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ABSTRACT
Asset Risk Management for Electric Power Grids
Niloufar Youssefi
Civil Infrastructure is essenti@br the quality of life in developed and developing countries.
Since electric power supply is needed for the operation of other vital infrastructure, it is
ranked as the highest critical infrastructure. There are substantial adverse impacts on society
whenpower grids fail, resulting in interruption and/or degradation of services. Such failure
can cause heavy traffic congestions resulting from nonfunctioning traffic lights, and
disturbances for other critical infrastructure elements such as water and Sesedgent
plants.
In order to ensure reliability of the bulk power system (BPS) in North America, the North
American Electric Reliability Corporation (NERC) requires that power companies submit
reports when sufficiently enormous instabilities happen witheir territories in order to
share the experiences and lessons learned, and to suggest solutions that utilities can apply to
their procedures during unusual situations. To simplify and organize information, the NERC
has divided the BPS of North Amerigao eight zones, three of which consist of both US
states and Canadian provinces. The research presented here focuses on the Canadian part of
NPCC zone which covers Quebec, Ontario, New Brunswick and Nova Scotia.
The main purpose of this research is teniify factors affecting power outages in the eastern
Canada and develop a model for predicting the likelihood of power outage occurrences based
on weather forecasted data. For this reason, System Disturbances Reports from 1992 to 2009
have been scrutinideto determine the conditions in which an attack on power grids can

likely happen. According to these reports, various reasons were found to trigger power



outages, including equipment failure, voltage reduction, human error, etc. However, weather
conditiors are the paramount cause of unavailability of power service in the northeastern
district. Weather conditions variables such as wind speed, temperature, humidity,
precipitation and lightning are obtained for those same periods from the Environment Canada
database. In addition, in two other variables (i.e. electric consumption index and electric
network size) are considered as the factors that are likely to impact power outage incidents
indirectly.

Based on historical data gathered for weather conditiongpawdr outages, different types

of Artificial Neural Network models (i.e. BPNN, GRNN, and PNN) were studied and
developed to predict the likely occurrence of power outage utilizing weather forecasted data
for four eastern Canadian provinces. Two typedathsets are used for training the models:
Dataset | considers the extreme values for all the weather variables, and Dataset Il, which
consists the extreme value for wind speed (the most critical factor affecting the power grids)
plus the values of the a@hweather variables at the same time that the wind speed reached its
maximum value. The results indicate that the best performing model is PNN that was trained
with Dataset | for it provides more accurate results. The model is also trained using Quebec
dataset, which indicates that data for a specific location is ¢éxgeo lead to better results.
Social cost foelectricpower outagare then estimatefdur sectors; residential, commercial,
industrial and agriculture.

As a result, once the average dimatof power outage is recognized as well as its likelihood

of occurrence, the social cost of that power failure could be estimated in the four Sdwtors.
present research helpewer companies to predict thiékelihood of electric power outage

based orweather forecasting dat&urthermore, they are able to estimate the social cost of



electric power failure in advance&his will provide useful information for further actions in
risk mitigation, and will aide professionalismsthre process of creating @icesto improve

opportunities and to lessen threats
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CHAPTER 1: INTRODUCTION

1.1 GENERAL

Electricity is a critical service to so mamgpectsof contemporarydaily lives. It delivers
powertoanati ond6s critical military facilities, ma
function, and keeps the lighsn in residence and busine@Shertoff, 2014) The dectrical

power network is an interconnected network enad transmission and distribution lines,

which transfer generated high voltage power electrictythe di st r i ct 6s center
delivered to custmers througla distribution systenfBrown R. , Electric power distribution

reliability, 2008; Ward, 2013)The dectricity network has created the biggest consumer

market in the world. During the past decadée North American power infrastructure has

advanced into what numerous specialists consider the biggest and most complex arrangement

of the technological age. This power grid shapes a system of more th&m16f high

voltage lines that are consistently directed by modern control equipthentagitude of

which isunprecedente(Albert, 2004; NERC, 1998For this reason, the failure of one part

of the network can have devastating collateral and cascading effects across a wide range of
physical, economic, and social systefdlackout refers to gnaggregate loss of power in a

region that results in multiple involuntary customer interruption and lasts more than five
minutes. Ina case of a blackout, there are expected side effects impacting sbhiethugust

14, 2003, blackout resulted in significant direct financial expenses; insurance companies
outlined that approximately $3 billion in claims were submitted to ti€reaster, 2004)

Additionally, it resulted in significant nonfinancial losses, éxample, subway passengers
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were stranded underground and emergency vehicles were stalled in traffic due to failed traffic
lights (Chertoff, 2014) Asset management is the procesmofeasingeconomic benefitand
managng the risks and costs over in ggtlife cycle.The electric power industry is an open
competitive market that must management its products and new standards to deliver energy
to its customersAsset management within a powdistribution utility enterprise (DUE)
involves making decisiato allow the network business to maximize kbegn profits,

while delivering high levelsf service to the customers with acceptable and manageable risks
(Tor & Shahidpour, 2006)Disturbances recorded in the NERC records consist of a wide
variety of tiggering events, including natural disasters (e.g., ice storms, lightning, wind or
rain storms), human error (e.g., operator errors), and mechanical f&iimes P. , 2008)

The electrical grid system includes mamgmponentsthat are vulnerable to weath
conditions andnay experienceerrors asa result of weather events. This research focuses on
weather conditions that may cause unreliabilitamelectrical network and aims to develop

a model to predict the probability of future power outages basedather forecasting data.
Furthermore, social costs, which are consequences of power outages, are estimated for four

sectors of residential, industrial, commercial and agriculture.

1.2 PROBLEM STATEMENT

Economic prosperity, national securitgnd public healbh and safety cannot be attained
without the continuoysreliable operation of electric power gridEhe August 14, 2003,
blackout in northeastern North America lead to significant direct financial expenses;
according to reports provided by insurance congmnthey received about $3 billion in
claims as result of this blacko(itreaster, 2004)This research is mainly motivated by the

consequences on society of power outages. Predicting power outage incidents in advance can

18



reduce financial expenses amttrease public safety and wellbeing. The limitations and

drawbacks of the current situation can be summarized as follows:

1) All the organizations that are responsible for the reliability of the bulk power system
in North America workin some limited commorzonesin the United States and
Canada. Moreover, previous researches have focused on a specific state or area in the
United States. There is no research considering the special weather conditions in
Canada or developing a model specifically for Canapraminces, where the weather

conditions especially in the winter are more critical.

2) Previous researches have focused on one or two weather variables (e.g., rainfall,
tornadoes) and determined their effect on the power grids; none of these researches

haveconsidered all the main weather factors in one model.

3) Most of the previous researches only congddrig blackouts and focudeon the
reasos for and causes afachincident. There are few investigations of small power

outages and their consequences avieng historical periad

1.3 RESEARCH OBJECTIVES

With respect to the mentioned problems, the overall objective of this research is to develop
an intelligent system for estimating the probability of a power outage based on weather
conditions and factors. Thigsearch seeks to enable electrical companies to determine the
possibility of a power outage based on the weather forecasting data. Fhbjectives of

this research are the following:

1) Perform a comprehensive literature review on power grids and therageng

transmission, and distribution of electricity power and the socialofggiwer outage

19



2)

3)

4)

5)

6)

Identify the probable risks that can threaten the power network and determine the main
sources of blackouts on power grids;

Develop a model to predict théelihood of a power failureoccurrencesbased on
weather variables and indirect, related variables;

Develop a model that specifically considers the weather conditions of eastern Canada,
especially winter circumstances;

Update and adjust the social co$tpower outages in different sectors from previous
researches to nowadays electricity consumption price and life style.

Estimate the social cost efectric power outage in residential, commercial, industrial and

agriculturesectors, based on the averageation of power outage

1.4 RESEARCH FRAMEWORK OVERVIEW

The proposed research framework consists of four computational masislsown irFigure

1-1 and described below:

1)

Literature Review: The literature review encompasses subjects including the state of the
electrical power grid (i.e., how electricity is generated, transmitted fromailrees to

the cities, and distributed to customers), the social costs of power outages (i.e., power
outagesresult in direct economic costs and there are also financial measures of the
resulting societal losses), the types of risks for power grids (aturah disasters, ice
storms, lightning, wind or rain storms), human error related to power outages (e.g.,
operator errors and mechanical failure), existegparchethat have been done about the
failure of power grids and their limitations, asset manssyg of power grids and risk

assessment for them, and features and types of artificial neural networks.

20
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2)

3)

4)

5)

Research MethodologySix models were proposed and devetbp® address the
problems identied in the literatureand estimate thkkelihood of electric power failure
occurrencesThe model development consisted of five main-gh@ses. The first phase
trained a BPNN model; once the model was valide sensitity analysis was
accomplished in the second phase to find the most critical variables. In the third phase,
another BPNN model was trained with a new set of data based on the sensitivity analysis.
The fourth and fifth phases involved the training of GRNN BNN models with the two

sets of data, and finally a comparison among the models was develbpiads for

estimating the social cost of power outages were also described.

Data CollectionSystem disturbance reports provided by NERC from 16922009were
studied to check the reasofts power outage events during these pesiddformation
about the time, size, locatipmnd cause of power outages in the eastern Canadian
provinceswere gathered through these reportie value for identified effeiste factors

are cdlected as well as social cost of power outages in Canada.

Model Development and Implementatiomhe methodology proposed aboweas
implemented and applied to the case &sioh order to verify the developed model. The
first case stdy coveredinformation of foureastern Canadian provinces (i.e., Quebec,
Ontario, New Brunswick, and Nova Scotia), and the second case studgawasd
Quebec.Furthermore, the social cost efectric power outage for two monthi@anuary

and June)n Quebecare estimated in four sectors; i.e. residential, commercial, industrial

and agriculture.

Conclusion and ResultSummary of the research and its conclusion is provided in this
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chapterThe c as e sveraintbiersestéd indhe sbamodelnd theiresultswere
compared to determine the best performing mddeteover, a general estimation about
social cost based on power outageQuoebecis provided.Research contributions and

limitation are explained, as well as future works to thgearch.

1.5 THESIS ORGANIZATION

The thesis consists of six chapters and four appendices. The literature review is presented in
Chapter 2. The review covers the topics of general information d@bewetectrical power

grid, the social cost of power outages, types of risk power grids, existing works about
power outagg asset managemenmisk assessmerand artificial neural networks. Chapter 3
begins by presenting an overvieof the research methodologgnd then provides a
comprehensive description of the proposed framew®@hapter 4introduces the case study

and presents the data collection source, procedure, and preparation. Chapter 5 reviews the
results of implementing the proposed model in the two case studies ahdhtggthe merits

of the propoed framework over other systems, in additsocial cost for likely power outage

is also estimatedChapter 6 outlines the conclusions of the reseanidhlighting the

contributions andimitations of the thesjsalong withsuggested future research work.
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CHAPTER 2: LITERATURE REVIEW

2.1 CHAPTER OVERVIEW

This chapter aims at providing a comprehensive literature review about the current state of
power outage in bulk power system. Also, the techniques to avoid blackaidentsto
provide a reliable electric power network are overvievigure 2-1 illustrates an overview

of this chapter.

Section 2.2reviews the literature related telectrical power grids, anlkdow electricity is
generated, transmitted from the sources to the cities, and distributed to cus8sungon 2.3

is related to the social cost of power outafj@s section provides information about the side
effects of powr outage in society and how it can influence people life. Section 2.4 focuses
on the lierature related to the riskkat can increase the probability of power outagg,,
natural disasters, ice storms, lightning, wind or rain storms, human error arhmcal
failure. Section 2 describesasset managemeabncept and it continues giving information
about risk managementand assessmenimanagement of power siribution utilities
enterprisesSection 26 focuses on the literature related to artificial neural network including
three subsections, namely, BPNN, GRNN, and PNINe literature regarding sensitivity
analysis techniques is summarized in section &ad finally, summary anddentified the

shortcanings of the reviewed literature will be presented in Se&iB8rand2.9.
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Figure2-1. Chapter Dverview

2.2 ELECTRICAL POWER GRIDS

ltds been more than sever al decades that hum
Nowadays, a reliable electricity supply is an essential resource for modern life. Electricity is
produced and delivered from supplier to customer through generatiosmission and

distribution systems. Electrical power network is an interconnected network made of
transmission and distribution lines, which high voltage power transfer generated electricity to

di strictds center t o get bdtierl gystee(Brewh RtE, cust om

2008; Ward, 2013)
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Electricity network has created the biggest consumer market in the world. During the past
decades the North American power infrastructure has advanced into what numerous
specialists consider the biggest and toasnplex arrangement of the technological age. This
power grid shapes a system of more thahkid of high voltage lines that are consistently
directed by modern control equipment, which make it unprecedented magnitudes network
(Albert, 2004; NERC, 1998)ollowing paragraphs provide a brief description of different

stages in electrical power stages.

2.2.1 Electric Power Generation

Electricity power is generated in power stations, which worklyryamicenergyof flowing

water and wind or the power of heat engisefueled nuclear fission or chemical ignition.
Moreover, solar photovoltaic and geothermal power are able to play a significant role in
power generation technologBayliss, 2012)

Canada has had a significant role in modernization and developmeatuafl resourcesn
theserviceof electricityproductionby establishing the first hydroelectric generating station at
Chaudiére Falls in 1886 in Ottawahere are many resources of energy exisiinGanada

such as hydroelectric, coal, oil, gas, uranium, wind, and biomass. Choosing the best resources
depends on the availability, suitability and possibility of various technologies in different
districts ( Canadian Electricity Association, 2006figure 2-2 shows current power

generation sources by provinces.
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Figure2-2. Current Power Generation Sources by Prowsijc@anadian Electricity
Association, 2006)
As it was shown irFigure2-2, Over99%of Qu e b e ¢ 0 somesftom Eenewableznergy
sources.Producing power in a sustainable manner aids to save the ndturduture
generations. Qabeclong agosettledon hydroelectricitya clean, renewable energy source with
known, weltcontrolled environmentaimpacts, whichempowersQuebecto post one of the
lowest greenhousgasemissionratesper capitain North America (Hydro Quebec, Annual

Report , 2014)

2.2.2 Electric Power Transmission

After electricity is generated, transformesfiowing inFigure 2-3, increase its voltage and it
is then delivered to local distribution centers through bulk transmission lines. There are two
systems by which high voltage can be transmitted:

1 High voltage Diret Current (DC)
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1 High voltage Alternating Current (AC)
DC systemss able tocover customerswithin about2.5 kilometersfrom the sources while
there is no limitation in AC systems; consequently most transmission lines areoltege
AC. Also, maintenancef AC substations quite easierandmoreeconomicatomparedo DC

system(Bayliss, 2012; Hydro Quebec, Annual Report , 2014)

|
Figure2-3.Transmissions to Transmit Electricity between 44 kV @88 kV (Hydro Quebec,

Vegetation and safety near transmission lines, 2015)

2.2.3 Electric Power Distribution

Electric power distribution is the distinct between the local wiring and high voltage
substations i.e. théast phasein the delivery of electric power to individual customers.
Distribution substationsbring down the transmissionvoltage to medium voltage to be
carried todistributiontransformerdocated near the customer's locations. Transformers again

lower the voltage to the use voltage of family unit machi(é&rd, 2013)
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2.3 SOCIAL COST FOR POWER OUTAGE

As the power grid grows in size, becomes more complex, as a result, recognizing the
emergent behaviors that can happen in the system becomes more Imi@dbiamt 2004)
Economic prosperity, national security, and public health and safety cannot be attained
without the continuous reliable operation of electric power dfsyang, 2011)A blackout

refers to any aggregate loss of power in a region that resultsliiple involuntary customer
interruption and lasts more than fiveinutes Outages durations depend on nature of the
blackout and the arrangement of the electrical sys(gheng, 201Q)

In a case of blackout, there are expected to be side effectsimgpthe society. It is valuable

to make an interpretation of blackout sizes into some measure of social cost, which
incorporates direct economic costs and a financial measure of societal (ldgses P. |,

2008) The Augist14, 2003 blackout accompaniedsignificant direct financial expenses;
according to insurance companies, there wadyeut $ billion claims submitted to them
(Treaster, 2004)Additionally, it resulted in big noefinancial losses, for example, subway
passengers stranded underground amergency vehicles stalled in traffic due to failed
traffic lights.

The social expenses of a power outage are a component of many elements including the size
of the blackout, the length of time of the blackout, its location and the time of day. Olviousl|
power outage expenses grow with the geographic extent of the event. Mega Watt (MW),
Mega WattHour (MWh), or number of customers affected by power outage usually
measures size of a blackodtable 2-1 summarizeghree examples of blackouts in North
America in 1965, 1996 and 2003The primary disturbances that triggered incidence of

blackouts are variable, such as natural disasters, human error, and mechanic#Zfeluge
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2010)

Table2-1 SomeNotable Cascading Failuresiorth America(Zhang, 201Q)

Date Location Size Initial Reason Critical Events
11-09- | Northeast 30,000,000 Maintenance perso| Two generators with no outlet fc
1965 us people incorrectly set a protectiv({ their power were automatically sh
relay to trip too low on ond down to prevent damage. With
of the transmission line| five minutes the power distributio]
between the  Niagar| system in the northeast was in ch
generation stations Sir | as the effects of overloads and I¢
Adam Beck Station No.] of generating capacity cascad
in Queenston, Ontario. through thenetworks
07-02- | Western 55,000,000 3:42 pm, a 500 kV line
1996 North people sagged into a tree. 3:47 p
America another line shorted out.
3:48 pm, the 13 turbines g
McNary Dam tripped off
line.
08-14- | Northeast 50,000,000 2:02 pm the first 345 kV | 256 power plants are efihe, 85%
2003 US, Canada | people / 57669 transmission line sagged | of which went offline after 4pm,
MW into a tree initiated the most due to the action of automati
blackouts. protective controls.

Lawton (2003)in a studyof 24,800 customers outages, found that commercial and industry
customer costs growth did not have a linear relation with outage duration, i.e. per kWh
blackout costs increased over the first 9 hours and then decreased. In another example,
Lawton claims thaa blackout that cause dysfunction in all of the traffic lights in a whole city

for 1 hour would probably be more costly than 2 blackouts that disabled 1/2 of the city's
traffic lights each for 1 hour. The larger blackout might remove all alternate pattnaffic,

and cause a much larger traffic probléBillinton, 2001; R. Billinton J. O., 1987; R.
Billinton R. A., 1996)

There are three methods that are employetiterature to estimate theost of electricity

power outage; production function approach, customer suameycase studylinares &

Rey, 2012)

30



Linares and Rey (2012) investigated the costs of electricity interruptions in Spain using the
production functio approach This methodcounts the amount of consumed electricity
power and its generation valiteto estimate the costs of electricity interruptions. The value

of one unit of electricityis known as the Value dfostLoad (VoLL).

De Nooji, Koopmans &Bijvoet (2007) and Leahy and Tol (2011) dsthe production
function approach to estimate the VoLL in the Netherlands and Ireland respedbeely.
Nooji, Koopmans & Bijvoet(2007) found that in 2001 the cost of 1 kWh of electricity
supplied in the Netherlands wasbout U8.56. The resultsindicated that an electricity
interruption cosfor different sectors would be different. For example the cost of electricity
interruption inconstruction sectowvould be aroundl 3 3 / ;kwtilk in manufacturig would

be 01.87/kWh. Leahy and Tol (2011pund that in 2008 theaveragecost of electricity
interruptionsin Ireland, was U12.9/kWh. They alsdound that the VoLL for households
(U24.6/kWh) is higher than in the industrial sect@t/kwh).

However,cusbmer surveys are mostly used in gtadies which estimate the cost of power
interruptions. In surveys, people are asked about the cost of an interruption (as a function of
duration and interruption costs are usually expressed in terms of the load destedn
(WkW). Wacker and Tollefson (1994) used the survey method to find the customer costs of
electric power system interruption in Canaddeir studies forNatural Sciences and
Engineering Research Council (NSER@3sin conjunction with eight Canadiaglectrical
utilities. The resultdlustratethe customergxperimentabout electricity interruption and its
impact on their activitietheirand the associated costs.

Balducci, Roop, Schienbein, DeSteese, & Weimar (2088&) survey data collected by the

University of Saskatchewan in 1992 and 1996 to estimate interruption costs in U.S. They
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foundthat in 1996 the average cost of an hour interruption in U.S. economy was $8.76/kW.
Interruption costs for the transport sectwas $16.42/kW per hour, while the cost for
householdswas $0.15/kW. One hour interruption cosn Canada for three sectors were
estimated byBillinton (2001) The aut hor 6s r e s dhe datalcolleciedsby bas ed
the University of Saskatchewamd resubk shows that the interruption cost fodustrialis
(C$5.19/kW) for commercialis (C$32.20/kW) and residentigg (C$0.31/kW). Table 2-2

summarizes the literature works conducted to find the social costs of the outage of

transmission line at different countries

Table2-2. Summaryof Interruption Cost Studiginares & Rey, 2012)

Author Country Year Methodology Total estimated
cost
Targosz and Manson| Europe25 20042006 Surveys $ 150 Billion
(2007) Annually
LaCommare and Eto usS 2011 Surveys $ 79 Billion
(2006) Annually
EPRI(2001) us 2001 Surveys $ 47 Billion
Annually
Nooij et al (2006) Netherland 2001 Production a 8.56/
Function
Leahy and Tol (2010) Ireland 2007 Production a 12. 9/
Function
Balducci et al (2002) us 1996 Surveys $ 8.76/kW (1 hour
Billinton (2001) Canada 1996 Surveys $ 12.00/kW (1
hour)
Trengereid (2003) Norway 20012002 Surveys a 25. 2/
Bertazzi et al(2005) Italy 2013 Surveys a 32. 4/

2.4 TYPES OF RISKS IN POWER GRIDS

In 2012, the Edison Electric Institute sought to proactively and systematically identify threats

t hat , i f successful, would resul t i n

maj or coO

ability to generate, transmit, and distribute power. A wide rangeteintial threats is shown
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in Figure2-4. Risk in Power Grid Landscag€hertoff, 2014)

THREAT LANDSCAPE: ELECTRIC POWER SECTOR
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Figure2-4. Risk in Power Grid Landscag€hertoff, 2014)

As indicated inFigure 2-4, these threats range from those of high likelihood with significant
consequences should thegcur (such as natural disasters) to lesser likelihood with severe
consequences (such as nuclear, chemical biological, or radiological af@Glo&epff, 2014)
Although all highvoltage transformersare designedto survive fromoperationalrisks such

as lightning strikes andhurricanes,utilities frequently experience damage to higiitage
transmission towers due to both weather and malicious actiyRi@gomak, 2014)This
research focuses on natural disasters and weather conditions that may cayseysiotl
destruction like equipment failure amadraisein public consumptionFollowing paragraphs

reviewthe effects of weather events on grid systems.
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2.4.1 Temperature Effects

As the temperature increases the demand for electricity is expected to rame] as
electricity generation pattern, as a result equipment may not be able to bear maximum power
rating surge, and probability of energy losses incre@§esd, 2013)

For safety issues, there must be a safe distance below the sag on the condwidrthiees.

If there would not be a safe distance, on hot days, as the temperature of the lines grows, the
risk of multiple flashover faults to the treedll increase(Bayliss, 2012; Brown R. E., 2002)

This was partly the initiating cause of the majorAJSanada blackout in 20q8).S-Canada

Power System Outage Task Force, 2004)e best way tavoid this kind of problems is to

make sure about adequate cutting of trees growing below overhead lines.

2.4.2 High Winds, Storms, Hurricanes

High winds can cause faaland harm to overhead power lines, by being blown against the
lines, trees being blown over onto the lines and finally utility poles being blown over or
transmission towers failure in extremely high wirfdéard, 2013)
According toHines & Talukdar 2009) study about major blackouts in North America
indicates that wind, storm, hurricane or tornado has a main impact of loss of power outage
occurrencesGeneral conclusion about from previous wofkgard, 2013; Davidson, 2003;
Winkler, 2010; Reed, 2008how that:

1 Distribution networks are more sensitive against the hurricanes and storms than

transmission network
1 Trees are the main reason of damage to distribution networks;

1 Damages are caused in the same time as the wind reaches its maximum
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1 There aresome examples of significant damage to transmission network while the

storm was Sso severe

2.4.3 Ice and Snow

Heavy snow increases the weight of conductor lines and makes them more venerable against
high winds. Also the weight of snow on trees can also cause tilvéall and damage lines.

When supecooled rain is mixed with strong wind, it will freeze as quickly as it contacts
treesandoverheadines, thick layer oficdessmade Thi s event is call ed
January 1998 happened in Canada and iNBeast USA, and destroyed a big number of
transmission towers and about two million consumers were affg@&tattric Power
Research Institute (EPRI), 1998; North American Electric Reliability Council (NERC),
2001)

In cold countries like Canada, the tramssion towers and lines are designed for the
maximum expected ice and wind loading, but sometimes this is not enough. In the 1998
Canadian event, ice reached a thickness b9@0nm on overhead lines. The Ontario Hydro
design was for 25 mm of ice on 230 lnd 115 kV lines and 50 mm on 500 kV lines, while

the requirement of the Canadian Standards Association was for only 12.5 mm of ice

(Eurelectric, 2006)

2.4.4 Lightning

Lightning strikes on or near conductor line can cause flashover {gharit), which malke

disturbances in electrical supply network. Normally, such faults fixed bgndegizing the
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circuit, yet, the voltage wave caused by the lightning strike may travel along the lines and
cause damage to equipment such as transformer winieysl, 2013)

EPRI (2006a)claims that lightning strikes are the most common cause of transmission line
outages in the USA, and al so the oCbBsSR&€dlls syst e
in this research, confirm this theory in Canada eastern provinces. Howéines &
Talukdar 009)in their analysis of major losef-supply events suggests that lightning was
the principal cause of only 8% of the events.

Although thunderstorms with lighing are not happening all over the USA, and in some
places such as Florida and the Gulf C@astmost common, EPR2006a) has assessed that

the direct cost to utilities in the USA of damaged or destroyed equipment due to lightning is
around $1 billion pr year.

There are some ways improved to protect the power network against lightning strikes by
Bayliss (2012) EPRI (2006a) andInstitute of Electrical and Electronics Engineer, 1997)
They suggedo add an earth wire above the live conductors on Hdigion circuits, oto add

an earthed bonding wire to wooden poles, or using better surge arresters.

2.4.5 Rain, Flood, and Landsides

Very heavy rain rarely causes flashover faults (sbiocuits) across insulator. However,
heavy rain is normally associated hvistrong winds or lightning, which are more likely to
cause faults than the ragiward, 2013)

Heavy rain may cause flooding and landslides. Floods near the coast not only are
accompanied with storms and high winds, but also as the water level increasas, i

ingresses to equipment such as switchgear, transformers and control cubicles mounted at
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ground level in substations (e.g., Hurricane Katrina in 2005). If such equipment is damaged
by water, it is probable to take many weeks to repair or replaceed ower installations

safe against flooding or landsides, new equipment must not be located in the areas that are at
risk. For existing ones in a flood risk area necessary flood defenses need to be established

(Ward, 2013)

2.5 ASSET MANAGEMENT

Asset manageant is an expression originated from the financial industry that its main
concepts are exerted to financial instruments such as investments, bonds, cash, etc. Asset
management is the art of adjustment between cost, performance, andnvisgtors
recogniz a passable risk through asset management metinidshe profits are maximized

(Brown & Spare, 2004)It involves making decisions to allow the network business to
maximize longterm profits, while delivering high service levels to the customers with
acceptable and manageable rigker & Shahidpour, 2006)

Normally, companies embrace an asset management approach to either decrease spending
more, successfully manage risks, or drive corporate goals through an assdbatitom,

1999)

To accomplish a thought out asset management demands the arrangement of corporate goals,
management decisions, technical decisions, organizational design, processes, information
systems, and corporate culture. Effective implementation can help companasdugher

level in business achievement but canned approaches are bound(Brdaih & Spare,

2004)
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2.5.1 Asset Management in PowefGrids

Asset management within a power Distribution Utility Enterprise (DUE) involves making
decisions to allow the networkubiness to maximize lorgrm profits, while delivering high
service levels to the customers with acceptable and manageable risks. The electric power
industry is open competitive market with challenges for effective management of its products
and standardéor delivering energy to customers. Maintaining a reliable facility to ensure
sufficient supplies of energy, reserves, voltage support and other basic services at the lowest
possible cost to ratepayers are thlTom& ssi on
Shahidpour, 2006)
Experience shows that the coordination of time scales for asset management plays a critical
role in strategic decisions. Asset management based on possible time scales is categorized as
follows:
1 Realtime asset management (omioutage management)
1 Shortterm (one day ahead and weekly) asset management, which encompasses risk
constrained asset valuation
1 Midterm (monthly and seasonal) asset management for optimal maintenance
scheduling of equipment and optimal allocation of reses! (e.g., fuel, emission, and
hydro)
1 Longterm (yearly and beyond) asset management, which encompasses facility
planning and acquisition.
Realtime asset management is critical for maintaining security in competitive power
systems. Redime asset mamgement is associated with unexpected outages of power system

components and hourly load fluctuations due to sudden changes in weather conditions. Short
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term asset management maximizes the rate of return on asset investments by optimizing the
c o mp a n yfélis ang onmitnizing asset exposures to financial and physical risks
associated with the volatility of hourly prices and customer demand. Midterm asset
management is associated with the optimal maintenance scheduling of facilities based on
perceived reliailtity (reliability-centered maintenance), fuel and emission constraints
procurement, and natural resource availability (such as water inflows for hydro units).
Midterm asset management can be exposed to the financial risks associated with forward
electricty and fuel prices. Longerm asset management is associated with the construction
and acquisition of generating plants and transmission facilities. The financial risks for the
latter are greater than those of the former; construdtiadtime, longtermload diversity,

and interest rates are some big risk factors of-tengn asset managemg@hahidehpour &

Ferrero, 2005)

2.5.1 Risk Identification

Risk is describedas an uncertaineventor condition that has both positive and negative
outcomes when it iriggered.(Project Management Institute, 201B)is necessary to use

risk management from the early stage of a project, where main judgments and decisions
about the project can be impacted such as choice of alignment and selection of construction
method (Eskesen, 2004)Risk management process involves identifying and analyzing
risks of the projecfWysocki, 2011)

Risk identification is the principle phase in the risk management process, as it efforts to find
the cause and type of risks. It involves the identification of potential risk event conditions in

the project and the explanation of risk responsibili{@ang, 2003) In the other words, Risk
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identification develops the base for the next stages of analyzing and controlling of identified
risks (Carbone & Tippett, 2004Risk identification is an iterative process because new risks
may become known as the prdj@cogresses through its life cycle and previously identified

risks may drop oufCaltrans Office of Statewide Project Management Improvement, 2007)

2.5.2 Risk Assessment

Risk assessment is the approach to analyze the impact of identified risks on project
performance Generally, there are two types of risk analysis, qualitative risk analysis and

guantitative risk analysis.

2.5.2.1 Qualitative Risk Analysis

Qualitative risk analysis is considered as an assessment process, which contains explanation
of each risk and meages the priority of identified risks (high/medium/low) by using their
relative |likelihood of event occurrence, and

objectives(Zou, 2007)

2.5.2.2 Quantitative Risk Analysis

Quantitative risk analysis is the procedwfeutilizing numerical approaches to analyze the
effect of identified risks concerning overall project objects. Typically, quantitative risk
analysis is performed when needed after the qualitative risk analysis is being executed.
Quantitative analysis iedes more refined strategies and methods to investigate and analyze

project risk§¥Modarres, 2006)
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2.5.2.3 Define Risk Value

A simple, but commonly used definition of the risk value is exemplified in equation \Where
is a number associated with a determined probability category, \Whiie a number

associated with a determined consequence catégodrews & Moss, 2002)

YQioWao® 6

The risk value could then be used as input to decide if and how khshasild be treated
(often combined with a cost analysis). This approach has been used by the electric power

industry in Sweden, as part of an RCM metfMtlinerstrom, 2011)

2.5.3 Risk Mitigation

Risk mitigation is the process of creating choices and acdtioimprove opportunities and to

lessen threats to project objectcording toHillson (1999) risk mitigation and risk response
development is often the weakest part of the risk management process. The proper management of
risks requires that risks beeiatified and allotted in a wetlefined mannehere are four option
strategies to be applied in order to reduce the negative effects of risks on progct
avoidance, risk transfer, risk mitigation, and risk acceptance. Following are some basic

definitions of these strategies:

2.5.3.1 Risk Avoidance

It is a risk responsewherebythe project teamor organizationactsto reject the threator

defend the project from its negative effect. By this strategy, the project managehanage
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theprojectmanagemerqlanto eliminatethethreatentirely.

2.5.3.2 Risk Transfer

In this strategy, project team shifts the impact of negative risks to a third party through
(Wang, 2003)

1 Insurance companies;

1 Subcontracting to subcontractor;

1 Modifying the contract terms and conditions to client or other parties

2.5.3.3 Risk Mitigation

It is the method the project team takes step to reduce the probasiidympact of risk.
Taking early actios to reduce the probability and impact of a risk is ofteore effective

than trying to repair the damage after the risk has occurred.

2.5.3.4 Risk Acceptance

It is the strategy whereby the project team makes decisions to acknowledge the risk and not

take any action unless the risk occurs.

2.5.3.5 Risk Monitoring

Risk monitorng is the procedure of acknowledging risk response plans, recognizing risks,
tracking risks, controlling leftover risks, identifying new risks throughout the entire project
life. The primary purpose of risk control is to make risk response a continuocssgro

resulting in an optimum risk response.
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Examples like choosing alternative techniques, executing a contingency or fallback plan,
taking corrective actions, and modifying the project management plan are involved in the risk

control proces¢Caltrans Ofice of Statewide Project Management Improvement, 2007)

2.6 ARTIFICIAL NEURAL NETWORK (ANN)

There are various explanations of Artificial Intelligence (Al) in the literature. Following

paragraph provides several definitions presented by some researchers:

T AAIl al @ make a replacement of a specific level of human intelligence in a
ma ¢ h i(Bnoeks, 1991)
T AAI i's about making intelligent computers
(John McCarthy 2007).
T AThe art of buil ding a kind of mechani s ms
need intelligenc&urdweilr199e r f or mi ng t he mo
In general, Al can be briefly described as the approach of understanding and making
intelligent systems that exhibittelligent behavior. The word intelligence covers different
skills such as resolve problems, learn, and understand language which Al can state all of
those (Engelmore, 1993)Among the common of Al applications and methods, Atrtificial
Neural Networks (ANNSsjs one of the most weknown and frequently used one.
ANNSs are somehow a basic copy of the neural structure of the brain. Brains store information
as patterns. Some of these patterns are very complicated that let us the capability to identify
specific data aspects from many different angles. It is a hardamskmputers to recognize
even simple patterns, generalize them and predict actions of the future based on same pattern.

ANN is a mathematical model whictinds patterns among the datasets where there are
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complex relationships between the inputs andwstgtore those patterns, then use them for
analyzing and applying solutions for proble(Asderson & McNeill, 1992)

Neuron is the essential processing component of a neural network. Natural neurons obtain
inputs, synthesize them and implement a noniipeacess on the result, and then output the
final result. ANN tries to simulate the arrangement and process of human neural network
system Atrtificial neurons are mathematical process, which get a weighted sum of several

i nputs and pass$esnsh e mEroid Refetegcd sodrce ot found.
indicates a diagram representing an artificial newvbich reflects the most frequently and
simplest, type oANN.

I T

z ‘_wl N Summation
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Figure2-5. A Basic Artificial Neuron(Anderson & McNeill, 1992)

Inputs are shown by the mathematical symb@t) and weights are representedvyn). In

this structure, the output of eaaltificial neuron is an input for the others and collectively
they build an interconnected net of ANNlainly, all artificial neural networks possess a
similar anatomy as shown i&rror! Reference source not found. In most network
applications, artificial neurons compriseree sorts of layers namely, input, hidden, and

output layers. The first layer, input layer, collects the data and the last layer, output layer,
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sends information straightly to the outer world or to a subsidiary computer progress. All of
the datasets are deemed as hidden laydigh comprise many neurons. The outputs of
input layers are the inputs of hidden neurambkich their outputs are the fih&ayer input

(Anderson & McNeill, 1992)

2.6.1 SupervisedTraining of an ANN

Two different methods are mostly used in literature for traimh@NNs: supervised and
unsupervised. In the first method, the mechanism involves the network with appropriate

output, while unsupervised method some initial conditions are considered on inputs.
Literature review indicated that most of the networks are developed based on supervised
training method

In supervised training, both the inputs and the outputs are provided, so this is expected to

allow the network to compare the outputs coming from training process with the real desired
outputs. Weights are usually randomly set to begin the process, #raltesning process is

repeating continuously, they are more adjusted to make a closer match between the desired

and the actual output. Training process keeps modifying the input weights until tha syste

gets into the required poinso it is expected thhahe ANN is ableto forecastthe right

answer.

To proceed, two types of data are needed; #dAtr
enables the training as many times as needed,
training, asetodat a needs to hold back to be used to
seto. Training sets are demanded to include |

variety of data, which contain the features that the network needs to learn suchi@ssrela
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between the datgAnderson & McNeill, 1992)

2.6.2 ANN Types

There is a similarity among all t#eNNs, but different learning rules and their modifications,
cause various architecture for the networks and make each of them suitable for a specific
applicaton. Basically, most applications ANNs are divided into five categories:

1 Prediction

1 Classification

1 Data Association

91 Data conceptualization

1 Data filtering

Table 2-3 indicates a comparison among the network categories, their applications and

usage.
Table2-3. Network Selection Table
Network Type Networks Use for Network
Prediction 1 BackPropagation Use input values to predict son
1 Delta Bar Delta output
1 Extended Delta Bar Delta
1 Directed Random Search
1 Higher order Neural Networks
1 SelfOrganizing Map into Back
Propagation
Classification 1 Learning VectoQuantization Use input values to determine t
1 Counter Propagation classification
9 Probabilistic Neural Network
Data Association 1 Hopfield Like classification but it alsg
1 Boltzmann Machine recognizes data that contains erro
1 Hamming Network
9 Bidirectional Associative Memory
1 SpatiocTemporal Patterr
Recognition
Data Conceptualization 1 Adaptive Resonance Network Analyze the inputs so that groupif
{1 SeltOrganizingMap relationships can be inferred
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| Data Filtering | 1 Recirculation | Smooth an input signal |

This research focuses thveet y p e s -prbpadatiom redal netwaskB P NN ) Afgener al
regression neur alipireabneolrikloi s(t@RNMW)Andersai & net wo r k

McNeill, 1992)

2.6.3 Back Propagation Neural Network(BPNN)

The main role ofnetworks of predictions is to forecast what is predicted to happen for a
project in the future, also it can be useful in setting priorities for a prdjietature review
showed t hat i BPNNhrehiteetwra waydevelepéRaraes, 1987; Rumelhart

& McClelland, 1986)andis the most popular learning algorithm in all types of ANNs and is
used more than all others. The typiB&®NN consists of an input layer, an output layer, and

at least one hidden layefhe approach in this method has concentrated on developing
hidden connection between the input data and output data with using a set dbdatach

this purpose, network compares the actual outputs and desired outputs, and then the
difference between &m is back propaded to the previous layer(8PNN implements two

key tasks: (1) learning and (2) recalliftdegazy and Moselhi 1994)earning can be defined

as process of obtaining appropriate weights and biases of raw data, in order to find the closets
outputs based on the defined objectijayed and Halpin 2005)n recalling process, the

input data are given to the trained netwarld the responded outputs are compared with the
defined targets. The trained method can be used for any upcoming set of data, in which there
is similarity connection between the inputs and output (Bitgson, 1975; Werbos, 1974,

Alpaydin, 2014; Rumelharf,998)
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This technique is very practical in data modeling due to high capability to learn from the
examples(Lawrence 1994) This method euld be used to develop model in which the
connection between inputs and outputs is vague. Reviewing the exidfedngaand
relationships throughout the previous data can help to achieve the required knowledge. This
knowledge is necessary to defined in order to estimate the unknown output values from a set
of input data(Sawhney et al. 2002F5incein process of ANNjt cannot explain the inner
reason, it is appropriate more for finding relationships in problems that no reason or numbers
of inputoutput relations can be fouridlwakil 2011)

During last few decades, more researches are focused on applying the ANi¢ in t
construction industry. Literature reviewed showed that this technique is used in many aspects
on construction management. Some examples pro
risk analysis, resource optimization, and the tendering outcomegtmmedBoussabaine

1996; Li 1995)

Although these limitations exist in applying the ANN, the researchers still prefer to use this
network for solving complicated construction management problems (Anderson, D., &
McNeill, G. 1992). For instance&im, An, , & Kang (2004) used three different models
including; Multiple Linear Analysis, ANN and cabased reasoning to estimate the
construction cost. The results showed that the ANN can predict the construction cost more
precisely than the other two methodds@ using tha8PNN in estimation of the productivity

rate of construction trades based on several specific attributes was preselteskeini,
Hegazy, & Fazio(1992)researchZayed & Halpin,(2005)indicated thaBPNN technique

can use precisely to estimate the productivity, cost and cycle time of the piling ptéeess.

Gupta, & Sorooshian (1995) used BPNN to demonstrate the potential of BPNN models for
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simulating the nonlinear hydrologic behavior of watersheds.

2.6.4 Probabilistic Neural Network (PNN)

Network for classification is defined when there is an object requiring to be related to a class.
This relation is based on number of observed aspects corresponding to an object. An example
of implementing clarification is pger outage problem outagghang G. , 2000; Widrow,
Rumelhart, & Lehr, 19945howedthat Neural network classification can be successfully
applied to a variety of real world classification tasks in industry, busimelsscéence.

Donald Specht developed the probabilistic neural network, in 1988 and TI®9PNN can

utilize to obtain a general solution for pattern classification problems. Bayesian classifiers is
the approach in Donald Specht to estimate the likeliltd@ah input feature vector being part

of a learned category, or class. To achieve the target which is minimizing the expected risk of
wrongly classifying an object, this approach provides an optimum pattern clasEifier.
network consists of three lagernnput layer, pattern layer, and output layer. The pattern layer
organizes the training set, and output in literature sometime called the summatiokdabher.

input element is processed via pattern layer which relate to the same class and prepares that
category for outputAnderson, D., & McNeill, G. 1992). This means that in pattern layer, for
each input vector in training set a unique processing element is assigned. It can state that this
process is very competitive. This means that the match to am wegtors is the highest

match that program can develop. If this match is poor which means there is no relation

between the input andatierns, no output is generat@hderson & McNeill, 1992)
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2.6.5 General RegressionNeural Network

General regression neuratwork (GRNN) is a onpass learning network algorithm, which
accomp@niesPNN as alternatives to BPNN. GRNN is similar in form to the RSpecht D.

F., 1991) Unlike the BPNN, these two networks do not depend on training parameters and
are able to be appd directly in neural network architectur@Beale M. &., 1998; Sinha,
2002) There are no training parameters such as learning rate and momentum as there are in
BPNN, but there is a smoothing factor that is used when the network is applied to new data.
The smoothing factor determines holeselythe network matches its predictions to the data

in the training patterngEl-Sawah & Moselhi, 2014)

Using substantial simulations, Marquez and Hill (1993) showed that the GRNN sees through
noise and distortion better than the BPNWhereas PNN finds decision boundaries between
categories of patterns, GRNN estimates values for continuous dependeriesaiaith do

so through the use of nonparametric estimators of probability density fun(@ijpesht D. F.,

1991)

In summary, the GRNN ia threelayer network that provides estimates of its variables and
converges to an underlying linear or nonlinearesgion surfaceThe main advantages of
GRNN are firstly, the ability of learning and training quickly with sparse data sets. Secondly,

as the number of samples increases, the output converges to the optimal regression surface
and lastly, the final estimator output is always restricted by the minimum and the maximum

of the observation@Petroutsatou, 2011; Specht D. F., 1991; Marquez & Hill, 1993)
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2.7 SENSITIVITY ANALYSIS

Whil e models incline to point out soutaggl e out c
occurrenceo the explanation of those results
factors involved to develop the modgraylor, 2009) In dealing with these kinds of

problems, a key question would be about the most important varabiels has the greatest

I mpact on the results. To assign rating of
Anal ysi so model can be developed to examine t
inputs (Taylor, 2009)(Hunter, 2000) According to(Sdtelli, 2008) sensitivity analysis is

defined as the study of how uncertainty in the output of a model can be attributed to different
sources of uncertainty in the model input.

The simplest form of sensitivityvaurafbmnesi s i s
element varies while the other factors are consistence to measure the effect of that variable

upon the output error. This cycle is expected to be repeated for other factors to reach to a
reasonable rating of importance to each of them. Coes#igu a variable that is
comparatively important wil/l cause (@anhuge da
1997)

In such an analysis, it would be possible to generate a simple graph, plotting the main model
outcome against each possible input vatludemonstrate the relationship between the input
value and t hdéTayon2089) 6s results.

Similar to the problem statement of this research which is aiming to find the relation between
weather situations and power outage, each weather factors {emmgerature, precipitation,

humidity, and lightning) might have different impact on the outcome. A sensitivity analysis

can lead us to find the most affecting elements for further mathematical analysis.
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2.8 SUMMERY OF EXISTING WORK

A reliable electricity spply is an essential resource for modern life. An interruption to
supply has direct and indirect financial consequences that are generally many times greater
than the value of the electricity not supplied, especially for large blackout €izenetectric,

Power outages in 2003, 2004; Newman, 20K the reliability of electricity supply is
important, so many researchers and scientific groups have done researchers about how and
why blackouts are expected to happen. Do time, duration, location and $iee ldhckout

have any effect on the damages and social cost of the incident? What are the risks threaten
the bulk power systems? How can electrical companies get ready about risk of power outage
in their territories? In the following paragraphs some @viworks, which have been done
earlier are explained.

As large blackouts are naturally caused by cascading failure distribution through a power
systemBaldick, et al., 2008)lefines cascading failure for blackouts and provide a review of
industrial tods, the challenges and emerging methods of analysis and simulation.

Hines in 2009 has published a study to determine what trends exist (or do not exist) in the
available historical record of large blackouts in the United States between 1984 and 2006.
His gudies show that while technology has been grown during the time blackout frequency
has not decrease@Amin, 2008)and (Simonoff, 2007)both confirmed this idea and also
suggested that the growth might be the result of increasing in number of reports abou
smaller blackouts. Furthermore, blackouts frequency changes seasonally and it changes in
different hours of the day: Blackout frequency increases substantially during the late summer
and midwinter months; Blackout increases significantly during the eaks. Hines (2009)

claims that storm activity increases during raiternoon.(Carreras, 2004; Liao, 2004;
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Dobson I. C., 2007hold the idea that power networks being more stressed during mid
afternoon hours due to more public appeal.

(Carreras, 2004and (Talukdar, 2003)studies show that the size of large blackout in the
United States follow a powdaw probability distribution. Carreras et al. (2004) argue that
time-correlations in the blackout data give evidence ofagfnized criticality, proviesg a
plausible explanation for the powkaw tail. (Dobson, Carreras, & Newman, 20@#scribe

a probabilistic model of loadirdependent cascading failure risk, which simulate a saturating
electric power transmission system, and indicates that the nwinfzgled components has a
powerlaw region at a critical loading and a significant probability of total failure at higher
loadings.

Since weather conditions are the most significant reasons of power outages, it has been so
many researches investigatingetimpact of weather circumstances on the reliability of
electric network.(Davidson, 2003)xplores five hurricane disruptions in major Carolina
electric power companies in terms of number of outages and customers affected; geographic
distribution, duratin, and causes of outages; and types of equipment affected to help develop
a predictive model of disruption. Using outage, maximum gust wind speed, rainfall, and land
cover data for analysis in his studies indicates that most damage is caused by tees. Als
maximum gust wind speed is a necessary but not sufficient predictor of disruption. Results
provide a database to be used to help develop a vulnerability model that would support future
hurricane emergency response and restoration activities

(Winkler, 2010) during his investigation about the effect of hurricane damages upon power
system reliability in Harris County, TX, USA, developed a model to predict failure

probability for individual transmission and distribution power network elements
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simultaneously. Monte Carlo simulation (MCS) method is used to model the electrical
reliability model, and to do that the most significant network damage predictors found by

(Han, 2009)n their statistical analysis of outages, local terrain and wind speeditilized.

The developed power system performance model generates rapid assessments of distribution

and transmission level network damage through the use of component fragility models.

(Zhou, 2006)has developed two modetso f i nd t he tweon bveraead s i mp a
di stribution |inesé6é failure. This is expectan
gain the best operation and maintenance plan to decrease impacts of weather on reliabilities.

The modek considered many groupings of the wigdst speeds and the lightning stroke

currents into 15 weather states and attempted to find the probabilistic relationship between
weather site and the failure level.

Since lightning is an important cause of outages in many electric power systems and poo

system reliability,(Balijepalli, 2005)has developed a Monte Carlo simulation for assessing
distribution system reliability under lightning storm circumstances. The author used the
bootstrap method to model the lightning storm parameters. Also, anatstinof the

temporary and permanent fault rate is gained from an analysis of the utility data to be used in

the Monte Carlo simulatioriTable 2-4. Summary of Previous Researches that Focused on

Weather Impactprovides a summary about the previous researches that had focused on

weather situations.

Table2-4. Summary of Previous Researches that Focused on Weather Impacts

Title Author Summary and Limitations
Electric power distributiorf Davidson, R. A.-|q Only few aspects of weath(
system  performance i 2003 condition are considere
Carolina hurricanes (Rainfall and wind speed)
1 Only five big blackouts ha
been investigated
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1 Model developed for a locg
region in the US

Performance assessment | Winkler, J- 2010 1 Only few aspects of weathg

topologically diverse powe condition involving in hurricang
systems subjected 1 are considered
hurricane events 1 Model developed for aocal

region in the US

Estimating the spatig Han, S. R- 2009 1 Only effect of wind speed i

distribution of power outage investigated on theelectrical
during hurricanes in the Gu reliability model

coast region

Modeling weatherelated| Zhou, Y- 2006 1 Effect of wind speed an
failures of overhead lightning is investigated for th
distribution lines probability of power outage
Distribution system reliability Balijepalli, N.- 2005 | § Checking the relation q@
assessment due to lightnii lightning storm and probability
storms of power outage

Also, some other studies focus on some otherweather reasons that are able to cause
power outages. For exampléimonoff, 2007)studied the blackout data available from
NERC for 1990 to 2004 with the approach of terrorist attack impacts. None of these
disruptions during this period are a result of terrorist activity, but the authors claim that since
there are similarity in the digption in energy sector caused by power outage incidents,
understanding the effects of Atypical 6 disru
effects of a terrorisbased disruption.

(Ren & Dobson, 2008&tudy 9 year time series of cascading tramsion line outages of 200

line power system. They estimate the average propagation of the outages, through a risk
model, which consider cascades and stages according to the outage times.

This research, data set for 1992 to 2009 are gathered and filiesedleral ways to collect
disturbances related to natural disasters and removed artifacts that could lead to misleading

conclusions.
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This work considers thdisturbances in bulk power system related to natural disasters and
weather conditions and prowda tool, which not only cover the previous works done by
others, but also develop an artificial neural network model (ANN) which is able to provide
more accurate results in predicting the probability of power outage based on weather
forecasting. In Thigesearch, data set for 1992 to 2009 of system disturbances in North
America are gathered and filtered in several ways to collect disturbances related to natural
disasters and removed artifacts that could lead to misleading conclusions to provide an
accurag tool which will be able to makecommendations for future companies performance

in the same situation with electrical networks.

2.9 LIMITATION OF PREVIOUS LITERATURE

This chapter covered a wide continuum of topics to present an overview of the existing
appoaches to the power outage and blackout in bulk power syflamage to electric

power distribution systems cacause significant economic loss, business interruption,
inconvenience,and permanent loss of data, food, and perishable gdeashermore,
conmunication, water distribution, traffisignaling, and other lifeline systems that depend

on electric powecan be affected as wesinceelectrical power supply has a significant role

in todayds |ife, mai nt enance abigcontern obthiel k powe
power companiesAmong all the different kind ofisks, whichthreaten the power supply

system, weather condition, natural disasters, hurricane and storms have the most number of
causes of blackouts, which made scholars to do lotes#arch about this issue.

All the mentioned past works have developed models to find the impact of weather
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conditions on the reliability of power systems. Tdeveloped modeldo not consider all the
weather factors (temperature, wind speed, precipitatimmidity and lightning) in one
model The developed model in this research covers all the wefatters, which make it
individual for different seasonsPast works do not consider the consumption index of
electricity in different months, which is reldtéo both seasons and weather conditions and
national events during the time. For example, consumption index in January is high, which is
caused by cold weather and New Year Event lightniifgs work focuse®n four eastern
Canadian provinces, i.Quebe¢ Ontario, New Brunswick and Nova Scotla the model
developed in this work, network size is also a considered parameter to find its relation with
number of power outage incidenBome of the past works divide power outage of various
part of the electdal power grid, while in this research, the concept of power outage had a
more important role in the developed modébreover, previous works had mostly focused

on the big blackouts that happened in a short period of time. This research focuses on both
big blackouts and small power outages in an eighteen years period of time. Sompast the
modelsthat used hstorical data of power outagesameas currentresearch, but different
approaches like Monte Carlo simulation (MC&3re used to develop their nald. In this
research thretypesof ANN is used to recognize a pattern among weather circumstandes
power outage incidestSince ANN is aself-training modelis able tofind patterns among

the datasets, where there are complex relationships betineaptits and outputs
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CHAPTER 3: RESEARCH METHODOLOGY

3.1 CHAPTER OVERVIEW

This researcloeginswith a literature reviewchapter 2)on electrical power gridghe risks

that can threaten their reliability, how blackouts can affect society and finally focuses on
weather conditions that can cause unreliability in power gridoamdich tools can be used

to predict these situations. Following the literature revidghe research methodology
identifies thepredictiontools thatcan function wellbased on avide variety of data. Three
types of artificial neural network models are developed in this section: BPNN, GRNN, and
PNN. The research methodology is followed by tiiata collection, which outlines the
process used to collect the data for itientified factors thatcan trigger a power failure
directly or indirectly In order to verify and validate the system, a case stuclynducted and

will be continuedwith other case studies which consider more details in their model
development. Finally, this researdfinalized with some conclusions and recommendations
as well asome proposed research areas for the future.

The generic flow diagram of this chaptier presated in Error! Reference source not
found.. This chapter describes three models developed for predicting power outage
likelihood of occurrences; i. BPNN, GRNN, and®NN and theirvalidation processit is
followed by description of sensitivity analysis and estimation of social cost of electric power

outage.
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Chapter 3

» Model Development » BPNN Maodel > GRNMN Model » PHNN Model
Model Walidation | Sensitivity Analysis
Producti
p{ Social Cost Estimation ¢ Customer Survey - Case Studies | 3 r_D i
Function Approach

Figure3-1. Chapter 3 Overview

3.2 LITERATURE REVIEW

The literature review was presented in Chapter 2. It comprehensively covered the major
research areas relatearisk asset management of power grids. As shown in Figdrett3
literature review consists of six sglections:

1) Electrical Power Grids

2) SocialCoss of PowerOutages

3) Risks in Electrical Power Grids

4) Risk Management

5) Artificial Neural Network

6) Sensitivity Analysis

The concepts, methods and applications of different approaches in each sudnect
elaborately discussed and the merits and shortagsnof each method compared to its

counterpartsvere presented.
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3.3 MODEL DEVELOPMENT

The purpose of this research is to find the relation between weather conditions and power
outages. There are different approaches to solve the proposed problem, suchyas Fuzz
models, Regression models and ANNs. Fuzzy matielsot havehe ability of selftraining

and pattern recognitionTherefore,an expert person is needed to find the relationship(
between the inpstand outpud. Regression models mostlyive good resudt for linear
relationships, and for more complex patterns higher degrees of regression are required.
However, finding the best degree of regression inlim@ar problems is completely a new
study of optimizationMeanwhile,ANN models are&known for their abilityto self-train and
recognizepatternsbetween the inputs and outputs. This research aims to develop several
ANN models to determine the most accurate approach in predicting the probability of power
outages based on weather forecastiata.

This section provides a detailed explanation of the model development procé&bs.
flowchart of the techniques and actions that are required to implement the proposed
framework is illustrated inFigure 32. This framework containdive main phass: 1)
implementation of the BPNMhodel with dataset, ) performingsensitivity analysigo find

the most important variahl) implementation of BPNMnodel with dataset Il (dataset I
collected based on the sensitivity analysis resuldsimplementaibn of GRNN model with
dataset | & Il, 5) implementation of PNN with dataset | & Il, and 6) estimating the social cost

of power outage in four sectors; i.e. residential, commercial, industrial and agriculture.
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Figure3-2. Framework of Research

3.3.1 Factor Identification

To start, variables that are correlated to the relationship of weather conditions and power
outage are revieweid the literature. These data are divided into three sectionsarlables
related to weather condition forecasting, 2) electricity consumptios, ra@tel 3) electricity

network sizeTable3-1 summarizes these variables.
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Table3-1. Variables Considered for Model Development

Variables Description Source

Wind Speed (km/hr.) The maximum speed of motion of air
kilometers per hour (km/h) usually observed
10 metersabove the ground in 24hrs.

Temperature (§ The maximum temperature of the air in degre
Celsius (C) in 24 hrs.
(%] P - T
% Precipitation (mm/s) The' sum of the total rainfall qnd t'h'e Wal . adian Climate Data
© equivalent of the total snowfall in millimete .
it . . Environment Canada
@ (mm), observed at the location during
> specified time interval. (http://climate.weather.qc
() n T 0 T . - . . . .
% Relative Humidity (%) The maX|mumhvaIu.e for ra'qo of the quadntlty a/advanceSearch/searchH
o water vapor the air contains compared to toricData_e.htn)
= maximum amount it can hold at that particu -
temperature.
Lightning A sudden electrostatic discharge during

electrical storm betweerlectrically charged
regions of a cloud. This research consid
lightning as if | had happened or not.

Energy Consumption Index | Energy delivered and consumed at the faci Electric Power Statisties

level. Statistics Canada
Used as a monthly Index. (http://www.statcan.gc.ca/
aily-
guotidien/140822/dq1408!
2c-eng.htn)
Power Network Size (km) Size of the area that the electrical power ¢ Hydro Companies
supports for delivering power. Information

Weather variablesclude thetemperature, wind speed, precipitation, relative humidity and

lightning, collectedviathei Canadi an €E€EnwianenmMearnta Canadao dat
data are collected daily, meanitigat whilethe extreme value of weather factors are gathered

in one day they are not necessarily happening at the same time dtivatglay. The

Electricity Consumption rate showlse actual energy demarat different years and months,

which varies indifferent seasonsaccording toweather conditions. This information is
collectedfromi El ectri c PRSBwerti Stiats$ sCanadao. Accor di
outage reports, the number of power outage incidents might have a reddtiensize othe

power grid, which ighereforeconsidered in this research to develop a more accurate model.
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The network sizes are obtained from information provided by electrical companies. Further
information is provided in Chapter 4: Data Collecting. All of the vabanformation is
collected for four eastern provinces of Canada: Quebec, Ontario, New Brunswick, and Nova

Scotia.

3.3.2 Data Preparation

This section givesomebrief information about howhe data collectionwas carried outor

this research. The following chapter (Chapter 4: Data Collection) provides more details about
data collection. Informatiombout thetime, location, size, cause of blackout incidents, and
number of affected customefer the period1992 to 2009was collectedfromfis y st e m
di stur bances r the North Asnericap Electric Rekalility iICguncil (NERC).
These reports are the results of the Disturbance Analysis Working &sDpWG)
investigatons which review and analyze the disturbances tiaur on the bulk electric
systems of North America teterminethe reason$or those disturbance$o ensure thathe
improvements to avoid recurrence agpropriate and toshare thdessons learnedith the
industry (North American Electric Reliability Corporation, ERO Data Analysis System,
2013; Kroger, 2011)

The NERC works with eight regional entities, whitbgetheraccount for all the electricity
delivered in the United States, Canada, and a portion of Bdjor@@a Norte, Mexico

(North American Electric Reliability Corporation, Regional Entities, 20T8)e Northeast
Power Coordinating Council (NPCC) zone consadtshe State of New York and the New

England states as well astiCanadian provinces of OntariQuebe¢ New Brunswick and
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Nova Scotia. This research focuses the easternCanadian regiorof the NPCC The

following paragraphstroduce thalata collection approaches.

3.3.2.1 Weather Conditions Variables

Based on the disturhaes system reporte blackoutdayscaused by weather conditioas2
identified for the period992 to 2009. To find the difference betwe¢bkaweather conditions
of a day that power outageccurredand the regular weather conditienof the same day,
weather variable values are collected for the years between 1992 and 2009 for;that, day
for each power outagday, the weather conditions for the same day were collected
seventeen years. These datasets were gathered thtoeghCanadi an Cli mate
Envi r on me rsdrvicénawoaetteorns In dataset | thextreme values for each factor
in a daywere collectedi.e.the extreme values for every facttivat might not happen in the
same hour of that dajNew datasets arcollectedn dataset llafter developing fnsitivity
analysis and finding the factthat the model is mst sensitive to, containing the extreme
value for the most critical factor atige value of other variablest the samdiming when the

critical factor reached its extreme value.

3.3.2.2 Energy Consumption Index

Energy consumption is another important factor théitiencesblackoutincidents Energy
consumption varies with weather conditions (cold or warm seasons), geographical location
(varying lengtrs of daylight hourg, and national events (New Year in winter and
entertainment festivals in summer), etc. To develop a more accurate raodshergy

consumption indexasadded tahe other inputs for model training. These data are collected
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from n pdweretatistitcSCEnvi r onment Can adoasomptiowimdex h s how
thatfollows a sinusidal pathoverdifferent yearsaverages of these numbers are provided in

Table4-4 (Statistics Canada, 2014).

3.3.2.3 Electrical Network Size

As the size of the power grid increases, its maintenance gets more comphsatexhvers a
bigger and biggerarea, the probability oh power outage happening is expected to grow
(Kaplan, 2009) System disturbance reports show that the number of power swages
acrossprovinces Figure 4-10). As illustrated in Figure 4-10, the number of blackout
incidents in Quebecs much higher than imther provinces. On the other hand, Quebec
generates the biggest amount of electricityalinof CanadaThe Quebec power netwodks
size is about 305,600 km, while for Ontario, New Brunswick and Nova Stid 52,000

km, 31,550 km, and 31,800kmespetvely.

3.3.3 BPNN Model

In the next step, an ANMasdeveloped to find a relatidmetweerthe input and output data

sets. ANN is a mathematical model which finds patterns among datasets where there are
complex relationships between the inputs and outpusdores those patternandthen use

them to analyz2 and applyproblem solutions (Anderson & McNeill, 1992) Zayed and

Halpin (2005) mentioned that ANArecomposef two phases namely: learning or training

and recalling.Finding the relationshifs) betweenthe variables througlout the neural
network isaccomplished durinthe learning phase, whichnsonitoredbased on the erreof

the produced networkThe secondunction is called recallingthe inputs to the trained
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network are inserted, creatingredictive responsesf in the training phaghe output is
available in the entrglata,it is called supervised otherwiseit is known asunsupervised.
Neural network makesseveral learning techniquesailable the most popular one is the
backpropagatbon approach, which is able tdfer a useful rolen this researchThis BPNN
technique provides a suitable platform for risk managemesgarchsince dealing weather
forecasting datantailsmuchuncertainty Both thedesign of the networérchitectureand the
learning elements d e f iimcluding the sansfer function, the learning rate, and the
number of epochare very important elementshe typical bacipropagation network has an
input layer, an output layer, and at least one hidden layer; tihbearuwf hidden layers may
increase according to the complexity of the probl€he reurons of each layare connected

to the neurons of the next layer through the connection, iaeh of which has a weight that

is multiplied by the inputsransferred fom the previous layers. To start the process, some
random values are assigned to the weights and biases. Once the process runs, the accuracy
errors are measured and the weésghnd biases are changed appropriately. The network
checks the pattern at the gping points called epochahere the training is stopped the
pointwhere apredefined termination condition is reached. After developing this process, the
trainedmethod can be used for any upcoming set of data in which thersinsilarity or
connection between the inputs ahe output dataBryson, 1975; Werbos, 1974; Alpaydin,

2014; Rumelhart, 1998; Moselhi, 199E)gure 33 showsthe BPNN model structure.
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o i Rt s

X1, ..., X=Inputs
Wi, Wiz,...=Weights
k=Number of Inputs
b=Biag Parameter

. b F=Transfer Function
Tnput Layee == g e Yt=Output of Network

Hidden Layer

Figure3-3. Schematic Diagram of a Multiayer Feed Forwar(Zhu, Lee, Hargrove, &
Chen, 2007)

The first step is to categorize the datasethjch mears that thedatasetsare randomly
divided into two partsfor training data andor test data.Training data is 85% and testing
data is 15% of the complete datasdise raining data is divided into three categorig¥:

70% for training the modeR) 15% for testing the model, and 3) 15% for validating the
model

A test set is used to evaluate how well the modpkeswith data outside the training set, and
avalidation set is used to evaluate the ma@dhlistedn thetesting steffKareem, 2014)The
dataset distribution is indicated in Figured3To determine theumber of hidden layers,
Khaw (1995)suggested having (2n+1) neurons in the first hidden layer and (2n+1)/3 in the
second one, where is the number of input factors. Based on this formula, there are 15

neurons in the hidden layer.
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Testing& Training
Data Deviation for Training in MATLAB in MATLAB

70% 15% 15% 15%

v E

v v
85%of the Complete Dataset Used for Training the Model in MATLAB 15%of the Complete Dataset that did not
Used in Training

Figure3-4. Distribution of Dataset

The commonproblemthatoccurredduringthe ANN trainingwaswhatis calledoverfitting.
This is when the calculatedestimationerror for the training sampleis very small but the
error for a new set of testingdatais quite large. It could be statedthat the network has
memorizedhe training datapointsandit is thusnot ableto generalizehe predictionfor new
cases.One way to improve the quality of the generalzationin a trainednet is known as
regularization.Regularizationinvolves applying another performancemeasuremenbther
than the sum of the squaredoutput errors, which is usually selectedas the performance
indicator. The BayesianRegularizationalgorithm, as a regularizationmethod, combines
squarederrorsand weightsin a mathematicarelationshipand minimizesthemin orderto
find the combinationthat hasthe bestgeneralizatiorability. Bayesian regularizatioof the
weights and biases of the netkcare assumed to be random variables that get updated
according tothe LevenbergMarquardt optimization BayesianRegularizationallows the
network have smallerweightsand biaseswhich will, in turn, resultin lesssusceptibilityto
overfitting (MacKay1992 Beale, Hagan, & Demuth, 2015)

A moredetailedexplanationof the BayesianRegularizatioralgorithmis out of the scopeof
this researchAll of the assembledANNs in this model are trained basedon this learning

algorithm which cangreatlyimprovethe mo d epertosnancedor future applications.The
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commandnet.trainFcn = 'trainbr' changeghe defaultlearningfunction of the

programto BayesiarRegularization.

3.3.4 Model Validation

To determine hovaccuratethe developed motiés and also tdind its errormathematical
validationis used Threedifferent approacheare used to check the model mathematically,
namely, root mean square error (RMSE), mean absolute error (MAE), and regression squared
(R?. The RMSE represents the difference betwéleavaluespredictedoy a model andhe

actual values. RMB is a good measure atcuracy but only to comparehe forecasting

errors of different models for a particular variable and not between variables. -E}j. (3

indicates the formula for this indékyndman, 2006)

YOYO -B & & Eqg. (31)

In Eq. (31), @ represents the value$ actual outputsoindicates the valuesf the predicted
outputs released by the developed model.¢askdows the number of outputs.

The MAE is a quantity used to measure how close forecasts or predictions are to the eventual
outcomesin other words, MAE measures the average value of the errors in a set of forecasts
and checkthe accuracy ofhe variables. The formula is shown in Eq-ZB in which, asn

the previous equatiarw represents the value$ theactual outputspindicates the valuesf

the predicted outputs released by the developed modet, simows the number of outputs

(Hyndman, 2006)

060 -B w &S Eq. (32)
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The MAE and the RMSE can be used together to diagnose the variation in the errors in a set
of forecasts. The RMSE will always be larghan or equal to the MAE; the greaténe
difference betweethem, the greater the variance in the individual errors in the sample. If the
RMSE=MAE, then all the errors are of the same magni(Gthai & Draxler, 2014)

In regression, th&2 coefficient of determination is a statistical measure of how well the
regression line approximates the real data pointsR?of 1 indicates that the regression line

perfectly fits the datéGlantz, 1990)The R?formula isgiven as

B

Y p = Eq. (33)

Wherew indicates the average value of actual outpLite dher parameter definitions in Eq.

(3-3) are the same &s the twoprevious formulas.

3.3.5 Sensitivity Analysis

Once the BPNN moddias been trainedhe sensitivity of the model to changes in its inputs
variables,or aiSensi ti vity Ana(Taylsrj 20@0) Irothar wobds,theu s e f u |
sensitivity analysis defines hothe uncertainty in the input variables, temperature, wind

speed, precipitation, relative humidity, lightning, electricity consumption index

electricity network size can change the failure type of the model.

In sensitivity analysis, one model parameter is changed at a time while the remaining model
parameters are fixed to a nominal vallie.start, the differenabetween the minimum and
maximum values of all the variables are calculafdterward, the ratio number is added to

the minimum value of each variable in ten steps to reach the maximum value of that variable.
Other factors are the average valueeathvariable This cycleis repeated for other factors

and the results are compared to identify the variable that is comparatively importaainand
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cause a huge damaget h e maacdanplihsnen{Jain, 1997) In such an analysis, it

would be possible to generate a simple graph, plotting the main model outcome against each
possible input value to demonstrate the relat
results.(Taylor, 2009) Since the range ohé values of various factors are different, and also

to have one graph showing the effect of various factors on the model, the outputs can be
normalizel. Eq. (34) can be used for this purpose, wheére w8 o andd is theQ

normalized data.

a — Eq.(34)

By normalizing the outputs, one simple graph can be generated to indicate the sensitivity

analysis, showing theffectsof changing aloft he f act ors on the model &s

3.3.6 Model Comparison (BPNN, GRNN andPNN)

The sensitivity analysis in the previous stage identified the factor that the model is most
sensitive to its changes. To increase the accuracy of the developed model, a new sets of data
is collected to consider the real effect of this most critiaztbfa New sets of data include the
extreme value of the critical factor, while the other factors are collected at the same time of
the day when the extreme case of the critical factor occurred. Since the first sets of data
encompass the extreme case ofehgre factor over a day (no matter what time it happened),

new sets of data can indicate a ratio of the importance of the most critical factor and decrease
the model 6s errors.

Two other approaches are used to increase the precision of the final reguisesearch to

find the probability of power outages based on the weather conditions. Two other types of
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ANN models are developed to find the most precise model: PNN and GRNN. The general
architecture of these two models are the same as that of tiN,BR. dataset distribution

for training and testing. The number of hidden layers are also similar.

3.3.6.1 GRNN Model

A GRNN is a thredayer network with one hidden layer. The hidden layer, which sometimes
refers to the regression network, consists of twbsslpattern units and summation units.
GRNNs are known for their ability to train quickly on sparse data(Sgischt D. F., 1991)

Figure3-5 shows a&5RNN Block Diagam.
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Figure3-5. GRNN Block Diagran{Halder, Tahtali, & Anavatti, 2014)
The architecture form ofGRNN is similar to PNN. Whereaa PNN finds decision

boundaries between categories of patteen§RNN estimateghe values for continuous

dependent variables. GRNN responds much better to many types of problems than a BPNN.
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There are no training parameters such as learning rate and momentum as in BPNN, but there
is a smoothing factor that is used whbe network is applied to new data. The smoothing
factor determines howloselythe network matches its predictions to the data in the training
patterns. A higher smoothing factor caua@sore relaxed surfadbatfits through the data. |

It is recommened to allow the network to choose a smoothing factortlagidl totry to find a

better one through iterations or aotheroptimization proceduréKiefa, 1998; EiSawah &
Moselhi, 2014)

GRNNs can have multidimensional inputand they will fit multidimen®nal surfaces
through data. Unlike BPNNs, which propagate training patterns through the netwibike

times seeking a lower mean square error between the network's output and the actual output
or answer, GRNHN 8aining patterns arenly propagateance through the network.

GRNNs work by measuring how far a given sample pattern is from patterns in the training
set in Ndimensional space, where N is the number of inputhe problem. A GRNN is

more advantageous with sparse and noisy data than a B#PNMN takes much less tim®

train. (Kiefa, 1998; Specht D. F., 1991; Marquez & Hill, 1993)

3.3.6.2 PNN Model

One disadvantage @BPNN is that it can take a large number of iterations to converge to
the desired solution. An alternative to BPNN that has bsed in classification is the PNN
which involves ongass learning and can be implemented directly in neural network
architecturgSpecht D. F., 1990)

PNN canbe used for mapping, classification, associative memory, or to directly estimate a

posteriori probabilities.PNN can be utilized to obtain a general solution for tparn
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classification problemsFigure 3-6 indicates the typical scheme of a probabiltstheural

network.
Input Radial Basis Layer Special Linear Layer Where...
N b 7 4 N R =no. of elements
oxr |TWui in input vector
# ¢x |LWu - 5 ;
A=y 0 =no. of neurons
Tas N # TR in layer 1
ISt nt at n Qxl
——p nprod ———Jm
gxl Ar_:m P Q=1 % ¢ =no. of neurons
I—E in layer 2
@x1 0, e 4 @ =no. of input/
target pairs
al=radbas (| IWw-pllbi) m = picrelin( me)

a lis ith glement of au where IWhuiis a vector made of the /th row of [Wwu
Figure3-6. A Probabilistic Neural Network Example

Each input element is processed via a patternr layech relates to the same class and

prepares that category for outgdinderson & McNeill, 1992)The firstlayer input weights,

WAL are set to the transpose of the matrix formed fronQbining pairs. When an input is

presented, thi dist|| box produces a vector whose elements indicate how close the input is

to the vectors of the training set. These elements are multiplied by the bias, element by
element, and sent to thensfer function. The secosayer weights,LW*2 are set to the

target vectorsdé matri x. Each vector has a 1 i
input, and Os elsewhere. Thus, the network classifies the input vector into a spassic

because that class has the maximum probability of being cdMeathworks, 2015)

Operationally, the most important advantage of BN® that their training is easy and
instantaneous; it can be used in +#@e because as soon as one pattern represerdsiy
category has been observed, the network can begin to generalize to new patterns. The other

advantage of PN8lis that the shape of the decision surfaces can be made as complex as
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necessary, or as simple as desired, by choosing the appropriatefarathe smoothing

paramete(Kiefa, 1998)

3.4 SOCIAL COST ESTIMATION METHOD S

There are differerapproacheso quantifyng electricity interruption costs. The three most

common methods are: case studikse production function approa@ndcustomer surveys.

3.4.1 Case studies

Past eventsuchas the blackouts in California in 2001 and 2002, can be used to quantify the
cost of power interruptions. The advantage of this method ightes¢estimations are based

on real events rather than hypothetical scenarios #asier for electricity consumers to
provide detailed cost evaluat®when they have experienced an interruption. However, this
methodology is limited by the specific characteristics of the outage studied (e.g., place, time,

duration); and it is difficli to generalize the resulfkinares & Rey, 2012)

3.4.2 The Production Function Approach

This method uses the ratio of an economic measure (e.g., gross domestic product, gross
value added) and a measure of electricity consumption (e.g., kWh) to estimate interruption
costs by sector. The objective is to find the value of one unit of elegtiatéio known as the

Value of lost load (VoLL). Under the production function approach, it is assumed that
electricity is essential for production, which is not always true. In some sectors, an electricity
interruption does not necessarily imply a produttbreak. Therefore, this method may

overestimatelectricity interruption costd.inares & Rey, 2012)
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3.4.3 Customer Surveys

In this method, surveys are employed to obtain information from industrial, commercial and
residential selor customers. The objective is to obtain a direct or indirect valuation of
interruption costs from custometkemselves Direct approaches are employed for those
customers with a good knowledge tbkir interruption consequences (e.m,the industrial
sector and other large electrical users), while indirect evaluation methods are employed when
interruption impacts are less tangible and the monetary loss is more difficult to eyalgate

for the residential sector).

Customers are asked to identify tingpacts and evaluate the costs relatedn electricity
interruption. Usually people are asked about their willingness to pay (WTP) to avoid
interruptions, or their willingness to accept (WTA) a compensation for having a higher
number of interruptions. @sumers will tend to overestimate their interruption costs te free
ride on the system. On the other hand, they can alsootigated tounderestimating them if
their contribution to paying for the cost of security of supply is higher than their chtie

costs of an interruptiofLinares & Rey, 2012)

3.4.4 Comparison and Discussion

The three methods have their advantages and disadvantages. Hence, when analyzing the costs
of electricity interruptions, it is important to considee tbause and characteristics of the
interruption. The survey method approach can be appropriate to estimate the costs in
electricity shortages as a result of a drought, nuclear crisis, etc., and also for sectors for which
the supplyof electricityis critical. Customer surveyare more accurat@t estimaing social

and indirect economic impagtand thereforethis methodshould be employed when
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analyzing interruption costs related to poor power quality and mechanical failures due to
weather conditions. Isome sectors, such as industtaérs indirect and social impacts are

very important, and thus surveys can be used to capture these cosssirTéysnethodis in

effect, the direct societal cost of unreliability. The survey method also can réfeasérs'

actual needsCustomerspecific costs are the losses that various customers experience due to
the unavailability of the functions, products and activities that are dependent upon electricity.
The best source of this information is the customieesselves. Variations of the customer
survey approach appear to be growing as the method of choice for utility purfaeker

& Billinton, 1989; Wacker & Tollefson, 1994)

Wacker and Tellefson (1994) devpta a survey study about customers' understanding of
the impact of supply interruptions on their activities that depend upon electricity and the
associated costs. The study was done for the Natural Sciences and Engineering Research
Council (NSERC) in conjuction with eight Canadian electrical utilitieBour sectors (i.e.,
Residential, Agriculture, Industrial and Commercial) wetibzed to calculate theocialcost

of loss of electricityWacker and Tellefson (1994) used an 'aggregated average' apgroach t
normalize the data, which was defined as the ratio of the sum of the costs and the sum of the
demandIn this presentresearch, information frotwacker and Tellefson (19948 usedfor
estimating the cost of power outages in different categories. Tra sost of power outages
needs to be updated to reflect the current costs of electricity consumption and how it is

charged.

3.5 SUMMERY

The choice and the design of the ANN model significantly affect the results obtained from

the model, as well as the velwf the variables in two sets of data. Three types of the ANN

77



model are developed for two sets of data. In general, six ANN models are developed: BPNN,
GRNN, and PNN modelseachfor two types of datasetshe details of which willbe
explained in Chapter 4: Data Collection. The structures of these three types of wemdels
explained in this chapter, along withcamparisonof their abiliies to provide results.A

model validation methods to find the best model that previkeoptimal performance was

then described

Information achievedn previous studies was used to calculatee social cost of power
outage incidents ithe four categories ofesidential, agriculture, industrial and commercial
users Customer survey were used ittentify the impacts and evaluate the costs related
electricity interruptios. The electrical cost$or each sector is theshould beupdatedo the

present electricity consumption price and electricity consumption rate
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CHAPTER 4: DATA COLLECTI ON

4.1 CHAPTER OVER VIEW

Data collection is the act of gathering information about certain variables in order to examine
hypotheses, answer research questions, and evaluate fEsigltshapter aims at introducing

the datacollection process and the description of the processedkigtae 4-lindicates the
overview of this chapterSection 4.2 and 4.3eviews the literature related tNERC
organization and their submitted system disturbances rep®hisse reports provide
information aboutthe time, location, size and cause of blackouts incidenthie North
America. Section 4.4 explains about the available data soureesnvironment Canada,
statistics Canada, electric companies, and customer surveys. Datasets can be collect
throughout of these data sourc&he identified effective factors on electric power outage are
categorized into three type; i.e. 1) weather varialfies. wind speed, temperature,
precipitation, humidity and lightning), 2) electric energy consumption index and 3) electric

power network size. Summary of variables are describ&abie4-1.
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MERC System Disturbances Reports 5 identify Effective 2 Literature Review
Variables T

v

Data Collection

Historical Customer
Environment Canada Statistics Canada Hydro Com panies
Surveys
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Electrict
] b ”Ut_"r Electricity Social Cost of
Weather Variables Consum ption 5
Index Metworks Sizes Power Outage

Figure4-1. Chapter 4 Overview

Table4-1. Summary oVariablesand theiDescription

Variables

Description

Wind Speed (km/hr.)

The maximum speed of motion of air in kilometers per hour (km/h)
usually observed at 10 meters above the ground in 24hrs.

Temperature (C°)

The maximum temperature of the air in degrees Celsius (°C) in 24 h

Precipitation (mm/s)

The sum of the total rainfall and the water equivalent of the total
snowfall in millimeters (mm), observed at the location during a speci
time interval.

Relative Humidity (%)

Weather Variables

The maximum value for ratio of the quantity of water vapor the air
containscompared to the maximum amount it can hold at that particy
temperature.

Lightning

A sudden electrostatic discharge during an electrical storm between
electrically charged regions of a cloud. This research considers light
as if | had happened opt.

Energy Consumption Index

Energy delivered and consumed at the facility level.
Used as a monthly Index.

Power Nework Size (km)

Size of the area that the electrical power grid supports for delivering
power.
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4.2 NORTH AMERICAN ELECTRIC RELIABILITY = CORPORATION
(NERC)

The North American Eldédc Reliability Council (NERC)is an international regulatory
authority whose mission is to ensure the reliability of the bulk peystem (BPS) in North
America. Both the US Department of Energy (DOE) and MERC oblige that member

organizations submit reports whadequatelyhugedisturbancefapperwithin theirdomains

such as electric service interruptions, unusual occurrences, demand and voltage reductions,

public appeals, fuel supply problems, and actsabbtage that cadisturbthe reliability of

the bulk electric system@ines P. , 2008; North American Electric Reliability Council ,
2004)

DOE only publishes reports while NERC provides a database through its Disturbance
Analysis working Group (DAWG)The DAWG chooseghose disturbancegports thatre
valuableto the industry afterwardrequestghe local council or utilitiesinvolved for a full

report of eachpower outage occurrengeNorth American Electric Reliability Council |,
2004) Law demandsutilities and other load serving entitig® submit repors of all
disturbances thaerminatemore than300 MW or 50,000 customei®).S. Department of
Energy, 2014) Some smaller disturbances are also included in the reports, but on a less
predictablebasis while large blackoutsan berecorded in several reports. For example, the
August 14, 2003 evens recorded insix reports(Hines P. , 2008)The disturbances data
(NERC data)are the results othe Disturbance Analysis Working Group (DAWG)
investgating work Since the NERCand DAWG databaseare the bestrecorded sourge
providing data on blackoutésystemd i st ur bances reportso from
research to find data about power outages during this péNodh American Electric

Reliability Corporation, 2013)
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4.1.1 System Disturbances Reports

NERC bulk power system awarenessgathers and examines information on system
disturbances and oth@ventsthat have arinfluenceto the North American bulk power
system.

(North American ElectricReliability Corporation, 2013)The mainpurpose of analyzing
system disturbances events gdparingare tospecifythe reasons of those happenings
assure the movements to avoid recurrence are correct, and tdesffens learned to the
industry. The evenanalysis also prepares usefoputs for training the modek related to
power outages occurrencesd reliability standards developmenMoreover, it classify
starting eventscausessuch as naturallisasters equpment failure,humanerror, demani
supply misbalance, intentional attacks, etll, of which support continued reliability
improvemenf bulk power system(North American Electric Reliability Corporation, 2013;
Kroger, 2011)

In this research systemstlirbances reports from 1992 to 2009 have been sttmisalect
data abouthe causes that can trigger electric power outdgeevery reportjnformation
about each power outage event is explained in details, coveringtisiee,location, and
causeof that incident Once the blackouts are giant or have significant side effenterad
individual reports might be assignadalyzing the incidenFigure4-2 and Tablel indicate
sample ofsystem disturbances reports that are used for data collection about electric power

outage
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_ NoRTH AMERICAN ELECTRIC RELIABILITY CouNCll,
Frmocion Smocisl Vilkge, 138980 Y illsgr Badoyonl. Frcion. Beee Fosoy (83485760

2002
System
Disturbances

Review of Selected
Electric System Disturbances in
Marth Amerca

Morth American Electric Reliability Council
Princeton Forrestal Village
116-390 Village Boulevard

Princeton, Mew Jersey DBS40-5731

Figure4-2. A Sample of System Disturbances Repoitorth American Electric Reliability
Council , 2004)

Table4-2. Sample of Summarized Information of Power Outages in 200#th American
Electric Reliability Council , 2004)

Date Region | Utilities J ype” MW Castomers | Cawse
01/30- Oklshoms Gas & Fleome, Kansas Ciy | 1310.

SPP Power & Light Co_ and Missoun Public | INT et AT0.000 Weather - wce stoma
Sl gl | 1310

Service Cin J
2212 | NPCC Independent Electncity Markst Operaior | INT'VR o o Equupenent fmlue |
022702 | WECC | Sam Diego Gas & Electine Co | INT 340 210,882 Husmam emvox
0272802 | WECC | Califoinia Independent Systein Opeaator | DR o NA Broken static wiie
030902 ECAR Consmmers Energy Company I INT 150 15400 Weather - severe stomm
03002 NPT Independent Electncity Market Opemior | INT 196 | A DG Wieather — stronpg wimnds
32002 WECC | Power Poal of Alberis | INT T4 17, b Equipment lailure
2102 NPCC Hydso-Quebwer — TinnsFnerge | LA 0 L] Huzmsan ey
032502 NPT New Brmswick Power Comp | O L o Logzmg sctivity
i Weather - holimmg &
033002 SERT Georpa Power Company | L o o Fysiem preieciion
I MSCPETATECD
041 T2 WECOC Anzona Public Servace Co : (i ] o o Eqpupment fnlure
. American Electric Power and | i

842302 | ECAR Indlanspilis Power & 1 laki I ‘_! INT kL i Equipment failure
04702 MAPFP Mamioha Hydio | DO ] ] Equuigiment failure
472902 FROC Jacksonville Eleciric Anthority | m§T 211 360,000 Equipment lsifure




To simplify and organize information, the NERC has divided the BPS of North America into
eight zones, three of which consist of both US states and Canadian provinces, as it is
indicated inFigure 4-3. These entities account for all the electridiigliveredin the United
States, Canada, and a portion of Baja California Norte, Meicoth American Electric
Reliability Corporation, Regional Entities, 2013)

1 FloridaReliability Coordinating Council (FRCC);

1 MidwestReliability Organization (MRO);

1 Northeast Power Coordinating Council (NPCC)

1 Reliability First Corporation (RFC);

1 SERC Reliability Corporation (SER(C)

1 Southwest Power Pool, RE (SPP)

1 Texas Reliability Enty (TRE);

1 Western Electricity Coordinating Council (WECC)

Figure4-3. NERC Entity RegiongNorth American Electric Reliability Corporation,
Regional Entities, 2013)
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4.2.1 Northeast Power Coordinating Council (NRCC)

NPCCzoneis in charge oBupplementindhe reliability of the bulk power system in North
eastern North AmericaGeographielly, the NPCCdistrict containsthe State of New York
and the sixstates ofNew England Connecticut Maine, Massachusetts, New Hampshire,
Rhode IslandVermon) as well as theasternCanadian provinces of OntariQuebe¢ New
Brunswick and Nova Scotigrigure4-4). Generally the territory covered byNPCCis about
1.2 million square miles, populated by more than 55 million people. NE&®@rs
approximately 45% U.S. and 55% Canadianload perspectiveAround 70% of Canadian

net energy forload is within the NPCC Rpon (North American Electric Reliability

Corporation, 2013)

Northeast Power
Coordinating Council

(NPCC)
Canada United States
Quebec 1 Ontario New York New England
Bru!:::::fck — Nova Scotia Conneetiont Maine
Massachusetts Hal;‘f;;;ire
Rhode Island Vermont

Figure4-4 NPCC Territory
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In this researchhe blackoutdataarecollected from NPCC zone, amacusesspecifically on

the Canadianpart i.e. Quebec, Ontario, New Brunswick and Nova Scotigst&n
disturbanceseports from 1992 to 200¢hows thathere were 189 numbers eliectricpower
outage incidents happened in the NP@&@itory during eighteen year3.here were various
reasons thatriggered power outages, e.gweather disaster, equipment failure, voltage
reduction, human error, fire, maintenance emoblic appealterrorist attackhidden factors,

etc. as the reports shqowveatherevents have the most number of causes of electric power
outages; i.e. 60 dayfigure4-5). Reports also indicate that among the 60 days of power
outage in NPCC zone88 days were happened @Ganada Since theweather conditioris
more critical, this researchfocuses on Canada territories; i.©uebe¢ Ontario, New

Brunswick and Nova Scotia.
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Figure4-5. Comparison of Power Outage Causes during 1992 toiaQ9PCC Zone
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4.2 DATA COLLECTION

Following paragraphs prove explanation about data sources of each variable, and how they

are collected for the purpose of this research.

4.2.1 \Weather Variables

Since weather conditions triggered the most number of power outage inctlentesearch
focuses on the effects of weather factors onlittedihood of blackoutoccurrencesMore
detailed investigation in the system disturbances reports indicates the most effective weather
variables on electric power gridBigure4-6). These variables are categorized into five main
groups; i.e. Wwd speed,temperaturgprecipitation humidity andlightning. Description of

these providedn Table 4-1. Figure 4-7 also compare the numband cause®f electric

power outage incidentiuring 1992 to 2008h each month

24
21
18
15
12

o w o ©

Number of Days of Power Outage

Weather Factors

Figure4-6. Comparison oEffective Weather Factors iklectricPower Outageduring 1992
to 2009
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Months and Reasons of Power Outage

Figure4-7. Frequency of Power Outage atheir Reasons in Different Months

This researchaims to develop an intelligent systeimt is able to find thdikelihood of
power outagdased orthe weather forecastl data Data for weather variableare collected

from the historicaldata provided byfiCanadian Climate Data Environment Canada
showing in Figure 4-8. The days with power outage are identified from the system
disturbances reports. To realize the difference among the weather conditions of the day that
power outage had happened and normalthaer condition of the same dagward each day

of power outage, the weather conditions for the sameadaygollected for all the years
between 1992 and 2009There are 38 days of power outage caused by weather
circumstances. According to the procedufedata collection, information for 646 days is
gathered (38 days 17 years). Checking and removing missing data reduce the final number
of days to 614, and for each deglues for five weather veablesare collectedTable 4-3

shows a sample of datmllectionin Quebec, which shows treollected weather variables
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for 6" of Juneduring 1992 to 20009.
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Figure4-8. A Sample of Data Collection of Weather Variablé&avironment Canada

Table4-3. Sample of Data Collection in Quebec for 6th of June during 1992 to 2009

Wind Speed Temperature Precipitation
Date (km/hr) (°C) (mm/s) Humidity (%) Lightning
6/6/1992 | 24 10.7 0.0001 90 0
6/6/1993 | 19 8.3 0 77 0
6/6/1994 | 28 12 0.0004074 47 0
6/6/1995 | 28 2.1 0.0003148 38 0
6/6/1996 | 24 4.1 0 31 0
6/6/1997 | 17 5.5 0 63 0
6/6/1998 | 22 5.1 0 61 0
6/6/1999 | 37 11.70 0.0001944 46 0
6/6/2000 | 30 1.2 0 36 0
6/6/2001 | 20 8.8 6.667E05 81 0
6/6/2002 | 22 7.3 0 77 0
6/6/2003 | 32 0.8 0.0002302 34 0
6/6/2004 | 28 6.7 0 39 0
6/6/2006 | 19 10.9 0 69 0
6/6/2007 | 31 24.8 0 98 0
6/6/2008 | 32 20.5 0 87 0
6/6/2009 | 35 23.9 0.0002962 91 0

There ardwo types of dataset collected in this stage. Dataset | con$igte extreme value
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for all the weather variablea each day, i.e. extreme value for all the variables in one day
might not happen at the same time. Both literature review and sensitiaityse in chapter

5 indicate that wind speed is the most critical fatwawhich the electric power grids more
sensitive.As a result, to examinthe impact of wind speed and isfect on the electric

power outagesanother sets of data is collect&htaset Il consists the extreme value for

wind speed, and other variables values in the same hour that wind speed reached its extreme

value. Complete datasets | & Il are provided\PPPENDIX I.

4.2.2 Electrical Energy Consumption

Energy consumption is the delivered energy consumed at the facility(l€¥elnternational,

2007) Energy consumption is another important factor that has effect on the likelihood of
occurrencesfgoower outages. Any place where people live is surrounded by residential and
commercial buildings, which need to consume energy for heating, cooling, lightning, etc.
Energy consumption varies with weather conditions (i.e. public appeal for electricibydin
seasons or warm seasons are different), geographical location (i.e. daylight hours changes
with the different geographical location of cities), national events (Xearevent in winter

and entertainment festivals in summer can make changes in the electrical energy
consumption index), etc.

To make sure that the developed model will perform accurate results, energy consumption
index is also considered as input variabl es.
Statisticsi St at i st i cFgured@® mndichteso the overall energy generation and

consumption in Canada during 2011 to 2014. Since this diagram follow a sinus path in
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different years, the average of the monthly energy consumption, areginovided inTable

4-4, can be used for training the model.

millicn megawstt hours
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Figure4-9. Electricity Consumption and Generationdanada during 2011 to 2014
(Statistics Canada, 2014)
In Figure4-9, the vertical axis is "million megawatt hours" and horizontal axis shows years.
As it is indicated.energy generation rate is always higher than energy consumption index.

Moreover,Table4-4 indicates that energy consumption index increases in cold seasons.

Table4-4. Average of Electricity Generation and Consumption
Month Energy Consumption Index
January 1
February 0.89750592
March 0.88603677
April 0.77771709
May 0.75805571
June 0.73620972
July 0.78536319
August 0.77607865
September 0.72255598
October 0.81176042
November 0.87129073

91



| December | 0.95831058

4.2.3 Electrical Network Size

An electrical networks made of electricity generation stations, transmission and distribution
lines, all of which areresponsible of deliveringlectricityfrom suppliers toconsumers
(Kaplan, 2009) As the size of the electric power grid increases, its maintenance becomes
more complicated and the likelihood of ocences of power outage is expected to grow.
Investigation in system disturbances reports between 1992 and 2009 indicate that the

numbers of power outages in various provinces are diff@fegire4-10).

Number of Power Outage Events VS. Four Proviences
during 1992 to 2009
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Figure4-10. Number of Power Outage Events vs. Different Provinces during 1992 to 2009

As it is illustrated inFigure4-10, numbers of blackout incidents in Quebec are significantly

more than other provinces. In addition, Quebec generates the greatest amount of electricity in
the entire of Canada, and has thgglarst el ectri c net wor k. Based
reports, electricity network size for the different provinces are collec@eetbec power

network size is about 305,600 km, while for Ontario, New Brunswick and Nova Scotia are
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152,000 km, 31,550 km, argil,800km respectively(Hydro Quebec, Power Distribution,
2015; Hydro One Inc., 2009; Legislative Assembly of New Brunswick, 2001; Nova Scotia
Power, 2015)Consequently, the developed model is likely to produce more accurate results

by adding electric nwvork size as an input variable.

4.2.4 Social Cost

The study of the Natural Sciences and Engineering Research Council (NSERC) in
conjunction with eight Canadian electrical utilities reflects the customers' understanding and
assessment of the impact of supplyemuptions on their activities that depend upon
electricity and the associated coft¢acker & Tollefson, 1994)The survey considers four
sectors; i.e. residential, commercial, small industrial seetotlsagricultureThe btal survey
sample was 11,588 users, which 4,401 were usable responses. Customers were randomly
selected from utility billing records or other sourc&esidential customers were those
accounts considered primarily as a residengéthin the commercial, idustrial, and
agricultural sectors, the customers were classified according to the Standard Industrial
Classification (SIC) system. This system is widely accepted by government and industry in
North America. The questionnaire for each sector followexl ssme general progression

with some differences due to the customeariations between sectorsThe format and
content of the cost questions reflect the ways in which electricity is used in each sector and
the impacts that an interruption has on those Wsgare4-11, Figure4-12, Figure4-13 and

Figure 4-14 showthe customer damage function in theufccategories in 1995 in Cangda

whichtheresults of Wacker & Tollefson (1994) studies
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Figure4-11. Residential Customer Damageostsin 1991 GinadiarDollars (Wacker &
Tollefson, 1994)
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Figure4-12. Agricultural SIC Customer Damage Functierostsin 1991 Canadian Dollars
(Wacker &Tollefson, 1994)
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Figure4-13. Industrial SIC Customer Damage Functiei@osts in 1991 Canadian Dollars
(Wacker & Tollefson, 1994)
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Figure4-14. Commercial SIC Customer Damage Functio@®sts in 1991 Canadian Dollars
(Wacker & Tollefson, 1994)

Thedata for thechange®f the price of the electricity pddWh for each year up to 2010

wereobtained fronminternational Energy Agency (201)shown inTable4-5.
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Table4-5. Changes of fces forElectricity Generationn Canada during 1978 to 2010
(International Energy Agency, 2Q)

Years | 1978 | 1980 | 1990 | 2000 | 2007 | 2008 | 2009 | 2010

Canadian Dollar/MWh

Industry 17.40 2290 | 43.70 | 57.00 | 68.00 | 74.00 | 67.20 | 72.00
Price

Household| 27.50 | 33.20 62.00 78.60 | 95.70 | 96.10 | 96.50 | 97.40
Price

To adjust the normalized data to current year (2015), changes of price in electricity
consumption is considere@ihe nonlinear regression analysis using Galsston algorithm

with aid of fit curve toolbox of the MTLAB program is used to predict the commgtion

price for the other years. Using Gaddswton algorithm, for conducting the interpolation
showed that theoefficient of determination @ is about 0.97 for both residential and
industry. Considering thEigure4-15, it could show that the price of the residential section
increases about 53% from 1995 to 2015 and in the industrial section increases about 75%
from 1995 to 2015Commercial, industrial, andgricultural are considered as industrial

electricity consumption category.
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Figure4-15. ExertedChangeslectricityconsumption pricéo 2015
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For the purposef estimating theealisticsocialcostof power outagethecollected data had

to be updated to current pricé&&ased on the information provided kigure 4-15, the social

cost of power outage in 1995 are updatie 2015 Figure4-16 indicates the updated costs in
case of power failure. The horizontal axe shows the duration of the power outage, and the
vertical axe shows the co& CAD) per kW in case of interruption thgower grids. As it is

illustrated, commercial and industrial sectors have the most amount of social cost.
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Figure4-16. UpdatedCosts of Power Outage in eashctorfor 2015

4.3CHAPTER SUMMERY

This chaptelincludes the summery of datallecting procedure. NERCs t e rcansist or i e s
of eight zonesn the North America and require them to subrajtorts of anydisturbances

happened within the bulk electric systems imitldomains. This research focuses on the
Canadhn are of NPCC zone, which consists@fiebe¢ Ontario, New Brunswick and Nova
Scotia.System disturbances repopmblished in 1992 to 2009 are used as the main source of

blackout events datfor this researchSevenvariablesare identified as effective factors on
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electric power outageweather variablegi.e. wind speed, temperatureregipitation,
humidity andlightning), electrigty energyconsumption index anelectric power network

sizes. Weather variable are collected from Environment Cana@gatistics Canada is the
source of kectricity energy consumption index, and electrical companies provide information
about electric power networks sizes.

Two sets of datasets are collected: &jadet | consistef the extreme value for all the
weather variables in each day, i.e. extreme value for all the variables in one day might not
happen at théime, 2) Dataset Il consists of the extreme value for wind speed, and other
variables values in the same hour thvatd speed reached its extreme value.

The social costs ofelectric power outage incidentsn four sectors (i.e. residential,
commercial, small industrial and agricultura)e collected from olac¢ustomer surveys in

1995 andareupdated based dhe presemelectricity consumption pricien 2015
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CHAPTER 5: MODEL DEVELOPMENT AND IMPLEMENTATION

5.1CHAPTER OVERVIEW

In this chapter, the methodology proposed in chapter 3 is implemented and applied to the
case study in order to verify the applicabilitytbe developed model. As explained in the
previous <chapter, the dataset I's gathered
Environment Canada, Statistics Canada and Hydro Companies. The dataset consists of seven
guantitative variables (i.e. tempersy wind speed, humidity, precipitation, lightning,
electricity consumption and electricity network size) that affect the probability of power
outage.

With respect to the methodology, implementation of the framework involves five main
phases. The first phase is to train BPNN model between input variables and power outage
index. In the second phase, sensitivity analysis is performed to find the faouictothe

model is more sensitive. The third phase is to implement another BPNN model with a refined
dataset based on the results of the sensitivity analysis. The fourth and fifth phases are
modeling of the same datasets by GRNN and PNN models, respectigure 5-1

illustrates aforementioned phases and how they are correlated to the defined objectives.
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Figure5-1. Chapter 5 Overview

5.2TRAINING BPNN - DATASET |

As explained in chapter 4, the dataset consists of seven variables, e.g. Temperature,
Humidity, Wind Speed, Precipitation, Lightning, Electricity Consumption index and
Electricity Network SizeTable5-1 presents a sample of data points for selected varidbles.

is assumed that power outages caused by weather conditions are affected by all these
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variables. Therefore, the main idea is to dewea model in order to connect the input data

space to the output data space based on the logical correlations extracted from the historical

data.
Table5-1. A Sample of Data

Consumpton Network WA Temperaure  Precpfaon i ghing
Index Size (km) (%)
0.87129 305600 9.0 3.60 0.00017 93 0
0.87129 305600 28.0 5.90 0.00036 97 0
073621 305600 37.0 11.70 0.00019 46 0
073621 305600 24.0 13.70 0.00035 o1 0
073621 31550 32.0 4.90 0.00000 64 0
078536 31550 13.0 14.80 0.00016 60 0
0.77608 305600 28.0 17.70 0.00107 61 1
0.77608 305600 20.0 14.70 0.00000 o1 0
0.77608 305600 220 11.90 0.00000 55 0
0.89751 305600 28.0 -0.60 0.00000 99 0
0.77608 305600 19.0 9.80 0.00000 35 0
0.77608 305600 17.0 16.90 0.00000 3 0
0.72256 305600 8.0 18.60 0.00264 92 1
0.72256 305600 37.0 14.80 0.00091 97 0
0.88604 31550 57.0 -3.00 0.00013 81 0
0.88604 31550 39.0 -16.60 0.00083 76 0
0.77608 305600 22.0 7.00 0.00013 44 0
0.77608 152000 17.0 14.30 0.00000 83 0
0.72256 152000 22.0 550 0.00010 66 0

The first step starts with dividing the datasets, i.e. dataset is randomly divided into two
sections of train data and test data. The first dataset which was collected in the dataset | (refer
to CHAPTER 4:DATA COLLECTION) is used in this step. 15% of the complete data is put
aside for validation of the model (called as test )dathile it is trained with the rest 85% of

the dataset (called as traintala 70 percent of train data is used to train the network and the

remaining 30 percent are used for testing, i.e. validatleigu(e 5-2). The Bayesia

101



Regularizationis selected as the training algorithm. The MATLAB code for this training
process is available IAPPENDIX II. After several trial and errors, a netwowith three
layers shows the best performance. The network consists of 7 neurons in the input layer and

15 neurons in the hidden lay&igure5-3 schematically depicts this structure.

Testing& Training
Data Deviation for Training in MATLAB in MATLAB

| | 1
| ) | b ) )
I 70% ¢ ﬂﬂ”lml

85%of the Complete Dataset Used for Training the Model in MATLAB 15%of the Complete Dataset that did not
Used in Training

Figure5-2. Dataset Distribution

Hidden Layer Qutput Layer

Figure5-3. Structure of the Membership ANN

BPNN model igrained and-igure5-4 shows the regression diagram of the traimedlel. In
regression, th&2 coefficient of determination is a statistical measure of how well the
regression line approximates the real data pointsR?of 1 indicates that the regression line
perfectly fits the datéGlantz, 1990) MATLAB results show that calculated? Ror training

process i®qual to 0.97022.
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Figure5-4. Plot Regression

Figure5-5 indicates the information related to the training task. According to the results, the

training stops at th®ISE of 1.58 e7.
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Figure5-5. Reported Information of the Training Procedure

5.3MODEL VALIDATION

Within model validation stepthe test data, whicvas 15 percent of the whole dats used
to validate the model. The test dataset consists of 92pdatts which were not involved in
the training procedureThese datgoints are fedda the model as the inpute produce

predictedoutputs. The actual and predicted outpate thenconpared with each other.
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Figure 5-6. Actual vs. Predicted Outputs BPNN Model with Dataset indicates the
comparison between the outputs. The horiabats shows number of the days and the
vertical axe indicates probability ¢he power outage (i.e. number 1 shows power outage
happened and 0 means no power outatg)le5-2. Mathematical Model ValidatiocrBPNN
Model with Dataset &lso shows the amount for RMSE, MSE arfdRhe test data, which
are used to validate the mod@k the RMSE and MAE are closer to zero, the model is more
accuratewhile as the Ris closer to 1theregression line approximates the real data points

better.
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Figure5-6. Actual vs. Predicted Outpit8PNN Model with Datasdt

Table5-2. Mathematical Model ValidaticrBPNN Model with Dataset |

RMSE MSE R?
0.062 0.0522 0.960
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5.4SENSITIVITY ANALYSIS

In sensitivity analysis, one model parameter is changed at a time while the remaining model
parameters are set to fixed valuds start, the difference between the minimum and
maximum values of all the variables are calculafgterwards, the difference is divided to

ten to be added to the minimum value of each variable in ten steps to reach the maximum

value of that variable. er factors take the average value of their range in historical data.

Each of those ten increments accompanied with the average values of other factors are fed to

the model to generate a corresponding set of outputs.

This cycle will be repeated for othéactors and the results are compared to identify the

variabl e

Table 5-3 indicates a sample dataset prepared for sensitivity analysis. Full sets of data is

available inAPPE

t hat [

NDIX 1.

S

comparatively i

Table5-3. A Sample of Data Preparation for Sensitivity Analysis

mportant

Electricity Electricity

Consumption Network | Wind | Temperature | Precipitation | Lightning Humidity
Index Size
0.72255598] 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.750300382] 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.778044784 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.80578918¢] 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.83353358¢ 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.86127799] 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.889022397] 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.916766794 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.94451119¢] 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.97225559¢ 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666

1| 231307.99| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666

0.827594901 31550] 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.827594901 58955] 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.827594901 86360| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
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0.827594901 113765| 36.483| 10.2185970 0.000132589 0.231647635 91.63784666
0.827594901] 141170] 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.827594901] 168575] 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.827594901 195980| 36.483| 10.2185970 0.000132589 0.231647635 91.63784666
0.827594901] 223385| 36.483| 10.21859706 0.000132589 0.231647635 91.637846664
0.827594901 250790| 36.483| 10.21859706 0.000132589 0.231647635 91.63784666
0.827594901] 278195| 36.483| 10.21859706 0.000132589 0.231647635 91.637846664
0.827594901 305600] 36.483| 10.21859706 0.000132589 0.231647635 91.63784666

Figure 5-6 shows the final diagram of sensitivity analydiscould be concluded that the

model is more sensitive to wind speed and less sensitive to humidity. Precipitation,
temperature and electrigitonsumption also have a significant effestthe model. Both the
minimum and maximum values of temperature can create a risky situation for the power
grids. Cold weather can cause ice rains and snowfalls and increase the public electricity

consumption,once the hot weather can increase the number of lightning and the public

electricity consumption.
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Figure5-7. Sensitivity Analysis: Power Outage Probability vs. Different Factors

To identify how wind speet important in probability of power outage and how it can affect

the results of the model, a new set of data is colle@athéet I}, i.e. the extreme value of

the wind speed is identified, and values of other weather factors are collected at the same
hour that wind reaches its maximum speed. The full dataset is providd®PENDIX I. To

identify which dataset providenore accurate results, a new BPNN model is lbgesl with

the new datasets. In addition, GRNN and PNN models are developed with both datasets

II. The best model and datasets are expected to be usaddorowed down case study in

Quebec.
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5.5TRAINING BPNN - DATASET I

A new BPNN model with the sameachitecture as the one explained in Sect®o8 is
developed with the new dataset (i.e. seven factors as the input variables and fifteen neurons
in the hidden layer. Also, the dataset distribution is the same as before). The Hataset
consistsof the extreme value for wind speaahich isthe most effectie factor in power

outage incidents, and other weather factors at the same time as the wind reaches its extreme
value. The actual and new predicted outputs are compared with each Bityere 5-8
indicates the comparison between the outplable 5-4 also shows the amount for RMSE,

MSE and Rof the test data, which are used/édidate the model.
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Figure5-8. Actual vs. Predicted Outpuit8PNN Model with Dataset Il

Table5-4. Mathematical Model ValidaticrBPNN Model with Dataset Il

RMSE MSE R?
0.0631 0.0558 0.9477
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RMSE, MSE, and Rare used toampae between results of the BPNN models, showing in
Table5-5. As it is illustrated, Rin the model developed with datasets doser to 1. Also,
both RMSEand MSE values in the first model is closer to 0, which means the model using

dataset$ provides more accurate results.

Table5-5. Comparison between BPNN Models Developgdwo Datasets

RMSE MSE R?
BPNN Model Dataset | 0.0620 0.0822 0.9604
BPNN Model- Dataset Il 0.0631 0.0658 09477

In the next step, GRNN and PNN models are developed with the same approach about the
datasets. The results for each model are compared with eachlpttier last stepthe best

type of model and datasets that can provide the most accurate results are chosen.

5.6TRAINING GRNN DATASET | &I

GRNN is a thredayer network with one hidden layer. GRNNs are known for their ability to
train quickly on sparse data séBpecht D. F., 1991Vnlike the BPNN, similar to PNN, the
design of the GRNN is straightforward and does not depend on training parameters, but a
smoothing factor is applied after the network has been trained (Demuth and Beale, 1998;
Sinha and Pandey, 2002). The distributidndatasets used for training the GRNN is the
same as BPNN (i.e. 85 % of the dataset are for training the model in the MATLAB, and 15 %
of the dataset is used for testing the model after training part is over). Also, the architecture
of the model is the saamas BPNN model (i.e. seven factors as inputs and fifteen neurons in
one hidden layer).

Figure5-9 andFigure5-10 indicate the comparison of the actual and predicted outputs of the
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both developed model$able5-6 also shows numerical comson. As it is indicated in the

tables the GRNN model using the dataset | provide a more accurate results
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Table5-6. Comparison between GRNN Models Developed by two Datasets

RMSE MSE R?
GRNN Model- Dataset | 0.0493 0.0431 0.9760
GRNN Model- Dataset 0.0605 0.0522 0.9528

5.7TRAINING PNN DATASET | & I

Design of the PNN model is similar to GRNN model. The distribution of datasets used for
training the model is the same as BPNN (i.e. 85 % of the dataset are for training the model in
the MATLAB, and 15 % of the dataset is used for testing the model adiemyg part is

over). Also the architecture for the model is the same as BPNN model (i.e. seven factors as
the inputs and fifteen neurons in one hidden layer). The MATLAB code written to run the
model is provided in the Appendix.

Figure5-11 and Figure 5-12 indicate the comparison of the actual and predicted outputs of
the both developed models. Table also shows numerical comparison. As it is shown in the

table 57, the PNN model using the dataset | provides a more accurate results.
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Table5-7. Comparison between PNN Models Developed by two Datasets

RMSE MSE R?
PNN Model- Dataset | 0.0443 0.0388 0.9810
PNN Model- Dataset | 0.0527 0.0449 0.965

5.8RESULTS AND COMPARISON

The development of th@roposedNN models was performed using MATLAB Neural
Network Toolbox (Demuth and Beale, 1998). In this section, comparison between the
presented models and their results are discussed. For comparison purposes, valties for R
RMSE and MSE are calculated using th&t @ataset, which was 15% of the whole data set,
randomly selected without any contribution in training procedure. The comparison is
conducted along two steps; first stage is to find the best dataset (i.e. dataset | or dataset Il
that provids more accurge results, and second stageto find the best performing NN
model. The results of the analysis are shomwirigure 5-13, Figure 5-14 and Figure 5-15

and. Dataset |, which consisisf the extreme values for all the weather factgeserates

more accurate results.
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Figure 513 to 515 indicatethatthe performance of PNN and GRNN models are better than

the BPNN model and are able to perform better model with more accurdts.Esere are

no training parameters such as learning rate and momentum as there are in BPNN, but there
is a smoothing factor that is used when GRNN or PNN are applied to new data. Unlike
BPNNs, which propagate training patterns through the network nraeg seeking a lower

mean square error between the network's output and the actual output or answer, GRNN and
PNN training patterns are propagated through the network only once.

Once the analysis shows that the PNN model using dataset | provide betles;, th&su

approach is expected to be used for furdrelysis, which igase stugin Quebec Province.

5.9CALCULATE THE MODEL RELIABILITY

To find out how reliable is the model and how it is expected to work with new weather

forecasting data, three ranges of thresholds are selected. Once the error of the predicted
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outputs are in the range of the thresholds, it is considered as a correat, atisgravise it is
considered as a wrong answer. To check the accuracy of the best performing model which
was chosen in the previous section (i.e. the PNN model trained with dataset I), three
thresholds of 0.02, 0.04 and 0.06 are chosen. For example finsthease, if the predicted
probability of the power outage is equal or more than 0.98 for a happened power outage case
or, equal or less than 0.02 for a not happened outage case, the guess will be considered as a
correct one. The ratio number calculafemm the number of correct predictions divided by

the total number of outputs reflects the accuracy of the model. Same practice is performed for
PNN model, which showed the lowest error of estimation. Below Tal@edbulates the

results out of this angdis. For instance, in reliability margin of 0.04 it could be interpreted
as: AAccepting a 4 percent risk of error in

in 52.17% of the caseso.

Table5-8. Cakulating the Model Reliability

Thresholds of Accepted Error in the Predicted Outputs compared to Accuracy of
Actual Outputs the Results of
the Model
N 0O HdD 1 DA QQ QLD XKD 6 80.43 %
IO 6o iIYRI D do
O OO HOD 1 OA QQ QLD EAEW 6 52.17 %
TIT i 0o iIY®RI D do
N OO HdDd R WA Q'Q"ALXDEXEWD O 23.91 %
TG O OMO YRS '® ao
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5.10 PNN MODEL FOR QUEBEC PROVINCE - DATASET |

The datasets and models developed in the previous section were all for the four eastern
Canadian provinces: Quebec, Ontario, New Brunswick, and Nova Scotia. There are some
atiributes specific for each different region, such as consumption culture and day light

duration which create some factors that were not included in the previous studies. For
example, a) the culture of consuming electrical energy might be different inusario

provinces, e.g., bigger cities like Toronto, ON or Montreal, QC have more night lives and

more electricity is consumed for restaurants and entertainments places. b) These provinces

have different latitudes that can make difference in daylight hourseXample, daytime
duration in Forestville, QC (48A44NjOnN) and V

each other irFigure5-16.
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Therefore, to find out if narrowing down the data and making them more uniform can cause
any constructive change in the results, this research will continue to develop a model
considering only the data for one province. Since the system disturbance stypovtthat
number of power outages in Quebec has a drammatic difference with other provinces (22
days out of 38 days), data for Quebec is used as inputs for the new model.

Same as previous models, the whole data set is divided into two parts: 85%niag teaid

15% for testing. The complete number of data for Quebec is 381 days, divided to 323 days
used as inputs for PNN model, and 58 days used for testing the developed Thadel.
MATLAB code applied to run the model is provided in tABPENDIX II. Figure 5-17
illustrate the comparison of the actual and predicted outputs for the developed Taddke|

5-9 summaizes the values forRRMSE and MAE
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Table5-9. Mathematical ValidationPNN Model for Quebec with Dataset |

RMSE MSE R?
PNN Model Dataset | 0.0413 0.0855 0.9%4

The performance of this model shows a slight difference in the accuracy of the model. As
the numbers in Table-8 show, the results for Quebec is more sound comparea results

of the PNN model for all four provinces. It can be concluded that, exclusive attributes of a
region may have some effects on the results, and it would be better to concentrate on one

specific area in each one step of modeling

5.11 CALCULATE THE SOCIAL COST - QUEBEC

In this section, an attempt is made to estimate the social cost of electric power failure in
Quebec.Once the likelihood of power failure is calculated, by identifying #verage
duration of power outage and the average cost for ptailere per time, an estimation for
social cost in different sector can be prepared.

As a result, wather varibales foone week inJanurary and June 2015 for Quebec are
cdlected from Environment Canad@able5-10). PNN model is then developed with the
new datasetotpredictthe likelihood of power failure occurance in each.dasobability of

the power outage in eaclveek of eachmonth can be obntained by adding all the
probabilities of each day of that month. According to Blackout Tracker Canada Annual

Report (2014) thaverageduration of outage in Quebec is 32 minutes.
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Table5-10. Weather Variables for One Week in January and June 2015 in Quebec
(Environment Canada, 2015)

Extreme Total Sped of Likelihood
Date Temperature | Precipitation | Max Gust | Humidity Lightning of Power
(°C) (mm) (km/h) Outage

201501-10 -27.3 0.2 50 97 1 6.32
201501-11 -30.1 0 41 91 0 0.84
201501-12 -19.4 1.6 39 85 0 0.03
201501-13 -25 0 43 88 0 0.9
201501-14 -28 0 35 82 0 0.19
201501-15 -21.4 0 31 87 0 0.21
201501-16 -19.4 2.8 59 90 0 0.75
201506-10 22 0.2 31 91 0 0.75
201506-11 17.4 1.8 31 89 0 0.81
201506-12 18.5 0.4 31 83 0 0.47
201506-13 23.2 0.2 43 83 0 2.96
201506-14 17.4 0 50 77 0 3.46
201506-15 211 0 46 78 0 1.65
201506-16 24.6 5.6 41 92 0 4.87

As it was explained in chapter the social cost involved irthe four sectors of residential,
commercial, industrial and agricultune the entire Canadwere collectedfrom customer
surveysin 1995 The numbers are then updated to the price of 2U0hE. research will
assume that electricity consumption price in ale t@anadian provinces are similar.
Furthermoreit is assumed that electric power outage has happened every day for the average
time of 32 minutesThus, that based on thdikelihood of power outageoccurrences in
January and Jun@ Quebec the social costof power outage is estimateddgble 5-11 and
Table5-12).

Table5-11. Estimated Social Cost for Four Sector in Quebec in January 2015

Total Likelihood | Number of the | Social Cost of Power | Total Social
of Power Outage days Outage ($/KWh per Cost
Occurrences in 32 minutes) ($'KWh)
One Week (%)

10.24 7 Residential | 0.06 | 4.30
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Agriculture 0.60 | 43.00
Commercial 7.00 | 501.76
Industrial 20.00 | 1,433.60

Table5-12. Estimated Social Cost for Four Sector in Quebeaine2015

Ve LIEene Social Cost of Power
of Power Outage | Number of the Total Social
. Outage ($/KWh per
Occurrences in days 32 minutes) Cost ($/KW)
One Week (%)
14.97 7 Residential 0.06 | 6.28

Agriculture 0.60 | 62.87
Commercial 7.00 | 733.53
Industrial 20.00| 2,095.80

As the Table 5-11 and Table 5-12 illustrate, electric power incidents are more likely to
happen in June 2015 than January, thus, the expected social cost in June is additional,
respectively. Moreover, Commercial and Indudtsectors would meet more social costs in

the case of electric power outage occurrenéassa final point,this procedure allow the

electrical companieto estimate the amount of lost money in the four seatoaslvance.

5.12 SUMMERY

In this chapter,methodologies described in Chapter 3 were examined with numerical
examples. Based on the datasets collected in Chapter 4, a Bfed&l was trained with

dataset [i.e. the extreme value for all the weather factors). Once the errors of the model are
acceptd, the test dataset, which were randomly s
were considered as inputs for the BPNN model. The comparison between the predicted and

actual outputs and mathematical validation indicate thaisRequal t00.96 which is

acceptable. To find out that which variable has the most effect on the model results,

sensitivity analysis wagerformed and the results showlat wind speed has the most effect
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of power outage incidents. Going back to Chapter 4: Data Collecktaset llis collected,
consisting the maximum value for wind speed and other weather factors value at the same
hour as the maximum wind speed happened. Another BPNN model were then developed
with the new dataseSimilarly, GRNN and PNN models were alsaihed with the two
datasets | and IIThe results showe.96 0.97 and 0.98 for BPNN, GRNN, and PNN
respectively in terms of Rwith dataset I, an@®.94 0.95and0.96 with dataset 1. With the
respect to previous arrangement, the result sh@@gp, 0.049and0.044in terms of RMSE

with dataset I, an®.062 0.06and0.052with dataset Il. Moreover, results for MSE shows
that thedataset for BPNN, GRNN, and PNN ar@.0522 0.043, and 0.@respectively for
dataset I, an0.055 0.(062, 0.044 for dasset Il. Results comparison shows that dataset | in all
models provided better resultst addition the trained PNN model reached more accurate

results than BPNN and GRNN.

In the next stage, the best model (e.g. PNN) and best datasetatagetl) were chosen to
develop a new model only for Quebec. The results of the PNN model for Quebec, provided
more accurate model; i.€.041 for RMSE, 0.035 for MSE and0.984 for R?. It can be
concluded that, once dataset get more specific for one region, model tcaméa in a better

way. In the next stage, social cost of electric power oufagene week indJanuary and June
2015 were estimated for Quebdan. the case of electric power outage for one week in
January 2015 he social cost would be $/KW877,249.55and for one week in June 2015 the

social cost would be $/KW#82,751.71
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CHAPTER 6: CONCLUSION AND RECOMMENDATION

6.1SUMMARY AND CONCLUSION

The present research proposes an intelligent model to enhance the probability of power
outage incidents triggered lweather circumstance$he current research is a response to
the shortcomings of electrical companies dealing with power outages, by training different
types of ANN models. The proposed framework modeid the effect of the weather
condition variablesand their relevant factoren theelectrical networkgo provide a model

which can help electrical companies in finding tileelihood of electric power outage
occurrencesdased on weather situations. addition, social cosbf power failure on four

sectorsare estimated; i.e. residential, commercial, industrial and agriculture.

First, a thorough literature review was conducted to scrutinize the shortcomings in the current
area of research. It was understood thigvious models usetb investigate the weaghn
disasters, which had caused blackouts beftwenot display a satisfactory accuracy for the
finding of the probability of power outagdNN models are able tdeal with uncertain data
better and also, are can find patterns and relahomeng the data$s and utilize it for new

set of dataln addition, seven variables werdentified that are correlated to the relationship

of weather conditions and power outage; e.g. temperature, wind speed, precipitation,

humidity, lightning, electrical consumptiandex and electrical network size.

Sincethis research is working with weather data, which are uncertain, a set of six ANN
models were trainedANN models were trained with two sets of data, to find the most

important variable effecting power outage incitde Models were accompanied with
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sensitivity analysis and in addition, mathematical analysis were developed for the purpose of

comparison with the best performing ANN madel

The methodology focurrent research encompassedmiin phases, (1) training BRNwith

dataset Phase [; (erforming sensitivity analysis; and (3) training BPNN with dataset
Phase lII; (4) training GRNN with dataset Phase | & Il; (5) training PNN with dataset Phase |
& II'; (6) estimating social cost of electric power outagensitivty analysis in the second
stage is responsible to find the most important variabighichthe model is more sensitive.
Once wind speed is recognized as the critical varidblsugh sensitivity analysisanother

BPNN model was developed with a new sétdata. GRNN and PNN models were also
trained with the two sets of data. For the purpose of comparison among the best performing
ANN models and datasets, mathematical analysis were develdped.the best performing
model and best dataset is identifiedse studies are developed to find both the likelihood of

power outage occurrences and its social cost in four sectors

Data about the time, location, size and cause of power outage during 1992 to 2009 in the
eastern provinces of Canada were collected tir@ystem disturbances reports provided by
NERC. For data collection, toward each day of power outage, the weather conditions for the
same day were collected for all the years between 1992 and Qi0@e.there were 38 days

of power outage caused by weath@cumstances in this area, information for 646 days were
gathered (38 days 17 years). Checking and removing missing data reduce the final number
of days to 614, and for each day, seven values of input variables were collected. Data
collection consist twgectionsdataset) extreme values for all the weather variabldstaset

II) extreme value for wind speed and other weather factors at the same time as the maximum

wind speed happene8ocial costs of electric power outages in four sectors of residential,
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commercial, industrial and agriculture in Canada were collected frororoestsurveys in
1995. The surveys show the cost of each KWh of electric power failure per minutes. The

costs were then updated to the present electric consumption price in 2015.

The proposed methodology was further verified through the training of ANN Isnodidn

data collected for eastern Canadian provinces: Quebec, Ontario, New Brunswick and Nova
Scotia.The data set, which included 614 data points, was partitioned into two sets of 512, i.e.
85% of the total, and 92, i.e. 15% of the total, data points tier training and
validation/testing, respectivelfhe model performance in terms of testing RMSE, MAE and
R2through testing data were comparBesuls comparison shows that datalsiet all models
provided better resultén addition the trained PNN ndel reached more accurate results than
BPNN and GRNN.Theaccuracy of th@NN is checked by considering ertaresholdsand
examining the predicted and actual outpdise results showed thatcepting a 4 percent

risk of error in estimation, the modaigvides reliable predictions in 52.17% of the cases

In the next stepthe best model (e.g. PNN) and best dataset (e.g. Phase I) were chosen to
develop a new model only for Quebec province. The results of the PNN model for Quebec,
provided more accurate model. It can be concluded that, once dataset get more specific for
oneregion, model can be trained in a better waynce the likelihood of power failure is
calculated, by identifying thaverage duration of power outage and the average cost for
power failure per time, an estimation for social cost in different sector cpreparedAs a

result, the social cost of electric power outage in one week in January and July 2015 in
Quebec were estimated. The results showed that, in the case of electric power outage for one
week in January 2015he social cost would be $/KWh 57,289 and for one week in June

2015 the social cost would be $/KWh 92,751iry Quebec
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The present research hekglectrical companies to more effectively predict likelihood of
electric power outage based on weather forecasting datghermore, theyra able to
estimate the social cost of electric power failure in advaités will provide useful
information for further actions in risk mitigation, and will aide professionalismghén

process of creating choicesimprove opportunities and to lesgbreats

6.2RESEARCH CONTRIBUTION S

The contributions of the present research are:

1) This research provide a model which is able riedjct the probability ofpower outage
based on the weath@recasting dataThe developed model by predicting and warning
about the possible power out age, i's abl e t«
provide enough power for emergency centers such as hospitals, or residential and
commercial building), andeduce the soal costof power outage by being prepared for

the power outage incident

2) The present research helpkctrical companies testimate the social cost of electric
power failure in different sectors; (i.e. residential, commercial, industrial and agriculture).
This will provide useful information for further actions in risk mitigation, and will aide

professionalisms imaking decisions tomprove opportunities and to lessen threats

3) The proposed model is specifically developed for eastern Canada, since therweat

condition especially in winter is more critical in Canada

4) The proposed model consider all the main weather factors (e.g. temperature, wind speed,

precipitation, humidity and lightning) in one model. It also identify the most critical and
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effective wather variable on the power grids

5) This research considsa both big blackouts and small power outages in big period of

time (eighteen years) to provide more reliable model that can be used by electric

companies to predict the daily power outage.

6.3RESEARCH LIMITATION

The developed framework has the following limitations:

1)

2)

3)

4)

Since there is no enough information about the duration of electric power otitage,
proposed model can only predict the likelihood of power failure occurrences and does not
predictthe duation of upcoming power outag€&urthermore the model is not able to
predict the hour of likely electric power outage occurrence

Data provided by system disturbances reports do not give information about the specific
location of power outage, armmhly condgders the location in provincial scalés a result

the ANN models are not localized in details

Since the model is constituted from several independent ANNs, more historical data
points to feed each network can provide a better sense about the wealtthi&ore in

years and provide more accurate results

The model is limited to averageaal cost of the power outages. To forecast the changes
of the social costs from 1995 to 2015, only the future value of the money is calculated.
However, in reality theechnology and manufacturing have significantly changed during

this period, and changes in electricity consumption pattern should be considered.
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6.4FUTURE WORKS

The present research can be further enhanced through the following steps:

1) Weather data can lm®llected in more detaifor a specific city which make the model to

be trained with more detailed factpasid could be useful in the following categories:

a)

b)

A future work can concentrate on finding the areathe citiesthatprovidemore
consequences case of power outagBor examplenonfunctionaltraffic light in
street main streets couthuse traffic jamwhich does notllow the emergency

vehicles pass ttheir duties.

Geographical and climate situation of a specific ciyld provide more detked
variables about the electric consumption pattertigt can be considered in
training the models. For example, the popular plaeeg. hospitals,stadium,
restaurantsand etc) consume morelectricpower and absorldsigher number of
people in that @a. As a result, in case of power outage, the social cost & the
kind of place would be higher, and the property of these places could be

categorized.

Based on the cultural, economic, climatic features of the city, electrical companies
are able to in@ase their ability in preventinpe power outage by knowing the

critical points of their territories, as well as the climatic information.

2) Local forecasted weather information could be used to predict the risk of the likely

electric power outages in locateas. These information can also be implemented using

the GIS maps to identify the risk assessment of that area. As a result, risk mitigation
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could be applied and forehand schedule be utilized to optimizes the consequences.

3) Inspection tools such as infel thermographic camera can be used to check the
electrical equipmentand determine thee critical pointsin case ofalnormal weather
condition. This information can beompoundedvith proposed model to provide a more
comprehensivaccurate forecastingystem.

4) The future work can consider the direct costs of electric power outage for electrical
companies based on the proposed model and compare the results with the social cost. As
a results. There will be a better estimation of lost cost and it is egpecpFopose more

accurate mitigation plan for budgets.
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DATASET |1 Train Data

APPENDIX |

. Consumption| Network Wind Temperature | Precipitation Relgtiye . . Actual
Provinces Date e Size (km) | (kmv/hr.) (Czlsius) (mﬁw/s) H”T/(')d'ty Lightning | o ot
Quebec 4Nov95 0.8713| 305600 31 17| 0.000049 100 0 0

4Nov96 0.8713| 305600 56 34| 0.000056 72 0 0
4Nov97 0.8713| 305600 31 46| 0000222 100 0 0
4Nov98 0.8713| 305600 31 18| 0000173 99 0 0
4Nov99 0.8713| 305600 54 21| 0000204 97 0 0
4Nov00 0.8713| 305600 31 14| 0000157 100 0 0
4Nov01 0.8713| 305600 31 36| 0000143 97 0 0
4Nov02 0.8713| 305600 31 83| 0.000000 92 0 0
4Nov03 0.8713| 305600 57 38| 0.000000 67 0 0
4Nov04 0.8713| 305600 48 43| 0.000000 85 0 0
4-Nov-06 0.8713| 305600 31 54| 0.000000 90 0 0
4-Nov08 0.8713| 305600 31 13| 0.000000 89 0 0
4-Nov-09 0.8713| 305600 44 39|  0.000000 88 0 0
Nova Scotia] 14-Nov04 0.8713 31800 48 01| 0000261 100 0 1
14Nov-92 0.8713 31800 43 07| 0.000094 97 0 0
14Nov-93 08713 31800 20 17|  0.000356 97 0 0
14Nov-94 08713 31800 31 14| 0.000000 o1 0 0
14-Nov-96 08713 31800 35 22| 0.000000 77 0 0
14Nov97 08713 31800 43 39| 0000262 100 0 0
14Nov-98 08713 31800 31 18|  0.000000 85 0 0
14-Nov-99 08713 31800 57 55|  0.000000 92 0 0
14Nov00 0.8713 31800 31 59|  0.000004 100 0 0
14Nov01 0.8713 31800 31 64| 0.000044 92 0 0
14Nov-02 0.8713 31800 44 22| 0000619 100 0 0
14Nov03 0.8713 31800 56 18|  0.000021 92 0 0
14Nov05 0.8713 31800 2 45| 0.000000 100 0 0
14Nov07 0.8713 31800 31 08|  0.000000 9% 0 0
14-Nov-08 08713 31800 48 07| 0000326 97 0 0
14-Nov-09 08713 31800 33 11|  0.000000 100 0 0
Quebec 6-Jun05 0.7362| 305600 33 17| 0.000120 87 0 1
6-Jun92 0.7362| 305600 37 22 [ 0.000100 95 1 0
6-Jun93 0.7362| 305600 2 21.5|  0.000000 99 0 0
6-Junoa 0.7362| 305600 48 27 0.000407 87 1 0
6-Jun95 0.7362| 305600 46 194] 0000315 93 1 0
6-Jun96 0.7362| 305600 43 239 0.000000 81 0 0
6-Jun97 0.7362| 305600 31 142]  0.000000 95 0 0
6-Jun98 0.7362| 305600 31 13.7]  0.000000 98 0 0
6-Junol 0.7362| 305600 31 134]  0.000067 100 0 0
6-Jun02 0.7362| 305600 35 64|  0.000000 94 0 0
6-Jun03 0.7362| 305600 48 17.9]  0.000230 95 1 0
6-Jun04 0.7362| 305600 41 25|  0.000000 79 0 0
6-Jun06 0.7362| 305600 31 20| 0.000000 89 0 0
6-Jun07 0.7362| 305600 31 248|  0.000000 98 0 0
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New 7-Jun92 0.7362 31550 31 24.3 0.000346 92 1 0
Brunswick
7-Jun94 0.7362 31550 48 16.7 0.000341 100 0 0
7-Jun95 0.7362 31550 37 18.5 0.000000 91 0 0
7-Jun96 0.7362 31550 43 24.8 0.000278 95 1 0
7-Jun97 0.7362 31550 35 16 0.000000 97 0 0
7-Jun98 0.7362 31550 44 14.6 0.000000 99 0 0
7-Jun99 0.7362 31550 44 28.2 0.000000 91 0 0
7-Jun00 0.7362 31550 57 7.4 0.000292 99 0 0
7-Jun01 0.7362 31550 31 19 0.000806 100 1 0
7-Jun03 0.7362 31550 31 23.6 0.000000 99 0 0
7-Jun04 0.7362 31550 31 14.9 0.000213 94 0 0
7-Jun06 0.7362 31550 39 23.3 0.000024 100 1 0
7-JunQ7 0.7362 31550 32 19.2 0.000083 92 1 0
7-Jun08 0.7362 31550 41 22.2 0.000000 91 0 0
7-Jun09 0.7362 31550 46 26.5 0.000000 100 0 0
Quebec 19-Jut05 0.7854 305600 31 335 0.000000 94 0 1
19-Jut92 0.7854 305600 31 22.8 0.000000 97 0 0
19-Jut93 0.7854 305600 33 19.2 0.000000 90 0 0
19-Jut94 0.7854 305600 31 23.4 0.000111 96 1 0
19-Jut96 0.7854 305600 46 16.3 0.001236 92 0 0
19-Jut97 0.7854 305600 39 19.3 0.000000 100 0 0
19-Jut98 0.7854 305600 50 26.3 0.000000 91 0 0
19-Jut99 0.7854 305600 52 25.8 0.001083 97 1 0
19-Jut00 0.7854 305600 39 24.2 0.000380 100 1 0
19-Jut0l 0.7854 305600 31 28.9 0.000000 92 0 0
19-Jut03 0.7854 305600 31 23.9 0.000593 97 1 0
19-Juto4 0.7854 305600 31 18.9 0.000078 97 1 0
19-Jul06 0.7854 305600 31 25.7 0.000000 95 0 0
19-Jut0o7 0.7854 305600 31 23.7 0.000157 96 1 0
Quebec 1-Aug93 0.7761 305600 31 25.4 0.000000 100 0 0
1-Aug94 0.7761 305600 32 29.1 0.000000 100 0 0
1-Aug95 0.7761 305600 31 315 0.001074 97 1 0
1-Aug96 0.7761 305600 31 235 0.000078 84 1 0
1-Aug97 0.7761 305600 56 27.1 0.000111 100 1 0
1-Aug98 0.7761 305600 31 23.6 0.000000 100 0 0
1-Aug00 0.7761 305600 31 28.7 0.000000 97 0 0
1-Aug01 0.7761 305600 31 28.4 0.000000 91 0 0
1-Aug03 0.7761 305600 31 27.8 0.000000 97 0 0
1-Aug04 0.7761 305600 80 29.5 0.001204 94 1 0
1-Aug06 0.7761 305600 33 22.6 0.000000 97 0 0
1-Aug07 0.7761 305600 31 23.5 0.000000 93 0 0
1-Aug08 0.7761 305600 39 18.8 0.000306 91 1 0
1-Aug09 0.7761 305600 31 27.1 0.000000 86 0 0
Quebec 9-Aug05 0.7761 305600 52 34.1 0.000000 96 0 1
9-Aug92 0.7761 305600 37 28.4 0.000000 99 0 0
9-Aug94 0.7761 305600 31 23.9 0.000000 97 0 0
9-Aug95 0.7761 305600 31 33.1 0.000000 95 0 0
9-Aug96 0.7761 305600 31 28 0.000067 81 1 0
9-Aug97 0.7761 305600 31 29.1 0.000000 100 0 0
9-Aug98 0.7761 305600 31 32.9 0.000000 100 0 0
9-Aug99 0.7761 305600 39 17.8 0.000155 98 1 0
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9-Aug00 0.7761 305600 31 18.7 0.000290 97 1 0
9-Aug02 0.7761 305600 32 22.2 0.000000 85 0 0
9-Aug03 0.7761 305600 31 19.3 0.000111 97 1 0
9-Aug04 0.7761 305600 31 19.8 0.001667 95 1 0
9-Aug06 0.7761 305600 31 23.7 0.000000 91 0 0
9-Aug07 0.7761 305600 52 21 0.000340 100 1 0
9-Aug09 0.7761 305600 31 25.1 0.000000 90 0 0
Ontario 3-Feb92 0.8975 152000 31 -13.6 0.000000 91 0 0
3-Feb94 0.8975 152000 50 -20 0.000062 91 0 0
3-Feb95 0.8975 152000 31 -19.6 0.000000 70 0 0
3-Feb96 0.8975 152000 31 -29.1 0.000000 62 0 0
3-Feb97 0.8975 152000 31 -11.2 0.000048 100 0 0
3-Feb98 0.8975 152000 31 -16.3 0.000014 83 0 0
3-Feb99 0.8975 152000 44 -35 0.000000 100 0 0
3-Feb01 0.8975 152000 37 -11.1 0.000144 100 0 0
3-Feb05 0.8975 152000 19 -6.6 0.000000 97 0 0
3-Feb06 0.8975 152000 31 -0.7 0.000069 99 0 0
3-Feb08 0.8975 152000 31 -8 0.000023 94 0 0
3-Feb09 0.8975 152000 33 -22.3 0.000011 78 0 0
Quebec 10-Aug92 0.7761 305600 31 25.6 0.000000 88 0 0
10-Aug93 0.7761 305600 31 24.9 0.001019 100 1 0
10-Aug94 0.7761 305600 31 22.6 0.000000 97 0 0
10-Aug95 0.7761 305600 31 28.7 0.000000 97 0 0
10-Aug96 0.7761 305600 31 26.6 0.000000 81 0 0
10-Aug97 0.7761 305600 31 21.2 0.000000 100 0 0
10-Aug98 0.7761 305600 31 33.4 0.000000 87 0 0
10-Aug99 0.7761 305600 41 19.9 0.000000 76 0 0
10-Aug00 0.7761 305600 31 16.7 0.000396 98 0 0
10-Aug02 0.7761 305600 32 23.3 0.000000 93 0 0
10-Aug05 0.7761 305600 31 25.9 0.000130 94 1 0
10-Aug07 0.7761 305600 31 26.7 0.000000 90 0 0
10-Aug08 0.7761 305600 31 19.3 0.000000 91 0 0
10-Aug09 0.7761 305600 31 19.6 0.000183 98 1 0
Quebec 26-Aug03 0.7761 305600 31 19.6 0.000000 91 0 0
26-Aug92 0.7761 305600 31 17 0.000500 94 0 0
26-Aug94 0.7761 305600 31 24.4 0.000000 95 0 0
26-Aug95 0.7761 305600 31 15.3 0.000000 91 0 0
26-Aug96 0.7761 305600 46 20.2 0.000000 68 0 0
26-Aug97 0.7761 305600 31 18.6 0.000389 100 1 0
26-Aug98 0.7761 305600 31 15.3 0.000142 100 0 0
26-Aug99 0.7761 305600 31 25.7 0.000000 95 0 0
26-Aug02 0.7761 305600 31 23.4 0.000155 96 1 0
26-Aug04 0.7761 305600 31 25.5 0.000000 99 0 0
26-Aug05 0.7761 305600 37 27.1 0.000000 90 0 0
26-Aug06 0.7761 305600 31 17.4 0.000000 98 0 0
26-Aug08 0.7761 305600 31 20.5 0.000000 77 0 0
26-Aug09 0.7761 305600 56 26.6 0.000000 81 0 0
New 28-Sep93 0.7226 31550 20 21.3 0.000583 95 1 0
Brunswick
28-Sep94 0.7226 31550 50 175 0.000364 100 1 0
28-Sep96 0.7226 31550 43 15.8 0.000000 89 0 0
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28-Sep97 0.7226 31550 41 16.2 0.000000 93 0 0
28-Sep98 0.7226 31550 31 21.3 0.000910 98 1 0
28-Sep99 0.7226 31550 31 20.9 0.000000 84 0 0
28-Sep05 0.7226 31550 19 5.7 0.000000 99 0 0
28-Sep07 0.7226 31550 39 24.8 0.000000 99 0 0
28-Sep08 0.7226 31550 91 20.9 0.001377 95 1 0
28-Sep09 0.7226 31550 70 19.5 0.000907 99 1 0
Quebec 26-Dec03 0.9583 305600 31 -2 0.000256 98 0 1
26-Dec93 0.9583 305600 44 -7.6 0.000171 94 0 0
26-Dec94 0.9583 305600 56 -6.1 0.000014 75 0 0
26-Dec95 0.9583 305600 31 0.7 0.000074 100 0 0
26-Dec96 0.9583 305600 37 -16.6 0.000000 76 0 0
26-Dec97 0.9583 305600 31 -0.7 0.000065 100 0 0
26-Dec98 0.9583 305600 31 -22.7 0.000000 77 0 0
26-Dec99 0.9583 305600 31 -11.7 0.000000 86 0 0
26-Dec00 0.9583 305600 41 -13.4 0.000038 91 0 0
26-Dec02 0.9583 305600 50 -7.1 0.000017 85 0 0
26-Dec05 0.9583 305600 41 -7.9 0.000271 93 0 0
26-Dec06 0.9583 305600 31 -6.4 0.000050 88 0 0
26-Dec07 0.9583 305600 35 -9.3 0.000000 86 0 0
26-Dec08 0.9583 305600 31 -22.8 0.000000 75 0 0
Ontario 9-Mar-02 0.8860 152000 89 -4.3 0.000125 93 0 1
9-Mar-92 0.8860 152000 52 -5.8 0.000074 100 0 0
9-Mar-94 0.8860 152000 35 -10.9 0.000000 75 0 0
9-Mar-95 0.8860 152000 31 -14.4 0.000000 85 0 0
9-Mar-96 0.8860 152000 31 -23.6 0.000000 69 0 0
9-Mar-97 0.8860 152000 41 -20.3 0.000000 69 0 0
9-Mar-99 0.8860 152000 39 -10.4 0.000000 50 0 0
9-Mar-01 0.8860 152000 31 -9.4 0.000028 85 0 0
9-Mar-06 0.8860 152000 37 -1.6 0.000098 100 0 0
9-Mar-07 0.8860 152000 35 -16 0.000000 63 0 0
9-Mar-08 0.8860 152000 52 -18.1 0.000056 73 0 0
9-Mar-09 0.8860 152000 39 9.4 0.000204 83 0 0
Quebec 2-Aug02 0.7761 305600 31 22.4 0.000250 97 1 1
2-Aug92 0.7761 305600 41 21.1 0.000074 95 1 0
2-Aug93 0.7761 305600 31 25.2 0.000000 100 0 0
2-Aug95 0.7761 305600 31 214 0.000130 97 1 0
2-Aug98 0.7761 305600 46 27.8 0.000102 97 1 0
2-Aug99 0.7761 305600 31 23.8 0.000000 96 0 0
2-Aug00 0.7761 305600 33 24.8 0.000178 95 1 0
2-Aug01 0.7761 305600 32 31 0.000000 84 0 0
2-Aug03 0.7761 305600 31 25.8 0.000000 96 0 0
2-Aug04 0.7761 305600 35 26.2 0.000000 94 0 0
2-Aug05 0.7761 305600 31 19 0.000000 97 0 0
2-Aug06 0.7761 305600 37 27.4 0.000000 86 0 0
2-Aug07 0.7761 305600 31 19.8 0.000486 96 1 0
2-Aug08 0.7761 305600 33 17.3 0.000083 90 1 0
Quebec 14-Aug92 0.7761 305600 31 20.1 0.000000 97 0 0
14-Aug93 0.7761 305600 31 21.3 0.000014 100 1 0
14-Aug94 0.7761 305600 50 23.9 0.000111 91 1 0
14-Aug95 0.7761 305600 31 19.9 0.000000 100 0 0
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14-Aug96 0.7761 305600 31 23.6 0.000000 80 0 0
14-Aug97 0.7761 305600 31 15.9 0.000049 100 0 0
14-Aug99 0.7761 305600 37 22.7 0.000382 98 1 0
14-Aug00 0.7761 305600 31 24.4 0.000000 99 0 0
14-Aug01 0.7761 305600 69 25 0.000000 99 0 0
14-Aug03 0.7761 305600 37 24.1 0.000000 79 0 0
14-Aug04 0.7761 305600 31 25.6 0.000167 93 1 0
14-Aug05 0.7761 305600 31 22.6 0.000000 84 0 0
14-Aug06 0.7761 305600 33 23.9 0.000056 87 1 0
14-Aug07 0.7761 305600 31 19.7 0.000000 95 0 0
14-Aug09 0.7761 305600 31 30.8 0.000056 94 1 0
Quebec 8-Sep02 0.7226 305600 33 7.7 0.000419 96 0 1
8-Sep92 0.7226 305600 31 21.5 0.000111 94 1 0
8-Sep93 0.7226 305600 31 20.9 0.000000 100 0 0
8-Sep94 0.7226 305600 31 20.3 0.000028 100 1 0
8-Sep95 0.7226 305600 37 22.7 0.000101 96 1 0
8-Sep96 0.7226 305600 31 214 0.000000 79 0 0
8-Sep97 0.7226 305600 31 20 0.000000 100 0 0
8-Sep98 0.7226 305600 31 15.8 0.000063 97 0 0
8-Sep00 0.7226 305600 44 7.7 0.000000 95 0 0
8-Sep01 0.7226 305600 31 12.2 0.000000 97 0 0
8-Sep03 0.7226 305600 33 6 0.000000 82 0 0
8-Sep05 0.7226 305600 31 25.6 0.000000 83 0 0
8-Sep06 0.7226 305600 33 25.6 0.000000 99 0 0
8-Sep08 0.7226 305600 31 19.7 0.000201 100 1 0
8-Sep09 0.7226 305600 31 20 0.000000 95 0 0
Ontario 9-Sep93 0.7226 152000 59 15.5 0.000421 97 0 0
9-Sep9%4 0.7226 152000 43 134 0.000333 97 0 0
9-Sep95 0.7226 152000 46 14 0.000278 85 0 0
9-Sep97 0.7226 152000 31 211 0.000000 92 0 0
9-Sep08 0.7226 152000 37 13.8 0.000000 93 0 0
9-Sep99 0.7226 152000 39 23.3 0.000000 93 0 0
9-Sep00 0.7226 152000 31 23.6 0.000000 90 0 0
9-Sep01 0.7226 152000 46 26.5 0.000222 100 1 0
9-Sep03 0.7226 152000 31 20.8 0.000000 84 0 0
9-Sep04 0.7226 152000 31 15 0.000028 94 0 0
9-Sep05 0.7226 152000 31 19 0.000000 86 0 0
9-Sep06 0.7226 152000 35 13.1 0.000000 99 0 0
9-Sep07 0.7226 152000 33 20.4 0.000019 91 1 0
9-Sep08 0.7226 152000 33 154 0.000381 98 0 0
9-Sep09 0.7226 152000 31 23.8 0.000000 84 0 0
Quebec 7-Now-02 0.8713 305600 52 -6.9 0.000042 90 0 1
7-Now92 0.8713 305600 30 -10.8 0.000006 87 0 0
7-Now95 0.8713 305600 50 -5.8 0.000611 96 0 0
7-Now96 0.8713 305600 41 -6.8 0.000144 73 0 0
7-Now97 0.8713 305600 31 -6.8 0.000000 100 0 0
7-Now98 0.8713 305600 31 -2.4 0.000000 90 0 0
7-Now99 0.8713 305600 31 -1.6 0.000000 89 0 0
7-Now00 0.8713 305600 31 4.8 0.000017 99 0 0
7-Now03 0.8713 305600 31 -6.6 0.000000 92 0 0
7-Now-04 0.8713 305600 31 -2.4 0.000048 95 0 0

144




7-Now05 0.8713 305600 54 2.6 0.000296 97 0 0
7-Now06 0.8713 305600 35 -8.6 0.000000 92 0 0
7-Now-07 0.8713 305600 56 -2.5 0.000575 95 0 0
7-Now-08 0.8713 305600 31 2 0.000130 97 0 0
Quebec 11-Jun92 0.7362 305600 31 18.4 0.000000 93 0 0
11-Jun93 0.7362 305600 31 16 0.000000 97 0 0
11-Jun94 0.7362 305600 54 29 0.000000 97 0 0
11-Jun95 0.7362 305600 31 13.9 0.000222 95 0 0
11-Jun96 0.7362 305600 41 27.2 0.000000 82 0 0
11-Jun97 0.7362 305600 37 19.7 0.000000 81 0 0
11-Jun98 0.7362 305600 31 27.2 0.000000 98 0 0
11-Jun99 0.7362 305600 31 27.1 0.000000 93 0 0
11-Jun02 0.7362 305600 31 15.6 0.001167 97 0 0
11-Jun03 0.7362 305600 35 21.1 0.000292 98 1 0
11-Jun04 0.7362 305600 52 14.8 0.000000 64 0 0
11-Jun05 0.7362 305600 31 21.8 0.000000 83 0 0
11-Jun06 0.7362 305600 31 15.2 0.000395 98 0 0
11-Jun07 0.7362 305600 31 245 0.000000 100 0 0
21-Juto1 0.7854 305600 31 335 0.000022 94 1 1
21-Jut92 0.7854 305600 37 24.2 0.000250 90 1 0
Quebec 21-Julo4 0.7854 305600 41 29.8 0.000630 95 1 0
21-Jul96 0.7854 305600 31 18.2 0.000423 85 1 0
21-Jul97 0.7854 305600 32 18.3 0.000028 84 1 0
21-Jul98 0.7854 305600 31 25.2 0.000000 97 0 0
21-Jul99 0.7854 305600 32 26.6 0.000000 81 0 0
21-Juloo 0.7854 305600 31 19.2 0.000167 94 1 0
21-Jut02 0.7854 305600 41 28.3 0.000000 89 0 0
21-Jut03 0.7854 305600 31 215 0.000071 97 1 0
21-Jut05 0.7854 305600 31 28.4 0.000000 89 0 0
21-Jut06 0.7854 305600 31 245 0.000056 96 1 0
21-Jut07 0.7854 305600 31 22.8 0.000074 93 1 0
21-Jut08 0.7854 305600 31 20.5 0.000306 91 1 0
21-Jut09 0.7854 305600 35 25.1 0.000000 96 0 0
Quebec 22-Julol 0.7854 305600 31 20 0.000028 97 1 1
22-Juk92 0.7854 305600 31 19.4 0.000000 96 0 0
22-Jul93 0.7854 305600 31 17.6 0.000333 100 1 0
22-Juk95 0.7854 305600 35 24.1 0.000000 100 0 0
22-Julo6 0.7854 305600 33 17.1 0.000000 82 0 0
22-Jub97 0.7854 305600 31 17.6 0.000000 89 0 0
22-Jut98 0.7854 305600 46 275 0.000689 100 1 0
22-Jul99 0.7854 305600 31 26.1 0.000167 99 1 0
22-Jut00 0.7854 305600 31 22.9 0.000296 98 1 0
22-Jut02 0.7854 305600 44 314 0.000056 89 1 0
22-Jut03 0.7854 305600 31 18.6 0.000194 95 1 0
22-Juto4 0.7854 305600 39 29.4 0.000000 96 0 0
22-Jut05 0.7854 305600 31 27.1 0.000278 96 1 0
22-Jut06 0.7854 305600 31 26.7 0.000000 97 0 0
22-Juto7 0.7854 305600 31 25.2 0.000000 93 0 0
22-Jut08 0.7854 305600 31 22.8 0.000100 91 1 0
22-Jut09 0.7854 305600 31 18.2 0.000154 98 1 0
Quebec 24-Jul01 0.7854 305600 41 30.4 0.000375 97 1 1
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24-Jut92 0.7854 305600 31 26.4 0.000000 100 0 0
24-Jul93 0.7854 305600 31 14.7 0.000063 94 0 0
24-Jul94 0.7854 305600 31 28.5 0.000896 100 1 0
24-Jul95 0.7854 305600 31 26 0.001117 100 1 0
24-Jul96 0.7854 305600 31 24.8 0.000000 83 0 0
24-Jul97 0.7854 305600 35 28.8 0.000000 100 0 0
24-Jul98 0.7854 305600 31 24.9 0.000046 97 1 0
24-Jul99 0.7854 305600 37 23.9 0.000000 98 0 0
24-Jut00 0.7854 305600 31 20.7 0.000000 100 0 0
24-Jut02 0.7854 305600 31 20.7 0.000000 93 0 0
24-3uto4 0.7854 305600 32 214 0.000587 92 1 0
24-Jul05 0.7854 305600 44 22.8 0.000000 72 0 0
24-Julo6 0.7854 305600 31 23.8 0.000000 97 0 0
24-Julo7 0.7854 305600 32 30.8 0.000000 96 0 0
24-Jut08 0.7854 305600 31 21.7 0.000000 90 0 0
24-Jut09 0.7854 305600 31 26.7 0.000000 98 0 0
Quebec 10-Julo0 0.7854 305600 37 21.8 0.000354 100 1 1
10-Jul92 0.7854 305600 31 15.4 0.000187 99 0 0
10-Jul93 0.7854 305600 31 218 0.000204 97 1 0
10-Juto4 0.7854 305600 31 26.4 0.000694 89 1 0
10-Jul95 0.7854 305600 31 247 0.000000 97 0 0
10-Jul96 0.7854 305600 31 231 0.000574 89 1 0
10-Jul98 0.7854 305600 31 16.2 0.000319 100 0 0
10-Jul99 0.7854 305600 31 19.1 0.000022 96 1 0
10-Julo1 0.7854 305600 31 20.9 0.000024 97 1 0
10-Julo2 0.7854 305600 35 20.7 0.000000 85 0 0
10-Jul03 0.7854 305600 48 245 0.000000 64 0 0
10-Jul05 0.7854 305600 31 23.8 0.000000 92 0 0
10-Julo6 0.7854 305600 31 19.1 0.000032 96 1 0
10-Jut07 0.7854 305600 31 16.8 0.000128 97 0 0
10-Jut08 0.7854 305600 31 24.7 0.000685 93 1 0
10-Jut09 0.7854 305600 31 26.9 0.000000 93 0 0
Ontario 13-Jut00 0.7854 152000 31 22.7 0.000472 78 1 1
13-Jut92 0.7854 152000 31 18.4 0.000000 100 0 0
13-Juto4 0.7854 152000 31 20.8 0.000000 88 0 0
13-Jul9s 0.7854 152000 31 30.4 0.000028 82 1 0
13-Jul96 0.7854 152000 33 251 0.000083 83 1 0
13-Jul97 0.7854 152000 44 28.2 0.000000 89 0 0
13-Jul98 0.7854 152000 44 28 0.000028 88 1 0
13-Jul99 0.7854 152000 33 25.8 0.000000 90 0 0
13-Julol 0.7854 152000 32 19.3 0.000000 96 0 0
13-Jut02 0.7854 152000 31 24.7 0.000000 88 0 0
13-Jut03 0.7854 152000 31 26.8 0.000000 91 0 0
13-Juto4 0.7854 152000 31 27 0.000000 95 0 0
13-Jut05 0.7854 152000 33 34 0.000000 91 0 0
13-Jut07 0.7854 152000 31 19.8 0.000444 98 1 0
13-Jut08 0.7854 152000 54 23 0.000000 97 0 0
13-Jul09 0.7854 152000 32 14.6 0.000042 91 0 0
Quebec 17-Jul00 0.7854 305600 31 17.1 0.000444 100 1 1
17-Jul92 0.7854 305600 32 20.3 0.000000 89 0 0
17-Jul93 0.7854 305600 37 11.8 0.000116 95 0 0
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17-Jub94 0.7854 305600 31 20.8 0.000000 99 0 0
17-Juk95 0.7854 305600 31 185 0.000000 97 0 0
17-Juk97 0.7854 305600 41 24.6 0.000528 100 1 0
17-Juk98 0.7854 305600 32 24.2 0.000630 100 1 0
17-Jutol 0.7854 305600 31 22.2 0.000000 100 0 0
17-Juk02 0.7854 305600 33 26.5 0.000000 100 0 0
17-Juk03 0.7854 305600 31 27.1 0.000000 94 0 0
17-Juto4 0.7854 305600 33 24.1 0.000000 95 0 0
17-Juk05 0.7854 305600 31 27.8 0.000000 95 0 0
17-Juk06 0.7854 305600 31 25.5 0.000306 100 1 0
17-Juk09 0.7854 305600 31 194 0.000167 100 1 0
Ontario 22-Aug00 0.7761 152000 31 19.6 0.000167 92 1 1
22-Aug92 0.7761 152000 31 24.4 0.000000 91 0 0
22-Aug93 0.7761 152000 31 24 0.000000 99 0 0
22-Aug94 0.7761 152000 31 194 0.000000 93 0 0
22-Aug95 0.7761 152000 31 19.2 0.000000 77 0 0
22-Aug97 0.7761 152000 37 145 0.000136 97 0 0
22-Aug98 0.7761 152000 31 23.5 0.000000 98 0 0
22-Aug99 0.7761 152000 31 25.5 0.000000 87 0 0
22-Aug02 0.7761 152000 31 21.8 0.000444 97 1 0
22-Aug03 0.7761 152000 51 195 0.000000 75 0 0
22-Aug04 0.7761 152000 50 195 0.001417 96 1 0
22-Aug05 0.7761 152000 31 16.7 0.000444 100 0 0
22-Aug06 0.7761 152000 31 20.6 0.000167 100 1 0
22-Aug07 0.7761 152000 31 19.8 0.000000 91 0 0
22-Aug08 0.7761 152000 31 29.3 0.000000 80 0 0
22-Aug09 0.7761 152000 37 20.2 0.000000 97 0 0
New 20-Dec00 0.9583 31550 98 -7.1 0.000335 100 0 1
Brunswick
20-Dec97 0.9583 31550 37 -14.4 0.000000 91 0 0
20-Dec98 0.9583 31550 52 -14.4 0.000011 96 0 0
20-Dec01 0.9583 31550 31 -7.4 0.000000 89 0 0
20-Dec02 0.9583 31550 48 -2 0.000093 96 0 0
20-Dec03 0.9583 31550 31 -12.2 0.000000 87 0 0
20-Dec04 0.9583 31550 31 -2 0.000049 100 0 0
20-Dec05 0.9583 31550 35 -10 0.000028 92 0 0
20-Dec06 0.9583 31550 31 -11.1 0.000000 77 0 0
20-Dec07 0.9583 31550 44 -12.9 0.000000 97 0 0
20-Dec08 0.9583 31550 33 -20.7 0.000012 79 0 0
20-Dec09 0.9583 31550 52 9.3 0.000076 94 0 0
Ontario 11-Janr99 1.0000 152000 32 -29.5 0.000100 75 0 1
11-Jan92 1.0000 152000 31 -22.6 0.000000 91 0 0
11-Jan93 1.0000 152000 31 -20.4 0.000000 64 0 0
11-Jan9%4 1.0000 152000 50 -17.8 0.000037 95 0 0
11-Jan95 1.0000 152000 37 -23.1 0.000079 76 0 0
11-Jan96 1.0000 152000 31 -21.2 0.000000 77 0 0
11-Jan97 1.0000 152000 31 -22.3 0.000016 97 0 0
11-Jan98 1.0000 152000 35 -18.1 0.000056 90 0 0
11-Jan01 1.0000 152000 31 -13.7 0.000000 91 0 0
11-Jan02 1.0000 152000 31 -3.8 0.000037 94 0 0
11-Janr03 1.0000 152000 33 -20 0.000012 73 0 0
11-Janr05 1.0000 152000 31 -21.5 0.000000 85 0 0
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11-Jan06 1.0000 152000 31 -6.7 0.000222 100 0 0
11-Jan07 1.0000 152000 31 -13.6 0.000035 90 0 0
Ontario 4-Mar-92 0.8860 152000 31 -9.8 0.000000 92 0 0
4-Mar-93 0.8860 152000 46 -11.2 0.000000 72 0 0
4-Mar-94 0.8860 152000 37 4.2 0.000000 85 0 0
4-Mar-95 0.8860 152000 31 -10 0.000006 85 0 0
4-Mar-96 0.8860 152000 56 -20.2 0.000167 72 0 0
4-Mar-97 0.8860 152000 31 -9.2 0.000006 97 0 0
4-Mar-98 0.8860 152000 31 -12.1 0.000000 92 0 0
4-Mar-01 0.8860 152000 46 -10.8 0.000028 75 0 0
4-Mar-02 0.8860 152000 37 -24.6 0.000000 65 0 0
4-Mar-03 0.8860 152000 44 -20.9 0.000094 83 0 0
4-Mar-04 0.8860 152000 31 -2 0.000047 100 0 0
4-Mar-05 0.8860 152000 31 -13 0.000000 83 0 0
4-Mar-06 0.8860 152000 52 -12.5 0.000000 81 0 0
4-Mar-07 0.8860 152000 32 -13.2 0.000040 82 0 0
Quebec 6-Jan98 1.0000 305600 31 -20 0.000028 80 0 1
6-Jan92 1.0000 305600 31 -1.2 0.000395 100 0 0
6-Jan93 1.0000 305600 31 -19.8 0.000000 91 0 0
6-Jan94 1.0000 305600 65 -18.5 0.000000 80 0 0
6-Jan95 1.0000 305600 41 -24.6 0.000000 71 0 0
6-Jan96 1.0000 305600 31 -24.1 0.000000 89 0 0
6-Jan97 1.0000 305600 31 -12.3 0.000014 84 0 0
6-Jan99 1.0000 305600 52 -20 0.000118 93 0 0
6-Jar00 1.0000 305600 31 -10.1 0.000000 88 0 0
6-Jan01 1.0000 305600 33 -6.5 0.000169 97 0 0
6-Jan02 1.0000 305600 31 -18.2 0.000028 91 0 0
6-Jan03 1.0000 305600 31 -17.6 0.000000 91 0 0
6-Jan04 1.0000 305600 31 -11 0.000056 87 0 0
6-Jan05 1.0000 305600 31 -23.5 0.000000 71 0 0
6-Jan06 1.0000 305600 31 -11.5 0.000035 100 0 0
6-Jan07 1.0000 305600 31 -1 0.000134 97 0 0
6-Jan08 1.0000 305600 39 -10.5 0.000083 92 0 0
6-Jan09 1.0000 305600 59 -14.3 0.000000 61 0 0
Ontario 8-Jan92 1.0000 152000 32 -22.1 0.000000 80 0 0
8-Jan93 1.0000 152000 31 -20.4 0.000000 66 0 0
8-Jan94 1.0000 152000 33 -26 0.000000 69 0 0
8-Jan95 1.0000 152000 50 -20.8 0.000060 100 0 0
8-Jan96 1.0000 152000 31 -22.6 0.000056 85 0 0
8-Jan97 1.0000 152000 31 -20.2 0.000000 95 0 0
8-Jan99 1.0000 152000 31 -18.6 0.000028 90 0 0
8-Jan02 1.0000 152000 33 -9.4 0.000056 93 0 0
8-Jan03 1.0000 152000 37 -9.5 0.000092 95 0 0
8-Jan04 1.0000 152000 31 -29.2 0.000022 70 0 0
8-Jan05 1.0000 152000 31 -6.9 0.000003 95 0 0
8-Jan06 1.0000 152000 31 -10.2 0.000019 95 0 0
8-Jan07 1.0000 152000 41 -4 0.000156 91 0 0
8-Jan08 1.0000 152000 31 6 0.000368 100 0 0
8-Jan09 1.0000 152000 33 -19.7 0.000006 85 0 0
Ontario 25-Jun98 0.7362 152000 37 26.7 0.000903 99 1 0
25-Jun92 0.7362 152000 31 22.6 0.000000 93 0 0
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25 Jun94 0.7362 152000 54 185 0.000433 95 1 0
25-Jun95 0.7362 152000 31 27.9 0.000033 82 1 0
25-Jun96 0.7362 152000 44 20.4 0.000278 100 1 0
25-Jun97 0.7362 152000 56 25.7 0.000667 95 1 0
25-Jun99 0.7362 152000 37 27.8 0.000000 100 0 0
25-Jun02 0.7362 152000 31 27.7 0.000500 90 1 0
25-Jun03 0.7362 152000 31 31.7 0.000000 75 0 0
25-Jun04 0.7362 152000 39 17.7 0.000000 92 0 0
25-Jun05 0.7362 152000 31 26.9 0.000000 96 0 0
25-Junr06 0.7362 152000 31 25.7 0.000000 81 0 0
25-Jun07 0.7362 152000 39 27.5 0.001556 91 1 0
25-Jun08 0.7362 152000 46 24.7 0.000000 96 0 0
Quebec 4-Dec97 0.9583 305600 37 0.9 0.000167 98 0 1
4-Dec92 0.9583 305600 46 -2.6 0.000038 89 0 0
4-Dec93 0.9583 305600 31 -4.2 0.000000 100 0 0
4-Dec95 0.9583 305600 31 -14.1 0.000048 100 0 0
4-Dec96 0.9583 305600 31 2.2 0.000000 97 0 0
4-Dec98 0.9583 305600 41 -9 0.000125 96 0 0
4-Dec99 0.9583 305600 31 -9 0.000000 97 0 0
4-Dec00 0.9583 305600 31 -16.1 0.000000 99 0 0
4-Dec01 0.9583 305600 32 -10 0.000000 97 0 0
4-Dec02 0.9583 305600 50 -17.1 0.000000 81 0 0
4-Dec03 0.9583 305600 39 -6.8 0.000059 90 0 0
4-Dec04 0.9583 305600 61 -12.1 0.000458 99 0 0
4-Dec05 0.9583 305600 50 15 0.000538 97 0 0
4-Dec06 0.9583 305600 32 -4.3 0.000225 91 0 0
4-Dec07 0.9583 305600 50 -7.1 0.000000 77 0 0
Quebec 7-Dec97 0.9583 305600 31 -1.3 0.000130 100 0 1
7-Dec93 0.9583 305600 31 -11.7 0.000038 94 0 0
7-Dec95 0.9583 305600 32 -19.7 0.000000 91 0 0
7-Dec96 0.9583 305600 31 -1.7 0.000003 93 0 0
7-Dec98 0.9583 305600 70 -34 0.000235 100 0 0
7-Dec99 0.9583 305600 31 -1.1 0.000141 95 0 0
7-Dec00 0.9583 305600 31 -15.1 0.000000 86 0 0
7-Dec02 0.9583 305600 41 -20.4 0.000000 82 0 0
7-Dec03 0.9583 305600 50 -5 0.000006 81 0 0
7-Dec04 0.9583 305600 31 -16.4 0.000000 76 0 0
7-Dec05 0.9583 305600 37 -10.1 0.000000 70 0 0
7-Dec06 0.9583 305600 31 -35 0.000000 94 0 0
7-Dec07 0.9583 305600 31 -20.4 0.000074 89 0 0
7-Dec08 0.9583 305600 31 -7.2 0.000042 94 0 0
New 23-Jut94 0.7854 31550 41 30.3 0.000000 97 0 0
Brunswick
23-Jul9s 0.7854 31550 37 25.5 0.000000 93 0 0
23-Jul9o7 0.7854 31550 31 22.4 0.000000 85 0 0
23-Jut98 0.7854 31550 31 27.3 0.000037 95 1 0
23-Jub99 0.7854 31550 46 25.7 0.000000 95 0 0
23-Jut00 0.7854 31550 37 22.8 0.000000 92 0 0
23-Jul01 0.7854 31550 44 31.6 0.000000 97 0 0
23-Jut02 0.7854 31550 54 31.7 0.000861 94 1 0
23-Jut03 0.7854 31550 31 24.4 0.000620 100 1 0
23-Juto4 0.7854 31550 50 28.4 0.000000 95 0 0
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23-Julos 0.7854 31550 56 22.2 0.001833 95 1 0
23-Julo6 0.7854 31550 33 21.2 0.000177 97 1 0
23-Juto7 0.7854 31550 31 26.3 0.000000 85 0 0
23-Jut08 0.7854 31550 31 23.4 0.000028 96 1 0
Quebec 2-Now92 0.8713 305600 31 -7.8 0.000000 85 0 0
2-Now94 0.8713 305600 32 5.3 0.000386 100 0 0
2-Now95 0.8713 305600 31 -7.9 0.000167 99 0 0
2-Now96 0.8713 305600 31 -7.3 0.000000 74 0 0
2-Now97 0.8713 305600 37 25 0.000496 100 0 0
2-Now98 0.8713 305600 31 4.4 0.000194 100 0 0
2-Now99 0.8713 305600 56 14.8 0.000000 90 0 0
2-Now00 0.8713 305600 31 0.9 0.000000 89 0 0
2-Now01 0.8713 305600 31 6.2 0.000000 91 0 0
2-Now02 0.8713 305600 41 -4.6 0.000211 94 0 0
2-Now03 0.8713 305600 37 -4 0.000000 82 0 0
2-Now04 0.8713 305600 31 -0.6 0.000278 94 0 0
2-Now05 0.8713 305600 50 11.3 0.000000 94 0 0
2-Now-06 0.8713 305600 31 -4 0.000000 96 0 0
2-Now-07 0.8713 305600 46 -6.1 0.000000 87 0 0
2-Now-08 0.8713 305600 41 -4.2 0.000019 86 0 0
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DATASET | T Test Data

Network Relative ER CRN FH
Date Consumption Size Wind Temperature | Precipitation Humidity | Lightnin Actual Model Model Model
Index (km) (km/hr.) (Celsius) (mm/s) %) 9 9 Output | Predicted | Predicted | Predicted
. QOutputs Outputs QOutputs
4-Now07 0.8712907| 305600 61 -0.5 0.001366 97 0 1 0.992 0.929 0.964
4-Now94 0.8712907| 305600 31 -2.2 0.000000 94 0 0 0.081 0 0.049
6-Jun08 0.7362097| 305600 32 20.5 0.000000 87 0 0 0.1 0.035 0.052
6-Jun09 0.7362097| 305600 35 23.9 0.000296 91 1 0 0.055 0.057 0.002
7-Jun05 0.7362097 31550 50 24 0.000597 94 1 1 0.927 0.923 0.979
7-Jun02 0.7362097 31550 31 135 0.000000 80 0 0 0.053 0.086 0.022
19-Jut02 0.7853632| 305600 31 19.8 0.000000 94 0 0 0.06 0.086 0.061
19-Jut09 0.7853632| 305600 31 24.1 0.000148 100 1 0 0.096 0.067 0.06
1-Aug05 0.7760786| 305600 31 19.6 0.000100 95 1 1 0.941 0.971 0.994
9-Aug01 0.7760786| 305600 31 29.9 0.000537 96 1 0 0.068 0.042 0.036
9-Aug08 0.7760786| 305600 31 20.1 0.000000 90 0 0 0.051 0.032 0.033
3-Feb02 0.8975059| 305600 31 -16.2 0.000000 82 0 0 0.075 0.083 0.038
10-Aug 0.7760786| 305600 31 21.1 0.000151 97 1 1 0.935 0.961 0.987
03
26-Aug 0.7760786| 305600 46 27.1 0.000122 99 1 0 0.067 0.08 0.007
01
28-Sep 0.7225560 31550 143 19.3 0.002639 96 1 1 0.941 0.951 0.997
03
28-Sep 0.7225560 31550 39 23.2 0.000194 97 1 0 0.005 0.027 0.022
92
26-Dec 0.9583106| 305600 31 -5 0.000000 95 0 0 0.012 0 0.04
01
9-Mar- 0.8860368| 152000 48 -16.2 0.000833 98 0 0 0.035 0.003 0.073
98
9-Mar- 0.8860368| 152000 31 -10.3 0.000000 77 0 0 0.068 0.058 0.072
04
2-Aug94 0.7760786| 305600 31 20.9 0.000083 92 1 0 0.086 0.073 0.032
2-Aug09 0.7760786| 305600 31 26.8 0.000000 91 0 0 0.015 0.021 0.024
14-Aug 0.7760786| 305600 31 28.5 0.000000 97 0 1 0.968 0.924 0.997
02
14-Aug 0.7760786| 305600 31 19.6 0.000000 89 0 0 0.016 0.088 0.004
08
8-Sep07 0.7225560| 305600 33 30.4 0.000000 96 0 0 0.095 0.029 0.023
9-Sep02 0.7225560| 305600 31 30.3 0.000000 90 0 1 0.923 0.989 0.999
9-Sep92 0.7225560| 305600 31 16.3 0.000000 87 0 0 0.077 0.077 0.023
7-Now93 0.8712907| 305600 32 -6.7 0.000000 90 0 0 0.075 0.078 0.018
7-Now94 0.8712907| 305600 83 18 0.000107 100 0 0 0.04 0 0.039
7-Now-09 0.8712907| 305600 31 -5.8 0.000167 76 0 0 0.046 0.044 0.005
11-Jun 0.7362097| 305600 31 23.2 0.000000 90 0 1 0.912 0.916 0.971
01
11-Jun 0.7362097| 305600 31 15.1 0.000000 85 0 0 0.016 0.044 0.017
00
22-Jul94 0.7853632| 305600 31 28.1 0.000194 96 1 0 0.076 0.055 0.013
20-Dec 0.9583106 31550 37 -13.3 0.000000 88 0 0 0.032 0.051 0.054
94
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20-Dec 0.9583106 31550 67 -12.6 0.000330 100 0 0 0.073 0.004 0.003
95
11-Jan 1.0000000| 152000 61 -7.4 0.000075 95 0 0 0.079 0.085 0.006
08
11-dan 1.0000000| 152000 31 -19.7 0.000019 92 0 0 0.07 0.07 0.005
09
4-Mar- 0.8860368| 152000 67 -16 0.000000 80 0 1 0.97 0.974 0.997
99
4-Mar- 0.8860368| 152000 37 -13.1 0.000014 91 0 0 0.053 0.008 0.035
08
8-Jan98 1.0000000| 152000 65 -9.5 0.000048 87 0 1 0.91 0.923 0.962
25-Jun 0.7362097| 152000 37 26.4 0.000889 97 1 0 0.096 0.085 0
00
25-Jun 0.7362097| 152000 31 27.5 0.000000 93 0 0 0.061 0.062 0.044
01
4-Dec94 0.9583106| 305600 59 -6.3 0.000059 97 0 0 0.063 0.069 0.064
4-Dec08 0.9583106| 305600 48 -1.4 0.000000 91 0 0 0.104 0.039 0.056
4-Dec09 0.9583106| 305600 57 -7.3 0.000000 75 0 0 0.032 0.012 0.057
23-Jul92 0.7853632 31550 31 225 0.000000 92 0 0 0.1 0.08 0.026
23-Jut09 0.7853632 31550 31 21.3 0.000044 94 1 0 0.035 0.074 0.064
2-Now93 0.8712907| 305600 46 -6.5 0.000239 98 0 1 0.939 0.965 0.98
2-Now-09 0.8712907| 305600 31 -4.3 0.000000 86 0 0 0.097 0.006 0.06
7-Dec09 0.9583106| 305600 33 -9.8 0.000000 80 0 0 0.097 0.017 0.034
2-Aug96 0.7760786| 305600 31 20.6 0.000000 82 0 0 0.018 0.023 0.049
9-Mar- 0.8860368| 152000 39 -19.9 0.000000 75 0 0 0.105 0.044 0.015
05
28-Sep 0.7225560 31550 33 10 0.000361 100 0 0 0.037 0.081 0.023
04
26-Aug 0.7760786| 305600 31 21.9 0.000651 96 1 0 0.015 0.088 0.038
07
3-Feb04 0.8975059| 152000 15 -10.7 0.000000 96 0 0 0.023 0.06 0.073
3-Feb03 0.8975059| 152000 52 -14.4 0.000111 85 0 1 0.973 0.923 0.989
19-Jut08 0.7853632| 305600 31 251 0.000000 92 0 0 0.004 0.022 0.009
1-Aug92 0.7760786| 305600 48 12.8 0.000579 99 0 0 0.061 0.046 0.022
6-Jun99 0.7362097| 305600 48 24.1 0.000194 94 1 0 0.084 0.06 0.035
14-Now 0.8712907 31800 46 8.7 0.000432 100 0 0 0.027 0.054 0.061
06
4-Now05 0.8712907| 305600 41 -3.1 0.000000 79 0 0 0.104 0.089 0.037
6-Jurr00 0.7362097| 305600 44 18.6 0.000000 96 0 0 0.044 0.061 0.004
19-Jul95 0.7853632| 305600 31 24.6 0.000144 100 1 0 0.064 0.014 0.072
1-Aug02 0.7760786| 305600 31 20.8 0.000000 95 0 0 0.07 0.005 0.02
3-Feb07 0.8975059| 152000 31 -20.1 0.000021 85 0 0 0.028 0.035 0.011
10-Aug 0.7760786| 305600 31 21 0.000056 94 1 0 0.095 0.064 0.035
06
28-Sep 0.7225560 31550 32 51 0.000037 93 0 0 0.104 0.003 0.051
00
28-Sep 0.7225560 31550 31 6.5 0.000000 92 0 0 0.047 0.004 0.025
01
26-Dec 0.9583106| 305600 31 -21.9 0.000111 71 0 0 0.052 0.075 0.039
04
26-Dec 0.9583106| 305600 31 -12 0.000000 90 0 0 0.059 0 0.018
09
23-Jul93 0.7853632 31550 31 19.2 0.000056 100 1 1 0.974 0.92 0.998
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11Jun | 0.7362097] 305600 31 235 0.000472 92 1 0 0.01 0.015 0.031
08
9-Mar- |  0.8860368| 152000 41 236 0.000024 81 0 0 0.078 0.055 0.04
03
2-Aug97 |  0.7760786| 305600 31 215 0.000398 100 1 0 0.017 0.017 0.072
14Aug | 0.7760786| 305600 31 235 0.000000 100 0 0.099 0.037 0.025
98
8-Sep04 |  0.7225560| 305600 31 71 0.000167 90 0 0 0.095 0.058 0.063
9-Sep96 |  0.7225560| 152000 31 17.4 0.000071 100 1 0 0.052 0.017 0.014
7-Nov01 |  0.8712907| 305600 82 13 0.000068 93 0 0 0.097 0.014 0.066
11Jun | 0.7362097| 305600 31 12 0.000025 95 0 0 0.043 0.049 0.07
09
21-Jul95 | 0.7853632| 305600 31 22.6 0.000083 100 0.025 0.007 0.008
10-Jut04 | 0.7853632| 305600 31 15.1 0.000014 91 0 0 0.023 0.015 0.073
22-Aug | 0.7760786] 152000 31 22.2 0.000576 100 1 0 0.071 0.034 0.062
96
17-Jut08 | 0.7853632| 305600 32 26.8 0.000133 91 1 0 0.084 0.061 0.002
22-Aug |  0.7760786] 152000 a1 26.3 0.001167 08 0.032 0.085 0.022
01
24-Jul03 | 0.7853632| 305600 31 22.2 0.000175 97 1 0 0.041 0.047 0.038
10Jul97 | 0.7853632| 305600 31 17.3 0.000000 100 0 0 0.087 0.084 0.022
13Jut06 |  0.7853632| 152000 31 28.7 0.000000 97 0 0 0.082 0.023 0.038
20Dec | 0.9583106| 31550 31 115 0.000000 86 0 0 0.034 0.036 0.049
99
4Mar- | 0.8860368| 152000 31 171 0.000000 80 0 0 0.013 0.021 0.041
09
11-Jan |  1.0000000| 152000 31 16.2 0.000094 08 0 0 0.003 0.026 0.073
04
8-Jan01 |  1.0000000| 152000 31 20.4 0.000011 74 0 0 0.04 0.044 0.028
2-Now91 |  0.8712907| 305600 31 3.6 0.000293 100 0 0 0.038 0.066 0.072
17-Jut99 |  0.7853632| 305600 39 33.7 0.000000 85 0 0 0.021 0.089 0.029
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DATASET Il i Train Data

Relative

Provinces Date Consumption N.etwork Wind Temper.ature Precipitation Humidity | Lightning Actual
Index Size (km) (km/hr.) (Celsius) (mml/s) %) Output

Quebec 4-Now94 0.8712907 305600 17 -0.900000 0 86 0 0
4-Now95 0.8712907 305600 19 -4.800000 4.861E05 71 0 0

4-Now-96 0.8712907 305600 37 -6.600000 5.556E05 57 0 0

4-Now97 0.8712907 305600 28 3.700000 0.0002222 61 0 0

4-Now99 0.8712907 305600 37 12.500000 0.0002037 92 0 0

4-Now00 0.8712907 305600 7 3.800000 0.0001574 99 0 0

4-Now-01 0.8712907 305600 17 4.500000 0.0001429 81 0 0

4-Now-02 0.8712907 305600 17 -7.400000 0 83 0 0

4-Now-03 0.8712907 305600 35 -13.400000 0 41 0 0

4-Now-04 0.8712907 305600 28 -5.400000 0 61 0 0

4-Now-05 0.8712907 305600 28 -8.600000 0 56 0 0

4-Now-06 0.8712907 305600 19 -6.700000 0 42 0 0

4-Now-08 0.8712907 305600 15 -0.200000 0 64 0 0

Nova Scotia| 4-Now09 0.8712907 31800 32 -6.100000 0 46 0 0
14-Now-04 0.8712907 31800 48 0.000000 0.0002614 100 0 1

14-Now92 0.8712907 31800 22 -1.600000 9.375E05 51 0 0

14-Now94 0.8712907 31800 24 3.8 0 90 0 0

14-Now96 0.8712907 31800 19 -5.800000 0 85 0 0

14-Now97 0.8712907 31800 22 -8.400000 0.0002619 72 0 0

14-Now98 0.8712907 31800 22 -8.600000 0 45 0 0

14-Now99 0.8712907 31800 24 2.400000 0 87 0 0

14-Now01 0.8712907 31800 20 -2.400000 4.444E05 89 0 0

14-Now02 0.8712907 31800 33 4.200000 0.0006185 99 0 0

14-Now03 0.8712907 31800 39 1.900000 2.083E05 86 0 0

14-Now05 0.8712907 31800 30 1.900000 0 63 0 0

14-Now06 0.8712907 31800 50 11.500000 0.0004316 99 0 0

14-Now08 0.8712907 31800 39 9.700000 0.0003264 97 0 0

14-Now09 0.8712907 31800 28 2.000000 0 63 0 0

6-Jun05 0.7362097 31800 22 -2.400000 0.0001204 28 0 1

Quebec 6-Jun92 0.7362097 305600 24 10.700000 0.0001 90 0 0
6-Jun93 0.7362097 305600 19 8.300000 0 7 0 0

6-Jun94 0.7362097 305600 28 12.000000 0.0004074 47 0 0

6-Jun95 0.7362097 305600 28 2.100000 0.0003148 38 0 0

6-Jun96 0.7362097 305600 24 4.1 0 31 0 0

6-Jun97 0.7362097 305600 17 5.500000 0 63 0 0

6-Jun98 0.7362097 305600 22 5.100000 0 61 0 0

6-Jun00 0.7362097 305600 30 1.200000 0 36 0 0
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6-Jun01 0.7362097 305600 20 8.800000 6.667E05 81 0 0
6-Jun02 0.7362097 305600 22 7.300000 0 7 0 0
6-Jun03 0.7362097 305600 32 0.800000 0.0002302 34 0 0
6-Jun04 0.7362097 305600 28 6.700000 0 39 0 0
6-Jun06 0.7362097 305600 19 10.900000 0 69 0 0
6-Jun07 0.7362097 305600 30 14.600000 0 76 0 0
BrL,J\lnesV\Yvick 6-Jun08 0.7362097 31550 22 3.900000 0 42 0 0
6-Jun09 0.7362097 31550 26 6.200000 0.0002963 35 0 0
7-Jun05 0.7362097 31550 33 15.300000 0.0005972 61 0 1
7-Jun94 0.7362097 31550 28 13.200000 0.0003413 99 0 0
7-Jun95 0.7362097 31550 44 15.800000 0 67 0 0
7-Jun96 0.7362097 31550 30 11.400000 0.0002778 48 0 0
7-Jun97 0.7362097 31550 22 3.700000 0 46 0 0
7-Jun98 0.7362097 31550 28 4.2 0 50 0 0
7-Jun99 0.7362097 31550 32 12.100000 0 81 0 0
7-Jurr00 0.7362097 31550 39 6.300000 0.0002917 99 0 0
7-Jun01 0.7362097 31550 15 10.500000 0.0008056 66 0 0
7-Jun02 0.7362097 31550 26 2.500000 0 50 0 0
7-Jun03 0.7362097 31550 26 9.600000 0 47 0 0
7-Jun04 0.7362097 31550 31 8.500000 0.000213 67 0 0
7-Jun06 0.7362097 31550 28 8.900000 2.381E05 44 0 0
Quebec 7-Jun07 0.7362097 305600 20 9.900000 8.333E05 95 0 0
7-Junr09 0.7362097 305600 33 5.600000 0 39 0 0
19-Julo5 0.7853632 305600 22 18.900000 0 57 0 1
19-Jut92 0.7853632 305600 19 13.800000 0 59 0 0
19-Jul93 0.7853632 305600 19 10.200000 0 62 0 0
19-Jut9o4 0.7853632 305600 20 13.400000 0.0001111 68 0 0
19-Jul95 0.7853632 305600 22 15.800000 0.0001444 63 0 0
19-Jul96 0.7853632 305600 24 15.700000 0.0012361 92 0 0
19-Jul97 0.7853632 305600 20 13.300000 0 72 0 0
19-Jul98 0.7853632 305600 33 8.5 0 35 0 0
19-Julo0 0.7853632 305600 28 14.400000 0.0003796 59 0 0
19-Julol 0.7853632 305600 17 12.600000 0 41 0 0
19-Jut02 0.7853632 305600 24 7.700000 0 47 0 0
19-Jut03 0.7853632 305600 19 16.600000 0.0005926 83 0 0
Quebec 19-Juto4 0.7853632 305600 15 15.600000 7.778E05 90 0 0
19-Jut08 0.7853632 305600 19 13.000000 0 49 0 0
19-Jut09 0.7853632 305600 24 16.500000 0.0001481 78 0 0
1-Aug05 0.7760786 305600 15 11.700000 0.0001 61 0 1
1-Aug92 0.7760786 305600 33 10.500000 0.0005789 94 0 0
1-Aug93 0.7760786 305600 22 17.700000 0 67 0 0
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1-Aug94 0.7760786 305600 22 17.700000 0 83 0 0
1-Aug96 0.7760786 305600 19 12.400000 7.778E05 57 0 0
1-Aug97 0.7760786 305600 28 17.200000 0.0001111 56 1 0
1-Aug98 0.7760786 305600 19 9.800000 0 53 0 0
1-Aug00 0.7760786 305600 17 16.300000 0 62 0 0
1-Aug01 0.7760786 305600 19 12.800000 0 39 0 0
1-Aug02 0.7760786 305600 17 11.1 0 56 0 0
1-Aug03 0.7760786 305600 15 17.000000 0 54 0 0
Quebec 1-Aug04 0.7760786 305600 20 18.300000 0.0012037 54 1 0
1-Aug06 0.7760786 305600 30 13.000000 0 69 0 0
1-Aug07 0.7760786 305600 13 12.700000 0 56 0 0
1-Aug08 0.7760786 305600 30 14.500000 0.0003056 89 0 0
1-Aug09 0.7760786 305600 22 13.100000 0 44 0 0
9-Aug05 0.7760786 305600 37 9.300000 0 24 0 1
9-Aug92 0.7760786 305600 19 15.800000 0 47 0 0
9-Aug94 0.7760786 305600 22 13.900000 0 57 0 0
9-Aug95 0.7760786 305600 15 16.400000 0 41 0 0
9-Aug96 0.7760786 305600 19 17.700000 6.667E05 64 1 0
9-Aug98 0.7760786 305600 28 19.800000 0 50 0 0
9-Aug99 0.7760786 305600 24 10.000000 0.0001548 67 0 0
9-Aug01 0.7760786 305600 20 15.800000 0.000537 44 0 0
9-Aug02 0.7760786 305600 22 11.400000 0 63 0 0
9-Aug03 0.7760786 305600 17 16.200000 0.0001111 85 0 0
Ontario 9-Aug06 0.7760786 152000 20 9.9 0 44 0 0
9-Aug07 0.7760786 152000 28 12.100000 0.0003403 100 0 0
9-Aug08 0.7760786 152000 20 14.600000 0 78 0 0
3-Feb03 0.8975059 152000 35 -11.700000 0.0001111 76 0 1
3-Feb92 0.8975059 152000 13 -13.200000 0 87 0 0
3-Feb94 0.8975059 152000 28 -15.500000 6.197E05 79 0 0
3-Feb95 0.8975059 152000 15 -14.800000 0 64 0 0
3-Feb96 0.8975059 152000 17 -28.900000 0 48 0 0
3-Feb97 0.8975059 152000 19 -8.600000 4.762E05 93 0 0
3-Feb98 0.8975059 152000 26 -11.500000 1.389E05 81 0 0
3-Feb01 0.8975059 152000 17 -22.000000 0.0001444 50 0 0
3-Feb02 0.8975059 152000 24 -5.200000 0 85 0 0
Quebec 3-Feb04 0.8975059 305600 30 -7.100000 0 74 0 0
3-Feb06 0.8975059 305600 20 -1.300000 6.878E05 94 0 0
3-Feb07 0.8975059 305600 20 -20.300000 2.083E05 78 0 0
3-Feb08 0.8975059 305600 13 -5.200000 2.315E05 93 0 0
10-Aug03 0.7760786 305600 19 16.500000 0.0001508 85 0 1
10-Aug92 0.7760786 305600 22 15.6 0 56 0 0
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10-Aug93 0.7760786 305600 22 15.000000 0.0010185 79 0 0
10-Aug94 0.7760786 305600 17 15.800000 0 73 0 0
10-Aug95 0.7760786 305600 22 16.400000 0 55 0 0
10-Aug96 0.7760786 305600 19 13.200000 0 54 0 0
10-Aug97 0.7760786 305600 22 16.500000 0 7 0 0
10-Aug99 0.7760786 305600 32 8.500000 0 54 0 0
10-Aug00 0.7760786 305600 19 15.100000 0.0003963 97 0 0
10-Aug02 0.7760786 305600 28 15.000000 0 68 0 0
Quebec 10-Aug05 0.7760786 305600 19 17.200000 0.0001296 72 1 0
10-Aug06 0.7760786 305600 26 12.700000 5.556E05 66 0 0
10-Aug09 0.7760786 305600 9 16.100000 0.0001825 85 0 0
26-Aug03 0.7760786 305600 19 10.000000 0 60 0 1
26-Aug92 0.7760786 305600 11 12.600000 0.0005 91 0 0
26-Aug94 0.7760786 305600 19 14.700000 0 66 0 0
26-Aug96 0.7760786 305600 28 9.700000 0 61 0 0
26-Aug97 0.7760786 305600 24 15.400000 0.0003889 86 0 0
26-Aug98 0.7760786 305600 11 13.5 0.000142 97 0 0
26-Aug00 0.7760786 305600 22 15.700000 72 0 0
26-Aug01 0.7760786 305600 33 9.300000 0.0001222 34 0 0
26-Aug02 0.7760786 305600 22 10.500000 0.0001548 54 0 0
26-Aug04 0.7760786 305600 17 13.200000 0 49 0 0
26-Aug05 0.7760786 305600 22 5.600000 0 27 0 0
BruNnesv\\/Ivick 26-Aug06 0.7760786 31550 15 5.900000 0 50 0 0
26-Aug07 0.7760786 31550 17 13.100000 0.0006508 75 0 0
28-Sep92 0.7225560 31550 22 11.900000 0.0001944 51 0 0
28-Sep93 0.7225560 31550 48 18.700000 0.0005833 91 1 0
28-Sep9%4 0.7225560 31550 28 14.600000 0.0003636 86 0 0
28-Sep96 0.7225560 31550 26 10.600000 0 89 0 0
28-Sep97 0.7225560 31550 26 4.800000 0 57 0 0
28-Sep98 0.7225560 31550 32 15.700000 0.0009097 96 0 0
28-Sep99 0.7225560 31550 13 8.400000 0 69 0 0
28-Sep00 0.7225560 31550 24 6.900000 3.704E05 80 0 0
Quebec 28-Sep01 0.7225560 305600 19 5.600000 0 67 0 0
28-Sep04 0.7225560 305600 33 13 0.0003611 100 0 0
28-Sep05 0.7225560 305600 19 7.600000 0 93 0 0
28-Sep07 0.7225560 305600 44 18.100000 0 98 0 0
28-Sep08 0.7225560 305600 59 15.600000 0.001377 94 0 0
26-Dec03 0.9583106 305600 20 0.900000 0.0002556 95 0 1
26-Dec93 0.9583106 305600 22 -3.900000 0.0001715 93 0 0
26-Dec94 0.9583106 305600 30 -8.300000 1.389E05 75 0 0
26-Dec95 0.9583106 305600 30 -8.300000 7.407E05 75 0 0
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26-Dec96 0.9583106 305600 22 -21.800000 0 54 0 0
26-Dec97 0.9583106 305600 6 -3.000000 6.481E05 97 0 0
26-Dec98 0.9583106 305600 22 -5.600000 0 75 0 0
26-Dec99 0.9583106 305600 26 -1.900000 0 88 0 0
26-Dec00 0.9583106 305600 24 -17.600000 3.801E05 71 0 0
Ontario 26-Dec01 0.9583106 152000 11 -4.100000 0 84 0 0
26-Dec02 0.9583106 152000 26 -9.700000 1.691E05 78 0 0
26-Dec04 0.9583106 152000 17 -21.900000 0.0001111 45 0 0
26-Dec08 0.9583106 152000 26 -22.900000 0 46 0 0
26-Dec09 0.9583106 152000 11 -7.2 0 76 0 0
9-Mar-92 0.8860368 152000 30 5.300000 7.407E05 100 0 0
9-Mar-94 0.8860368 152000 9 -15.700000 0 72 0 0
9-Mar-95 0.8860368 152000 24 -22.200000 0 43 0 0
9-Mar-96 0.8860368 152000 26 -18.800000 0 49 0 0
9-Mar-99 0.8860368 152000 20 -17.600000 0 41 0 0
9-Mar-03 0.8860368 152000 30 -21.400000 2.381E05 58 0 0
9-Mar-04 0.8860368 152000 15 -11.600000 0 72 0 0
Quebec 9-Mar-05 0.8860368 305600 28 -19.800000 0 57 0 0
9-Mar-06 0.8860368 305600 32 -2.900000 9.804E05 89 0 0
9-Mar-07 0.8860368 305600 26 -14.000000 0 51 0 0
9-Mar-08 0.8860368 305600 41 -17.600000 5.556E05 73 0 0
9-Mar-09 0.8860368 305600 24 -12.600000 0.0002037 60 0 0
2-Aug92 0.7760786 305600 30 8.900000 7.407E05 56 0 0
2-Aug94 0.7760786 305600 26 7.700000 8.333E05 44 0 0
2-Aug96 0.7760786 305600 17 13.100000 0 74 0 0
2-Aug97 0.7760786 305600 24 16.100000 0.0003981 80 0 0
2-Aug98 0.7760786 305600 28 11.1 0.0001019 37 0 0
2-Aug99 0.7760786 305600 19 12.800000 0 62 0 0
2-Aug00 0.7760786 305600 19 14.000000 0.0001778 68 0 0
2-Aug01 0.7760786 305600 20 18.900000 0 52 0 0
2-Aug03 0.7760786 305600 30 15.400000 0 67 0 0
Quebec 2-Aug04 0.7760786 305600 19 13.400000 0 60 0 0
2-Aug06 0.7760786 305600 26 11.700000 0 39 0 0
2-Aug08 0.7760786 305600 26 13.400000 8.333E05 89 0 0
2-Aug09 0.7760786 305600 17 15.400000 0 51 0 0
14-Aug02 0.7760786 305600 17 20.100000 0 63 0 1
14-Aug92 0.7760786 305600 22 7.200000 0 50 0 0
14-Aug93 0.7760786 305600 19 16.100000 1.389E05 78 0 0
14-Aug94 0.7760786 305600 15 17.300000 0.0001111 80 1 0
14-Aug96 0.7760786 305600 22 5.300000 0 56 0 0
14-Aug97 0.7760786 305600 19 14.600000 4.861E05 100 0 0
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14-Aug98 0.7760786 305600 22 12.400000 0 54 0 0
14-Aug99 0.7760786 305600 24 14.800000 0.0003819 96 0 0
14-Aug00 0.7760786 305600 11 16.2 0 72 0 0
14-Aug01 0.7760786 305600 20 8.000000 0 37 0 0
14-Aug03 0.7760786 305600 26 12.200000 0 57 0 0
Quebec 14-Aug04 0.7760786 305600 31 18.700000 0.0001667 82 1 0
14-Aug05 0.7760786 305600 22 9.800000 0 55 0 0
14-Aug06 0.7760786 305600 32 6.900000 5.556E05 43 0 0
14-Aug07 0.7760786 305600 24 10.200000 0 60 0 0
14-Aug08 0.7760786 305600 22 14.000000 0 71 0 0
8-Sep02 0.7225560 305600 20 11.100000 0.0004192 85 0 1
8-Sep92 0.7225560 305600 22 15.600000 0.0001111 81 0 0
8-Sep93 0.7225560 305600 19 11.100000 0 72 0 0
8-Sep9%4 0.7225560 305600 22 11.200000 2.778E05 83 0 0
8-Sep96 0.7225560 305600 20 5.700000 0 50 0 0
8-Sep97 0.7225560 305600 15 14.300000 0 70 0 0
8-Sep98 0.7225560 305600 19 13.100000 6.349E05 85 0 0
8-Sep00 0.7225560 305600 22 12.300000 0 47 0 0
8-Sep03 0.7225560 305600 24 5.300000 0 53 0 0
8-Sep04 0.7225560 305600 22 9.3 0.0001667 60 0 0
Ontario 8-Sep05 0.7225560 152000 13 14.700000 0 60 0 0
8-Sep06 0.7225560 152000 20 11.800000 0 44 0 0
8-Sep07 0.7225560 152000 26 19.100000 0 61 0 0
8-Sep08 0.7225560 152000 15 14.200000 0.0002014 86 0 0
8-Sep09 0.7225560 152000 22 4.400000 0 38 0 0
9-Sep92 0.7225560 152000 19 9.900000 0 81 0 0
9-Sep95 0.7225560 152000 22 2.000000 0.0002778 81 0 0
9-Sep96 0.7225560 152000 13 14.400000 7.143E05 97 0 0
9-Sep97 0.7225560 152000 15 13.000000 0 86 0 0
9-Sep08 0.7225560 152000 24 8.100000 0 93 0 0
9-Sep99 0.7225560 152000 20 10.900000 0 53 0 0
9-Sep00 0.7225560 152000 13 10.700000 0 44 0 0
9-Sep01 0.7225560 152000 20 20.300000 0.0002222 83 1 0
9-Sep03 0.7225560 152000 17 6.800000 0 83 0 0
9-Sep04 0.7225560 152000 19 7.400000 2.778E05 73 0 0
Quebec 9-Sep06 0.7225560 305600 22 2.200000 0 58 0 0
9-Sep07 0.7225560 305600 26 7.4 1.852E05 86 0 0
9-Sep08 0.7225560 305600 22 6.700000 0.000381 64 0 0
9-Sep09 0.7225560 305600 17 9.200000 0 63 0 0
7-Now92 0.8712907 305600 24 -5.500000 5.556E06 73 0 0
7-Now93 0.8712907 305600 22 -4.900000 0 70 0 0

159




7-Now95 0.8712907 305600 22 -0.900000 0.0006111 62 0 0
7-Now96 0.8712907 305600 19 0.700000 0.0001444 64 0 0
7-Now97 0.8712907 305600 11 -3.400000 0 67 0 0
7-Now98 0.8712907 305600 22 -3.600000 0 63 0 0
7-Now99 0.8712907 305600 19 -4.700000 0 60 0 0
7-Now-00 0.8712907 305600 15 4.900000 1.736E05 93 0 0
7-Now01 0.8712907 305600 52 -4.600000 6.79E05 53 0 0
7-Now03 0.8712907 305600 17 -5.000000 0 55 0 0
Quebec 7-Now-04 0.8712907 305600 24 -5.300000 4.762E05 61 0 0
7-Now-05 0.8712907 305600 33 -1.400000 0.0002963 56 0 0
7-Now-06 0.8712907 305600 20 -3.000000 0 66 0 0
7-Now-07 0.8712907 305600 35 6.200000 0.0005754 97 0 0
7-Now08 0.8712907 305600 17 2.9 0.0001296 97 0 0
11-Jun01 0.7362097 305600 20 9.600000 0 52 0 1
11-Jun92 0.7362097 305600 19 6.100000 0 48 0 0
11-Jun94 0.7362097 305600 41 3.900000 0 22 0 0
11-Jun95 0.7362097 305600 15 10.700000 0.0002222 92 0 0
11-Jun96 0.7362097 305600 26 11.200000 0 41 0 0
11-Jun98 0.7362097 305600 19 7.900000 0 30 0 0
11-Jun99 0.7362097 305600 19 14.600000 0 51 0 0
11-Jurr00 0.7362097 305600 17 0.300000 0 48 0 0
11-Jun02 0.7362097 305600 22 8.000000 0.0011667 68 0 0
11-Jun03 0.7362097 305600 22 3.900000 0.0002917 37 0 0
11-Jur04 0.7362097 305600 35 0.300000 0 52 0 0
Quebec 11-Jun05 0.7362097 305600 26 10.100000 0 60 0 0
11-Jurr06 0.7362097 305600 19 12.500000 0.0003951 97 0 0
11-Jun08 0.7362097 305600 26 15.900000 0.0004722 65 0 0
21-Julol 0.7853632 305600 17 17.800000 2.222E05 54 1 1
21-Jul92 0.7853632 305600 22 15.100000 0.00025 62 0 0
21-Juto4 0.7853632 305600 20 17.1 0.0006296 52 1 0
21-Jul95 0.7853632 305600 19 14.000000 8.333E05 63 0 0
21-Jut96 0.7853632 305600 19 8.700000 0.0004231 73 0 0
21-Jul97 0.7853632 305600 19 9.200000 2.778E05 59 0 0
21-Jul98 0.7853632 305600 22 15.800000 0 63 0 0
21-Jul99 0.7853632 305600 24 10.000000 0 46 0 0
21-Julo0 0.7853632 305600 15 11.400000 0.0001667 67 0 0
21-Jul02 0.7853632 305600 30 10.600000 0 35 0 0
Quebec 21-Julo3 0.7853632 305600 9 16.700000 7.143E05 92 0 0
21-Jul05 0.7853632 305600 20 13.900000 0 51 0 0
21-Julo7 0.7853632 305600 19 13.700000 7.407E05 68 0 0
21-Julo8 0.7853632 305600 19 16.300000 0.0003056 83 0 0
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22-Julo1 0.7853632 305600 19 17.300000 2.778E05 76 1 1
22-Jul92 0.7853632 305600 22 6.500000 0 50 0 0
22-Juto4 0.7853632 305600 20 18.600000 0.0001944 7 1 0
22-Jul95 0.7853632 305600 35 13.700000 0 87 0 0
22-Jul96 0.7853632 305600 33 8.100000 0 60 0 0
22-Jub97 0.7853632 305600 19 9.6 0 63 0 0
22-Jul98 0.7853632 305600 28 13.100000 0.0006889 57 0 0
22-Jub99 0.7853632 305600 20 16.100000 0.0001667 66 0 0
22-Julo0 0.7853632 305600 15 15.200000 0.0002963 71 0 0
22-Jut02 0.7853632 305600 28 17.800000 5.556E05 53 1 0
22-Jul03 0.7853632 305600 15 14.900000 0.0001944 88 0 0
22-Julo4 0.7853632 305600 26 16.800000 0 57 0 0
22-Jut05 0.7853632 305600 17 13.700000 0.0002778 70 0 0
Quebec 22-Jul06 0.7853632 305600 26 15.500000 0 70 0 0
22-Juto7 0.7853632 305600 20 8.700000 0 39 0 0
22-Julo8 0.7853632 305600 17 11.900000 0.0001 52 0 0
22-Jul09 0.7853632 305600 6 15.700000 0.0001543 91 0 0
24-Jub92 0.7853632 305600 17 14.800000 0 66 0 0
24-Jul93 0.7853632 305600 19 9.400000 0.0000625 77 0 0
24-Jutb95 0.7853632 305600 20 15.900000 0.0011167 58 0 0
24-Jul96 0.7853632 305600 19 13.900000 0 56 0 0
24-Jub97 0.7853632 305600 20 10.200000 0 41 0 0
24-Jut9s 0.7853632 305600 26 153 4.63E05 83 0 0
24-Jul99 0.7853632 305600 28 10.300000 0 49 0 0
24-Juto0 0.7853632 305600 24 14.400000 0 79 0 0
24-Jul02 0.7853632 305600 22 5.700000 0 56 0 0
24-Juto4 0.7853632 305600 44 17.000000 0.0005873 93 0 0
24-Jul05 0.7853632 305600 24 8.700000 0 43 0 0
24-Jul06 0.7853632 305600 9 12.200000 0 54 0 0
24-Juto7 0.7853632 305600 22 14.900000 0 54 0 0
Quebec 24-Julo8 0.7853632 305600 20 17.200000 0 77 0 0
24-Jut09 0.7853632 305600 19 12.000000 0 45 0 0
10-Jut00 0.7853632 305600 24 13.800000 0.0003542 98 0 1
10-Jut92 0.7853632 305600 22 12.300000 0.0001869 99 0 0
10-Jut93 0.7853632 305600 19 9.100000 0.0002037 52 0 0
10-Jut94 0.7853632 305600 20 17.200000 0.0006944 60 1 0
10-Jut96 0.7853632 305600 22 12.900000 0.0005741 74 0 0
10-Jut97 0.7853632 305600 26 13.200000 0 82 0 0
10-Jut98 0.7853632 305600 20 11.900000 0.0003194 90 0 0
10-Juto1 0.7853632 305600 19 15.5 2.381E05 92 0 0
10-Jut02 0.7853632 305600 22 9.100000 0 57 0 0

161




10-Julo3 0.7853632 305600 30 5.600000 0 35 0 0
10-Juto4 0.7853632 305600 15 11.400000 1.389E05 87 0 0
10-Julo5 0.7853632 305600 15 15.600000 0 83 0 0
10-Juto7 0.7853632 305600 7 14.600000 0.0001278 92 0 0
10-Jut08 0.7853632 305600 28 17.700000 0.0006852 80 1 0
Ontario 10-Julo9 0.7853632 152000 19 13.400000 0 47 0 0
13-Jut00 0.7853632 152000 17 12.600000 0.0004722 58 0 1
13-Jul92 0.7853632 152000 13 12.600000 0 80 0 0
13-Jul9s 0.7853632 152000 22 20.500000 2.778E05 60 1 0
13-Jul96 0.7853632 152000 19 15.800000 8.333E05 80 0 0
13-Jul97 0.7853632 152000 30 19.500000 0 63 0 0
13-Jul98 0.7853632 152000 30 13.200000 2.778E05 42 0 0
13-Jul99 0.7853632 152000 22 12.900000 0 47 0 0
13-Jut02 0.7853632 152000 17 13.900000 0 47 0 0
13-Julo3 0.7853632 152000 19 9.000000 0 38 0 0
13-Jut05 0.7853632 152000 24 17.4 0 61 0 0
13-Jul06 0.7853632 152000 19 17.100000 0 53 0 0
13-Julo7 0.7853632 152000 22 9.300000 0.0004444 58 0 0
13-Jut08 0.7853632 152000 41 13.400000 0 57 0 0
13-Julo9 0.7853632 152000 20 6.700000 4.167E05 82 0 0
17-Jut00 0.7853632 152000 22 13.900000 0.0004444 94 0 1
Quebec 17-Jul92 0.7853632 305600 26 7.600000 0 60 0 0
17-Jul93 0.7853632 305600 24 8.900000 0.0001159 85 0 0
17-Jut9s 0.7853632 305600 19 7.600000 0 54 0 0
17-Jul97 0.7853632 305600 28 18.000000 0.0005278 95 1 0
17-Jul98 0.7853632 305600 32 18.000000 0.0006296 71 1 0
17-Jul99 0.7853632 305600 28 14.300000 0 32 0 0
17-Jut02 0.7853632 305600 22 13.000000 0 47 0 0
17-Jut03 0.7853632 305600 17 17.100000 0 64 0 0
17-Julo4 0.7853632 305600 30 16.000000 0 79 0 0
17-Jut05 0.7853632 305600 20 17.200000 0 58 0 0
17-Julo6 0.7853632 305600 26 18.200000 0.0003056 78 1 0
17-Jul08 0.7853632 305600 19 17.6 0.0001333 68 1 0
17-Jut09 0.7853632 305600 17 14.600000 0.0001667 82 0 0
22-Aug92 0.7760786 305600 9 16.200000 0 64 0 0
Ontario 22-Aug93 0.7760786 152000 19 10.200000 0 45 0 0
22-Aug94 0.7760786 152000 20 7.000000 0 79 0 0
22-Aug95 0.7760786 152000 20 8.100000 0 67 0 0
22-Aug96 0.7760786 152000 20 11.800000 0.0005764 97 0 0
22-Aug97 0.7760786 152000 19 11.600000 0.0001361 97 0 0
22-Aug98 0.7760786 152000 13 10.700000 0 59 0 0
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22-Aug99 0.7760786 152000 17 12.000000 0 49 0 0
22-Aug01 0.7760786 152000 30 14.400000 0.0011667 50 0 0
22-Aug02 0.7760786 152000 19 14.600000 0.0004444 74 0 0
22-Aug05 0.7760786 152000 20 14.400000 0.0004444 93 0 0
22-Aug07 0.7760786 152000 17 8.600000 0 60 0 0
22-Aug09 0.7760786 152000 24 13.600000 0 97 0 0
20-Dec00 0.9583106 152000 78 -7.400000 0.0003351 79 0 1
20-Dec94 0.9583106 152000 28 -13.700000 0 75 0 0
20-Dec95 0.9583106 152000 44 0 0.0003299 99 0 0
20-Dec97 0.9583106 152000 26 -10.500000 0 68 0 0
BrL’J\lnesv\Yvick 20-Dec98 0.9583106 31550 35 -5.500000 1.111E05 76 0 0
20-Dec99 0.9583106 31550 19 -13.600000 0 74 0 0
20-Dec01 0.9583106 31550 26 -9.300000 0 84 0 0
20-Dec03 0.9583106 31550 20 -12.200000 0 83 0 0
20-Dec04 0.9583106 31550 22 -0.600000 4.861E05 99 0 0
20-Dec05 0.9583106 31550 33 -8.000000 2.778E05 64 0 0
20-Dec06 0.9583106 31550 22 -14.100000 0 65 0 0
20-Dec07 0.9583106 31550 32 -9.600000 0 76 0 0
20-Dec08 0.9583106 31550 24 -15.400000 1.17E05 75 0 0
11-Jar92 1.0000000 31550 20 -19.700000 0 89 0 0
11-Jan93 1.0000000 31550 15 -25.700000 0 47 0 0
11-Jar94 1.0000000 31550 26 -9.300000 3.704E05 65 0 0
Ontario 11-Jan95 1.0000000 152000 26 -20.000000 7.937E05 74 0 0
11-Jan96 1.0000000 152000 11 -14.600000 0 75 0 0
11-Jar97 1.0000000 152000 19 -20.000000 1.634E05 82 0 0
11-Jan98 1.0000000 152000 19 -15.6 5.556E05 86 0 0
11-Jar02 1.0000000 152000 20 -6.300000 3.704E05 80 0 0
11-Jan03 1.0000000 152000 22 -17.400000 1.208E05 72 0 0
11-Jar04 1.0000000 152000 13 -19.200000 9.375E05 81 0 0
11-Jar06 1.0000000 152000 20 1.800000 0.0002222 100 0 0
11-Jan07 1.0000000 152000 28 -6.600000 3.472E05 60 0 0
11-Jar08 1.0000000 152000 41 -6.800000 7.488E05 87 0 0
4-Mar-99 0.8860368 152000 43 -14.300000 0 60 0 1
4-Mar-92 0.8860368 152000 19 -9.000000 0 43 0 0
4-Mar-93 0.8860368 152000 31 -11.700000 0 47 0 0
4-Mar-94 0.8860368 152000 24 -5.600000 0 80 0 0
Ontario 4-Mar-95 0.8860368 152000 20 -12.200000 6.173E06 79 0 0
4-Mar-96 0.8860368 152000 28 -18.800000 0.0001667 48 0 0
4-Mar-97 0.8860368 152000 22 -16.100000 5.556E06 56 0 0
4-Mar-98 0.8860368 152000 20 -2.200000 0 84 0 0
4-Mar-02 0.8860368 152000 32 -20.300000 0 53 0 0
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4-Mar-03 0.8860368 152000 28 -8.500000 9.357E05 86 0 0
4-Mar-04 0.8860368 152000 15 -0.1 4.701E05 100 0 0
4-Mar-05 0.8860368 152000 28 -13.400000 0 47 0 0
4-Mar-06 0.8860368 152000 37 -12.000000 0 43 0 0
4-Mar-09 0.8860368 152000 17 -17.400000 0 34 0 0
6-Jan92 1.0000000 152000 19 0.500000 0.0003947 99 0 0
6-Jan93 1.0000000 152000 19 -13.500000 0 72 0 0
6-Jan94 1.0000000 152000 37 -25.300000 0 46 0 0
6-Jan96 1.0000000 152000 37 -14.900000 0 68 0 0
Quebec 6-Jan97 1.0000000 305600 19 -10.700000 1.389E05 83 0 0
6-Jan99 1.0000000 305600 22 -8.900000 0.0001181 86 0 0
6-Jar00 1.0000000 305600 22 -21.800000 0 45 0 0
6-Jan01 1.0000000 305600 7 -12.100000 0.000169 90 0 0
6-Jar02 1.0000000 305600 15 -4.900000 2.778E05 76 0 0
6-Jan03 1.0000000 305600 7 -18.800000 0 86 0 0
6-Jar05 1.0000000 305600 20 -26.400000 0 54 0 0
6-Jar06 1.0000000 305600 11 -3.500000 3.509E05 97 0 0
6-Jan07 1.0000000 305600 7 0.100000 0.0001343 92 0 0
6-Jar08 1.0000000 305600 11 -6.8 8.333E05 92 0 0
6-Jan09 1.0000000 305600 43 -18.900000 0 46 0 0
8-Jan98 1.0000000 305600 33 -9.600000 4.798E05 84 0 1
8-Jan92 1.0000000 305600 19 -16.200000 0 61 0 0
8-Jan93 1.0000000 305600 19 -24.400000 0 59 0 0
8-Jan94 1.0000000 305600 22 -27.100000 0 59 0 0
8-Jan95 1.0000000 305600 35 -9.500000 5.983E05 86 0 0
8-Janr96 1.0000000 305600 15 -17.000000 5.556E05 57 0 0
8-Jan97 1.0000000 305600 19 -18.000000 0 74 0 0
Ontario 8-Janr99 1.0000000 152000 15 -12.500000 2.778E05 89 0 0
8-Janr01 1.0000000 152000 20 -23.000000 1.111E05 69 0 0
8-Jan02 1.0000000 152000 26 -3.000000 5.556E05 93 0 0
8-Janr04 1.0000000 152000 19 -26.600000 2.222E05 53 0 0
8-Jan05 1.0000000 152000 19 -5.800000 2.646E06 87 0 0
8-Jar06 1.0000000 152000 15 -7.900000 1.852E05 91 0 0
8-Jan07 1.0000000 152000 32 -5.900000 0.0001561 83 0 0
8-Jan08 1.0000000 152000 22 7.600000 0.0003675 100 0 0
8-Jar09 1.0000000 152000 28 -16.6 5.556E06 76 0 0
25-Jun98 0.7362097 152000 20 20.200000 0.0009028 7 1 1
25-Jun92 0.7362097 152000 15 3.100000 0 30 0 0
25-Jun94 0.7362097 152000 37 12.100000 0.0004327 93 0 0
25-Jun95 0.7362097 152000 19 13.900000 3.333E05 61 0 0
25-Jun96 0.7362097 152000 24 8.100000 0.0002778 47 0 0
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25-Jun97 0.7362097 152000 32 16.700000 0.0006667 65 0 0
Ontario 25-Jun00 0.7362097 152000 28 14.000000 0.0008889 47 0 0
25-Jun01 0.7362097 152000 31 13.300000 0 50 0 0
25-Jun02 0.7362097 152000 22 16.800000 0.0005 66 0 0
25-Jun03 0.7362097 152000 19 18.000000 0 45 0 0
25-Jun04 0.7362097 152000 30 1.800000 0 39 0 0
25-Jun05 0.7362097 152000 19 12.200000 0 40 0 0
25-Jun06 0.7362097 152000 13 12.400000 0 51 0 0
25-Jun08 0.7362097 152000 32 14.800000 0 55 0 0
4-Dec97 0.9583106 152000 22 -2.900000 0.0001667 65 0 1
4-Dec92 0.9583106 152000 28 -5.200000 3.758E05 69 0 0
4-Dec93 0.9583106 152000 9 -0.3 0 97 0 0
4-Dec94 0.9583106 152000 28 -3.800000 5.926E05 75 0 0
4-Dec95 0.9583106 152000 17 -6.600000 4.798E05 89 0 0
4-Dec96 0.9583106 152000 15 -5.300000 0 73 0 0
Quebec 4-Dec98 0.9583106 305600 28 -8.800000 0.000125 74 0 0
4-Dec99 0.9583106 305600 13 -4.600000 0 67 0 0
4-Dec00 0.9583106 305600 11 -6.800000 0 93 0 0
4-Dec01 0.9583106 305600 20 -6.500000 0 71 0 0
4-Dec02 0.9583106 305600 26 -12.400000 0 67 0 0
4-Dec03 0.9583106 305600 22 -10.800000 5.926E05 69 0 0
4-Dec04 0.9583106 305600 19 -14.900000 0.0004583 60 0 0
4-Dec05 0.9583106 305600 37 -13.000000 0.000538 47 0 0
4-Dec06 0.9583106 305600 15 -8.900000 0.0002245 79 0 0
4-Dec07 0.9583106 305600 39 -3.600000 0 83 0 0
4-Dec09 0.9583106 305600 7 -2.900000 0 91 0 0
7-Dec97 0.9583106 305600 19 0.100000 0.0001304 98 0 1
7-Dec93 0.9583106 305600 13 -10.800000 3.819E05 89 0 0
7-Dec96 0.9583106 305600 19 -2.2 2.924E06 90 0 0
7-Dec98 0.9583106 305600 46 -10.000000 0.0002346 55 0 0
Quebec 7-Dec99 0.9583106 305600 15 -1.800000 0.0001405 94 0 0
7-Dec00 0.9583106 305600 24 -15.500000 0 67 0 0
7-Dec02 0.9583106 305600 20 -7.500000 0 66 0 0
7-Dec03 0.9583106 305600 33 -5.500000 5.556E06 7 0 0
7-Dec04 0.9583106 305600 24 -18.200000 0 59 0 0
7-Dec05 0.9583106 305600 33 -14.500000 0 49 0 0
7-Dec06 0.9583106 305600 1 -4.200000 0 75 0 0
7-Dec07 0.9583106 305600 15 -20.900000 7.407E05 78 0 0
7-Dec08 0.9583106 305600 19 -2.300000 4.248E05 83 0 0
7-Dec09 0.9583106 305600 33 -9.600000 0 61 0 0
23-Jul93 0.7853632 305600 19 15.100000 5.556E05 90 0 1
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23-Jub92 0.7853632 305600 26 9.900000 0 47 0 0
23-Jul94 0.7853632 305600 30 18.700000 0 53 0 0
23-Jul95 0.7853632 305600 22 19.900000 0 81 0 0
BrL’J\lnesv\Yvick 23-Jub97 0.7853632 31550 19 8.500000 0 45 0 0
23-Julos 0.7853632 31550 20 10.8 3.704E05 38 0 0
23-Juk99 0.7853632 31550 37 17.800000 0 71 0 0
23-Julo0 0.7853632 31550 33 11.900000 0 58 0 0
23-Julo1l 0.7853632 31550 30 19.100000 0 55 0 0
23-Jul03 0.7853632 31550 17 18.500000 0.0006204 100 1 0
23-Jul05 0.7853632 31550 20 14.300000 0.0018333 88 0 0
23-Jul06 0.7853632 31550 24 18.600000 0.0001771 95 1 0
23-Julo7 0.7853632 31550 22 12.400000 0 45 0 0
23-Jutos 0.7853632 31550 19 17.700000 2.778E05 75 1 0
23-Jul09 0.7853632 31550 20 14.900000 4.444E05 95 0 0
2-Now93 0.8712907 31550 28 -1.400000 0.0002389 92 0 1
2-Now91 0.8712907 31550 7 7.200000 0.0002929 100 0 0
2-Now92 0.8712907 31550 22 -8.000000 0 57 0 0
Quebec 2-Now94 0.8712907 305600 22 5.300000 0.0003864 99 0 0
2-Now95 0.8712907 305600 22 -6.600000 0.0001667 49 0 0
2-Now97 0.8712907 305600 28 9.100000 0.0004963 100 0 0
2-Now98 0.8712907 305600 28 4.900000 0.0001944 98 0 0
2-Now99 0.8712907 305600 33 5.4 0 56 0 0
2-Now-00 0.8712907 305600 15 0.300000 0 78 0 0
2-Now01 0.8712907 305600 15 5.100000 0 80 0 0
2-Now02 0.8712907 305600 24 -1.500000 0.0002111 94 0 0
2-Now-03 0.8712907 305600 26 -6.000000 0 50 0 0
2-Now05 0.8712907 305600 30 -6.300000 0 48 0 0
2-Now-06 0.8712907 305600 15 -0.200000 0 61 0 0
2-Now07 0.8712907 305600 33 -3.200000 0 52 0 0
2-Now08 0.8712907 305600 26 -9.200000 1.852E05 44 0 0
2-Now-09 0.8712907 305600 20 -4.300000 0 53 0 0
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DATASET Il - Test Train

Provinces Date Consumption | Network | Wind Temperature | Precipitation | Relative | Lightning | BPNN GRNN PNN
Index Size (km/hr.) | (Celsius) (mml/s) Humidity Model Model Model
(km) (%) Predicted | Predicted | Predicted
QOutputs Outputs Outputs

Quebec 4-Now 0.8712907| 305600 9 3.6 0.000173 93 0 0.148 0.07 0.039
98

Quebec 14-Now 0.8712907| 305600 28 5.9 0.000356 97 0 0.035 0.032 0.084
93

Quebec 6-Jun99 0.7362097| 305600 37 11.7 0.000194 46 0 0.144 0.022 0.123

Quebec 7-Jun92 0.7362097| 305600 24 13.7 0.000346 91 0 0.015 0.085 0.041

New 7-Jun08 0.7362097 31550 32 4.9 0.000000 64 0 0.114 0.059 0.047

Brunswick

New 19-Jut 0.7853632 31550 13 14.8 0.000157 60 0 0.136 0.11 0.061

Brunswick 07

Quebec 1-Aug 0.7760786| 305600 28 17.7 0.001074 61 1 0.066 0.017 0.102
95

Quebec 9-Aug 0.7760786| 305600 20 147 0.000000 51 0 0.109 0.068 0.026
97

Quebec 9-Aug 0.7760786| 305600 22 11.9 0.000000 55 0 0.155 0.061 0.089
09

Quebec 3-Feb99 0.8975059| 305600 28 -0.6 0.000000 99 0 0.089 0.099 0.025

Quebec 10-Aug 0.7760786| 305600 19 9.8 0.000000 35 0 0.1 0.126 0.103
07

Ontario 36398 | 0.77607865| 305600 17 16.9 0 73 0 0.118 0.078 0.114

Quebec 28-Sep 0.7225560| 305600 78 18.6 0.002639 92 1 0.998 0.89 0.927
03

Quebec 28-Sep 0.7225560| 305600 37 14.8 0.000907 97 0 0.094 0.112 0.121
09

New 9-Mar- 0.8860368 31550 57 -3 0.000125 81 0 0.931 0.913 0.961

Brunswick 02

New 9-Mar- 0.8860368 31550 39 -16.6 0.000833 76 0 0.126 0.085 0.049

Brunswick 98

Quebec 2-Aug 0.7760786| 305600 22 7 0.000130 44 0 0.067 0.007 0.125
95

Ontario 2-Aug 0.7760786| 152000 17 14.3 0.000000 83 0 0.051 0.039 0.042
05

Ontario 8-Sep95 0.7225560| 152000 22 5.5 0.000101 66 0 0.145 0.096 0.045

Quebec 9-Sep93 0.7225560| 305600 35 12.7 0.000421 94 0 0.061 0.022 0.078

Quebec 7-Now 0.8712907| 305600 30 -8.8 0.000042 69 0 0.939 0.896 0.904
02

Quebec 11-Jun 0.7362097| 305600 30 -1 0.000000 26 0 0.158 0.017 0.023
97

Quebec 21-Jut 0.7853632| 305600 17 18.2 0.000056 86 1 0.015 0.059 0.014
06

Quebec 34172 | 0.78536319| 305600 13 14.4 | 0.00033333 86 0 0.081 0.013 0.071

Quebec 24-Jut 0.7853632| 305600 24 17.6 0.000375 75 1 0.856 0.971 1
01

Quebec 10-Jut 0.7853632| 305600 19 16.8 0.000000 63 0 0.179 0.132 0.071
95

Quebec 13-Jut 0.7853632| 305600 31 8.2 0.000000 82 0 0.146 0.089 0.047
94

Quebec 17-Jut 0.7853632| 305600 22 11.7 0.000000 66 0 0.029 0.143 0.079
94

Quebec 22-Aug 0.7760786| 305600 28 13.6 0.000167 75 0 0.981 0.889 0.982
00

Quebec 22-Aug 0.7760786| 305600 20 19 0.000000 59 0 0.174 0.088 0.036
08
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Quebec 20-Dec 0.9583106| 305600 30 0.8 0.000093 96 0.164 0.129 0.014
02

Quebec 11-Jan 1.0000000| 305600 11 -14.2 0.000019 74 0.1 0.121 0.049
09

New 4-Mar- 0.8860368 31550 26 -13.9 0.000040 65 0.161 0.141 0.123

Brunswick 07

New 6-Jan98 1.0000000 31550 15 -12.8 0.000028 76 0.942 0.899 0.999

Brunswick

Ontario 6-Jan04 1.0000000| 152000 11 -14.9 0.000056 73 0.176 0.137 0.075

Ontario 37629 1 152000 32 -9.7 9.1503E05 72 0.033 0.102 0.118

Ontario 25 Jun 0.7362097| 152000 28 15.7 0.001556 52 0.174 0.066 0.01
07

Ontario 4-Dec 0.9583106| 152000 24 -0.7 0.000000 77 0.084 0.077 0.044
08

Ontario 23-Jut 0.7853632| 152000 37 19.9 0.000861 52 0.032 0.089 0.043
02

Ontario 2-Now 0.8712907| 152000 19 -4.8 0.000000 53 0.036 0.016 0.021
96

Ontario 4-Mar- 0.8860368| 152000 33 -15.9 0.000028 38 0.109 0.088 0.043
01

Quebec 11-Janr 1.0000000| 305600 20 -15.8 0.000000 66 0.171 0.109 0.068
05

Quebec 22-Aug 0.7760786| 305600 15 13 0.000167 75 0.057 0.012 0.056
06

Quebec 13-Jut 0.7853632| 305600 17 17.8 0.000000 62 0.126 0.062 0.055
04

New 24-Jut 0.7853632 31550 19 14.4 0.000175 68 0.038 0.146 0.034

Brunswick 03

New 11-Jun 0.7362097 31550 20 6.8 0.000025 74 0.149 0.08 0.024

Brunswick 09

Quebec 7-Now 0.8712907| 305600 19 -9.4 0.000167 54 0.053 0.099 0.033
09

Quebec 37508 0.72255598| 305600 22 16.3 0 48 0.895 0.862 0.953

Quebec 9-Mar- 0.8860368| 305600 11 -6.3 0.000028 72 0.042 0.143 0.059
01

Quebec 2-Aug 0.7760786| 305600 15 12.3 0.000250 56 0.951 0.922 0.879
02

Ontario 26-Aug 0.7760786| 152000 20 10.7 0.000000 63 0.015 0.012 0.085
08

New 3-Feb05 0.8975059 31550 20 5.7 0.000000 68 0.12 0.025 0.117

Brunswick

Quebec 9-Aug 0.7760786| 305600 19 15.6 0.000290 86 0.119 0.072 0.031
00

Ontario 19-Jut 0.7853632| 152000 24 111 0.001083 67 0.149 0.079 0.038
99

Ontario 14-Now 0.8712907| 152000 30 3.6 0.000000 95 0.051 0.042 0.122
07

Quebec 9-Aug 0.7760786| 305600 15 13.7 0.001667 75 0.082 0.08 0.064
04

Quebec 3-Feb09 0.8975059| 305600 24 -23.5 0.000011 63 0 0.032 0.087

Quebec 26-Aug 0.7760786| 305600 28 3.5 0.000000 46 0.159 0.095 0.053
95

Nova Scotia| 26-Dec 0.9583106 31800 11 -9.4 0.000050 71 0.115 0.128 0.057
06

Quebec 35498 0.88603677| 305600 30 -12.1 0 54 0.103 0.078 0.079

Quebec 2-Aug 0.7760786| 305600 15 17.2 0.000000 70 0.105 0.125 0.117
93

Quebec 14-Aug 0.7760786| 305600 15 2.5 0.000000 33 0.071 0.091 0.118
95

Quebec 8-Sep01 0.7225560| 305600 17 16.8 0.000000 64 0.053 0.071 0.094
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Ontario 7-Now 0.8712907| 152000 46 -1.4 0.000107 78 0.068 0.145 0.039
94

Quebec 11-Jun 0.7362097| 305600 24 7.7 0.000000 79 0.077 0.034 0.067
93

New 11-Jun 0.7362097 31550 17 14.2 0.000000 63 0.052 0.014 0.028

Brunswick 07

New 13-Jut 0.7853632 31550 24 12.6 0.000000 70 0.016 0.144 0.089

Brunswick 01

Quebec 11-Jan 1.0000000| 305600 22 -25 0.000100 61 0.894 0.917 0.921
99

Quebec 11-Jan 1.0000000| 305600 24 -11.2 0.000000 61 0.127 0.134 0.023
01

New 6-Jan95 1.0000000 31550 22 -11.5 0.000000 65 0.123 0.102 0.042

Brunswick

Quebec 25-Jun 0.7362097| 305600 22 14.4 0.000000 a7 0.088 0.005 0.029
99

Ontario 35040 | 0.95831058| 152000 28 -8.5 0 76 0.156 0.122 0.053

Quebec 23-Jut 0.7853632| 305600 41 18.6 0.000000 62 0.135 0.041 0.072
04

Quebec 2-Now 0.8712907| 305600 13 -3.7 0.000278 69 0.099 0.076 0.013
04

Quebec 4-Mar- 0.8860368| 305600 28 -17.4 0.000014 58 0.139 0.145 0.032
08

Ontario 20-Dec 0.9583106| 152000 37 -5.5 0.000076 83 0.064 0.009 0.054
09

Quebec 22-Aug 0.7760786| 305600 32 8.4 0.001417 53 0.065 0.056 0.028
04

Quebec 17-Juk 0.7853632| 305600 24 9.5 0.000000 55 0.092 0.008 0.08
01

Quebec 10-Jut 0.7853632| 305600 17 15.2 0.000032 69 0.11 0.023 0.076
06

Quebec 24-Jut 0.7853632| 305600 17 16.9 0.000896 95 0.145 0.022 0.115
94

Ontario 21-Jut | 0.785363 152000 22 13 0.000000 54 0.031 0.015 0.043
09

Quebec 9-Sep05 0.7225560| 305600 17 4.8 0.000000 45 0.129 0.082 0.087

Ontario 14-Aug 0.7760786| 152000 24 16.8 0.000056 56 0.062 0.101 0.055
09

Quebec 39296 0.77607865| 305600 13 17.6 | 0.00048611 91 0.052 0.136 0.066

Quebec 26-Dec 0.9583106| 305600 20 -9.5 0.000000 63 0.162 0.036 0.038
07

Ontario 10-Aug 0.7760786| 152000 19 14.3 0.000000 80 0.081 0 0.076
08

New 26-Aug 0.7760786 31550 35 10.1 0.000000 42 0.021 0.076 0.033

Brunswick 09

Ontario 14-Now 0.8712907| 152000 17 6.6 0.000004 98 0.08 0.038 0.123
00

Ontario 4-Now 0.8712907| 152000 48 1.7 0.001366 92 0.908 0.878 0.888
07

Ontario 10-Aug 0.7760786| 152000 20 20.9 0.000000 52 0.149 0.036 0.06
98

Quebec 26-Dec 0.9583106| 305600 26 9.1 0.000271 89 0.116 0.107 0.043
05

Quebec 9-Sep94 0.7225560| 305600 22 6 0.000333 68 0.16 0.132 0.076




Sensitivity Analysis Dataset

No. | Consumption| Network | Wind Temperature | Precipitation | Lightning | Humidity | Predicted | Normalized
Index Size Speed Output Inputs
0.83 | 231307.99| 36.48 10.22 0.00 0.23 91.64
1 0.72 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.24 0
2 0.75 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.27 0.1
3 0.78 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.324 0.2
4 0.81 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.374 0.3
5 0.83 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.421 0.4
6 0.86 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.44 0.5
7 0.89 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.485 0.6
8 0.92 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.513 0.7
9 0.94 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.543 0.8
10 0.97 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.565 0.9
11 1.00 | 231307.99| 36.48 10.22 0.00 0.23 91.64 0.58 1
1 0.83| 31550.00| 36.48 10.22 0.00 0.23 91.64 0.189 0
2 0.83| 58955.00| 36.48 10.22 0.00 0.23 91.64 0.21 0.1
3 0.83| 86360.00| 36.48 10.22 0.00 0.23 91.64 0.226 0.2
4 0.83 | 113765.00| 36.48 10.22 0.00 0.23 91.64 0.252 0.3
5 0.83 | 141170.00| 36.48 10.22 0.00 0.23 91.64 0.253 0.4
6 0.83 | 168575.00| 36.48 10.22 0.00 0.23 91.64 0.267 0.5
7 0.83 | 195980.00| 36.48 10.22 0.00 0.23 91.64 0.291 0.6
8 0.83 | 223385.00| 36.48 10.22 0.00 0.23 91.64 0.294 0.7
9 0.83 | 250790.00| 36.48 10.22 0.00 0.23 91.64 0.321 0.8
10 0.83 | 278195.00| 36.48 10.22 0.00 0.23 91.64 0.376 0.9
11 0.83 | 305600.00| 36.48 10.22 0.00 0.23 91.64 0.417 1
1 0.83 | 231307.99| 15.00 10.22 0.00 0.23 91.64 0.321 0
2 0.83 | 231307.99| 27.80 10.22 0.00 0.23 91.64 0.346 0.1
3 0.83 | 231307.99| 40.60 10.22 0.00 0.23 91.64 0.367 0.2
4 0.83 | 231307.99| 53.40 10.22 0.00 0.23 91.64 0.441 0.3
5 0.83 | 231307.99| 66.20 10.22 0.00 0.23 91.64 0.51 0.4
6 0.83 | 231307.99| 79.00 10.22 0.00 0.23 91.64 0.536 0.5
7 0.83 | 231307.99| 91.80 10.22 0.00 0.23 91.64 0.63 0.6
8 0.83 | 231307.99| 104.60 10.22 0.00 0.23 91.64 0.67 0.7
9 0.83 | 231307.99| 117.40 10.22 0.00 0.23 91.64 0.74 0.8
10 0.83 | 231307.99| 130.20 10.22 0.00 0.23 91.64 0.82 0.9
11 0.83 | 231307.99| 143.00 10.22 0.00 0.23 91.64 0.894 1
1 0.83 | 231307.99| 36.48 -29.50 0.00 0.23 91.64 0.62 0
2 0.83 | 231307.99| 36.48 -23.14 0.00 0.23 91.64 0.61 0.1
3 0.83 | 231307.99| 36.48 -16.78 0.00 0.23 91.64 0.58 0.2
4 0.83 | 231307.99| 36.48 -10.42 0.00 0.23 91.64 0.54 0.3
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5 0.83| 231307.99| 36.48 -4.06 0.00 0.23 91.64 0.36 0.4
6 0.83| 231307.99| 36.48 2.30 0.00 0.23 91.64 0.294 0.5
7 0.83| 231307.99| 36.48 8.66 0.00 0.23 91.64 0.253 0.6
8 0.83 | 231307.99| 36.48 15.02 0.00 0.23 91.64 0.31 0.7
9 0.83| 231307.99| 36.48 21.38 0.00 0.23 91.64 0.36 0.8
10 0.83 | 231307.99| 36.48 27.74 0.00 0.23 91.64 0.46 0.9
11 0.83| 231307.99| 36.48 34.10 0.00 0.23 91.64 0.66 1
1 0.83 | 231307.99| 36.48 10.22 0.000000 0.23 91.64 0.289 0
2 0.83 | 231307.99| 36.48 10.22 0.000264 0.23 91.64 0.3 0.1
3 0.83| 231307.99| 36.48 10.22 0.000528 0.23 91.64 0.341 0.2
4 0.83 | 231307.99| 36.48 10.22 0.000792 0.23 91.64 0.392 0.3
5 0.83| 231307.99| 36.48 10.22 0.001056 0.23 91.64 0.462 0.4
6 0.83 | 231307.99| 36.48 10.22 0.001319 0.23 91.64 0.486 0.5
7 0.83| 231307.99| 36.48 10.22 0.001583 0.23 91.64 0.536 0.6
8 0.83| 231307.99| 36.48 10.22 0.001847 0.23 91.64 0.563 0.7
9 0.83 | 231307.99| 36.48 10.22 0.002111 0.23 91.64 0.632 0.8
10 0.83| 231307.99| 36.48 10.22 0.002375 0.23 91.64 0.675 0.9
11 0.83 | 231307.99| 36.48 10.22 0.002639 0.23 91.64 0.701 1
1 0.83| 231307.99| 36.48 10.22 0.00 0.00 91.64 0.214 0
2 0.83 | 231307.99| 36.48 10.22 0.00 1.00 91.64 0.446 1
1 0.83 | 231307.99| 36.48 10.22 0.00 0.23 50.000 0.157 0
2 0.83| 231307.99| 36.48 10.22 0.00 0.23 55.000 0.164 0.1
3 0.83 | 231307.99| 36.48 10.22 0.00 0.23 60.000 0.169 0.2
4 0.83| 231307.99| 36.48 10.22 0.00 0.23 65.000 0.173 0.3
5 0.83 | 231307.99| 36.48 10.22 0.00 0.23 70.000 0.18 0.4
6 0.83| 231307.99| 36.48 10.22 0.00 0.23 75.000 0.192 0.5
7 0.83| 231307.99| 36.48 10.22 0.00 0.23 80.000 0.21 0.6
8 0.83 | 231307.99| 36.48 10.22 0.00 0.23 85.000 0.24 0.7
9 0.83| 231307.99| 36.48 10.22 0.00 0.23 90.000 0.28 0.8
10 0.83 | 231307.99| 36.48 10.22 0.00 0.23 95.000 0.3 0.9
11 0.83| 231307.99| 36.48 10.22 0.00 0.23 100.00 0.32 1
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Quebec Dataset I Train

Province| Date | Consumption| Network | Wind | Temperature| Precipitation | Relative | Lightning| Actual
Index Size | (km/hr.) (Celsius) (mm/s) Humidity Output
(km) (%)
Quebec | 4-Now 0.8712907 | 305600 31 -1.7 0.000049 100 0 0
95
4-Now 0.8712907 | 305600 56 -3.4 0.000056 72 0 0
96
4-Now 0.8712907 | 305600 31 4.6 0.000222 100 0 0
97
4-Now 0.8712907 | 305600 31 1.8 0.000173 99 0 0
98
4-Now 0.8712907 | 305600 54 2.1 0.000204 97 0 0
99
4-Now 0.8712907 | 305600 31 1.4 0.000157 100 0 0
00
4-Now 0.8712907 | 305600 31 3.6 0.000143 97 0 0
01
4-Now 0.8712907 | 305600 31 -8.3 0.000000 92 0 0
02
4-Now 0.8712907 | 305600 57 -3.8 0.000000 67 0 0
03
4-Now 0.8712907 | 305600 48 -4.3 0.000000 85 0 0
04
4-Now 0.8712907 | 305600 31 5.4 0.000000 90 0 0
06
4-Now 0.8712907 | 305600 31 -1.3 0.000000 89 0 0
08
4-Now 0.8712907 | 305600 44 -3.9 0.000000 88 0 0
09
Quebec | 6-Jun05 | 0.7362097 | 305600 33 17 0.000120 87 0 1
6-Jun92 | 0.7362097 | 305600 37 22 0.000100 95 1 0
6-Jun93 | 0.7362097 | 305600 32 21.5 0.000000 99 0 0
6-Jun94 | 0.7362097 | 305600 48 27 0.000407 87 1 0
6-Jun95 | 0.73620972 | 305600 46 19.4 0.00031481 93 1 0
6-Jun96 | 0.7362097 | 305600 43 23.9 0.000000 81 0 0
6-Jun97 | 0.7362097 | 305600 31 14.2 0.000000 95 0 0
6-Jun98 | 0.7362097 | 305600 31 13.7 0.000000 98 0 0
6-Jun01 | 0.7362097 | 305600 31 13.4 0.000067 100 0 0
6-Jun02 | 0.7362097 | 305600 35 16.4 0.000000 94 0 0
6-Jun03 | 0.7362097 | 305600 48 17.9 0.000230 95 1 0
6-Jun04 | 0.7362097 | 305600 41 22.5 0.000000 79 0 0
6-Jun06 | 0.7362097 | 305600 31 20 0.000000 89 0 0
6-Jun07 | 0.7362097 | 305600 31 24.8 0.000000 98 0 0
Quebec | 19-Jut 0.7853632 | 305600 31 335 0.000000 94 0 1
05
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19-Jut 0.7853632 | 305600 31 22.8 0.000000 97
19?§u|- 0.7853632 | 305600 33 19.2 0.000000 90
19?§u|- 0.7853632 | 305600 31 23.4 0.000111 96
195-)31u|- 0.7853632 | 305600 46 16.3 0.001236 92
19?§uk 0.7853632 | 305600 39 19.3 0.000000 100
19?§u|- 0.7853632 | 305600 50 26.3 0.000000 91
19?33u|- 0.7853632 | 305600 52 25.8 0.001083 97
19?.?UF 0.78536319 | 305600 39 24.2 0.00037963 100
19(?.(13UF 0.7853632 | 305600 31 28.9 0.000000 92
19(?Jluk 0.7853632 | 305600 31 23.9 0.000593 97
19(-)\:13UF 0.7853632 | 305600 31 18.9 0.000078 97
19(-)qu 0.7853632 | 305600 31 25.7 0.000000 95
19(-)\(13UF 0.7853632 | 305600 31 23.7 0.000157 96
Quebec 1-21719- 0.7760786 | 305600 31 254 0.000000 100
1—2:39- 0.7760786 | 305600 32 29.1 0.000000 100
1—2?19- 0.7760786 | 305600 31 315 0.001074 97
1—2?19- 0.7760786 | 305600 31 23.5 0.000078 84
1—2?19- 0.7760786 | 305600 56 27.1 0.000111 100
1—21719- 0.7760786 | 305600 31 23.6 0.000000 100
1—21819- 0.7760786 | 305600 31 28.7 0.000000 97
1—2?19- 0.7760786 | 305600 31 28.4 0.000000 91
1-2\3-19- 0.7760786 | 305600 31 27.8 0.000000 97
1-2\::)19- 0.7760786 | 305600 80 29.5 0.001204 94
1—2?19- 0.7760786 | 305600 33 22.6 0.000000 97
1—21619- 0.7760786 | 305600 31 23.5 0.000000 93
1—21719- 0.77607865 | 305600 39 18.8 0.00030556 91
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1-Aug 0.7760786 | 305600 31 27.1 0.000000 86
Quebec 9-2?19- 0.7760786 | 305600 52 34.1 0.000000 96
9-2?19- 0.7760786 | 305600 37 28.4 0.000000 99
9-iig- 0.7760786 | 305600 31 23.9 0.000000 97
9-2:119- 0.7760786 | 305600 31 33.1 0.000000 95
Q-iig- 0.7760786 | 305600 31 28 0.000067 81
9-2?19- 0.7760786 | 305600 31 29.1 0.000000 100
9-21719- 0.7760786 | 305600 31 32.9 0.000000 100
Q-iig- 0.7760786 | 305600 39 17.8 0.000155 98
9-2?19- 0.7760786 | 305600 31 18.7 0.000290 97
9-2\?19- 0.7760786 | 305600 32 22.2 0.000000 85
9-21219- 0.7760786 | 305600 31 19.3 0.000111 97
9-2:39- 0.7760786 | 305600 31 19.8 0.001667 95
9-2\?19- 0.7760786 | 305600 31 23.7 0.000000 91
9-2\?19- 0.7760786 | 305600 52 21 0.000340 100
9-239- 0.7760786 | 305600 31 25.1 0.000000 90
Quebec 10-(:)0?ug 0.7760786 | 305600 31 25.6 0.000000 88
10-?0\2ug 0.77607865 | 305600 31 24.9 0.00101852 100
10-?3ug 0.7760786 | 305600 31 22.6 0.000000 97
10-9:ug 0.7760786 | 305600 31 28.7 0.000000 97
10-?5\5ug- 0.7760786 | 305600 31 26.6 0.000000 81
10-?°\6ug- 0.7760786 | 305600 31 21.2 0.000000 100
10-?°\7ug- 0.7760786 | 305600 31 33.4 0.000000 87
10-?0\8ug- 0.7760786 | 305600 41 19.9 0.000000 76
10—?5?ug- 0.7760786 | 305600 31 16.7 0.000396 98
00
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10-Aug 0.7760786 | 305600 32 23.3 0.000000 93
10—0Azug- 0.7760786 | 305600 31 25.9 0.000130 94
10-(,)A5ug- 0.7760786 | 305600 31 26.7 0.000000 90
10-(,)A7ug- 0.7760786 | 305600 31 19.3 0.000000 91
10-(,)0\8ug- 0.7760786 | 305600 31 19.6 0.000183 98
Quebec 26—0Agug- 0.7760786 | 305600 31 19.6 0.000000 91
26—0A3ug- 0.7760786 | 305600 31 17 0.000500 94
26—?0\2ug 0.7760786 | 305600 31 24.4 0.000000 95
26—9:ug 0.7760786 | 305600 31 15.3 0.000000 91
26—?‘19 0.7760786 | 305600 46 20.2 0.000000 68
26—9A6ug- 0.77607865 | 305600 31 18.6 0.00038889 100
26—9A7ug- 0.7760786 | 305600 31 15.3 0.000142 100
26-9Asug- 0.7760786 | 305600 31 25.7 0.000000 95
26—9sug 0.7760786 | 305600 31 23.4 0.000155 96
26—?0\2ug 0.7760786 | 305600 31 255 0.000000 99
26-(:1ug 0.7760786 | 305600 37 27.1 0.000000 90
26-(,)6\5ug 0.7760786 | 305600 31 17.4 0.000000 98
ZG-Cfug 0.7760786 | 305600 31 20.5 0.000000 77
26-(:)0\8ug 0.7760786 | 305600 56 26.6 0.000000 81
Quebec 26—0[?ec- 0.9583106 | 305600 31 -2 0.000256 98
26—0[36(:- 0.9583106 | 305600 44 -7.6 0.000171 94
26—9D?)ec- 0.9583106 | 305600 56 -6.1 0.000014 75
26—9[;160- 0.9583106 | 305600 31 0.7 0.000074 100
26—9[E)See 0.9583106 | 305600 37 -16.6 0.000000 76
26—9[)660- 0.9583106 | 305600 31 -0.7 0.000065 100
26—9[)766 0.9583106 | 305600 31 -22.7 0.000000 77

175




98

26:Dec | 0.9583106 | 305600 | 31 1.7 0.000000 86
269E?ec- 0.9583106 | 305600 | 41 -13.4 0.000038 91
ZGOE?eC- 0.95831058 | 305600 | 50 71 1.6908E05 85
ZGODZec- 0.9583106 | 305600 | 41 7.9 0.000271 93
ZGODSec- 0.9583106 | 305600 | 31 -6.4 0.000050 88
ZGOE?eC- 0.9583106 | 305600 | 35 9.3 0.000000 86

Quebec 260D7ec- 0.9583106 | 305600 | 31 12 0.000000 90
ZGOE?ec- 0.9583106 | 305600 | 31 -22.8 0.000000 75

Quebec 2-2?;9 0.7760786 | 305600 | 31 224 0.000250 97
2-2?;9 0.7760786 | 305600 | 41 21.1 0.000074 95
2-2?;9 0.7760786 | 305600 | 31 25.2 0.000000 100
2-239 0.7760786 | 305600 | 31 21.4 0.000130 97
2-239 0.7760786 | 305600 | 46 278 0.000102 97
2-2?;9 0.7760786 | 305600 | 31 238 0.000000 96
2-239 0.7760786 | 305600 | 33 248 0.000178 95
2-2?;9 0.7760786 | 305600 | 32 31 0.000000 84
2-/%9 0.7760786 | 305600 | 31 258 0.000000 96
2-239 0.7760786 | 305600 | 35 26.2 0.000000 94
2-2?;9 0.7760786 | 305600 | 31 19 0.000000 97
2-2?;9 0.7760786 | 305600 | 37 27.4 0.000000 86
2-2(39 0.77607865 | 305600 | 31 19.8 0.00048611| 96
2-21719 0.7760786 | 305600 | 33 17.3 0.000083 90

Quebec 14?Asug 0.7760786 | 305600 | 31 20.1 0.000000 97
1430\2ug 0.7760786 | 305600 | 31 213 0.000014 100
14-9Agug 0.7760786 | 305600 | 50 23.9 0.000111 91
94
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14Aug | 0.7760786 | 305600 | 31 19.9 0.000000 100 0 0
95
14Aug | 0.7760786 | 305600 | 31 23.6 0.000000 80 0 0
96
14Aug | 0.7760786 | 305600 | 31 15.9 0.000049 100 0 0
97
14Aug | 0.7760786 | 305600 | 37 22.7 0.000382 98 1 0
99
14Aug | 0.7760786 | 305600 | 31 24.4 0.000000 99 0 0
00
14Aug | 0.7760786 | 305600 | 69 25 0.000000 99 0 0
01
14Aug | 0.7760786 | 305600 | 37 24.1 0.000000 79 0 0
03
14Aug | 0.7760786 | 305600 | 31 25.6 0.000167 93 1 0
04
14Aug | 0.7760786 | 305600 | 31 226 0.000000 84 0 0
05
14Aug | 0.7760786 | 305600 | 33 23.9 0.000056 87 1 0
06
14Aug | 0.7760786 | 305600 | 31 19.7 0.000000 95 0 0
07
14Aug | 0.7760786 | 305600 | 31 30.8 0.000056 94 1 0
09

Quebec | 8-Sep02 | 0.7225560 | 305600 | 33 7.7 0.000419 96 0 1
8-Sep92 | 0.72255598 | 305600 | 31 215 0.00011111| 94 1 0
8-Sep93 | 0.7225560 | 305600 | 31 20.9 0.000000 100 0 0
8-Sep94 | 0.7225560 | 305600 | 31 20.3 0.000028 100 1 0
8-Sep95 | 0.7225560 | 305600 | 37 227 0.000101 96 1 0
8-Sep96 | 0.7225560 | 305600 | 31 21.4 0.000000 79 0 0
8-Sep97 | 0.7225560 | 305600 | 31 20 0.000000 100 0 0
8-Sep98 | 0.7225560 | 305600 | 31 15.8 0.000063 97 0 0
8-Sep00 | 0.7225560 | 305600 | 44 7.7 0.000000 95 0 0
8-Sep01 | 0.7225560 | 305600 | 31 12.2 0.000000 97 0 0
8-Sep03 | 0.7225560 | 305600 | 33 6 0.000000 82 0 0
8-Sep05 | 0.7225560 | 305600 | 31 25.6 0.000000 83 0 0
8-Sep06 | 0.7225560 | 305600 | 33 25.6 0.000000 99 0 0
8-Sep08 | 0.7225560 | 305600 | 31 19.7 0.000201 100 1 0
8-Sep09 | 0.7225560 | 305600 | 31 20 0.000000 95 0 0

Quebec| 7-Now | 0.8712907 | 305600 | 52 6.9 0.000042 90 0 1
02
7-Now | 0.8712907 | 305600 | 30 -10.8 0.000006 87 0 0
92

Quebec | 7-Now | 0.8712907 | 305600 | 83 1.8 0.000107 100 0 0
94
7-Now | 0.8712907 | 305600 | 50 5.8 0.000611 96 0 0
95
7-Nov | 0.87129073 | 305600 | 41 6.8 0.00014444| 73 0 0
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7-Now 0.8712907 | 305600 31 -6.8 0.000000 100
7-[3?)\/— 0.8712907 | 305600 31 2.4 0.000000 90
7-[3?)\/— 0.8712907 | 305600 31 -1.6 0.000000 89
7-32\/— 0.8712907 | 305600 31 4.8 0.000017 99
7-|(\)l(c))\/- 0.8712907 | 305600 31 -6.6 0.000000 92
7-l(\)|?(;v- 0.8712907 | 305600 31 2.4 0.000048 95
7-[?:(1)\/- 0.8712907 | 305600 54 2.6 0.000296 97
7-|(\)IE())V- 0.8712907 | 305600 35 -8.6 0.000000 92
7-|(\)|?'JV- 0.8712907 | 305600 56 -2.5 0.000575 95
7-|(\)|(7'JV- 0.8712907 | 305600 31 2 0.000130 97
Quebec 11?]8”” 0.7362097 | 305600 31 18.4 0.000000 93
ll?.]zun 0.7362097 | 305600 31 16 0.000000 97
ll?.]Sun 0.7362097 | 305600 54 29 0.000000 97
11—9‘]‘:” 0.7362097 | 305600 31 13.9 0.000222 95
11?J5un 0.7362097 | 305600 41 27.2 0.000000 82
11?J6un 0.7362097 | 305600 37 19.7 0.000000 81
11-9J7un 0.7362097 | 305600 31 27.2 0.000000 98
11—9J8un 0.73620972 | 305600 31 27.1 0 93
11—9J9un 0.7362097 | 305600 31 15.6 0.001167 97
11?J2un 0.7362097 | 305600 35 21.1 0.000292 98
11?J3un 0.7362097 | 305600 52 14.8 0.000000 64
11?\]1”} 0.7362097 | 305600 31 21.8 0.000000 83
11?J5un 0.7362097 | 305600 31 15.2 0.000395 98
11?J6un 0.7362097 | 305600 31 245 0.000000 100
21(-);u|- 0.7853632 | 305600 31 33.5 0.000022 94
01

178




21-Jut 0.7853632 | 305600 37 24.2 0.000250 90
Quebec 21?§u|- 0.7853632 | 305600 41 29.8 0.000630 95
Zl?juk 0.7853632 | 305600 31 18.2 0.000423 85
21??u|- 0.7853632 | 305600 32 18.3 0.000028 84
215-)J7UI- 0.7853632 | 305600 31 25.2 0.000000 97
21?33u|- 0.7853632 | 305600 32 26.6 0.000000 81
21??u|- 0.7853632 | 305600 31 19.2 0.000167 94
21(?.(1)UF 0.7853632 | 305600 41 28.3 0.000000 89
Zl?iuk 0.7853632 | 305600 31 215 0.000071 97
Zl?iuk 0.7853632 | 305600 31 28.4 0.000000 89
21(-)qu 0.78536319 | 305600 31 245 5.5556E05 96
21(-)\(13UF 0.7853632 | 305600 31 22.8 0.000074 93
21(-)qu 0.7853632 | 305600 31 20.5 0.000306 91
Zl?fuk 0.7853632 | 305600 35 251 0.000000 96
Quebec 22(?\?UF 0.7853632 | 305600 31 20 0.000028 97
22(-)qu 0.7853632 | 305600 31 19.4 0.000000 96
22?§UF 0.7853632 | 305600 31 17.6 0.000333 100
22?‘:]3UF 0.7853632 | 305600 35 24.1 0.000000 100
22?§UF 0.7853632 | 305600 33 171 0.000000 82
22?\?UF 0.7853632 | 305600 31 17.6 0.000000 89
ZZ?ZUF 0.7853632 | 305600 46 275 0.000689 100
229-)33ul- 0.7853632 | 305600 31 26.1 0.000167 99
229-)?ul- 0.7853632 | 305600 31 22.9 0.000296 98
22(?\(])UF 0.7853632 | 305600 44 31.4 0.000056 89
22?§UF 0.7853632 | 305600 31 18.6 0.000194 95
22(1:]3UF 0.7853632 | 305600 39 294 0.000000 96

179




04

22-Jut 0.7853632 | 305600 31 27.1 0.000278 96
22?§u|- 0.7853632 | 305600 31 26.7 0.000000 97
22?§u|- 0.78536319 | 305600 31 25.2 0 93
22(?;u|- 0.7853632 | 305600 31 22.8 0.000100 91
22(?33u|- 0.7853632 | 305600 31 18.2 0.000154 98
Quebec 24(3?u|- 0.7853632 | 305600 41 30.4 0.000375 97
24?qu 0.7853632 | 305600 31 26.4 0.000000 100
24?§UF 0.7853632 | 305600 31 14.7 0.000063 94
24?\:]3% 0.7853632 | 305600 31 28.5 0.000896 100
24?qu 0.7853632 | 305600 31 26 0.001117 100
24?;_’% 0.7853632 | 305600 31 24.8 0.000000 83
24?.?UF 0.7853632 | 305600 35 28.8 0.000000 100
24?§uk 0.7853632 | 305600 31 24.9 0.000046 97
ZE?UF 0.7853632 | 305600 37 23.9 0.000000 98
ZE?UF 0.7853632 | 305600 31 20.7 0.000000 100
24?‘(])uk 0.7853632 | 305600 31 20.7 0.000000 93
24?§UF 0.7853632 | 305600 32 214 0.000587 92
24(3qu 0.7853632 | 305600 44 22.8 0.000000 72
24?3_)UF 0.7853632 | 305600 31 23.8 0.000000 97
24?‘(]5UF 0.7853632 | 305600 32 30.8 0.000000 96
24?;ul- 0.78536319 | 305600 31 21.7 0 90
24?\?UF 0.7853632 | 305600 31 26.7 0.000000 98
Quebec 10(1?UF 0.7853632 | 305600 37 21.8 0.000354 100
10(1(])UF 0.7853632 | 305600 31 154 0.000187 99
10?§ul- 0.7853632 | 305600 31 21.8 0.000204 97
93
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10-Jut 0.7853632 | 305600 31 26.4 0.000694 89
10?;1u|- 0.7853632 | 305600 31 24.7 0.000000 97
10?§uk 0.7853632 | 305600 31 23.1 0.000574 89
Quebec 10?§uk 0.7853632 | 305600 31 17.3 0.000000 100
105-)J7UI- 0.7853632 | 305600 31 16.2 0.000319 100
10?33u|- 0.7853632 | 305600 31 191 0.000022 96
10??u|- 0.7853632 | 305600 31 20.9 0.000024 97
lo?juk 0.7853632 | 305600 35 20.7 0.000000 85
lO(qu 0.7853632 | 305600 48 245 0.000000 64
lO?.?uF 0.7853632 | 305600 31 23.8 0.000000 92
10(-)\?UF 0.7853632 | 305600 31 191 0.000032 96
10(-)\(13UF 0.7853632 | 305600 31 16.8 0.000128 97
10(-);uk 0.7853632 | 305600 31 24.7 0.000685 93
lO?.?uF 0.78536319 | 305600 31 26.9 0 93
Quebec 17(?\?UF 0.7853632 | 305600 31 171 0.000444 100
17(-)‘?UF 0.7853632 | 305600 32 20.3 0.000000 89
17?§UF 0.7853632 | 305600 37 11.8 0.000116 95
179-)‘:]3UF 0.7853632 | 305600 31 20.8 0.000000 99
17?\;1UF 0.7853632 | 305600 31 18.5 0.000000 97
17?§UF 0.7853632 | 305600 41 24.6 0.000528 100
17?ZUF 0.7853632 | 305600 32 24.2 0.000630 100
Quebec 179-)33ul- 0.7853632 | 305600 39 33.7 0.000000 85
179-)?ul- 0.7853632 | 305600 31 22.2 0.000000 100
17(1]1UF 0.7853632 | 305600 33 26.5 0.000000 100
17?§UF 0.7853632 | 305600 31 27.1 0.000000 94
17(1:]3UF 0.7853632 | 305600 33 24.1 0.000000 95
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17-Jut 0.7853632 | 305600 31 27.8 0.000000 95 0 0
05
17-Jut 0.7853632 | 305600 31 255 0.000306 100 1 0
06
17-Jut 0.7853632 | 305600 31 19.4 0.000167 100 1 0
09
Quebec | 6-Jan98 | 1.0000000 | 305600 31 -20 0.000028 80 0 1
6-Jan92 | 1.0000000 | 305600 31 -1.2 0.000395 100 0 0
6-Jan93 1 305600 31 -19.8 0 91 0 0
6-Jan94 | 1.0000000 | 305600 65 -18.5 0.000000 80 0 0
6-Jan95 | 1.0000000 | 305600 41 -24.6 0.000000 71 0 0
6-Janr96 | 1.0000000 | 305600 31 -24.1 0.000000 89 0 0
6-Jan97 | 1.0000000 | 305600 31 -12.3 0.000014 84 0 0
6-Janr99 | 1.0000000 | 305600 52 -20 0.000118 93 0 0
6-Janr00 | 1.0000000 | 305600 31 -10.1 0.000000 88 0 0
6-Jan01 | 1.0000000 | 305600 33 -6.5 0.000169 97 0 0
6-Janr02 | 1.0000000 | 305600 31 -18.2 0.000028 91 0 0
6-Jan03 | 1.0000000 | 305600 31 -17.6 0.000000 91 0 0
6-Jan04 | 1.0000000 | 305600 31 -11 0.000056 87 0 0
6-Jan05 | 1.0000000 | 305600 31 -23.5 0.000000 71 0 0
6-Jan06 | 1.0000000 | 305600 31 -11.5 0.000035 100 0 0
6-Jan07 | 1.0000000 | 305600 31 -1 0.000134 97 0 0
6-Jan08 | 1.0000000 | 305600 39 -10.5 0.000083 92 0 0
6-Jar09 | 1.0000000 | 305600 59 -14.3 0.000000 61 0 0
Quebec | 4-Dec 0.9583106 | 305600 37 0.9 0.000167 98 0 1
97
4-Dec 0.9583106 | 305600 46 -2.6 0.000038 89 0 0
92
4-Dec 0.95831058 | 305600 31 -4.2 0 100 0 0
93
4-Dec 0.9583106 | 305600 31 -14.1 0.000048 100 0 0
95
4-Dec 0.9583106 | 305600 31 2.2 0.000000 97 0 0
96
4-Dec 0.9583106 | 305600 41 9 0.000125 96 0 0
98
4-Dec 0.9583106 | 305600 31 9 0.000000 97 0 0
99
4-Dec 0.9583106 | 305600 31 -16.1 0.000000 99 0 0
00
4-Dec 0.9583106 | 305600 32 -10 0.000000 97 0 0
01
4-Dec 0.9583106 | 305600 50 -17.1 0.000000 81 0 0
02
4-Dec 0.9583106 | 305600 39 -6.8 0.000059 90 0 0
03
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4-Dec 0.9583106 | 305600 61 -12.1 0.000458 99
4—320— 0.9583106 | 305600 50 15 0.000538 97
4-3560- 0.9583106 | 305600 32 -4.3 0.000225 91
4-32!0— 0.9583106 | 305600 50 -7.1 0.000000 77
Quebec 7-310— 0.9583106 | 305600 31 -1.3 0.000130 100
7-%20— 0.9583106 | 305600 31 -11.7 0.000038 94
7-%(3'—20— 0.9583106 | 305600 32 -19.7 0.000000 91
7-?)560- 0.9583106 | 305600 31 -1.7 0.000003 93
7-?)666 0.9583106 | 305600 70 -3.4 0.000235 100
7-?)866 0.95831058 | 305600 31 -1.1 0.00014052 95
7-%?90— 0.9583106 | 305600 31 -15.1 0.000000 86
7-3(()90— 0.9583106 | 305600 41 -20.4 0.000000 82
7-gzec— 0.9583106 | 305600 50 -5 0.000006 81
7-?)?30— 0.9583106 | 305600 31 -16.4 0.000000 76
7-?)‘(‘;(} 0.9583106 | 305600 37 -10.1 0.000000 70
7-8?9(:— 0.9583106 | 305600 31 -3.5 0.000000 94
7-3((59(:— 0.9583106 | 305600 31 -20.4 0.000074 89
Y-gYec— 0.9583106 | 305600 31 -1.2 0.000042 94
Quebec 2-|(\)|§)V- 0.8712907 | 305600 31 -7.8 0.000000 85
Quebec 2-|3|f)\/— 0.8712907 | 305600 31 -4.3 0.000000 86
2-|(\)|Sc))\/- 0.8712907 | 305600 32 5.3 0.000386 100
2-[9\):(1)\/- 0.8712907 | 305600 31 -7.9 0.000167 99
2-[9\)2\/- 0.8712907 | 305600 31 -7.3 0.000000 74
2_'360\/_ 0.8712907 | 305600 37 25 0.000496 100
2-|3|70V- 0.8712907 | 305600 31 4.4 0.000194 100
2_'3(8)\/_ 0.8712907 | 305600 56 14.8 0.000000 90
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2-Now 0.8712907 305600 31 0.9 0.000000 89 0 0
00
2-Now 0.87129073 | 305600 31 6.2 0 91 0 0
01
2-Now 0.8712907 305600 41 -4.6 0.000211 94 0 0
02
2-Now 0.8712907 305600 37 -4 0.000000 82 0 0
03
2-Now 0.8712907 305600 31 -0.6 0.000278 94 0 0
04
2-Now 0.8712907 305600 50 11.3 0.000000 94 0 0
05
2-Now 0.8712907 305600 31 -4 0.000000 96 0 0
06
2-Now 0.8712907 305600 46 -6.1 0.000000 87 0 0
07
2-Now 0.8712907 305600 41 -4.2 0.000019 86 0 0
08
Quebec Dataset I Test Data
Relative PO
Province | Date Consumption | Network Wind Temperature | Precipitation Humidit Liahtnin Model
Index Size (km) | (km/hr) | (Celsius) (mm/s) ) Y | HONING b icted
. Outputs
Quebec | 4-Now 0.8712907 305600 61 -0.5 0.001366 97 0 0.99
07
Quebec 4-Now 0.8712907 305600 31 -2.2 0.000000 94 0 0.079
94
Quebec 6-Jun 0.7362097 305600 32 20.5 0.000000 87 0 0.105
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Quebec 6-Jun 0.7362097 305600 35 23.9 0.000296 91 0.039
09

Quebec 19-Jut 0.7853632 305600 31 19.8 0.000000 94 0.08
02

Quebec 19-Jut 0.7853632 305600 31 241 0.000148 100 0.032
09

Quebec 1-Aug 0.7760786 305600 31 19.6 0.000100 95 0.979
05

Quebec 9-Aug 0.7760786 305600 31 29.9 0.000537 96 0.071
01

Quebec 39669 | 0.776078646 305600 31 20.1 0 90 0.04

Quebec 10- 0.7760786 305600 31 211 0.000151 97 0.928
Aug03

Quebec 26- 0.7760786 305600 46 271 0.000122 99 0.055
Aug01

Quebec 26- 0.9583106 305600 31 -5 0.000000 95 0.044
Dec01

Quebec 2-Aug 0.7760786 305600 31 20.9 0.000083 92 0.016
94

Quebec 2-Aug 0.7760786 305600 31 26.8 0.000000 91 0.077
09

Quebec 14 0.7760786 305600 31 28.5 0.000000 97 0.993
Aug02

Quebec 14 0.7760786 305600 31 19.6 0.000000 89 0.036
Aug08

Quebec 8-Sep 0.7225560 305600 33 30.4 0.000000 96 0.056
07

Quebec 37508 0.72255598 305600 31 30.3 0 90 0.953

Quebec 9-Sep 0.7225560 305600 31 16.3 0.000000 87 0.084
92

Quebec | 7-Now 0.8712907 305600 32 -6.7 0.000000 90 0.1
93

Quebec | 7-Now 0.8712907 305600 31 -5.8 0.000167 76 0.019
09

Quebec 11- 0.7362097 305600 31 23.2 0.000000 90 0.925
Jun01

Quebec 11- 0.7362097 305600 31 15.1 0.000000 85 0.104
Jun00

Quebec 22-Jut 0.7853632 305600 31 28.1 0.000194 96 0.01
94

Quebec 4-Dec 0.9583106 305600 59 -6.3 0.000059 97 0.03
94

Quebec 4-Dec 0.9583106 305600 48 -1.4 0.000000 91 0.091
08

Quebec 40151 | 0.958310577 305600 57 -7.3 0 75 0.065

Quebec | 2-Now 0.8712907 305600 46 -6.5 0.000239 98 0.934
93

Quebec 7-Dec 0.9583106 305600 33 -9.8 0.000000 80 0.007
09

Quebec 2-Aug 0.7760786 305600 31 20.6 0.000000 82 0.002
96

Quebec 26- 0.7760786 305600 31 21.9 0.000651 96 0.089
Aug07

Quebec 19-Jut 0.7853632 305600 31 25.1 0.000000 92 0.029
08
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Quebec 1-Aug 0.7760786 305600 48 12.8 0.000579 99 0.055
92

Quebec 6-Jun 0.7362097 305600 48 24.1 0.000194 94 0.029
99

Quebec 4-Now 0.8712907 305600 41 -3.1 0.000000 79 0.105
05

Quebec 36683 | 0.736209721 305600 44 18.6 0 96 0.091

Quebec 19-Jut 0.7853632 305600 31 24.6 0.000144 100 0.098
95

Quebec 1-Aug 0.7760786 305600 31 20.8 0.000000 95 0.093
02

Quebec 10- 0.7760786 305600 31 21 0.000056 94 0.032
Aug06

Quebec 26- 0.9583106 305600 31 -21.9 0.000111 71 0.1
Dec04

Quebec 11- 0.7362097 305600 31 23.5 0.000472 92 0.063
Jun08

Quebec 2-Aug 0.7760786 305600 31 21.5 0.000398 100 0.08
97

Quebec 14- 0.7760786 305600 31 23.5 0.000000 100 0.001
Aug98

Quebec 8-Sep 0.7225560 305600 31 7.1 0.000167 90 0.043
04

Quebec 37202 | 0.871290734 305600 82 1.3 6.7901E05 93 0.082

Quebec 11- 0.7362097 305600 31 12 0.000025 95 0.095
Jur09

Quebec 21-Juk 0.7853632 305600 31 22.6 0.000083 100 0.071
95

Quebec 10-Jut 0.7853632 305600 31 15.1 0.000014 91 0.04
04

Quebec 17-Jut 0.7853632 305600 32 26.8 0.000133 91 0.073
08

Quebec 24-Jut 0.7853632 305600 31 22.2 0.000175 97 0.053
03

Quebec 2-Now 0.8712907 305600 31 3.6 0.000293 100 0.093
91
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APPENDIX II

GENERAL CODE FOR MATLAB

% Solve an Input - Output Fitting problem with a Neural Network
% Script generated by Neural Fitting app

% Created 19 - Oct - 2015 22:06:29

%

% This script assumes these variables are defined:

%

% x - inputdata.
% y - targetdata.
X=X}
t=y,

% Choose a Training Function

% For a list of all training functions type: help nntrain

% 'trainlm' is usually fastest.

% 'trainbr' takes longer but may be better for challenging problems.

% 'trainscg’ uses less memory. Suitable in low memory situations.

trainFcn = 'trainbr' ;% Bayesian Regularization backpropagation.

% Create a Fitting Network
hiddenLayerSize = 15;
net = fitnet(hiddenLayerSize,trainFcn);

% Choose Input and Output Pre/Post - Processing Functions

% For a list of all processing functions type: help nnprocess
net.input.processkcns = { 'removeconstantrows' , 'mapminmax’ };

net.output.processkcns = { ‘removeconstantrows’ , 'mapminmax’ };

% Setup Division of Data for Training, Validation, Testing

% For a list of all data division functions type: help nndivide
net.divideFcn = ‘dividerand'’ ;% Divide data randomly
net.divideMode = 'sample’ ; % Divide up every sample

net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;

% Choose a Performance Functio n
% For a list of all performance functions type: help nnperformance
net.performFcn = '

mse' ; % Mean Squared Error

% Choose Plot Functions

% For a list of all plot functions type: help nnplot

net.plotFcns = { 'plotperform’ , 'plottrainstate’ , 'ploterrhist’ ,
'plotregression’ , 'plotfit’ h

% Train the Network
[net,tr] = train(net,x,t);
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% Test the Network

y = net(x);

e = gsubtract(t,y);
performance = perform(net,t,y)

% Recalculate Training, Validation and Test Performance
trainTargets =t .* tr.trainMask{1};

valTargets =t .* tr.valMask{1};

testTargets =t .* tr.testMask{1};

trainPerformance = perform(net,trainTargets,y)
valPerformance = perform(net,valTargets,y)
testPerformance = perform(net,testTargets,y)

% View the Network
view(net)

% Plots

% Uncomment these lines to enable various plots.
%figure, plotperform(tr)

%figure, plottrainstate(tr)

%figure, ploterrhist(e)

%figure, plotregression(t,y)

%figure, plotfit(net,x,t)

% Deployment
% Change the (false) values to (true) to enable the fo llowing code blocks.
% See the help for each generation function for more information.
if (false)
% Generate MATLAB function for neural network for application
% deployment in MATLAB scripts or with MATLAB Compiler and Builder
% tools, or simpl y to examine the calculations your trained neural
% network performs.
genFunction(net, 'myNeuralNetworkFunction' );
y = myNeuralNetworkFunction(x);
end
if (false)
% Generate a matrix - only MATLAB function for neural network code
% generation with MATLAB Coder tools.
genFunction(net, 'myNeuralNetworkFunction' , 'MatrixOnly' ,'yes' );
y = myNeuralNetworkFunction(x);
end
if (false)
% Generate a Simulink diagram for simulation or deployment with.
% Simulink Coder tools.
gensim(net);
end
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BPNN MODEL CODES FOR MATLAB

Fitting Network

function outl = fitnet(varargin)

%FITNET Function fitting neural network.

%

% For an introduction use the Neural Fitting App <a href="matlab: doc
nftool">nftool</a>.

% Click <a href="m atlab:nftool">here</a> to launch it.

%

% Two (or more) layer fitting networks can fit any finite input

% relationship arbitrarily well given enough hidden neurons.

%

% <a href="matlab:doc fitnet">fitnet</a>(hiddenSizes,trainFcn) takes a row

vector of N hidden layer

% sizes, and a backpropagation training function, and returns

% afeed - forward neural network with N+1 layers.

%

% Input, output and output layers sizes are set to 0. These sizes will

% automatically be configured to match par ticular data by <a

href="matlab:doc train">train</a>. Or the

% user can manually configure inputs and outputs with <a href="matlab:doc

configure">configure</a>.

%

% Defaults are used if <a href="matlab:doc fitnet">fitnet</a> is called
with fewer argument S.

% The default arguments are (10,'<a href="matlab:doc
trainlm">trainlm</a>").

%

% Here a fitting network is used to solve a simple fitting problem:

%

% [x,t] = <a href="matlab:doc simplefit_dataset">simplefit_dataset</a>;
% net=<a href="matlab:doc fitnet">fitnet</a>(10);

% net = <a href="matlab:doc train">train</a>(net,x,t);

% <a href="matlab:doc view">view</a>(net)

% y=net(x);

% perf = <a href="matlab:doc perform">perform</a>(net,t,y)

%

% See also FEEDFORWARDNET, PAT TERNNET.

% Mark Beale, 2008 - 13- 2008
% Copyright 2008 - 2011 The MathWorks, Inc.

%% s s

% BOILERPLATE_START
% This code is the same for all Network Functions.

persistent INFO;

if isempty(INFO), INFO = get_info; end
if  (nargin > 0) && ischar(varargin{1})
&& ~strempi(varargin{1}, ‘hardlim" ) &&
~strempi(varargin{1}, ‘hardlims' )

code = varargin{1};
switch  code
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case 'info'
outl = INFO;
case 'check_param'
err = check_param(varargin{2});

if ~isempty(err), nnerr.throw( 'Args' ,err); end
outl = err,
case 'create'
if nargin < 2, error(message( 'nnet:Args:NotEnough’ )); end

param = varargin{2};

err = nntest.param(INFO.parameters,param);

if ~isempty(err), nnerr.throw( 'Args' ,err); end
outl = create_network(param);

outl.name = INFO.name;

otherwise
% Quick info field access
try
outl = eval([ 'INFO.' code));
catch  %#ok<CTCH>
nnerr.throw([ '‘Unrecognized argument: " code " ]
end
end

else
[args,param] = nnparam.extract_param(varargin,INFO.defaultParam);
[param,err] = INFO.overrideStructure(param,args);
if ~isempty(err), nnerr.throw( ‘Args' ,err, ‘'Parameters’ ); end
net = create_network(param);
net.name = INFO.name;
outl = init(net);

end

end

function v = fcnversion
v=7;
end

% BOILERPLATE_END
function info = get_info

info = nnfcnNetwork(mfilename, 'Function Fitting Neural
Network' ,fcnversion,

nnetParaminfo(  ‘'hiddenSizes' , 'Hidden Layer
Sizes' , 'nntype.strict_pos_int_row' ,10,
'Sizes of 0 or more hidden layers." ),
nnetParaminfo(  ‘trainFcn' , "Training
Function' , 'nntype.training_fcn' , 'trainlm’ ) e
'Function to train the network.' ),
D;

end

function err = check_param(param)
err= " ;

end

function net = create_network(param)
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net = feedforwardnet(param.hiddenSizes,param.trainFcn);
net.plotFcns = [net.plotFcns { "plotfit’ H;
end

Bayesian Regularization

function [outl,out2] = trainbr(varargin)
%TRAINBR Bayesian Regularization backpropagation.
%

% <a href="matlab:doc trainbr" >trainbr</a> is a network training function

that updates the weight and

% bias values according to Levenberg - Marquardt optimization. It

% minimizes a combination of squared errors and weights

% and, then determines the correct combination so as to prod

% network which generalizes well. The process is called Bayesian

% regularization.

%

% [NET,TR] = <a href="matlab:doc trainbr">trainbr</a>(NET, X, T,Xi,Ai,EW)
takes additional optional

% arguments suitable for training dynamic networks and trainin

% error weights. Xi and Ai are the initial input and layer delays states
% respectively and EW defines error weights used to indicate

% the relative importance of each target value.

%

% Training occurs according to training parameters, with def

% Any or all of these can be overridden with parameter name/value argument

% pairs appended to the input argument list, or by appending a structure
% argument with fields having one or more of these names.

% epochs 1000 Maximum number of epochs to train
% goal 0 Performance goal

% mu 0.005 Marquardt adjustment parameter

% mu_dec 0.1 Decrease factor for mu

% mu_inc 10 Increase factor for mu

% mu_max 1e10 Maximum value for mu

% max_fall 0 Maximum validation failures

% min_grad le - 7 Minimum performance gradient

% show 25 Epochs between displays

% showCommandLine false Generate command -line  output
% showWindow true Show training GUI

% time inf Maximum time to train in seconds

%

% Validation stops are disabled by default (max_fail = 0) so that

% training can continue until an optimial combination of errors and

% weights are found. However, some weight/bias minimization can still
% be achieved with shorter training times if validation is enabled

% (by setting max_fail to 6 or some other strictly positive value).

%

uce a

g with

ault values.

% To make this the default training function for a network, and view

% and/or change parameter settings, use these two properties:

%

% net.<a href="matlab:doc nnproperty.net_trainFcn">trainFcn</a> =
'trainbr';

% net.<a href="matlab:doc nnproperty.net_trainParam">trainParam</a>

%

% See also TRAINGDM, TRAINGDA, TRAINGDX, TRAINLM, TRAINRP,
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% TRAINCGF, TRAINCGB, TRAINSCG, TRAINCGP, TRAINBFG.

% Copyright 1992

% BOILERPLATE_START
% This code is th

persistent INFO;
if isempty(INFO)

INFO = get_info;
end

nnassert.minargs(nargin,1);
inl = varargin{1};
if ischar(inl)
switch  (inl)
case 'info'
outl = INFO;
case ‘'apply'

- 2014 The MathWorks, Inc.

e same for all Training Functions.

[outl,out2] = train_network(varargin{2:end});

case 'formatNet'
outl = formatNet(varargin{2});
case 'check_param'
param = varargin{2};
err = nntest.param(INFO.para
if isempty(err)

meters,param);

err = check_param(param);

end
if nargout>0
outl = err,
elseif ~isempty(err)
nnerr.throw( Type'
end
otherwise ,
try
outl = eval([ 'INFO.'
catch  me, nnerr.throw([

)

end
else
net = varargin{1};
oldTrainFcn = net.trainFcn;
oldTrainParam = net.trainParam;
if ~strcmp(net.trainFcn,mfilename)
net.trainFcn = mfilename;

end

er);

in1]);
‘Unrecognized first argument:

net.trainParam = INFO.defaultParam;

end
[outl,out?] = train(net,varargin{2:end});
net.trainFcn = oldTrainFcn;
net.trainParam = oldTrainParam;

end

end

% BOILERPLAT E_END

192

inl



function info = get_info()

isSupervised = true;

usesGradient = false;

usesJacobian = true;

usesValidation = true;

supportsCalcModes = true;

info = nnfcnTraining(mfilename, 'Bayesian  Regularization' ,8.0,

isSupervised,usesGradient,usesJacobian,usesValidation,supportsCalcModes,

nnetParaminfo(  'showWindow' , 'Show Training Window

Feedback' , 'nntype.bool_scalar' true,
'‘Display training window during training.’ ), ..
nnetParaminfo(  'showCommandLine' , 'Show Command Line
Feedback' , 'nntype.bool_scalar' false,
‘Generate command line output during training.' )
nnetParaminfo(  'show' , 'Command Line
Frequency' , 'nntype.strict_pos_int_inf_scalar' ,25,
'Fr equency to update command line.' ),
nnetParaminfo(  'epochs' , 'Maximum Epochs' , 'nntype.pos_scalar' ,1000,
‘Maximum number of training iterations before training is stopped.’
nnetParaminfo( 'time' , 'Maximum Training
Time' , 'nntype.po  s_inf_scalar' ,inf,
‘Maximum time in seconds before training is stopped.’ )
nnetParaminfo(  'goal' , 'Performance Goal' , 'nntype.pos_scalar' ,0,
'Performance goal.' ) ..
nnetParaminfo( 'min_grad" , 'Minimum Gradient' , 'nntype.pos_scalar' le -
7, ..
'Minimum performance gradient before training is stopped.’ )
nnetParaminfo(  'max_fail' , 'Maximum Validation
Checks' , 'nntype.pos_int_scalar' 0, ..
'Maximum number of validation checks before training is stopped.’
nnetParaminfo(  'mu’ , 'Mu' , 'nntype.strict_pos_scalar' ,0.005,
'Mu." ),
nnetParaminfo( 'mu_dec' , 'Mu Decrease
Ratio' , 'nntype.strict_pos_scalar' ,0.1,
'Ratio to decrease mu.' ), ..
nnetParaminfo( 'mu_inc’ , 'Mu Increase
Ratio' , 'nntype.strict_pos_scalar' ,10,
'Ratio to increase mu.' ), ..
nnetParaminfo( 'mu_max' , 'Maximum mu' , 'nntype.strict_pos_scalar' ,1el10,
'Maximum mu before training is stopped.' ),
|
[ ..
nntraining.state_info( ‘gradient’ , 'Gr adient' , 'continuous' ,'log" )
nntraining.state_info( 'mu’ , 'Mu' , 'continuous' ,'log" )
nntraining.state_info( ‘gamk’ , 'Num Parameters' , 'continuous’ , 'linear’
nntraining.state_info( 'ssX' , 'Sum Squared Param' , 'continuous' ,'log" )
nntraining.state_info( 'val_fail' , 'Validation
Checks' , 'discrete’ , 'linear' )
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D

end

function err = check_param(param)

err = :
end

function net = formatNet(net)
if isempty(net.performFcn)
warning(message( 'nnet:train:EmptyPerformanceFixed );

net.performFcn = 'mse’ ;
end
if isempty(nnstring.first_match(net.performFcn,{ 'sse' , 'mse’
warning(message( ‘'nnet:train:NonSqrErrorFixed' );
net.performFcn = ‘mse’ ;
end
if isfield(net.performParam, ‘regularization’ )
if net.performParam.regularization ~= 0
disp([nnlink.fcn2ulink( ‘trainbr’ )

nnwarning.adaptive_reg_override])
net.performParam.regression = 0;
end
end
end

function [archNet,tr] = train_network(archNet,rawData,calcLib,calcNet,tr)
[archNet,tr] =
nnet.train.trainNetwork(archNet,rawData,calcLib,calcNet,tr,localfunctions);
end

function worker = initializeTraining(archNet,calcLib,calcNet,tr)

% Cross worker existence required
worker.WB =];

% Initial Gradient
[worker.xsE,worker.vp erf,worker.tperf,worker.je,worker.jj,
worker.xgradient,worker.trainN] = calcLib.perfsJEJJ(calcNet);

if calcLib.isMainWorker

% Training control values

worker.epoch = 0;

worker.startTime = clock;

worker.param = archNet.trainParam;

worker.originalNet = calcNet;

[worker.best,worker.val_fail] =
nntraining.validation_start(calcNet,worker.xsE,worker.vperf);

worker.WB = calcLib.getwb(calcNet);
worker.length_X = numel(worker.WB);

worker.ii =

sparse(1l:worker.length_X,1:worker.length_X,ones(1,worker.length_X));
worker.mu = worker.param.mu;
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worker.numParameters = worker.length_X;
worker.gamk = worker.numParameters;
if worker.xsE ==

worker.beta = 1;

else
worker.beta = (worker.trainN - worker.gamk)/(2 * worker.xsE);
end
if  (worker.beta <=0)
worker.beta = 1;
end
worker.ssX = worker.WB' * worker.WB;
worker.alph = worker.gamk / (2 * worker.s sX);
worker.perf = worker.beta * worker.xs + worker.alph * worker.ssX;
% Training Record
worker.tr = nnet.trainingRecord.start(tr,worker.param.goal,
{'epoch' , 'time' ,’'perf" ,‘'vperf | ‘tperf ,'mu’ , 'gradient’ , 'gamk' | 'ssX' , 'val_fa
i B
% Status

worker.status =

[

nntraining.status( '‘Epoch’ | 'iterations' , 'linear’ , 'discrete’ ,0,worker.param.e
pochs,0),

nntraining.status( ‘Time' , 'seconds’ , 'linear' , 'discrete’ ,0,worker.param.time,
0),

nntraining.status( 'Performance’ ," ,'log" , 'continuous' ,worker.xsE,worker.par

am.goal,worker.xsE)

nntraining.status( '‘Gradient’ ," ,'log" , ‘continuous' ,worker.xgradient,worker.

param.min_grad,worker.xgradient)

nntraining.status( 'Mu'," ,'log" |, 'continuous' ,worker.mu,worker.

worker.mu)
nntraining.status( ‘Effective #

Param' ," , 'linear' , ‘continuous’ ,worker.gamk,0,worker.gamk)
nntraining.status( 'Sum Squared

Param' ," ,'log' , 'continuous' ,worker.ssX,0,worker.ssX)
nntraining.status( ‘Validation

Checks' ," , 'linear' , 'discrete’ ,0,worker.param.max_fail,0)
I

end

end

function [worker,calcNet] = updateTrainingState(worker,calcNet)

% Stopping Criteria

current_time = etime(clock,worker.startTime);
[userStop,userCancel] = nntraintool( ‘check' );
if userStop
worker.tr.stop = message( 'nnet:trainingStop:UserStop' );
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calcNet = worker.best.net;

elseif userCancel
worker.tr.stop = message( 'nnet:trainingStop:UserCance ")
calcNet = worker.originalNet;

elseif (worker.xsE <= worker.param.goal)
worker.tr.stop = message( 'nnet:trainingStop:PerformanceGoalMet'
calcNet = worker.best.net;

elseif ~ (worker.epoch == worker.param.epochs)
worker.tr.stop = message( 'nnet:trainingStop:MaximumEpochReached'
calcNet = worker.best.net;

elseif (current_time >= worker.param.time)

worker.tr.stop = message( 'nnet:trainingStop:MaximumTimeElapsed'
calcNet = worker.best.net;

elseif (worker.xgradient <= worker.para m.min_grad)
worker.tr.stop = message( 'nnet:trainingStop:MinimumGradientReached'

calcNet = worker.best.net;

elseif (worker.mu >= worker.param.mu_max)
worker.tr.stop = message( 'nnet:trainingStop:MaximumMuReached' );
calcNet = worker.best.net ;

elseif (worker.val_fail >= worker.param.max_fail) && (worker.param.max_fail

>0)
worker.tr.stop = message( 'nnet:trainingStop:ValidationStop' );
calcNet = worker.best.net;

end

% Training Record
worker.tr = nnet.trainingRecord.update(worker.tr,

[worker.epoch current_time worker.xsE worker.vperf worker. tperf
worker.mu

worker.xgradient worker.gamk worker.ssX worker.val_fail]);
worker.statusValues =

[worker.epoch,current_time,worker.xsE,worker.xgradient,worker.mu,worker.gam
k,wo rker.ssX,worker.val_fail];
end

function [worker,calcNet] = traininglteration(worker,calcLib,calcNet)

% Cross worker control variables
worker.muBreak = [];
worker.perfBreak = [J;

worker. WB2 =J;

% Bayesian Regularization
while  true
if  calcLib.isMainWorker
worker.muBreak = (worker.mu > worker.param.mu_max);
end
if calcLib.broadcast(worker.muBreak)
break ;
end

if calcLib.isMainWorker

[dX,flag_inv] = computeDX(worker);
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worker.WB2 = worker.WB + dX;
ssX2 = worker.WB2' * worker.WB2;
end

calcNet2 = calcLib.setwb(calcNet,worker.WB2);
XSE2 = calcLib.trainPerf(calcNet2);

if calcLib.isMainWorker
perf2 = worker.beta * xsE2 + worker.alph * ssX2;
end

if calcLib.isMainWorker
worker.perfBreak = (perf2 < worker.perf) && all(isfinite(dX)) &&
flag_inv;
end
if  calcLib.broadcast(worker.perfBreak)
if calcLib.isMainWorker
[worker.WB,worker.ssX,worker.perf] =
deal(worker.WB2,ssX2,perf2);
end
calcNet = calcLib.setwb(calcNet,worker.WB2);
if  calcLib.isMainWorker
worker.mu = worker.mu * worker.param.mu_dec;
if (workermu<1le -20)
worker.mu =1e - 20;
end
end
break
end
if  calcLib.isMainWorker
worker.mu = worker.mu * worker.param.mu_inc;
end
end
[worker.xsE,worker.vperf,worker.tperf,worker. je,worker.jj,worker.xgradient]

calcLib.perfsJEJJ(calcNet);

if  calcLib.isMainWorker
if  (worker.mu <= worker.param.mu_max)
% Update regularization parameters and performance function
warnstate = warning( ‘off  ,'all' )
worker.gamk = worker.numParameters - worker.alph *
trace(inv(worker.beta * worker.jj + worker.ii * worker.alph));
warning(warnstate);
if (worker.ssX ==0)
worker.alph = 1;
else
worker.alph = worker.ga mk / (2 * worker.ssX);
end
if  (worker.xsE == 0)
worker.beta =1;

else
worker.beta = (worker.trainN - worker.gamk)/( 2* worker.xsE);
end
worker.perf = worker.beta * worker.xs + worker.alph * w orker.ssX;
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end

% Track Best Network
[worker.best,worker.tr,worker.val_fail] =
nnet.train.trackBestNetwork(

worker.best,worker.tr,worker.val_fail,calcNet,worker.xsE,worker.vperf,worke
r.epoch);

end

end

function [dX,flag_inv] =c¢ omputeDX(worker)

% Check for Singular Matrix warnings
[msgstr,msgid] = lastwarn;

lastwarn(  'MATLAB:nothing' , 'MATLAB:nothing' ) % Save lastwarn state
warnstate = warning( ‘off ,'all' ); % Suppress warnings
num = - (worker.beta * worker.jj + worker.ii * (worker.mu + worker.alph));

den = (worker.beta * worker.je + worker.alph * worker.WB);
dX=num \ den;

[~,msgid1] = lastwarn;
flag_inv = isequal(msgidl, 'MATLAB:nothing' );
if flag_inv
lastwarn(msgstr,msgid);
end; % Restore lastwarn state
warning(warns tate); % Restore warnings
end
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GRNN MODEL CODES FOR MATLAB

function outl = newgrnn(varargin)

%NEWGRNN Design a generalized regression neural network.

%

% Generalized regression neural networks are a kind

% of radial basis network that is often used for function
% approximation. GRNNs can be designed very quickly.

%

% <a href="matlab:doc newgrnn">newgrnn</a>(X,T,SPREAD) takes RxQ matrix of

column input vectors,

% SxQ matrix of column target vectors, and the SPREAD of the radial
% basis funct ions (default = 1.0), and returns a new generalized
% regression network.

%

% The larger SPREAD is, the smoother the function approximation

% will be. To fit data closely, use a SPREAD smaller than the

% typical distance between input vectors. To fit the data more

% smoothly use a larger SPREAD.

%

% Here a radial basis network is designed from inputs X and targets T,
% and simulated.

%

% x=[123];

% t=[2.04.15.9];

% net = <a href="matlab:doc newgrnn">newgrnn</a>(x,t);
% y=net(x )

%

% See also SIM, NEWRB, NEWGRNN, NEWPNN.

% Mark Beale, 11 - 31-97
% Copyright 1992 - 2011 The MathWorks, Inc.

%% e ———————
% BOILERPLATE_START
% This code is the same for all Network Functions.

persistent INFO;

if isempty(INFO), INFO = get_info; end
if  (nargin > 0) && ischar(varargin{1})
&& ~strempi(varargin{1}, ‘hardlim" ) &&
~strempi(varargin{1}, ‘hardlims' )

code = varargin{1},
switch  code
case 'info'
outl=IN FO;
case 'check param'
err = check _param(varargin{2});

if ~isempty(err), nnerr.throw( 'Args' ,err); end
outl = err,
case 'create'
if nargin < 2, error(message( 'nnet:Args:NotEnough' ));
param = varargin{2 h
err = nntest.param(INFO.parameters,param);
if ~isempty(err), nnerr.throw( '‘Args' ,err); end

outl = create_network(param);
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outl.name = INFO.name;
otherwise
% Quick info field access
try
outl = eval([ 'INFO."  code]);
catch  %#0k<CTCH>
nnerr.throw([ 'Unrecognized argument: ™ code
end
end
else
[args,param] = nnparam.extract_param(varargin,INFO.defaultParam);
[param,err] = INFO.overrideS tructure(param,args);
if ~isempty(err), nnerr.throw( '‘Args' ,err, 'Parameters'
net = create_network(param);
net.name = INFO.name;
outl = init(net);
end
end

function v = fcnversion
v=7;
end

% BOILERPLATE_END

function info = get_info
info = nnfcnNetwork(mfilename, 'Generalized Regression Neural
Network' ,fcnversion,
[ ..
nnetParaminfo(  ‘inputs' , 'Input Data' , 'nntype.data’ Ri3
'Input dat a'), ..
nnetParaminfo(  'targets' , 'Target Data' , 'nntype.data’ 4
'‘Target output data.' ), ...
nnetParaminfo( ‘'spread’ , 'Radial basis
spread' , 'nntype.strict_pos_scalar' A, ..
'Distance from radial basis center to 0.5 output.' ),

D

end

function err = check_param(param)

err = ;
end

%%
function net = create_network(param)

% Data

p = param.inputs;

t = param.targets;

if iscell(p), p = cell2mat(p); end
if iscell(t), t = cellzmat(t); end

% Dimensions
[R,Q] = size(p);
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[S.Q] = size(t);

% Architecture
net = network(1,2,[1;0],[1;0],[0 0;1 0],[0 1]);

% Simulation

net.inputs{1}.size = R;

net.layers{1}.size = Q;

net.inputWeights{1,1}.weightFcn = dist'
net.layers{1}.netinputFcn = ‘netprod' ;
net.layers{1}.transferFcn = 'radbasn’
net.layers{2}.size = S;

net.layerWeights{2,1}.weightFcn = 'dotprod’

% Weight and Bias Values
net.b{1} = zeros(Q,1)+sqrt( - log(.5))/param.spread;
net.iw{1,1} = p’;
net.w{2,1} = t;
end
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PNN MODEL CODES FOR MATLAB

function outl = newpnn(varargin)

%NEWPNN Design a probabilistic neural network.

%

% Probabilistic neural networks are a kind of radial

% basis network suitable for classification problems.

%

% <a href="matlab:doc newpnn">newpnn</a>(P,T,SPREAD) takes an RxQ input
matrix P and an SxQ target matrix

% T, aradial basis function SPREAD and returns a new probabilistic

% neural network.

%

% If SPREAD is near zero the network will act as a nearest

% neighbor classifier . As SPREAD becomes larger the designed
% network will take into account several nearby design vectors.

%

% Here a classification problem is defined with a set of

% inputs P and class indices Tc. A PNN is designed to fit this data.

%

% P=[1234 56 7];

% Tc=[1232231];

% T = <a href="matlab:doc ind2vec">ind2vec</a>(Tc)

% net = <a href="matlab:doc newpnn">newpnn</a>(P,T);

% Y =net(P)

% Yc = <a href="matlab:doc vec2ind">vec2ind</a>(Y)

%

% See also SIM, IND2VEC, VEC2IND, NEWRB, NEWRBE, NEWGRNN.

% Mark Beale, 11 - 31-97
% Copyright 1992 - 2014 The MathWorks, Inc.

%% e ————————
% BOILERPLATE_START
% This code is the same for all Network Functions.

persistent INFO;

if isemp ty(INFO), INFO = get_info; end
if  (nargin > 0) && ischar(varargin{1})
&& ~strempi(varargin{1}, ‘hardlim" ) &&
~strempi(varargin{1}, ‘hardlims' )

code = varargin{1};
switch  code
case 'info'
outl = INFO;
case 'check param'
err = check_param(varargin{2});

if ~isempty(err), nnerr.throw( 'Args' ,err); end
outl = err,
case 'create'
if nargin < 2, error(message( 'nnet:Args:NotEnough’ )); end

param = varargin{2};

err = nntest.param(INFO.parameters,param);

if ~isempty(err), nnerr.throw( 'Args' ,err); end
outl = create_network(param);

outl.name = INFO.name;

202



otherwise ,
% Quick info field access

try
outl = eval([ 'INFO."  code));
catch  %#ok<CTCH>
nnerr.throw([ 'Unrecognized argument: ™ code "™
end
end

else
[args,param] = nnparam.extract_param(varargin,INFO.defaultParam);
[param,err] = INFO.overrideStructure(param,args);
if ~isempty(err), nnerr.throw( 'Args' ,err, 'Parameters' );
net = create_network(param);
net.name = INFO.name;
outl = init(net);

end

end

function v = fcnversion
v=7;
end

% BOILERPLATE_END

function info = get_info

info = nnfcnNetwork(mfilename, 'Probabilistic Neural Network'
[ ..
nnetParaminfo(  'inputs’ , 'Input Data’ , 'nntype.data’ A
'Input data.' ), ..
nnetParaminfo(  'targets' , 'Target Data' , 'nntype.data’ 4
'"Target output data.' ), ..
nnetParaminfo( ‘'spread’ , 'Radial basis
spread' , 'nntype.strict_pos_scalar' 0.1, ..
'Distance from radial basis center to 0.5 output.' ),
s
end

function err = check_param(param)

err = ;
end

function net = create_network(param)

% Data
p = param.inputs;
t = param.targets;
if iscell(p), p = cell2mat(p); end
if iscell(t), t = cell2mat(t); end

% Dimensions

[R,Q] = size(p);
[S.Q] = size(t);
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)

end

[fcnversion,



% Architecture
net = netwo rk(1,2,[1;0],[1;0],[0 O;1 O],[0 1]);

% Simulation
net.inputs{1}.size = R;

net.inputWeights{1,1}.weightFcn = dist'
net.layers{1}.netinputFcn = ‘netprod' ;
net.layers{1}.transferFcn = 'radbas’

net.layers{1}.size = Q;

net.layers{2}.size = S;

net.layers{2}.transferFcn = ‘compet’
net.outputs{2}.exampleOutput = t;

% Weight and Bias Values

net.b{1} = zeros(Q,1)+sqrt( - log(.5))/param.spread;
net.iw{l1,1} = p’;
net.w{2,1} = t;

end
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