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Abstract 

 
Plug-in Hybrid Electric Vehicles (PHEVs) have the potential to reduce greenhouse gases emissions and increase fuel 
economy and fuel flexibility. This paper studies the effect of the widespread adoption of PHEVs on the electric-
generating capacity. Long-term forecasting models of load electricity demand for light-duty vehicles sold are 
developed. To create proper forecasting models, different regression techniques are employed considering different 
ranges in the demographic, climate, and economic variables. Furthermore, forecasting the effects of the PHEV 
penetration is done through various transition scenarios of penetration levels. Forecasting the effects of charging 
patterns is also studied through the various hourly charging scenarios. The demand of the worst case scenario with 
an aggressive penetration level is compared with Ontario’s available resources. It is found that available resources in 
Ontario cannot afford the increasing demand from charging PHEVs. One way of satisfying the new demand is to 
build new power plants. But, under such option more GHGs and other emissions will be released to the 
environment. In addition, an operational strategy will be applied to the existing power plants to reduce the effect of 
building extra power plants. By developing a multi-period optimization model for operational strategy and planning 
of power generation, the mix of future supply technologies can be optimized when considering PHEVs Penetration. 
 
Keywords 
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1. Introduction 
The average annual growth rate of overall electricity consumption in Ontario is forecasted to be approximately one 
percent by Integrated Power System Plan (IPSP) (OEA 2007) and 0.9 percent by Independent Electricity System 
Operator (IESO) (IESO 2005). Therefore, the energy load demand is predicted to grow from approximately 143.7 
terawatt hour (TWh) in 2009 (CEA 2009) and 145 TWh in 2010 to approximately 186 TWh in 2025 (OME 2011). 
Furthermore, penetration of PHEVs into the automobile market are expected in the coming years (Eppsteina et al. 
2011), which will further increase the electricity demand. To produce sufficient electricity to satisfy the future 
demand, supplementary power will have to be generated by power stations. Developing a multi-period optimization 
model for electricity generation planning and operational strategy considering PHEV penetration is the main 
objective of this study. For this purpose,  load demands and number of light duty vehicles are predicted. 
Furthermore, the number of PHEVs are projected based on different scenarios. Once the number of PHEVs is 
known, the charging amount is calculated to determine the total load demand. The next step, the deficit of electricity 
will be provided first by managing operational strategy and second by modeling power plant optimization, including 
adding new power plants, and retrofitting by fuel switching. Finally, the optimal solution with the minimum 
electricity cost will be indentified. 
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2. General Methodology 
The general methodology can be divided into seven main steps. The details of each step are discussed in subsequent 
sections. 

1. Electricity Demand: Forecast the load demand without considering the PHEVs to find the amount of 
electricity needed to be generated in Ontario. 

2. PHEV’s Consumption: Forecast the number of new vehicles and the number of PHEVs based on different 
scenarios. Calculate the charging amount to estimate how much more electricity the PHEVs need for 
charging in Ontario. 

3. New Demand: Add the existing demand by PHEVs electricity consumption to find the new demand. 
4. Current Generated Power Satisfies Demand: Compare the supply generation to assess if available generated 

electricity is sufficient or not. 
5. Operational Strategy: Satisfy load demand by using the operational strategy if current generated power is 

not enough. 
6. New Plant Candidate: Optimize the current power plants and add new power plants if scheduling is 

unsatisfactory.  
7. Optimal Solution: Identify the optimal solution where the optimal electricity generation is a mix of the 

minimum costs and the best available operational strategy. 
 
2.1 Load Demand Forecasting without Considering PHEVs 
This step is divided into two main parts: 

• Forecasting the base and peak load demand 
• Forecasting typical daily load curves  

In the first part, different forecasting techniques and model selection criteria are studied in order to choose a suitable 
method for forecasting. Both linear and non-linear regression techniques are employed to create proper forecast 
models. Dependent variables are peak and base load demands (PEAK and BASE). In the second part, the hourly 
load demand is forecasted by using a neural network model. The predicted hourly data for a year are categorized 
according to the four seasons and typical daily curves per season is determined through coded clustering tool in 
Excel.  
 
2.1.1 Forecasting the Peak and Base Load Demands 
Peak load demand is the maximum demand in each day normally occurring between 9 a.m. and 9 p.m. Base load 
demand is defined as the minimum amount of power that power plants must make available to customers. It can be 
calculated by averaging the daily demand in a weekday. Explanatory variables that may impact the models are 
broadly divided into three groups: (i) weather variables, such as temperature (T), relative humidity (RH) and wind 
speed (WS); (ii) demographic variables, such as population size (POP), income (INC), employment rate (EMP), the 
number of newly graduated students (EDU); and (iii) an economic variable, which is the gross domestic product 
(GDP). Historical data of dependent and explanatory variables are collected to fulfill the required data for 
developing the models. In general, a minimum of 20 years of annual data is necessary to support the development of 
forecast models (IESO 2009).  
 
2.1.2 Forecasting Typical Daily Curves 
A neural network model is developed to predict hourly load demand. The dependent variable is the hourly load 
demand (HRL) and the initial explanatory variables are indicated in Table 1. As mentioned in Table 1 the day of the 
week (DOW) is defined as a new explanatory variable. DOW is specified by programming in MATLAB. By 
specifying the DOW, the effect of weekdays and weekends is considered in the predicted hourly load. 

Table 1. Initial Variables for Hourly Load Forecasting Model 
Dependent Var. Explanatory Variables 

HRL, Ln(HRL) T,RH,WS,POP,INC,EMP,GDP,ln(T),ln(RH),ln(WS), ln(POP),ln(INC),ln(EMP),ln(GDP),DOW 
 
Data clustering will be done after finding the hourly load demand because of large data. Essentially, data clustering 
divides a large set of data into smaller groups. A typical daily curve represents the group. In this work, all data are 
categorized into four groups corresponding to four seasons per year. There are different methods for data clustering. 
Marton et al. (Marton, Elkamel & Duever 2008) clustering tool is selected to identify the typical daily curves. 
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2.2. Number of New Vehicles Forecasting, PHEVs Penetration and Charging Scenarios 
This step consists of three main components. First, the number of new vehicles is predicted. Next, different 
scenarios are defined to calculate the number of PHEVs. Then the charging pattern is identified regarding the type of 
PHEV. Historical data of light-duty vehicles sold reflect seasonal pattern. Moreover, linear and non-linear regression 
models cannot create such a pattern. One technique to manage this problem is to combine the linear and non-linear 
regression models with a seasonal time series by using the general form of the seasonal time series model. Another 
technique is to add “dummy” variables (x1, x2 and x3) into the model. The general form of the model with dummy 
variables is written as: 

𝐘 = 𝐛𝟎 +  𝐛𝟏𝐱𝟏 + 𝐛𝟐𝐱𝟐 + 𝐛𝟑𝐱𝟑                                                             (1) 
 
where b0, b1, b2 and b3 are unknown parameters and x1, x2 and x3 are dummy variables. This technique can create a 
seasonal pattern by assuming x1=1 and x2=x3=0 for winter, x2=1 and x1=x3=0 for spring, x3=1 and x1=x2=0 for 
summer, and lastly, let x1=x2=x3=0 for autumn. As mentioned in the previous section, the lowest MAE is considered 
for the model selection.  
 
Since PHEVs are currently not commercially produced, this study assumes that there are no PHEVs in January 
2010. Three transitions of PHEV penetration in the light-duty vehicles sold are considered, assuming 10%, 30% and 
50% of PHEVs penetration in December 2025, respectively. For all models a constant penetration rate for any given 
scenario are assumed. 

𝑷𝑯𝑬𝑽𝒔 = 𝒌 × 𝒕𝟐                                                                                                   (𝟐) 
where PHEVs is the number of PHEVs, K is the constant rate and t is time. 
 
Before studying charging patterns, it is necessary to identify which types of PHEVs will penetrate the transportation 
sector. To choose appropriate types of PHEVs that match the lifestyles of people in Ontario, commuting distance 
must be considered. Statistics Canada (Statistics Canada 2006) compares commuting distance in Canada and 
Ontario. The average commuting distance in Ontario is 12.9 km (=8 miles). This information suggest that PHEV-
20s are appropriate for people in Ontario. Therefore, this study assumes that only PHEV-20s penetrate into the light-
duty vehicles sold. Because PHEVs can be recharged anytime during the day, four scenarios are considered for 
charging the PHEVs. The different PHEV charging scenarios are presented in Table 2. Scenario 1 represents all 
PHEVs are assumed to be recharged after work for 5 hours, whereas Scenario 4 represents the best case where all 
PHEVs are recharged in the off-peak period after midnight. 

 
Table 2. Charging Scenarios 

Scenario Name Period 
1 After work 17:00-22:00 
2 Three hours after work 21:00-2:00 
3 In the morning 8:00-13:00 
4 During the night 24:00-5:00 

 
2.3. Total Demand 
New peak, base, and hourly load demands represent PHEVs charging in peak, off-peak, and specific periods, 
respectively. They can be calculated by adding the amount of PHEVs charging in each period with the peak, base, 
and hourly load demands obtained from regression models and a neural network model. Equations for calculating 
the  new peak, base, and hourly load demands are 

𝐏𝐞𝐚𝐤𝐧,𝐢 = 𝐏𝐞𝐚𝐤𝐫,𝐢 + 𝐂𝐑 × 𝐏𝐇𝐄𝐕𝐬                                                                                 (3) 
𝐁𝐚𝐬𝐞𝐧,𝐢 = 𝐁𝐚𝐬𝐞𝐫,𝐢 + 𝐁𝐒×𝐏𝐇𝐄𝐕𝐬

𝟐𝟒 𝐡𝐫𝐬
                                                                                       (4) 

𝐇𝐫𝐥𝐧,𝐢 = 𝐇𝐫𝐥𝐫,𝐢 + 𝐂𝐑 × 𝐏𝐇𝐄𝐕𝐬                                                                                        (5) 
where Peakn,i, Basen,i  ,and 𝐇𝐫𝐥𝐧,𝐢 are the new peak, base, and hourly load demands after adding the amount of 
PHEVs charging, respectively. Peakr,i , Baser,i , 𝐇𝐫𝐥𝐧,𝐢 are peak, base, and hourly load demands obtained from the 
regression models. CR is the charger rate, PHEVs is the number of PHEVs charging, and BS is the battery size or 
rated pack size. 
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2.4. Comparison of Total Demand with Generated Electricity by Ontario Power Plants 
In this step, the worst case scenario of penetration level and charging scenario is selected as the case study. The 
demand for the worst case scenario is compared with the available electricity resources in Ontario to determine 
whether the supply resources can satisfy the increasing demand for the charging of PHEVs or not. IESO provides 
the long-term planning of electricity using Ontario’s available resources. 
 
2.5 Optimization Methodology for Integrated Operational Strategy and Planning 
The methodology that will be used to find the optimal solution of operational strategy and planning integration of 
electricity generation of power plants contains six different steps as shown in Figure 1. The details of each step are 
provided in subsequent sections. 
 

 
 

Figure 1. General Optimization Methodology 
 
2.5.1 Operational Strategy mathematical Statement 
Operational strategy or scheduling of generating power by power plants aims to satisfy load demands. In addition 
power plants should operate economically at the same time. Because load demand is changed by consumers activity 
per time, hourly demand is different per day, therefore, the generated power of each power plants should be adjusted 
hourly. Scheduling should indicate adequate generating units to meet the hourly load demand (Yamin 2004). Cost, 
quality, flexibility, and speed are four competitive priorities that generally are considered for the operational 
strategy. There are several methods of operational strategy for each type of power plant (Yamin 2004). In this study 
a mixed integer optimization model is formulated and will be developed to find the hourly scheduling of power 
plants based on (Fardanesh, Villaseca 1986, Uyar, Türkay & Keles 2011) methodologies. Additionally, new 
constraints are defined which never have been considered regarding operational strategy to date. 
 
The objective is to minimize total generation cost (z) for the specified horizon, therefore the mathematical model of 
the objective function is 

𝑚𝑖𝑛 𝑧𝑡𝑜𝑡𝑎𝑙𝑡 =  ���𝐶𝑖𝑡(𝑃𝑖𝑡) + �𝑆𝑖𝑡(𝑃𝑖𝑡−1 − 𝑃𝑖𝑡)
𝑁

𝑖=1

𝑁

𝑖=1

�                                                                     (6) 
𝑇

𝑡=1

 

where T and N are the number of hourly intervals in the horizon and total units,  𝑃𝑖𝑡 is the power generated by unit i 
at time t.  𝐶𝑖𝑡 is the cost of producing P MW of power by unit i. 𝑆𝑖𝑡 is the start-up cost $/hour, also called transitional 
costs, for unit i. The transitional cost is from time interval (t-1) to time interval (t).  
The main constraints are: 

• One integer constraint is the status of a unit or generator (𝑢𝑖𝑡).  𝑢𝑖𝑡 could be equal to one or zero depending 
on comparison of  (𝑥𝑖𝑡−1) which is duration of unit i staying on/off since hour t-1 and minimum up-time 
(𝑡𝑢𝑝) before shutting down a unit and minimum down-time (𝑡𝑑𝑜𝑤𝑛) before a unit can be turned on. The 
formulation is as follows; 

�
𝑖𝑓 𝑥𝑖𝑡−1 ≥  𝑡𝑑𝑜𝑤𝑛 , 𝑡ℎ𝑒𝑛 𝑢𝑖𝑡 = 1
𝑖𝑓 𝑥𝑖𝑡−1 ≥  𝑡𝑢𝑝, 𝑡ℎ𝑒𝑛 𝑢𝑖𝑡 = 0

�                                                                                                  (7) 

• The total power generated by all the working units should be equal to the load demand at time t , (𝐷𝑡). 

Optimal Solution 

Sensivity Analysis for Finding the Key Parameter 

Mathematical Model Programming in GAMS  

Data Gathering   

Energy Planning Mathematical Statement 

Operational Strategy Mathematical Statement 
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�𝑃𝑖𝑡
𝑁

𝑖=1

.𝑢𝑖𝑡 = 𝐷𝑡                                                                                                                                (8) 

• The generated electricity by each unit should be in a specific percentage interval based on load factor (LF). 
For instance, if the load factor is %X, Y percent of demand should be generated by unit i. The definition of 
a load factor is the load demand divided by the peak load demand during a specified period. In this study, 
the hourly load demand will be divided by the peak demand of one day to calculate the load factor in 
Ontario. The load factor indicates how close the hourly demand is to the daily peak demand.  

𝐿𝐹𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 ≤
𝑃𝑖𝑡

∑ 𝑃𝑖𝑡 .𝑢𝑖𝑡𝑁
𝑖=1

≤ 𝐿𝐹𝑢𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑                                                                        (9) 

• Unit i can generate minimum and maximum amount of power, 𝑃𝑖𝑚𝑖𝑛  and 𝑃𝑖𝑚𝑎𝑥 . the amount of power 
generated should be between 𝑃𝑖𝑚𝑖𝑛  and 𝑃𝑖𝑚𝑎𝑥 . 

𝑃𝑖𝑚𝑖𝑛 .𝑢𝑖𝑡 ≤  𝑃𝑖𝑡 ≤ 𝑃𝑖𝑚𝑎𝑥 .𝑢𝑖𝑡                                                                                                          (10) 
• Unit (i-1) cannot change the level of generating power for an hour ahead more than specific amount 

because of the operational constraints. If the maximum increase in power generated or changing limit for 
the unit i is called 𝐶𝐿𝑖 and is between zero and one, the constraint formula would be  

�
𝑃𝑖𝑡 − 𝑃𝑖𝑡−1

𝑃𝑖𝑡−1
� ≤  𝐶𝐿𝑖                                                                                                                     (11) 

• Transition costs depend on the type of the unit and the time period it was offline. Essentially this cost 
would be equal to hot or cold start-up costs (Shot and Scold) depends on cold time threshold (𝑡𝑐𝑜𝑙𝑑𝑠𝑡𝑎𝑟𝑡).  

�
𝑖𝑓 𝑥𝑖𝑡 ≤  𝑡𝑐𝑜𝑙𝑑𝑠𝑡𝑎𝑟𝑡 , 𝑡ℎ𝑒𝑛 𝑆𝑖𝑡 = Shot
𝑖𝑓 𝑥𝑖𝑡 >  𝑡𝑐𝑜𝑙𝑑𝑠𝑡𝑎𝑟𝑡 , 𝑡ℎ𝑒𝑛 𝑆𝑖𝑡 = Scold

�                                                                                      (12)  

 
2.5.2 Energy Planning Mathematical Statement 
As a first challenge after considering the obtainable operational strategy, an LP model will be formulated for the 
existing electricity fleet for load demand satisfaction. Furthermore, the optimization model will be a MILP model 
which identifies discrete decision variables for fuel switching of each boiler. In the next step, the binary variables of 
existence or nonexistence of different types of new power plants are defined. As a final step, CO2 emission targets 
are considered. The objective function of the energy planning optimization model is to minimize the present value of 
the cost of electricity over a fifteen year period (2010-2025). The overall costs consist of the fuel costs, fixed and 
variable operating and maintenance costs, the capital costs for a new power plant, and the retrofit costs of existing 
power plants (associated with fuel switching from coal to natural gas for coal-fired stations). The total discounted 
present value is minimized by considering the electricity demand as an effect of PHEV penetration and of the 
operational strategy, as well as, in the last stage of this work, satisfying CO2 emission target. 
 
The mathematical model of the previously mentioned objective function is 

min f =�������Cijt Pijt
2

j=1

+ �CitPit
N2

i=1

+ ��Rij
t vit + 

2

j=1

� yitGi
new,t + � Ci

new,tPi
new,t

N3

i=1

 
N3

i=1

N1

i=1

 
N1

i=1

�
4

t=1

� × (PFy)�
15

y=1

  (13) 

The following nomenclatures are used in the model: 
• f:  the present value of cost of electricity over a certain period of time, $/year 
• Sets; t: time (seasons in a year); i: unit number ; j: fuel selection (coal or natural gas); N1, N2, and N3 : 

number of fossil fuel, non-fossil fuel and new power plants  
• Cit: cost of producing P MW power by unit i at time t, $/MWh 
• Pijt: power generated by unit i at time t, MWh/year 
• Rij

t : retrofitting cost of fuel switching from coal to natural gas in unit i at time t, $/year 
• vit: fuel selection, binary variable 0-1  
• yit: existence or non-existence of unit i at time t, binary variable 0-1 
• 𝐺𝑖

𝑛𝑒𝑤,𝑡: annualized capital cost, $/year 
• Ci

new,t: cost of producing p MW of new unit i at time t, S/MWh 
• Pi

new,t: power generated by new unit i at time t, MWh/year 
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• PFy : present worth factor 
 
The main constraints are: 

• The total generated power should be equal to or greater than the Ontario electricity demand. 

�𝑃𝑖𝑗𝑡
𝑁1

𝑖=1

.𝑦𝑖𝑡 + �𝑃𝑖𝑡
𝑁2

𝑖=1

.𝑦𝑖𝑡 + �𝑃𝑖
𝑛𝑒𝑤,𝑡

𝑁3

𝑖=1

.𝑦𝑖𝑡 = 𝐷𝑡                                                                      (14) 

• The generated power of each plants cannot exceed the maximum installed capacity multiply by capacity 
factor (CF). This constraint is known as the upper bound of the power generated constraint. 

𝑃𝑖𝑗𝑡 ≤ 𝑃𝑖𝑗
𝑚𝑎𝑥,𝑡 × 𝐶𝐹                                                                                                                      (15) 

• Choice of new power plant, integer variable 
• Choice of fuel selection 
• Existence and non-existence of power plants, binary variable. 

 
2.5.3 Mathematical Model Programming in GAMS  
A mathematical model will be applied using the Generalized Algebraic Modelling System (GAMS). Linear, 
nonlinear, mixed integer linear, and nonlinear optimization problems can be solved by the GAMS modeling system. 
Because of high level programming language to solve the compact version of complicated and large models, and of 
the possibility for the quick and safe modification in the model and formulating obvious algebraic terms, GAMS is 
one of the best options for optimization applications. In GAMS, users can state the relations among objective 
functions, constraints, variables, parameters, and scalars. A Language compiler and a solver are two main operating 
stages for an input file in GAMS.  LP, NLP, mixed integer linear programming (MILP), and mixed integer nonlinear 
programming (MINLP) can be solved by GAMS different solvers. Moreover, the solution can be established by the 
optimisation algorithm, and the optimum value of the objective function will be found as an output by changing 
decision variables. 
 
3.  RESULTS 
This section considers historical data of SPSS and demonstrates the results of developed models by SPSS and neural 
network. Results from linear, non-linear, and hourly regression models are presented and compared. In addition, the 
models that best describe forecast variables are chosen by using MAE as criteria. The projection of forecast 
variables is presented in this chapter, and different PHEVs penetration transitions and charging scenarios are 
developed. A comparison of the increased demand from PHEVs charging and Ontario’s electricity supply are 
discussed. 
  
3.1 Input Consideration 
3.1.1 Season Representation of Peak and Base Load Demands 
Historical data regarding peak, base and hourly load demands are provided on a monthly and hourly basis. Four 
months from each season are chosen by considering the monthly average peak and base load demands between 1994 
and 2009. Peak and base load demands in January/August and May/ October are the highest and the lowest amounts, 
respectively, in the related season.  
 
3.1.2 Outlier Determination 
Outlier is an extremely high or low data point that can yield poor forecasting results. Outliers of the peak and base 
load demands in four selected months are detected by using a boxplot in SPSS. In the boxplot of the load demand 
the rectangle represents the inter-quartile range (IQR), which is the difference between the upper and lower quartiles 
(Q3-Q1). The whiskers, the lines protruding from the box, represent the 1.5 box lengths from the edge of the box. 
Extreme points located outside the whiskers are defined as outliers. The number beside the extreme points is the ID 
number of data point.  
 
3.1.3 Multicollinearity Consideration 
In order to prevent a multicollinearity problem, a set of explanatory variables which are highly correlated must be 
eliminated. As shown in Figure 2, it was found that most of demographic and economic variables have a strong 
linear relationship. Although relationships among EDU and other demographic and economic variables are not 
perfectly linear, they have linear relationships in some part of the trend. Thus, it can be concluded that any 
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combination among demographic and economic variables should not be added in the regression models. For weather 
variables, there is no distinctly linear relationship among weather variables; hence, combinations of weather 
variables in the regression models are acceptable. 
 

 
Figure 2.  Matrix Scatter of Explanatory Variables 

3.2 Model Development 
This section is divided into four parts based on four forecast variables: (i) peak load demand; (ii) base load demand; 
(iii) hourly load demand; and (ix) number of light-duty vehicles sold. Linear and non-linear regression models for 
the peak, base and hourly load demands and light-duty vehicles sold were developed using the methodology 
described in the previous chapter. For the peak and base load demands, the development of the regression models 
uses weather, demographic, and economic variables as previously mentioned. For hourly load demand the same 
explanatory variables as peak and base load demands and also DOW were applied. Several models were generated 
after employing different sets of variables. In order to select the most appropriate models, the models with the 
lowest MAE were chosen.  
 
3.2.1 Peak Load Demand Models 
Using the selection approach mentioned previously, linear regression models for peak load demand forecast in 
January, May, August and October are chosen to be: 
 

January: ln(𝑃𝐸𝐴𝐾𝑖) = 9.7 + 5 ∗ 10−7 𝐺𝐷𝑃𝑖 − 9.1 ∗ 10−3 𝑇𝑖                                       (16) 
May: 𝑃𝐸𝐴𝐾𝑖 = −36,901.3 + 4,138.6 𝑙𝑛(𝐺𝐷𝑃𝑖)                                                              (17) 

August: 𝑃𝐸𝐴𝐾𝑖 = −79,886 + 6,439.8 𝑙𝑛(𝐺𝐷𝑃𝑖) + 5,205.1 𝑙𝑛(𝑇𝑖)                            (18) 
October: 𝑃𝐸𝐴𝐾i = −42,007 + 4,584.2 ln(GDPi)                                                               (19) 

 
Peak load demand in January and August is a function of temperature and GDP while peak load demand in May and 
October is a function of GDP. Temperature has a significant effect for the winter and summer months. In winter, the 
temperatures are always less than zero degree centigrade; therefore, the lower the temperature, the higher the peak 
load demand because people need more electricity for space heating. Alternatively, in the summer (eq.(18)), 
electricity consumption increases with increased temperatures because more electricity is required for space cooling. 
The GDP is the only explanatory variable which affects peak load demand in all four months. The GDP reflects the 
direction of economic growth. From eq. (16) to eq. (19), all coefficients for the GPD are positive; hence, the greater 
the GDP, the greater the peak load demand. The best non-linear regression models for the peak load demand in four 
selected months are: 
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January: 𝑃𝐸𝐴𝐾𝑖 = 46,835.6 − 24,929.1(exp(8 ∗ 10−3 𝑇𝑖) +exp(−6.2 ∗ 10−6 𝐺𝐷𝑃𝑖))                   (20) 
May: 𝑃𝐸𝐴𝐾𝑖 = 17,911.3 − 73,141 𝑒𝑥𝑝(−10−5 𝐺𝐷𝑃𝑖)                                                                     (21) 
August:𝑃𝐸𝐴𝐾𝑖 = 22,996.1 − 42,633.2(𝑒𝑥𝑝(−0.2 𝑇𝑖)  +𝑒𝑥𝑝(−7 ∗ 10−6 𝐺𝐷𝑃𝑖))                            (22) 
October: 𝑃𝐸𝐴𝐾𝑖 = 19,899.2 − 18,566 𝑒𝑥𝑝(−4.8 ∗ 10−6 𝐺𝐷𝑃𝑖)                                                       (23) 

 
The same results are found for the linear regression models. Temperature affects the base load demand in January 
and August while the GDP affects the base load demand in all four months. The coefficient of temperature is 
positive in Eq. 20, however, when multiplying the temperature in winter which is always negative, this term will be 
negative which follows the law of diminishing returns. 
 
2.2 Base Load Demand Models 
Using a selection approach similar to that of the peak load demand, the best linear and non-linear regressions model 
for the base load demand in January, May, August and October are as follows: 
 
Linear regression models: 

January: 𝐵𝐴𝑆𝐸𝑖 = 13,545.5 − 176.2 𝑇𝑖 + 9.4 ∗ 10−3 𝐺𝐷𝑃𝑖                                          (24) 
May:     𝐵𝐴𝑆𝐸𝑖 = −36,998.5 + 4,048.2 𝑙𝑛(𝐺𝐷𝑃𝑖)                                                   (25) 

August: 𝐵𝐴𝑆𝐸𝑖 = 73,229 + 5,650.9 𝑙𝑛(𝐺𝐷𝑃𝑖) + 5,644.7 𝑙𝑛(𝑇𝑖)                                     (26) 
October: 𝐵𝐴𝑆𝐸𝑖 = −36,509 + 4,047.3 ln(GDPi)                                                          (27) 

 
Non-linear regression models: 

January:  𝐵𝐴𝑆𝐸𝑖 = 57,741.6 − 22,428.9(exp(8.3 ∗ 10−3 𝑇𝑖) + exp(−5.5 ∗ 10−7 𝐺𝐷𝑃𝑖))                     (28) 
May:     𝐵𝐴𝑆𝐸𝑖 = 17,260.4 − 20,676.8 𝑒𝑥𝑝(−5.8 ∗ 10−6 𝐺𝐷𝑃𝑖)                           (29) 

 
August: 𝐵𝐴𝑆𝐸𝑖 = 21,072.6 − 42,799.7(𝑒𝑥𝑝(−0.1 𝑇𝑖)  +𝑒𝑥𝑝(−7.4 ∗ 10−6 𝐺𝐷𝑃𝑖))                        (30) 

October: 𝐵𝐴𝑆𝐸𝑖 = 17,632.9 − 16,266.4 𝑒𝑥𝑝(−5.4 ∗ 10−6 𝐺𝐷𝑃𝑖)                           (31) 
 
The results of the base load demand forecast are similar to that of the peak load demand forecast. Both linear and 
non-linear regression models for the base load demand forecast in January and August depend on temperature and 
the GDP, and the base load demand forecast in May and October depends only on the GPD.  
 
3.2.3 Hourly Load Demand Models 
Using a neural network approach, non-parametric regression models for hourly load demand forecast in January, 
May, August and October are chosen. Based on peak and base loads models, hourly load demands for all seasons are 
assumed to be a function of temperature, GDP and DOW. However, temperature is a more important factor for the 
winter and summer months; the effect of temperature is considered for autumn and fall too. In addition, hourly load 
demands of all seasons are affected by the GDP and DOW. Investigation of historical data shows the peak period of 
hourly demand is not the same in weekdays and weekends. Therefore, day of the week is another explanatory 
variable affects the hourly prediction. As a training network function, Newff was chosen to create feed-forward 
network based on (Li et al. 2009, Mohamed et al. 1998). Seventy percent of input data were used for training 
purpose and thirty percent for testing. The results of the neural network models of the hourly load demand in year 
2000 (as a sample) are plotted in Figure 3.  

 
Figure 3. Results of NN Models for Hourly Load Demand Year 2000 
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3.2.4 Light-Duty Vehicles Sold 
The best linear and non-linear regression models are: 
Linear regression models: 

ln (𝑉𝐸𝐻𝑖) = 11.1 − 0.1 𝑥1 + 0.3 𝑥2 + 0.1 𝑥3 + 2.1 ∗ 10−7 𝐺𝐷𝑃𝑖                                       (32) 
Non-linear regression models: 

 𝑉𝐸𝐻𝑖 = 75,841.4 − 6,851.4 𝑥1 + 24,372.9 𝑥2 + 7,784.4 𝑥3 − 39,580.2 exp (−6.1 ∗ 10−6 𝐺𝐷𝑃𝑖)      (33) 
where x1=1 and x2=x3=0 for winter, x2=1 and x1=x3=0 for spring, x3=1 and x1=x2=0 for summer and lastly x1=x2=x3=0 
for autumn. Both linear and non-linear regression models of light-duty vehicles sold forecast consist of these dummy 
variables (x1, x2 and x3) and the GDP. From eq. (32), the number of light-duty vehicles sold increases with the 
increasing of the GDP because people have more potential to buy new vehicles when the economic growth is in a 
positive direction.  
 
3.3 Model Selection 
Comparisons were made among the linear and non-linear regression models. MAE was employed as the criteria to 
determine which model yields the most accurate results. MAE of all regression models of the peak and base load 
demands and light-duty vehicles sold are compared in Table 4. For the peak load demand, non-linear regression 
models of all four months yield lower MAE than the linear regression models. Therefore, the non-linear regression 
models represented in eq. (20) to eq. (23) are selected to represent peak load demand in January, May, August and 
October, respectively. When comparing between the linear and non-linear regression models of the base load 
demand, the non-linear regression models in May, August and October provide a smaller MAE. The opposite result 
was found in January. The linear regression model for of January yielded a lower MAE than the non-linear 
regression model. However, the differences between the MAE of the linear and non-linear regression models were 
very small (approximately 1.9%). Therefore, the linear regression model represented by eq. (24) is employed to 
represent the base load demand in January and the non-linear regression models represented by eq. (29) to eq. (31) 
are used to illustrate the base load demand in May, August and October, respectively. 
 
For light-duty vehicles sold, the linear regression model gives more suitable results than the non-linear regression 
models although the differences between the MAE for both the regression models are only approximately 0.4%. In 
this case, the linear regression model represented by eq. (32) was chosen to represent light-duty vehicles sold. In 
summary, most of the non-linear regression models yielded a lower MAE than the linear regression models. This 
implies that the relationship between the forecast variables (peak and base load demands) and the explanatory 
variables (temperature and GDP) are not always linear. Although the linear regression models gave more accurate 
results than the non-linear regression models in only a few cases (base load demand in January and light-duty 
vehicles sold), the difference between MEA of both regression models is always very small  (less than 2%). 
 

Table 4. Model Comparisons 

Forecast variables MAE  
Forecast variables 

MAE 

LRM NLRM LRM NLRM 
1. Peak load demand     2. Base load demand     
- January 307.6 300.3 - January 327.6 333.4 
- May 323.7 273.0 - May 336.4 308.9 
- August 443.8 420.7 - August 386.2 360.5 
- October 415.2 391.4 - October 390.3 372.9 

3. Light-duty vehicles sold 6,537.6 6,564.5    

  
3.4 Projection of Forecast Variables 
From the previous section, the best models of peak and base load demands and light-duty vehicles sold depend upon 
temperature and GDP. Using the temperature and GDP, the peak and base load demands and light-duty vehicles sold 
can be forecasted. Projection of the peak and base load demands and light-duty vehicles sold until 2025 are shown in 
Figure 4. 
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Figure 4. Projections of Peak and Base Load Demands 

 
The highest peak and base load demands of each year normally occur in January, which are approximately 26,000 
MW and 21,000 MW. More electricity is required for space heating in winter resulting in a greater amount of peak 
and base load demands in January.  IESO also published a peak load demand forecast for Ontario starting from 2010 
until 2015. Comparing the peak load demand from the regression models with the IESO forecast, there is a slight 
difference of approximately 3%. It might be because the projection of temperature using in the regression models of 
the present work is assumed to be constant. Therefore, the difference of peak load demand from 2010 to 2025 
depends only upon the GDP. When considering the projection of light-duty vehicles sold, it was found that most of 
light-duty vehicles are sold in spring. The ranking of light-duty vehicles sold from high to low is: spring > summer > 
autumn > winter. 
 
3.5 Effects of PHEVs Penetration 
In the study of PHEVs penetration, three transitions are assumed to represent PHEVs penetration from 2010 to 2025. 
Other assumptions used in PHEVs charging demand calculation are: 
- Only PHEV-20 penetrates into Ontario’s transportation sector. 
- No PHEVs are retired from 2010 to 2025. 
- All PHEVs are recharged through the circuit in the peak period every day. 
Figure 5 represents accumulative numbers of PHEVs in the Ontario’s transportation sector in various transitions of 
PHEVs penetration levels. The total number PHEVs at the end of 2025 for Transition 1 to Transition 3 are 178,076, 
534,214 and 890,362, respectively. 

 
Figure 5. Accumulative Numbers of PHEVs in Ontario Transportation Sector 

 
The new electricity load demands after adding the PHEVs into the transportation sector can be calculated. As 
illustrated in Figure 6, the load demand of PHEVs penetrated by Transition 3 is the highest since this transition 
assumed the greatest amount of PHEVs penetration, which is 50% in December, 2025. 
 
3.6 Effects of Charging Pattern 
In the study of charging pattern, three assumptions used in PHEVs charging demand calculation are: 
- Only PHEV-20 penetrates into Ontario’s transportation sector with Transition 3 of penetration level. 
- No PHEVs are retired from 2010 to 2025. 
- All PHEVs are recharged through the circuit every day. 
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Four different charging scenarios are developed. Results of new load demand in different charging scenarios after 
adding the PHEVs into the transportation sector are provided in Figure 7. 
 

                      
 

Figure 6. Comparisons of Load Demand at Different Transition Levels through Scenario 1 
 

 
 

Figure 7. Comparisons of Load Demand in Different Charging Scenarios through Transition #3 
 
It was found that the new load demand from the charging pattern in Scenario 1, which is charging from 17:00 to 
22:00, is the highest among all scenarios because this scenario has the greatest number of PHEVs recharged in peak 
period. The number of PHEVs recharged in the peak period in Scenario 4 is assumed to be zero. Essentially, 
scenario 4 where all PHEVs are recharged in off-peak period has the lowest effect on load demand. When 
comparing the additional peak and base load demands in all scenarios, it was found that the peak load demand has 
more effect from the PHEVs charging than the base load demand. The reason is that equations for calculating the 
peak and base load demands are totally different. The additional peak load demand employs a charger rate 
multiplied by the number of PHEV’s.  
 
3.7 Comparisons of Case Study With Ontario’s Available Resources 
Transition 3 with 50% of the PHEV penetration in December 2025 and Scenario 1 where all PHEVs are assumed to 
be recharged from 17:00 to 22:00 are selected as the case study to compare with Ontario’s available resources. As it 
is shown in supply sources curve (Hajimiragha et al. 2009) because of phasing out all the coal power plants in 2014, 
Ontario resource goes down. As illustrated in Figure 8, supply sources in Ontario will not meet current and future 
electricity demand.  
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3. Conclusion 
In this paper, the effect of the widespread adoption of PHEVs on the electric-generating capacity is studied. Long-
term forecasting models of load electricity demand for light-duty vehicles sold are developed. To create proper 
forecasting models, linear, non-linear, and non-parametric regression techniques are employed considering different 
ranges in the demographic, climate, and economic variables. The resulting linear and non-linear regression models 
are compared, and the most accurate one is selected. Furthermore, forecasting the effects of the PHEV penetration is 
done through various transitions scenarios of penetration levels such as mild, normal and aggressive ones. 
Forecasting the effects of charging patterns is also studied through the various hourly charging scenarios. The 
demand of the worst case scenario with an aggressive penetration level and specific charging period are compared 
with Ontario’s available resources. It is found that available resources in Ontario cannot afford the increasing 
demand from charging PHEVs from 2010 to 2025. One way of satisfying the new demand is to build new power 
plants. Moreover, with the buying and building of new power plants, more GHGs and other emissions will be 
released to the environment. In addition, an operational strategy will be applied to the existing power plants to save 
building extra power plants. Furthermore, generating more electricity to meet the rising load demand should be 
made in consideration of both economic regulations and environmental aspects and targets. By developing a multi-
period optimization model for operational strategy and planning of power generation, the mix of future supply 
technologies can be optimized when considering PHEVs Penetration. 
 

 
 

Figure 8. Comparisons of Load Demand with Ontario Available Resource through Scenario 1 
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