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ABSTRACT 

 

CLASSIFICATION OF NEW ENGLAND CLIMATE ZONES FOR USE IN A 

WINTER SEVERITY INDEX 

by 

Nicholas Webb 

Plymouth State University, October, 2008 

 A classification of climate zones in New England was developed using 

multivariate analysis of meteorological data collected from surface weather 

stations.  This was part of a larger project to define winter severity indexes for 

New England that will help determine the cost-benefit of new winter season 

technologies, crew training, and the efficiency of winter road maintenance 

practices. 

 Data were gathered from ASOS and COOP stations throughout New 

England during the winter months from 2001-2006.  The data consisted of 

precipitation type, temperature, and wind.  The mean and maximum of each 

variable were computed over each month.  The results were interpolated onto a 

25km grid using Barnes Analysis.  Principle component analysis (PCA) was 

performed on the gridded data to reduce the dimensionality of the dataset.  Three 

components were retained, and the associated component scores were 

incorporated in cluster analysis.  Nine distinct clusters were identified, and grid 

points were assigned a cluster membership.  This resulted in nine climate zones 

as each cluster represents a zone.  The exception was cluster 5 which was 



 

x 

 

discontinuous.  An additional climate zone was created as a result to keep 

continuity among the other zones.  Stepwise discriminant analysis was 

performed to determine the successfulness of the classification of grid points to 

clusters.  ArcGIS was used to graphically represent the climate zones and their 

respective boundaries.  Finally, boundaries were delineated based on grid point 

cluster assignments.   
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CHAPTER 1 

1.  Introduction 

In this country millions of dollars are spent annually by state, county, and 

local governments on snow and ice removal.  New technologies and materials 

such as metering equipment, road weather information stations (RWIS), salt, and 

alternative chemicals to salt have been introduced to improve the effectiveness 

of snow and ice removal.  Extensive training of drivers has also been 

implemented to improve snow removal effectiveness.  It is important to 

understand how well this training and new technology are working in comparison 

to past conditions.  Some factors limiting this understanding are the varying 

severity of winters from year to year and the types of winter precipitation.  A 

Winter Severity Index (WSI) can be established that will account for spatial and 

temporal variations in winter weather, and assist in providing answers to the 

following questions:  Are the new technologies reducing costs?  Are funds being 

spent where they are needed?  How do removal costs for heavy and light 

snowfall events compare with the cost of freezing rain and sleet removal? 

The objective of this research is to classify climate zones in New England 

using multivariate analysis of meteorological data collected from surface weather 

stations.  This is part of a larger project to define winter severity indexes for New 

England that will help determine the cost-benefit of new winter season 

technologies, crew training, and the efficiency of winter road maintenance 

practices. 
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The New England Winter Severity Index (NEWSI) is a tool that will 

establish a common basis of comparison for all winter weather events throughout 

the region.  Development of the NEWSI involves identifying climate zones within 

New England, developing the NEWSI using a force-response model, 

implementing methods to utilize the NEWSI in the six New England state 

transportation departments, and provide recommendations and methodologies 

for constantly improving the NEWSI.  Several transportation agencies, primarily 

in Europe, have developed their own WSI’s over the last two decades.  Each of 

these has attempted to account for winter weather variability from year to year 

and across large areas, utilizing records of meteorological and non-

meteorological variables.  Some of the variables are: weighted daily snowfall, 

precipitation types, number of days with snow cover, number of nights with 

ground frost, minimum and maximum air temperature, wind velocity, road surface 

temperature, relative humidity, and variations in local topography and vegetation 

(Thornes et al., 1991; Thornes, 1993; Breitenstein, 1994; Gustavsson, 1997; 

Decker et al., 2001; Olander, 2002). 

Weather and climate across New England vary greatly particularly in the 

winter months.  These variations are a result of several factors, including its 

complex coastline to the south and east, mean latitude of 45 degrees N, 

continentality resulting from its position within the Westerlies, and its varying 

topography (Keim et al., 2005).  Topography in this region varies from coastal 

plains to valleys and high mountains (Fig. 1.1).  The identification of New 

England’s winter climate zones is important in the development of the NEWSI, as 
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there will be a WSI for each zone.  The zones will be determined by principle 

components analysis (PCA) of five-year time series of meteorological variables 

combined with a clustering procedure to further delineate homogeneous groups.  

Relevant meteorological and non-meteorological variables have to be identified 

to determine the winter season climate zones.  These variables will be identified 

in close cooperation with winter road maintenance personnel, through 

discussions with road maintenance managers, and interviews with operations 

staff (e.g. Mahle, 2002). 
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Figure 1.1.  Relief map of New England courtesy of ESRI. 

 

 

Multivariate statistical analysis has proven to be useful in delineating 

climate zones in past research.  Multivariate analysis has been used to define 

climate regions in conterminous United States (Fovell and Fovell, 1993), the 

Northern Plains (Bunkers et al., 1996), and Maine (Briggs and Lemin, 1992).  

There has been very little work in the New England states regarding climate zone 

delineation outside of the Maine research by Briggs and Lemin (1992).  The 

National Climatic Data Center (NCDC) has derived climate regions for the area, 

but on too broad a scale to be applied to this project.  It is anticipated that there 
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will be a finer resolution to the climate zones resulting from this research 

compared to those defined by NCDC. 
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CHAPTER 2 

2.  Past research in climate zone classification 

There has been extensive research performed on climate zone 

classification during the past decade.  Some of the applications for past research 

on this topic were not meteorological in nature.  Non-meteorological applications 

of climate zone delineation include species distribution in National Forest lands, 

the productivity of spruce and fir species of trees, pollen densities, biological 

stresses, and other environmental variables (Heffter et al., 1975; Altshuller, 1978; 

Muller and Jackson, 1985).  However, most of the applications of climate zone 

classification are purely meteorological.  Recent use of climate zones have been 

used to asses sulfur dioxide concentrations under certain synoptic meteorological 

patterns as well as climate’s impact on other air pollution densities (Kalkstein and 

Corrigan, 1986). 

There are several procedures that can be applied to classify climate 

zones.  In the past, climate zone classification has commonly employed a two 

step process.  Principle components analysis (PCA) is initially used to reduce 

data redundancy and dimensionality (Kalkstein and Corrigan, 1986; Fovell and 

Fovell, 1993).  The second step involves the use of a clustering technique to 

partition the data into clusters where there is a strong degree of association 

among data within a particular cluster.  Some background information on both 

techniques is presented below.  There is also a discussion on how to proceed 

with classifying climate zones, based on the method researchers have used 

these techniques to perform climate zone classifications in the past. 
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a.  Principle Components Analysis (PCA) 

PCA is a technique used to simplify a dataset by reducing the 

dimensionality of that dataset for analysis.  In other words, PCA can be used to 

find the linear lower-dimensional representation of the data such that the 

variance of the reconstructed data is preserved.  Over the past two decades PCA 

has become a common statistical approach to developing synoptic indices 

(Perry, 1983).  Researchers using different types of variables or large quantities 

of important variables have often applied PCA to decipher the significance of a 

given variable or variables (Fovell and Fovell, 1993). 

 
1)  HOW PCA WORKS 

The process begins by formulating a data matrix from the objects and 

variables to be examined using normalized data.  Since there are wide ranges in 

measurement units of the variables to be used in this research, a correlation 

matrix will be implemented instead of a covariance matrix (Morrison, 1976; 

Kalkstein et al., 1987; Briggs and Lemin, 1992).  A correlation matrix can be 

expressed mathematically as 

 

n

ZZ
R




                  (1) 

where Z  corresponds to the eigenvector matrix X (see below), linearly 

transformed into standard scores, and n is the number of rows in matrix Z . 
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PCA rewrites the data matrix into a set of components (new axis created) 

that are linearly independent.  This process involves the computation of 

eigenvalues and eigenvectors.  Eigenvalues represent the variance of each new 

axis created in PCA.  Eigenvalues of the correlation matrix R  are computed as 

roots of the characteristic equation 

 

0det  IR                       (2) 

 

where  ’s are the eigenvalues and I represents the identity matrix (Johnson and 

Hanson, 1994).  The eigenvectors can then be calculated using the equation 

 

XRX                                         (3) 

 

where X  represents the eigenvector matrix.  Eigenvectors define the orientation 

and position of each axis/component in m-dimensional variable space.  The 

objective is to retain only the most significant components in order to successfully 

reduce the dataset without losing pertinent information.  The first step to 

determine which components to retain involve calculating correlations (loadings) 

between the original data variables and the components by 

 

2/1XDF                                                          (4) 
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where D  is the diagonal matrix of ordered eigenvalues of R .  For example, a 

data matrix consists of meteorological variables such as temperature and wind 

speed for weather station observations.  If a high loading for temperature and 

wind speed existed on a component that would indicate the importance of 

thermal/wind variations in that component.  The square of a loading gives the 

amount of variance that is accounted for by the respective component (Johnson 

and Hanson, 1994).  The subsequent eigenvalue results from the sum of squared 

loadings for each component.  Employing logic from Johnson and Hanson 

(1994), the cumulative variance iV  in R  is accounted for by principle component 

i and expressed as 

 

n
V i

i


                              (5) 

 

where n  represents the number of variables.   

 The next procedure involves the use of specific criteria.  There are a 

number of criteria to retaining principle components.  Eigenvalues that are 

greater than or equal to 1 are generally maintained in the analysis.  Principle 

components that explain 5-10% of the variance with a cumulative variance of at 

least 75% are also normally retained.  Scree plots of eigenvalues can also aid in 

determining how many components to preserve (Cattell, 1966).  Preserving too 

few components could result in losing important information about variable 

relationships.  However, retaining too many components could introduce data 
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contamination through unnecessary data (Fovell and Fovell, 1993).  Table 2.1 

represents an example of PCA output for climate region delineation where 

variables, principle components, their eigenvector and eigenvalue, and 

proportion of variance explained are shown. 

 

Table 2.1.  Example of PCA output from Briggs and Lemin (1992)’s delineation of climate regions in 

Maine.  Coefficients of the characteristic vectors and their correlation with the original variables for 

the principle components calculated from the climatic data correlation matrix of Maine. 
  

 Component 1  Component 2  Component 3  

Variable Eigenvector 
Coefficient 

Eigenvector 
Correlation 

Eigenvector 
Coefficient 

Eigenvector 
Correlation 

Eigenvector 
Coefficient 

Eigenvector 
Correlation 

WRFRST 0.162 0.80 -0.231 -0.45 -0.039 -0.06 

SPFRST 0.188 0.92 -0.122 -0.24 -0.068 -0.10 

SMFRST 0.143 0.70 -0.096 -0.19 -0.046 -0.07 

FLFRST 0.178 0.87 -0.213 -0.41 -0.088 -0.13 

WRPRPD 0.067 0.33 0.044 -0.26 0.411 0.63 

SPPR[D 0.026 0.13 0.094 0.09 0.536 0.82 

SMPRPD -0.170 -0.84 0.003 0.18 0.012 0.02 

FLPRPD -0.078 -0.38 0.044 0.01 0.125 0.19 

WRSNOW -0.147 -0.72 0.011 0.09 0.095 0.15 

SPSNOW -0.135 -0.66 0.037 0.02 0.005 0.01 

FLSNOW -0.185 -0.91 0.057 0.07 -0.0122 -0.19 

WREXMAX 0.186 0.91 0.360 0.11 0.0122 0.19 

SPEXMAX 0.126 0.62 0.334 0.70 0.085 0.13 

SMEXMAX 0.131 0.64 0.244 0.65 -0.046 -0.07 

FLEXMAX 0.158 0.78 -0.200 0.47 -0.022 -0.03 

WREXMBM 0.177 0.87 0.125 -0.39 -0.052 -0.08 

SPEXMIN 0.190 0.93 -0.168 -0.24 -0.068 -0.10 

SMEXMIN 0.177 0.87 -0.214 -0.33 -0.143 -0.22 

FLEXMIN 0.173 0.85 0.020 -0.41 -0.100 -0.15 

WRMNMAX 0.192 0.94 0.224 0.04 0.089 0.14 

SPMNMAX 0.174 0.85 0.382 0.43 0.057 0.09 

SMMNMAX 0.128 0.63 0.134 0.74 -0.008 -0.01 

FLMNMAX 0.186 0.91 -0.083 0.26 0.035 0.05 

WRMNMTH 0.197 0.97 0.045 -0.16 0.015 0.02 

SPMNMTH 0.199 0.98 0.181 0.09 -0.005 -0.01 

SMMNMTH 0.181 0.89 -0.043 0.35 -0.080 -0.12 

FLMNMTH 0.199 0.98 -0.103 -0.08 -0.043 -0.07 

WRMNPRP 0.158 0.78 -0.021 -0.20 0.325 0.50 

SPMNPRP -0.141 0.76 0.146 0.04 0.332 0.51 

SMMNPRP 0.125 -0.69 -0.069 0.28 0.143 0.22 

FLMNPRP 0.190 0.61 0.099 -0.13 0.327 0.50 

SPPET 0.152 0.93 0.254 0.19 -0.010 -0.02 

SMPET 0.193 0.75 -0.116 0.49 -0.147 -0.23 

FLPET 0.168 0.95 0.135 -0.22 -0.020 -0.03 

SPHEAT 0.189 0.83 0.062 0.26 -0.105 -0.20 

FLHEAT 0.191 0.93 -0.081 -0.16 -0.098 -0.16 

       

Eigenvalue            24.13               3.75               2.35  

Proportion of 
Variation (%) 

            65.2               10.1               6.3  
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Rotation is sometimes performed to better interpret the eigenvectors 

(Richman, 1986).  Rotation will develop a new set of eigenvectors that meet a 

certain criteria producing a simple structure.  There are two types of rotation, 

oblique and orthogonal.  Orthogonal rotations consist of perpendicular loadings 

where components are uncorrelated.  Oblique rotations represent non-

perpendicular loadings where components are correlated, and produce very 

similar results as orthogonal rotation.  As a result, orthogonal rotations are 

normally used over oblique rotations since they are more easily interpretable 

(Pedhazur and Pedhazur-Schmelkin, 1991). 

 
2)  PAST CLIMATE ZONE WORK INVOLVING PCA AND APPLICATIONS TO THIS          

RESEARCH 

Although there has been somewhat limited research using PCA in climate 

zone classification, some research does exist to use as references of how to 

proceed with this work.  Generally, most of the past research examined followed 

similar procedures involving PCA.  There were, however, some differences as to 

what kind of data matrix to employ.  Bunkers et al. (1996), Comrie and Glenn 

(1998) and Briggs and Lemin (1992) used a correlation matrix for their datasets 

to classify climate regions.  The use for this kind of matrix is appropriate since 

their data involved different units of measurement (Morrison 1976).  Conversely, 

Fovell and Fovell (1993) utilized a covariance matrix for their research in climate 

zone classification.  Their reasoning for using this type of matrix over a 

correlation matrix is unclear since their dataset also involved different units of 

measurement.  A correlation matrix will be employed in this research given that 
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most of the past research utilized this type of matrix verses a covariance matrix 

in their respective PCA. 

   

 
b.  Cluster Analysis 

Cluster analysis attempts to classify a compilation of observations with 

little or no clear category structure using a number of different algorithms 

(Anderberg, 1973).  Its purpose is to sort objects/regions into groups, or clusters, 

so that the degree of association is strong between members of the same cluster 

and weak between members of different clusters (Balling, 1984).  Cluster 

analysis has been used in psychology, biology, and other areas for decades 

(Fovell and Fovell, 1993).  Wolter (1987) explained the reason for its lack of use 

in meteorology as being too ambiguous.  However, there have been a number of 

recently published research papers that use cluster analysis for meteorological 

purposes. 

There are several clustering methods.  The most common include 

“hierarchical” and “nucleated” (Kalkstein et al., 1987).  Hierarchical clustering 

analysis does not produce clusters that overlap, and consists of a group at a 

specific level that is combined with another group at a higher level.  A nucleated 

analysis contains strongly differentiated data where very distinct clusters exist 

(Kalkstein et al., 1987).  Kalkstein et al. (1987) advocated the use of a 

hierarchical clustering analysis considering meteorological data are not strongly 

nucleated, and therefore this type of clustering analysis will be utilized in this 

research.  
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Many different types of hierarchical clustering procedures exist.  The three 

most frequently used in research include Wards, centroid, and average linkage 

(Kalkstein et al., 1986).  These are available in statistical software packages such 

as SAS, Matlab, and STATA.  Kalkstein et al., (1987) and Fovell and Fovell, 

(1993) tested all three types for use in a synoptic methodology, but found that, for 

synoptic indices, average linkage performed better than the other two.  

Therefore, this research will use the average linkage clustering method to aid in 

the delineation of climate zones. 

 
1)  AVERAGE LINKAGE METHOD 

The Average linkage method attempts to minimize the within-group 

variance while maximizing the between-group variance (Kalkstein et al., 1987).  

The average linkage method states that the distance between clusters is the 

average distance between pairs of observations (Fig. 2.1). 

 
Figure 2.1.  Graphical description of average linkage where d(xi,xj) are the distances between cluster 

K and cluster L (courtesy of the University of Tennessee-Knoxville statistics department). 
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Kalkstein et al.(1987) expressed this as: 

 


 


1 2

1 1

2

21

2,1

1 N

p

N

q

pqD
NN

L
                      (10) 

 

where 1,2L is the average linkage of the cluster, p and q are the order of 

observations in clusters 1 and 2, respectively and 
2

pqD  is the squared Euclidean 

distance.    The within-cluster sum of squares is expressed by Kalkstein et al. 

(1987) as: 

 

2

.

1 1

( )
kN J

k pjk jk

p j

W X X
 

             (11) 

 

where kW is the within-cluster sum of squares, pjkX is the value of the jth variable 

for the pth of Nk observations in the kth of clusters, and . jkX represents the 

original centroid.  This can be expanded as: 

 

2

2,122112,1 )/()/( DNWNWL                      (12) 
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where 1,2L  is the average linkage of the two clusters , term (A) is the variance of 

cluster 1 and 2, and term (B) the square Euclidean distance between the 

centroids of the two clusters.  Variance represents the average of the square of 

the distance of each data point from the mean.  By using variance, a cluster 

size’s influence on the merging of clusters is greatly reduced.  This method  

tends to join clusters with small variances and is somewhat biased toward 

producing clusters with the same variance.  Average linkage, however, is less 

likely to be influenced by extreme values.  

 
2)  NUMBER OF CLUSTERS TO RETAIN 

Once a clustering procedure has been applied, one must determine how 

many clusters to retain, and this decision is mostly subjective.  One must take 

into account that each merger of clusters inevitably results in a loss of precision 

and detail (Fovell and Fovell, 1993).  However, according to Fovell and Fovell 

(1993) temperature and precipitation of the Eastern United States have smooth 

variations over distance.  Therefore, it is anticipated there will be mostly 

overlapping clusters with very few distinct clusters.  There exists a more objective 

process to aid in this decision called the 30 “stopping rules”.  These consists of 

30 different criteria for deciding which clusters to maintain. 

Logic for choosing which stopping rule to employ was based on a 

simulation study by Milligan and Cooper (1985) which compared the ability of a 

number of stopping rules to identify the number of distinct clusters in a dataset.  

They ranked the pseudo-F index and the pseudo-T2 index first and second, 
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respectively, among the 30 stopping rules in its ability to identify clusters.  The 

pseudo-F index was developed by Calinski and Harabasz (1974).   

They expressed the pseudo-F index as: 
 

 
 

                                                                        (13) 

 

 

where B is the between-cluster sum of squared distances, W is the total within-

cluster sum of squared distances, c is the number of clusters, and n is the 

number of objects in the population.  Large values of computed pseudo-F values 

tend to indicate more distinct clustering (Milligan and Cooper, 1985).   

 The pseudo-T2  index  was developed from the Je(2)/Je(1) statistic of Duda 

and Hart (1973).   The pseudo-T2 index is a ratio of the sum of squared errors 

(when the clusters are separate) to the sum of squared errors when the clusters 

are joined.  Large falls of values within this index can indicate the number of 

clusters to retain (Milligan and Cooper, 1985).   

According to Calinski and Harabasz (1974), the appropriate number of 

clusters to retain is determined by examining local peaks of pseudo-F values 

combined with the largest pseudo-T2 falls (smallest pseudo-T2 with increasing 

values on either side).  Therefore, the pseudo-F index and pseudo-T2 index will 

be utilized in this research. 
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c.  Miscellaneous considerations 

Once a decision on how many clusters to retain has been made, one must 

determine how to analyze the results.  Methodology from Briggs and Lemin 

(1992) will be closely followed.  They used a dendrogram generated from cluster 

analysis to identify groups of similar weather stations and graphed the results by 

plotting the location of each station, identified by cluster, in the space defined by 

their principle components. 

One issue that has to be addressed when delineating climate zone 

boundaries is the irregular and sparse data distribution of weather stations, 

particularly in Northern Vermont, Northern New Hampshire, and Northern Maine.  

Briggs and Lemin (1992) also faced this problem for Maine.  To overcome this 

they used a modified extrapolation technique from Denton (1985) to spatially 

extrapolate results from the PCA.  This procedure involved stepwise regression 

to determine the relationship between principle component scores and the 

independent variables latitude, longitude, and elevation for each station (Briggs 

and Lemin, 1992).  This was applied to a grid where principle component scores 

were predicted for each grid point using the regression equations.  Isopleths of 

component scores were drawn using ARCINFO to delineate climate boundaries. 

This research will employ some of the logic from Briggs and Lemin’s 

methods to account for data sparse regions.  Gridded data will be generated for 

New England using Barnes Analysis (Barnes, 1964).  This will allow for data 

sparse regions to be represented.   
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PCA will be performed on the resulting grid data.  The Cluster analysis will 

be executed on the component scores for each grid point.    

Stepwise discriminant analysis using the Jackknife procedure will be 

performed on the cluster solution.  The Jackknife procedure allows one to assess 

the validity of the climate zones (Lachen-bruch and Mickey, 1968).  This 

procedure involves eliminating each of the N cases sequentially from the overall 

dataset and recalculating the discriminant function.  Each omitted case is 

assigned to a zone using the new discriminant function (Lachen-bruch and 

Mickey, 1968).  The cases as they relate to this research represent the weather 

stations.  Since each station’s zone membership is known, the stations correctly 

reassigned can be calculated to develop a reclassification success rate.  This 

procedure is regarded as the least biased classification procedure because zone 

membership for each weather station is estimated from the data in which the 

case had not been included (Feinstein, 1996).   

Following a successful reclassification of grid points to zones, the 

dendrogram created from cluster analysis will be used in conjunction with the 

isopleths from ARCINFO to delineate climate boundaries.   
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 CHAPTER 3 

3.  Climate data and methodologies 

 Automated Surface Observing Systems (ASOS) stations and Cooperative 

Observer (COOP) stations throughout New England were selected to form the 

initial dataset (Fig. 3.1).  These stations were chosen based on the availability of 

data during the five year period 2001-2006.  There was an effort to maintain a 

maximum 25 mile distance between the stations in order to provide a basis for 

interpolation to a grid through Barnes Analysis.  Since winter time climate zones 

are the goal of this research, the months of October, November, December, 

January, February, March, and April were selected for data retrieval. 
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Figure 3.1. Map of New England featuring location of ASOS stations (green) and COOP stations (red) 

used in this research (ARGIS). 
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a.  ASOS station data 

Daily temperature, precipitation, and wind data were obtained for 61 

ASOS stations from the Plymouth State University data archive for the desired 

months within the period 2001-2006.  The complete list of variables that were 

used in this research is provided in Table (3.1).  

Table 3.1. Variables used in analysis of climatic data and their respective abbreviations. 

ABBREVIATION   VARIABLE 

AvgMeanTmp Average mean monthly temperature 

MeanTmpx Mean monthly maximum temperature 

MeanTmpm Mean monthly minimum temperature 

AvgMeanU Average mean monthly U component of wind 

MagMeanUmax Magnitude of mean monthly maximum U component of wind 

AvgMeanV Average mean monthly V component of wind 

MagMeanVmax Magnitude of mean monthly maximum V component of wind 

MeanLiq Mean monthly liquid-equivalent liquid precipitation 

MeanLiqmax Monthly maximum liquid-equivalent liquid precipitation 

MeanMixed/Frz Mean monthly liquid-equivalent mixed/freezing precipitation 

MeanMixed/Frzmax Monthly maximum liquid-equivalent mixed/freezing precipitation 

MeanFrzn Mean monthly liquid-equivalent frozen precipitation 

MeanFrznmax Monthly maximum liquid-equivalent frozen precipitation 

MeanUnk Mean monthly liquid-equivalent unknown precipitation 

MeanUnkmax Monthly maximum liquid-equivalent unknown precipiation 

 

Mean monthly values were calculated on the temperature data for each 

station for each month of data from 2001-2006.  These results were then 

averaged over all years for each month to come up with a mean average for all of 
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the variables.  For example, the mean monthly temperatures for each month of 

January over the five year period were averaged to obtain a mean average 

monthly temperature.  Maximum and minimum temperatures were also 

determined for each month within the five year period.  The results were then 

averaged over all years to create the monthly mean values for maximum and 

minimum temperature.  An example is shown in Table 3.2.  
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Table 3.2. Example of calculated means for each variable for one station. 

# Raw data obtained from NCDC.

# Parsed (creating this file) by Final_Coop_Parsed.pl.

#

# Columns:

#

# 1:  Month [MM] (UTC)

# 2:  Monthly mean mean temperature [dC]

# 3:  Monthly mean max temperature [dC]

# 4:  Monthly mean min temperature [dC]

# 5:  Monthly mean mean wind u-component [m/s] (bad/missing data = -999)

# 6:  Monthly mean max wind u-component [m/s] (bad/missing data = -999)

# 7:  Monthly mean mean wind v-component [m/s] (bad/missing data = -999)

# 8:  Monthly mean max wind v-component [m/s] (bad/missing data = -999)

# 9:  Mean liquid-equivalent liquid precipitation [in]

# 10:  Monthly max liquid-equivalent liquid precipitation [in]

# 11:  Monthly mean liquid-equivalent mixed/freezing precipitation [in]

# 12:  Monthly max liquid-equivalent mixed/freezing precipitation [in]

# 13:  Monthly mean liquid-equivalent solid precipitation [in] 

# 14:  Monthly max liquid-equivalent solid precipitation [in]

# 15:  Monthly mean liquid-equivalent unknown precipitation [in]

# 16:  Monthly max liquid-equivalent unknown precipitation [in]

#

# Please contact Nick Webb at PSU with questions.

#

1 -8.08 -2.154 -14 -999 -999 -999 -999 0.25 1.2 0.5 1.68 1.18 2.19 0 0

2 -6.38 0.448 -13.21 -999 -999 -999 -999 0.33 1.45 0.42 1.23 1.63 2.98 0 0

3 -1.78 4.489 -8.044 -999 -999 -999 -999 0.63 1.12 1.37 3.11 0.83 2 0 0

4 5.656 12.904 -1.593 -999 -999 -999 -999 2.85 5.14 0.31 1.24 0.08 0.47 0 0

10 7.668 14.197 1.14 -999 -999 -999 -999 4.36 11.4 0.23 0.91 0 0 0 0

11 1.909 7.511 -3.693 -999 -999 -999 -999 2.93 5.76 1.28 3.15 0.14 0.42 0 0

12 -4.6 0.953 -10.15 -999 -999 -999 -999 0.96 2.43 1.62 2.47 1.58 2.2 0 0

 

 

 The wind data obtained were transformed into u and v components for 

each station.  Mean monthly values and subsequent monthly mean average 

values were calculated using the same logic employed for the temperature data.  

The monthly mean maxima for the u and v components were also computed in 

much the same way as the monthly mean maximum temperatures.  There is a 

problem, however, with using the maximum u and v component data.  These 

data types are signed and essentially represent wind flow in only the northward 
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and eastward directions, respectively.  In order to represent the effect of wind in 

the north-south and east-west directions, the magnitudes of unsigned u and v 

components were used. 

 Precipitation data were divided into four categories using reasonable 

meteorological logic for temperature thresholds regarding precipitation type 

(Table 3.3).  Monthly totals of each liquid equivalent precipitation category were 

used to calculate the maximum values. 

 

Table 3.3. Classification of precipitation type according to temperature. 

TEMPERATURE RANGE PRECIPITATION TYPE 

Less than or equal to 27 degrees F Frozen 

Between 27.1 and 34.9 degrees F Mixed/Freezing 

Greater than or equal to 35 degrees F Liquid 

------------ Unknown 

 

b.  COOP station data   

 Monthly temperature data and daily precipitation data were obtained from 

the National Climatic Data Center (NCDC) for 51 COOP stations throughout New 

England for the desired months for the period 2001-2006 (Fig. 3.1).  These 

stations were selected based on their availability of data during those years.        

 Mean average monthly temperature data were calculated from the mean 

monthly temperature data provided from NCDC.  Maximum and minimum 

temperatures were determined for each month within the five year period.  

Monthly mean maximum and minimum temperatures were computed over all 

years for each station. 
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 The COOP precipitation data from NCDC originated from images scanned 

from the original hand written observations.  Therefore, it was necessary to 

manually determine the precipitation types and totals for all months for every 

station.  This proved to be a tedious process as more than 3,000 files were 

manually processed.  Precipitation type was determined using the same logic 

employed for the ASOS stations (Table 3.3).  Once the monthly precipitation 

totals were obtained, monthly mean and maximum values were computed.   

 
c.  Creation of gridded data using Barnes Analysis 

 Barnes Analysis was used to compensate for data sparse regions in New 

England.  Northern areas of Vermont, New Hampshire, and Maine are not well 

sampled by ASOS and COOP stations as seen in Fig 3.1.  Another reason for 

using Barnes Analysis was the lack of wind data from the COOP stations.  

Barnes Analysis proved useful for interpolating the ASOS stations’ u and v 

components over a grid.  It is acknowledged, however, this is an area where the 

methodology could be improved by future researchers.  The smoothing 

parameter (3 grid spaces, or 75 km) was selected based on prior research of 

climate zones using Barnes Analysis.  Stern et al. (1999) used a 25 kilometer 

grid spacing in the formation of climate zones across Australia.  A resolution of 

25 kilometers was selected for the creation of the grid and resulted in 357 grid 

points (Fig. 3.2).  Grid points were calculated using real longitude and latitude on 

a spherical surface.  However, the grid was displayed on a Mercator projection 

map, creating the illusion of grid points appearing closer together in the east-west 

dimension toward the southern edge of the map.   



 

26 

 

 

Figure 3.2. Grid used in Barnes Analysis overlaid on a map of New England.   
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This resolution was consistent with prior research from (Askelson et al, 2000).    

After Barnes interpolation was completed, in addition to u and v components, 

each grid point was assigned a value for the temperature and precipitation type 

for use in this research.  The data for each grid point will be employed in the 

statistical analysis to formulate the climate zones.     

 
d.  Principle Component Analysis 

 Principle component analysis (PCA) was performed to reduce the data 

matrix of grid points and variables.  Statistical Package for the Social Sciences 

(SPSS), a statistical software package, was chosen to perform PCA on the 

dataset using the correlation matrix.  Once the components were determined by 

SPSS, a selection of components to retain was based on the criteria described 

above.  This incorporated some of the selection procedures used by past climate 

researchers including Comrie and Glenn (1998) and Bunkers et al. (1995).  

Orthogonal rotation was applied to PCA for this research, in agreement with the 

rotational procedures used by Fovell and Fovell (1993).  PCA produced a set of 

components with associated eigenvalues and a percentage of variance 

explained.  Orthogonal rotation was then applied to the resulting eigenvectors to 

create a new set of principle components for better interpretation.  Using the 

rotated principle components solution, SPSS retained components if their 

corresponding eigenvalue exceeded one.  A scree plot was created using SPSS 

to confirm that eigenvalues greater than one were maintained.  Results from both 

PCA and the scree plot were compared to aid in the decision on how many 

components to retain that contained a sizable amount of the total variance 
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explained.  SPSS was also used to calculate the scores for the retained 

components for each grid point.  These scores were saved to a table along with 

the associated latitude and longitude for each grid point for use in cluster 

analysis. 

 

e.  Cluster Analysis 

 Cluster analysis was performed using the statistical software package 

SYSTAT.  The analysis was performed on the component scores using the 

average linkage method.  The squared Euclidian distance measure was 

incorporated for use in the average linkage method.  The number of resulting 

clusters to retain was determined using the pseudo-F index and the pseudo-T2 

index found in SYSTAT and STATA, respectively.  As noted above, these two 

indices ranked first and second respectively out of 30 stopping rules in a study by 

Milligan and Cooper (1985).  Examination of local peaks of pseudo-F values 

combined with the largest pseudo-T2 falls (smallest pseudo-T2 with increasing 

values on either side) was conducted to determine the number of clusters to 

retain.  To confirm the results of using the indices, a dendrogram was created in 

SYSTAT from the cluster analysis results.  The dendrogram was studied by 

identifying groups of similar grid points based on branches and sub-branches of 

the dendrogram tree.  Upon confirming the number of clusters to retain, SYSTAT 

was used to create cluster membership for each grid point.  Each cluster 

ultimately represents a climate zone.  The cluster membership solution with 
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respect to grid point location was saved as a table for easy importation into 

ArcMap.   

 Stepwise discriminant analysis was performed with SYSTAT to determine 

the successfulness of the classification of grid points to clusters.  Since the first 

principle component accounted for most of the variance, the variables 

demonstrating the highest correlation to that component were selected as the 

grouping variables.  These included the variables AvgMeanTmp, MeanTmpx, 

MeanTmpm, MagMeanUmax, MagMeanVmax, MeanLiq, and MeanLiqmax.  All 

of these variables had correlations greater than .70.  The predictor variable was 

the selected cluster membership.  

 
f.  ArcGIS analysis    

ArcGIS software, specifically the ArcMap module, was used to graphically 

describe the climate zones.  A North America Albers Conic projection with the 

NAD 1983 (NAD83) coordinate system was selected as the map projection.  The 

NAD83 was selected based on its popularity and NCDC’s use of this coordinate 

system in their point sources.  A colorized relief map of New England was 

selected as the primary layer for ArcMap (Fig. 3.3) to visually compare how the 

climate zones were oriented with respect to the geographical features found 

throughout New England.  These features included the Green and White 

Mountains, the Berkshire Mountains, Connecticut and Merrimack River Valley, 

and coastal areas of New England.   
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Figure 3.3. Colorized relief map of New England courtesy of ESRI.  

 

 

Results of the cluster analysis were imported into the software.  This 

included the cluster membership identification number (climate zone 

membership) for each grid point along with latitude and longitude attributes.  

Once the climate zone identification numbers for each grid point were overlaid 

with the relief map, a process on how to graphically delineate the zones had to 

be determined.  As a novice user to ArcGIS, it was difficult to find an easy 
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automated method to delineate zone boundaries based on break points of zones.  

As a result, boundaries were delineated within the software by manually drawing 

lines and inserting vertices along zone breakpoints.  Outside of country and 

ocean borders, political boundaries were largely ignored with regards to where 

zones began and ended.  

Once the climate zone boundaries had been graphically represented, the 

location of every line segment and vertex had to be determined for each zone.  

This information was crucial in being able to recreate the climate zones for use in 

the construction of the winter severity index.  This proved to be rather difficult as 

the particular map projection chosen in ArcMap gave the zone locations in linear 

units of meters in the respective data attribute table.  To overcome this issue, the 

default unit UTM meters were changed to decimal degrees within ArcMap.  Each 

zone was defined by decimal degrees and saved in a table along with their 

respective centroid location. 
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CHAPTER 4 

 
4.  Results  

a.  ASOS and COOP station means 

 The stations selected for this research did not have any significant data 

discrepancies or gaps.  This was despite the fact that the source for all of the 

data for the COOP stations involved copies of manually entered readings.  As a 

result, the outcome produced by the perl scripts for monthly means of each 

variable met expectations.   

 The use of gridded data was invaluable for several reasons.  The grid 

incorporated wind data from the ASOS stations throughout New England via 

interpolation, allowing for representation of areas sampled only by COOP 

stations.  The use gridded data also filled in any gaps in station coverage, 

particularly in Vermont, northern New Hampshire, and northern Maine. 

 
b.  Results of PCA 

 1) INITIAL PRINCIPLE COMPONENTS 

 The initial principle components and their associated eigenvalues 

produced by PCA were very effective in reducing the dimensionality of the 

dataset.  The scree plot indicated that the first three components contained 

eigenvalues greater than one (Fig. 4.1). This corresponded well with the statistics 

showing that the first three components explained most of the variance at 92.76 
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percent (Table 4.1).  This suggests that the first three components were to be 

retained. 

 

 

Figure 4.1. Scree plot for unrotated solution in PCA. 
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Table 4.1.  Results of PCA showing eigenvalues and variance for each component. 

 
 Total Variance Explained 
 

Component 

Initial Eigenvalues Extraction Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 9.444 62.962 62.962 9.444 62.962 62.962 

2 2.478 16.520 79.482 2.478 16.520 79.482 

3 1.992 13.277 92.760 1.992 13.277 92.760 

4 .660 4.397 97.157       

5 .178 1.188 98.345       

6 .104 .692 99.036       

7 .068 .456 99.492       

8 .031 .205 99.697       

9 .019 .125 99.822       

10 .013 .083 99.906       

11 .007 .047 99.953       

12 .004 .027 99.980       

13 .002 .012 99.992       

14 .001 .008 100.000       

15 2.28E-009 1.52E-008 100.000       

Extraction Method: Principal Component Analysis. 

 

 

 The first principle component accounted for most of the variance at 62.96 

percent.  The component matrix shows that most of the variables loaded well on 

the first component.  The temperature variables along with the variables 

MagMeanVmax  and MagMeanUmax loaded very well on the first component 

with values greater than .9 (Table 4.2).  The frozen and mixed precipitation 

variables had a negative association with values approaching -1.  The 

component score coefficient matrix also illustrates this very well with the frozen 

and mixed precipitation variables having a high negative correlation to the first 

component (Table 4.3).   
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Table 4.2.  Component matrix for the first three components. 

 
 Component Matrix(a) 
 

  

Component 

1 2 3 

AvgMeanTmp .932 .035 .333 

MeanTmpx .906 .010 .368 

MeanTmpm .941 .057 .298 

AvgMeanU .549 .345 -.675 

MagMeanUmax .838 .229 -.463 

AvgMeanV .618 .501 -.585 

MagMeanVmax .917 .254 -.222 

MeanLiq .730 .372 .492 

MeanLiqmax .713 .337 .517 

Meanmixedfrz -.900 .275 .106 

Meanmixfrzmax -.876 .319 .208 

Meanfrzn -.930 .215 -.032 

Meanfrznmax -.944 .194 -.007 

Meanunk .410 -.843 -.125 

Meanunkmax .316 -.873 -.122 

Extraction Method: Principal Component Analysis. 
a.  3 components extracted. 
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Table 4.3.  Component score coefficient matrix for unrotated PCA solution. 

 
 Component Score Coefficient Matrix 
 

  

Component 

1 2 3 

AvgMeanTmp .099 .014 .167 

MeanTmpx .096 .004 .185 

MeanTmpm .100 .023 .150 

AvgMeanU .058 .139 -.339 

MagMeanUmax .089 .093 -.232 

AvgMeanV .065 .202 -.294 

MagMeanVmax .097 .102 -.111 

MeanLiq .077 .150 .247 

MeanLiqmax .076 .136 .260 

Meanmixedfrz -.095 .111 .053 

Meanmixfrzmax -.093 .129 .104 

Meanfrzn -.099 .087 -.016 

Meanfrznmax -.100 .078 -.004 

Meanunk .043 -.340 -.063 

Meanunkmax .033 -.352 -.061 

Extraction Method: Principal Component Analysis. 
 

 

 

This suggests that the first component reflects the influence of frozen or freezing 

precipitation along with temperature and wind.  Specifically, the magnitude of the 

mean maximum winds in both the U and V components seem to correspond to 

maximum and minimum temperature along with overall mean temperature.  This 

is not too surprising as stronger winds in a particular direction would indicate the 

strength of a given synoptic weather pattern.  However, as mentioned in the 

previous chapter, this is an area where the methodology could be improved by 

future researchers.      

 The second and third principle components accounted for a small amount 

of the total variance at 16.52 and 13.28 percent respectively.  The component 

matrix for the second component indicates all of the variables with the exception 
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of the unknown precipitation variables have a good loading on the second 

component (Table 4.2).  These variables have a significant negative relationship 

with this component with values approaching -1.  The component score 

coefficient matrix also illustrates the poor correlation with the second component 

(Table 4.3).  The second component suggests a conflict with unknown 

precipitation types versus known precipitation types, temperature, and wind.   

 The component matrix for the third principle component indicates 

temperature, liquid precipitation, and mixed precipitation have good loadings 

(Table 4.2).  Wind, unknown precipitation, and frozen precipitation have a 

negative loading.  This is supported in the component score coefficient matrix 

which also shows a poor correlation with the third component (Table 4.3).  This 

suggests the influence of wind and unknown precipitation versus temperature 

and known precipitation. 

 
 2) ROTATED PRINCIPLE COMPONENTS 

 Orthogonal rotation was applied to the initial principle components to 

better interpret the eigenvectors as discussed earlier in the background chapter 

of this paper.  The orthogonal rotation produced a new set of eigenvectors and 

eigenvalues.  The new set of principle components reduced the dimensionality of 

the data set just as effectively as the initial components (Table 4.4).  Eigenvalues 

greater than one were retained.  As a result the number of components to retain 

remained at three. 
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Table 4.4.  Results of rotated PCA showing eigenvalues and variance for each component. 

 
Total Variance Explained 

 

Component Initial Eigenvalues Rotation Sums of Squared Loadings 

  Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 9.444 62.962 62.962 6.153 41.020 41.020 

2 2.478 16.520 79.482 4.143 27.619 68.639 

3 1.992 13.277 92.760 3.618 24.121 92.760 

4 .660 4.397 97.157       

5 .178 1.188 98.345       

6 .104 .692 99.036       

7 .068 .456 99.492       

8 .031 .205 99.697       

9 .019 .125 99.822       

10 .013 .083 99.906       

11 .007 .047 99.953       

12 .004 .027 99.980       

13 .002 .012 99.992       

14 .001 .008 100.000       

15 2.28E-009 1.52E-008 100.000       

Extraction Method: Principal Component Analysis. 

 

 

The first three components accounted for the same total variance as the 

unrotated solution.  However, each component had differing amounts of variance 

than in the unrotated solution.  The first three components accounted for 41.02, 

27.61, and 24.12 % of the variance, respectively.  The rotated solution suggests 

a more evenly distributed amount of variance amongst the retained components.   

 The first component accounted for 41.02% of the total variance. The 

component matrix shows that most of the variables loaded well on the first 

component.  The temperatures variables loaded very well on the component with 
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values greater than .9 (Table. 4.5).  This was unchanged from the unrotated 

solution.   

 

 

Table 4.5.  Rotated component matrix for the first three components. 

 
 Rotated Component Matrix(a) 
 

  

Component 

1 2 3 

AvgMeanTmp .913 .254 .288 

MeanTmpx .910 .204 .294 

MeanTmpm .902 .294 .279 

AvgMeanU .056 .934 .035 

MagMeanUmax .381 .881 .219 

AvgMeanV .197 .963 -.093 

MagMeanVmax .597 .750 .186 

MeanLiq .934 .160 -.124 

MeanLiqmax .930 .118 -.104 

Meanmixedfrz -.545 -.447 -.632 

Meanmixfrzmax -.454 -.495 -.679 

Meanfrzn -.668 -.383 -.566 

Meanfrznmax -.667 -.417 -.557 

Meanunk .047 -.019 .944 

Meanunkmax -.027 -.082 .933 

Extraction Method: Principal Component Analysis.  
 Rotation Method: Varimax with Kaiser Normalization. 
a  Rotation converged in 4 iterations. 
 

 

 

Poor correlation can be seen among the frozen and mixed precipitation variables 

as the unrotated solution also demonstrated.  Both solutions showed values for 

these variables approaching -1.  The component score coefficient matrix also 

illustrates this well with the frozen and mixed precipitation variables having a high 

negative correlation (Table. 4.6).   
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Table 4.6.  Component score coefficient matrix for rotated PCA solution. 
 
 Component Score Coefficient Matrix 
 

  

Component 

1 2 3 

AvgMeanTmp .182 -.069 -.002 

MeanTmpx .189 -.087 .002 

MeanTmpm .174 -.051 -.007 

AvgMeanU -.141 .341 -.041 

MagMeanUmax -.061 .258 -.005 

AvgMeanV -.094 .335 -.102 

MagMeanVmax .024 .175 -.032 

MeanLiq .246 -.087 -.147 

MeanLiqmax .249 -.103 -.138 

Meanmixedfrz -.014 -.047 -.148 

Meanmixfrzmax .024 -.077 -.172 

Meanfrzn -.065 -.006 -.115 

Meanfrznmax -.060 -.020 -.110 

Meanunk -.080 -.063 .334 

Meanunkmax -.089 -.074 .340 

Extraction Method: Principal Component Analysis.  
 Rotation Method: Varimax with Kaiser Normalization. 
 

 

 

Differences between the two solutions can be seen with how well the other 

variables loaded on the component.  The MeanLiq and MeanLiqmax variables 

had values greater than 0.9 for the rotated solution while the unrotated solution 

showed more of an importance with the wind variables.  The first component in 

the rotated solution suggests an importance with temperature and liquid 

precipitation.  This is not surprising as temperature has a direct influence on 

precipitation types.  However, one would expect the other precipitation variables 

to correlate well with temperature.  This is something that should be examined 

more closely in future research. 
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   The second component accounted for 27.62% of the total variance.  The 

rotated component matrix shows that the wind variables loaded well on this 

component.  AverageMeanU and AverageMeanV in particular loaded very well 

with values exceeding 0.9 (Table 4.6).  This was in stark contrast with the 

unrotated second component where there was no clarity as to which variable 

exhibited importance on the component.  The temperature and liquid precipitation 

variables also demonstrated positive correlation, albeit weak.  The frozen and 

mixed precipitation variables demonstrated poor correlation with the component, 

which was very similar to the rotated solution for the first component.  This 

suggests that the second component in the rotated solution reflects the influence 

of frozen or freezing precipitation versus temperature and wind.  This is 

comparable with the first component in both unrotated and rotated solutions.  

There also seems to be an importance of thermal and wind variations in the 

second component, which is also very similar to the unrotated first component.  

One might conclude that by implementing orthogonal rotation, the amount of 

variance explained decreases involving a thermal and wind relationship.  This 

would put more emphasis on the temperature and liquid precipitation relationship 

where most of the variance can be explained.       

The third component in the rotated solution accounted for 21.12% of the 

total variance.  The rotated component matrix shows that the unknown 

precipitation variables loaded very well on the component with values exceeding 

0.9 (Table 4.6), which is in contrast to the negative loading exhibited in the 

rotated solution.  Weaker positive correlations exist among the temperature and 
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wind variables which is relatively unchanged from the rotated solution.  The 

frozen and mixed precipitation variables continue to exhibit negative correlation.  

This continues the trend seen in the first two retained components in the rotated 

solution.  As a result there seems to be a conflict between unknown and known 

precipitation types.  Relationships as such can be expected as one would not 

expect a positive relationship among the two types of variables as it relates to the 

component.   

                                                                                                                                                                    
c.  Results of cluster analysis  

 
Component scores from the PCA were used to perform cluster analysis in 

Systat (Table 4.7).  The pseudo-F and pseudo-T2 index were created from the 

software to determine the number of clusters to retain.  As discussed in earlier 

chapters, these indices represent the two highest ranked stopping rules for 

retaining clusters.  Examination of the pseudo-F index reveals two local peaks at 

5 and 9 clusters (Fig. 4.2).  The pseudo-T2 index shows two distinct valleys also 

at 5 and 9 clusters (Fig. 4.2).   
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Table 4.7.  A sampling of principle component scores for each grid point used in cluster analysis. 

LAT LONG PC1 PC2 PC3

47.370455 -69.264409 -2.1377457 -0.2673028 2.1108585

47.370455 -68.932153 -2.1561324 -0.120943 2.2168927

47.370455 -68.599897 -2.1624577 -0.035379 2.2415284

47.370455 -68.26764 -2.1581531 0.0035126 2.2090988

47.370455 -67.935384 -2.1406784 0.0099449 2.1410461

47.145432 -69.614983 -2.0011924 -0.6045525 1.5628998

47.145432 -69.284136 -2.001456 -0.382281 1.7409009

47.145432 -68.953289 -2.0164253 -0.1825485 1.8788905

47.145432 -68.622441 -2.0334615 -0.0406614 1.9487204

47.145432 -68.291594 -2.0400331 0.0436161 1.9542258

47.145432 -67.960746 -2.0326051 0.0845465 1.9160463

47.145432 -67.629899 -2.0134075 0.0924744 1.851479

46.92041 -69.962536 -1.9244142 -0.8794735 1.1265788

46.92041 -69.63308 -1.8821697 -0.7157496 1.2191599

46.92041 -69.303625 -1.8573485 -0.4944805 1.3639415

46.92041 -68.97417 -1.8592837 -0.2606859 1.5118125

46.92041 -68.644714 -1.877125 -0.0691229 1.6168904

46.92041 -68.315259 -1.8900947 0.0590422 1.656734

46.92041 -67.985804 -1.8890563 0.1310384 1.6455745

46.92041 -67.656348 -1.8710917 0.1590489 1.5995051

46.695387 -69.97904 -1.807938 -0.9529716 0.8285883

46.695387 -69.65096 -1.7482957 -0.8104678 0.8868517

46.695387 -69.32288 -1.6942579 -0.6098861 0.9889274

46.695387 -68.9948 -1.6697876 -0.374286 1.1235281

46.695387 -68.66672 -1.6740399 -0.1535971 1.2399466

46.695387 -68.33864 -1.6825595 0.0070676 1.2985618

46.695387 -68.01056 -1.6801305 0.1023039 1.3063334

46.695387 -67.68248 -1.6565015 0.1428205 1.268866

46.470365 -69.995347 -1.6714646 -1.0441372 0.544665

46.470365 -69.668626 -1.5936128 -0.9152348 0.5838512

46.470365 -69.341905 -1.5057759 -0.7403316 0.6465039

46.470365 -69.015184 -1.4408011 -0.5284601 0.7419444

46.470365 -68.688463 -1.4124872 -0.3128381 0.8376171

46.470365 -68.361742 -1.4014857 -0.1466537 0.8935641

46.470365 -68.035021 -1.3825669 -0.0465001 0.8928895

46.470365 -67.708299 -1.3424992 -0.0095937 0.8469989

46.245342 -70.336838 -1.5670622 -1.244552 0.276576

46.245342 -70.011459 -1.517776 -1.1669256 0.3308826

46.245342 -69.686081 -1.421747 -1.0522823 0.361018

46.245342 -69.360703 -1.3008221 -0.9012581 0.3974075

46.245342 -69.035324 -1.1887969 -0.719838 0.4429747

46.245342 -68.709946 -1.1129458 -0.5387491 0.4877858

46.245342 -68.384568 -1.0598976 -0.3966118 0.4892343

46.245342 -68.059189 -1.0076372 -0.3168945 0.4488916

46.245342 -67.733811 -0.9366666 -0.3022697 0.3650828

46.02032 -70.351432 -1.3630288 -1.3303137 0.0043768

46.02032 -70.02738 -1.327619 -1.2943888 0.1439145  
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Figure 4.2.  Pseudo-F and Pseudo-T
2
 index plot from cluster analysis. 
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A dendrogram was created within Systat to better determine whether to 

retain 5 or 9 clusters with each cluster ultimately representing a climate zone.  

The dendrogram shows 5 broad branches containing most of the grid points.  

However, closer examination reveals 9 sub-branches in the dendrogram tree 

(Fig. 4.3).  Since a goal of this research is to produce a finer resolution of climate 

zones, the 9 cluster solution was selected.  Cluster membership for each grid 

point was created using Systat.                                                                                                       
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Figure 4.3.  Dendrogram tree with broad climate regions (blue) and climate zones (red). 
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Stepwise discriminant analysis was utilized to assess the validity of the 9 

clusters or climate zones.  The Jackknife procedure used the cluster membership 

for each grid point in performing the discriminant analysis.  As previously 

discussed the Jackknife procedure reclassifies each grid point to their respective 

cluster and calculates a success rate.  Since the first principle component 

accounted for most of the variance, the variables demonstrating the highest 

correlation to that component were selected as the grouping variables.  The 

results of the Jackknife procedure indicate a fairly successful reclassification of 

grid points to their associated zone (Table 4.8).   

 

 

Table 4.8.  Jackknife classification matrix for stepwise discriminant analysis of clusters. 

                                     Number of cases classified into following clusters: 

Cluster 1 2 3 4 5 6 7 8 9 %Correct 

1 31 0 0 0 0 0 0 0 0 100 
2 2 41 0 1 0 0 0 0 0 93 
3 0 6 71 0 4 7 0 0 0 81 
4 0 0 0 17 0 0 0 0 0 100 
5 0 0 2 0 31 3 0 3 0 79 
6 0 0 4 0 4 8 3 1 0 40 
7 0 0 0 0 5 2 10 0 0 59 
8 0 0 0 0 5 0 0 68 1 92 
9 0 0 0 0 0 0 0 0 27 100 

Total 33 47 77 18 49 20 13 72 28 85 

 

 

 

A total of 85% of the grid points were correctly reclassified into their 

respective cluster.  Clusters 1, 4, and 9 demonstrated 100% successful 
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classification rates.  Clusters 2, 3, and 8 showed that greater than 75% of their 

associated grid points were correctly reclassified.  Cluster 6 and 7 demonstrated 

the poorest reclassification rate of 40 and 59%.  Cluster 6 contained only 20 of 

the 357 total grid points.  The reclassification procedure correctly classified 8 of 

the 20 grid points.  Eleven of the remaining 12 grid points were classified in 

adjacent clusters focused in southern Maine, suggesting uncertainty in eventual 

zone boundaries for these clusters.  Most of the misclassified grid points in 

cluster 7 were located in adjacent clusters 5 and 6.  This also suggests 

uncertainty with placement of climate zone boundaries.  A decision was made to 

keep these cluster memberships unchanged, preserving the eventual zone 

boundary.   

 
d.  Graphical representation of climate zones 

 The corresponding cluster membership for each grid point was imported 

into the ArcMap module of ArcGIS.  The resulting map shows each grid point’s 

cluster identification (Fig. 4.4).   
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Figure 4.4.  Cluster identification for each grid point overlaid on colorized relief map (courtesy of 

ESRI). 

 

 

The map reveals that all but one cluster is continuous with respect to the location 

of associated grid points.  The fifth cluster exposes some discontinuities.  A large 

number of associated grid points are concentrated over central New Hampshire 

and Vermont.  However, there are a very small number of grid points associated 

with the fifth cluster over southeastern Maine.  This presents a problem with 

regards to zone delineation.  A decision to classify each area as a separate zone 

was made since continuous zones are desired.  This would result in 10 climate 

zones instead of 9 upon delineation of zone boundaries (Fig. 4.5).  All of the 

climate zones kept the same numbering sequence as the clusters with the 
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exception of zone 3 and 4.  The numbering for these zones was switched from 

their cluster numbers to preserve sequential representation on the climate zone 

map. Zones were grouped into broad regions and given a geographic name for 

easier reference (Table 4.9).   

 

 

Figure 4.5.  Climate zones overlaid with colorized relief map (courtesy of ESRI). 
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Table 4.9.  Climate regions with associate climate zones. 

Climate Regions Climate Zones 

Coastal Maine 3, 5, 6, 7 
Upland  8 
Southern 9, 10 
Northern 1, 2 
Mountain 4 

 

 

 

  

 The pattern of the regions suggests that winter temperature and 

precipitation are influenced by geography.  The Coastal Maine region consists of 

the Coastal Lowlands in Maine.  Winter temperature and precipitation are 

influenced by proximity to the Atlantic Ocean.  One can validate this statement 

with a comparison of the data from the stations within this region which show a 

moist and relatively warm marine climate. 

 The Upland region is located in southern Vermont, southern New 

Hampshire, and central Maine.  Within this region are the Merrimack Valley, The 

Hill and Lakes area, and the Connecticut River Valley.  The Southern region 

contains the states of Massachusetts, Rhode Island, and Connecticut.  This 

region is characterized by the Coastal Lowlands, Connecticut River Valley, and 

the Berkshire Mountains.   Zones in these regions are influenced by the ocean as 

well as hilly and mountainous terrain. 

 The Northern region is characterized by the northern extent of the 

Appalachian Mountains in northern Maine.  The Mountain region comprises 

predominately of the Green and White Mountains.  These mountain chains are 

located in northern Vermont and New Hampshire.  There is a small area that 

extends eastward through central Maine.  Referring back to Table 4.8, this area 
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contains most of the misclassified grid points for zone 4 (Cluster 3).  Both of 

these regions suggest that temperature and precipitation are influenced primarily 

by mountainous terrain.  It is here that the coldest and drier weather is found as 

supported by the station data within this region. 

 One of the goals of this research was to create climate zones in New 

England that improved upon the climate regions created at the National Climatic 

Data Center (NCDC) (Guttman and Quayle, 1996) which are based on annual 

variable data.  A comparison of the NCDC zones with the climate zones created 

in this research reveals additional climate zones in Maine as a result of this 

research (Fig. 4.6).  Most of the additional zones are focused near the Maine 

coastline.  There was a slight improvement in New Hampshire where one 

additional zone was created.  However there was a decrease in the number of 

climate zones in the rest of New England.  This decrease in the number of zones 

is likely due to the exclusion of elevation data in the grid.   
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Figure 4.6.  Comparison of climate zones with zones from NCDC. 

 

 

 

 A comparison of the Maine climate zones from Briggs and Lemon (1992) 

shows a reasonable agreement with regards to overall boundaries in the state of 

Maine (Fig. 4.7).  This is despite the seasonal use of temperature and 

precipitation variables compared to winter variables used in this research.  This 

results in increased confidence in the decision to keep clusters 6 and 7 

unchanged despite the low reclassification rate discussed earlier.   
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Figure 4.7.  Comparison of climate zones with Briggs and Lemin (1992) climate zones of Maine. 
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CHAPTER 5 

 

5.  Summary and Conclusions 

A classification of climate zones in New England was developed using 

multivariate analysis of meteorological data collected from surface weather 

stations.  This was part of a larger project to define winter severity indexes for 

New England that will help determine the cost-benefit of new winter season 

technologies, crew training, and the efficiency of winter road maintenance 

practices.  

Data were gathered from ASOS and COOP stations throughout New 

England during the winter months from 2001-2006.  The data consisted of 

precipitation type, temperature, and wind.  The mean and maximum of each 

variable were computed over each month.  PCA was performed on the results to 

reduce the dimensionality of the dataset.  Cluster analysis yielded nine climate 

zones, one of which was discontinuous.  An additional climate zone was created 

as a result to keep continuity among the other zones.  Stepwise discriminant 

analysis was performed to determine the successfulness of the classification of 

grid points to clusters.  Finally, boundaries were delineated based on grid point 

cluster assignments in ArcGIS.   

 The relatively low reclassification success rate illustrates the difficulties in 

producing detailed climate zones versus broad climate regions.  This is 

particularly true for this research as the lack of weather stations in northern New 

England proved difficult to overcome.  Barnes Analysis was helpful in attempting 
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to compensate for the lack of data in that part of New England.  However some 

generalization was likely introduced.  This is particularly true given the absence 

of wind data for the COOP stations.   

 It is acknowledged that although a five year dataset is adequate; a longer 

dataset would more effectively account for the inherent variability of winter 

seasons.  This is especially true given the use of temperature and precipitation 

averages in the creation of climate zones in this research.  A smaller dataset 

could potentially create more of a bi-modal distribution of extremes in 

temperature and precipitation given a large variability of seasons.  This would 

create means that would be unrepresentative of the climate even though the 

statistical correlations could be somewhat useful. 

 There was no in situ representation of the higher elevations as most of the 

weather stations are located in lower elevations.  This most likely prevented more 

climate zones in the mountainous areas of New England.  The exclusion of 

elevation data for each weather station also could have possibly prevented a 

more detailed resolution in the zones, particularly outside of Maine.  The extent 

of how the orientation of the zones would differ is questionable.   

 The resulting climate zones from this research will be useful in the 

formation of the NEWSI.  Further improvements of these zones are possible with 

the inclusion of additional (non-ASOS or COOP) weather stations in northern 

New England, particularly those equipped with wind data.  The inclusion of a 

digital elevation model in the analysis would also be beneficial for interpolation 

over data sparse mountainous terrain.  
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