.64 °C. The 250-mb level was initialized on the fine mesh with very close to zero 

bias, but quickly jumps to a moist bias of between 1.9 °C and 2.14 °C. MAE and RMSE 
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values are greatest for the upper levels. 

The COD values are much smaller for the upper levels than for lower levels (not 

shown). The levels with low COD values indicate a poor match of the patterns between 

the simulated and observed dew-point fields. SS values are low for upper levels and 

plunge for the 250-mb level. Most of the problem at 250 mb is in the multiplicative error 

and both the surface and the 250-mb level suffer from an additive error of 0.25 (not 

shown). 

Examining the poor skill of the upper-level model dew point on the two-dimensional 

spatial plots, it is found that the largest errors occur near the coast. The same pattern 

holds true for all forecast times and levels. Figure 14 is an example of the coastal 250-mb 

moist bias, shown for t = to+24 h. This result may imply a tendency for excessive deep 

convection in the coastal region. 

4.2.3 Relative Humidity 
Figure 15 displays relative humidity verification statistics averaged over the fine-mesh 

domain. For all levels, RH bias is between -9.16% and 8.91% with the driest level at 700 

mb and most moist at 250 mb. MAE and RMSE values increase gradually with height for 

levels above the surface. 

The COD values are between 0.28 and 0.51 for all levels and at all times except at the 

250-mb level where they are between 0.10 and 0.16 (not shown). The surface early 

morning negative value in the SS is primarily due to an additive error, and the SS for 250 

mb is very low and suffers mostly from a multiplicative error (not shown). 
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Two-dimensional relative humidity bias figures (not shown) indicate that the early 

morning surface dry bias is wide spread over land with a strip of almost zero RH bias 

along the coast. As for the dew point the coastal areas gave the largest contribution to the 

moist bias error at 250 mb for all forecast times (not shown). 

4.2.4 Wind Direction 
Figure 16 illustrates wind direction verification statistics averaged over the fine-mesh 

domain. At the early morning forecast time t = t0+12 h, surface winds are veered or have 

a positive bias with respect to the observed direction. This veering may be explained by 

the excessive background vertical diffusion theory since vertical diffusion within the lower 

atmosphere would serve to transport faster and more veered winds down to the surface. 

Interestingly, the early evening model wind directions are backed with respect to the 

observations for the 850, 700 and 500-mb levels by 5 to 7 degrees. This is the most 

consistent deviation from geostrophy seen in the statistics. Domain-average MAE values 

for surface directions are between 39 and 41 degrees at the surface. Upper level MAE 

values are between 11 and 26 degrees with error values improving gradually with height. 

No skill scores were calculated for wind direction. 

Two-dimensional fields of surface wind-direction bias at both the early morning and 

early evening forecast times indicate consistent negative bias or backing along the east 

coast (not shown). One possible explanation for this is excessive surface friction, that 

would cause the surface winds to back (shift counter-clockwise) from the prevailing 

warm-season southerly wind direction along the coast (E.S.S.A. 1968). 
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Additionally, the surface bias plots (not shown) at both early-morning and late-evening 

forecast times reveal that in West Virginia, on the western side of the Appalachians, the 

winds are veered, while in Virginia, on the eastern side, they are backed, relative to the 

observations. This veered-backed couplet could indicate excessive convergence over the 

mountain ridges during the day, possibly related to the local thermal pattern. 

4.2.5 Wind Speed 

Figure 17 displays wind-speed verification statistics averaged over the fine-mesh 

domain. There is a consistent positive wind speed bias at the surface for all times of about 

2.0 ms'1 which could be explained in part by the altitude difference theory because model 

winds are usually faster 30 meters above the surface. Wind speed MAE values are 

approximately 2.0 m s"1 at mid levels and approximately 3.5 m s"1 at 250 mb which are 

relatively small compared to average wind speeds at those levels. In contrast, the surface 

MAE values are between 2.3 m s"1 and 2.8 m s'1, which are about equal to the average 

surface wind speed variation in time and in space. Consequently model SS values are very 

low at the surface, but improve markedly for upper levels. The lack of skill at the surface 

is due to two parts additive error and one part multiplicative error (not shown). Two- 

dimensional fields of surface wind-speed bias indicate that the overall positive bias, 

illustrated in panel (a) of Figure 17, is almost independent of location (not shown). 

4.2.6 Geopotential Height 

Figure 18 shows geopotential-height verification statistics averaged over the fine-mesh 

domain. Panel (a) shows no significant biases at any level and for any time. MAE values 

are between 6.05 and 18.69 m and SS values are very high for all times and all levels. 
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Multiplicative and additive errors (not shown) are both below 0.02 for all levels and all 

times indicating that MOS would not significantly improve these geopotential height 

simulations. Two-dimensional fields (not shown) indicate consistently higher RMS error 

values and lower SS values for geopotential height in the eastern portion of the domain. 

4.2.7 Sea Level Pressure 

Figure 19 displays sea-level pressure verification statistics averaged over the fine-mesh 

domain. The bias has its largest negative at the analysis time (-0.9mb), but improves for 

the two forecast times (-0.2mb and 0.3mb). MAE and RMS Error values are only about 1 

mb for all times and SS values are consistently close to one. MOS would not significantly 

improve these skillful fine-mesh SLP forecasts. Two-dimensional fields of the SLP bias 

showed the highest magnitudes are located over the Appalachians. Fortunately, the range 

of bias errors on the fine-mesh grid is only from -1 .Omb to 0.7mb. There is a noticeable 

positive bias of about 0.5mb along the coast of the fine-mesh domain for the t = t0+12 h 

and the t = t0+24 h forecast times (not shown). 

4.3       Coarse and Fine-mesh Model Vertical Structure Verification 

In an attempt to quantify the quality of the vertical structure of the forecasts on coarse 

and fine-mesh models, a domain-wide average of the bias and RMSE of the total totals 

convective index is calculated. The total totals index (TTI) is used as an aid in forecasting 

severe convective weather and is defined as 

TotalTotalsIndex = TS50mb + TDi50mb - 2 ■ r500m6 (8) 

where T is temperature. The higher the value of the TTI, the larger the probability of 
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severe weather. TTI values below 50 indicate weak probability of severe convective 

weather, values between 50 and 55 indicate moderate probability, and values above 55 

mean there is a good probability of severe convective weather (Doswell 1986). 

Values of the bias of TTI, shown in Figure 20 panel (a), are about -1.0 for the fine 

mesh and -1.5 for the coarse mesh for all times displayed. Values for the RMSE of total 

totals index, shown in Figure 20 panel (b), are about 4.0 units for the fine-mesh domain 

and 5.0 units for the coarse-mesh domain for all times displayed. The fine-mesh advantage 

of lower RMS Error and smaller bias could be significant to a forecaster facing a decision 

on issuance of a severe weather warning or advisory. 

4.4       Coarse Mesh Versus Fine Mesh 

For the purpose of directly comparing coarse-mesh statistical values with fine-mesh 

statistical values, we calculate an average of the coarse-mesh verification statistics over 

the smaller geographical area of the fine mesh. The comparison results are displayed in 

Figure 21. Because of uncertainty in the degrees of freedom for data sets containing back 

to back forecasts, we make no attempt to determine if the findings of the comparison are 

statistically significant. Most of the differences between the coarse mesh and fine-mesh 

statistical values, however, are very small. 

There are 248 black boxes and 97 white boxes in Figure 21, indicating that the coarse- 

mesh produced forecasts over the Northeast that were better than or equal to the fine 

mesh for more than two out of three of the statistical measures. What cannot be seen by 

these discrete "win or lose" boxes in Figure 20 is the fine-mesh skill improvement over 
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time. For some of the variables, the fine-mesh bias is larger than that of the coarse-mesh 

at the analysis time (t = t0+00 h) but quickly improves, and almost surpasses the coarse 

mesh, for subsequent forecast times. Similarly, initial RMSE, MAE, and SS values for the 

fine mesh are often greater than the coarse-mesh values, but generally improve with each 

successive forecast time. 

Because the fine mesh frequently has higher errors and lower skill than the coarse 

mesh at t0, the analysis time, it is inferred that the fine mesh needs an improved 

initialization procedure. Currently, the fine mesh initial conditions are interpolated from 

the coarse mesh dynamically initialized values at the t = t0-3 hour startup time. No data 

are assimilated into the fine mesh during this 3-h period, except via the coarse-mesh lateral 

boundary conditions. These results suggest that the 12-h coarse mesh dynamics 

initialization, based on nudging, is having a lasting positive effect on the coarse-mesh 

forecast skill. A better initialization procedure needs to be developed that allows the fine 

mesh to spin up model moisture and divergence while ingesting new observations right up 

to the t = to+00 h analysis time. With an improved initialization, model bias, error and skill 

should be about the same for both the fine and coarse meshes at analysis time. If the fine- 

mesh error and skill scores improve over time as they do now, the fine mesh forecast 

values should out-perform those on the coarse mesh for several variables, especially the 

moisture fields. 
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CHAPTER 5 

CONCLUSIONS 

5.1        Summary of MM5 Strengths and Weaknesses 

The coefficient of determination values show good overall pattern matching for all 

variables at all levels, except for the 250-mb moisture and the surface wind speed. This 

result shows that the model has high potential for skill, especially if multiplicative and 

additive errors are eliminated through post-processing, such as MOS. Evening surface 

temperature, morning surface dew point, and sea-level pressure, as well as upper-level 

temperature, wind speed, wind direction, and geopotential height, all score well with the 

current model configuration. On average the portion of the coarse-mesh model domain 

east of the Rockies shows the smallest error and largest skill score values. 

In contrast, early morning surface temperature, RH, wind direction, and wind 

speed bias values, as well as evening surface temperature and dew point bias values, show 

notably reduced skill compared to those listed above. There are several possible 

explanations for the positive early morning surface biases. Some of the most probable 

causes are: incorrect cloud cover and associated radiative effects, inaccurate surface 

parameterization including moisture availability, and excessive surface wind speeds. 

Because the Blackadar PBL scheme reduces PBL depth to zero in the nocturnal period, 

the early-morning surface temperature bias could be due to excessive background vertical 

diffusion. 

Another partial explanation for the biases in surface wind speed and direction 
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could be that the model's surface forecast values are extracted from the lowest sigma 

level, which is located approximately 30 meters above ground level. Because surface wind 

observations are taken at about 10 meters above ground level, this altitude difference 

might cause a portion of the positive bias in MM5 wind direction and speed. 

The early evening surface cool bias may be related to all of the factors above and 

the possibility of excessive turbulent transport by the Blackadar boundary layer which 

would serve to destroy the surface super adiabatic layer that should occur in nature during 

strongly heated conditions. 

A coarse-mesh 850-mb cool bias is present at all forecast times possibly indicating 

an over-prediction of boundary layer depth. There is an 850-mb warm initialization, 

followed by a cooling trend in the fine-mesh statistics, possibly indicating that the same 

mechanism that is producing the 850-mb cool bias shown in the coarse mesh statistics 

could be present in the fine-mesh model. Both the coarse and fine mesh demonstrate 

reduced skill for temperature predictions at the 250-mb level. 

For most variables and most times, two-dimensional fields of the statistical results 

reveal that the West Coast and mountainous regions typically have the largest errors and 

smallest skill scores. Reduced skill on the West Coast may be due to its proximity to the 

western model boundary. Reduced skill in the mountainous regions could be due to 

smoothed representation of the terrain or limited grid resolution. Because of the regional 

variability in skill observed in all two-dimensional fields, application of MOS would be 

able to improve the predictions for all variables in at least a portion of the domain. 
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Based in part on the findings in this study, several changes are being made to the 

next version of the Perm State real-time MM5 forecast system. To improve the prediction 

of surface super-adiabatic layers, a turbulent kinetic energy (TKE) based PBL scheme will 

replace the Blackadar PBL. To improve West-Coast forecasts, the 36-km grid will be 

expanded toward the west and a new 108-km grid will be added that extends far into the 

Pacific Ocean. Additionally, the latest version will include dynamic initialization on the 

12-km model grid using analysis-nudging FDD A to help improve the fine-mesh 

initialization. 

In general the coarse mesh exhibits better skill than the fine mesh when we 

calculate coarse-mesh statistics over the geographic boundaries of the fine-mesh domain, 

especially at the initial time. A closer look at the scores, however, shows that the fine- 

mesh skill rapidly improves for many variables as the forecasts proceed. An improved 

fine-mesh initialization procedure could allow the fine-mesh analysis to have equal skill as 

the coarse-mesh analysis, so that the subsequent fine-mesh forecast skill might surpass the 

coarse-mesh skill. 

We also verified the total totals index as a first step in assessing the quality of 

model vertical-structure forecasts, which are important for predicting deep convection. 

Results show a consistent negative bias of total totals index for both the coarse and fine 

meshes. For all forecast times, the fine mesh has a bias of approximately -1.0 units while 

the coarse mesh has a larger error of-1.5 units. Fine-mesh RMSE values are 

approximately 4.0 units and coarse-mesh RMSE values are larger at approximately 5.0 
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units for all forecast times. These biases and RMSE values are small enough that a 

forecaster can use MM5 total totals simulations as an aid for severe convective weather 

prediction. The finer resolution of the fine-mesh domain might account for the better skill 

at predicting the total totals index. 

5.2       Future Work 

To give a more complete and accurate verification of the model, a more complete 

set of convective indices describing the vertical structure of the mass field (stability) needs 

to be evaluated in addition to total totals index. The set should include: convective 

available potential energy (CAPE), convective inhibition, downdraft CAPE, BEST CAPE 

(largest realizable), lifted condensation level, planetary boundary layer depth, moist 

conditional symmetric instability and storm relative helicity. 

Future verification of precipitation forecasts will test the skill of the model's 

convective parameterizations, explicit moist physics, vertical thermodynamic structure, 

and precipitation event timing, among other important characteristics. The observations 

that will be used for the precipitation verification are the StagelV, guage-corrected, 4km- 

resolution precipitation data being produced by the Environmental Modeling Center at the 

National Weather Service. Threat and bias scores will be calculated and new techniques 

for objectively verifying mesoscale precipitation will be developed that can take spatial and 

temporal errors into account. 
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Figure 1. Coarse-mesh temperature statistics for 1 June to 28 August 1997. 
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Figure 3. Coarse-mesh dew-point statistics for 1 June to 28 August 1997. 
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Figure 5. Coarse-mesh relative-humidity statistics for 1 June to 28 August 1997. 



Wind-Direction Bias (deg) 

a. 

Wind-Direction MAE (deg) 

SFC       850mb     700mb     500mb      250mb 

b. 

38 

Wind-Direction RMSE (deg) 

SFC       850mb      700mb     500mb      250mb 

t = to+00hB   t = t0+24h 

t = to+12hftS   t = to+36h 

Figure 6. Coarse-mesh wind-direction statistics for 1 June to 28 August 1997. 
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Figure 7. Coarse-mesh wind-speed statistics for 1 June to 28 August 1997. 
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Figure 8. Coarse-mesh geopotential-height statistics for 1 June to 28 August 1997. 
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2.5 
Coarse-Mesh Sea-Level Pressure Statistics 
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Figure 9. Coarse-mesh sea-level pressure statistics for 1 June to 28 August 1997. 
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Figure 11. Fine-mesh temperature statistics for 1 June to 28 August 1997. 
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Figure 12. Fine-mesh surface-temperature bias, 
forecast time = to + 12 h (contour interval of 0.5 °C). 
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Figure 13. Fine-mesh dew-point statistics for 1 June to 28 August 1997. 
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Figure 14. Fine-mesh dew-point bias at 250 mb, 
forecast time= to+24 h (contour interval of 1 °C). 
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Figure IS. Fine-mesh relative-humidity statistics for 1 June to 28 August 1997. 
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Figure 16. Fine-mesh wind-direction statistics for 1 June to 28 August 1997. 
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Figure 17. Fine-mesh wind-speed statistics for 1 June to 28 August 1997. 
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Figure 18. Fine-mesh geopotential-height statistics for 1 June to 28 August 1997. 
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Fine-Mesh Sea-Level Pressure Statistics 

Figure 19. Fine-mesh sea-level pressure statistics for 1 June to 28 August 1997. 

BIAS OF TOTAL TOTALS 

to+00 h        to+12 h to+24 h 

I COARSE MESH B FINE MESH 

RMSE OF TOTAL TOTALS 

toKDh toH2h to+24 h 

I COARSE MESH B FINE MESH 

a. 

Figure 20. Total-totals index statistics for 1 June to 28 August 1997. 
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Figure 21. Coarse-mesh and fine-mesh statistical comparison. 


