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ABSTRACT 
 

Eversource Energy, formerly Public Service of New Hampshire (PSNH), 

has worked closely with Plymouth State University (PSU) in the past, and 

present, to better predict weather-related power outage events and maximize the 

efficiency with which Eversource responds to them. This research paired weather 

data from thirteen stations throughout New Hampshire, Vermont, and 

Massachusetts with Eversource Trouble Report and Unsatisfactory Performance 

of Equipment Report (TRUPER) data in an effort to quantify weather situations 

that lead to power outages. The ultimate goal involved developing a predictive 

model that uses weather data to forecast the magnitude of power outages. The 

study focused on the Eversource Western/Central service territory and utilized 

data from 2006-2010. The first four years, 2006-2009, were analyzed using 

Classification and Regression Tree (CART) statistical analysis. The results of this 

CART analysis trained a predictive model, while the fifth year, 2010, served as 

the testing set for the predictive model. 

 To conduct the statistical analysis, a database was created pairing 

TRUPER reports with the closest available hourly weather observations. The 

database included nine weather variables matched with three variables from the 

TRUPER data: 1) customers, 2) customer minutes, and 3) outage duration. While 

the entire Eversource service territory saw 91,286 TRUPERs from 2006-2010, 

the Western/Central service territory, the focus of this study, accounted for 

29,430. Before conducting the CART analysis, correlations between single 

weather variables and TRUPER data were calculated and, in general, proved 
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weak. In addition to analyzing the complete four-year training data set, many 

portions/variations of the data set were analyzed. The analyses included a yearly 

analysis, time lag analysis, cold/warm-season analysis, and a single-station 

analysis. Although individual years and smaller data sets showed moderately 

higher correlations between weather and outage data, consistent relationships 

throughout the data set were fairly weak. CARTs were then created to examine 

the joint effect of the entire set of weather variables, such as interactions and 

nonlinear relationships, to improve the overall predictability of power outages. 

After creating the trees from the four-year training data set, their predictive ability 

was tested using the final year of data.  

 The CART predictive models showed that among Eversource TRUPER 

variables, the hardest to predict was customers per TRUPER. The best 

performing model predicted customers per TRUPER to an average error of 96 

customers, or a percent mean average error (PMAER) of 131% of 2010 

customers per TRUPER. This result could deal with the high variability seen in 

customer outages per TRUPER, across a single weather event, driven by widely-

varying population and customer density.  The most accurately predicted 

TRUPER variable, outage duration, saw average PMAER values of 60% of the 

mean (e.g., if mean duration per TRUPER for the year was 100 minutes, the 

model would miss on average by 60 minutes). Overall, the model results show 

surface weather data has a weak correlation to the TRUPER variables analyzed. 

The model can predict situations when one would expect longer duration outages 

but is unable to accurately predict the magnitude of these variables. When 
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adapting the predictive models to smaller portions of the data set, warm-season 

data showed the greatest predictability, considerably outperforming the other 

data sets (cold-season, 2006-2009, and single station). Cold-season showed the 

greatest volatility and, not surprisingly, proved the most difficult to predict.
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CHAPTER 1 
 

1.  Introduction 
 
 Eversource Energy, formerly Public Service of New Hampshire (PSNH), is 

the largest electrical supplier in the state of New Hampshire with over 500,000 

customers, including residents and businesses (Northeast Utilities 2015). With so 

many individuals relying on Eversource to keep the lights on, it’s easy to 

understand why they want to operate as efficiently as possible. Part of the 

efficiency with which the utility operates deals with something seemingly 

unpredictable: the weather. In the northeastern United States, weather plays a 

large, if not the largest, role in the day-to-day lives of the people who call the 

region home. Residents can ill-afford to be without power for an hour, let alone 

several. Effects felt by residents of the state during weather-related power 

outages are only amplified when they occur during the bitterly cold winter 

season. In those winter months the business of restoring power isn’t only a 

matter of potential economic loss for Eversource, but also a matter of life and 

death. The Granite State is all too familiar with events like those described 

above, as is Eversource, with recent years offering some of the worst widespread 

weather-related power outages in recent memory. Events like the October 2011 

Snow Storm, Tropical Storm Irene, and the 2008 Ice Storm have only enhanced 

the pressure felt by Eversource, and utilities across the country, to identify storms 

capable of producing widespread power outages as early as possible. With so 

much riding on forecasting the weather, its impacts on the livelihoods of New 
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Hampshire residents, and the economic ramifications for Eversource, it only 

makes sense the utility would make efforts to better prepare for and predict these 

devastating storms. To accomplish these goals, they turn to an in-state resource 

with whom they have a long-standing relationship and have worked with 

previously to address the same problem. 

Eversource has worked closely with Plymouth State University (PSU) in 

the past, and present, to better predict weather-related power outage events and 

maximize the efficiency with which they respond to them. The first collaboration 

between Eversource and PSU dates back to 2005 when Michael Nahmias 

conducted a preliminary analysis on major (more than 100 outages in a single 

event) weather-related power outage events occurring from January 1996 to 

August 2004 (Nahmias 2005). In this research he divided each major outage 

event occurring between January 1996 and August 2004, and attributable to 

weather, into an event type. It was discovered that 68 major weather-related 

outage events occurred over that ~8 year span and they could be categorized 

into four event types: winter storm, thunderstorm, wind storm and heat wave. 

Wind storms represented the most common outage type over the eight-year span 

while heat waves represented the least. Nahmias (2005) noted that the timing of 

peak frequency of winter storms was occurring in February, March and 

November rather than December and January. He then delved into winter storms 

more closely to identify why they were occurring more frequently outside of the 

mid-winter months. He primarily analyzed the wind, temperature, pressure and 

storm track of winter storms surrounding the time of peak outage. Nahmias 
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(2005) concluded winter outage events often followed a central track to the south 

and east of New Hampshire while having temperatures between 30°F and 35°F 

and light wind speeds. The temperature range indicated heavier and wetter 

snow, sleet, and freezing rain were more prevalent during these outage events 

near the time of peak outages. Following the groundwork laid by Nahmias’ 

research, Bridget Bixby took the PSU/Eversource collaboration to the next level. 

The next phase of the collaboration between PSU and Eversource took 

place in 2006 and focused on creating an operational decision tool that 

incorporated the findings from the Nahmias portion of the initial study (Bixby 

2006). Bixby accomplished this goal through the creation of a website for use by 

Eversource personnel. Along with a decision-making tool based on results from 

Nahmias’ study, Bixby also consolidated a wealth of relevant weather forecasting 

and real time data into easily navigable sections on a website for use by 

Eversource personnel. The decision-making tool consisted of an interactive 

process that would prompt the user for information pertaining to the weather 

forecast. The tool integrated user input with the climatology for major outage 

events analyzed by Nahmias in an effort to provide an overall likelihood that a 

major power outage event would occur and the appropriate course of action. An 

additional section included model output from the GFS and NAM models, satellite 

imagery, real time radar data, and a clickable map linking the user to the 

appropriate National Weather Service (NWS) meteogram showing hourly 

forecast data for several days forward. Another helpful section of the site 

provides Eversource personnel with extensive reference material to enhance 
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their ease of understanding when dissecting the weather forecasts and real time 

data. This section further reinforces the user’s understanding by including a short 

summary of the findings from the research and analysis conducted by Nahmias. 

After Nahmias’ climatological assessment of major outage events and Bixby’s 

creation of a categorical, weather-based decision tool for Eversource personnel, 

the third collaboration between PSU and Eversource could commence. 

The overarching goal of this study, the third installment of research 

between PSU and Eversource, involved laying the foundation for a potential real-

time operational power outage prediction model. This model would be the result 

of a statistical analysis of the relationship between observed weather and power 

outages. The model would then utilize current weather conditions and forecasts 

from throughout the state to predict total storm outages and, ideally, regional 

outage information. Having more localized and regional outage forecasts allows 

Eversource to best distribute their resources and restore power to its customers 

as quickly and efficiently as possible. The first step towards creating this model 

involved the creation of a five-year database (from 2006-2010) comprised of 

Eversource Trouble Report and Unsatisfactory Performance of Equipment 

Report (TRUPER) data from their Western/Central service territory paired with 

hourly weather data from nearby stations throughout New Hampshire, 

Massachusetts, and Vermont. Pairing the TRUPER data with nearby weather 

observations represents a crucial step towards understanding how specific 

weather conditions may have led to the eventual outage. The Western/Central 

service territory, as defined by Eversource, was chosen as a testing bed for this 
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study to determine whether the approach/results were sound prior to expanding 

the model to include the rest of the state. This area also spans across a large 

and dynamic, both meteorologically and topographically, area that provides a 

challenging starting point for this study. 

Upon completion of this database, the second objective involved a 

thorough statistical analysis of the data including correlations, linear regression, 

and the creation of Classification And Regression Trees (CARTs). This statistical 

analysis would help identify the existence of preliminary relationships between 

the weather observations and the TRUPER data. Additionally, the information 

gathered from this preliminary analysis would help narrow the focus so only the 

most meaningful and impactful variables were involved in the modeling phase of 

this study. 

The third and final objective, following the conclusion of the preliminary 

statistical analysis, required the creation of a model based on the information 

gathered through the completion of the second objective. This model was trained 

using the first four years from the database (2006-2009) and tested against the 

last years’ worth of data (2010) from the database. A number of sensitivities were 

tested in this predictive model including: 1) various combinations of 

meteorological variables, 2) varying types of statistical methods , 3) modified 

wind gust data (where data may have been missing or unrecorded), 4) 

separation of cold and warm-season, and 5) an analysis for a single weather 

station. This model, and the results from the various runs, would provide the 
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proper foundation for the expansion of and adaptation to a real-time operational 

power outage prediction model for use by Eversource. 
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CHAPTER 2 
 

2.  Data and methods 
 
a. Data 
 

1)  EVERSOURCE TRUPER DATA 

The Eversource TRUPER database consists of every TRUPER report filed 

from 2006-2010 in the state of New Hampshire coinciding with a weather event. 

Eversource provided this data in the form of a Microsoft Access database. The 

original database contained a great deal of information including the outage 

location down to the street level, an Eversource-defined major storm indicator, 

and much more. This stage of the study focused only on TRUPERs occurring in 

the Eversource Western/Central service territory, which led to the removal of all 

TRUPERs falling outside this region. The final data set was pared down to 

contain nine variables: date and time stored in WHOI format 

(YYYYMMDDHHMM), Eversource service territory (Western/Central), 

Eversource Area Work Center (AWC), TRUPER identification number, town in 

which the outage occurred, Eversource-defined major storm indicator, customers 

affected on a single TRUPER, duration of the outage on a single TRUPER and 

customer minutes on a single TRUPER (variable representing the multiplication 

of customers affected by the outage duration). Similar to the majority of data 

sets, this one came with some obvious limitations. 

One limitation involving the TRUPER data dealt with the concept of 

something deemed a “non-outage” by Eversource. This notation could occur as 

the result of two possible scenarios: 1. During the course of a power restoration 
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effort by Eversource, the duration of an outage and time restored went 

unmeasured. 2. The customer never actually lost power but still needed repairs 

made to Eversource equipment (cracked pole, limb on a line, etc.). Additionally, 

during particularly large-scale outage events, Eversource may enlist help from 

other utilities who may not have the same recording practices for power 

restoration efforts. With such great uncertainty surrounding this variable, the non-

outage data went unused in the final analysis despite Eversource still requiring 

resources to address it. 

Another limitation surrounding the 

Eversource data deals with identifying a power 

outage as weather related. If an outage occurs 

during the course of a weather event, Eversource 

considers the outage attributable to the weather. In 

actuality, there exists a gray area making the 

delineation between weather-related and non-

weather related difficult. If a car travels off the road 

during a thunderstorm knocking out power to a full 

city block, is it a weather-related outage? 

Ultimately, this scenario went unaccounted for due to the expectation only a 

small percentage of the total data set fell into this category. 

2)  PLYMOUTH STATE WEATHER DATA 

The weather data, provided by the Plymouth State Weather Center, came 

from thirteen weather stations across New England (Fig. 1) and comprised each 

Figure 1 - New Hampshire map 
displaying meteorological stations used 
in this study 



9 
 

hourly observation from 2006-2010 in a decoded format. The stations used for 

this study include: Nashua, NH (KASH), Concord, NH (KCON), Rochester, NH 

(KDAW), Keene, NH (KEEN), Whitefield, NH (KHIE), Laconia, NH (KLCI), 

Lebanon, NH (KLEB), Plymouth, NH (K1P1), Jaffrey, NH (KAFN), Manchester, 

NH (KMHT), St. Johnsbury, VT (K1V4), Springfield, VT (KVSF), Orange, MA 

(KORE). METAR, after rough translation from French, stands for Aviation 

Routine Weather Report (METAR 2013). METAR formatting is used throughout 

the world to encode weather observations in a format that spans not only 

languages but also professions. Each station file contained hourly data for 

seventeen recorded meteorological variables: temperature (T,°F), dewpoint 

temperature (TD,°F), relative humidity (RH,%), wind direction (DIR, nearest five 

degrees measured from north), wind speed (SPD, knots), wind gust (GST, 

knots), station pressure (ALT, inches of mercury), sea-level pressure (SLP, hPa 

or millibar), visibility (VIS, statute miles), ceiling height (CIL, feet), sky cover 

(COV), weather (WX), 6-hour maximum temperature (MAX, °F), 6-hour minimum 

temperature (MIN, °F), precipitation in previous 6 hours (PR6, inches), 

precipitation in the previous 24 hours (PR24, inches), and the snow depth (SC, 

inches) (Key 2013). The final weather data set contained ten variables 

considered most directly influential to power outage frequency and duration: 

temperature, dewpoint temperature, relative humidity, wind direction, wind speed, 

wind gust, station pressure, visibility and ceiling height. Each of the thirteen 

stations utilized in this study are automated and the data they produce also 

comes with certain limitations. 
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One of the biggest limitations within the weather data lay in the 

susceptibility of a weather station to malfunction or fail to report any data at a 

scheduled observation. Several reasons are possible for malfunction at these 

automated weather sites including weather, data feed issues or improper power 

backup in the event of power outages. With the instrumentation constantly 

exposed to the elements there also exists the potential for the weather station to 

incur damage and require repair or recalibration due to icing, debris impact or 

other weather-related mishaps. The NWS goes to great lengths to minimize the 

opportunity for these problems to occur, but in the end they still do. The use of 

thirteen weather stations in this study combined with an algorithm to identify 

missing/bad data is intended to mitigate the potential impacts these errors may 

introduce while maintaining the integrity of the data utilized. 

3)  CLOSEST STATION FILE 

The third and final data set required manual creation using the google 

maps distance calculator. This data set consisted of the name of any town in the 

Eversource Western/Central service territory in which an outage happened, the 

list of the closest weather stations to each town, and the distance from each town 

to the respective closest weather stations. The first column in the data set 

contains the town name in which the outage occurred followed by the weather 

observation station that is the closest to the respective town. The next column 

has the distance from the town center to the closest weather station, measured 

to within a tenth of a mile. The next two or three closest weather observation 

stations, and distance from the respective town center to the weather observation 
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station, were also incorporated into this data set. The exceptions to having the 

four closest weather stations and their accompanying distances occurred when a 

station’s distance made it too far removed from the town center to provide 

meaningful weather data or in the event that sufficient data was available at the 

closer stations. The distance selected as the threshold for providing meaningful 

weather data for this study was thirty five miles. Given the complex and dynamic 

terrain in the state, this distance may prove too generous.  Every town had the 

two closest stations paired with it, while all but ten towns in which an outage 

occurred in the service territory had three stations paired with them (Tbl. 1). 

b. Methods 
 

The methodology for this study proved ever-evolving and very dynamic as 

the understanding of the data grew more and more complete. It required the 

integration of three different data sets into a single database spanning from 

2006-2010. Ensuring the integrity of the data while maintaining the most 

complete database possible accompanied the unification of the separate data 

sets. After the compilation of a single database, analysis of the data began 

TOWN CLOSEST	  OB DIST.	  (miles) NEXT	  OB DIST.	  (miles) NEXT	  OB2 DIST.	  (miles) NEXT	  OB3 DIST.	  (miles)
ALEXANDRIA PLYMAP 11.8 LACONIAAP 19 LEBANON 25.8 CONCORDAP 31.4
ALSTEAD SPRINGVT 14.7 KEENEAP 15.5 JAFFREYAP 27.2 TOOFAR
ALTON LACONIAAP 13.1 ROCHESTER 18.9 CONCORDAP 22.4 TOOFAR
ANDOVER LACONIAAP 22.2 CONCORDAP 22.6 PLYMAP 23.9 LEBANON 27.6
ANTRIM JAFFREYAP 15.9 KEENEAP 19.1 CONCORDAP 25.2 MANCHESTER 26.3
ASHLAND PLYMAP 6.6 LACONIAAP 15.3 TOOFAR 0 TOOFAR
BARNSTEAD CONCORDAP 13.9 LACONIAAP 17.6 ROCHESTER 18 MANCHESTER 28.6
BATH STJOHNS 17.6 WHITEFIELD 25.7 PLYMAP 28.9 TOOFAR
BELMONT LACONIAAP 9.2 CONCORDAP 16.4 PLYMAP 26.9 ROCHESTER 29.8
BENNINGTON JAFFREYAP 14.1 KEENEAP 18.8 MANCHESTER 25.2 CONCORDAP 25.6

Table 1 - A selection of towns from within the study area and the distance from their respective town 
centers to the nearest weather observation site 
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through the application of simple linear correlations and other statistical analyses 

including CARTs. Modeling through the use of boosting regression followed, 

utilizing information obtained from the preliminary analysis of the first four years, 

2006-2009, in the database. Once generating output for 2010 modeled data, a 

comparison ensued to see how the model output fared against the actual 2010 

data. 

1)  FORMATTING THE DATA 

Initially, the TRUPER and outage data provided by Eversource, the 

weather data provided by the Plymouth State Weather Center and the distances 

to weather station data existed in three separate locations. With the data sets 

independent of one another, the goal was to retrieve the relevant information 

from each and compile a single database paired both temporally and spatially. 

This required taking the location and time of the outage from the TRUPER data, 

and the nearest station using the closest station file, and selecting the weather 

observation at the closest station to the town which also occurred at the time 

most near the time of the outage. In order to merge this data appropriately, each 

data set needed to have similar formatting.  

The process of standardizing the format of the data sets began by 

exporting the Eversource TRUPER data out of the Microsoft Access Database 

and into a comma separated text file (CSV format). Once in a text format, the 

data set could more easily be adjusted through PERL scripting. The next step 

involved resolving the way TRUPERs record the time of an outage and the time 

reported in a weather observation. TRUPERs utilize a time format known as 
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WHOI where the year, month, date, and time get reported using a single number 

that combines all the information. For the time reference, Eversource utilizes a 

24-hour Eastern Standard Time (EST) reporting format. Hourly meteorological 

observations are stored in what is known as Universal Time Coordinate (UTC) 

time format (also a 24-hour time format) also known as Greenwich Mean Time 

(GMT). This format proves valuable because it remains consistent throughout the 

world despite differences due to time zones or daylight savings. The WHOI 

format and GMT time reference proved easiest for unification of the data sets 

and all observations were converted to meet these standards.  

The first transformation involved adding five hours to the time recorded in 

the TRUPER data. This converted the time out of EST and into GMT. Secondly, 

the METAR data needed each hourly observation time rounded to the nearest 

hour. This made the pairing of the data easier and introduced minimal error since 

the observations generally occur within only a few minutes of the top of the hour. 

After rounding to the nearest hour, the last transformation involved taking the 

separate date and time elements reported in the METAR data and compounding 

them to conform to the WHOI format. With formatting complete the creation of a 

single data set began. 

2)  MERGING THE DATA 

A computer program (PERL script) was created specifically for the use of 

retrieving the desired data from the three primary data files (TRUPER, weather 

observations, and closest weather station) and compiling a single database. This 

script first identified the town and time where the outage occurred from the 
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TRUPER report and then referenced the closest station file to identify the nearest 

weather station to the outage. With this information it opened the appropriate 

weather station observation file and checked for two things: the existence of an 

observation at the hour closest to the outage and a minimum amount of data in 

the respective observation (temperature and dewpoint). Assuming a complete 

weather observation the data from this closest station, the TRUPER data, the 

town name and the name of the weather station were written to a new file. The 

computer program initially executed only on TRUPER data from January 2006 to 

ensure it worked properly on a small sample. After confirming the computer 

program appropriately merged the data for January 2006, the script was altered 

to operate on the entire five-year data set. In the event that one of the criteria for 

the weather observations above was not met, the program would search the 

weather observations at the next closest stations until finding a complete 

observation or finding only incomplete observations. In instances where the 

weather observations proved unavailable/incomplete the TRUPER was omitted 

from the data set. Fortunately, in the final merged data set, only 1.1% (315) out 

of the 29,340 TRUPERs fell into this category. 

With the three initially-separate data sets now merged into a single 

database file, statistical analysis of the data could commence. This analysis 

began by calculating simple linear correlations between the various Eversource 

TRUPER variables and the weather station data. The generation of CARTs 

followed with the intent of identifying potential multivariate relationships between 

the weather data and individual TRUPER variables. The last phase of analysis 
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involved a preliminary form of boosting regression analysis on the existing data 

set. Upon completing these preliminary analyses, the modeling phase ensued. 

The methodology for each of the aforementioned processes, and the modeling 

stage, will be covered in the next chapter prior to the presentation of results for 

each respective analysis.  
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CHAPTER 3 
 

3.  Results 
 
a. Simple Linear Correlations 
 

The preliminary statistical analysis began by calculating simple linear 

correlations (SLCs) for smaller, more manageable portions of the larger newly-

created merged data set. Using this method, relationships between outage and 

weather data occurring over smaller time frames stand out more clearly and 

errors in the extraction process prove easier to identify. This preliminary analysis 

consisted of eleven different, yet at times overlapping, time and space varying 

segments from the merged data set: 2006, 2007, 2008, 2009, 2010, 2006-2009, 

a one-hour time lag for 2006, cold-season (October 15th - Apr 15th), warm-

season (April 15th – October 15th), 2006-2009 Concord single-station analysis, 

and 2010 Concord single-station analysis. The reasoning behind the selection of 

these dates involves the desire to analyze for relationships annually, seasonally, 

temporally, and geographically. Within each data set, SLCs were calculated 

between all nine meteorological variables and all three Eversource variables, as 

well as one log-adjusted variable discussed later. The initial calculation of SLCs 

only utilized the raw data and included non-outage events, described earlier, 

from within the Eversource data. After running SLCs on this raw data and making 

some early observations, histograms were created for each initial Eversource 

variable, revealing something unexpected about their distributions. 
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Distribution plots of the three original Eversource variables illustrated the 

data in its raw form was strongly right skewed (Fig. 2-4). The apparent skew 

presented a problem because the majority of the meteorological data had a 

distribution near to a Normal distribution. Given that skewed data can distort 

correlations, a log transformation was applied to the Eversource data to generate 
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a more symmetric distribution (Fig. 5). The choice of outage duration for the log 

transformation dealt with duration proving the most normally distributed of the 

original three Eversource variables. After applying this transformation to create a 

derived Eversource variable, the data was segmented (as described above) to 

identify some of the strongest relationships between the weather and Eversource 

data. 

Following the creation of the fourth Eversource variable (log(Duration)), 

SLCs were calculated for three additional filtered data sets: one removing any 
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Figure 4 - Distribution plot displaying the outage duration per TRUPER from 2006-2009 
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observation from the data set coinciding with a non-outage event, another 

removing any observation containing missing data across any of the nine 

weather variables, and a third removing all ceiling height and wind gust data and 

then omitting any observation containing missing data in the remaining seven 

weather variables. Each filter served to isolate the contribution of missing data to 

the correlations, with the primary focus on analyzing the most complete 

observations. Omission of wind gust and ceiling height data resulted from those 

two variables containing the most missing and unreported observations of all the 

weather data. In total, four Eversource variables were correlated against nine 

meteorological variables, across eleven time and space varying data sets, with 

three different filters applied. This equated to the calculation of 1,584 individual 

SLCs. 

1)  EVERSOURCE VARIABLES WITH ALL WEATHER DATA 

Of the four Eversource variables analyzed, the log-adjusted outage 

duration displayed the highest average correlation coefficients with the weather 

data variables (Tbl. 2), across all the data segments. It also markedly 

outperformed the raw outage duration, displaying a nearly twenty percent 

stronger 

correlation 

coefficient. The 

strongest correlation coefficient across any of the single time and space varying 

data sets occurred with the log-adjusted outage duration in the 2010 Concord 

data set. The average correlation coefficient between log-adjusted outage 

Customers Customer	  Minutes Outage	  Duration log(Duration)
0.032 0.066 0.186 0.222

Table 2 - Displays average correlation coefficients for all Eversource 
variables across all variations of the data analyzed 
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duration and all nine weather variables, across all the data segments, equaled 

~0.41 (Tbl. 3). Customers and customer minutes per TRUPER displayed 

noticeably weaker correlations with the weather variables than either the raw or 

adjusted outage duration. Across each time and space varying data set, 

customer outages per TRUPER never displayed a correlation coefficient above 

.05 while customer minutes per TRUPER never exceeded .13.  The respective 

maximum correlation coefficient for each variable occurred in the 2010 Concord 

data, noticeably outperforming the next best correlations occurring in various 

years as seen in Table 3. 

2)  METEOROLOGICAL VARIABLES WITH EVERSOURCE VARIABLES 

SLCs for the meteorological variables revealed that wind gust, pressure 

and wind speed displayed the highest average correlation coefficients with the 

Eversource data (Tbl. 4).  Wind gust displayed the strongest relationship and 

proved especially intriguing given that this variable is not reported in each 

METAR. Pressure had the two strongest average correlation coefficients for a 

single weather variable within an individual data segment, averaging .38 and .36 

in the Concord 2010 and 2010 data, respectively. The only other weather 

Customers Customer	  Minutes Outage	  Duration log(Duration)
2010	  Concord 0.048 0.122 0.353 0.405
Next	  Highest 0.040 0.077 0.282 0.319
Year	  of	  Next	  Highest 2009 2007	  &	  2010 2010 2010
Table 3 - Displays correlation coefficients for the 2010 Concord data compared to correlation 
coefficients from all other analysis variations 

Wind	  Gust Pressure Wind	  Speed Visibility Relative	  Humidity Wind	  Direction Temperature Ceiling	  Height Dewpoint
0.177 0.165 0.144 0.127 0.127 0.124 0.119 0.090 0.066

Table 4 - Correlation coefficients for all weather variables across all data set variations analyzed 
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variable to display a correlation coefficient above .3 for a single data segment 

was wind gust in the Concord 2010 data. When looking at Table 4, one can also 

see that dewpoint, ceiling height, and temperature possessed the weakest 

correlation coefficients out of all the weather variables. With the expectation that 

precipitation type, a by-product of temperature, would have a large impact on 

predicting power outages, the weak correlation between temperature and the 

TRUPER variables came as a bit of a surprise.  

3)  ONE-HOUR TIME LAG 

Looking at weather conditions leading up to a weather event can often 

provide more beneficial, and predictive, information than looking at the conditions 

during the event. With this in mind, a separate calculation of SLCs occurred after 

pairing the TRUPER data with the observation occurring the hour before the time 

of the outage. Calculations were conducted for the 2006 season to test for 

improved correlations. When considering the correlation coefficient of the 

TRUPER variables, all variables saw lower correlation coefficients in the one-

hour time 

lag data 

(Tbl. 5).  

Customer 

minutes 

saw the greatest percentage decrease in correlation coefficient when referencing 

the previous hour’s observation, 16.6%, while the log-adjusted outage duration 

saw the smallest percentage decrease, 6.6%. The weather variables 

Nearest	  Observation One-‐Hour	  Lag Difference Difference(%)
Cust	  Min 0.056 0.047 0.009 16.6%
Cust 0.021 0.019 0.002 10.6%
Duration 0.179 0.167 0.012 6.9%
log(Dur) 0.213 0.199 0.014 6.6%

Table 5 - Eversource correlation coefficients of TRUPERs paired with nearest 
weather observations versus TRUPERs paired with observations from an hour 
earlier 
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experienced much more varied results when calculating their correlation 

coefficients.  

When analyzing the correlation coefficients for the weather variables, 

some variables actually saw slightly increased correlation coefficients (Difference 

% < 0) (Tbl. 6). Wind speed and pressure saw their correlation coefficients 

increase, albeit very slightly, after pairing the Eversource data with the previous 

hour’s weather data rather than the nearest hour. These two variables also were 

among the three weather variables with the highest correlation coefficients 

across all SLCs calculated. At the other end of the spectrum, ceiling height and 

relative humidity saw their correlation coefficients fall the most from the original 

data to the one-hour time lag data. The correlation coefficients for ceiling height 

and relative humidity dropped 41.2% and 31.9%, respectively. Since the 2006 

data segment showed nearly across the board reduction in correlations for a one-

hour time lag, further analysis was not conducted. 

4)  COLD & WARM-SEASON 

The seasonal analysis began by designating the cold-season as the 

period between October 15th and April 14th and the warm-season as the period 

Nearest	  Observation One-‐hour	  Lag Nearest	  -‐	  Lag Difference	  (%)
Ceiling	  Height 0.045 0.026 0.018 41.2%
Relative	  Humidity 0.066 0.045 0.021 31.9%
Dewpoint 0.134 0.117 0.017 13.0%
Wind	  Direction 0.104 0.095 0.009 8.7%
Temperature 0.131 0.121 0.010 7.6%
Wind	  Gust 0.208 0.193 0.015 7.1%
Visibility 0.039 0.037 0.002 6.2%
Wind	  Speed 0.233 0.234 0.000 -‐0.2%
Pressure 0.096 0.103 -‐0.007 -‐7.3%

Table 6 - Weather correlation coefficients of TRUPERs paired with nearest weather 
observations compared to TRUPERs paired with weather observations from an hour earlier 



23 
 

between April 15th and October 14th. Based on this definition, 9,902 TRUPERS 

occurred during the warm-season and 13,350 occurred during the cold-season. 

This seasonal analysis aimed to compare the seasonal correlations with the 

correlations for the entire 2006-2009 data set. Warm-season correlation 

coefficients for weather and TRUPER variables came in above cold-season 

correlation coefficients with the exception of customer outages per TRUPER (Tbl. 

7). In addition to the warm-season correlation coefficients outperforming the cold-

season, they also outperformed the 2006-2009 correlation coefficients across all 

variables except for customer outages per TRUPER. The 2006-2009 correlation 

coefficients fell in between the warm-season and cold-season coefficients for all 

variables, aside from wind direction and wind speed.  

When focusing solely on the warm-season, pressure, wind gust and 

temperature all displayed the strongest correlation coefficients. In addition to 

having the largest correlation coefficients among weather variables in the warm-

season, these variables also displayed the largest percent increase from their 

Warm Cold Warm-‐Cold Percent	  Change	  Cold	   06-‐'09 Percent	  Change	  06-‐09

Pressure 0.243 0.036 0.208 584.5% 0.081 201.2%

Dewpoint 0.104 0.031 0.073 232.7% 0.068 53.1%

Temperature 0.195 0.068 0.127 187.3% 0.123 59.3%

Duration 0.251 0.113 0.138 122.8% 0.130 92.8%

log(Dur) 0.294 0.135 0.159 118.2% 0.196 49.8%

Wind	  Speed 0.134 0.073 0.061 83.5% 0.052 157.9%

Visibility 0.177 0.111 0.067 60.4% 0.128 38.7%

Cust	  Min 0.077 0.048 0.029 60.4% 0.053 44.5%

Gust 0.204 0.134 0.070 52.2% 0.152 34.7%

Direction 0.121 0.083 0.037 44.9% 0.082 47.0%

Ceiling 0.116 0.088 0.028 32.0% 0.101 14.3%

RH 0.142 0.114 0.029 25.4% 0.122 16.8%

Cust 0.017 0.032 -‐0.015 -‐48.2% 0.024 -‐30.1%

Table 7 - Average correlation coefficients for all variables for warm and cold-season, the 
entire 2006-2009 data segment and the percent difference between them. 
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respective cold-season correlation coefficient. Whereas dewpoint, relative 

humidity, and wind speed displayed the weakest correlation coefficients among 

all warm-season SLCs. During the cold-season, wind gust, relative humidity, and 

visibility had the highest correlations while dewpoint, pressure and temperature 

showed the lowest values. The final data set variation to undergo analysis looked 

at SLCs at a more localized level. 

5)  SINGLE-STATION (CONCORD) ANALYSIS 

Since correlations from the above analyses were, in general, quite low, it 

was hypothesized that better correlations may be found by examining TRUPERs 

associated with just one station. This might eliminate spatial variability. This 

particular analysis involved the calculation of SLCs for each TRUPER whose 

nearest weather observation came from the Concord observation site. During the 

time frame of the four-year training data set (2006-2009), 5,082 of the 23,252 

TRUPERs pulled weather data from the Concord observation site representing 

~22% of all the TRUPERs over that span. The number of TRUPERs utilizing 

observations from Concord across the four years ended up larger than some of 

the individual years when considering all TRUPERs in the Western/Central 

service territory. For the aforementioned reason, the Concord observation site 

was considered an ideal location for analysis possessing a representative 

sample of TRUPERs. Unlike the seasonal analysis, in which the majority of 

warm-season correlation coefficients outperformed the average of the entire four-

year data set, the single station analysis saw a nearly even split in variables, both 

Eversource and weather, which had better and worse correlation coefficients 
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than the four-year values (Tbl. 8). Among weather variables, dewpoint, 

temperature, wind speed, and wind direction experienced the greatest increase 

in correlation coefficients, improving more than 20%. Ceiling height, pressure, 

and wind gust saw the largest drop in correlation coefficients, falling more than 

25%. TRUPER variables saw results similar to the weather variables as 

customers and customer minutes had larger correlation coefficients and duration 

and log-adjusted duration had smaller correlation coefficients. Customers and 

customer minutes, despite increasing by similar magnitudes, increased 48% and 

31%, respectively. Duration and the log-adjusted duration experienced 

decreases of 7% and 18%, respectively, with log-adjusted duration decreasing 

four times as much as the duration. With SLC calculations complete the focus 

moved into more multivariate analysis and boosting regression. In the following 

sections, even though analyses were conducted for all of the data segments, the 

results will be reported for the four-year data set, the Concord data set, and the 

seasonal analysis. 

Table 8 - Correlation coefficients for all variables from the Concord single-station analysis 
versus correlation coefficients for all variables from 2006-2009 
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b. CARTs 
 

CARTs, a statistical tool that creates decision trees, utilize multivariate 

regression analysis to classify similar data points. CARTs go through an iterative 

process that tests various 

splits, or thresholds, of 

predictor variables based on 

the purity of the subsample. 

Purity for regression trees 

refers to the improvement in 

the sum of squared errors for 

observations resulting from the 

split indicated by the predictor 

variables. This process 

continues until the improvement in purity is small enough that significant gains 

cease through further splitting of the data. The output for a CART appears in a 

nodal format (Fig. 6), resembling a tree, where several if-then decisions, based 

on predictor-variable values, lead to average mean values. These CART’s are 

read from the top down and the split followed is based on whether the condition 

listed is true (left) or false (right). For example, if the wind gust recorded was less 

than 34.5 knots, and therefore true, then follow the tree to the left. Progressing 

down the tree, the length of a branch corresponds to the significance of the split. 

Shorter branches represent less significant splits and longer branches more 

significant splits. This process continues until the specified weather conditions 

Figure 6 - Regression tree displaying the average outage 
duration per TRUPER (minutes) 
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lead to a number. That number represents the average value for a single variable 

whenever a TRUPER report had these specific weather conditions. The CART 

analysis described above was conducted for each TRUPER variable: customers, 

customer minutes, outage duration, and log-adjusted outage duration. The CART 

algorithm automatically removes any row that has a column of “missing data” 

from the analysis. Since ceiling height and wind gusts are not always reported 

with every METAR, they contribute a significant amount of “missing data”. 

Therefore CARTs were developed for three variations of the data sets: 1) 

weather data including ceiling height and wind gust data, 2) weather data after 

removing ceiling height and wind gust data, and 3) weather data after removing 

ceiling height, wind gust data, and time variables (month, hour, minute, date).  

1)  CARTS INCORPORATING REPORTS WITH CEILING HEIGHT AND WIND 

GUST 

In the analysis of trees created from the seasonal and four-year data sets 

comprised of all variables, the most common split (75% of trees) occurred with 

values of relative humidity (RH). Not only did RH occur the most frequently but it 

also appeared in three trees each for the four-year, cold-season and warm-

season analysis. Wind speed also proved important, appearing in 67% of trees 

across the various data sets analyzed. Time dependence proved of moderate 

importance within this stage of the analysis as 50% of trees possessed a split 

based on the hour while 42% had one based on the month of the year. Also 

important to mention, all instances where a split involved the month of the year 

occurred within the four-year and cold-season analysis. No trees created in this 
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segment of the warm-season analysis split the data based on the month of the 

year. The variables displaying the least importance, appearing the least 

frequently, within this stage of the tree analysis, were ceiling height and visibility. 

Ceiling height appeared in only 25% of trees created while visibility failed to 

appear in any trees during this portion of tree creation. 

2)  REPORTS WITHOUT CEILING HEIGHT AND WIND GUST 

Ceiling height and wind gusts are not automatically reported in each 

hourly METAR weather observation. The statistical analysis program that creates 

the trees will simply exclude any line with missing data from the analysis. 

Therefore, when ceiling height and wind gust data were included (section 3.b.1 

above) the trees were created from a subset of the complete data set (n = 4,944). 

By removing ceiling height and wind gusts, but retaining the rest of the data, a 

larger sample of data can be used to construct the trees (n = 22,406). The 

composition of the trees using this data set changed notably. Temperature, 

appearing 75% of the time, proved the most common variable among trees 

created during this phase. Similar to temperature, the frequency of hour of the 

day (67%) and month of the year (50%) within the trees increased after removing 

ceiling height and wind gust. All twelve trees created comprised at least one split 

based on either the month of the year or the hour of the day. Contrarily, relative 

humidity (60%) and wind speed (42%) saw a decrease in the frequency with 

which they appeared in trees. Dew point temperature (33%) and wind direction 

(25%) appeared with the lowest frequency while also showing up less frequently 

than in the analysis which included ceiling height and wind gust.  
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3)  REPORTS WITHOUT CEILING HEIGHT, WIND GUST, AND TIME 

VARIABLES 

Removing time variables from the last of the three data set variations 

resulted from seeing many trees in the first two stages of the CART analysis 

splitting based on time variables 

at or near the top of the trees 

(Fig. 7). In Figure 7, following 

the initial split on wind gust, the 

CART splits the data on the 

month of the year followed by 

the hour of the day. This split of 

the month at 11.5, which 

isolates December, showed up 

in many of the trees including 

trees of the largest data sets: 

the seasonal and the four-year. Upon closer inspection, the four-year, cold and 

warm-season data analysis displayed this time dependence even more clearly. 

Of twenty four trees created within data sets where time-dependent data was 

included, sixteen trees, or two thirds, had a split on either hour or month as one of 

the first two nodes in the entire tree. Additionally, average values for outage 

variables at the base of trees involving a split on December tended to be larger 

than those split on the other months. This immediately raised suspicions and led 

to the discovery of an anomalous, large-scale outage event impacting the data. 

Figure 7 - Regression tree displaying average log-adjusted 
outage duration (minutes) from 2006-2009 Concord data, 
highlighting time-dependence present in the dataset 
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The December 2008 Ice Storm, which paralyzed a large area of New 

Hampshire, caused significant and widespread outages and contributed to the 

previously mentioned skew evident in the data. The average number of 

TRUPERs each year from 2006-2010 was 5,886 while 2008 saw 8,060. That 

difference in TRUPERs represents 37% more than the average and 39% more 

than the year having the next highest TRUPER total. The Ice Storm even 

impacted the four-year seasonal analysis as the 2008 departure from average, 

2,156 TRUPERs, within the four-year data set accounted for, approximately, 59% 

of the separation between cold-season TRUPERs, 13,677, and warm-season 

TRUPERs, 9,940. Given this discovery, it was decided to remove all the time 

(month, date, hour) variables to see the impact on the CART analysis. 

What remained in the data set were weather variables most likely available 

for use as inputs when forecasting outages in advance of an approaching storm. 

Temperature and relative humidity saw the frequency with which they appeared 

in trees exceed the levels from the previous two iterations of this process. 

Temperature and relative humidity appeared in 92% and 83% of trees created in 

this segment of the analysis, respectively. Additionally, visibility and pressure 

reached their peak frequency showing up in 67% of trees created. Interestingly, 

wind speed and direction reached their minimum frequency as they appeared in 

33% and 25% of trees created, respectively. The lone remaining variable, 

dewpoint temperature, reached its peak frequency as well occurring in 58% of 

trees created in this stage of the analysis. 
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c. Preliminary Boosting 
 

Boosting regression tree analysis combines and averages separate 

weakly-predictive models into a single model to create a better overall predictive 

model. The process begins by identifying the desired predictor and response 

variables followed by a partitioning of the desired data set into ten random but 

separate subsamples. The first subsample acts as the testing data set while the 

remaining nine subsamples will act as the training data set. An iterative process 

ensues in which trees are created from the training data, applied to the testing 

data set and the error of the tree measured. After identifying areas of weak 

predictability in the initial tree, a process of re-weighting occurs followed by the 

creation of a new tree. The number of iterations commonly reaches the hundreds 

and sometimes thousands. This process continues until the point of optimization 

occurs where the cross-validation (CV) error is minimized. This process repeats 

ten times, enough so that each 

subsample may serve as the 

testing data set, and an 

average of each set’s best fitted 

trees results.  As an additional means for assessing the performance, a 

calculation of root mean square error (RMSE) occurred for each final fitted model 

(Fig. 8).  

1)  2006-2009 

When considering CV correlations, the 2006-2009 data saw higher values, 

in terms of average, than either the cold or warm-season analysis. Compared to 

Figure 8 – Formula for root mean square error (RMSE), 
a form of measuring the performance of the model 
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the performance of the base 2006-2009 data, CV correlations improved when 

removing all ceiling height and wind gust data, with the exception of customer 

minutes (Tbl. 9). Removing the time variables, hour of the day and month of the 

year, led to the lowest CV correlations across all Eversource variables with the 

exception of customers. Table 9 shows that customers and log-adjusted duration 

saw the highest CV correlation values when removing all ceiling height and wind 

gust data followed by the row-wise deletion of observations missing any data (as 

indicated by +na.omit in Tbl. 9). Customer minutes and outage duration had peak 

CV correlations when removing time variables, ceiling height, and wind gust in 

addition to performing a row-wise deletion of any observation missing data. 

When averaging the CV correlations across all Eversource variables, the removal 

of time variables, ceiling height, and wind gust, coupled with a row-wise deletion 

of observations with missing data, led to the highest CV values.  

When considering the alternate assessment for performance, RMSE, 

Eversource variables displayed different results. To begin, the average RMSE 

value across all 2006-2009 boosting regression trees for Eversource variables 

came out last among the four-year and seasonal analysis. The removal of time 

variables, although not improving RMSE for duration and log duration, did lead to 

Customers Cust.	  Minutes Duration Log	  Dur Average
Base 0.071 0.257 0.637 0.776 0.435
No	  CIL/GST 0.077 0.251 0.639 0.780 0.437
No	  Time	  Vars 0.059 0.249 0.620 0.751 0.420
No	  CIL/GST	  +	  na.omit 0.083 0.267 0.643 0.780 0.443
No	  Time,	  CIL,	  GST	  +	  na.omit 0.032 0.283 0.742 0.753 0.453
Average 0.064 0.261 0.656 0.768 0.438

2006-‐2009	  CV	  Correlations

Table 9 - Displays CV correlation values for the preliminary boosting of 2006-2009 data 
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the lowest RMSE values for both customers and customer minutes (Tbl. 10). 

Outage duration displayed the lowest RMSE when removing ceiling height and 

wind gust 

data while 

the log-

adjusted 

duration 

saw a minimum RMSE when inputting the base data from 2006-2009. When 

considering the average of each individual Eversource variable, customers 

displayed the lowest RMSE values within the 2006-2009 analysis compared to 

either seasonal analysis.  

2)  COLD-SEASON 

CV correlations, across the entire cold-season analysis, came out 

marginally lower than in the 2006-2009 analysis. Similar to the 2006-2009 CV 

correlations, the 

removal of time 

variables within 

the cold-season 

analysis led to 

the lowest average CV correlation across the variously-filtered data sets (Tbl. 

11).  Additionally, outage duration and log-adjusted outage duration experienced 

their lowest CV correlation values within the cold-season analysis when removing 

time variables. When removing all time variables, ceiling height and wind gust, 

Customers Cust.	  Minutes Duration Log	  Dur Average
Base 0.216 88.4 0.424 0.0002 22.260
No	  CIL/GST 0.218 197.2 0.136 0.0004 49.389
No	  Time	  Vars 0.113 16.5 1.090 0.0006 4.413
No	  CIL/GST	  +	  na.omit 0.244 69.0 0.367 0.0009 17.408
No	  Time,	  CIL,	  GST	  +	  na.omit 0.447 194.6 0.942 0.0010 48.998
Average 0.248 113.1 0.592 0.0006 28.494

2006-‐2009	  RMSE

Table 10 - RMSE values from the preliminary boosting regression tree analysis 
of 2006-2009 data 

Customers Cust.	  Minutes Duration Log	  Dur Average
Base 0.098 0.213 0.621 0.783 0.429
No	  CIL/GST 0.091 0.253 0.631 0.785 0.440
No	  Time	  Vars 0.073 0.248 0.606 0.751 0.420
No	  CIL/GST	  +	  na.omit 0.098 0.244 0.637 0.786 0.441
No	  Time,	  CIL,	  GST	  +	  na.omit 0.048 0.286 0.722 0.756 0.453
Average 0.082 0.249 0.643 0.772 0.437

Cold-‐Season	  CV	  Correlations

Table 11 - CV correlations for cold-season data from the preliminary 
boosting regression tree analysis 
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and performing row-wise deletion of observations possessing missing data, 

customer minutes and outage duration saw, far and away, their highest CV 

correlation values. Customers and log-adjusted outage duration had their highest 

CV correlation values when removing ceiling height and wind gust and then 

performing a row-wise deletion of any observation having missing data.  

Average RMSE values for each Eversource variable increased compared 

to the four-year analysis, except for customer minutes which saw an 

improvement in RMSE.  The improvement in customer minutes impacted the 

average across all calculations in the cold-season analysis enough to drive an 

overall reduction in RMSE compared to the 2006-2009 analysis. Removal of time 

variables led to mixed results as customer minutes and outage duration saw an 

increase in RMSE 

versus the base 

data while 

customers and 

log-adjusted 

outage duration saw a decrease in RMSE (Tbl. 12). Customer minutes and 

outage duration saw their best RMSE values when removing ceiling height and 

wind gust data. Log-adjusted outage duration saw the best RMSE when 

removing all time variables, while customers saw the lowest values when 

removing ceiling height, wind gust and applying the row-wise deletion of 

observations missing data. 

  

Customers Cust.	  Minutes Duration Log	  Dur Average
Base 0.394 117.44 0.597 0.0009 29.61
No	  CIL/GST 0.341 11.64 0.076 0.0008 3.01
No	  Time	  Vars 0.324 190.51 1.34 0.0005 48.04
No	  CIL/GST	  +	  na.omit 0.197 117.65 1.38 0.0010 29.81
No	  Time,	  CIL,	  GST	  +	  na.omit 0.871 38.96 1.12 0.0010 10.24
Average 0.425 95.24 0.903 0.0008 24.14

Cold-‐Season	  RMSE

Table 12 - RMSE values from the preliminary boosting regression tree 
analysis on cold-season data 
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3)  WARM-SEASON 

CV correlations came in substantially lower (~16%) for all Eversource variables 

for the warm-season data compared to the cold-season and four-year data sets 

(Tbl. 13).  Removal of all time variables, as occurred in most other instances, led 

to a reduction 

in CV 

correlation 

compared to 

the base data. 

Filtering out ceiling height, wind gust and time variables, in addition to the row-

wise deletion of observations missing any data, led to the highest CV correlations 

for both customer minutes and outage duration. Surprisingly, this coincided with 

log-adjusted outage duration seeing its lowest observed CV correlation in the 

warm-season data. Log-adjusted outage duration instead observed its highest 

CV correlation when using the base data for the warm-season boosting 

regression tree analysis. Lastly, customers reached its highest CV correlation 

when removing ceiling height and wind gust from the base data coupled with the 

row-wise deletion of observations missing any data. RMSE had much different 

results, both in the warm-season and throughout the boosting regression tree 

analysis. 

Customers Cust.	  Minutes Duration Log	  Dur Average
Base 0.050 0.150 0.596 0.682 0.370
No	  CIL/GST 0.050 0.124 0.568 0.675 0.354
No	  Time	  Vars 0.034 0.137 0.589 0.678 0.360
No	  CIL/GST	  +	  na.omit 0.056 0.131 0.579 0.677 0.361
No	  Time,	  CIL,	  GST	  +	  na.omit 0.004 0.169 0.754 0.665 0.398
Average 0.039 0.142 0.617 0.675 0.368

Warm-‐Season	  CV	  Correlations

Table 13 - RMSE values from the preliminary boosting regression tree 
analysis on warm-season data 
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Average RMSE values across all Eversource variables in the warm-

season boosting regression tree analysis reached a minimum among the 

seasonal and four-year analyses (Tbl. 14).  Additionally, each Eversource 

variable, except for customers, saw its lowest average RMSE value among both 

seasonal and four-year data sets. When removing time variables from the base 

data in the warm-season analysis, all variables saw not only an increase in 

RMSE value but also, within the warm-season analysis, observed their maximum 

RMSE values. For customers and outage duration, the removal of ceiling height, 

wind gust and 

time variables, 

coupled with the 

row-wise deletion 

of observations 

missing any data, 

led to the lowest RMSE values. Within the warm-season analysis the base data 

set yielded the lowest RMSE values for customer minutes while removing ceiling 

height and wind gust led to the lowest RMSE value for the log-adjusted outage 

duration. Once the CARTs are created from the four-year (2006-2009) data set 

their ability to provide statistically accurate forecasts is determined by applying 

them to the 2010 data and developing the best predictive model based on these 

results. After executing the various permutations of the boosting regression trees 

and the earlier statistical analysis, the modeling of 2010 data commenced. 

 

Customers Cust.	  Minutes Duration Log	  Dur Average
Base 0.349 6.81 0.074 0.0001 1.808
No	  CIL/GST 0.378 14.46 0.121 0.0001 3.740
No	  Time	  Vars 0.525 16.66 0.335 0.0004 4.380
No	  CIL/GST	  +	  na.omit 0.292 7.37 0.290 0.0002 1.988
No	  Time,	  CIL,	  GST	  +	  na.omit 0.002 11.02 0.020 0.0002 2.761
Average 0.309 11.26 0.168 0.0002 2.935

Warm-‐Season	  RMSE

Table 14 - CV correlations for warm-season data from the preliminary 
boosting regression tree analysis 
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d. Modeling 
 

The results from the statistical analysis above were used to modify the 

data sets and choose data most likely to produce the best predictions. Therefore, 

time variables (e.g., hour, month) and ceiling heights were removed due to either 

low correlations or poor performance in the CART analysis. Customer minutes 

being a simple product of customers and outage durations, and having low 

correlations with the weather variables, led to the decision to refrain from creating 

a predictive model for this variable. Wind speed and wind gust displayed some of 

the strongest correlations in the preliminary statistical analysis with the TRUPER 

data, driving the creation of a modified wind gust variable in an effort to associate 

a wind gust value with each TRUPER. This wind gust data modification only 

applied to instances where a wind gust had gone previously unrecorded. 

According to the NWS criteria (NOAA 2011), wind gusts are only reported when 

the difference between peaks and lulls in wind exceed 10 knots. Many times this 

criteria goes unmet and wind gusts fail to get reported. The aforementioned 

adjustment involved any sustained wind value over 0, and without a reported 

wind gust, being multiplied by 1.8 to give an estimate of the wind gust value. 

The original four-year data set, utilizing the actual wind gust variable, of 

23,252 observations comprised 16,329 observations that did not possess a wind 

gust value. This led to the omission of ~70% of observations which could have 

possessed otherwise useful data simply because instantaneous wind variations 

failed to meet the traditional gust criteria. When instead substituting the modified 

wind gust variable, only 5,884 observations did not possess a value for wind 



38 
 

gust. This represented a large improvement in data omission as only ~25% of 

initial observations got discarded due to missing wind gust values.  

Two statistical modeling methods were used in the modeling: both linear 

and non-linear models were developed for both Poisson and Gaussian error 

distributions. In the context of this study, linear and non-linear modeling refers to 

generalized linear models (glm) and generalized boosted regression models 

(gbm). Both gbm and glm methods exist within the construct of the R software (R 

Core Team, 2012). Within these two aforementioned modeling methods the user 

may specify the preference for error distribution including Bernoulli, Gaussian 

and Poisson among others. The decision to use only Gaussian and Poisson error 

distribution involved the classification of all Eversource variables as either whole 

numbers or decimals. Bernoulli would have proven useful had any categorical 

threshold been desired where only two outcomes were possible.  

The varying of linear and non-linear methodologies and Gaussian and 

Poisson error distributions, across three predicted variables (customers, outage 

duration and log-adjusted outage duration) and four different data segments 

(2006-2009, cold and warm-season, and Concord 2006-2009), led to the 

execution of 120 different model runs. All models used training data from 2006-

2009, with the seasonal and single-station models only using observations within 

the respective season or pulled specifically from Concord. Additionally, the 

testing data consisted only of 2010 weather data, having omitted the Eversource 

reported values, and varied per the specifications of the seasonal and single-

station analysis for each model. After ingesting 2006-2009 actual outage and 



39 
 

weather data, and training on these values, the model predicted 2010 outage 

data based on the weather conditions coincident with 2010 outages. The model 

predictions were then compared to the observed outage data from 2010. A 

summary of the results from the various models is presented in the sections 

below. 

1)  2006-2009 

Table 15 shows the average absolute error and the average absolute error 

as a percentage of the actual mean (PMAER) for each of the predicted outage 

variables for the full four-year (2006-2009) data set. PMAER is, 

 𝑃𝑀𝐴𝐸𝑅 = !"# !
!

∗ 100% 

where X is any of the predicted TRUPER outage variables and Y is the 2010 

mean for the corresponding outage variable in X. Log-adjusted outage duration 

possessed the greatest predictability when considering average absolute error as 

a percentage of the mean. The PMAER for 2010 predicted log-adjusted outage 

duration averaged ~77% of the 2010 actual average outage duration (Tbl. 15). 

The prediction of log-

adjusted outage 

duration also proved 

the most consistent as every model run (including all methods and sensitivities) 

using the full four-year training data set predicted outages to a PMAER between 

70.9% and 82.3%. Comparatively, customer outage model runs ranged from 

136.5% to 156.0% and outage duration runs ranged from 70.1% to 204.9% when 

training the model using the full ’06-’09 training data. These ranges translated to 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 110.36 867.41 659.06
Avg.	  %	  Error 2503.08% 533.14% 143.60%

Error	  %	  of	  Actual	  Mean 147.49% 104.67% 76.72%

Model	  Error	  Using	  2006-‐2009	  Data

Table 15 - 2010 predicted outage errors using model trained on ‘06-
‘09 data 
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overall average errors across all model runs of 105% and 147 % for outage 

duration and customer outages, respectively. 

(i)  Wind Gust Variations 

When training the model separately using different sensitivities 

(observations with original wind gust data, modified wind gust data, and no wind 

gust data), log-adjusted outage duration, once again, universally outperformed 

the predictability of the other two Eversource variables (Tbl. 16).  Both outage 

duration and log-

adjusted outage 

duration saw their 

greatest predictability 

when training the 

model using the 

original wind gust data. This meant the introduction of the modified wind gust 

variable and the removal of wind gust altogether led to a decrease in the 

predictability of outage duration. Customer outages saw its greatest predictability, 

by a small degree, when training the model using the modified wind gust data. 

Outage duration and customer outages proved least-accurately forecasted when 

training the model on 2006-2009 data after removing wind gust all together. 

(ii)  Modeling Methodology and Error Distribution 

Executing the model using 2006-2009 input data and specifying a boosted 

regression method demonstrated a greater predictability, across each variable, 

than when running the model with the same data and specifying the linear 

Customers Duration Log-‐Adjusted	  Duration
Wind	  GST	  Abs.	  Error 114.13 774.72 719.14
Mod.	  GST	  Abs.	  Error 112.95 945.80 746.92

No	  Wind	  GST	  Abs.	  Error 104.00 881.71 511.14
Wind	  GST	  Avg.	  %	  Error 2567.00% 343.33% 134.85%
Mod.	  GST	  Avg.	  %	  Error 2513.25% 598.98% 157.85%

No	  Wind	  GST	  Avg.	  %	  Error 2429.00% 657.13% 138.10%
Wind	  GST	  %	  Error	  of	  Mean 146.66% 79.55% 73.84%
Mod.	  GST	  %	  Error	  of	  Mean 145.14% 97.11% 76.69%

No	  Wind	  GST,	  %	  Error	  of	  Mean 150.66% 137.34% 79.62%

Model	  Error	  Varying	  Wind	  Gust	  2006-‐2009

Table 16 - 2010 predicted outage error using ‘06-‘09 data with varying wind 
gust inputs 



41 
 

regression method. Between the three Eversource variables, log-adjusted outage 

duration displayed the most accurate prediction (lowest PMAER) with the model 

continuing to predict 

customer outages at 

a noticeably lower 

accuracy (Tbl. 17). 

When considering 

basic outage duration, 

switching from linear 

to boosted regression reflected the highest increase in accuracy among all three 

Eversource variables as the PMAER value improved from 129% to 80%. 

Comparing the accuracy of the model in predicting 2010 outages when 

indicating Gaussian or Poisson error distributions (Tbl. 18) yielded a split result 

between customer outages and outage duration (recall log-adjusted outage 

duration cannot be 

modeled using Poisson 

error distribution). The 

accuracy of predicting 

customer outages saw a 

nearly imperceptible 

decrease in PMAER, less than .21%, when moving from a Poisson to Gaussian 

error distribution. Modeling outage duration per TRUPER using the Poisson error 

distribution to predict 2010 outage duration saw PMAER values decrease to 96% 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 110.36 867.41 659.06

Error	  %	  of	  Actual	  Mean 147.49% 104.67% 76.72%
Avg.	  %	  Error 2503.08% 533.14% 143.60%

GLM	  Abs.	  Error 113.58 1055.99 684.09
GLM	  %	  of	  Mean 151.64% 129.21% 79.59%
GLM	  Avg.	  %	  Error 2630.50% 782.52% 178.03%
GBM	  Abs.	  Error 107.14 678.83 634.03
GBM	  %	  of	  Mean 143.33% 80.13% 73.85%
GBM	  Avg%	  Error 2375.67% 283.77% 109.17%

2006-‐2009	  Model	  Error	  GLM	  vs.	  GBM

Table 17 - 2010 predicted outage error using ‘06-‘09 data with 
varying model methodology 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 110.36 867.41 659.06

Error	  %	  of	  Actual	  Mean 147.49% 104.67% 76.72%
Avg.	  %	  Error 2503.08% 533.14% 143.60%

Poisson	  Abs.	  Error 110.77 800.12 -‐
Poisson	  %	  of	  Mean 148.04% 95.96% -‐
Poisson	  Avg.	  %	  Error 2512.50% 443.88% -‐
Gaussian	  Abs.	  Error 109.95 934.70 659.06
Gaussian	  %	  of	  Mean 146.93% 113.38% 76.72%
Gaussian	  Avg.	  %	  Error 2493.67% 622.40% 143.60%

Model	  Error	  Poisson	  vs.	  Gaussian	  2006-‐2009

Table 18 - 2010 predicted outage error using ‘06-‘09 data with 
varying error distribution 
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from 113% when using the Gaussian error distribution. With average PMAER 

values ranging from ~96% to ~148%, Gaussian and Poisson methodologies for 

predicting customer outages and outage duration fell short of log-adjusted outage 

duration. Model runs forecasting log-adjusted outage duration using a Gaussian 

error distribution had average PMAER values of 77%. After running all desired 

sensitivities of the model using the full four-year data set, sensitivities using the 

seasonal data as training sets ensued. 

2)  COLD-SEASON 

The accuracy of the model in predicting 2010 cold-season outages for all 

three Eversource variables proved worse than the model’s ability to predict 

outages throughout all of 2010 (Tbl. 19). The model accuracy, in terms of 

PMAER, for 2010 cold-

season outages 

worsened by ~10% for 

each variable 

compared to the model trained on the full four-year data set. Despite the overall 

decrease in performance of the model in predicting 2010 cold-season outage 

data, log-adjusted outage duration predictions continued to outperform customer 

outages and basic outage duration. Additionally, no model sensitivity run to 

predict 2010 log-adjusted outage duration, trained on either the full four-year data 

set or only cold-season data, produced PMAER higher than 94%. Comparatively, 

only three of the twenty-four cold-season sensitivities run to predict customer 

outages or basic outage duration had a better PMAER than the worst PMAER, 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 122.42 1353.24 1055.82
Avg.	  %	  Error 2999.33% 696.94% 174.17%

Error	  %	  of	  Actual	  Mean 157.04% 115.19% 87.76%

Model	  Error	  Using	  Cold-‐Season	  Data

Table 19 - 2010 cold-season predicted outage errors using model 
trained on ‘06-‘09 cold-season data 



43 
 

93.2%, observed in any model run predicting 2010 cold-season log-adjusted 

outage duration.  

(i)  Wind Gust Variations 

As one would expect based on the results for predicting 2010 cold-season 

outages, the various wind gust sensitivities also performed worse, in terms of 

PMAER, than the model trained on all 2006-2009 data. When considering all 

cold-season wind gust sensitivities, customer outages and basic outage duration 

performed best using original wind gust data with PMAER values of 153% and 

90%, respectively (Tbl. 20).  When training the model using the modified wind 

gust data, PMAER increased for customer outages and outage duration while 

decreasing for log-

adjusted outage 

duration to its best 

PMAER, 86.3%, among 

all wind gust 

sensitivities. Upon 

removing all wind gust data from the 2010 cold-season outage prediction, both 

forms of outage duration endured their lowest PMAER. Customer outage 

predictions, with wind gust data removed, possessed greater predictability than 

using the modified wind gust data but lesser predictability than with the original 

wind gust data. Basic outage duration displayed the greatest variability across 

sensitivities using various forms of wind gust as PMAER ranged from 90% when 

ingesting the original wind gust data to 145% when removing wind gust 

Customers Duration Log-‐Adjusted	  Duration
Wind	  GST	  Abs.	  Error 122.41 1193.67 1151.15
Mod.	  GST	  Abs.	  Error 128.16 1437.10 1139.60

No	  Wind	  GST	  Abs.	  Error 116.70 1428.97 876.71
Wind	  GST	  Avg.	  %	  Error 2930.50% 320.75% 131.65%
Mod.	  GST	  Avg.	  %	  Error 3186.25% 795.55% 200.30%

No	  Wind	  GST	  Avg.	  %	  Error 2881.25% 974.53% 190.55%
Wind	  GST	  %	  Error	  of	  Mean 152.93% 90.43% 87.21%
Mod.	  GST	  %	  Error	  of	  Mean 160.12% 108.87% 86.33%

No	  Wind	  GST,	  %	  Error	  of	  Mean 158.07% 146.26% 89.73%

Cold-‐Season	  Model	  Error	  Varying	  Wind	  Gust

Table 20 - 2010 predicted outage error using ‘06-‘09 cold-season data with 
varying wind gust inputs 
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altogether. Variability in PMAER among wind gust sensitivities for log-adjusted 

outage duration was significantly lower ranging from 86-90%. 

(ii)  Modeling Methodology and Error Distribution 

After generating sensitivities for both linear and boosted regression 

methods and Gaussian and Poisson error distributions, it became clear 

predictability of 2010 cold-season outages performed worse than predictability of 

all 2010 outages across the board. With respect to the different modeling 

methodologies, each Eversource variable had discernible differences with 

regards to their PMAER values. For customer outages and basic outage 

duration, using the boosted regression model led to improvement in PMAER 

values versus the linear 

regression method by 

greater than 20% (Tbl. 21).  

The predictability of 2010 

cold-season log-adjusted 

outage duration saw 

PMAER decrease by ~8% when moving from the linear method to the boosting 

method. 

Similar to error distribution methods run on the full four-year data set, the 

Gaussian method led to lower PMAER for customer outages while the Poisson 

led to lower PMAER for basic outage duration. Also similar to the full 2006-2009 

training data model, Gaussian PMAER for 2010 cold-season log-adjusted outage 

duration far outperformed the Gaussian and Poisson error distribution methods 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 122.42 1353.24 1055.82

Error	  %	  of	  Actual	  Mean 157.04% 115.19% 87.76%
Avg.	  %	  Error 2999.33% 696.94% 174.17%

GLM	  Abs.	  Error 131.35 1529.67 1007.64
GLM	  %	  of	  Mean 168.41% 131.91% 83.80%
GLM	  Avg.	  %	  Error 3382.83% 1020.60% 224.00%
GBM	  Abs.	  Error 113.50 1176.82 1104.00
GBM	  %	  of	  Mean 145.67% 98.47% 91.71%
GBM	  Avg%	  Error 2615.83% 373.28% 124.33%

Cold-‐Season	  Model	  Error	  GLM	  vs.	  GBM

Table 21 - 2010 predicted outage error using ‘06-‘09 cold-season 
data with varying model methodology 
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for both basic outage duration and customer outages (Tbl. 22).  PMAER values 

for 2010 cold-season Gaussian log-adjusted outage duration came in more than 

20% better than either the 

Poisson or Gaussian runs 

for basic outage duration 

and customer outages. 

Following the execution of 

the model with differing 

methods, using a data set trained on cold-season data, model runs ensued 

trained on warm-season data. 

3)  WARM-SEASON 

Two of the three Eversource variables displayed the highest degree of 

predictability when forecasting 2010 warm-season outages (Tbl. 23). Log-

adjusted outage duration and customer outages had better predictability, in terms 

of PMAER values, than 

the model trained on the 

full four-year data set.  

The PMAER value of 

63.93% for 2010 warm-

season log-adjusted 

outage duration represented the greatest degree of predictability for any single 

variable across any model in this study. The aforementioned PMAER for warm-

season log-adjusted outage duration reflected an improvement on the previous 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 122.42 1353.24 1055.82

Error	  %	  of	  Actual	  Mean 157.04% 115.19% 87.76%
Avg.	  %	  Error 2999.33% 696.94% 174.17%

Poisson	  Abs.	  Error 125.43 1286.00 -‐
Poisson	  %	  of	  Mean 160.84% 109.24% -‐
Poisson	  Avg.	  %	  Error 3134.00% 577.85% -‐
Gaussian	  Abs.	  Error 119.42 1420.49 1055.82
Gaussian	  %	  of	  Mean 153.24% 121.13% 87.76%
Gaussian	  Avg.	  %	  Error 2864.67% 816.03% 174.17%

Cold-‐Season	  Model	  Error	  Gaussian	  vs.	  Poisson

Table 22 - 2010 predicted outage error using ‘06-’09 cold-season 
data with varying error distribution 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 96.02 201.12 120.77
Avg.	  %	  Error 1921.08% 197.36% 96.23%

Error	  %	  of	  Actual	  Mean 138.63% 107.09% 63.93%

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 110.36 867.41 659.06
Avg.	  %	  Error 2503.08% 533.14% 143.60%

Error	  %	  of	  Actual	  Mean 147.49% 104.67% 76.72%

Model	  Error	  Using	  2006-‐2009	  Data

Model	  Error	  Using	  Warm-‐Season	  Data

Table 23 - 2010 warm-season predicted outage errors using model 
trained on ‘06-‘09 warm-season data 
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best, 2010 log-adjusted outage duration, of nearly 13%. Furthermore, every wind 

gust sensitivity and modeling methodology to predict 2010 warm-season log-

adjusted outage duration produced PMAER values ranging from, at worst, 66.6% 

to as low as 59.1%. Interestingly, despite the strong performance of log-adjusted 

outage duration, the PMAER value for normal outage duration of 107.1% ranked 

third among the four different training sets used for the model, only outperforming 

the model trained on cold-season data. While customer outage predictability 

proved best when using the warm-season data, it continued to perform poorly 

overall relative to the other variables. The PMAER of 138.6% for warm-season 

customer outages ranked behind any value seen for the outage duration 

variables across the four models trained using the various data sets. 

(i)  Wind Gust Variations 

Each of the three Eversource variables reached their peak predictability in 

a different one of the three variations in wind gust data for 2010 warm-season 

outage prediction 

(Tbl. 24). Customer 

outages performed 

best using modified 

wind gust, normal 

outage duration 

performed best by omitting wind gust all together and log-adjusted outage 

duration performed best when incorporating the original wind gust data. The 

prediction of 2010 warm-season log-adjusted outage duration for the original 

Customers Duration Log-‐Adjusted	  Duration
Wind	  GST	  Abs.	  Error 100.04 207.14 113.29
Mod.	  GST	  Abs.	  Error 97.15 205.06 114.81

No	  Wind	  GST	  Abs.	  Error 90.86 191.17 134.21
Wind	  GST	  Avg.	  %	  Error 1956.50% 210.40% 90.54%
Mod.	  GST	  Avg.	  %	  Error 1815.50% 211.40% 91.45%

No	  Wind	  GST	  Avg.	  %	  Error 1991.25% 170.28% 82.34%
Wind	  GST	  %	  Error	  of	  Mean 137.55% 114.13% 62.42%
Mod.	  GST	  %	  Error	  of	  Mean 133.58% 112.98% 63.26%

No	  Wind	  GST,	  %	  Error	  of	  Mean 144.78% 94.17% 66.11%

Warm-‐Season	  Model	  Error	  Varying	  Wind	  Gust

Table 24 - 2010 predicted outage error using ‘06-‘09 warm-season data with 
varying wind gust inputs 
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wind gust sensitivity had the lowest PMAER of any variation in wind data across 

any model at 62.4%. Basic outage duration had the worst performance, among 

variations in wind gust, when considering all four models trained on the different 

data sets. This PMAER of 94.2% for basic outage duration occurred when 

omitting wind gust completely. 2010 warm-season customer outage predictions 

using the modified wind gust had the lowest PMAER value, 133.6%, for wind 

sensitivities across all training data sets considering only customer outages. 

Even more impressive, warm-season customer outage and log-adjusted outage 

duration predictions, across all wind gust sensitivities, had lower PMAER values 

than corresponding predictions for all 2010 customer outages and log-adjusted 

outage duration per TRUPER. 

(ii)  Modeling Methodology and Error Distribution 

In considering the modeling methodology and error distribution for 2010 

warm-season outage prediction, the trend relative to the cold-season and other 

data sets remained the same: 

warm-season predictability 

continued to perform better. 

Two of the three Eversource 

variables displayed greater 

accuracy when predicting 

warm-season outages with a boosting methodology than with a linear 

methodology, the exception being customer outages (Tbl. 25). Additionally, when 

considering both linear and boosting modeling methodologies across all data 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 96.02 201.12 120.77

Error	  %	  of	  Actual	  Mean 138.63% 107.09% 63.93%
Avg.	  %	  Error 1921.08% 197.36% 88.11%

GLM	  Abs.	  Error 95.73 259.94 124.06
GLM	  %	  of	  Mean 138.22% 138.79% 65.72%
GLM	  Avg.	  %	  Error 1906.50% 271.85% 99.43%
GBM	  Abs.	  Error 96.30 142.31 117.47
GBM	  %	  of	  Mean 139.05% 75.40% 62.13%
GBM	  Avg.	  %	  Error 1935.67% 122.87% 76.79%

Warm-‐Season	  Model	  Error	  GLM	  vs.	  GBM

Table 25 - 2010 predicted outage error using ‘06-‘09 warm-
season data with varying model methodology 
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sets, each Eversource variable observed their lowest PMAER when using warm-

season data. The predictions for warm-season basic outage duration showed the 

largest discrepancy between linear and boosting as the linear method led to a 

PMAER of 139% and the boosting method a PMAER of 75.4%. Comparatively, 

customer outages and log-adjusted outage duration saw little variation between 

boosting and linear methodologies of only .80% and 3.6%, respectively.  

For the first, and only, time across any of the various models, both 

customer outages and basic outage duration performed best under the same 

specified error distribution method: Poisson (Tbl. 26). While customer outages 

displayed only slightly better 

predictability, ~2%, using the 

Poisson instead of Gaussian 

error distribution method, 

basic outage duration had a 

PMAER 43% better when 

using the Poisson method. 

Comparing the PMAER for warm-season Poisson outage predictions to the other 

models, customer outage predictability came out 9% better than the next best 

model (four-year data set) and basic outage duration 10% better (four-year data 

set). Interestingly, the Gaussian error distribution method for warm-season basic 

outage duration led to the worst PMAER, across all data sets, when compared to 

predictions for basic outage duration using the Gaussian method. 

4)  CONCORD SINGLE-STATION ANALYSIS 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 96.02 201.12 120.77

Error	  %	  of	  Actual	  Mean 138.63% 107.09% 63.93%
Avg.	  %	  Error 1921.08% 197.36% 88.11%

Poisson	  Abs.	  Error 95.25 161.04 -‐
Poisson	  %	  of	  Mean 137.57% 85.51% -‐
Poisson	  Avg.	  %	  Error 1918.67% 150.60% -‐
Gaussian	  Abs.	  Error 96.79 241.21 120.77
Gaussian	  %	  of	  Mean 139.70% 128.67% 63.93%
Gaussian	  Avg.	  %	  Error 1923.50% 244.12% 88.11%

Warm-‐Season	  Model	  Error	  Gaussian	  vs.	  Poisson

Table 26 - 2010 predicted outage error using ‘06-’09 warm-
season data with varying error distribution 
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In terms of forecasting 2010 customer outages, training the model using 

outages only in the Concord area led to the poorest predictability among all 

models with a PMAER 

of ~191% (Tbl. 27). 

Only a single 

sensitivity when predicting Concord customer outages had PMAER value smaller 

than 150%. While outperforming customer outage prediction, both basic and log-

adjusted outage duration predictions for 2010 Concord outages performed worse 

than the model trained on the full four-year data set. Log-adjusted outage 

duration also had lower forecasting accuracy than the model trained using warm-

season data. The PMAER for basic outage duration performed much closer to 

the best, 2.5% worse than the four-year data set, than the log-adjusted outage 

duration, 17% worse than the warm-season data set.  

(i)  Wind Gust Variations 

With respect to the performance of wind gust sensitivities using the 

Concord data set, both 

log-adjusted and basic 

outage duration had their 

lowest PMAER, narrowly 

outdoing the original wind 

gust data, when applying 

the modified wind gust variable (Tbl. 28). All three variables observed a decrease 

in predictive capability when removing wind gust data completely. Concord 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 146.69 1088.32 845.87
Avg.	  %	  Error 4072.75% 561.82% 149.57%

Error	  %	  of	  Actual	  Mean 190.61% 107.24% 81.32%

Model	  Error	  Using	  Concord	  Data

Table 27 - 2010 Concord predicted outage errors using model trained 
on ‘06-‘09 Concord data 

Customers Duration Log-‐Adjusted	  Duration
Wind	  GST	  Abs.	  Error 147.37 1107.98 940.02
Mod.	  GST	  Abs.	  Error 164.00 1094.16 930.63

No	  Wind	  GST	  Abs.	  Error 128.71 1062.82 666.95
Wind	  GST	  Avg.	  %	  Error 3938.50% 382.83% 119.45%
Mod.	  GST	  Avg.	  %	  Error 4701.75% 549.48% 154.15%

No	  Wind	  GST	  Avg.	  %	  Error 3578.00% 753.15% 175.10%
Wind	  GST	  %	  Error	  of	  Mean 183.47% 95.35% 80.90%
Mod.	  GST	  %	  Error	  of	  Mean 200.81% 94.16% 80.09%

No	  Wind	  GST,	  %	  Error	  of	  Mean 185.78% 132.21% 82.96%

Concord	  Model	  Error	  Varying	  Wind	  Gust

Table 28 - 2010 Concord predicted outage error using ‘06-‘09 
Concord data with varying wind gust inputs 
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customer outage predictions proved especially inaccurate as all three variations 

in wind gust inputs led to the three lowest PMAER values across all four data 

sets; none registered a PMAER lower than 183%. For the first time in any of the 

four data sets, the introduction of the modified wind gust data led to an improved 

PMAER, for both basic outage duration and log-adjusted outage duration, versus 

the original wind gust data. 

(ii)  Modeling Methodology and Error Distribution 

Similar to observations in the previous data sets, the Concord data set 

saw the boosting methodology for basic outage duration continue to turn in better 

PMAER values than the linear method (Tbl. 29). Across all four data sets (four-

year, warm-season, cold-

season and Concord), the 

use of the boosting method 

to predict basic outage 

duration always had a 

PMAER at least 33% lower 

than using the inferior 

linear method. Despite underperforming compared to boosting, the linear method 

used to predict Concord outage duration performed better than the linear method 

for outage duration in the other three data sets. Concord customer outage 

predictions displayed the worst predictive capability, with respect to modeling 

methodology, as linear and boosting methodologies produced PMAER values 

37% and 26% higher than the next closest data set, respectively. Contrary to 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 146.69 1088.32 845.87

Error	  %	  of	  Actual	  Mean 190.61% 107.24% 81.32%
Avg.	  %	  Error 4072.75% 561.82% 149.57%

GLM	  Abs.	  Error 159.66 1298.65 829.66
GLM	  %	  of	  Mean 205.41% 128.95% 79.77%
GLM	  Avg.	  %	  Error 4646.83% 870.43% 196.30%
GBM	  Abs.	  Error 133.73 877.99 862.07
GBM	  %	  of	  Mean 172.86% 85.53% 82.86%
GBM	  Avg.	  %	  Error 3498.67% 253.20% 102.83%

Concord	  Model	  Error	  GLM	  vs.	  GBM

Table 29 - 2010 Concord predicted outage error using ‘06-‘09 
Concord data with varying model methodology 
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basic outage duration two data sets, including Concord, showed stronger 

predictive power when using the linear methodology to forecast log-adjusted 

outage duration than the boosting method. Compared to the other data sets, only 

the model trained on cold-season data had worse PMAER values for both linear 

and boosting methodologies when predicting Concord log-adjusted outage 

duration. 

Concord customer outage predictions continued to display weak predictive 

capabilities as both Poisson and Gaussian error distributions observed their 

worst PMAER values of any data set (Tbl. 30). Additionally, customer outage 

PMAER values for both 

Poisson and Gaussian 

error distributions came in 

more than 33% worse than 

the next closest cold-

season data set. Concord 

basic outage duration 

predictions proved much better as both Poisson and Gaussian error distributions 

led to PMAER values within 13% and 3%, respectively, of the best performing 

datasets. For the Poisson distribution, the models trained on the warm-season 

and four-year data sets had lower PMAER values. For Gaussian error 

distribution, only the model using the full four-year data set marginally, less than 

3%, outperformed the model trained on Concord data. Overall, basic outage 

duration predictions proved better when using the Poisson error distribution 

Customers Duration Log-‐Adjusted	  Duration
Avg.	  Abs.	  Error 146.69 1088.32 845.87

Error	  %	  of	  Actual	  Mean 190.61% 107.24% 81.32%
Avg.	  %	  Error 4072.75% 561.82% 149.57%

Poisson	  Abs.	  Error 148.72 1003.94 -‐
Poisson	  %	  of	  Mean 195.35% 98.38% -‐
Poisson	  Avg.	  %	  Error 4172.50% 453.27% -‐
Gaussian	  Abs.	  Error 144.66333 1172.70 845.87
Gaussian	  %	  of	  Mean 186.67% 116.11% 81.32%

Gaussian	  Avg.	  %	  Error 3973.00% 670.37% 149.57%

Concord	  Model	  Error	  Gaussian	  vs.	  Poisson

Table 30 - 2010 predicted outage error using ‘06-’09 warm-
season data with varying error distribution 
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while, when predicting customer outages, the Gaussian method proved better in 

three out of four data sets, the exception being the warm-season model. 
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CHAPTER 4 
 

4.  Conclusions 
 
a.   Preliminary Statistical Analysis 
 

During the course of the preliminary statistical analysis the variable “log-

adjusted outage duration” per TRUPER consistently displayed the highest 

correlations while “customer outages” per TRUPER reflected the lowest. 

Recalling the distributions discussed earlier, log-adjusted outage duration (Fig. 5) 

possessed the most normal distribution while customer outages (Fig. 2) had the 

most skewed distribution. This proves significant because weather variables 

generally possess a normal distribution. For this reason it did not come as a 

surprise that log-adjusted outage duration, with a correlation coefficient (r) of 

.222, had the strongest correlation with the weather variables and customer 

outages, r=.032, had the weakest correlation with the weather variables. When 

considering the weather variables, wind gust, pressure and wind speed displayed 

the strongest correlations with Eversource TRUPER data. One reason for the 

relative strength in these correlations could deal with the importance of these 

variables to outage-causing weather conditions throughout the year as opposed 

to just during warm or cold-season conditions. Oppositely, temperature, 

dewpoint, and ceiling height displayed the weakest correlations to Eversource 

TRUPER data. Ceiling height measurements can prove inconsistent while similar 

temperature and dewpoint values can indicate different conditions depending on 

warm or cold-season weather.  
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When comparing Eversource TRUPER data to weather conditions 

occurring the hour preceding an outage, correlation strength decreased across 

all four Eversource variables (customers, customer minutes, basic outage 

duration and log-adjusted outage duration). Due to the infrequency of weather 

observations, referencing the nearest hour to an outage would sometimes 

correspond to a weather observation recorded after the outage. By instead 

retrieving weather data from the hour before the outage, expectations were to 

see improved correlations. Contrary to the hypothesis, correlations decreased 

and could be related to the weather observation still coming from the same 

weather station despite the likelihood the outage-causing weather would have 

been geographically removed from that location. Another possible explanation for 

decreased correlations could deal with the fact the comparison involved the 

numeric value of the weather variables instead of a one-hour change in weather 

conditions from the previous observation.   

Overall, correlations using the warm-season data performed better, almost 

universally, than correlations using either the four-year data or the cold-season 

data. The only weather or Eversource variable which displayed a stronger 

correlation in the cold-season data and the four-year data set was customer 

outages per TRUPER. When considering differences between the cold and 

warm-season data sets, it’s important to remember that the cold-season had 

~3,450 more TRUPERS than the warm-season data. Recall that ~2,600 

TRUPERS occurred December 9th 2008-December 31st 2008 coinciding with the 

timing of the 2008 December Ice Storm. Also noteworthy, the maximum 
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observed customer outage number on a single TRUPER during the cold-season 

analysis was 8,309 customers while the warm-season maximum was only 2,910 

customers. This could suggest that a larger number of anomalously large-scale 

outage events occur during the cold-season than during the warm-season. The 

CART analysis reinforced the concept of greater large-scale outage events 

occurring in the cold-season as opposed to the warm-season. An overwhelming 

majority of trees created identified the most significant splits to occur on either 

the hour of the day or the month of the year while also occasionally isolating 

December from the other eleven months in the year. The higher occurrence of 

outages in the cold-season, primarily December 2008, significant splits on time 

variables and isolation of December in many trees all suggest the strong 

likelihood the anomalous 2008 Ice Storm had a large impact on this data set.  

The single-station analysis for Concord saw increased correlations 

between weather variables and customer outages per TRUPER and decreased 

correlations between outage duration per TRUPER and the weather variables. 

Focusing the analysis on a single weather station, such as Concord, reduces the 

variability in customer distribution since the focus of outages referencing Concord 

falls within a roughly thirty-mile radius. Without isolating based on station, the 

model treats a TRUPER with 1,000 outages the same whether it occurs close to 

Concord, a densely populated area, or to Dublin, a much less densely populated 

region. Topographic impacts on the analysis also decrease by focusing on a 

single station proving worthwhile as several areas, especially in southwest New 

Hampshire, consist of widely-varying elevations across short distances. 



56 
 

Considering a small radius, relative to the size of the study area, around Concord 

limits the impact elevation can have on the correlations between TRUPER data 

and weather variables. 

b.   Modeling 
 

Considering some of the moderate and even weak correlations observed 

in the preliminary statistical analysis, the model performance offered many 

reasons for optimism. Log-adjusted outage duration, across all data sets, 

modeling methodologies and wind gust sensitivities, always had a PMAER lower 

than 94%. Using the warm-season data set, a boosted regression modeling 

methodology, a Gaussian error distribution and removing ceiling height yielded 

the best performance with a PMAER of 59.1%. This translated to predicting 

outage duration to within 107 minutes of the actual outage duration for 2010 

warm-season outages. Almost as important as predicting the absolute outage 

values surrounding an event is 

capturing the timeframe over 

which said event occurs. 

The model displayed 

proficiency in forecasting the 

occurrence of larger scale long-

duration outage events as seen in 

the output for log-adjusted 2010 

outage duration trained on the full 

four-year data set (Fig. 9). In the 

Figure 9 - Outage duration (minutes, converted from 
log-adjusted values) for each 2010 TRUPER in 
chronological order (Index =1 is first TRUPER report 
in 2010). Predicted values (blue) and observed values 
(red) using ’06-’09 data and modified wind gust 



57 
 

plot displayed in Figure 9, the x index, labeled index, corresponds to 2010 

TRUPERS plotted chronologically with the earliest in the year closest to the 

origin and latest in the year farthest from the origin. The area outlined in the box 

early on in the time series highlights an early-season large-scale outage event 

with many TRUPERs possessing long durations. The blue dots represent the 

modeled outage duration and the red the actual outage duration. The model 

appears to do a good job predicting longer outage durations per TRUPER at the 

onset of increases in actual outage durations, possibly signaling the resolution of 

event starts. The model also seems to resolve the conclusion of the event well by 

predicting shorter-duration outages coinciding with decreasing actual outage 

durations per TRUPER. Later in the time series three arrows point to smaller 

outage events with increased 

outage durations. The model, 

again, appears to do a good job 

resolving the onset and 

conclusion of these smaller-scale 

longer-duration outage events.  

One model aspect needing 

improvement appears in the form 

of linearly-oriented outage 

duration forecasts, visible inside 

the black boxes, dealing with both temporal and spatial resolution (Fig. 10). This 

linear orientation reflects the tendency of the model to predict several TRUPERs 

Figure 10 - Outage duration (minutes, converted from 
log-adjusted values) for each 2010 TRUPER in 
chronological order (Index =1 is first TRUPER report 
in 2010). Predicted values (blue) and observed values 
(red) using ’06-’09 data and original wind gust 
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impacting the same number of customers, or lasting the same amount of time, 

during the early-season large-scale outage event. Digging deeper one realizes 

the model does not distinguish between certain outages occurring in close 

proximity to one another with respect to both time and distance. Based on the 

model’s training data, an outage occurring at 9:31 PM twenty miles west of the 

nearest weather station and an outage occurring at 10:29 PM 20 miles east of 

that same nearest weather station would have identical weather data. 

Additionally, any outage occurring between those two extremes, and possessing 

the same nearest weather station, would also possess identical forecasted 

TRUPER values. This explains the rather coarse temporal and spatial ability of 

the model. 

Running the model while varying the wind gust data, or not using it at all, 

revealed that the original wind gust data performed best ~50% of the time and 

the modified wind gust data performed best ~42% of the time. The model only 

displayed an increased predictability of Eversource TRUPER data when leaving 

out wind gust data altogether once; predicting warm-season basic outage 

duration. The modified gust variable, by applying a rudimentary linear 

transformation to wind speed data, salvaged ~45% of previously discarded 

observations and outperformed the original wind gust data more than 40% of the 

time. Further analysis of the behavior of wind when a gust criteria fails to 

materialize could yield a better algorithm for creating a modified gust variable 

and, ultimately, more accurate outage predictions. This warrants consideration 

given the potential to salvage a large amount of discarded data and because 
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wind gust displayed the strongest correlations to Eversource TRUPER outage 

data during the preliminary statistical analysis.  

With respect to error distribution methodology in the statistical prediction 

model, the Poisson-based method generated more accurate model predictions, 

on average, across 5 of the 8 different data set and variable combinations. 

Interestingly, when averaging every Gaussian model run and every Poisson 

model run, the Gaussian based method had a considerably higher PMAER 

exceeding the Poisson by more than 14% (Tbl. 31).  This result proved quite 

surprising since 

Eversource records 

outage durations to the 

nearest tenth of a minute and the Poisson distribution, since it necessitates 

integers, required rounding to the nearest minute. What one might glean from 

this result is when differentiating between a TRUPER outage duration of 123.9 

minutes and 124 minutes, from a predictability standpoint, there exists little 

difference from a modeling standpoint. When instead considering the 

performance of the Gaussian and Poisson error distribution model runs 

predicting the log-

adjusted outage 

duration, recall it 

requires Gaussian 

distribution due to the non-integer values, the Gaussian improves to more than 

9% better than Poisson (Tbl. 32). This makes sense given that log-adjusted 

127.18% 141.23%

Model	  Error	  as	  %	  of	  Mean	  Gaussian	  vs.	  Poisson
Poisson Gaussian

Table 31 - 2010 predicted outage error for all model runs comparing 
Gaussian and Poisson error distribution 

Model	  Error	  as	  %	  of	  Mean	  Gaussian	  vs.	  Poisson	  (incl.	  log	  adj.)
Poisson Gaussian
127.18% 118.03%

Table 32 - 2010 predicted outage error for all model runs comparing 
Gaussian and Poisson error distribution including the log-adjusted 
outage duration model results 
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outage duration consistently proved the most accurately predicted of all the 

Eversource TRUPER variables. 

 Overall, the model displayed some predictive power with respect to 

outage duration per TRUPER as well as the onset and conclusion of outage 

events involving longer-durations and a greater number of customers. In its 

current capacity it seems the coarse nature of the model, both temporally and 

spatially, would not provide the granularity desired by Eversource for distributing 

resources in advance of a storm, only the course of time over which the storm 

will likely take place. It does seem that with the simple addition of certain data, 

such as topography and population density information, into the analysis of 

power outages throughout the Western/Central Service Territory, big gains stand 

to be made in terms of more accurately predicting these significant outage 

events. 
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CHAPTER 5 
 

5.   Summary & Future Research 
 

Looking back to the preliminary statistical analysis and recalling the 

statistically weak, moderate at best, degree of the correlations helps put the 

predictive performance of the model in perspective. It should come as no 

surprise that log-adjusted outage duration showed the greatest accuracy 

throughout the modeling stage among the Eversource variables, given it 

consistently displayed the strongest correlations with the weather data. Among 

data sets used to train the model, the warm-season performed best and only 

makes sense given the warm-season correlations largely outperformed all other 

data sets during the preliminary statistical analysis. 

Wind gust proved one of the variables that best correlated with the 

Eversource TRUPER data during the preliminary statistical analysis. Due to the 

intermittent nature in reporting wind gust, attributable to highly specific criteria, 

potentially valuable and, in some cases, otherwise complete observations were 

discarded. Removing wind gust data altogether increased the PMAER values by 

more than 16% compared to the original wind gust data. The introduction of a 

linearly modified gust variable, in place of instances where the gust criteria would 

have gone unmet, led to improved PMAER values more than 40% of the time 

versus the original wind gust data. 

During the modeling and analysis, a few weaknesses in the model 

presented themselves. Using a finite number of weather stations to drive the 
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model resulted in limitations on the variations in outage data it could predict. This 

became apparent from the clustering and linear alignment of predictions, which 

occurred most notably during longer-duration outage events. Another weakness 

of the model dealt with the inability of the Concord-only data set to drive 

increased predictability versus the other data sets. This seemed counter-intuitive 

as feeding the model more localized data, in an effort to minimize impacts of 

parameters outside the realm of this study varying widely by region, would seem 

most likely to generate more accurate predictions. The performance of the 

Concord-only data set led to the reconsideration of the variables excluded from 

this model, weather-related and otherwise, which could have both direct and 

indirect impacts on outages across the study area. 

The model’s strength lies in its ability to predict both outage duration per 

TRUPER and the general onset and conclusion of longer-duration, large-scale 

outage events. While the predictions of these features can prove valuable for 

Eversource, knowing how many customers will lose power and where they will 

lose it would greatly improve the distribution of Eversource outage-restoring 

resources. Considering the poor performance of the model in predicting customer 

outages per TRUPER, there seem several aspects across all phases of this 

study which could contribute to improved results through future research. 

a.   Data Adjustments 
 

Some gains in predicting Eversource TRUPER outage data are likely 

achievable by making adjustments and alterations to the existing data set. One 

such improvement lay in the premise of creating a storm definition and grouping 
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TRUPER data into outage events using storm totals. In the present form, one 

could have hundreds of TRUPER reports with short outage durations spanning a 

long time (over the course of several days) which may result in a greater 

resource drain for Eversource then a few TRUPER reports with long outage 

durations. The creation of an outage event criterion, and the compilation and 

categorization of a storm event database, would allow the model to focus on 

predicting total customer outages and cumulative outage duration per storm as 

opposed to per TRUPER. This method would more accurately capture storm 

strength relative to other storms as opposed to the existing method which, from a 

modeling standpoint, assumes that longer outage durations and more customers 

per TRUPER translates to a stronger outage event. This seems like a more 

useful and actionable approach for Eversource and their desire to use this model 

to distribute resources. 

Another option aimed at improving the 

spatial resolution of the model involves the 

creation of distance-weighted weather 

observations rather than pulling weather data from 

the single closest site. This would lead to each 

individual town possessing a unique weather 

observation as opposed to several towns within 

range having the same weather across one-hour 

time frames (Fig. 11). This would feed the model 

more unique and localized data and, ideally, lead 

 Figure 11 - Illustration of a 
distance-weighted weather 
observation taking an average of 
the three closest weather station 
sites 
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to a more accurate forecast of Eversource outage data. Another adjustment to 

the existing data which could lead to improved accuracy deals with the analysis 

involving the one-hour lag in weather observations. 

When analyzing the outage data compared to the weather observation 

from the hour preceding the outage most of the correlations decreased. One 

reason for this result could have dealt with driving the model on actual weather 

observation from the previous hour versus the change in weather variables over 

the course of the hour. The reason this may prove more important than the 

absolute value is that sometimes an increase in wind, a change in wind direction, 

or a decrease in pressure can indicate an approaching storm. In the summer 

months increased dew points can indicate conditions more ripe for thunderstorms 

which sometimes lead to power outage events. By focusing on the change in the 

weather leading up to the outage, rather than a snapshot, one might obtain an 

idea of changes in weather which indicate impending power outage events. 

Another option would apply the same principles discussed but instead analyze 

the change in weather conditions over a longer time, perhaps three hours, 

leading up to an outage.  

b.   Additional Data 
 

Predicting the number of customer outages per TRUPER proved highly 

variable and, given the initially weak correlations, this did not come as a 

complete surprise. The model developed did not have the information required to 

resolve the customers or population density within a given area. This meant that 

if weather conditions leading up to two separate outage events were identical, 
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despite drastic differences in customer or population density, the model would 

predict exactly the same outage duration and customer outages per TRUPER. 

Providing the model with customer or population density data would likely lead to 

improved ability in the model to predict more outages in urban areas and, 

possibly, longer outage-durations in rural locations more difficult to quickly 

service. Considering the range of population density throughout the Eversource 

Western/Central Service Territory, the addition of this data could very well lead to 

the largest improvement in forecasting accuracy for customer outages.  

The last method for improving upon this study’s results deals with 

elevation. The Eversource Western/Central Service territory covers a large 

geographic area and, especially in southwest regions of the state, has some 

large changes in elevation over short distances. Elevation can have a significant 

impact on precipitation type and went unaccounted for in the model. The reason 

for not including precipitation type hinged on the premise that the surface 

temperature recorded in the weather observations may accurately resolve the 

impact precipitation type has on TRUPER outage data. It would seem that by 

adding a town-wide average elevation or different method for incorporating 

elevation, to each associated outage event the model may better identify 

instances where snow, sleet, freezing rain or rain impacts a town during an 

outage event. 
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