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ABSTRACT
Electric power outages in USA alone causes loss of billions of dollars per year and
affects nearly all kind of industries. Even a short duration of outage can potentially cause
huge loss depending on the area affected. While many factors could be correlated with
this problem, one of the major problems identified is weather condition. Extreme weather
conditions have been known to cause power outages for a long time on regular basis.
Since there are many areas within US, which regularly see harsh weather conditions such
as tornadoes, lightening, hurricanes, ice storms, etc; it is imperative that weather forecast
be used to better prepare utility companies to handle outages.
This thesis is aimed at using historical data for outages and their corresponding weather
conditions to come up with a prediction model that can be used by utility companies to
predict whether there will be a power outage or minutes interrupted (MI). The model
used has a accuracy of ~63% while predicting hourly occurrence of power outages.
Moreover the model used to predict occurrence of just weather related outages has been
found to show around ~70% accuracy. Further this thesis explores the most common
service codes, equipment codes and problem codes identified with large customer
minutes interrupted for power outages. This information could be used by utility
companies to improve their manpower planning.
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Chapter 1 : INTRODUCTION
1.1

Overview

In a study done in 2004, it was estimated that the national cost of power interruptions is
about $80 billion annually [1]. US Department of Energy in 2008 published that the
power outages and interruptions still cost about $500 per citizen [2]. Weather is also
considered to play a major role in these outages. According to The President’s Council of
Economic Advisers and The US Department of Energy [3] between 2003 and 2012,
around 670 power outages, each affecting at least 50,000 customers, occurred due to
weather related events.
Though substantial work has been done to connect catastrophic weather events to power
failure and find the cost of damages associated with it, not much work has been done to
predict the minutes interrupted for power outages. There is an opportunity to use various
predictive analytic techniques by using historic power outage data, e.g. training machine
learning algorithms using historic data. Furthermore, if outages are predicted with
reasonable accuracy then such predictions can be instrumental to determine staffing
requirements for a given level of service satisfaction desired. This thesis would focus on
how historical outage information can be used to predict future occurrence of power
outages.

1.2

Problem Statement

The problem is to determine if various weather conditions such as temperature, wind
speed, precipitation, snow, etc., can be used to predict whether a power outage will take
1

place. This prediction can be done on hourly basis given the weather forecast and could
be used to make operation management decisions. Thus this problem includes various
parameters with the response variable being a binary variable associated with outages.
Also, using the historical data, finding the most outages causing equipment failures can
serve as a starting point for reducing power outage minutes.
In the literature, the problem of power outages has always been looked at from either
infrastructure or cost related issues. It has been worked upon as to how the power outages
minutes could be reduced by improving the infrastructure but the prediction of outages
has only been considered for catastrophic weather events.
In this thesis, using historical outage data, a logistic prediction model is developed that
accurately predicts future chances of power outages for a given weather forecast. Thus
enabling electric utility companies to be proactively prepared to handle outages in terms
of manpower, tools, or equipments.
In chapter 2 of this thesis the previous literature in this field along with their short
comings is discussed. In chapter 3, data used for this thesis is explained along with
various transformations performed. In chapter 4, the methodology used on the data is
explained. Chapter 5 details the results and their interpretations. Lastly in chapter 6 the
conclusion of the findings, limitations of the model used, and the future scope of this
work is mentioned.
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Chapter 2 : LITERATURE REVIEW
2.1

Electric Power Supply Chain

This thesis focuses on the outages experienced by utility companies. An electric utility
company is comprised of power plants, transmission lines and distribution lines which
serve the residential, commercial and industrial customers through feeders, laterals and
service lines. The feeders and laterals are high voltages line and after transformation, the
service lines could be anywhere from 120 volts to 480 volts when they reach the
residential, commercial or industrial customer. The Figure 1 shows basic layout for an
electric utility services.

Substation (SUB)

Feeder (FDR)

UG /OH Lateral
(LAT)

UG/OH
Transformer (TX)

Customer

Figure 1 : Basic layout of an utility service

Before setting up a electric distribution system a decision maker has to establish a desired
location for the various electric service centers; discuss the availability of service
voltage(s) from local utility companies; determine potential locations for distribution
panel-boards, switch boards etc. After this initial approximation to final design may be
reached after multiple iteration.

2.2

Cost Associated With Power Outages

Sullivan et al. [4], estimated cost for customer interruptions for generation, transmission,
and distribution outages for different time lengths under various circumstances. They
3

suggested that electric emergency planning may be highly cost effective. The colossal
electric power blackout in the northeastern US and Canada on August 14–15, 2003, has
since sparked many studies to look into increasing reliability and improving
infrastructure in US. But according to US Department of Energy [2], electricity system is
99.97 percent reliable, yet still allows for power outages and interruptions that cost
Americans at least $150 billion each year.
Electric Power Research Institute (EPRI) has been working continuously on putting
dollar value on the cost of power outages. They reported the first ever power-quality-cost
estimate of $26 billion per year for the US [5]. However they did not include power
outages for more than few seconds and excluded residential and commercial customers
from their study. After including the latter they calculated the cost to be around $50
billion per year [6]. The more recent estimate of EPRI puts this number to $119 billion
per year [7] for national cost of power interruptions including power-quality events. This
is based on survey on selected customer groups and asking them to approximate cost of
interruptions for various scenarios, but excluding residential customers.
A study by US Department of Energy (DOE) approximated the cost for interruptions to
be between $150 to $400 billion [8]. This study was based on extrapolation of the value
of service study of Duke Power service. This study focused only on estimating cost to the
industrial sector which could potentially cause bias in the findings [9].
LaCommare et al., [10] developed a bottom-up approach for estimating the cost of power
interruptions and power reliability events for the consumers. Bottom-up approach can be
defined as working on smaller problems and bring it together to get solution to a bigger
4

issue. They expressed the cost of power interruption as product of number of electricity
consumer of different classes in different regions, frequency of reliability events for
different customers in different regions, cost of these events, and vulnerability of
customers to these events. They worked on collecting data for these information and piled
it together to get a assumption on the cost related to power outages. Their approach was
aimed to assess the potential benefits of investments in improving the reliability of the
grid. They estimated the cost of these interruptions at $79 billion annually. Using various
assumptions and estimates for sensitivity analysis they suggested the cost could be as low
as $22 billion or as high as $135 billion depending on the assumptions.
Though at the end where and how the power outage is affecting determines the loss
associated with it. In 2000, the one-hour outage that hit the Chicago Board of Trade
resulted in $20 trillion in trades delayed [2] amounting to huge monetary loss.

2.3

Weather Related Models to Predict Cost and Damages

An infrastructure damage model was developed by Cerruti and Decker [11] for predicting
weather related damage incurred by electric infrastructures using generalized linear
model. Their model used variables such as temperature, dew point, precipitation, and
maximum wind gust to predict weather related damages. They further noted that accuracy
of model was increased when entire day was classified into one weather type such as
thunderstorm, heat, wind, etc.
There have been few studies that have focused on modeling power outages or damages
from extreme weather events such as hurricanes. The hurricane outage prediction model
are statistical models that use predictions of wind speeds and duration of strong winds,
5

along with power system and environmental variables (e.g., soil moisture, long-term
precipitation) for hurricane affected areas, to forecast the number and location of power
outages.
Huang et al. [12] used Monte Caro simulations to determine hurricane winds in
southeastern parts of US. They used large historical data to characterize the central
pressure, radius of maximum winds, approach angle, translation velocity, and annual
occurrence rate of hurricanes that had affected the region. The wind field model was
combined with a damage model, to evaluate expected annual loss ratio. They further
noted that the expected annual damage ratio reduces rapidly with increasing distance
from the coast. Davidson et al. [13] analyzed power outages hurricanes and found a
statistically significant relationship between the maximum wind gust and the number of
outages. They stated that wind speed is an important factor to predict number of outages
but not sufficient to explain the outage patterns and thus other explanatory variables are
required. Liu et al. [14] extended the same study region by developing generalized linear
models. They found that the most important variables for explaining outages were
maximum wind gust, the number of transformers, the power company affected, and the
hurricane indicator.
Liu et al. [15] created a model to predict power restoration time from hurricane and icestorm related outages. They found many of the same variables of previous studies such as
maximum wind gust, hurricane indicator, etc., to be important and were also statistically
significant for predicting restoration times. Though one of the limitations noted was the
lack of potentially important tree-related explanatory variables (e.g., number, type, age of
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trees, and tree trimming frequency) and infrastructure variables (e.g., age and condition
of the poles).
Winkler et al. [16] based only on gust wind speed estimated the probability of damage of
each utility pole. They further estimated power outages based on the topology of the
power system. However, much of the literature in this field is focused on modeling for
predicting outages for catastrophic weather conditions only such as hurricanes, since data
for the same is readily available for model validation.

2.4

Weather Related Models to Predict Power Outages

Electric power utility companies have to take multiple critical decisions preceding a
major weather related event such as hurricane, snowstorm, landfall, etc., based upon the
geographic conditions of their service areas. An example of such a decision could be
determining how many extra crew members and materials would they require to repair
the damage along with where to station them for the most effective use [17]. While
having too few resources may result in very high outage time or long repair time,
obtaining extra materials and crew members can cost up to tens of millions of dollars for
single utility. It's imperative that a forecast of high accuracy be made for a service area
and it is critical for utilities to balance cost and level of repair service they could provide.
Balijepalli et al. [18] used a Monte Carlo simulation to test estimate the effect of
lightening on power system reliability. They used the bootstrapping method to calculate
annual average fault rates for lightening. They used data from 177 storms in Iowa for
their model. Zhou et al. [19] on the other hand used a Poisson regression model and a
Bayesian network model to approximate weather related fault rates. They concluded that
7

the Bayesian network model is easy to use and update given the fact that they considered
10 different conditions. Their results however showed that wind, ice, and lightning events
had most affect on the reliability of power systems. But all these studies were focused on
determining how weather related events affect reliability of power system on annual
basis. They did not forecast expected outages for specific individual storms or weather
events.
Reed [20], studied particular windstorms affecting the power system in Seattle area. He
derived observable relationship between gust wind speed and the chances of damages and
duration of power outages that could be expected. Reed et al. [21] looked into damage to
power transmission infrastructure from hurricane Rita (2005). Though the aim was not to
predict future damages but to understand past damages, they concluded that high gust
wind speed alone can be connected to high damages. On the other hand Reed et al. [22]
concluded that significant damage can occur at lower wind speeds than the wind speed
based models would predict due to other effects such as storm surge and inland rainfall.
Though these studies highlight the complexity related with predicting impacts of extreme
weather condition on power systems, both these findings do not consider predictive
model for power outages or uncertainty in hurricane forecast.
However there has been work done prior to develop predictive models for extreme
weather conditions such as thunderstorm or ice storms. Zhu et al. [23] worked on model
that could predict outages for approaching storms. They used 10 years of historical data
and identified 6 different type of storms to train their model. Their models used variables
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such as temperature, wind speed, and lightening, though they found that lightening
caused most number of outages (more than 50%)
DeGaetano et al. [17] created a model for two regions to forecast ice accretion on power
distribution lines using weather research and forecasting model. Their model was able to
give a forecast 6-12 hrs in advance which could be used by electric utility to predict
damages due to ice accretion. Li et al. [24] using Poisson regression model was able to
predict power outages with up to 3 days lead time using forecast of severe weather events
such as hurricanes, tornados, and thunderstorms. In their model they used the forecasts of
wind gusts, gust frequency, rainfall, and temperature. They also utilized rainfall in the
two weeks preceding the storm event. Their model also considered uncertainties in
weather forecast in damage forecast and provided estimates of coincidence of their
prediction of power outages, which are not being considered in all previous models.
To summarize most prior literature focuses on predicting damages and cost of outages or
to predict weather related outages for extreme conditions such as ice-storm or hurricane.
But, little or no work has been done to investigate what measures have to be taken to
repair the damage to restore the power. Little insight has been published on various
equipments to be used along with how utility companies categorize various cause codes
for an outage. This thesis will focus on these aspects of power outages. Day to day
weather information would be used to create a model which would help in predicting
whether an outage will take place or not. Further, the most common equipments and
problems experienced by the utility company in question would be analyzed to give an
insight on repair for those outages.
9
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Table 1 : Summary of Literature Review

As it can be seen from Table 1 that this thesis would focus on relatively novel part of this
field where day to day weather conditions would be used on hourly basis to construct a
binary model which would be used to predict whether outage would take place or not.
Further, given the data of the utility company, this thesis would also look into recurring
problems along with the equipments to solve those problems.
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Chapter 3 : DATA DESCRIPTION
There are mainly two data sources that have been used in this thesis. The first data source
is the weather information that has been taken from open sources available on internet.
This data is hourly and contains detailed information on weather condition for the
location where the utility company is located.
The second data source is given by the utility company in question. This data set contains
details of various issues reported by customers for the entire year of 2013. Each problem
is reported along with information such as causes, equipments failure, how long was the
system out, etc. This data is time stamped, that is, exact time of problem is recorded
along with exact time when it was restored. An overview of the methodology used for the
creating the data file used for this thesis can be seen in the flowchart described in Figure
2. Microsoft excel has been used to create the data file used for analysis.

Collect hourly weather data for the year 2013

Roll up outage minutes provided by electric utility into an hourly data

Give each hour for the year an unique identity

Select variables to be used in the model and connect both the data files using the unique identity
created

Use different information from the final data set for different models
Figure 2 : Flowchart for Data Transformation
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The detailed variables of these files are described next.

3.1

Weather Data

This information has been taken from the website http://www.wunderground.com/. As
mentioned above this data is collected hourly and for the entire year of 2013 since the
other data file only contains problems reported in 2013.
For each hour the following data is captured:


Temperature: Temperature of the location, noted in Fahrenheit.



Heat Index: Index combining effect of temperature and humidity, measured in
Fahrenheit.



Dew Point: Dew Point of the location, noted in Fahrenheit.



Humidity: Humidity of the location measured in percentage.



Pressure: Atmospheric pressure noted in Inches.



Visibility: Visibility of the location noted in Miles.



Wind Speed: Speed of the wind flowing at the location, noted in Miles/Hour



Gust Speed: Gust speed of the wind at the location noted in Miles/Hour



Precipitation: Amount of precipitation experienced at the location, noted in
Inches.



Events: These are special weather condition that is being experienced at the
location. In this data set the following events have been noted for 2013; fog, rain,
thunderstorm, and tornado. More than one of the these events can take place for
any hour or none can take place at all for a clear weather.

12

3.1.1

Transformation on Weather Data

Since this data set was collected hourly, each hour was given a class. Hence each day had
24 classes with class 1 being time between 00:00 to 00:59 and class 24 being time
between 23:00 to 23:59. For certain data points more than one weather conditions were
given for an hour. In these cases average for that hour was taken as the final data for that
particular class.
Also, events were further broken down into 5 binary variable to note if for a class what
events took place, with no being 0 and yes being 1. The five variables were fog, rain,
tornado, thunderstorm, and if any of the above event took place. The final data set has
over 8700 instances with 697 instances experiencing some sort of weather related event.
A sample of the final data set could be seen in Figure 3.

Figure 3 : Sample Data Table for Historical Weather
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3.2

Power Outage Data

This data set has been provided by an electric utility company. As mentioned earlier it
contains all the outage data that was experienced by the company in the year 2013. The
data set is time stamped and thus exact hour and minutes of occurrence of each problem
along with its restoration time is provided. Each instance in this data set is referred to as
ticket, since it is officially recorded as one when there is fault somewhere in the system
which either outages or inconvenience to the customer.
The following parameters are used in the data set:


Outage Ticket No.: These are the numbers assigned to each of the trouble reported
that disrupts customer in some way. Each ticker number is unique and can be
treated as identity for each instance.



Ticket Create Time: The time at which the ticket was created.



Ticket Create Date: The date at which the ticket was created.



Ticket Create Day: The day of the week at which the ticket was created.



Power Off Time: The time at which the power was interrupted.



Power Off Date: The date at which the power was interrupted.



Power Restore Time: The time at which the power was restored.



Power Restore Date: The date at which the power was restored.



Ticket Type: The type of outage which caused the ticket. There are 11 such codes
which are used to represent this information.



Interruption Type: Interruption report type code which gives information on the
kind of power interruption that took place. There are 10 such codes.
14



Equipment Code: The kind of equipment affected that caused the problem. It is
represented in certain pre determined codes. There are 45 codes that have been
used in this data set.



Interruption Cause Code: The reason which caused the problem to occur and
cause customer inconvenience. It is also represented in predetermined codes.
There are 36 such codes used in this data set.



Support Code: This gives additional information on the cause codes. These are
also represented in predetermined codes. There are 53 such codes used in this data
set.



Customers Interrupted (CI): This shows the number of customers affected by each
ticket



Minutes Interrupted (MI) : Total number of minutes for which the power was out
for a given ticket.



Customer Minutes Interrupted (CMI): It's a measure used by electric companies to
measure total outage minutes. For each ticket it is calculated by multiplying
number of customers affect by outage minutes.

3.2.1

Transformation on Power Outage Data

There are over more than 42,000 instances in the data set. The data set contains
information regarding 1,989,032 customers that were affected. The total minutes of
disruption for tickets are totaled at 2,362,144 while the CMI is for the entire year is
48,355,553. By this data it can see that power outage is a huge problem which could
result in huge loses.
15

The sample data table can be seen in Figure 4.

Figure 4 : Sample Data Table for Power Outages

In order to integrate this information with the hourly weather data, MI, CI, and CMI was
rolled up hourly as well. Then using vlook command in Microsoft Excel, unique
identification of each hour created in both weather and outage data were linked to create
one data file. Three additional variables were created BinaryCMI, BinaryMI, and
BinaryCI which gave value of 0 or 1 depending if any of those had a value greater than
zero for any instance. These variables would act as response variable for logistic
regression.
A sample of final data table used for logistic regression can be seen in Figure 5.

Figure 5 : Sample Data Table for Logistic Regression
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Chapter 4 : METHODOLOGY
The main aim of this thesis is to find if hourly weather forecast can be used to predict
power outage. This prediction could be used to make better operation management
decision. Hence, it is important to choose a methodology which gives accurate results but
at the same time should be simple to use and update. Logistic regression fits all of the
above requirements. Also, the prediction variable is binary in nature, thus accuracy of the
logistic regression model can be improved by changing the probability threshold easily.
More complex analytic models such as random forest or decision trees could be used but
it will add complexity in day to day use. Furthermore the number of variables available
are not enough to generate a reliable complex model. Logistic regression is also easier to
update when considering new training data. It means the electric utility can keep on
updating their information on regular basis and generate more up to date results. Thus
given all these parameters a logistic regression model is used to that connects weather
information with power outage minutes. After a good model has been fit, it can be used to
predict occurrence of MI given certain weather conditions.
The next step is to do a 80/20 rule analysis or Pareto analysis on various factors
correlated with MI. The aim of this exercise is to find what are the most frequent service
codes, equipment codes, and problem codes which causes high CMI. This information
could be useful for utility services since it can enable them to better prepare themselves
for repair work.

17

A simple flowchart that can be used by electric utilities to increase their response time to
outages and improve customer experience is illustrated in Figure 6.

Use weather forecast and proposed
regression model to predict whether
an outage will take place or not

Based upon the pareto analysis,
check for equipment codes, service
codes, etc to do repairs

Use all the above information to
come up with better manpower
palnning
Figure 6 : Flowchart for Electric Utility

4.1

Logistic Regression Analysis of Weather and MI

Weather can be predicted with high accuracy by different agencies such as National
Oceanic and Atmospheric Administration (NOAA), USA. These predictions are freely
available and can be useful for electric utilities to improve their day to day customer
services. The aim of connecting weather information with power outage prediction is to
use these forecasts to better plan possible future breakdowns. Also, these predictions are
done hourly thus one can predict for not just a day but for each hour for next 48 to 72 hrs.
The mean absolute error of weather prediction for next 48 of different parameters for the
month of January'16 by NOAA is shown from Figure 7 to Figure 11.

18

Source: http://www.nws.noaa.gov/
Figure 7: MAE of Max Temperature Prediction Error for 48 Hours

Source: http://www.nws.noaa.gov/
Figure 8 : MAE of Dew Point Prediction Error for 48 Hours
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Source: http://www.nws.noaa.gov/
Figure 9 : MAE of Wind Speed Prediction Error for 48 Hours

Source: http://www.nws.noaa.gov/
Figure 10 : MAE of Gust Speed Prediction Error for 48 Hours
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Source: http://www.nws.noaa.gov/
Figure 11 : MAE of Relative Humidity Prediction Error for 48 Hours

The above images shows high accuracy of various predictions made throughout the USA.
These images are taken for prediction of up to 48 hours. If that time is reduced the MAE
is even lower. This shows the level of accuracy by which short term weather predictions
can be made. Further a study conducted compared accuracy of prediction of rain for three
separate forecasting services. The results of the study are shown Figure 12.

Source: "The Signal and the Noise" by Nate Silver
Figure 12 : Accuracy of Three Weather Forecasting Services
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It can be seen that the National Weather Service nearly have a perfect record for their rain
prediction. This shows high accuracy in various parameters for weather which has not
been used by the utilities for their advantage.
In this thesis a logistic regression model is created to see if day to day weather
information (such as temperature, wind speed, humidity etc) could be used to predict
whether there will be a power outage or not (1 or 0 response variable).
The logistic model can be written as

; where y is

categorical dependent variable (MI in this case), X's are the explanatory variables
(weather conditions such as temperature, wind speed, humidity etc), and β's are the
factors by which X's affect the y. In this thesis all the hourly information regarding the
weather is used to predict whether an outage will take place or not.
From the given data the following data sets for different models were created by varying
weather and outage information used.
1. The data set for the first model contained all the weather information along with
power outages.
2. The data set for the second model contained those weather instances when at least
one event had taken place. All the power outage information was used for these
particular instances.
3. The data set for the third model contained all weather information but only those
outages were considered whose cause codes were directly associated to weather
related causes.

22

4. The data set for the fourth model contained information from only event based
weather along with only weather related caused power outages.

Information used in models
Model No.

Model 1

All weather
information



Model 2
Model 3
Model 4

Only event related
weather
information

All outages
information

Only weather
related outage
information













Table 2 : Summary of Data Used for Different Models

For all models data was divided into two parts to train and test the results. The training
set consisted 60% of the data while the rest was used to test the results. Most of the
instances in heat index were found to have zero value and thus was removed for the
model. The initial model used was

The logistic regression model used initially was same for all the models, except for
second and fourth model in which event was taken out as an explanatory variable. First
and second model were compared to check which would be a better to predict occurrence
of outages. Whereas third and fourth model were compared to predict occurrence of just
weather related outages. The statistical software R was used for all regression analysis.
Results of each data set are discussed in detail next.
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4.1.1

Model 1 (All Weather Data, All MI Data)

As explained above the original logistic regression model run was

. But not all explanatory variables
were found to be significant. In order to reduce complexity of model and check for a
shorter model, backward Akaike information criterion (AIC) selection was run. Given
collection of similar models, AIC estimates the quality of each model relative to each
other and thus is used for model selection. Backward AIC selection aims at taking one
variable out at each step of iteration till the penalty of losing goodness of fit starts
exceeding. The variable taken out at each iteration is the least significant variable for that
step.
After running AIC backward selection for model 1 three variables were taken out which
were Event, Fog, and Tornado. Once the model was selected without these variables, the
data was divided into two data sets for training and testing. The training consisted 60% of
the data while 40% was used to test it. The probability cutoff for prediction of 0 (no
outage taking place) was set as .5 as default initially, that is probability greater than .5
was given zero while less than .5 was given a value of 1 (outage occurring). This cut off
was varied depending upon type 1 and type 2 error in confusion matrix. Type 1 error are
those where the model predicted an outage will take place when it did not. Type 2 errors
are those when model predicted an outage would not take place when there was an
outage. If type 1 error is high that means the model is predicting outage more than it
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should and thus probability threshold for zero should be lowered. If type 2 error is high
that would mean probability threshold for predicting zero needs to be set higher. The
final cutoff for probability was set depending on the confusion matrix, accuracy, and area
under the receiver operating characteristic (ROC) curve. The details of such are discussed
in next chapter.
4.1.2

Model 2 (Event Weather Data, All MI Data)

In model 2 only those instances were taken where some event(rain, fog, thunderstorm,
and tornado) had taken place. There were 697 such data instances. The logistic regression
model used initially was

.
Then AIC backward selection was run to select the final model. Dew Point, Humidity,
Wind Speed, Fog, Tornado were taken out, rest all other variables were considered. This
model too was subjected to training and testing with a different cutoff set for confusion
matrix based upon type 1 and type 2 errors.
4.1.3

Model 3 (All Weather Data, Weather related MI Data)

In model 3 again all weather instances were taken but only those MI were considered
whose cause codes could be directly associated with weather. Out of 36 codes only 7
could be directly associated with weather, these codes were lightning, storm, wind,
storm/wind (with equipment damage), tornado, and hurricane. Other codes may have
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some affect due to weather but those cannot be directly explained given the information.
Whereas these variables are straightway associated with weather conditions.
The initial logistic regression used was same as mode 1,

. After this AIC backward was run
to reduce the number of variables. Dew Point, Visibility, Wind Speed, Fog, and Tornado
were taken out and rest were used for the final model.
As done before this model was divided in two sets of training and testing and the cutoff
was decided based upon the confusion matrix, accuracy, and AuC.
4.1.4

Model 4 ( Event Weather Data, Weather Related MI Data)

In model 4 only those whether instances were taken where some event had occurred
along with only those MI whose cause codes were directly related to weather which are
mentioned above. This data was subjected to same methodology as discussed above the
initial model used was

.
After AIC backward selection, Temperature, Humidity, Visibility, Wind Speed, Fog, and
Tornado were taken out and rest were used in the model. Like discussed above the this
was subjected to training and testing. Cutoff for prediction was decided based upon
similar parameters.
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4.2

Power Outage Cause Data Analysis

After prediction has been made onto weather there will be a power outage or not the next
step is to prepare for those outages. One of the primary information that would be
required for handling outages is the insight on what reasons or equipment failure could be
causing it. Given the data by the electric utility, in this thesis, it has been tried to come up
with recurrent causes of failures and their correlation with other explanatory variables.
The way this has been done is, probabilities for various interruption types are calculated
and then Pareto charts are plotted for the same. The interruption with high probability are
further inspected to see major equipment failures and cause codes that are recurrent in
nature.
One thing of note is that while the logistic regression has been done on predicting
whether a power minute interruption will happen or not, analysis to find the relationships
for outages has been done on customer minutes interrupted. Reason for this is that CMI is
the measure utilities uses to calculate their total minutes of power outages and hence any
analysis on the tools for the outages has to be done on the same.
4.2.1

Time Series Analysis

The first step was to check if there was any time related correlation with CMI. To check
for the same, percentage of number of incidences for CMI along with percentage of its
cumulative sum was plotted for different time series. The initial time gap was taken to be
daily. This was followed by taking time gaps as weekly and monthly. The results found

27

out through this analysis were not surprising since at all time instances CMI was found
out to be pretty consistent.
4.2.2

Cause Codes Analysis

The first level on analysis was done on interruption type code. Reason for choosing as the
first step was the comparatively less number of different codes used in this. There are
only 10 different codes used for this information whereas other codes such as equipment
or cause codes have high number of variables. Once the main reason for interruption is
found it's further analyzed to find recurrent cause codes and equipment codes which
cause CMI. After this analysis the final correlation found could be said to be the major
problem for the utility service that needs to be addressed.
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Chapter 5 : RESULTS
5.1

Logistic regression

In this section the results from the above models are discussed along with the confusion
matrix and accuracy for all the models. The parameters used for selecting probability
cutoff for each model are


Confusion Matrix : This contains the matrix showing prediction of 0 and 1 versus
the actual value. This is used to calculate type 1 and type 2 errors.



Accuracy : This is ratio of correctly prediction instances to the total number of
instances. Though it can be misleading if data has a biased outcome.



Kappa value : This measures inter-rater agreement for categorical responses. It
takes into account agreement by chance and is thus considered more robust than
calculating simple accuracy.



Balanced Accuracy : This is the average of both type 1 and type 2 accuracy. This
takes care of the biasness that occurs in accuracy due to presence of one outcome
more than the other in the data.



Area under the ROC curve (AuC) : It is a standard measure of the predictive
accuracy of a logistic regression model. If its below .50 that means model is
worse than a simple toss of coin in prediction. Thus the minimum threshold set
for it is .5
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5.1.1

Model 1 (All Weather Data, All MI Data)

The final model selected for model 1 is

with

the

following values of coefficients.

Figure 13 : Values of Coefficient for Model 1

Table 3 shows the confusion matrix for each cutoff along with accuracy, Kappa value,
balance accuracy, and AuC.

Prob. Cutoff
Value

Confusion Matrix

Accuracy

Kappa

Balanced
Accuracy

AuC

0.5049

0.1662

0.615

0.6312

0.6204

0.2422

0.6414

0.6213

0.6569

0.255

0.6368

0.6228

0.6827

0.2413

0.6176

0.6243

0.7015

0.1681

0.57

0.6377

Reference
0.2

Prediction

0

1

0

989

1631

1

101

777

Reference
0.3

Prediction

0

1

0

760

998

1

330

1410

Reference
0.35

Prediction

0

1

0

636

746

1

454

1662

Reference
0.4

Prediction

0

1

0

485

505

1

605

1903

Prediction

0

1

0

242

196

848

2212

Reference
0.5

1

Table 3 : Confusion Matrix and Accuracy for model 1
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Given the results shown above, a cutoff of .35 can be seen reasonable. Both type 1 and
type 2 errors are below 50%. Also, the balanced accuracy along with AuC value seem
good.
It is interesting to note that most of the explanatory variables were taken into account for
this model. This model can generally considered helpful in sense that it can help in
predicting whether there would be an outage or not for any given weather condition for
the utility company irrespective of time and other constraints. It could be used as day to
day tool to plan manpower for the company.
5.1.2

Model 2 (Event Weather Data, All MI Data)

The final model selected for model 2 is

with the following values of coefficients.

Figure 14 : Values of Coefficient for Model 2

Table 4 shows the confusion matrix for each cutoff along with accuracy, Kappa value,
balance accuracy, and AuC
Porb. Cutoff
Value

Confusion Matrix

Accuracy

Kappa

Balanced
Accuracy

AuC

0.6799

0.1784

0.6579

0.5761

0.7734

0.1964

0.6258

0.5839

0.7878

0.1118

0.5606

0.5521

Reference
0.15

Prediction
0
1

0.2
0.25

Prediction
0
1

0

1

22
76
13
167
Reference
0
1
15
43
20
200
Reference

31

Prediction
0
1
Prediction
0.3

0
1

0
1
9
33
26
210
Reference
0
1
6

23

29

220

0.8129

0.0829

0.5383

0.5452

Table 4 : Confusion Matrix and Accuracy for model 2

Based upon the above information a cutoff of .2 can be considered reasonable. But this
model's usage is severely limited in sense that it could only be used when there is a
weather related event taking place. As seen in the data set these events have been few in
their occurrences and thus this model cannot be used very frequently to help the utility
services. While model 2 does better in terms of accuracy, model 1 does better than model
2 in terms of all other parameters. And it has been discussed how accuracy can be biased
if occurrence of one outcome is more than the other. Thus, model 1 should be considered
to predict whether a power outage will take place given weather conditions.
5.1.3

Model 3 (All Weather Data, Weather Related MI Data)

The final model selected for model 2 is

with the following values of coefficients.

Figure 15 : Values of Coefficient for Model 3

Table 5 shows the confusion matrix for each cutoff along with accuracy, Kappa value,
balance accuracy, and AuC
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Prob. Cutoff
Value

Confusion Matrix

Accuracy

Kappa

Balanced
Accuracy

AuC

0.9059

0.189

0.5604

0.796

0.9042

0.2144

0.572

0.7552

0.8794

0.2629

0.6185

0.6485

0.8476

0.2549

0.6437

0.6154

0.6418

0.1525

0.6776

0.567

Reference
0.5

Prediction
0
1

0.6

Prediction
0
1

0.8

0.85

0.9

Prediction

0

1

3214
308
21
45
Reference
0

1

3108
298
37
55
Reference
0

1

0
1

2973
250
172
103
Reference

Prediction
0
1

0
1
2828
216
317
137
Reference

Prediction

0

1

0
1

1190
1155

98
255

Table 5 : Confusion Matrix and Accuracy for model 3

Model 3 and 4 are used only to check if a weather related outage will take place or not.
For this reason the results from these models should be taken very different from the
previous two models. The reason to make these two models is also that it can be seen that
weather related outages have different failure causes and thus would require a different
planning system to repair them.
Given the information shown above the cutoff of .85 would seem reasonable it has a
better balanced accuracy but does not lose much in other factors.
5.1.4

Model 4 (Event Weather Data, Weather Related MI Data)

The final model selected for model 2 is

with the following values of coefficients.
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Figure 16 : Values of Coefficient for Model 4

Table 6 shows the confusion matrix for each cutoff along with accuracy, Kappa value,
balance accuracy, and AuC

Prob. Cutoff
Value

Confusion Matrix

Accuracy

Kappa

Balanced
Accuracy

AuC

0.723

0.3789

0.6767

0.731

0.6978

0.3435

0.6653

0.685

0.7194

0.404

0.6988

0.7064

0.6978

0.3818

0.6951

0.6888

0.5144

0.1511

0.5904

0.6653

Reference
0.5

Prediction
0
1

0.6

Prediction
0
1

0.65

Prediction
0
1

0.7

Prediction
0
1

0.8

0

1

151
60
17
50
Reference
0

1

138
54
30
56
Reference
0

1

134
44
34
66
Reference
0

1

119
35
49
75
Reference

Prediction

0

1

0
1

36
130

5
105

Table 6 : Confusion Matrix and Accuracy for model 4

Given the above table a cutoff of .7 can be considered good. It has a good balanced
accuracy as well as other factors. Also, it captures most of instances when there is an
outage. Thus between model 3 and model 4, choosing model 4 becomes an obvious
choice. It scores better in almost all of the factors. What it would mean it that when the
utility service want to predict if a weather related outage will take place they would only
be able to do so accurately if a weather related event would have taken place.
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It's interesting to note that even though Fog and Tornado has been classified as weather
related events in none of the models they have been found to be significant. Reason for
Tornado to be absent from the weather could be the very rare occurrences it has in the
data set. A data set with more occurrences of Tornado may yield a different result.
To sum, this thesis conclude that for predicting hourly outages model 1 could be used
which uses all weather information and gives accurate results but if only weather related
outages are to be predicted, information pertaining to weather related events should be
taken which is explained in model 4. Given the high accuracy of weather prediction as
discussed in previous chapter, this could be used by utility companies for hourly basis.
Models are easy to run and update given more information.

5.2

Power Outage Data Cause Analysis

In this section, a detailed analysis of various factors related occurring with CMI is shown
in order to find major problem with the utility company in question.
5.2.1

Time Series Results

The distribution of the count as well as sum of CMI according to each date of the month
can be seen Table 7.

Date of
Month

%tage of
Sum of
CMI

%tage of
Count of
CMI

Date of
Month

%tage of
Sum of CMI

%tage of
Count of
CMI

Date of
Month

%tage of
Sum of
CMI

%tage of
Count of
CMI

1

3%

3%

11

2%

3%

21

3%

3%

2

4%

4%

12

3%

3%

22

3%

3%

3

3%

3%

13

4%

4%

23

4%

3%

4

4%

4%

14

3%

3%

24

4%

3%

5

4%

3%

15

4%

3%

25

3%

3%

35

6

3%

3%

16

4%

3%

26

3%

3%

7

5%

3%

17

3%

3%

27

3%

3%

8

4%

4%

18

3%

3%

28

4%

3%

9

2%

3%

19

3%

3%

29

3%

3%

10

2%

3%

20

3%

3%

30

3%

3%

31

2%

2%

Table 7 : Daily Distribution of CMI

As it can be seen from the above table all days of the month have approximately same
contribution towards the outage and no date stands out of the ordinary. Next it is checked
to see if the day of the week as any affect on the outages.

Day of the Week

%tage of Sum of CMI

%tage of Count of CMI

Mon

18%

17%

Tue

13%

17%

Wed

13%

16%

Thu

18%

16%

Fri

15%

15%

Sat

12%

11%

Sun

11%

9%

Table 8 : Weekday Distribution of CMI

While weekdays have very similar count of outages, weekends (Saturday and Sunday)
are found to have a lower number of reported outages. This could be because of lower
usage in businesses during holidays. More detailed information on type of customers
would be required to establish the reason for lower number of outages during weekends
which is currently missing for the given data.
5.2.2

Cause Codes Analysis

As discussed above, the initial step was to find major interruption type code with relates
to high CMI. The CMI contribution of the 10 interruption types can be seen in Table 9.
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Interruption Cause Code

Sum of CMI

FDR
LAT
TX
SEC
SYS
SV
OCR
UNSP
MTR
NLS

%tage Contribution

22,800,438
16,282,961
7,164,122
669,388
647,908
363,765
321,060
80,584
25,327
-

47%
34%
15%
1%
1%
1%
1%
0%
0%
0%

Table 9 : Contribution of Various Interruption Type to CMI

25,000,000

120%

20,000,000

100%
80%

15,000,000

60%
10,000,000

40%

5,000,000

Sum CMI
Cum. %tage

20%

-

0%
FDR LAT

TX

SEC

SYS

SV

OCR UNSP MTR NLS

Figure 17 : Distribution of Interruption Codes for CMI

It can be seen from Figure 17 that major contribution is by FDR (Feeder), LAT (OH and
UH Laterals) and TX (OH and UH Transformers). In fact FDR and LAT together
contributes to more than 80% of total CMI experienced. Other interruptions such as over
circuit relay, substation, customers, service, and distributions lines are negligible. NLS
are those instances where a non power outage related problem was reported hence its
contribution to CMI is zero.
The next step is to find what are the causes of interruption in feeder which causes such as
CMI along with the common equipment failures experienced. The top causes for the
same are listed in the Table 10.
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Cause Code
188
189
197

Legend
Equip Failed-OH
Equip Failed-UG
Vandalism

CMI Contributed
8,384,417
4,157,084
1,828,040

%tage contributed
37%
18%
8%

Table 10 : Top Causes of CMI in Outages Related to Feeder

It is interesting to note that top two reasons for failure in Feeder are equipment failure
with over head equipment fail causing more than twice CMI as underground equipment
failure. Combining equipment failure covers 55% of CMI in feeder. The next biggest
reason is found to be vandalism. At 8% the outages minutes caused by it is huge. This
also shows that better protection of equipments should also be a priority for the utility
company.
The next step would be to check if a particular equipment failure is being repeated the
most outages creating equipment fail for interruption type feeder and cause code as
equipment failure (both OH and UG) are listed in Table 11.
Equipment
Code

Legend

104
111
92
103
121

Conductor Down
Cable
Disconnect Switch
Splice
Padmount Switch

CMI Contributed
2,248,915
1,935,756
1,654,011
1,464,088
1,221,240

%tage contributed
18%
15%
13%
12%
10%

Table 11 : Top Equipment Failure in Outages Related to Feeder

This data actually shows that not one but multiple equipments failures have a significant
impact on outages causing large CMI. The most common equipment failure could be said
to be conductor, but cable and disconnect switch are not far behind. By following the
chain of biggest contributor to CMI, it has landed to a figure of 2,248,915, which is a 5%
of the total CMI experienced by the utility company. Feeder itself caused 47% of the
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CMI. Equipment failure (both OH and UG) given that interruption type is feeder caused
18% of the total CMI and as stated above conductor failure given equipment failure in
feeder causes 5% of the total CMI. The percentage goes down very significantly when as
more details are added.
This process was carried out for both Laterals and Transformers as well to check if their
longest chain contributed to higher percentage of CMI. The top causes of Lateral and
Transformers are listed in Table 12.
Interruption
Type

Cause Code

Legend

CMI Contributed

Lateral

189
188
20

Equip Failed-UG
Equip Failed-OH
Tree/Limb Preventable
Planned - Crew
Request
Equip Failed-UG
Tree/Limb Preventable

4,526,243
2,658,198
2,222,496

%tage
contributed
28%
16%
14%

1,665,731

23%

1,112,672
960,280

16%
13%

195
Transformers

189
20

Table 12 : Top Causes of CMI in Outages Related to Lateral and Transformer

It can be seen from the above table that equipment failure is again a top cause for Lateral
interruption types. The major cause is planned tree/limb trimming. If a schedule of this is
maintained along with types of trees in the area, that information could be used to predict
CMI caused by this particular activity. For Transformers the major causes are planned
crew request and planned tree trimming. Even though underground equipment failure
does cause large CMI the majority of the outage time in Transformers are planned. Thus
to address or reduce this time information such as crew planning, labor requirements,
maintenance schedule, etc are required.
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It can also be inferred looking at the above table that exact code of equipment failure in
Transformers cannot exceed Feeder's and thus Lateral's equipment codes for both
overhead and underground equipment failures are checked for CMI.
Equipment Code
111
94
93

Legend
Cable
Transformer
Fuse Switch

CMI Contributed
2,895,955
1,277,971
783,451

%tage contributed
40%
18%
11%

Table 13 : Top Equipment Failure in Outages Related to Lateral

Even though Feeder was found to be the main cause of interruption type. The major
equipment failure was found to be conductor with cable being the second but as it can be
seen from the above Table 13 that Lateral equipment failure of cable actually exceeds
that of Feeder. So even if Feeder has the most CMI associated with it. The highest CMI
yielding problem is actually interruption type of Lateral with equipment failure of Cable.
The top equipment failure codes (irrespective of interruption type or cause code type) is
also checked to see how top problem of cable and conductor rank in that list. The top
problems for equipment failures can be seen in Table 14.
Equipment Code
104
111
94
148
85

Legend
Conductor Down
Cable
Transformer
Other Substation Equipment
Arrester

CMI Contributed
6,598,055
5,651,754
4,504,602
2,603,901
1,969,882

%tage contributed
14%
12%
9%
5%
4%

Table 14 : Top Equipment Failures

Conductor, Cable and Transformers are actually found out to be the top problem
irrespective of the interruption type. Which makes intuitive sense since they were also
found to be the main reason for failure in highest yielding interruption types.
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The equipment failure for just weather related events were also checked. The purpose of
doing so is to validate that when there is a weather related event, it involves different type
of equipments from the most common one listed above. The equipment failures
pertaining to just weather related events can be seen in Table 15.
Equipment Code
104
85
94
81
83

Legend
Conductor Down
Arrester
Transformer
Pole
Insulator

CMI Contributed
2,170,619
772,603
606,515
195,511
177,726

%tage contributed
32%
11%
9%
3%
3%

Table 15 : Top Equipment Failure for Weather Related Events

While Conductor and Transformer are still part of top equipment failures, it's interesting
to note that Cable does not feature in this list. Arrester, Pole, and Insulator are on the
other hands more common equipment which pertains to weather related failure.
This would show that maybe a different manpower planning could be required to more
effectively tackle weather related problems. Also, breaking down causes of outages in
such manner could be highly useful for more detailed insights. Other such category could
be animals related problems.
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Chapter 6 : CONCLUSIONS AND FUTURE WORK
The work in this thesis shows how hourly weather forecast cast can be used by utility
services to predict whether they will experience an outage or not. An accuracy of ~63% is
seen in hourly prediction of chances of outages happening. Given that this prediction is
done on hourly basis and the prediction of short term weather is found to be very
accurate, the work done in this thesis can be used in identifying majority of the times a
utility company will experience power breakdown. Further utility firms could use similar
techniques to predict weather related outages as well. In fact accuracy for weather related
outages is ~70%. Hence, utility services can use this information to better prepare
themselves for it.
Also this thesis identifies the most common causes for breakdowns which lead to high
CMI. This gives utility companies an idea where they could improve their services or
equipments to either reduce number of outages or to reduce the minutes of outages.
Extension of this work would be to see if forecast of power outages can be modeled in
such a way that a better and effective work force planning model can be created to
optimize cost of services and find the right balance between workforce and power
outages.

6.1

Limitations of the Model

The models and methodology used has some limitations in them. The following are some
of the limitations that could be improved upon.
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The model only predict whether an outage will happen or not but does not give
any detail as to how long it could potentially last or if multiple outages can be
experienced in that period.



The model also heavily relies on accurate weather forecast for prediction. If
weather forecast is off or if it's not constantly updated it can yield to inaccurate
results.



The data used for this thesis is of just one year. If multiple years of data was
available a more accurate analysis of seasonality could have been performed.



There could be other cause codes which could be related to weather (such as
animal behavior) which have not been considered in this thesis.

6.2


Future Scope
Only weather information has been used for predictions. External data such as
maintenance schedule, mean life of equipments, and time between repairs, have
not been considered. If these could be added into the model the accuracy could be
further improved.



More work can be done in order to predict the number of minutes of outages and
not just treat it as a binary variable. Also an analysis can be done on number of
customers being affected for the given variables.



There has not been a classification done on the type of customers which could
prove useful in predicting large outages.



Work force information for an utility could be integrated with this model to
prepare a better manpower planning and comparing cost versus service provided.
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APPENDIX A
I.

AIC Output for Model 1

> step(fit01,k=2,direction = "backward")
Start: AIC=9866.42
BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + BinaryEvent + Rain +
Thunderstorm + Fog + Tornado
Df Deviance
AIC
- BinaryEvent
1
9838.5 9864.5
- Rain
1
9839.7 9865.7
- Tornado
1
9840.0 9866.0
- Fog
1
9840.3 9866.3
<none>
9838.4 9866.4
- Thunderstorm
1
9843.6 9869.6
- precipitation 1
9845.5 9871.5
- WindSpeed
1
9847.9 9873.9
- Visibility
1
9850.9 9876.9
- Humidity
1
9851.8 9877.8
- GustSpeed
1
9855.2 9881.2
- Pressure
1
9860.5 9886.5
- DewPoint
1
9865.3 9891.3
- Temp
1
9890.6 9916.6
Step: AIC=9864.52
BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + Rain + Thunderstorm +
Fog + Tornado
Df Deviance
AIC
- Tornado
1
9840.4 9864.4
- Fog
1
9840.5 9864.5
<none>
9838.5 9864.5
- precipitation 1
9845.6 9869.6
- WindSpeed
1
9848.0 9872.0
- Visibility
1
9851.2 9875.2
- Thunderstorm
1
9851.7 9875.7
- Humidity
1
9852.1 9876.1
- GustSpeed
1
9855.3 9879.3
- Pressure
1
9860.6 9884.6
- DewPoint
1
9865.6 9889.6
- Rain
1
9878.2 9902.2
- Temp
1
9891.0 9915.0
Step:

AIC=9864.36
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BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + Rain + Thunderstorm +
Fog

- Fog
<none>
- precipitation
- WindSpeed
- Visibility
- Humidity
- Thunderstorm
- GustSpeed
- Pressure
- DewPoint
- Rain
- Temp

Df Deviance
AIC
1
9842.3 9864.3
9840.4 9864.4
1
9847.6 9869.6
1
9849.9 9871.9
1
9852.8 9874.8
1
9854.0 9876.0
1
9854.3 9876.3
1
9857.0 9879.0
1
9862.2 9884.2
1
9867.6 9889.6
1
9880.0 9902.0
1
9893.0 9915.0

Step: AIC=9864.34
BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + Rain + Thunderstorm

<none>
- precipitation
- WindSpeed
- Visibility
- Humidity
- Thunderstorm
- GustSpeed
- Pressure
- DewPoint
- Rain
- Temp

Df Deviance
9842.3
1
9850.1
1
9851.8
1
9853.1
1
9855.9
1
9856.3
1
9859.0
1
9864.2
1
9869.3
1
9883.6
1
9894.3

AIC
9864.3
9870.1
9871.8
9873.1
9875.9
9876.3
9879.0
9884.2
9889.3
9903.6
9914.3

Call: glm(formula = BinaryInteruption ~ Temp + DewPoint + Humidity +
Pressure + Visibility + WindSpeed + GustSpeed + precipitation +
Rain + Thunderstorm, family = "binomial", data = file1)
Coefficients:
(Intercept)
Temp
Pressure
Visibility
30.23653
0.24002
1.28979
-0.14072
WindSpeed
GustSpeed
Thunderstorm
0.01918
0.01737
1.08618

DewPoint

Humidity

-0.18029

5.58003

precipitation

Rain

7.33390

0.85131

-
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Degrees of Freedom: 8745 Total (i.e. Null);
Null Deviance:
10910
Residual Deviance: 9842
AIC: 9864

II.

8735 Residual

AIC Output for Model 2

> step(fit02,k=2,direction = "backward")
Start: AIC=510.71
BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + Rain + Thunderstorm +
Fog + Tornado

- Humidity
- DewPoint
- WindSpeed
- Temp
- Fog
- Rain
- Tornado
<none>
- GustSpeed
- Thunderstorm
- precipitation
- Pressure
- Visibility

Df Deviance
AIC
1
484.76 508.76
1
484.84 508.84
1
485.00 509.00
1
485.48 509.48
1
485.53 509.53
1
486.01 510.01
1
486.42 510.42
484.71 510.71
1
486.96 510.96
1
488.06 512.06
1
488.38 512.38
1
489.90 513.90
1
490.02 514.02

Step: AIC=508.76
BinaryInteruption ~ Temp + DewPoint + Pressure + Visibility +
WindSpeed + GustSpeed + precipitation + Rain + Thunderstorm +
Fog + Tornado

- WindSpeed
- DewPoint
- Fog
- Rain
- Tornado
<none>
- GustSpeed
- Thunderstorm
- precipitation
- Pressure
- Visibility
- Temp
Step:

Df Deviance
AIC
1
485.05 507.05
1
485.15 507.15
1
485.60 507.60
1
486.02 508.02
1
486.46 508.46
484.76 508.76
1
487.04 509.04
1
488.10 510.10
1
488.52 510.52
1
490.01 512.01
1
490.13 512.13
1
494.60 516.60

AIC=507.05
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BinaryInteruption ~ Temp + DewPoint + Pressure + Visibility +
GustSpeed + precipitation + Rain + Thunderstorm + Fog + Tornado

- DewPoint
- Fog
- Rain
- Tornado
<none>
- Thunderstorm
- precipitation
- Pressure
- Visibility
- GustSpeed
- Temp

Df Deviance
AIC
1
485.61 505.61
1
485.89 505.89
1
486.41 506.41
1
486.81 506.81
485.05 507.05
1
488.36 508.36
1
488.83 508.83
1
490.26 510.26
1
490.49 510.49
1
490.73 510.73
1
496.49 516.49

Step: AIC=505.61
BinaryInteruption ~ Temp + Pressure + Visibility + GustSpeed +
precipitation + Rain + Thunderstorm + Fog + Tornado

- Fog
- Rain
- Tornado
<none>
- Thunderstorm
- precipitation
- Pressure
- Visibility
- GustSpeed
- Temp

Df Deviance
AIC
1
486.59 504.59
1
486.92 504.92
1
487.29 505.29
485.61 505.61
1
488.93 506.93
1
489.06 507.06
1
490.36 508.36
1
490.81 508.81
1
492.36 510.36
1
505.49 523.49

Step: AIC=504.59
BinaryInteruption ~ Temp + Pressure + Visibility + GustSpeed +
precipitation + Rain + Thunderstorm + Tornado

- Tornado
<none>
- Rain
- precipitation
- Visibility
- Pressure
- Thunderstorm
- GustSpeed
- Temp

Df Deviance
AIC
1
488.52 504.52
486.59 504.59
1
490.08 506.08
1
490.26 506.26
1
490.84 506.84
1
491.04 507.04
1
491.54 507.54
1
493.25 509.25
1
507.49 523.49

Step: AIC=504.52
BinaryInteruption ~ Temp + Pressure + Visibility + GustSpeed +
precipitation + Rain + Thunderstorm
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<none>
- Rain
- Visibility
- Pressure
- precipitation
- Thunderstorm
- GustSpeed
- Temp

Df Deviance
488.52
1
491.26
1
492.26
1
492.70
1
492.70
1
493.01
1
495.07
1
509.52

AIC
504.52
505.26
506.26
506.70
506.70
507.01
509.07
523.52

Call: glm(formula = BinaryInteruption ~ Temp + Pressure + Visibility +
GustSpeed + precipitation + Rain + Thunderstorm, family =
"binomial",
data = file2)
Coefficients:
(Intercept)
Temp
GustSpeed precipitation
69.98476
0.10350
0.03804
5.30949
Rain
Thunderstorm
0.84020
0.88406

Pressure

Visibility

-2.53635

-0.11513

Degrees of Freedom: 696 Total (i.e. Null);
Null Deviance:
551.4
Residual Deviance: 488.5
AIC: 504.5

III.

689 Residual

AIC Output for Model 3

> step(fit03,k=2,direction = "backward")
Start: AIC=4929.14
BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + BinaryEvent + Rain +
Thunderstorm + Fog + Tornado

- DewPoint
- Tornado
- Fog
- WindSpeed
- BinaryEvent
- Visibility
<none>
- Humidity
- Temp
- precipitation
- Rain

Df Deviance
AIC
1
4901.2 4927.2
1
4901.3 4927.3
1
4901.3 4927.3
1
4901.6 4927.6
1
4901.9 4927.9
1
4902.6 4928.6
4901.1 4929.1
1
4903.7 4929.7
1
4903.9 4929.9
1
4905.5 4931.5
1
4906.4 4932.4
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- GustSpeed
- Pressure
- Thunderstorm

1
1
1

4919.6 4945.6
4928.2 4954.2
4954.6 4980.6

Step: AIC=4927.16
BinaryInteruption ~ Temp + Humidity + Pressure + Visibility +
WindSpeed + GustSpeed + precipitation + BinaryEvent + Rain +
Thunderstorm + Fog + Tornado

- Tornado
- Fog
- WindSpeed
- BinaryEvent
- Visibility
<none>
- precipitation
- Rain
- GustSpeed
- Pressure
- Thunderstorm
- Humidity
- Temp

Df Deviance
AIC
1
4901.3 4925.3
1
4901.4 4925.4
1
4901.6 4925.6
1
4901.9 4925.9
1
4902.7 4926.7
4901.2 4927.2
1
4905.5 4929.5
1
4906.4 4930.4
1
4919.8 4943.8
1
4929.0 4953.0
1
4954.6 4978.6
1
4991.0 5015.0
1
5076.2 5100.2

Step: AIC=4925.32
BinaryInteruption ~ Temp + Humidity + Pressure + Visibility +
WindSpeed + GustSpeed + precipitation + BinaryEvent + Rain +
Thunderstorm + Fog

- Fog
- WindSpeed
- BinaryEvent
- Visibility
<none>
- precipitation
- Rain
- GustSpeed
- Pressure
- Thunderstorm
- Humidity
- Temp

Df Deviance
AIC
1
4901.5 4923.5
1
4901.8 4923.8
1
4902.0 4924.0
1
4902.8 4924.8
4901.3 4925.3
1
4905.6 4927.6
1
4907.0 4929.0
1
4920.0 4942.0
1
4929.3 4951.3
1
4955.0 4977.0
1
4991.1 5013.1
1
5076.2 5098.2

Step: AIC=4923.52
BinaryInteruption ~ Temp + Humidity + Pressure + Visibility +
WindSpeed + GustSpeed + precipitation + BinaryEvent + Rain +
Thunderstorm

- WindSpeed

Df Deviance
AIC
1
4902.0 4922.0
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- BinaryEvent
- Visibility
<none>
- precipitation
- Rain
- GustSpeed
- Pressure
- Thunderstorm
- Humidity
- Temp

1
1
1
1
1
1
1
1
1

4902.1
4902.8
4901.5
4905.8
4907.8
4920.1
4929.3
4956.6
4991.1
5076.5

4922.1
4922.8
4923.5
4925.8
4927.8
4940.1
4949.3
4976.6
5011.1
5096.5

Step: AIC=4921.99
BinaryInteruption ~ Temp + Humidity + Pressure + Visibility +
GustSpeed + precipitation + BinaryEvent + Rain + Thunderstorm

- BinaryEvent
- Visibility
<none>
- precipitation
- Rain
- Pressure
- GustSpeed
- Thunderstorm
- Humidity
- Temp

Df Deviance
AIC
1
4902.6 4920.6
1
4903.4 4921.4
4902.0 4922.0
1
4906.3 4924.3
1
4908.5 4926.5
1
4929.4 4947.4
1
4931.3 4949.3
1
4956.9 4974.9
1
4994.2 5012.2
1
5081.8 5099.8

Step: AIC=4920.56
BinaryInteruption ~ Temp + Humidity + Pressure + Visibility +
GustSpeed + precipitation + Rain + Thunderstorm

- Visibility
<none>
- precipitation
- Pressure
- GustSpeed
- Rain
- Thunderstorm
- Humidity
- Temp

Df Deviance
AIC
1
4904.1 4920.1
4902.6 4920.6
1
4906.5 4922.5
1
4929.6 4945.6
1
4932.0 4948.0
1
4965.5 4981.5
1
4996.5 5012.5
1
4996.7 5012.7
1
5084.3 5100.3

Step: AIC=4920.05
BinaryInteruption ~ Temp + Humidity + Pressure + GustSpeed +
precipitation + Rain + Thunderstorm

<none>
- precipitation
- Pressure

Df Deviance
AIC
4904.1 4920.1
1
4912.2 4926.2
1
4930.7 4944.7
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-

GustSpeed
Rain
Humidity
Thunderstorm
Temp

1
1
1
1
1

4935.8
4977.5
5000.8
5001.3
5084.9

4949.8
4991.5
5014.8
5015.3
5098.9

Call: glm(formula = BinaryInteruption ~ Temp + Humidity + Pressure +
GustSpeed + precipitation + Rain + Thunderstorm, family =
"binomial",
data = file3)
Coefficients:
(Intercept)
Temp
GustSpeed precipitation
52.98714
0.10294
0.02746
1.91587
Rain
Thunderstorm
1.08117
1.78406

Humidity

Pressure

4.11612

-2.21633

Degrees of Freedom: 8745 Total (i.e. Null);
Null Deviance:
5767
Residual Deviance: 4904
AIC: 4920

8738 Residual

IV.

AIC Output for Model 4

> step(fit04,k=2,direction = "backward")
Start: AIC=806.74
BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + Rain + Thunderstorm +
Fog + Tornado

- Tornado
- Fog
- WindSpeed
- Temp
- Humidity
<none>
- DewPoint
- Visibility
- Rain
- precipitation
- GustSpeed
- Pressure
- Thunderstorm
Step:

Df Deviance
AIC
1
780.83 804.83
1
781.14 805.14
1
781.37 805.37
1
781.79 805.79
1
781.81 805.81
780.74 806.74
1
782.88 806.88
1
783.26 807.26
1
784.21 808.21
1
784.30 808.30
1
786.26 810.26
1
794.67 818.67
1
829.63 853.63

AIC=804.83
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BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + Rain + Thunderstorm +
Fog

- Fog
- WindSpeed
- Temp
- Humidity
<none>
- DewPoint
- Visibility
- precipitation
- Rain
- GustSpeed
- Pressure
- Thunderstorm

Df Deviance
AIC
1
781.22 803.22
1
781.46 803.46
1
781.86 803.86
1
781.89 803.89
780.83 804.83
1
782.94 804.94
1
783.37 805.37
1
784.37 806.37
1
784.51 806.51
1
786.39 808.39
1
794.92 816.92
1
829.85 851.85

Step: AIC=803.22
BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
WindSpeed + GustSpeed + precipitation + Rain + Thunderstorm

- WindSpeed
- Temp
- Humidity
<none>
- DewPoint
- Visibility
- precipitation
- Rain
- GustSpeed
- Pressure
- Thunderstorm

Df Deviance
AIC
1
781.82 801.82
1
782.23 802.23
1
782.28 802.28
781.22 803.22
1
783.31 803.31
1
783.37 803.37
1
784.87 804.87
1
785.65 805.65
1
786.61 806.61
1
795.00 815.00
1
831.77 851.77

Step: AIC=801.82
BinaryInteruption ~ Temp + DewPoint + Humidity + Pressure + Visibility
+
GustSpeed + precipitation + Rain + Thunderstorm
Df Deviance
AIC
- Humidity
1
782.92 800.92
- Temp
1
782.93 800.93
- Visibility
1
783.81 801.81
<none>
781.82 801.82
- DewPoint
1
784.04 802.04
- precipitation 1
785.50 803.50
- Rain
1
786.06 804.06
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- GustSpeed
- Pressure
- Thunderstorm

1
1
1

787.64 805.64
795.49 813.49
833.10 851.10

Step: AIC=800.92
BinaryInteruption ~ Temp + DewPoint + Pressure + Visibility +
GustSpeed + precipitation + Rain + Thunderstorm

- Temp
- Visibility
<none>
- precipitation
- Rain
- DewPoint
- GustSpeed
- Pressure
- Thunderstorm

Df Deviance
AIC
1
782.94 798.94
1
784.67 800.67
782.92 800.92
1
786.47 802.47
1
787.82 803.82
1
787.95 803.95
1
788.83 804.83
1
796.12 812.12
1
836.79 852.79

Step: AIC=798.94
BinaryInteruption ~ DewPoint + Pressure + Visibility + GustSpeed +
precipitation + Rain + Thunderstorm

- Visibility
<none>
- precipitation
- Rain
- GustSpeed
- DewPoint
- Pressure
- Thunderstorm

Df Deviance
AIC
1
784.88 798.88
782.94 798.94
1
786.54 800.54
1
788.12 802.12
1
788.98 802.98
1
792.42 806.42
1
796.95 810.95
1
837.41 851.41

Step: AIC=798.88
BinaryInteruption ~ DewPoint + Pressure + GustSpeed + precipitation +
Rain + Thunderstorm

<none>
- Rain
- GustSpeed
- precipitation
- DewPoint
- Pressure
- Thunderstorm

Df Deviance
784.88
1
790.21
1
792.84
1
793.64
1
793.89
1
798.46
1
839.85

AIC
798.88
802.21
804.84
805.64
805.89
810.46
851.85

Call: glm(formula = BinaryInteruption ~ DewPoint + Pressure +
GustSpeed +
precipitation + Rain + Thunderstorm, family = "binomial",
data = file4)
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Coefficients:
(Intercept)
precipitation
98.79696
2.00175
Thunderstorm
1.66419

DewPoint
Rain
0.06817
0.74954

Pressure

GustSpeed

-3.51618

0.02605

Degrees of Freedom: 696 Total (i.e. Null);
Null Deviance:
925.8
Residual Deviance: 784.9
AIC: 798.9

690 Residual
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APPENDIX B
I.

Legend for Codes Used

CODE TABLE
CAUSE CODES

EQUIPMENT CODES

001

Lightning with equip damage

080

Down Guy or Anchor

002

Storm w/no equip damage

081

Pole

003

Accidental Fire (forest fires, etc.)

082

Cross Arm

005

Wind (clear day and high winds)

083

Insulator

006

Storm/Wind (with equip damage)

084

Pole Top Pin

007

Squirrel

085

Arrester

009

Other Bird

086

Polymer Arrester

011

Other Animal

087

Tie Wire

013

Tornado

088

Jumper

014

Hurricane

089

Stirrup

015

Ice on Lines

090

Hot Line Clamp

016

Monk Parrot Nest

091

Connector

017

Osprey Nest

092

Disconnect Switch

018

Lizards

093

Fuse Switch

020

Tree/Limb Preventable

094

Transformer

021

Tree/Limb Unpreventable

095

Step Down Transformer

025

Vines/Grass

096

Line Recloser

040

Vehicle

097

Line Capacitor

041

Accidental Contact

098

Line Regulator

046

Switching Error

102

Other Equipment

079

Dig-In

103

Splice

170

Wrong size fuse

104

Conductor Down

172

Overloaded Normal Conditions

105

Conductor Damaged

173

Overloaded Emergency Conditions

106

Automated Switch (DA)

178

Non-standard Construction

110

Terminator

183

Improper Installation

111

Cable

188

Equip Failed-OH

113

Elbow

189

Equip Failed-UG

114

Tx Fuse Switch

190

Unknown

115

Tx Blade Switch

191

Vandalism

116

Bayonet Switch

193

Customer Request

121

Padmount Switch

194

Unplanned - Crew Request

123

RA Switch

195

Planned - Crew Request

124

Mech for Throwover Switch

196

Slack Conductors

125

PT Fuse
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197

Other (explain)

126

Conduct CKT Fuse

202

Loose Connection

127

Control Cable

128

Vault Transformer

132

Handhole

134

Bushing

135

Pothead

136

Cable - Live End

144

RC-Off (Transmission Only)

148

Other Substation Equipment

160

Meter

161

Meter Blocks - Repairable

162

CT's

163

PT's

164

Other Meter Equipment

165

Meter Blocks - Not Repairable

198

RC-Off (Distribution Only)

200

Transmission Related

211

Injected Cable

58

