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Abstract: Increasing fossil fuel consumption and consequently the effects of greenhouse gases (GHGs) on the environ-
ment and economy are a major concern for all nations and governments. Electric vehicles (EVs) with plug-in capabilities
have the potential to ease such problems. However, the extracted power from the grid for charging the EVs’ batteries
will significantly impact daily power demand. To satisfy the increasing demand and ensure generation capacity ade-
quacy, the generation expansion planning (GEP) problem is solved to determine the investment decisions for electricity
generation sources. Even though there are no centralized utilities for generation planning in most markets, there is still
a need to realistically solve the GEP problems and find the optimal investment decisions to tailor the incentives used by
most governments to guide the market. There is also a need for a tool to analyze the effect of different charging power
levels, charging policies, and penetration levels. The main goal of this paper is to provide a tool to determine realistic
optimal investment plans and evaluate different cases. It is also very important to consider the stochastic nature of the
electricity demand in GEP problems. We propose a scenario-based stochastic programming model to incorporate the
variability in the electricity demand due to EV charging through a set of scenarios generated by Monte Carlo Simulation.
The methodology starts with applying a simulation method to generate the electricity demand of EVs by considering
all the possible factors affecting EVs’ demand. Each iteration of this simulation represents a possible demand profile
as a result of penetrating the EVs into the market. Using all these demand profiles in GEP is preferable, but it is not
computationally efficient. Computational tractability is achieved by using the clustering technique to reduce the size of
such scenarios. We propose clustering methods to select a representative set from the data sets generated by the simu-
lation and integrate EVs into GEP problems by using the selected set. The GEP models are defined to represent EVs’
demand explicitly and then solved to imply the benefit of the suggested methods. The results show that GEP models
with a representative set produce more realistic solutions than the GEP models including only average EVs demand.
To select representative sets, different clustering techniques and distance measurements are used and compared with
respect to their performances. Two different methods are defined to choose the best number of clusters: the silhouette
coefficient method and the elbow method. For each method, five different distance measurement techniques are used.
In each of these techniques, three approaches are evaluated for the representative point: Min, Max, and Average. A key
contribution of this article is to explore and evaluate the quality of GEP models for each case according to how close the
total cost obtained from the GEP model by using clustered load curves to the total cost obtained by using the full data
sets generated by simulation.
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1. Introduction
Oil consumption, climate change, and greenhouse gases are serious concerns of today’s world [1]. Transportation
is considered one of the most impactful reasons for these matters since the fossil fuel consumption of this sector
is very high [2]. Migrating from using internal combustion cars (IC cars) to the electrified transportation fleet is
considered an alternative solution for environmental concerns. Even though EVs have so many environmental
advantages, there are a lot of serious concerns about their negative impact on the electricity generation network.
Increasing the number of EVs in the market equals increasing power demand that consequently directly impacts
power generation, reliability, and emission of the network [3, 4]. Therefore, it is crucial to make a precise and
efficient plan for the future development of the EVs fleet.

In most electricity markets, there are no central planning utilities to make generation investment decisions.
However, in most of them, the government uses incentives, taxes, or subsidies to guide the market. For proper
guidance strategies, an optimum investment plan needs to be found. Generation expansion planning (GEP)
problem is a well-known problem for expanding the current electricity supply network according to any new
situation, such as new demand or new resources, which makes it a good decision tool for changes due to the
increasing number of EVs. To obtain realistic solutions for the GEP, the demand changes due to the EVs should
be represented in GEPs explicitly. Another important issue towards a more electrified transportation system is
the infrastructure to charge the EVs. There is a need for efficiently analyzing the different cases in terms of the
charging power levels, charging policies, and penetration levels. This study aims to provide a tool to shape the
future electricity generation network and charging infrastructure.

We propose a methodology to generate load curves by considering all the impact factors via simulation
and selecting a representative set via clustering methods to integrate them into the GEP problem to maintain
computational efficiency. We also provide an analysis to demonstrate the usage of the proposed approach to
analyze the different cases.

Clustering is one of the fundamental concepts in data mining, and it is considered unsupervised learning
[5]. The final aim of clustering is descriptive. Partitioning clustering is a clustering method that is used to
classify different observation points, in a data set, into different groups based on similarity. In most cases, the
number of clusters should be specified. The partitioning clustering uses an iterative relocation technique that
tries to improve the partitioning by changing object clusters from one group to another [6]. The hierarchical
clustering method creates the clusters by consecutively partitioning the data in either a top-down or bottom-up
method [7]. Density-based clustering method is constructed by identifying groups of points that form high-
density regions in the data space [8]. In this study, we will use the hierarchical clustering method.

There are many studies concerning electric vehicles. Bibak and Tekiner [9] presented a comprehensive
analysis and precise categorization of the recent studies around electric vehicles and vehicle to grid system (V2G)
based on their proposed methodology. Hannan et al. [10] provided a review study on hybrid electric vehicles
and their challenges. They pointed out that the increasing amount of fossil fuel used in cars is a real concern
because of its negative impacts on the environment. They introduced alternative resources such as fuel cells
(FC) and supercapacitors. Thounthong et al. [11] explored different techniques and aspects of hybrid electrical
vehicles (HEVs) like propulsion systems and energy management systems (EMS). Hadley et al. [12] evaluated
the effects of HEVs on a power generation network and applied a simulation method to analyze the change in
peak demand, increasing the prices and reducing the margins after penetration of the HEVs. Momtazpour et al.
[13] evaluated the importance of EVs and their role in the future of power networks. They utilized a developed
clustering technique to model the electric network for urban areas to figure out the best placement of charging
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stations. Coordinated clustering is used to get the best placement of charging stations.

Shukla et al. [14] evaluated the increasing penetration level of EVs and their need for charging stations.
They applied K-mean and fuzzy C-mean clustering to find the best locations of the fast-charging stations
(FCSs). The author in [15] utilized the generation expansion planning (GEP) problem to find the optimal plan
for electricity network, technologies, location, size, and time of building new power plants by minimizing the
total cost in the long term. Tekiner et al. [16] investigated the GEP problem using two-stage programming
to incorporate reliability analysis into the dispatching problem and expansion planning. They implemented a
multiobjective optimization to evaluate the trade-offs between expense and ecological effects for wind turbines.
Ramirez et al. [17] proposed a planning model to optimize operation and investment costs considering EVs’
demand flexibility. Hu et al. [18] proposed a new robust optimization-based GEP model by considering
the virtual inertia that is supported by wind farms. This study aims to minimize the expansion cost by
considering all the uncertainties and maximize the probability of increasing the level of renewable energy sources.
Abdin et al. [19] introduced a multistage adaptive robust GEP model specifically for the short-term unit,
which simultaneously covers multiperiod and multiregional planning. This study analyzed the stochasticity of
electricity demand and generated power by renewable energy sources by presenting bounded intervals.

Yu [20] proposed a model for a national energy system to predict the need for new power generation
plants by assuming that the penetration of Plug-in Hybrid Electric Vehicles (PHEVs) will increase in coming
years. For daily charging strategies, four different types are investigated: uniform, off-peak, home-based, and
vehicle-to-grid (V2G). The impact of these charging profile on GEP is studied by a scenario-based analysis.
Foley et al. [21] utilized a common analysis tool called WASP-IV which is a traditional generation expansion
planning tool for analyzing the charging of the EVs in the all island grid (AIG) by long-term GEP. They
investigated three different scenarios as base-case, peak, and off-peak charging. The simulation of the impacts
of EVs is done up to the year 2025 in AIGs [22]. Tekiner [23] solved the GEP problem where demand due to
EVs is presented explicitly by using an optimized-based reduction procedure. Guo et al. [24] considered revenue
adequacy constraints in a two-stage GEP model. The results indicated that investing in renewable generation
capacity causes a small increase in the total costs.

Castro et al. [25] analyzed a short-term GEP with capacity for multiterminal transmission systems. The
presented formulation is based on mixed-integer linear programming (MILP), in which transmission losses are
considered by piecewise linearization. Singh et al. [26] discussed some optimization strategies for distributed
generation, EVs, and distributed generations by EVs with different load models. Borozan et al. [27] introduced
investment and operation models of EVs, specifically in V2G and V2B systems, for the large-scale and long-term
network expansion planning problem. In this study, the presented multi-stage stochastic planning can find the
optimal investment by minimizing the cost and risk of investment.

The most common way in cases of integrating EVs demand for GEP problems is to take the average of the
possible load curves. However, there are some significant disadvantages to this. Firstly, by taking the average,
many actual and valuable data are being ignored. Most of the extreme points, which are usually the case in
peak hours and are the most important points, are being neglected by taking the average. To guarantee the
reliability of the generation system, all the possible load curves should be explicitly represented in GEP models.
However, using all the possible load curves in GEP is not computationally efficient. In this paper, we suggest
using hierarchical clustering instead of taking the average to reduce the problem size while maintaining a more
realistic presentation of the demand. The optimal clustering method is first determined in terms of the distance
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measurement method and centroid point. The selected clustering method is used to create the representative
subsets of the possible load profiles for the GEP model. The proposed cluster-based methodology creates more
realistic GEP models, resulting in more realistic solutions that allow it to be used to analyze many different
cases. The main contribution of this paper is to generate realistic load curves due to the penetration of EVs
and efficiently represent them in the GEP problem.

The first part of the analysis consists of determining the optimal clustering method. Then, we perform
an analysis to demonstrate the usage of our proposed method to evaluate the different power charging levels,
charging policies, and penetration levels. In this analysis, we determine a small set of EV demand profiles to
represent all profiles correctly and then compare the results of using full data, clustered data, and the average,
and show that using the clustering gives a relatively close answer to full data.

This paper is organized as follows: the suggested methodology and GEP models are discussed in Section 2.
Section 3 covers the simulation procedure and then shows the influential factor for defining different scenarios and
explains how demand profiles are generated. In Section 4, GEP problems are explained, and the mathematical
model is given. Different cases are defined in Section 5. In Section 6, two types of hierarchical clustering utilized
in this paper are explained. The outputs of simulation and numerical analysis are given in Section 7 and Section
8. Finally, conclusions are drawn in Section 9.

2. Methodology

The main idea of the proposed methodology is to integrate EVs into GEP models starting with generating load
curves by using the modified Monte Carlo simulation presented in [28]. Next, the GEP model is proposed,
which explicitly shows the EVs’ demand. In the first part of the analysis, we define different clustering methods
with respect to the distance measurement methods and the centroid points used. Each of these methods is
then used to select a representative set for the defined base case. The GEP models using the clustered data
for each method are solved. The results are compared with the result obtained by the GEP model using the
full data (including all the load curves generated via Monte Carlo Simulation). The clustering method with
the smaller deviation from the result obtained by the GEP model with full data is selected as the optimum
clustering method. In the second part of the analysis, different cases are defined in terms of the penetration
level of EVs, the preference distribution of the charging places and policies for charging times, and GEP models
using the representative sets generated by the optimal clustering method are solved. The solutions of the GEP
model with full data, representative load curves (clustered data), and the average of load curves are compared
to justify that the proposed model produces realistic solutions and can be used to analyze different charging
power levels distributions and policies. The flowchart of selecting the optimal clustering method is given in
Figure 1a. The flowchart for the GEP problems for analyzing different cases is shown in Figure 1b.

3. Simulation procedure

To generate EVs’ demand profiles, we modify the Monte Carlo simulation presented in [28]. This simulation
consists of different users’ profiles with respect to daily driven distances, arrival and departure time of charging
points, battery sizes, and charging infrastructure types. The Monte Carlo simulation, coded in MATLAB,
generates many random drivers for a given penetration level. For each driver, based on the driver’s charging and
driving characteristics, the simulation randomly determines the time of charging and the amount of electricity
extracted from the power grid. At the end of each iteration, electricity withdrawn from the grid by each hour
is obtained by summing the electricity demand of each driver for that hour. Each iteration corresponds to a
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Figure 1. Flowchart for selecting optimal clustering and comparing GEP models.

random possibility for the EVs’ demand. They are defined as scenarios in the Generation Expansion Planning
(GEP) problem.

There are many factors affecting the EV’s demand. For a detailed explanation of the factors such as
driving characteristics, charging characteristics and so on, readers are referred to [28]. The main modification
done is to make it possible to consider different charging policies at home and public stations.

Three charging locations are defined as charging centers for electric vehicles: home, work, and public
stations to represent the different charging power levels. We consider different distributions for the preferences
of charging locations. For the charging policies at homes, two different cases are considered: controlled (C1 )
and uncontrolled (C0 ). The controlled case is when people are not allowed to charge at peak hours, which are
from 5 pm to 10 pm. The uncontrolled means they can charge at home at any time upon arrival.

For charging in public stations, different cases are defined: T1 , T2 , and T3 . Considering that people
usually use public stations for charging after leaving their workplaces, these three cases are defined to see the
effect of different patterns of public station charging. T1 is defined as when people charge at public stations
from 6 pm to 10 pm. The idea is that they charge the EVs after their work hours and not go home very late. T2

is defined as when they charge the EVs from 10 pm to 2 am. This will show us the effect of late-night charging
at public stations. T3 is defined as no limit, meaning that public stations can be used any time of the day.

4. Generation expansion planning model

Generation expansion planning (GEP) problem is a mixed integer multilayer problem that targets identifying
the best scheduling for investment, considering the locations and technologies. Here, we integrate the EVs
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demand into GEP problems through scenarios. Each scenario is defined as a possible demand profile of the
power system. The demand profile is obtained by adding the new required demand for charging EVs to the
selected grid demand. The common approach for determining the power grid demand is to choose some days to
represent the year instead of considering all days of the year. To illustrate the electricity demand of the grid,
two days, one from the summer and one from the winter, with the highest peak load are selected. The required
data set is collected from Turkish Electricity Transmission Corporation (TEİAŞ). The probability of occurring
each of them is equal (p = 50%).

In the GEP model, the total cost is obtained by summing over scenarios. The adjustment factor is
defined, corresponding to the number of days in the year represented by each scenario. We consider expanding
the system with new wind turbines. The associated mathematical model is presented as follows:

min
∑

t,h,s,j

pjxj
thsws +

∑
t,h,s,j

qiyithsws +
∑
t,h

penalty ∗ uthsws +
∑
i

(Cizi)

s.t.
∑
j

xj
ths +

∑
i

yiths + uths = dths ∀t, h, s

xj
ths −Kj ≤ 0 ∀t, h, s, j

yiths − 0.3Lizi ≤ 0 ∀t, h, s, i

xj
ths, y

i
ths, uths ≥ 0 ∀t, h, j

zi ∈ {0, 1} ∀i

In the first term, the model’s objective function is to minimize the cost of power generation with the
existing system. The second term represents the generation cost of additional turbines, which is designed to
minimize the penalty due to unmet demand with current and additional power capacity. Finally, it considers
the capital required for investing in new turbines. The variable x represents the amount of generation using
the current system, y is the amount of generation using new turbines, u is for unmet demand, and z is for
whether a turbine is added or not, respectively. The indexes t, h, s indicate the day, the hour, and the scenario,
where indices j and i show the current system and new turbines. Thus, pj is the production cost of each MWh
by the current system, while qi is the unit production cost of new wind turbines. The capital investment for
a new turbine is given by Ci . Note that ws is an adjusting factor for scenario s to find the annual costs. It
shows that all the values and numbers are for 1 year.

To write the constraint, we defined the following parameters: Kj as the available capacity of unit j

and Li as the capacity of the new turbine. Moreover, dths represents the demand at day t , hour h , and
scenario s . The first constraint ensures that all demand is satisfied. The second and third constraints ensure
the production is less than the available installed capacity. For the wind turbines, 30% of installed capacity is
defined as available capacity. Finally, we have nonnegativity and binary constraints.

4.1. GEP model with full data
Ten thousand (10,000) random EVs’ demand profiles are generated for each case considered via Monte Carlo
simulation. GEP model including all of them is defined as a GEP model with full data and it will be our
reference to compare the results. For GEP with full data, the adjustment factor of each scenario is equal to the
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product of the probability of the scenarios (1/10,000) by the number of days represented with selected days
from a year.

4.2. GEP model with clustered load curves
The only change in the GEP model proposed before is that we have a smaller number of scenarios and also, the
adjustment factor is different. As mentioned, the adjustment factor in GEP with clustered data is computed
as the product of the probability of that cluster and the number of days represented by the selected days. The
probability of clusters is obtained by the number of demand’s profiles in the cluster divided by 10,000.

4.3. GEP model with average of load curves

For GEP with average EVs’ demand, an average of 10,000 is obtained and added to the current grid demand.
Therefore, the adjustment factor equals the number of days represented by the selected days from the year.

5. Data used and definition of cases
In the process of the generation of load curves, several characteristics and parameters are used. When people
want to charge their electric vehicles, there are three charging stations that they can choose from, i.e. home,
work, and public. The charger units used in each of them are uniformly distributed with 3.7 kW and 7.4 kW at
home, 7.4 kW and 11 kW at work, and charger units with 11 kW and 22 kW power in the public stations. The
charging location preference distributions that are considered in this paper can be observed in Table 1.

The distribution of electricity consumption of charging vehicles is also dependent on whether people are
at home or work given a specific hour. The distribution for the percentage of people at home and at work
presented in Figure 2 has been used.

Table 1. Charging place preference distribution.

Preference Home Work Public
1 15% 15% 70%
2 30% 40% 30%
3 0% 0% 100%
4 0% 100% 0%
5 100% 0% 0%
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Figure 2. Distribution of people at home and work throughout a day.
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Since the actual EV penetration level in İstanbul is uncertain, two different penetration levels are
considered for this paper: 10% and 30%. The GEP problems are usually important for the decision-making of
long-term problems. Even though the current penetration level in İstanbul is less than 10%, it is assumed that
the number of electric vehicles would grow rapidly sooner or later. Thus, higher penetration level can help us
in future decision-making.

All these different scenarios and assumptions led to 156 cases; for each case, 10,000 EVs’ demand curves
are generated by using the Monte Carlo simulation. This caused many data sets with similar characteristics.
To resolve this issue, 26 most impactful and diverse cases are selected in the paper which are presented in Table
2.

Table 2. List of the datasets.

Case Penetration
level

Peak hour
restriction

Public time Home % Work % Public %

1 10% No All day 0% 0% 100%
2 10% No 6 pm to 10 pm 0% 0% 100%
3 10% No 10 pm to 2 am 0% 0% 100%
4 10% No All day 100% 0% 0%
5 10% Yes All day 100% 0% 0%
6 30% No All day 0% 0% 100%
7 30% No 6 pm to 10 pm 0% 0% 100%
8 30% No 10 pm to 2 am 0% 0% 100%
9 10% No All day 15% 15% 70%
10 10% No 6 pm to 10 pm 15% 15% 70%
11 10% No 10 pm to 2 am 15% 15% 70%
12 10% No All day 80% 10% 10%
13 10% Yes All day 80% 10% 10%
14 10% No 6 pm to 10 pm 0% 100% 0%
15 30% No 6 pm to 10 pm 0% 100% 0%
16 30% No All day 100% 0% 0%
17 30% Yes All day 100% 0% 0%
18 30% No All day 15% 15% 70%
19 30% No 6 pm to 10 pm 15% 15% 70%
20 30% No 10 pm to 2 am 15% 15% 70%
21 10% No All day 30% 40% 30%
22 10% No 6 pm to 10 pm 30% 40% 30%
23 10% No 10 pm to 2 am 30% 40% 30%
24 10% Yes All day 30% 40% 30%
25 10% Yes 6 pm to 10 pm 30% 40% 30%
26 10% Yes 10 pm to 2 am 30% 40% 30%

These cases are solved by the GAMS with CPLEX solver on three sets of data; full data set, clustered
data set, and averaged data set to compare the efficiency of both methods with respect to the full data set.
GEP is mixed-integer programming (MIP) that finds the number of additional wind turbines while minimizing
the cost.

The capacity of the existing power production is assumed to be 40,000 MWh. As EVs are cleaner than
regular cars and the increasing number of them is a result of the need for a cleaner approach, a green energy
resource like the wind is supposed as a new resource in this paper.
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Due to the stochastic nature of wind power, wind turbine does not produce with its full capacity as
it has a 24% capacity, so this was considered in our formulation. During the day, there are hours when the
system’s capacity cannot satisfy the full demand; to address this, we penalize the unmet demand, which could
result in outsourcing or power outage. Other parameters such as power generation cost and investment cost are
presented in Tables 3 and 4. The data is collected from Turkish Electricity Transmission Corporation (TEİAŞ).
In the final solution of the model, the number of new turbines will be determined.

Table 3. Variable cost of different energy sources.

Energy
source

Installed
power (MW)

Availability
factor (AF)

Energy
loss

Available energy after
applying AF and loss (MW)

Variable cost
($/MWh)

Hydro 3270 50% 8% 1504 0.002
Geothermal 172 75% 8% 119 0.011
Solar 3 50% 8% 1 0.003
Biomass 73 75% 8% 50 5.272
Waste 22 85% 8% 17 0.001
Natural gas 4299 85% 8% 3362 3.602
Oil 111 70% 8% 71 3.602
Coal 3187 85% 8% 2,492 4.474
Stream 1243 50 8% 572 0.001

Table 4. Variable cost of wind turbine.

Energy
Source

Installation
Cost(M$)

Lifetime
(Years)

Installation
Cost($/Year)

Availability
Factor (AF)

Variable Cost
($/MWh)

Capacity
(MW)

Wind 3.5 20 175,000 24% 0.002 2

6. Hierarchical clustering

Hierarchical clustering is an approach to partitioning clustering to categorize groups in any given data set. The
main advantage of applying hierarchical clustering in this paper is that it does not need to select or choose the
number of clusters at the beginning. The final result of hierarchical clustering is a tree-based graph, which is a
good representation of the objects, also known as dendrogram. Data points can be subdivided into groups by
cutting the dendrogram at any desired similarity level as shown in Figure 3.

aA B C D E F G H I J K L M N

2

0

4
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Cluster Dendrogram 

©bijan

Figure 3. Dendrogram diagram.
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One of the most important necessities of having an efficient hierarchical clustering is to figure out the
best number of clusters. As you can see in the picture above, this clustering technique goes forward until it
reaches one cluster. We will have a representative point for each cluster and use that instead of all the clusters.

In this paper, three different points are considered as the representative point: min, max and average.
When clustering reaches one cluster and if the average method is used for the representative point, it will be the
same as taking the average for all the data. Thus, it is very important to choose the best number of clusters.

In this paper, two different methods are used for each of five distance measurement methods to figure
out the best number of clusters: the silhouette and elbow methods.

6.1. Elbow method
In clustering, the elbow method is a heuristic to figure out the best number of clusters in a data set. The
method consists of creating the variation graph with respect to the number of clusters and picking the elbow of
the graph as shown in Figure 4a.

6.2. Silhouette method
In this method, as shown in Figure 4b, which is popular for both cohesion and separation, a silhouette coefficient
is defined for an individual point in three steps as follows:

1. For the ith point, calculate the average distance to all other points in the same cluster, and call it ai .

2. For the ith point and any cluster not containing this point, calculate the average distance to all points in
the given cluster and call it bi .

3. For the ith point, the silhouette coefficient is si = (bi − ai)/max(ai, bi)

The value of this coefficient changes from -1 to 1. A negative value means the average distance of the
point in the same cluster is more than its average distance to points in other clusters, which is not desirable.
We want this coefficient to be positive and as close to 1 as possible since, in the case of 1, it means that ai was
equal to zero.
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Figure 4. Elbow and silhouette methods for selection optimal clusters.
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7. Comparison of hierarchical clustering methods with different parameters
Choosing the number of clusters is included in the code. The results show that the optimal number of clusters
is six. By using five different distance measurement methods (Euclidean, city block, Sorensen, Canberra, and
Minkowski) and three different representative points (average, min, and max), we investigated a list of different
methods on a base case (penetration level = 10%, peak hour restriction = no, public time = all day, home =
0%, work = 0%, public = 100%) to find the optimal clustering method. This method is later used on the other
25 cases defined in the GEP part as well. By comparing the percentage error of this list, we figure the best
method for our data set. The results of these methods can be found in Table 5.

Table 5. Clustering method comparison.

Method
number

Distance
method

Centroid
criteria

Parameter Optimal
number of
clusters

Total cost
(cluster)

Total cost
(full)

Error

1 Euclidean Average N/A 6 $356,011,974 $356,061,539 0.01392%
2 Euclidean Min N/A 6 $355,894,828 $356,061,539 0.04682%
3 Euclidean Max N/A 6 $355,875,765 $356,061,539 0.05217%
4 City Average N/A 6 $355,410,661 $356,061,539 0.18280%
5 City Min N/A 6 $354,876,285 $356,061,539 0.33288%
6 City Max N/A 6 $354,306,418 $356,061,539 0.49293%
7 Soren Average N/A 6 $354,734,371 $356,061,539 0.37274%
8 Soren Min N/A 6 $354,590,094 $356,061,539 0.41326%
9 Soren Max N/A 6 $353,740,043 $356,061,539 0.65199%
10 Canberra Average N/A 6 $354,190,199 $356,061,539 0.52557%
11 Canberra Min N/A 5 $353,376,945 $356,061,539 0.75397%
12 Canberra Max N/A 6 $352,940,333 $356,061,539 0.87659%
13 Minkowski Average Power = 4 6 $355,003,301 $356,061,539 0.29721%
14 Minkowski Min Power = 4 6 $354,131,082 $356,061,539 0.54217%
15 Minkowski Max Power = 4 6 $353,485,269 $356,061,539 0.72355%
16 Minkowski Average Power = 5 6 $355,812,163 $356,061,539 0.07004%
17 Minkowski Min Power = 5 6 $355,738,310 $356,061,539 0.09078%
18 Minkowski Max Power = 5 6 $355,413,883 $356,061,539 0.18189%
19 Minkowski Average Power = 6 5 $355,533,802 $356,061,539 0.14822%
20 Minkowski Min Power = 6 6 $354,974,035 $356,061,539 0.30543%
21 Minkowski Max Power = 6 6 $354,089,460 $356,061,539 0.55386%

It is understood from this table that the best similarity method for our data set is Euclidean, and the
best representative point is the average. To get a better understating of the results of the table, the two charts
in Figures 5 and 6 are provided.

Figure 5 indicates the percentage error of the implemented methods. As shown, the first three bars have
the lowest error rates, which are for Euclidean measurement. For each group of three bars, the first one is for
the Average of the specified similarity method, the second one is for min, and the third one is for max. For
example, the first bar number represents average Euclidean, the second one represents min Euclidean, and the
third one represents max Euclidean. The fourth bar is for the average city block, the fifth one is for the min
city block, and the sixth bar is for the max city block. It goes on for all methods. It is shown that in all the
cases, the error for average is the least, and then min and max are after that. Other than percentage error,
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another chart for the total cost is provided in Figure 6.
Figure 7 indicates the results of clustering on one of the base cases under average Euclidean method.

As shown, the first cluster represents 2150 demand profiles with average demand 101 MWh (lowest electricity
demand), while the third cluster with 1482 demand profiles and average demand about 140 MWh has the
highest rate.
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Figure 5. Error rates of implemented methods.
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Figure 6. Cost comparison of different clustering methods with the actual cost.
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Figure 7. Results of clustering on one of the base cases.

2665



AFGHAH et al./Turk J Elec Eng & Comp Sci

8. GEP problems for different cases
Using GAMS, the mathematical problem has been solved for all the cases presented in Table 2. The clustering
method selected in the previous section is used to obtain the representative load curves for these cases. In Table
6, the final results are shown. There are different parameters to be considered, the final cost of each method,
the number of suggested turbines, and the time of solving the problems. As shown in the last two columns, the
difference between the suggested number of turbines between using the full data and the clustering method is
very low. In most cases, they are identical, but the difference between using the average and using full data is
much higher. Comparing the costs of each method tells us the same thing; using the clustering method is not
giving a huge error compared to using full data, rather than using the average which has a much higher error.

Another parameter that explains the difference is the unmet demand. By using the full data, the amount
of unmet demand is the percentage of total demand that is not satisfied, meaning that it is not generated in
our network. In other words, unmet demand is the difference between total demand and maximum generation
of our network in percentage. For example, as seen in the results table, for the first case, unmet demand is
0.00082% for the full data. It is the same for clustering data, but for the average, the number is 0.01866%.
This shows that in the average method the model is ignoring a lot of demand by not satisfying them and will
not suggest investment in new resources for them. That results in less total cost compared to the full data
case. This huge difference with the full data, which we know is the actual and correct answer, is causing the
final error to be much higher. As shown in Figure 8, in some cases, the difference between unmet demand for
cluster and average is not so much, whereas in other cases, there is a huge difference. By looking out for total
cost comparison cases, we can see that there is a relationship between the difference in unmet demand and the
percentage error in total cost, which means that the cases with a huge difference between their unmet demands
will cause higher total cost error in their average method compared to the clustered method.

By comparing the calculation time of each problem, it is shown that the time of using average and
clustering methods are very close to each other, whereas they are less than five percent of using full data in
most cases. In comparing these methods, reducing run time is one of the most important benefits. Figure 9a
indicates a visual comparison of calculation time.

As shown in this chart, the run time for the clustering method and average are so close that they can hardly
be distinguished from each other, while the full method line is much higher. To have a better understanding, a
logarithmic graph is given below for the same purpose in Figure 9b. More importantly, the comparison between
the total costs is our focus since the goal of the model is to minimize total cost. In Table 7, the total cost for
each method and also the percentage error for clustering and average technique are given.

Figure 10 is given to have a visual sense of the differences. As shown, it is evident that the error from
using the averaging method is so drastic, whereas the error from the clustering method is relatively negligible
compared to using the full data. Since this is big data, we have seen in Figure 9 that the run time for the full
data is rather long. Thus, for real-time analysis, using full data becomes rather impractical. This issue caused
the necessity for a more practical method to solve the GEP problems on a large scale.
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Table 6. Results obtained for defined cases.
Data Cost_full Unmet Penalty Turbine Time

(s)
Cost_clust Unmet Penalty Turbine Time

(s)
Cost_ave Unmet Penalty Turbine Time

(s)
1 $356,061,539 0.00082% $0.08 23 262 $356,011,974 0.00082% $0.08 23 14.7 $319,476,645 0.01866% $2 19 14.5
2 $298,939,678 0.00172% $0.17 15 163 $295,987,439 0.00340% $0.34 14 14.8 $264,559,189 0.00860% $1 12 14.6
3 $209,802,157 0.00003% $0.00 5 400 $209,718,442 0.00003% $0.00 5 16.03 $208,031,329 0.00219% $0 4 15.64
4 $217,450,381 0.00000% $0.00 6 363 $216,762,847 0.00126% $0.13 5 15.55 $209,632,048 0.00126% $0 5 16.65
5 $191,881,404 0.00091% $0.09 2 331 $193,799,731 0.00091% $0.09 2 16.22 $186,146,980 0.00091% $0 2 15.75
6 $916,461,670 0.00191% $0.19 92 157 $911,432,334 0.00191% $0.19 92 14.93 $799,558,246 0.10576% $11 78 15.08
7 $850,851,917 0.00413% $0.41 82 148 $855,617,605 0.00066% $0.07 86 15.29 $737,281,386 0.03122% $3 71 14.95
8 $308,817,397 0.00060% $0.06 16 327 $307,563,464 0.00060% $0.06 16 15.27 $291,505,591 0.00576% $1 14 15.05
9 $275,477,733 0.00049% $0.05 13 347 $272,251,564 0.00049% $0.05 13 15.47 $248,877,499 0.01834% $2 10 15.03
10 $212,271,809 0.00041% $0.04 5 328 $212,185,941 0.00041% $0.04 5 15.88 $186,287,673 0.00689% $1 2 15.5
11 $210,643,885 0.00016% $0.02 5 292 $210,484,040 0.00016% $0.02 5 16 $209,638,795 0.00016% $0 5 15.28
12 $221,635,937 0.00066% $0.07 6 281 $221,618,905 0.00066% $0.07 6 15.26 $217,464,269 0.00066% $0 6 15.13
13 $196,437,383 0.00039% $0.04 3 255 $194,778,303 0.00039% $0.04 3 15.39 $193,962,750 0.00039% $0 3 15.05
14 $307,528,885 0.00059% $0.06 17 270 $309,367,401 0.00059% $0.06 17 17.41 $291,628,100 0.00530% $1 15 15.58
15 $660,403,666 0.00262% $0.26 59 299 $660,896,564 0.00262% $0.26 59 15.47 $603,910,553 0.01545% $2 54 15.76
16 $441,561,116 0.00052% $0.05 33 300 $441,330,787 0.00052% $0.05 33 15.68 $398,926,270 0.01746% $2 28 15.64
17 $481,487,763 0.00188% $0.19 37 234 $483,306,871 0.00189% $0.19 37 15.88 $429,978,942 0.01317% $1 32 15.36
18 $703,407,142 0.00077% $0.08 66 158 $699,061,761 0.00077% $0.08 66 15.57 $611,726,796 0.06449% $6 55 15.37
19 $588,863,746 0.00256% $0.26 50 137 $587,674,976 0.00153% $0.15 51 15.85 $517,110,255 0.01791% $2 43 15.12
20 $313,852,229 0.00017% $0.02 17 347 $313,661,547 0.00017% $0.02 17 16.07 $297,064,583 0.00489% $0 15 15.28
21 $242,984,099 0.00031% $0.03 9 237 $242,868,189 0.00031% $0.03 9 15.74 $233,178,199 0.00234% $0 8 15.28
22 $243,008,187 0.00032% $0.03 9 273 $242,205,308 0.00032% $0.03 9 15.69 $233,178,043 0.00232% $0 8 15.49
23 $217,602,934 0.00002% $0.00 6 400 $217,399,734 0.00002% $0.00 6 15.38 $209,652,440 0.00254% $0 5 15.7
24 $219,494,245 0.00032% $0.03 6 257 $219,582,988 0.00032% $0.03 6 19.4 $211,272,549 0.00400% $0 5 19.37
25 $219,586,805 0.00033% $0.03 6 383 $220,817,979 0.00033% $0.03 6 16.75 $211,462,016 0.00404% $0 5 15.17
26 $218,005,609 0.00009% $0.01 6 312 $217,688,956 0.00009% $0.01 6 15.9 $209,644,613 0.00189% $0 5 15.45
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Figure 8. Unmet demand percent comparison.
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Figure 9. Run time versus log run time.

The presented results in this section confirm our hypothesis that using hierarchical clustering, while not
losing much information and accuracy, is extremely advantageous regarding the run time of the GEP problem-
solving. It has been figured that when most of the charging or all of them happen at one charging place (like
home or public stations), new peaks occur in our demand curves, meaning it requires more investment. In these
cases, the error of taking the average is much higher than using the suggested clustering method. It is the same
for all other limitations. For example, by applying the charging time limitations for public stations, which are
defined as T1 , T2 , and T3 in this study, we can see that for T1 and T2 cases (with limitations) the error
difference between the average and clustering method is relatively higher than T3 case (with no limitation).

9. Conclusion
The electrified transportation sector would have a huge effect on electricity usage and the supply network. This
magnifies the importance of deep studies on this matter. Because of the inevitable increasing number of electric
vehicles (EVs) in coming years, it is necessary to consider their new load on expansion planning of the current
network. This study integrates EVs demand into the GEP problem via clustering. For this matter, the new
load is added to two different current day loads. One of them as the representative of summer and the other one
for winter. The Monte Carlo simulation method is used to generate new load curves with defined assumptions.

Firstly, three different places for charging the EVs are assumed: home, work, and public stations. For
each of them, we assign different characteristics, which we think may be highly possible when the number of
EVs is increased. For home charging, we assume controlled and uncontrolled charging, which means whether
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Table 7. Cost and error comparison between clustering and average.

Cost_full Cost_clustering Cost_average Clustering Average
$356,061,539 $356,011,974 $319,476,645 0.01% 10.27%
$298,939,678 $295,987,439 $264,559,189 0.99% 11.50%
$209,802,157 $209,718,442 $208,031,329 0.04% 0.84%
$217,450,381 $216,762,847 $209,632,048 0.32% 3.60%
$191,881,404 $193,799,731 $186,146,980 1.00% 2.99%
$916,461,670 $911,432,334 $799,558,246 0.55% 12.76%
$850,851,917 $855,617,605 $737,281,386 0.56% 13.35%
$308,817,397 $307,563,464 $291,505,591 0.41% 5.61%
$275,477,733 $272,251,564 $248,877,499 1.17% 9.66%
$212,271,809 $212,185,941 $186,287,673 0.04% 12.24%
$210,643,885 $210,484,040 $209,638,795 0.08% 0.48%
$221,635,937 $221,618,905 $217,464,269 0.01% 1.88%
$196,437,383 $194,778,303 $193,962,750 0.84% 1.26%
$307,528,885 $309,367,401 $291,628,100 0.60% 5.17%
$660,403,666 $660,896,564 $603,910,553 0.07% 8.55%
$441,561,116 $441,330,787 $398,926,270 0.05% 9.66%
$481,487,763 $483,306,871 $429,978,942 0.38% 10.70%
$703,407,142 $699,061,761 $611,726,796 0.62% 13.03%
$588,863,746 $587,674,976 $517,110,255 0.20% 12.19%
$313,852,229 $313,661,547 $297,064,583 0.06% 5.35%
$242,984,099 $242,868,189 $233,178,199 0.05% 4.04%
$243,008,187 $242,205,308 $233,178,043 0.33% 4.05%
$217,602,934 $217,399,734 $209,652,440 0.09% 3.65%
$219,494,245 $219,582,988 $211,272,549 0.04% 3.75%
$219,586,805 $220,817,979 $211,462,016 0.56% 3.70%
$218,005,609 $217,688,956 $209,644,613 0.15% 3.84%
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Figure 10. Error comparison between clustering and average.

people can charge during peak hours or not. For public stations, three different scenarios are considered. In
one case, they can charge from 6 pm to 10 pm, which means that people will charge their cars after work but
not very late. The other case is charging from 10 pm to 2 am to show the effect of charging at late hours, and
the last case is charging without any limitation.
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For penetration level, 10% and 30% are considered to evaluate the effect of higher demand on the supply
network. In each scenario, different percentages are given to each of the charging places to have a comprehensive
comparison and reliable results. Monte Carlo simulation is used to generate different load curves as a result
of increasing the number of EVs. Then, by using hierarchical clustering, the final huge data set is reduced to
6 points instead of 10,000 points which gives a much faster solving time. This method is compared to simply
taking the average and using just one point instead of 10,000. It is shown that while the solving time for both
average and clusters are very close and much less than full data (around 5 percent), the results for clustered
data are much more accurate and closer to full data, which is the definite and optimum answer.

The comparison is made for the total cost of the problem, including new investment and penalty cost for
unmet demands, the percentage of unmet demand, and the amount of new needed investments. It is figured
that when charging places are well distributed, the difference between using the average and using clusters is
not so much. Although solving times of both are very close, it is recommended to use the clustering method
even in these cases, but especially in extreme cases, when the charging percent of one of the places is much
higher than the others, the difference is very high, and it is strongly recommended to use hierarchical clustering
instead of taking the average.

We utilize a small GEP problem to show the efficiency of clustering. We choose it so that the problem
with full data could be solved. If we consider multiple years, different investment options, or more complicated
problems, GEP with full data will not be solved. However, GEP with cluster has very little time for this simple
case; it tells us that we can use it for more complicated and large problems.
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