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ABSTRACT 

Wintertime precipitation has a large impact on the Northeastern United 

States each year. Within any given storm, there is potential for banded snow 

events, some of which can produce heavy amounts of snowfall. Previous studies 

have shown that heavy banded snow events require strong values of 

frontogenesis, weak moist symmetric stability, and moisture to form within any 

given storm. This study seeks to find answers to two questions. The first is 

whether it is possible to predict mesoscale snow banding events based on 

independent variables. The second question is whether these variables can be 

combined into a forecasting tool to predict the occurrence of snow banding 

through statistical correlation. 

For this study, storms were first identified using GOES satellite archive 

data, obtained from the NCDC GIBBS archive (http://www.ncdc.noaa.gov/gibbs). 

Storms seen on satellite imagery were gathered into a database. Using WSR-

88D radar data from the NCDC, banding events were identified in the storm 

database with the storms containing changes in 24 hour snow depth of 8 inches 

or greater. Using classification systems developed by Novak et al. (2004), the 

type of banding was identified within storms. A gridded area was created over the 

Northeastern United States with 20 km spacing in between grid points. The grid 

was rotated 45 degrees to better align with the axis of the Appalachian 

Mountains. Topography for the region of study was classified based on elevation 

using the Integrated Data Viewer (IDV) data source of the National Geophysical 

Data Center (NGDC) ETOPO1 dataset. Heights were interpolated to the grid 
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points developed in the 20 km resolution grid. Basic classification schemes 

involving elevation were employed to correlate the existence of a banding event 

with the topographical classification. Model data from the North American 

Regional Reanalysis (NARR-A) was obtained and used in General 

Meteorological Package (GEMPAK), with data interpolated to the 20 km 

resolution grid. Results from synoptic composites based on banding type 

observed in storm events will be presented, along with predictability of banding 

by variables such as topographic slope, frontogenesis, cross-shore potential 

temperature gradient, and the existence of a coastal front in the gridded domain. 

To statistically analyze the predictor set determined from the synoptic 

composites, a best subsets analysis was generated to determine the best 

variables to use in a regression equation. All three variables (topographic slope, 

frontogenesis, and cross-shore potential temperature gradient) were used in the 

regression equations for each banding type. Results of the best subsets analyses 

were used to determine the best variables to use in the linear regression 

analyses. These results are shown in Chapter 5.  

Linear regression analysis was also completed for all banding types 

following the best subsets analysis. The results of this test showed that the 

generated equation could not predict the occurrence of a banding event. In order 

to improve on this, other techniques should be used as means for analysis of 

banding. This indicates the need for inclusion of additional predictors, due to the 

influence of uncontrolled variables in the analysis. These results and future 

suggestions are discussed in Chapter 5. 
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CHAPTER 1 

 

1. Introduction and Background 

a. Description of project 

 The purpose of the study is to improve forecasting techniques for the 

prediction of mesoscale snow banding events in winter precipitation storms. The 

first objective of this study is to classify mesoscale snow banding events based 

on banding types originally utilized by Novak et al. (2004). The second objective 

is the development of a method for the prediction of event type and location 

using independent predictors. These predictors, discussed below, include 

topographic elevation and slope, meteorological variables (such as 

frontogenesis), and horizontal gradients that could prove useful for predicting 

mesoscale snow banding event type and location. 

b. Introduction 

 Snowfall in the northeast United States is a large part of the total annual 

precipitation. Often, major snowfall events occur in large scale storms that impact 

many of the largest urban population centers of the United States, such as New 

York, Philadelphia, and Boston. Many times these snowstorms include areas of 

heavier precipitation embedded within the larger scale precipitation shield of a 

mid-latitude cyclone. Put another way, these snowstorms include mesoscale 

snow bands, which is one of the causes of heavier precipitation in mid-latitude 

cyclones (Kocin and Uccellini 2004). Mesoscale snow banding can cause 

extreme rates of snowfall to occur in a localized area within the precipitation 
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shield, with fall rates approaching one to three inches per hour or more (Novak et 

al. 2004). These bands can cause whiteout conditions in localized areas and 

pose a significant hazard to travelers and working crews involved with traffic 

safety and road maintenance. Additionally, extra resources are needed to help 

clear and maintain transportation routes during and after snowfall events which 

include localized heavy snow banding (Kocin and Uccellini 2004).  

Much research has been completed on the subject of detecting and 

predicting mesoscale snow banding events during mid-latitude cyclones. This 

work has shown that direct forecasts of mesoscale snow banding is often poorly 

handled by conventional models, such as the Global Forecast System (GFS) or 

North American Mesoscale model (NAM), but within 12 hours of the event onset, 

high resolution models tend to provide a good forecast of the main elements 

responsible for creating mesoscale snow bands (Evans and Jurewicz 2009). 

Beyond 12 hours, forecasts of the predictors for mesoscale snow banding are 

also degraded (Evans and Jurewicz 2009).  This suggests the possibility of 

developing an improved forecasting technique for mesoscale snowbands, based 

on model-derived independent predictors rather than direct use of model 

quantitative precipitation forecasts. Previous researchers have taken this 

approach, and developed techniques to detect and predict mesoscale band 

formation using independent variables (Novak et al. 2004; Novak et al. 2006; 

Evans and Jurewicz 2006; Evans and Jurewicz 2009). Meteorological variables, 

along with other region-specific variables which have consistently shown the 

ability to effectively predict snow banding events, will be discussed later in this 
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chapter. It is hoped that through this study, it will be possible to improve our 

forecasts of the formation of mesoscale snow bands. 

c. Background 

Mesoscale snow banding events result from a multitude of forcing 

mechanisms. Many studies have attempted to determine the roles of such 

variables as frontogenesis, saturation, atmospheric stability, topography, and the 

location of synoptic scale features, as possible predictors for the strength and 

location of a mesoscale snow band in a given storm (e.g. Novak et al. 2004; 

Novak et al. 2006; Evans and Jurewicz 2006). Other studies have focused on the 

combination of variables needed to correctly forecast whether a mesoscale band 

will occur, along with the probable location in relation to the storm (e.g. Evans 

and Jurewicz 2009). These studies have advanced the ability to predict 

mesoscale snow bands by forecasters with non-conventional means.  However, 

many issues with forecasting location, intensity, and localized effects of banding 

still exist, even with the advances already made. Evaluating the predictive ability 

of derived quantities, such as convergence or frontogenesis, may also prove 

useful for forecasting the aforementioned characteristics. 

1) SNOWFALL FORECASTING 

Many problems with snowfall forecasting stem from issues with methods 

used to determine change in snow depth from the snowfall associated with a 

winter storm. Current methods, described by Roebber et al. (2003) describe the 

two-fold approach to forecasting snowfall depth as using both QPF and liquid 

water to snow amount conversion by an empirical rule. The empirical rule 
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multiplies the predicted QPF by 10 to approximate a snowfall ratio of 10 inches of 

snow to 1 inch of QPF (10:1). Many problems can result from the use of this rule. 

Roebber et al. (2003) provide evidence through measurement of freshly fallen 

snow that the snowfall ratio can range anywhere from 3:1 in heavy wet snow to 

100:1 on some occasions. Issues also reside with QPF, because, while 

precipitation forecasting skill is relatively better in the winter months, it is still poor 

overall. Using threat scores, it is possible to look at the skill of the forecasts using 

QPF. Threat score (TS), also known as critical success index (CSI) is defined as:

   

hits
TS = CSI =

hits + misses + false
 

(1) 

where threat score has a potential range of zero to one (AMS 2009). Hits are 

defined as occasions when the forecast criteria agree with observed criteria. 

Misses are defined as cases when the criteria are observed, but are not forecast 

to occur. False alarms are defined as when criteria are forecast to occur, but do 

not occur (EUMETCAL 2009). When TS equals zero, it indicates no forecast skill. 

When TS equals one, it equals perfect skill. 

Threat scores using QPF for heavy precipitation in the winter months 

(defined as >= 25 mm) and heavy snow (>= 100 mm in 12 hours) come in rather 

poorly at 0.27 and 0.20 respectively (Olson et al. 1995). In comparison, threat 

scores for QPF for heavy precipitation in other months are actually lower on a 

month by month basis, as seen in figure 1. It was also noted that using 

probability of detection (POD), approximately 40% of observed heavy snow 
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areas have been predicted correctly as of 1987 (Olson et al. 1995). POD ranges 

from 0.0 to 1.0, with 1.0 being perfect rate of detection.  

 

POD is described mathematically by:   

hits
POD = 

hits + misses
 

(2) 

Average threat scores (TS) by month are also summarized in figure 1. POD of 

heavy snowfall forecasts from the 1960s to the late 1980s is shown in figure 2.  

 

 

 

Figure 1. Average monthly threat scores for QPF forecasts (courtesy Olson et al. 
1995). 
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Figure 2. Seasonal POD for heavy snowfall forecasts (courtesy Olson et al. 
1995). 

 

Snowfall amount forecasts can be greatly influenced by the liquid water to 

snowfall ratio. The use of the 10-to-1 rule can cause large discrepancies in the 

forecast and actual snowfall amounts. The original rule was determined from a 

study conducted in 1888 (Abbe 1888). Even in that era, the experimenter, 

General Sir H. Lefroy, stated “It is not affirmed that it holds true in every case, as 

snow varies in density…” (Abbe 1888). However, the use of the 10-to-1 ratio is 

one of the first rules of thumb often applied by meteorologists when attempting to 

forecast for snowfall accumulations produced by a storm. The rule does not 

capture the range of density changes in snowfall, and thus has actually hindered 

the ability to accurately predict snowfall accumulation (Robber et al. 2003). As 

snowfall forecasting can be a problem, the introduction of an embedded smaller 

scale feature, such as a mesoscale snow band with particularly intense snowfall 



 

 7 

rates, can become potential causes of lower threat scores, POD, and other 

problems with prediction. 

 Accurate predictions of heavy snowfall amounts resulting from mesoscale 

snow-banding are important, because of the relative frequency of the occurrence 

of banding in winter storms. Novak et al. (2004) estimated that mesoscale 

banding occurs in as many as 85% of the cyclones that impact the Northeast in 

the winter time. At such a high volume of mesoscale banding events per season, 

it is necessary to fully understand and predict not only when and where banding 

will occur, but how much snow might fall in a given storm. Many studies have 

been conducted, usually on a case study basis, regarding the formation and 

maintenance of mesoscale snow bands (Gurka et al. 1995; Jurewicz and Evans 

2004; Novak et al. 2008). Predictive variables and forecasting methods are 

discussed in depth later in this introduction.  

2) SNOWFALL MEASUREMENT 

Snow depth reports are compared to the 24 hour snowfall warning criteria, 

used as the basis for major or minor storm types defined in chapter 2. Because 

snow depth measurements are only taken once every 24 hours, there is no one-

to-one relationship with the actual amount of snowfall that may actually have 

occurred. 

Measurement of snow depth is complicated by many environmental 

factors. Examples of these complications are blowing, drifting, melting, settling, 

and possible structural changes within the snowpack after reaching the surface 

(Potter and Coleman 2005). Blowing snow is defined as snow which is lifted by 
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the wind to a height of 6 feet or more, resulting in a visibility of 7 statute miles or 

less (FMH 2005). Drifting snow is defined as snow lifted by the wind less than 6 

feet in the air and not reducing the visibility below 7 statute miles (FMH 2005). To 

better estimate the amount of snow fall occurring in a given storm, snow depth 

measurements should be taken frequently, throughout the duration of a storm, 

and then summed to a total amount at the end of precipitation. While this practice 

would be ideal, this study acknowledges that the process is not necessarily 

performed correctly at every snowfall depth measuring station. Using changes in 

the snow depth, measured once every 24 hours, as the proxy for the total 

amount of snow falling in a given storm, lends itself to the issues inherent to the 

measurement of snowfall after a storm is over.  

3) OBSERVING SNOWFALL USING RADAR 

In previous studies, most mesoscale banding reflectivity returns are on the 

order of 25-35 dBZ (e.g., Evans and Jurewicz 2004). Reflectivity values over 35 

dBZ are also often associated with bright banding. Bright banding occurs when 

falling snow flakes which are melting are seen by the radar. When this happens, 

the reflectivity of the object increases from that of a relatively poor reflective 

target to one with much more of a reflective ability, and therefore increases the 

overall by approximately 5-10 dBZ (Rhinehart 2004).While bright banding radar 

reflectivities are usually of a higher value than the background reflectivity, there is 

potential for bright banding events to be misclassified as mesoscale snow 

banding and therefore must be identified in this study.  
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 With lower reflectivity values generally associated with snow, it is possible 

that small differences in reflectivity will lead to very large differences in 

precipitation intensity and snowfall rate.  This compounds problems with the 

precipitation estimates made with the current radar systems via “Z-R” estimates 

(Rhinehart 2004). Due to the lack of beam polarization, it is impossible to 

determine the shape or size of precipitation particles (Rhinehart 2004). In snow, 

this becomes even more of an issue, because  the snow itself is a poor reflecting 

target. 

The banding classification scheme used to identify mesoscale snow 

banding within the precipitation shield of a storm was adopted from Novak et al. 

(2004). The original classification scheme allowed for multiple categories of 

banding, and the possibility that a storm can exhibit banding of more than one 

type. For the current research, only three categories were allowed, and, for 

purposes of simplifying the work at this stage, each storm was only classified as 

belonging to one type. 

The categories used in this study were single banded, multiple banded, 

and non-banded storms. 

 A single banded storm, such as the example in figure 3, required a 

band to be between 20 – 100 km in width, >250 km in length, and 

>30dBZ for two hours minimum on radar imagery. 

 Multiple banded storms, such as the example in figure 4, required 

three or more fine scale bands which were between 5 – 20 km in 
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width, and had periodic (spacing visible on the radar imagery 

(Novak et al. 2004). 

 Non-banded storms were storms which did not exhibit banding, or 

failed to meet the criteria of the single or multi banded cases. 

   

 

Figure 3. Example of strong single banded storm (UCAR, 2009). 
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Figure 4. Example of multi-banded storm (UCAR, 2009). 

 

4) USE OF NUMERICAL MODELS 

 Many previous studies have investigated mesoscale snow banding, with 

the purposes of identifying the best possible predictors for the banding events, 

and quantifying the role of these predictors during banding events. Studies, such 

as those conducted by Novak et al. (2004), developed a climatology and 

frequency study of mesoscale banding events over the northeastern United 

States, along with a classification system for the types of banding that occur 

within a storm. Novak et al. (2004) showed that mesoscale banding is a rather 

frequent occurrence in the winter season over the northeast United States, 

documenting that approximately 85% of cases exhibited some sort of banding. 

The study also found that the most common type of banding involved a single 

strong band, predominantly found in the comma head portion of the storm. The 
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breakdown of the banding by type can be seen in figure 5. Novak et al. (2004) 

also noted that the strength of cyclogenesis and the synoptic environment often 

influenced the chance, location, and timing of band formation. As a result, 

synoptic composites may prove an important tool for discerning subtle 

differences between the large-scale environments associated with different storm 

types. 

 

 

Figure 5. Breakdown of banding cases from the study conducted by Novak et al. 
(2004) 

 

Other studies have looked for variables that could be used to predict and 

study mesoscale snow banding events. Novak et al. (2006) stated that three 

primary ingredients are needed for the formation of heavy, banded snowfall such 

as mesoscale snow banding. These ingredients are: 
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 Frontogenesis 

 Weak moist symmetric stability 

 Moisture 

It was also noted that, while cloud microphysics are important, the impact 

of these processes during band formation are less important than during the 

maintenance and lifetime of the banding event. Novak et al. (2006) also noted 

that ensembles and model guidance exhibit large uncertainties in the position 

and strength of frontogenesis related to storms that are rapidly evolving. This 

leads forecasters to have less trust in the model certainty related to snowfall and 

potential banding related to a storm. 

Some studies have used combinations of variables to attempt to predict 

mesoscale banding in snowstorms across the United States (e.g. Evans and 

Jurewicz 2009). Research has shown that the coupling of frontogenesis and 

weak moist symmetric stability are the primary methods of formation and 

maintenance of mesoscale snow banding (Novak et al. 2004; Novak et al. 2006; 

Evans and Jurewicz 2009; Novak et al. 2009). Moist symmetric stability 

(instability) can be compared to buoyant stability, where moist symmetric stability 

involves the movement of air parcels in a slantwise fashion. Release of moist 

symmetric instability leads to slantwise convection, similar to how release of 

moist gravitational instability leads to vertical moist gravitational convection 

(Shultz and Schumacher 1999). Proxies can be used in many cases to diagnose 

areas of weak to negative moist symmetric stability. Evans and Jurewicz (2009) 

state that banding often occurs in regions that have weak to negative moist 
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symmetric stability. This can be diagnosed by regions of reduced or negative 

equivalent potential vorticity (EPV), high relative humidity, located near or above 

a region of strong frontogenesis. The visual representation of the combination of 

these elements as they might appear on a cross-sectional diagram can be seen 

in figure 6, adapted from Evans and Jurewicz (2009).  

 

Figure 6. Cross section of environment favorable for banding (after Evans and 
Jurewicz 2009).  X shows flow into the page, with areas of weak moist symmetric 
stability, dry air, and positive frontogenesis overlaid. Single banding is expected 
closest to the asterisk on the x-axis 

 

 The analytical forms of the model variables used to analyze the 

mesoscale snow-banding events are shown below, along with the physical 

interpretation of the relevant equations. 
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(i). Stability and Equivalent Potential Vorticity(EPV) 

Stability plays a large role in the formation and maintenance of mesoscale 

snow bands. In particular, conditional symmetric instability has a large impact on 

banding in snowstorms. Measurement of conditional symmetric instability is 

performed by analyzing proxies for stability inside a synoptic scale storm. A 

common proxy used to quantify atmospheric stability in banding cases is 

equivalent potential vorticity (EPV). Equivalent potential vorticity is defined 

mathematically as: 

EPV =  
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(2) 

 

where the x-direction is perpendicular to the thermal wind, and the temperature 

increases with increasing values of x (Nicosia and Grumm 1999). Geostrophic 

momentum (Mg) is used in this case to calculate the value of EPV. It can be 

defined as: 

g gM V fx   (3) 

 where gV  is the geostrophic wind and f is the Coriolis parameter, defined as: 

2Ωsinf   (4) 

where Ω is the rotational velocity of the Earth (radians per second) and  is the 

latitude (Nicosia and Grumm, 1999). 

  

 



 

 16 

The physical interpretation of the terms in (2) are as follows. The term gM

p





 

represents a change in geostrophic momentum in the vertical dimension, with 

pressure (p) as the vertical coordinate.  This is also known as the vertical wind 

shear term. The term es

x




 represents the difference in saturation equivalent 

potential temperature over in the x-dimension, or the horizontal temperature 

gradient. The term gM

x




 represents a change in geostrophic momentum over a 

horizontal distance, or absolute vorticity. Finally, the term es

p




 represents the 

change in saturation equivalent potential temperature in the vertical dimension, 

i.e., it is a vertical temperature gradient. 

The EPV equation can also be divided into two separate terms for further 

analysis. The value g es
M

p x

 
 

  
 will be referred to as term A, and g es

M

x p

 
 

  
 will be 

referred to as term B. Per Nicosia and Grumm (1999), in a baroclinic 

atmosphere, conditional symmetric instability (CSI) is present when EPV is 

negative. Looking at the two terms, term A represents vertical wind shear and 

horizontal temperature gradient. When the temperature gradient is large ( 0es

x






), vertical wind shear will increase with height per the thermal wind relationship. It 

should be noted that the sign of gM

p




 < 0, as pressure decreases with height in 

the atmosphere. Therefore, term A will be negative if the temperature gradient is 

large. 
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In term B, the sign of es

p




is negative in a statically stable atmosphere. This 

number is generally small using traditional units of Kelvin for temperature and 

pascals for pressure. Also in term B, gM

x





 can also be known as the absolute 

vorticity, which in most cases is a positive number. Therefore, term B also turns 

out to be a negative number. However, the value of term B in comparison to term 

A is smaller, which makes the difference negative and therefore the value of EPV 

negative (Nicosia and Grumm, 1999).  

(ii). Frontogenesis 

 Frontogenesis has a large impact on creating vertical motions needed to 

create and maintain mesoscale banding within a snowstorm. Eliassen (1962) 

showed that as the temperature gradient increases in an area, a thermally direct 

vertical circulation develops in order to produce the correct increase in vertical 

wind shear needed to maintain the thermal wind balance. By using two-

dimensional (horizontal) frontogenesis, one can assume a vertical circulation has 

developed in the frontal zone without having to calculate values of frontogenesis 

for a third dimension. The two dimensional frontogenesis equation (F2D), without 

turbulent diffusion, is defined mathematically as: 

(5) 

  

which is an expansion of the total derivative | |
d

dt
 . Equation (5) described a 

frontogenetic function that is dependent on the change in potential temperature 

gradient over a distance (Miller 1958). This function specifically relies on 
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deformation parallel and perpendicular to the along gradient axis of the horizontal 

potential temperature gradient. The axis of dilatation impacts frontogenetic 

values positively when the wind field is oriented in a way that increases the 

horizontal temperature gradient. This happens when the axis of dilatation is 

oriented between 0 degrees and 45 degrees from the axis of the temperature 

gradient. The most frontogenesis occurs when the dilatation axis and isotherms 

are parallel to each other.  

(iii). Relative Humidity(RH) 

 Relative humidity is a ratio used to explain the amount of moisture content 

in the atmosphere at a given time. The equation to describe relative humidity is 

given as: 

  

RH 
e

e
s


w

w
s

 x 100%  (6) 

where e and  es are the vapor pressure and saturation vapor pressure, 

respectively and w and ws are the mixing ratio and saturation mixing ratio, 

respectively (AMS, 2009). Relative humidity can be used as a proxy for the 

amount of moisture in the air at a given time. In the case of mesoscale banding, it 

is necessary for the cloud layer to have a relative humidity of 80% or greater 

(Novak et al. 2004).  
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(iv). Mixing Ratio(w) 

 Mixing ratio is defined as the ratio of the mass of water vapor in the air to 

the total mass of dry air (AMS 2009). Mixing ratio is generally expressed in units 

of g∙kg-1. The equation for the calculation of mixing ratio can be shown as: 

  

w 
0.622e

p  e
 

  (7) 

where p is the total atmospheric pressure and e is the vapor pressure.  

(v.) Potential temperature 

Potential temperature is defined as the temperature that an unsaturated 

air parcel of dry air would have if brought adiabatically from its initial state to a 

standard pressure level, which is typically 1000 hPa. The equation for the 

calculation of potential temperature can be shown as:  

  T
po

p













 
(8) 

where  is the potential temperature, T is the actual temperature in Kelvin, po is 

the standard pressure, p is the actual pressure, and  is the Poisson constant 

and is equal to 0.2854 for dry air (AMS 2009). Each of the variables mentioned in 

this section can be viewed as potential predictors for the formation of a 

mesoscale snow band and will be compared against band locations to attempt to 

determine the best predictors. 

Mesoscale snow-banding events have occurred over areas with both 

reasonably flat and very complex topography. In most previous studies, surface 

characteristics were not included among the meteorological variables that could 

be used to predict the existence of banding. While the depth and persistence of 
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the meteorological variables mentioned above are important the formation of 

mesoscale banding, topographic characteristics such as elevation and slope 

should also exert an influence on the formation and maintenance of snow 

banding within synoptic scale storms.  

d. Study Objectives 

This study has two main goals. The first goal of this study is to create a 

basic climatology of mesoscale snow banding events in the northeast United 

States and classify the events by banding type. Using this information, the 

creation of synoptic composites, stratified by banding type, will be used to 

differentiate the synoptic conditions which may produce different types of 

mesoscale banding. Studies (e.g. Novak et al. 2004) have noted the importance 

of synoptic patterns in the formation of banding. By creating synoptic composites, 

this study should be able to further discern the differences in banding type 

synoptically. 

The second goal of this study is to use multiple independent predictors to 

forecast banding type and location. Predictors such as cross shore potential 

temperature () gradient, cross shore topographic slope, cross shore 

frontogenesis, the existence of a coastal front, and topographic elevation will be 

used to correlated to banding type and location and determine a probability of 

detection (POD) and false alarm ratio (FAR) for each type of banding. 

 Chapter 2 will discuss the data used in this study and the extensive 

methodology created to answer the questions posed. Chapter 3 will provide 

results from the first objective of the study. Chapter 4 will provide results from the 
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second objective of this study. Chapter 5 will provide analysis of the results, 

make conclusions, and suggest areas for potential future work.  
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CHAPTER 2 

 

2. Data and Methodology 

a. Data 

Multiple data types were needed to perform the first part of the analysis of 

mesoscale banding type in winter storms. These included topographic data, 

satellite images, snowfall reports, radar data, and model initialization fields. 

Satellite images were needed for the identification of potential synoptic-scale 

storms in the study domain. For this study, the definition of synoptic scale was on 

the order of 1000 km or greater (Holton 2004). Snowfall reports, taken from 

METAR observations and National Climatic Data Center (NCDC) reports, were 

needed to determine if a storm could be classified as a major event. This 

distinction is made solely on the 24-hour change in snowfall depth, which will be 

discussed later in this section. Radar data were needed to determine the type of 

banding seen in the major storms. Banding types are organized into three 

classes: single, multiple, or non-banded storms. Methods for determining 

differences between banding types were based on previous studies, such as 

Novak et al. (2004), as described in chapter 1. 

Surface analysis maps were used to determine the presence of a coastal 

front. Surface analysis maps and North American Regional Reanalysis (NARR) 

composites for each storm that met criteria as a banding case where obtained 

from archives online or generated from the NOAA Earth System Research 

Laboratory (ERSL) website. NARR composites were generated by combining 
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occurrences of each storm type (single banded, multiple banded, or non-

banded), to distinguish differences in the synoptic patterns associated with these 

storms. Finally, model initialization fields were used to compute independent 

predictors for use in predicting the type and location of mesoscale snow banding 

(if any) before it occurs. 

1) TOPOGRAPHIC DATA 

Topographic datasets were generated from the National Geophysical Data 

Center (NGDC) ETOPO1 dataset, with a horizontal resolution of 1 arc-minute 

(USGS 2009).  Topographic data were gridded and simplified to a 20 km by 20 

km square grid using scripts to interpolate topographic height values from the 

ETOPO1 dataset to each grid point utilized in the study. The northwest corner of 

the grid was placed at 51.43° N, 81.65° W. The southeast corner of the grid was 

placed at 34.32° N, 61.41° W. The grid was also rotated 45° clockwise to better 

align the gridded area with the coastline of the eastern United States and with the 

axis of higher peaks of the Appalachian Mountains. This grid spacing was 

chosen in order to capture the short axis of a small single-band event, defined as 

on the order of 20 km (Novak et al. 2004). This spacing also falls within the 

Orlanski (1975) classification of the meso-β scale. This grid is shown below in 

figure 7. 



 

 24 

 

Figure 7. Study domain and corresponding grid points. Grid points and image 
generated with AirSea (Miller 2009). 

 

  The study domain was classified into one of five simple topographic 

classes for each grid point. These classes were defined based on the 

topographical characteristics of the landform in each of the grid points. Utilizing a 

specially designed Perl script, the higher resolution topography data were 

interpolated to the grid points by assigning the highest topographic height in the 

dataset within a certain radius of the grid point. The distance, equal to 12.071 

km, was chosen to account for the most coverage of the gridded area with the 

least amount of overlap between grid points. The script used to assign the 

topographic heights to grid points is shown in Appendix A.  Both flat inland and 

flat coastal classifications required that the elevation of the landform at the grid 
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point be less than a critical elevation, which was determined by evaluating the 

best predictive height for areas of higher reflectivity over the bulk of cases 

analyzed in this study. Consequently, both mountainous inland and mountainous 

coastal classifications required that the highest elevation in the grid box be 

greater than or equal this critical elevation, which was determined using a ratio of 

number of radar bins over a particular critical elevation to the total number of 

radar bins in the sweep. This was tested for elevations beginning at 50 meters 

and increasing at 50 meter increments to 500 meters. This test can be 

represented mathematically as: 

 

 

(10) 

 

The best results from critical elevation testing are presented in Chapter 4. The 

use of this critical cutoff elevation for mountainous terrain versus flat terrain 

allows for the determination of the contribution of higher terrain peaks on the 

formation of snow banding events.  

There are potential issues with utilizing this method of determining 

topographic influence on mesoscale snow banding events. Using only elevation 

as a descriptor for topographic classification may not fully capture the details of 

the topography of an area. The classification scheme for topographic height can 

be seen in Table 1. 
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Table 1. Topographic Classes and Specifications used in gridded data. 

Topographic Class Type Specifications 

Flat Inland  All elevation in grid box < critical 

height in elevation 

Flat Coastal Contains coastline; All elevation in 

grid box < critical height in elevation 

Mountainous Inland At least one single point in grid box 

>= critical height in elevation 

Mountainous Coastal At least one single point in grid box  

critical height in elevation 

All Ocean No land; Small islands < 2km in 

diameter 

 

As a supplement to topographic height calculations, topographic slope 

between adjacent grid points (described in greater detail below) was also 

calculated and categorized in a manner similar to the topographic height 

categorization.  While there are still potential problems with this approach, in this 

study only gridded topographic height and topographic slope were used to 

classify the topography. 



 

 27 

The difference in elevation between adjacent grid points was used to 

estimate the topographic slope at all points in the gridded domain. This allowed 

for the estimation of the relative influence of topographic elevation versus the 

topographic slope over the extent of the domain. Slope values were categorized 

in a manner similar to the elevation values. This method categorized the slope of 

the terrain into four separate classes, based on median slope and the value of 

one, two, and three standard deviations. The class types are shown in Table 2. 

 

Table 2. Slope Classes and Specifications used in gridded data. 

Slope Class Type Specifications 

Category 1  Δ Z

Δ x
 = 0 m km-1 - 14.75 m km-1  

Category 2 Δ Z

Δ x
 = 14.75 m km-1 -  22.54 m km-1 

Category 3 Δ Z

Δ x
 = 22.54 m km-1 – 30.33 m km-1 

Category 4 Δ Z

Δ x
= 30.33 m km-1 – 53.12 m km-1 

 

2) SATELLITE DATA 

Satellite images were obtained from the Global ISCCP B1 Browse System 

(GIBBS) satellite archive provided by the NCDC. The primary use of satellite 

images in the study was to determine whether a storm of synoptic scale was 

impacting the study domain. For this project, a storm of synoptic scale was 

defined as a storm of 1000 km or greater in diameter that was over the study 
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domain. This definition of synoptic scale was adopted from the classification by 

Holton (2004). 

For this study, synoptic-scale storms observed within the study domain 

during winter months, defined as November to March, were entered into a storm 

database. The existence of a storm was determined by studying satellite imagery 

from the GIBBS archive at six-hour intervals. If a storm entered the domain, the 

viewing interval was refined to three hours to better evaluate the movement of 

the storm and better resolve the storm’s entrance into and exit from the study 

domain. Time intervals were chosen to best represent how far a synoptic-scale 

storm would move over the study domain in a set amount of time. The use of 

three hour resolution of satellite images allows for the observation of a storm 

moving slower than 50 km hr-1, which is reasonable for a synoptic scale. Mid-

latitude cyclones tend to travel distances of approximately 1200 km in a day 

(Pidwirny 2006). Therefore, an average storm could potentially travel 

approximately 150 km in three hours. 

3) RADAR DATA 

Radar data were obtained from the NCDC repository of NEXRAD radar 

data. All radar data used were from 0.5° elevation angle base reflectivity, and 

were analyzed using Unidata Integrated Data Viewer version 2.7 update 1 (IDV 

2.7u1). Radar reflectivity from the 0.5° elevation angle was chosen in accordance 

with previous studies, which used 0.5° base reflectivity as the basis for radar 

analysis of mesoscale snow banding events (Nicosia and Grumm 1999; Novak et 

al. 2004; Martin 1998a,b; Evans and Jurewicz 2009). Also used in this study for 
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radar analysis was WSI NOWRAD imagery, generated from the WSI NOWRAD 

archive available online from UCAR. 

4) NUMERICAL MODEL DATA 

Numerical model data were obtained from the Hi-Res National Center for 

Environmental Prediction (NCEP) Numerical Weather Prediction (NWP) Model 

Datasets in the NCDC repository for the NARR-A 25 km resolution dataset. 

These data were obtained in Gridded Binary (GRIB) files for each of the events 

that were identified as meeting the snowfall criteria imposed on the dataset of 

storms identified with the satellite data. Gridded files were converted into 

GEMPAK readable files for use in the production of cross-section analyses and 

model grid visualization. This process was performed using the GEMPAK 

program NAGRIB.  

5) SNOWFALL DATA 

The use of snowfall data in this project was required for the classification 

of storm type. For this study, only storms with snowfall amounts of eight inches 

(20.32 cm) or greater in twenty-four hours at two or more weather observing 

stations in the study domain were utilized. Storms meeting or exceeding the 

criteria were classified as major storms. Storms failing to meet this criterion were 

not used in this study, though the dates of the storms were retained for possible 

future work. The eight-inch cutoff value for twenty-four hour snowfall was based 

on the minimum twenty-four hour warning criteria for snowfall in the 

southernmost portion of the study domain, including Pennsylvania and New 
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Jersey (NOAA 2009).  The snowfall warning criteria for all States in the domain 

are shown in Figure 8. 

 

Figure 8. 24-hour Snowfall Warning Criteria for the Eastern Region (NOAA). 
Study domain is outlined by the rectangle. 

 

Snowfall data for use in the study were estimated from METAR 

observations reporting the snow depth, and NCDC reports, including CO-OP 

stations, to verify 24-hour snow depth changes over the study domain. These 

stations are shown in Appendix B.  If the snow depth change was greater than or 

equal to eight inches at any time, the storm was classified as a major storm. If 

the snow depth change was less than this, the storm was classified as minor and 

not used in this study. 

There are issues associated with using snow depth as a proxy for snowfall 

amount in a storm. These issues are discussed in Chapter 1, and include blowing 
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snow, melting, and others, such as phase changes in the snowpack after initial 

accumulation. 

Identifiers for observing stations within the domain were complied into a 

list. Each station was used to differentiate precipitation type in the storm. This 

helped to eliminate any cases from the satellite image database which did not 

produce snowfall. From here, the snow depth report and NCDC reports were 

used to determine if an snowfall event was a major storm.  

b. Methodology 

 1) DATA PROCESSING 

Satellite data were analyzed for the months of November to March for 

each winter season for five consecutive winter seasons. A winter season was 

defined as November 1 to March 31. For example, one winter season stretched 

from 1 November 2004 to 31 March 2005. For each day, satellite data from the 

GIBBS archive were analyzed for whether a synoptic-scale storm was present 

over any grid point in the study domain seen in Figure 1.  

Using the gridded study domain, each radar image for a storm that passed 

the precipitation-type and snowfall accumulation tests was analyzed for the 

highest reflectivity (dBZ) at each grid point. While gridded variables obtained 

from the model grids were calculated at a 20 km by 20 km resolution, the radar 

data over the grid were initially left at the 1° X 1° kilometer displayable resolution 

of the radar using each range bin (Barker and Miller 2003). However, the 

maximum reflectivity value for each grid box was recorded for comparison with 

the model data. This maximum reflectivity was interpolated to the closest grid 
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point using a method similar to the peak elevation gathering technique used for 

the topographic height interpolation. By completing this analysis, the resolution of 

the radar data was reduced to the same resolution as the gridded model data 

discussed later in this chapter.  

Radar data were the primary detection method for the existence of a 

mesoscale snow band within the gridded area. For each storm that met the 8-

inch criteria, the storm was sub-classified into one of the three types defined in 

the introduction: single banded, multi-banded, or no banding. All storms 

producing mesoscale snow banding were required to have snow bands that 

persisted for at least two hours (Novak et al. 2004). A period of up to one hour 

during which there was no banding observed on the radar to allow for any 

possible data issues or the temporary loss of banding structure was allowed.  

WSI NOWRAD images of composite reflectivity over the Northeast United 

States were used to analyze the banding type(s), along with the banding location 

in the domain. The WSI NOWRAD images were created using a script which 

processed the raw data from the NCAR archive of WSI NOWRAD and converted 

them into images viewable in any GIF-compatible software. This script can be 

found in Appendix A. 

 Model data were processed using the GEMPAK. Using GEMPAK, 

gridded values of variables, such as equivalent potential vorticity (EPV), two-

dimensional frontogenesis (F2D), relative humidity (RH), water-vapor mixing ratio 

(w), surface potential temperature () and other parameters relevant to potential 

mesoscale snow-banding were calculated. These parameters were correlated 
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with the location of banding events as seen in the gridded reflectivity values 

assigned to each of the grid points. A technical summary of these parameters is 

included in Chapter 1. 

To refine the NARR data into a usable format, it was processed using 

many different programs GEMPAK and reformatted to make the data directly 

comparable to the gridded NEXRAD data. These programs allowed for the 

interpolation of the NARR data to the study domain grid. Once the data were 

interpolated to the gridded domain, they were matched with the appropriate 

coordinate pair and output to a usable format for comparison to the gridded radar 

data. Scripts used to interpolate data to the grid points are shown in Appendix A. 

At the end of this process, this study had: 

 Identified storms in the study domain using satellite data; 

 Determined if the storms met the criteria for snowfall amount (using 

change in depth as a proxy) at two or more grid points; 

 Used radar data to determine the type of banding within each 

storm and classified into one of three subcategories; 

 Generated gridded radar data values for each grid point; and, 

 Generated model predictors for each grid point from model data. 

2) SYNOPTIC COMPOSITES 

Synoptic composites were created using the NCEP/NCAR Reanalysis to 

attempt to determine common elements shared by each type of banding type 

detected using radar data. Variables that were composited included sea-level 
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pressure, 850 hPa geopotential height, 850 hPa temperature, 500 hPa 

geopotential height, 250 hPa vector winds, and 700 hPa vertical velocity ().  

Sea level pressure composites were used to identify the center of low 

pressure at the surface along with potential wind flow directions. 700 hPa omega 

(ω) composites were used to find the center of rising motion most closely 

associated with the center of low pressure. These were also used to infer the 

potential age of the storm. 850 hPa geopotential height and temperature 

composite fields were used to analyze vertical structure of the storm system, 

along with the potential advection of temperature over the area. 500 hPa 

composite geopotential height fields were used to analyze the position of ridges 

and troughs, and the areas of relative vorticity advection over the study domain. 

250 hPa composite winds were used to analyze the role of jet streak dynamics in 

the development and overall strength of the storms. All composite analyses are 

shown and discussed in Chapter 3. 

3) CLIMATOLOGY 

A climatology of the banding types (by month) was created to determine if 

any one type of banding was more prevalent during different parts of the winter 

season. A breakdown of events by type and classification similar to that shown in 

Figure 5 (Novak et al. 2004) was created for the events analyzed in this study. 

These results are presented in Chapter 3. 

4) TESTING PREDICTORS 

To test the predictive ability of the calculated model variables in this study, 

several different tests were used for each banding type. For the first test, banding 
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was assumed to be occurring over locations with radar reflectivity values over 30 

dBZ (Novak et al. 2004). The radar reflectivity values were interpolated to the 

gridded study domain described above by searching for the highest reflectivity 

within a radius of 12.071 km around each point. This eliminated the possibility of 

using a linear technique to interpolate a logarithmic quantity, such as reflectivity, 

which is generally represented in decibels of reflectivity (dBZ). For all points 

meeting banding criteria, the predictors were calculated and averaged to 

determine a potential critical value for each variable per banding type.  The 

standard deviation and the average value of each predictor when the 30 dBZ 

criteria was not met were also calculated. These values were calculated for the 

first four years of the dataset, and used to attempt to predict the cases in the fifth 

year of the dataset. For each predictor, box plots were created for each banding 

type. These are shown and discussed in Chapter 4. 

The second test allowed for the use of multiple independent predictors 

along with the reflectivity values exactly. In this case, if the reflectivity was over 

30 dBZ, it was converted to linear reflectivity values. Using a Best Subsets 

regression, the best predictors were determined (Minitab 2009). Using these 

predictors, multiple linear regression analysis techniques in Minitab were used to 

generate a potential predictive equation for each of the three banding types. The 

results of these tests will be shown and discussed in Chapter 4. 
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CHAPTER 3 

 

3. Climatology and Composite Analysis 

a. Climatology 

Figure 9 depicts the total number of cases identified using satellite 

images, classified as single-, multi, and non-banded events. Overall, 125 storms 

were identified using satellite images in the winter months (November to March) 

from 2004 to 2009. Only 35 of the 125 storms originally identified met the criteria 

of 8 inches of snowfall in 24-hrs. Of the 35 storms meeting the specified criteria, 

29 exhibited some banding structure on WSI NOWRAD images, and the 

remainder exhibited no identifiable banding structure. An analysis of the 29 

banded storms, 20 were identified as single-banded structures and 9 

wereidentified as multi-banded structures. 

 

Figure 9. Flowchart depicting the distribution of storm type and resulting 
composite classes created. 
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A brief statistical analysis of the 35 cases meeting the study criteria concluded 

that 57% were single-banded, 25% were multi-banded, and 17% were non-

banded cases. This distribution is shown in Table 3. 

Table 3. Frequency of banding type occurrence, with associated percentages of 
each classification. 

Type 

# of 

cases % of total 

Single 20 57.14 

Multi 9 25.71 

Non-Banded 6 17.14 

Total 35 100 

 

From this distribution, approximately 85% of storms that met the study snowfall 

criteria exhibited either single- or multi- mesoscale snow banding over the 

duration of the storm. This result is similar to the findings of Novak et al. (2004), 

in which approximately 85% of storm cases in their study produced some type of 

banding. 

Storm cases were also sorted to determine the distribution of banding type 

as a function of month of the year. The results are shown in Figure 10. 
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Figure 10. Distribution of mesoscale snow- banding type by month for events 
included in this study from 2004-2009. 

  

Single-banded events are the most dominant overall in this study, with the 

largest number of events occurring in December and tapering off in March. Multi-

banded events are more prevalent in January and February, with a smaller 

number of events in the months of November and March. Non-banded events 

are the least prevalent, with only a handful of events recorded in this study. 

However, non-banded events follow a trend similar to that of multi-banded 

events, peaking with the greatest number of events in the colder months and 

tapering toward the end of the winter season. Each banding type shows a similar 

tapering trend towards the spring months, with the smallest number of mesoscale 

snow banding events meeting the study snowfall criteria in March. This finding 
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echoes the seasonal distribution of snowfall events, which reaches a maximum 

frequency in the colder months of the year.  

b. Composite Analysis 

Synoptic composites were constructed using the NCEP/NCAR Reanalysis 

to analyze the potential differences in synoptic-scale features associated with 

each banding classification. The three composite classes used during this 

analysis were single-banded, multi-banded, and non-banded storms. These 

composites were generated using the chronological midpoint of the storm event 

during its impact on the study domain. Composites of sea level pressure (SLP), 

850-hPa temperature (T), 500-hPa geopotential height (), 700-hPa omega (), 

and 250-hPa zonal wind were created for each of the three banding 

classifications. The results for each banding classification are shown and 

discussed in the following sections. 

1) SINGLE-BANDED STORMS 

Figure 11 shows the composite sea level pressure for all single-banded 

storm events. A low pressure system was centered south of Long Island, New 

York, with a minimum central pressure of 1008 hPa. The orientation of the 

isobars in this figure depicts a broad area of east-northeasterly flow over the 

study domain extending from Nova Scotia into Maine, New Hampshire, Vermont, 

and New York. The direction of the flow on the SLP composite suggests warm air 

advection (WAA) is occurring over the eastern part of the study domain (across 

northern New England) during the mid-point of single-banded storms.  
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Figure 11. Sea level pressure (SLP) composite for single-banded events during 
the winter season between 2004 – 2009.  The red L indicates the composite low 
center. 

 

This arrangement of surface features could potentially aide in the 

development of a New England coastal front, as flow over the relatively warmer 

Gulf of Maine waters would setup a strong temperature gradient near the 

coastline. This finding implies that single-banded storms may be more 

dynamically dominant, meaning that the influence of features such as 

topographic height and slope may play less of a role in the formation of 

mesoscale bands in a single-banded case. Analysis of 700-hPa  suggests that 

the storm was still building strength at this time, as the center of vertical motion 

shown in the composite is to the north of the low pressure center (Figure 12). 

L 
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This location is suggestive of rising motion which is aided by low-level WAA in 

these cases. The center of upward vertical motion is in a location where a warm 

front would be expected to be found.

 

Figure 12. The 700-hPa Omega (ω) for single-banded events during the winter 
season between 2004 and 2009. The red L shows the location of composite low 
pressure center. The blue X shows the approximate location of the centroid of 
maximum of rising motion. 

 

Temperature analysis of single-banded events at the 850-hPa level shows 

the study domain is in an area favorable for frozen precipitation, with the 0° C 

isotherm draped south of Cape Cod, Massachusetts, extending as far south as 

Virginia (Figure 13). This finding is similar in all cases (single, multi, and non-

banded) but it will only be shown for the single-banded case. The similar 

orientation and values of the isotherms shows that there must be relatively cold 

x 
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air in place for an event producing snowfall amounts meeting the 8-inches in 24-

hour criteria. 

 

Figure 13. The 850-hPa composite temperature analysis for single-banded 
storms during the winter season between 2004 and 2009. The blue line 
represents the 0°C isotherm. 

 

Figure 14 shows the composite 500-hPa geopotential height analysis for 

single-banded cases. The location and tilt of the trough provides the storm area 

with positive vorticity advection (PVA) which will continue to strengthen the 

surface cyclone.  
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Figure 14. The 500-hPa composite of geopotential height. The main trough axis 
is shown by black dotted line. The red circle is an area of PVA. 

 

The composites of single-banded events also show the surface low 

situated in an area of strong upper level support at the 250-hPa level. The 

merging of the polar and subtropical jet streams in the area of the surface low 

generates a strong region of upper-level divergence necessary for further 

development of the surface low (Figure 15). The surface low in single-banded 

cases appears directly beneath an area of strong upper-level divergence near 
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the poleward (left) exit region of the jet streak.

 

Figure 15. The 250-hPa wind composite analysis for single-banded cases  during 
the winter season between 2004-2009. The boxes indicate the core of the 
subtropical jet streak (purple) and polar jet streak (blue). The black dotted lines 
indicate areas of enhanced upper-level divergence. The location of the surface 
low pressure system is also plotted. 

 

2. MULTI BANDED STORMS 

Figure 16 depicts the composite sea level pressure for multi-banded 

cases. The surface low is located over north central Pennsylvania and New York 

with a central pressure of 1008-hPa. Figure 16 also implies that the wind near the 

surface is generally from the east or southeast in the eastern portions of the 

study domain. With the center of the surface low located well inland, a coastal 

front may not develop along the New England coastline. (The role of the coastal 
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front in the development of mesoscale banding events is discussed further in 

Chapter 4.) There is also more potential for wind flow over mountainous terrain 

which could be a potential cause of the multi-banded episodes.  

 

Figure 16. Same as figure 11 except for multi-banded events during the winter 
seasons between 2004 and 2009. 

 

Figure 17 indicates that the center of maximum vertical motion at 700-hPa 

is located in the proximity of the Berkshire Mountains in Massachusetts, well east 

of the surface low center. This indicates the potential for secondary cyclogenesis 

in the case of multi-banded storms. The main driver for rising motion in this case 

is WAA, as the rising motion is ahead of the surface low location (with respect to 

the mid-tropospheric flow), in an area where a warm front would be expected to 

exist.  
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Figure 17. Same as figure 12 except for multi-banded events during the winter 
seasons between 2004 and 2009. 

 

Figure 18 shows the 500-hPa geopotential height analysis. The location of 

the trough axis at 500-hPa provides favorable positive vorticity advection (PVA) 

over the area of the surface low, which will help to drive the strengthening of the 

surface cyclone and the transfer of energy into the secondary cyclone. 

x L 
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Figure 18. Same as figure 14 except for multi-banded events during the winter 
seasons between 2004 and 2009. 

 

Figure 19 shows the 250-hPa composite wind analysis. On this map, a 

dual jet feature can be seen which shows separated polar jet and subtropical jet 

streaks. These jet streaks are positioned in a favorable location for further 

development of the surface low. There is enhanced upper level divergence due 

to the co-location of the poleward exit region of the subtropical jet streak with the 

equatorward entrance region of the polar jet streak. 



 

 48 

 

Figure 19. Same as figure 15 except for multi-banded events during the winter 
seasons between 2004 and 2009. 

 

3. NON-BANDED STORMS 

 Figure 20 shows the sea level pressure composite analysis for non-

banded cases. In these cases, the center of the surface low pressure system is 

over the Long Island and Rhode Island Sound off the southern New England 

coast. This area is similar to the location of the single-banded cases, though has 

a slightly weaker strength on the composite analysis. However, orientation of the 

isobars in these cases is much different, providing low-level flow from the south 

and southeast (rather than the northeast as seen the single-banded cases) over 

much of the eastern part of the study domain.  

L 



 

 49 

 

Figure 20. Same as figure 11 except for non-banded events during the winter 
seasons between 2004 and 2009. 

 

Figure 21 shows the 700-hPa omega () composite analysis. The center 

of rising motion is nearly co-located with the center of the low pressure system 

on sea level pressure charts in the case of non-banded events. The center of 

rising motion is  just south of Cape Cod and the islands of Martha’s Vineyard and 

Nantucket. This suggests that at the midpoint of non-banded events, the storm is 

no longer strengthening. Any rising motion (which is slightly to the south and east 

of the storm) is contributed to by cold air advection. This differs from both single 

and multi-banded events, where the rising motion in the storm was apparently 

enhanced by warm air advection ahead of the storm. 
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Figure 21. Same as figure 12 except for non-banded events during the winter 
seasons between 2004 and 2009. 

 

Figure 22 shows the 500-hPa geopotential height composite analysis. In 

the case of non-banded events, the trough axis is neutrally to negatively tilted. 

This indicates that the trough is lifting out and not providing strong positive 

vorticity advection over the surface low pressure system. This differs from both 

the single- and multi-banded events, which both have a trough which is still 
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advecting positive relative vorticity into the study domain.

 

Figure 22. Same as figure 14 except for non-banded events during the winter 
seasons between 2004 and 2009. 

 

Figure 23 depicts the 250-hPa composite winds for non-banded events. 

The lifting out of the 500-hPa trough is supported by the location of the 250-hPa 

jet streak. The strength of the streak downstream of the upper-level trough is 

much greater than the upstream streak, indicating that the upper-level support for 

the surface low is rapidly advecting to the northeast. 
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Figure 53. Same as figure 15 except for non-banded events during the winter 
seasons between 2004 and 2009. 

 

4) OVERVIEW AND PREDICTORS 

 From the composite analysis, many conclusions can be made about each 

storm type. One of the results of the composite analysis is that situations 

producing single bands appear to be strongly dominated by the coastal front. 

Another evident conclusion is that the topographical influence is less important 

with single-band events than multi-banded episodes. In multi-banded cases the 

coastal front (and its associated lifting mechanism) may be weaker. The relative 

strength of the coastal front will be evaluated in the next chapter.  Non-banded 

storms potentially occur when the dynamics of the storm are the weakest, as the 

storms are vertically stacked and not in a favorable position for the continued 
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intensification of the existing surface low pressure systems, or the formation of 

secondary low centers. 

Upper-level and low-level support for non-banded cases is much weaker 

overall than in single- or multi-banded events. Both single- and multi-banded 

storms are aided by strong upper-level support from both the 500-hPa and 250-

hPa levels. Positive vorticity advection (PVA) and strong upper level divergence 

are shown occurring in tandem over the location of the low pressure center seen 

on the sea level pressure analysis. 

 With these results in mind, potential predictors were developed to help test 

the ideas presented. To test the idea that dynamics are stronger in single-banded 

events than in multi-banded and non-banded events; predictors such as the 

existence of a coastal front, cross-shore potential temperature () gradient, and 

cross-shore frontogenetic convergence were calculated and compared using 

statistical tests. To test the role of topography, topographic slope was calculated 

for the study domain and compared with reflectivity values which give the best 

representation of band intensity. The results are reported in Chapter 4.
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CHAPTER 4 

4. Coastal front and regression analyses 

a. Distribution of banding type by coastal front 

The importance of the single-banded cases is obvious in the distribution of 

coastal front occurrences. Of the 35 study cases, 16 had coastal fronts indicated 

on the associated surface analyses and 19 lacked the presence of a coastal 

front. Of the 16 cases where a coastal front was present, 11 cases were single-

banded. Of the remaining five cases with a coastal front, three were multi-banded 

and only two were non-banded. A somewhat different distribution can be seen in 

cases without the presence of a coastal front, with nine cases being single-

banded, six cases being multi-banded, and four cases being non-banded. 

Comparing the two distributions of coastal front versus no coastal front, there 

was a slightly larger number of events with a coastal front present in single-

banded cases (31.4%) than any other banding type. These results are shown in 

Table 4. 

Table 4. Distribution of cases by presence or absence of a coastal front (CF). 

Type Cases w/ CF  Cases w/ no 
CF  

% of Total 
with CF 

% of total 
without CF  

Single-Banded 11 9 31.4% 25.7% 

Multi-Banded 3 6 8.6% 17.2% 

Non-Banded 2 4 5.7% 11.4% 

Totals 16 19 45.7% 54.3% 

 

From the percentage distribution, the single-banded cases have the 

highest rate of occurrence in tandem with an observed coastal front. This 
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indicates that, in the presence of a coastal front, the single-banded events are 

clearly dominant. From the distribution seen in table 4, multi- and non-banded 

cases are more likely to occur without a coastal front present. In fact, the results 

shown in Table 4 indicate that the absence of a coastal front makes multi- and 

non-banded storms about twice as likely to occur coastal front is present. This 

suggests that the coastal front does not develop in multi- and non-banded cases 

as often as it does in single-banded cases. This result was expected based upon 

the synoptic composites discussed in Chapter 3. 

These results also suggest that when a coastal front is present, a single-

banded event is more likely to develop than any other type of event. However, 

this finding is potentially influenced by the overall dominance of single-banded 

cases, regardless of the presence of the coastal front. 

b. Regression analyses 

 1) BEST SUBSETS REGRESSION 

 To determine the best predictors for each type of banding case, a best 

subsets regression was completed for each of the banding types previously 

identified. To analyze the best subsets regression analysis, it was important to 

attempt to utilize the least number of predictors while maximizing the R-squared 

values (Minitab 2009). Also used in this analysis was the Mallows Cp, which is a 

measure of the fit of the regression analysis. A useful procedure to determine the 

best predictors is to calculate Cp for all possible combinations of the predictors 

and then compare against the total number of predictors. Mallows Cp 

incorporates a variance and a bias component. The balance of the variance and 



 

56 
 

bias are important in model selection (Minitab 2009). To maximize the predictive 

ability of a regression analysis, the number of predictors and the value of the Cp 

should be approximately equivalent. The value of the Mallows Cp should also be 

minimized to achieve the best predictive results in the regression model so as to 

balance bias and variance in the model.  

Results for each case type are shown in the following figures and 

discussed following the presentation of all cases. The results are presented in 

the following manner. Moving from left to right, the number of variables used in 

the analysis is indicated, followed by the R-squared and adjusted R-squared 

values and the Mallows Cp. The predictors of cross-shore frontogenetic 

convergence (FRNT), cross-shore surface based potential temperature gradient 

(THTA), and topographic slope (SLOPE) were used to predict the enhancement 

of the linear reflectivity (Z). These variables are shown on the right side of the 

figure. The “X” indicates when a variable is used in the analysis. For single-

banded events, results of the best subsets regression analysis is shown below in 

figure 14. 

 

Figure 64. Best subsets regression analysis for single-banded events. Indicated 
are the number of variables used, the maximum R-squared value, the Mallows-
Cp value, the standard deviation, and the variables used in the analysis as 
marked by an X. 
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Each case (single-, multi-, and non-banded) reflected the same type of results 

with low values of R-squared and adjusted R-squared values along with the 

Mallows Cp. Therefore, results from the other cases are not shown below.  

For the best subsets regressions, results in all cases were very poor, with 

the maximum R-squared value for banded events (both multi and single-banded) 

being in single-banded cases at 10.1% using the predictors of cross-shore 

frontogenetic convergence (FRNT), cross-shore surface based potential 

temperature gradient (THTA), and topographic slope (SLOPE). For non-banded 

events, this value was slightly higher, with the maximum R-squared value at 

18.6% using the same three variables as the single and multi-banded cases. It is 

important to note that the multi and non-banded events had far fewer cases and 

datapoints to use in regression analyses 

This fact could have likely influenced the analysis in two ways. The first 

effect can be seen in the R-squared values, which are much greater in the multi- 

and non-banded cases due to the use of fewer events in the statistical analysis. 

This reduces the potential number of cases with high variance due to the 

reduced number of events in the multi- and non-banded cases. The second 

effect is the reliability of the results. Due to the greater number of data points 

used in the single-banded events, one would assume that the results from that 

analysis better represents the actual trends in the data. Based on the results 

shown, it is clear that the relationship between linear reflectivity and the three 

predictors is poor. This indicates other uncontrolled processes at work which are 

not reflected in the three variables chosen to predict banding occurrence. 
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Using the best subsets results, the same predictors were used to attempt 

to predict banding using linear regression. The best predictors from the best 

subsets analysis in each case were the combination of all three variables used in 

the best subsets analysis. The results of the linear regression are shown for 

single- and multi-banded events below. The results of the linear regression are 

then discussed after presentation of the regression equations for each banding 

type. 

2) LINEAR REGRESSION ANALYSIS 

For single-banded events, the linear regression equation was generated 

using cross-shore frontogenetic convergence (FRNT), cross-shore surface based 

potential temperature gradient (THTA), and topographic slope (SLOPE) as the 

predictors for linear reflectivity enhancement. The equation generated by Minitab 

along with the predictor p-values are shown in figure 17. 

 

 

Figure 17. Linear regression equation and corresponding R-squared and P 
values for single-banded events. 
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The null hypothesis for all banding types was that linear reflectivity is not a 

function of cross-shore potential temperature (θ) gradient, cross-shore 

frontogenetic convergence, or  topographic slope. For single- and multi-banded 

cases, the p-values (shown in figures 17 and 18) suggest that there is small 

probability that the results hold a predictive ability. Multi-banded events show the 

p-value as 0.00. Using a 95% confidence interval, this suggests that the results 

of the analysis are improbable and hold very little predictive ability for this study. 

The same could be said of the single-banded events, where a p-value of 0.001 

suggests that there is only a 0.1% chance that the results are likely to be 

reproduced. Non-banded cases have the best results, with a 4.4% chance that 

the results are likely to be reproducible.  

As can be seen in figure 17 depicting the Minitab linear regression 

analysis, the results are once again poor. These results were also replicated in 

the multi-banded and non-banded cases. Due to the similarly poor results, only 

the results from the single-banded analysis are shown. Other results from this 

analysis are shown in Appendix C. The linear regression equation derived from 

the Minitab analysis was used to predict the linear reflectivity response in single-

banded cases reserved for testing. The results of the use of this equation are 

shown in figure 18. Linear reflectivity values predicted by the regression equation 

are shown in the figure by the red squares. Gridded reflectivity values are shown 

in the figure by blue diamonds. 
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Figure 18. Gridded linear reflectivity (blue) versus predicted values of linear 
reflectivity (red). 

 

Due to the very low probability that the equations for single- and multi-

banded events are correct, attempts to utilize the equations to predict the 

occurrence of banding performed very poorly. In an attempt to predict the 

occurrence of banding at any one location, the equation was equipped with 

model data from cases not used in the creation of the equation. In the single-

banded case, this proved futile, as banding (defined in this study as reflectivity 

values of 30 dBZ) was found to have occurred at every grid point in the study 

domain. Multi-banded cases were not tested due to the low p-value of the linear 

regression equation. Through this analysis and testing, it is clear that these 
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variables alone are not enough to successfully predict the occurrence of banding 

or a difference in banding type. These results show that some other force that 

was not identified in this analysis is at work. Due to the failure of this analysis 

type, suggestions for improvement to this problem are discussed in the future 

work section of Chapter 5. 
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CHAPTER 5 

 

5. Discussion and future work 

a. Introduction 

 This section of the paper discusses the research conducted in this project 

and the potential areas where this research could be improved if continued in the 

future.  

b. Discussion of work 

 This study consisted of two main objectives. These objectives were to 

classify mesoscale snow banding events based on banding types originally 

utilized by Novak et al. (2004), and to develop a method for the prediction of 

event type and location using independent predictors. The first objective was 

achieved by creating a climatology of banding events by type. The second 

objective was achieved using meteorological variables generated from NARR-A 

grids and comparing them with a proxy for banding occurrence. For this study, 

the best proxy was determined to be radar reflectivity.  

A basic climatology was created to determine the distribution of events by 

banding type over the course of the winter months, defined as November 1 to 

March 31 for the five-year period of 2004 - 2009. The results showed that single-

banded events are the most dominant type, occurring in 57% of all the study 

cases. Multi-banded events occurred in 25% of the study cases. The remaining 

percentage of study cases were non-banded events. This distribution showed 
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that banding occurred overall in nearly 85% of the study cases, which is similar to 

the results reported by Novak et al. (2004). 

 Monthly distribution of the climatology (Figure 10) showed that single-

banded events occurred during the months of December through March, with the 

peak number of cases in December. Multi-banded events also were observed 

over most months. However, no events of this type occurred in December in the 

study cases used. The largest number of multi-banded events occurred in 

January. While there are fewer non-banded events than the other two types, all 

three types follow a similar trend, peaking in the coldest months, and tapering off 

during the warmer months. Following the creation of the climatology, composite 

analyses were created for each banding type. 

Synoptic scale composite analyses (Figures 11 to 23) were generated 

using the NCEP/NCAR Reanalysis for each banding type and differences in each 

case implied differing roles of predictors used in further analysis. Based on the 

composites, single-banded events appeared to be controlled more by the 

meteorological dynamics of the storm system as indicated by the composite. In 

these cases, near-surface flow from the east-northeast could be seen in the 

composite analysis. Due to the direction and area of the flow, there was a 

potential indication that the role of topography in single-banded events was much 

less than that of the dynamics in the storm. In the other cases, near-surface flow 

indicated wind with a more southerly component. Multi-banded events appeared 

to be influenced greatly by the topography of the area with wind flow near the 

surface passing over more complex terrain in the study domain. Non-banded 
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events showed the least organization overall with a lack of strong dynamical 

support or topographical influence. 

The composite analyses helped to identify specific situations which may 

indicate the synoptic environment associated with each type of banding. As the 

synoptic situations associated with each banding type were distinct, it was 

possible to look at current synoptic analyses during a storm and estimate the 

potential for a particular type of banding to occur. This proved to be one of the 

larger successes of this study. The ability to distinguish the likelihood of a 

banding type based on synoptic setting prior to band formation allows for a good 

“first guess” for a forecaster.  

Also from the composite analyses, the independent predictors used in this 

study were determined. The existence of a coastal front, cross-shore potential 

temperature (θ) gradient, cross-shore frontogenetic convergence (eq. 5), and 

topographic slope were all determined to be potential predictors for the statistical 

part of this study. The magnitudes of these variables were determined from 

NARR grids for each grid point utilized in the study. 

 For each banding type, a best subsets analysis was generated to 

determine the best variables to use in a regression equation. All three variables 

were used in the regression equations for each banding type. It is important to 

note that the R-squared values for all of the best subsets analyses were 

extremely poor, with the maximum value of 10.1% for banded cases and 18.6% 

for non-banded cases. With values this low, very little of the variance in 

reflectivity is explained by this combination of variables.  
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Potential reasons for the low variance could stem from errors in this 

analysis. Errors caused by the re-gridding of higher resolution radar data to the 

lower resolution grid used in the study domain could be the main reason for this 

problem. Along the same lines, utilization of a finer scale model would certainly 

improve results in attempting to correlate the predictors with the response 

variable of choice (in this case, linear reflectivity). This issue is difficult to resolve 

as the debate about the definition of “resolution” demonstrates the inability to 

model a mesoscale feature with the NARR grids. With an approximate 20-km 

grid spacing, the actual resolution (or smallest resolvable feature) requires about 

four grid points to actually be useful (Grasso 2000). Therefore, the effective 

resolution of the grid utilized in this study is approximately 80-km which is much 

larger than the smaller end of the size of the mesoscale snow-banding event. 

Linear regression analysis was completed for all banding types following 

the best subsets analysis. For multi-banded cases, the equation resulted in a 

final p-value of 0.00, meaning that reproducing the results of the regression in an 

actual test is unlikely and therefore has little predictive capability using the 

predictors supplied to the regression analysis. In the case of single-banded 

events, the same was true, as the results of the regression indicated a p-value of 

0.001. To prove this, the single-banded regression equation was tested against 

events using data not supplied during the regression analysis. The results of this 

test showed that this model could not predict the occurrence of a banding event. 

In order to improve on this, other techniques should be used as means for 
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analysis of banding. This indicates the need for inclusion of additional predictors, 

due to the influence of uncontrolled variables in the analysis. 

  

c. Suggestions for future work 

The largest source of error in this study is generated by the grid resolution. 

As such, grid resolution is the first potential area for improvement. To improve 

results, division of the gridded area into smaller subset grids may prove useful. 

These subsets could be done by RDA location or by finer division of the larger 

grid. RDA location may prove to be the best way of using subset grids as this 

would guarantee radar coverage over the gridded area and thus consistent data 

over the whole subset. The main issue with not using subset grids is the inter-

comparison of radar data from multiple RDA locations. As each RDA will see the 

banding differently due to parallax and differences in radar performance and 

calibration, there can be discrepancies in how to classify a banding event. If an 

event occurs over more than one RDA volume control area, it becomes difficult to 

determine which RDA to use to evaluate the banding and model field data. 

In an attempt to improve on the results of this study, many additional 

suggestions can be made. Analysis of other statistical tests, such as the F-test 

and T-test could provide further insight into the results determined from the 

regression analyses. Tests of bias and residuals could also strengthen the 

results and should be pursued in future versions of this type of research. 

Stratification of frontogenesis levels into finer scale vertical layers could be 

performed to better capture the banding structure that is occurring. Current levels 
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for frontogenesis capture the broad picture from the surface to 850 hPa. While 

this tactic was used in this study, it is likely that the frontogenesis averaged 

through the layer would smooth out the results as we expect a vertical boundary 

would be slanted as seen in figure 27. Using an approach with finer vertical 

resolution, it would be possible to determine the vertical layer that most 

definitively is associated with the formation of mesoscale banding events, and 

therefore better resolves the features of the mesoscale snow band. Utilizing the 

same concept for other parameters, the same finer vertical layers for the 

potential temperature gradient and frontogenetic convergence could be used to 

determine the role of the wind gradient versus the role of the potential 

temperature gradient in the frontogenesis equation. 

 

Fig. 27: Streamlines about a tilted frontal surface (blue dashed line) showing 
motion of flow. Figure courtesy Eliassen (1962). 
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Another suggestion is to utilize additional statistical methods to analyze 

the relation of the snowfall proxy to the independent predictors. For example, 

rather than utilizing best subsets and linear regression, an attempt might be 

made to utilize Classification and Regression Tree (CART) models or Principle 

Component Analyses (PCA), such as those used by Rennie (2010) and McCue 

(2010), to determine the best threshold values for predictors, along with the 

overall predictability of each banding type. 

Finally, use of a different proxy for the banding occurrence or snowfall 

depth may prove to yield better study results. The use of radar reflectivity values 

as an instantaneous look at the occurrence of banding works when using model 

data of fine resolution in both time and spatial dimensions. However, when 

utilizing model data with coarser resolution, the finer details of features such as 

mesoscale snow-banding events may not be resolved. This problem is seen in 

the linear regression analysis and the tests of predicting banding using the 

equations generated. There are potentially two ways to fix this issue. The first is 

to substitute a value such as QPF, which has been utilized in studies such as 

Novak et al. (2004) and Novak et al. (2006), as a proxy for banding occurrence. 

The second, more favorable way of fixing the problem is to use higher resolution 

model data to back out the model fields used in the calculation of predictors. 

Using a model such as the NAM-WRF or the RUC may improve the results of 

this study, while continuing to use linear reflectivity as a proxy. This study was 

limited by the availability of model data from the higher resolution models which 

resulted in the selection of the NARR data as the basis for this study. 
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d. Summary 

 This study classified mesoscale snow-banding events, and attempted to 

develop a method of prediction of banding type by using conventional predictors. 

Utilizing synoptic composites, significant differences in the arrangement of key 

features were identified for each banding type. Along with the arrangement, 

specific predictors were outlined that appeared to have an influence on the 

banding type observed. These predictors were identified as the existence of a 

coastal front, cross-shore potential temperature gradient, cross-shore 

frontogenetic convergence, and topographic slope. By utilizing techniques such 

as best subsets and linear regression, the viability of these predictors was 

shown. Both types of regression demonstrated poor results when using the 

predictors. 
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APPENDIX A 

Appendix of Scripts 

The following are a set of programs and scripts which were vital to the analysis of 

banding events in this study. The scripts shown include the band detection and 

raw radar data decoder (Band_Detection.pl) and the topographic height 

interpolator (topo_interpolation.pl). The topographic height interpolator  

framework was used for the gridding of radar data and model data. These scripts 

are shown below. 

 

Band_Detection.pl 

 

#!/usr/bin/perl 

#  

# This script uses WSR-88D base reflectivity (0.5 degree scan) to 

detect mesoscale 

# precipitation bands. 

# 

# Written to run on a Mac OS X system with IDV 2.6u2 installed in the 

Applications Folder and 

# the NOAA WCT folder in the same folder as this script. 

# 

# !!!! File paths will need to be checked and corrected before running 

!!!! 

#  

# Written by Matthew Bedard (2009) and edited by Norman Shippee (2009-

2010) for Thesis Research.  

# For the most recent version, contact Norman Shippee 

(njshippee@plymouth.edu) 

 

 

# --- Use this section if you are using raw binary data 

print "Enter the file name for the WSR-88D data: "; 

$raw_data = <STDIN>; 

chomp ($raw_data); 

 

chdir(wct); 

 

($station, $year, $month, $day, $hour, $minute, $second) = $raw_data =~ 

/6500(.{4})(\d{4})(\d{2})(\d{2})_(\d{2})(\d{2})(\d{2})/; 

 

$decoded_file = 

"$station"."_"."$year$month$day"."_"."$hour$minute$second.txt"; 
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`./wct ../$raw_data ../$decoded_file wkt wctBatchConfig.xml`; 

 

chdir(".."); 

# ------------------------------------------------------------------ 

 

# --- Use this section if your data is already decoded  

# print "Input file must have the following naming convention: 

^ICAO_YYYYMMDD_HHMMSS*\n"; 

# print "Enter the name of the WKT values file: "; 

# $decoded_file = <STDIN>; 

#  

# # Set the file name of the raw data: 

# print "For visual display of the data in IDV, enter the name of the 

binary file: \n" 

# $raw_data = <STDIN>; 

#  

# # Parse the station, time, and date out of the file name 

# ($station, $year, $month, $day, $hour, $minute, $second) = 

$decoded_file =~ /^(.{4})_(\d{4})(\d{2})(\d{2})_(\d{2})(\d{2})(\d{2})/; 

# print "\n\n $station $year $month $day $hour $minute $second\n"; 

 

# ------------------------------------------------------------------ 

 

 

# Open the data file 

open(IN, "$decoded_file") or die "Unable to open the file\n"; 

 

$i = 0; 

# Read the data file 

print "reading...\n"; 

 

while($line = <IN>) { 

 # Great big regex split used to pull the 4 lat/long coordinate 

pairs, reflectivity (dBz), radial angle, and the beginning and end of 

the range bin in meters. 

 @a = $line =~ /id=(\d*).*\(\((\-\d*\.\d*)\s(\d*\.\d*)\,\s(\-

\d*\.\d*)\s(\d*\.\d*)\,\s(\-\d*\.\d*)\s(\d*\.\d*),\s(\-

\d*\.\d*)\s(\d*\.\d*).*value=(\-

\d*\.\d*|\d*\.\d*).*radialAng=(\d*\.\d*).*begGateRan=(\d*\.\d*).*endGat

eRan=(\d*\.\d*)/; 

  

 # The above explained... 

  # @a is and array that everything in $line that matches the 

parts of the regex in parathesis is stored. 

  # ie: id=(\d*) the digits are stored as the first element 

of the array. 

  #  

  # Regex Key: 

  # /                       Beginning of the regular 

expression. 

  # id=(\d*)                Pull the numbers after id= 

  # .*\(\((\-\d*\.\d*)      Scan through until "((" is found, 

grab the minus sign, digits, decimal, and digits. This is the first 

Longitude value in the line 

  # \s(\d*\.\d*)            One space then digits, decimal, 

and digits. This is the first Latitude value in the line. 
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  # \,\s                    A comma (escaped), then a space. 

  # (\-\d*\.\d*)\s(\d*\.\d*)\,\s(\-

\d*\.\d*)\s(\d*\.\d*),\s(\-\d*\.\d*)\s(\d*\.\d*)   

  #                         Three more pairs of Latitude and 

Longitude cooridinates. 

  # .*value=(\d*\.\d*)      Scan through characters until 

"value=" is reached. Then digits, a decimal, and more digits are read. 

This is the reflectivity value. 

  # .*radialAng=(\d*\.\d*)  Scan through characters until 

"radialAng=" is reached. Then digits, a decimal, and more digits are 

read. This is the radial angle. 

  # .*begGateRan=(\d*\.\d*) Scan through characters until 

"begGateRan=" is reached. Then digits, a decimal, and more digits are 

read. This is the beginning of the gate on the radial in meters. 

  # .*endGateRan=(\d*\.\d*) Scan through characters until 

"endGateRan=" is reached. Then digits, a decimal, and more digits are 

read. This is the end of the gate on the radial in meters. 

  

  

 # Store the elements of the array into something more manageable. 

 push(@id,$a[0]); 

 push(@long1,$a[1]); 

 push(@lat1,$a[2]); 

 push(@long2,$a[3]); 

 push(@lat2,$a[4]); 

 push(@long3,$a[5]); 

 push(@lat3,$a[6]); 

 push(@long4,$a[7]); 

 push(@lat4,$a[8]); 

  # Truncate any values less than 0 to 0. 

  if ($a[9] < 0) { 

   $a[9] = 0; 

  } 

 push(@dBz,$a[9]); 

 push(@radAng,$a[10]); 

 push(@begGateRan,$a[11]); 

 push(@endGateRan,$a[12]); 

  

 $i++; 

} 

print "done reading $i lines.\n"; 

$max_bins = $i; 

# Close data file. 

close(IN); 

 

# Calculate the mean of the reflectivity values. 

 

$average_dBz = &average_array(@dBz); 

 

print "Average dBz: $average_dBz\n"; 

 

$std_deviation = &std_dev(@dBz); 

 

print "Standard Deviation: $std_deviation\n"; 

 

$max_dBz = &find_max(@dBz); 
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print "Maximum Reflectivity: $max_dBz\n"; 

 

$min_dBz = &find_min(@dBz); 

 

print "Minimum Reflectivity: $min_dBz\n"; 

 

# Open the file that will contain the coordinates of the bins for 

viewing in IDV. 

open (COORD, ">Band_Verify_Points.csv") or die "Unable to create the 

coordinate verification output file.\n"; 

 

# Set up the coordinate file by printing out the IDV header. 

print COORD "(index) -> (Time,Latitude,Longitude,Reflectivity)\n"; 

print COORD "Time[fmt=\"yyyy-MM-dd 

HH:mm:ss\"],Latitude[unit=\"deg\"],Longitude[unit=\"degrees 

east\"],Reflectivity[unit=\"dBZ\"]\n"; 

 

 

# Begin by identifying segments of 40-150 range bins along a radial 

with a gap of no more than 10 

# that exceed one standard deviation plus the average 

$band_yes = 0; 

$band_no = 0;  

$radial_num = -1; 

foreach $bin_id (@id) { 

# Find the bins that are in greater than one standard deviation plus 

the mean 

  if ($dBz[$bin_id] > ($std_deviation + $average_dBz)) { 

   push(@bands_data, $bin_id); 

  } 

} 

 

# Need to remove duplicates from the array generated above to save time 

in the next step 

$scale = scalar(@bands_data); 

print "Before $scale\n"; 

  

%hash = map { $_,1 } @bands_data; 

@bands_data_dup = keys %hash; 

  

$scale = scalar(@bands_data_dup); 

print "After $scale\n"; 

 

 

# Print the array out to the coordinates file for reading in IDV 

print "printing...\n"; 

&print_points(@bands_data_dup); 

 

 

 

# print out the IDV script to a file for verification 

open (ISL, ">verify_test.isl") or die "Unable to write the IDV 

script\n"; 

print ISL '<isl debug="true" offscreen="false">',"\n"; 

print ISL ' <bundle 

file="/Users/Norm/Desktop/RADAR_Banding/Band_Verify.xidv">',"\n"; 
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print ISL '  <setfiles datasource=".*" 

file="/Users/Norm/Desktop/RADAR_Banding/',"$raw_data",'" />',"\n"; 

print ISL '  <setfiles datasource=".*" 

file="/Users/Norm/Desktop/RADAR_Banding/Band_Verify_Points.csv" 

/>',"\n"; 

print ISL ' </bundle>',"\n"; 

print ISL ' <stop/>',"\n"; 

print ISL '</isl>',"\n"; 

close (ISL); 

 

 

# Load the points and RADAR data into IDV 

`/Applications/IDV_2.6u2/runIDV ~/Desktop/RADAR_Banding/verify_test.isl 

-islinteractive`; 

 

 

# End of Script 

 

 

 

#######################################################################

############################# 

### Begin Print Array Points 

####################################################################### 

# Function will print out the bins in an array to the points file for 

IDV 

sub print_points { 

  

 my $bins = 0; 

 foreach $bins (@_) { 

  @center = 

&bin_centroid($lat1[$bins],$lat2[$bins],$lat3[$bins],$lat4[$bins],$long

1[$bins],$long2[$bins],$long3[$bins],$long4[$bins]); 

  print COORD "$year-$month-$day 

$hour:$minute:$second\Z,$center[0],$center[1],$dBz[$bins]\n"; 

 } 

} 

 

### End Print Array Points 

#######################################################################

## 

#######################################################################

############################# 

 

#######################################################################

############################# 

### Begin Bin Centroid 

#######################################################################

###### 

sub bin_centroid { # Input must be entered as: lat1, lat2, lat3, lat4, 

long1, long2, long3, long4 

 my @coords; 

 # Latitude Coordinates 

 push(@coords, ($_[0] + $_[1] + $_[2] + $_[3]) / 4 ); 

 # Longitude Coordinates 

 push(@coords, ($_[4] + $_[5] + $_[6] + $_[7]) / 4 ); 
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 return @coords; 

} 

### End Bin Centroid 

#######################################################################

######## 

#######################################################################

############################# 

 

#######################################################################

############################# 

### Begin Array Average Function 

################################################################### 

sub average_array { 

my $bad = 0; 

my $i = 0; 

my $total = 0; 

foreach $i (@_) { 

 if ($i == -999) { 

  $bad++; 

  $i = 0; 

 } 

  $total +=$i; 

} 

 if ($bad == scalar(@_)) { 

  return -999; 

 } else { 

  return ($total / (scalar(@_) - $bad)); 

 } 

} 

### End Array Average Function 

##################################################################### 

#######################################################################

############################# 

 

#######################################################################

############################# 

### Begin Standard Deviation Function 

############################################################## 

sub std_dev { 

my $average = &average_array(@_); 

my $i = 0; 

foreach $i (@_) { 

 push(@temp,($i - $average)**2); 

} 

return (sqrt(&average_array(@temp))); 

 

} 

 

### End Standard Deviation Function 

################################################################ 

#######################################################################

############################# 

 

#######################################################################

############################# 

### Begin Find Maximum Function 

#################################################################### 
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sub find_max { 

my $i = 0; 

my $max = 0; 

foreach $i (@_) { 

 if ($i > $max) { 

  $max = $i; 

 } 

} 

return ($max); 

 

} 

### End Find Maximum Function 

###################################################################### 

#######################################################################

############################# 

 

#######################################################################

############################# 

### Begin Find Minimum Function 

#################################################################### 

sub find_min { 

my $i = 0; 

my $min = 1000; 

foreach $i (@_) { 

 if ($i < $min) { 

  $min = $i; 

  #print"$min = $i\n"; 

 } 

} 

return ($min); 

 

} 

### End Find Minimum Function 

###################################################################### 

 

 

topo_interpolation.pl 

#!/usr/bin/perl 

 

#Use great circle distance instead of the straight line distance 

between 2 points 

 

use Math::Trig qw(great_circle_distance deg2rad); 

 

# Read in the correct file 

$in_file_1="/Users/Norm/Desktop/thesis_perl/topo_data2.txt"; 

$in_file_2="/Users/Norm/Desktop/thesis_perl/norm_grid_13.txt"; 

$test = "/Users/Norm/Desktop/thesis_perl/topo_out.txt"; 

 

#If the file exists, open it. Otherwise, let us know. 

open (IN1, "$in_file_1") or die "File not found...try again!"; 

open (IN2, "$in_file_2") or die "File not found...try again!"; 

open (OUT1, ">$test") or die "File not found...try again!"; 
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$gpalt = 0; 

$rho = 6378; 

 

$line1 = <IN1>; 

$line2 = <IN1>; 

$line3 = <IN1>; 

$line4 = <IN1>; 

$line5 = <IN1>; 

 

 

$line_counter = 0; 

$i = 0; 

 

#Skip header 

for ($i=1; $i<11; $i++){ 

 $line = <IN2>; 

 } 

while ($grid_line = <IN2>){ 

  

 chomp($grid_line); 

  

 @grid_data = split(/\s/,$grid_line); 

  

 $grid_array[$line_counter][0] = $grid_data[0]; 

 $grid_array[$line_counter][1] = $grid_data[1];  

 $line_counter++; 

 } 

$total_grid = $line_counter - 1; 

print "Total grid lines = $total_grid\n"; 

$total_grid = $line_counter + 1; 

 

$line_counter = 0; 

 

while ($topo_line = <IN1>){ 

  

 chomp($topo_line); 

  

 @topo_data = split(/\t/,$topo_line); 

  

 $topo_array[$line_counter][0] = $topo_data[0]; 

 $topo_array[$line_counter][1] = $topo_data[1]; 

 $topo_array[$line_counter][2] = $topo_data[2]; 

 

#Need to also read in data from grid file, and perform analysis of the 

distance between pts 

#Great circle distance formula 

  

 $line_counter ++; 

 } 

$topo_count = $line_counter - 1; 

print "$topo_count\n"; 

$topo_count = $line_counter + 1; 

 

for ($grid_count=0; $grid_count <= $total_grid; $grid_count++){ 

 $lat_grid = $grid_array[$grid_count][0]; 

 $lon_grid = $grid_array[$grid_count][1]; 

 $lat_rad_grd = deg2rad(90 - $lat_grid); 
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 $lon_rad_grd = deg2rad($lon_grid); 

 $gpalt = 0; 

   

  for($i=0; $i<=$topo_count; $i++){ 

   $lat_topo = $topo_array[$i][0]; 

   $lon_topo = $topo_array[$i][1]; 

   $lat_rad_top = deg2rad(90 - $lat_topo); 

   $lon_rad_top = deg2rad($lon_topo); 

    

   $distance = 

great_circle_distance($lon_rad_grd,$lat_rad_grd,$lon_rad_top,$lat_rad_t

op,$rho); 

    

   if ($distance <= 12.071){ 

    $alt_grd = $topo_array[$i][2]; 

     

     

   if ($gpalt < $alt_grd){ 

    $gpalt = $alt_grd; 

 

    } 

    

   } 

   

  } 

   

  print "$grid_count\n"; 

   

  $grid_array[$grid_count][2] = $gpalt; 

  

 } 

 

for ($k=0;$k<=$total_grid;$k++){ 

 print OUT1 

"$grid_array[$k][0]\t$grid_array[$k][1]\t$grid_array[$k][2]\n"; 

 } 

 

close IN1; 

close IN2; 

close OUT1; 
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APPENDIX B 

List of Stations 

 The following is a list of all of the stations utilized in this study for surface 

data. These stations were vital in determining the precipitation type and snow 

amount at each location. 

State City Station Latitude Longitude 

PA ALLENTOWN KABE 40.650 -75.430 

  ALTOONA/BLAIR KAOO 40.300 -78.320 

  BEAVER FALLS KBVI 40.770 -80.400 

  BRADFORD KBFD 41.800 -78.630 

  BUTLER KBTP 40.780 -79.950 

  DU BOIS KDUJ 41.180 -78.900 

  ERIE KERI 42.080 -80.180 

  FRANKLIN KFKL 41.800 -78.630 

  HARRISBURG KCXY 40.220 -76.850 

  JOHNSTOWN KJST 40.320 -78.830 

  LANCASTER KLNS 40.120 -76.300 

  MIDDLETOWN KMDT 40.200 -76.770 

  MT POCONO KMPO 41.140 -75.380 

  MUIR AAF KMUI 40.430 -76.570 

  PHILADELPHIA KPHL 38.880 -75.250 

  PHILADELPHIA N KPNE 40.080 -75.020 

  PITTSBURGH KAGC 40.350 -79.930 
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  PITTSBURGH KPIT 40.500 -80.220 

  READING KRDG 40.380 -75.970 

  STATE COLLEGE KUNV 40.850 -77.850 

  WASHIGTON KAFJ 40.130 -80.280 

  WILKES-BARRE KAVP 41.330 -75.750 

  WILLIAMSPORT KIPT 41.250 -76.920 

  WILLOWGROVE KNXX 40.200 -75.150 

NY ALBANY KALB 42.750 -73.800 

  BINGHAMTON KBGM 42.220 -75.980 

  BUFFALO KBUF 42.930 -78.730 

  ELMIRA/CORNING KELM 42.170 -76.900 

  FARMINGDALE KFRG 40.730 -73.420 

  FORT DRUM KGTB 44.050 -75.730 

  GLENS FALLS KGFL 43.330 -73.620 

  ISLIP KISP 40.800 -73.100 

  ITHACA KITH 42.480 -76.450 

  JAMESTOWN KJHW 42.150 -79.270 

  MASSENA KMSS 44.930 -74.850 

  MONTICELLO KMSV 41.700 -74.800 

  NEW YORK CITY KNYC 40.770 -73.980 

  NEW YORK/JFK KJFK 40.650 -73.780 

  NEW YORK/LGA KLGA 40.770 -73.900 

  NIAGRA FALLS KIAG 43.100 -78.950 
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  PLATTSBURGH AF KPLB 44.690 -73.520 

  POUGHKEEPSIE KPOU 41.630 -73.880 

  ROCHESTER KROC 43.120 -77.670 

  ROME KRME 43.230 -75.400 

  SARANAC LAKE KSLK 44.380 -74.200 

  SHIRLEY KHWV 40.820 -72.870 

  SYRACUSE KSYR 43.120 -76.120 

  WATERTOWN KART 44.000 -76.020 

  WESTHAMPTON KFOK 40.850 -72.630 

  WHITE PLAINS KHPN 41.070 -73.700 

NJ ATLANTIC CITY KACY 39.450 -74.570 

  BELMAR-FARMDAL KBLM 40.180 -74.130 

  CALDWELL KCDW 40.880 -74.280 

  LAKEHURST NAS KNEL 40.030 -74.350 

  MCGUIRE AFB KWRI 40.020 -74.600 

  MILLVILLE KMIV 39.370 -75.070 

  MORRISTOWN KMMU 40.800 -74.420 

  NEWARK KEWR 40.700 -74.170 

  TETERBORO KTEB 40.850 -74.070 

  TRENTON KTTN 40.280 -74.820 

  WILDWOOD KWWD 39.020 -74.920 

CT BRIDGEPORT KBDR 41.170 -73.130 

  CHESTER KSNC 41.380 -72.500 



 

82 
 

  DANBURY KDXR 41.370 -73.480 

  

GROTON/NEW 

LONDON KGON 41.330 -72.050 

  HARTFORD/BRADLEY KBDL 41.930 -72.680 

  HARTFORD/BRAIN KHFD 41.730 -72.650 

  MERIDEN KMMK 41.510 -72.830 

  NEW HAVEN KHVN 41.270 -72.880 

  OXFORD KOXC 41.480 -73.130 

  WILLIMANTIC KIJD 41.730 -72.180 

RI BLOCK ISLAND KBID 41.170 -71.580 

  NEWPORT KUUU 41.530 -71.280 

  PAWTUCKET KSFZ 41.920 -71.500 

  PROVIDENCE KPVD 41.730 -71.430 

  QUONSET KOQU 41.600 -71.420 

  WESTERLY KWST 41.350 -71.800 

MA BEDFORD KBED 42.470 -71.280 

  BEVERLY KBVY 42.580 -70.920 

  BOSTON KBOS 42.370 -71.030 

  CHATHAM KCQX 41.680 -70.000 

  CHICOPEE KCEF 42.200 -72.530 

  FITCHBURG KFIT 42.550 -71.760 

  HYANNIS KHYA 41.670 -70.200 

  LAWRENCE KLWM 42.720 -71.120 
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  MARTHAS VINEYARD KMVY 41.400 -70.620 

  NANTUCKET KACK 41.250 -70.070 

  NEW BEDFORD KEWB 41.680 -70.970 

  NORTH ADAMS KAQW 42.700 -73.170 

  NORWOOD KOWD 42.180 -71.170 

  ORANGE KORE 42.570 -72.270 

  OTIS ANGB KFMH 41.650 -70.520 

  PITTSFIELD KPSF 42.420 -73.290 

  PLYMOUTH KPYM 41.920 -70.730 

  PROVINCETOWN KPVC 42.070 -70.220 

  TAUNTON KTAN 41.870 -71.020 

  WESTFIELD KBAF 42.150 -72.720 

  WORCESTER KORH 42.270 -71.880 

VT BENNINGTON KDDH 42.890 -73.240 

  BURLINGTON KBTV 44.470 -73.150 

  FRANKLIN KFSO 44.920 -73.100 

  MONTPELIER KMPV 44.200 -72.570 

  MORRISVILLE KMVL 44.530 -72.620 

  NEWPORT KEFK 44.880 -72.230 

  RUTLAND KRUT 43.530 -72.950 

  SPRINGFIELD KVSF 43.350 -72.520 

  ST. JOHNSBURY K1V4 44.420 -72.020 

NH BERLIN KBML 44.580 -71.180 
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  CONCORD KCON 43.200 -71.500 

  JAFFREY KAFN 42.800 -72.000 

  KEENE KEEN 42.900 -72.270 

  LACONIA KLCI 43.570 -71.420 

  LEBANON KLEB 43.630 -72.300 

  MANCHESTER KMHT 42.930 -71.430 

  NASHUA KASH 42.780 -71.520 

  PLYMOUTH ARPT K1P1 43.780 -71.750 

  PORTSMOUTH KPSM 43.080 -70.820 

  ROCHESTER KDAW 43.270 -70.920 

ME AUBURN-LEWISTON KLEW 44.050 -70.280 

  AUGUSTA KAUG 44.320 -69.800 

  BANGOR KBGR 44.800 -68.830 

  BAR HARBOR KBHB 44.450 -68.370 

  BRUNSWICK NASHUA KNHZ 43.880 -69.930 

  CARIBOU KCAR 46.870 -68.020 

  FRENCHVILLE KFVE 47.280 -68.320 

  FRYEBURG KIZG 43.990 -70.950 

  HOULTON KHUL 46.120 -67.800 

  MILLINOCKET KMLT 45.650 -68.680 

  PORTLAND KPWM 43.650 -70.320 

  PRESQUE ISLE KPQI 46.680 -68.050 

  ROCKLAND KRKD 44.070 -69.100 
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  SANFORD KSFM 43.400 -70.720 

  WATERVILLE KWVL 44.530 -69.680 

  WISCASSET KIWI 43.960 -69.710 

BUOY/CMAN   44018 41.255 -69.305 

    44005 43.189 -69.14 

    44032 43.715 -69.358 

    44027 44.273 -67.314 

    44098 42.801 -70.169 

    44007 43.531 -70.144 

    44008 40.503 -69.247 

    44066 39.583 -72.601 

    44025 40.25 -73.166 

    44065 40.39 73.703 

    44009 38.464 -74.702 

    44017 40.691 -72.046 

    44039 41.138 -72.655 

    44070 41.393 -71.004 

    44020 41.443 -70.186 

    44029 42.52 -70.57 

    44013 42.346 -70.651 
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APPENDIX C 

Results from All Banding Cases  

Multi-banded events Best Subsets regressions and linear regression analyses 

are shown below. 
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Non-banded regression analyses for both best subsets and linear regression are 

shown below. 
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