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Abstract 

Increased penetration of electric vehicles (EVs) and renewable energy sources (RESs) 

in power systems can directly affect the system reliability and impose additional 

complexities to planning and operation due to their uncertainties. The traditional planning 

methods based on deterministic analysis fail to accurately capture the impact of the 

aforementioned uncertainty on the system reliability.  

In this thesis, a reliability-oriented distribution system analysis methodology that 

captures the complex interactions between EVs, photovoltaic (PV) power production, and 

energy storage is proposed. Firstly, a two-layer stochastic EV charging demand estimation 

model is proposed. The model comprises of a traffic layer representing the spatial-temporal 

distributions of EVs and an electrical network layer describing the impact of EV charging 

demand on electrical network. A Dynamic Hidden Markov model is used to capture the 

EV movements in the traffic layer. The ability of the traffic layer model to faithfully 

represent the random travel pattern of actual vehicles used by different types of drivers is 

examined. Secondly, a novel stochastic solar irradiance model based on probability 

distributions of the first-order differences of hourly global solar horizontal irradiance is 

proposed to calculate the stochastic power output of the PV system. Measured solar 

irradiance data from four different locations with varying climate characteristics were used 

to evaluate the proposed model in comparison to two previously reported models. 

Additionally, various computational models such as the EV charging station model, 

reliability evaluation model, and economic evaluation model are developed to support the 

reliability and economic evaluation with necessary inputs. 
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Monte Carlo simulation (MCS) is used to analyze a range of best to worst-case 

scenarios for more optimal outcomes. A range of sensitivity analysis is performed to 

illustrate the reliability and economic impact due to EV charging, PV power production 

and various operating strategies. Several new reliability indices are proposed to quantify 

the impact of EV charging characteristics, RES penetration, and energy storage system 

(ESS) on the reliability performance of distribution systems. Finally, an optimization 

algorithm along with developed stochastic models and MCS framework is used for the 

optimization of the resource sizes considering EV charging stations (EVCSs) life-cycle 

costs, reliability and emissions. 
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Chapter 1 

Introduction 

1.1 Background 

Climate change, environmental pollution, and energy crisis have motivated all nations 

to cater to the utilization of renewable energy sources (RESs) instead of fossil fuels and to 

adopt sustainable transportation by including more electric vehicles (EVs) in their fleet [1]. 

The penetration of RESs and other emerging technologies such as energy storage systems 

(ESSs) and EVs has rapidly increased during the past decade, particularly in the electrical 

distribution systems [2], [3]. The undergoing growth of small-scale generation and ESSs 

connected to the distribution network, commonly referred to as the distributed energy 

resources (DERs), along with EV charging infrastructure has resulted in considerable 

changes to the distribution network concerning the structure, operation, regulation, and 

modernization [4].  

Figure 1.1 shows a conceptual diagram illustrating a modern distribution system with 

RESs, ESSs, and EVs along with traditional consumer loads. The factors such as increased 

RESs utilization, achieving better energy efficiency and improving grid reliability drive 
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DERs integration. Therefore, the power distribution systems need to be planned 

considering these changes and the new investments should be allocated to the right 

infrastructure that facilitates harnessing the perceived benefits of RESs, ESSs, and EVs [5]. 

Hence, it is imperative to develop appropriate models and methodologies for accurate and 

realistic evaluation of the reliability of distribution networks considering the roles of RESs, 

ESSs, and EVs. 

Power plant Transmission

Active network 

management Energy storage EV Charging

Demand-side 

participation

PV Integration

Wind generation

Distribution system operators

Distribution System

 

Figure 1.1. Features of a modern distribution system 

1.2 Probabilistic analysis of power systems 

The conventional deterministic planning methods are challenged by the intermittent nature 

of distributed generation (DG) based on wind, solar energy and non-traditional loads like EV 

charging loads. Probabilistic analysis is considered the most suitable approach for modelling 

the power system uncertainty since the uncertainties associated with the output of the generator 

or load is quantified by conducting a statistical analysis of the corresponding data. A random 
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variable (RV) and a particular probability density function (PDF) are used to represent the 

uncertainty associated with each system input. Two major propositions for probabilistic 

analysis of power systems have been put forward in the literature, namely, i) analytical 

methods, and ii) simulation methods 

The application of analytical methods such as point estimation method (PEM) and 

copulas estimation technique to deal with load and generation uncertainty is described in 

several publications. PEM involves the use of sample data to calculate a single value which 

is to serve as the best estimate of an unknown population parameter. For example, a 

probabilistic power flow based on PEM has been employed to estimate the uncertainty 

associated with wind turbine-based DGs, load demand, PV power and EV charging 

behaviour in [6]. The copula is a function which couples a multivariate distribution 

function to its marginal distribution functions, generally called marginals or simply 

margins. Compared with PEM they are great tools for modelling and simulating correlated 

random variables. The copulas estimation technique has been used in [7] to predict the EV 

demand by considering the randomness in EV travel distance as well as the plug-in time of 

EVs.  

On the other hand, simulation-based methods rely on repeated random sampling to 

obtain numerical results. Monte Carlo simulation (MCS) is the most popular simulation-

based method. There are many MCS methods, but in general, they involve (i) defining a 

domain of each input; (ii) generating inputs randomly from a probability distribution over 

its domain; (iii) computation of some objective functions (deterministically) from the 

random inputs; and (iv) aggregation of the results. In the application of MCS to a particular 

https://en.wikipedia.org/wiki/Statistical_sample
https://en.wikipedia.org/wiki/Data
https://en.wikipedia.org/wiki/Parameter
https://en.wikipedia.org/wiki/Probability_distribution
https://en.wikipedia.org/wiki/Deterministic_algorithm


Introduction   

 

4 

 

problem, the major concern is the development of the problem-specific models required in 

step (iii), obtaining the proper probability density functions of inputs, and computational 

time required to the convergence of the simulation. Thus, the implementation of the MCS 

analysis for a given problem can differ depending on the modelling approach. A common 

technique is to use a pool of scenarios to represent the stochastic inputs. For example, in  

[8] a set of 10 probabilistic wind and solar power profiles have been used to analyze the 

operational challenges associated with the integration of intermittent sources using MCS. 

A similar approach has been used to model the stochastic behaviour of wind turbines [9],  

to analyze the uncertainties associated with the plug-in EVs, wind-based DG, EV driving 

patterns and energy consumption [10], [11], [12].  

The survey of the literature shows that although analytical approaches are less 

computationally demanding, they require many simplifying assumptions in formulating the 

problem in a manner amenable for analytical solutions. On the other hand, MCS methods 

are proven to be able to handle the effect of uncertainties without many simplifying 

assumptions. They are also flexible enough to incorporate complex network management 

strategies.  

1.3 Stochastic models and operating strategies   

Non-traditional load patterns due to massive EVs penetration along with stochastic 

power output from RESs have been reported to cause various distribution system 

challenges such voltage deviations, quality of supply degradation, increased power losses, 

transformers and line overloads, harmonics and fault current increase in distribution 
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networks [13]. Hence, it is imperative to model the original characteristics of EV charging 

and RESs for the evaluation of distribution system reliability. 

From the power system context, EVs can be considered as non-traditional loads as the 

EV owners have the freedom to charge their vehicle whenever there is an opportunity. This 

brings forward the relevance to consider the spatial-temporal aspects in the EV charging 

demand estimation models. Additionally, EV modeling also presents complexities due to 

various aspects such as varying charging patterns during the weekends and weekdays, 

different charging behaviour of the EV drivers, variations in the travel distances, disparities 

in the battery state of charge (SOC) depending on the type of EVs and their battery size. 

There are detailed EV models [14]–[17] that have considered both major and minor details 

pertained to EV charging. These models are proven to be efficient in EV charging demand 

estimation, electrical network analysis, charging station planning etc. However, these 

models are highly complex and can be computationally exhaustive to use in MCS-based 

planning approaches which require thousands of simulations over long planning horizons. 

On the other hand, there are simple models [18]–[21] which partially ignore the important 

spatial-temporal distribution while estimating the EV charging demand. Hence, a 

stochastic EV charging demand estimation model that finds an appropriate trade-off 

between the details and simplifications helps back the probabilistic evaluation.  

While considering the RESs like solar energy systems in the probabilistic planning 

studies, MCS requires a distinct time series of solar irradiance for each trial over the 

planning horizon as an input to fully characterize the randomness. Historical data over a 

short period may not fully capture the full stochastic nature of the variations in solar 
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irradiance over a long planning period. Therefore, synthetic solar irradiance generators are 

often used to support MCS and similar probabilistic approaches. A significant effort has 

been devoted in the past to develop various stochastic solar irradiance models capable of 

generating synthetic sets of solar irradiance [22]. Different solar prediction models have 

been proposed to generate solar irradiance in short, medium and long-term horizons [23]–

[25]. Many of the existing long-term solar irradiance models have deficiencies either in 

accurately representing the site-specific random variations or in computational efficiency, 

limiting their utility in MCS.  A solar irradiance model suitable for generating long-term 

synthetic solar irradiance data can be helpful for MCS-based power system planning 

studies [22].   

It can be challenging to ensure secure, economic, and reliable power system operation 

under the penetration of stochastic power sources like RESs and non-traditional loads due 

to EV charging. To tackle this, various operating strategies are adopted by the distribution 

system operators. The adverse effects of uncontrolled EV charging on distribution system 

challenges are catalogued in [13], where adopting smart-charging approaches to efficiently 

manage the EV charging-related challenges is advocated. For distribution system 

operators/utilities, finding an optimal operating approach can be formulated as a multi-

objective optimization problem. For example, the reduction in the operating cost with the 

minimization of the difference between average and maximum power demand is 

considered in formulating the optimization problem in [26]. In the beginning, many 

approaches ignored the presence of RESs uncertainties in their operating strategies. 
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On the other hand, distribution system operators/power utilities can use a coordinated 

approach for power dispatch in the presence of RESs and ESSs to efficiently manage the 

EV charging-related challenges on the distribution system planning. As demonstrated in 

[27], EVs charging/discharging potential can be utilized for balancing the power 

production and demand for a micro-grid with wind power and EV charging loads. The 

operating flexibility of the distribution system greatly increases when the vehicle to grid 

(V2G) energy transfer is enabled. A comparison of different types of EV charging 

management strategies in distribution systems including uncontrolled and smart charging 

approaches along with demand response and V2G energy transfer is presented in [28] for  

day-ahead scheduling of smart grid with intensive penetration of DGs and EVs.  It is also 

shown in [29] that when the owners of EVs and controllable loads participate in energy 

and reserve scheduling, the operational flexibility improves further.  

Many of the proposed approaches in [13], [26]–[29] address the issue of short-term 

operational planning of active distribution networks to achieve various technical, 

economic, environmental and reliability goals and are generally too complicated to use in 

long-term planning studies. However, distribution system operating strategies are required 

to optimally utilize the available resources to effectively maintain a reliable system 

operation while considering RESs and EVs charging.  

1.4 Distribution system reliability 

The reliability of an electrical network is the ability of the power system to supply 

consumers continuously with acceptable quality. The result of distribution system 
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reliability assessment is various reliability indices such as Loss of Load Expectation 

(LOLE), Expected Energy Not Served (EENS), System’s Average Interruption Frequency 

Index (SAIFI), System’s Average Interruption Duration Index (SAIDI), and other similar 

indices [30].  

Presently, the main concern for distribution system reliability is the stochastic nature 

of the power output of RESs, EV charging loads, and controllable loads used in demand-

side management. The growth of the EV fleet increases the system loading resulting in the 

weakening of the system reliability and the EV charging/discharging strategy has a strong 

influence on the power system reliability indices like LOLE and EENS [11]. Recent 

literature reports some efforts to incorporate these effects into the models and methods 

used for reliability evaluation. An explicit evaluation of the impact of DSM on power 

system reliability has been reported in [31]. The load profile of major residential 

appliances, flexibility associated with individual load profiles, appliance level load profiles 

and different contingencies are used to assess the system reliability. While some interesting 

work has been carried out in this area, there are many more aspects to explore, especially 

related to the incorporation of EV charging. The models need to be improved considering 

driving patterns, different charging methods, and differences in the EVs of different 

manufactures.  

1.5 Problem definition  

The traditional distribution planning adopts the least-cost approach for meeting the 

peak system demand while satisfying some reliability criteria. However, due to stochastic 



Introduction   

 

9 

 

generation sources such as wind and PV energy systems, and loads such as EVs, this 

approach will not lead to the best solution. On the other hand, the existing distribution 

planning models are not flexible enough to incorporate the intermittent generation due to 

the DERs and non-traditional loads such as EVs. Hence, probabilistic planning approaches 

that can incorporate uncertainties into the distribution system planning are gaining 

increased attention. MCS methods are one of the approaches for probabilistic evaluation 

of distribution systems that have flexibility in modelling uncertainties such as the output 

of RESs or EV loads. This approach mimics the actual operating history of power systems 

by random sampling to obtain numerical results. Hence, reliability-centred planning using 

MCS is an attractive approach to incorporate uncertainties, random influences, and 

complex network management strategies [32]. 

As discussed earlier, suitable stochastic models that represent the uncertainties of the 

power system components and operational practices are required to perform MCS. It is 

imperative to have accurate computational models capable of estimating the possible 

variations associated with RESs and EV charging to obtain trustworthy results. These 

models are then used to evaluate quantitative indicators of reliability or their distributions. 

It is expected that any stochastic models developed for backing the MCS-based 

probabilistic evaluation should be able to preserve the original characteristics of the 

designated modeling element (RESs, ESSs, EVs) while being compatible to generate long-

term, non-repetitive datasets.  

As presented in Section 1.1, some interesting work has been carried out in the past to 

develop stochastic EV models to account for the charging demand on the power system.  
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Similarly, many stochastic solar irradiance models have been developed to generate 

synthetic solar irradiance datasets for use in MCS. Although the representation of 

renewable energy generation in planning studies is somewhat established, there are several 

aspects to be explored when incorporating renewable energy sources with EV charging. 

For example, an emerging trend in renewable-based EV charging has been reported in the 

literature [33]. The EVCSs equipped with PV energy systems and ESSs are often 

considered as they can be easily incorporated into urban settings. Systems that combine 

RESs and ESSs are referred to as distributed energy resources (DERs). The distribution 

system reliability is an important factor but many of the reported stochastic planning 

approaches that consider RESs, ESSs, and EVs are heavily focused on the cost of emission 

reductions and pay less attention to reliability aspects. Reliability-centred electrical 

network analysis is sensitive to random parameters such as stochastic power output of 

RESs, EV driver’s charging characteristics. This randomness can only be tackled using 

efficient stochastic models.  

In summary, the main research gaps identified to address in this thesis are: 

• A dearth of research that study and quantify the impact of EV charging on the 

distribution system reliability as most previous studies mostly focussed on objectives 

such as cost and emission reduction or finding optimal charging station locations.  

• Limitations of the models used to generate spatial and temporal distributions of EV 

charging patterns in probabilistic planning methods. The existing models are either 

computationally exhaustive or too simple to capture some important aspects related to 
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EV charging, such as the day type, driving patterns, different charging methods, and 

differences in the EVs. 

• Deficiencies in synthetic solar irradiance generating models used in probabilistic 

planning studies in preserving the stationary and sequential properties of measured 

solar irradiance. 

Thus, the proposed research will advance the state-of-the-art in the probabilistic 

evaluation of distribution networks (DNs) containing RESs, ESSs, and EVs by developing 

appropriate models and techniques. These models and techniques will be developed to 

facilitate the use of the MCS approach and to incorporate various efficient algorithms for 

the optimization of system reliability and costs. The proposed approach is expected to 

facilitate a more realistic evaluation of distribution system reliability under the changing 

industry environment and help the power industry to perform probabilistic analysis in 

distribution system reliability assessment and integrated resource planning. 

1.6 Objectives of the research  

The main goal of the proposed research is to develop appropriate models for accurate 

and realistic evaluation of the reliability of distribution networks considering the role of 

RESs, ESSs and EVs. To achieve the main goal of this research, the following sub-

objectives are proposed:  

a) To develop a suitable model to estimate the stochastic power output of PV energy 

systems that is usable for MCS based long-term planning studies, including a model 

capable of generating long-term, non-repetitive, synthetic sets of solar irradiance. 



Introduction   

 

12 

 

b) To develop a suitable stochastic model for generating the EV charging demand 

patterns considering the spatial-temporal distribution of EVs while incorporating 

the parameters pertaining to individual EVs such as driving range, charging 

locations, driving distances, and driver’s charging habits. 

c) To develop a complete methodology to examine the impact of EV penetration on 

distribution network reliability by utilizing the stochastic EV model developed in 

(b).   

d) Development of a comprehensive methodology for distribution system reliability 

evaluation considering the complex interactions among EVs, PV systems, and 

energy storage.  

e) Development of an economic evaluation model to calculate the total cost pertained 

to EVCS equipped DERs considering the capital cost, operation cost, emission cost, 

and cost of unreliability.  

f) Application of the developed stochastic models and MCS framework for 

optimization of the resource sizes of EVCSs considering the life-cycle costs, 

reliability and emissions.  

1.7 Thesis overview 

Figure 1.2 illustrates the individual chapters included in this thesis and their inter-

relationship in leveraging the development of different models and methodologies as the 

research progresses. Each chapter consists of a focused literature review pertaining to the 

context addressed in the chapter, and therefore the thesis does not contain a separate chapter 
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devoted to the literature review, except for the background provided in this introduction. 

The contents of each chapter represent a major publication or a combination of several 

publications.   

Chapter- 1: Introduction  

Chapter- 3: Probabilistic Reliability Evaluation of 

Distribution System considering Electric Vehicles 

Chapter- 5: Conclusion and Future Work  

Chapter- 2: Development of a Stochastic Model for 

Generating Synthetic Hourly Solar Radiation  

Chapter- 4: Distribution System reliability evaluation 

considering Electric Vehicles, and Hybrid Energy 

Resources  

 

Figure 1.2. Flow diagram illustrating the overview of the thesis  

Chapter 1 provides the introduction giving the necessary background, motivation, and 

objectives of this thesis along with the details of the thesis organization. The next three 

chapters present the main contributions of the thesis with each chapter addressing one or 

more objectives: Objective (a) is addressed in Chapter 2; objectives (b) and (c) are 

addressed in Chapter 3; and objectives (d), (e), and (f) are addressed in Chapter 4.  

Chapter 2 develops a novel stochastic solar irradiance model to generate long-term, 

non-repetitive synthetic sets of solar irradiance data. The chapter contains a detailed 

literature review on the existing solar irradiance models which leads to the identification 

of several areas for improvement, the development and validation of a novel synthetic solar 

irradiance generation model and its comparison with two other existing models.   
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Chapter 3 presents the development of a stochastic model to quantify the additional 

power demand due to EV charging. It reviews the existing models that attempted to 

quantify the EV charging demand and identifies key research gaps over the existing state 

of the art. Furthermore, this chapter develops a methodology to perform distribution system 

reliability analysis using the developed stochastic EV charging demand estimation model 

and MCS. The application of the models is demonstrated by performing various studies 

and sensitivity analyses to examine the impact of EV penetration on distribution system 

reliability.         

Chapter 4 combines the stochastic EV model from Chapter 2 and the stochastic solar 

irradiance model from Chapter 3 for distribution reliability evaluation considering the 

presence of both EVs and PV power generation. The chapter presents a complete 

methodology to perform distribution system reliability evaluation considering RESs, ESSs, 

EVs using the developed stochastic models to generate synthetic patterns of PV power 

output and EV energy consumption patterns while analyzing the best to worst-case 

scenarios using the MCS. This framework is incorporated into an optimization algorithm 

to choose optimal DERs sizes.    

Chapter 5 provides the conclusions of the research along with the directions for 

improvements through further research.  



Chapter 2 

Stochastic Model for Generating Synthetic 

Solar Irradiance Data 

2.1 Introduction  

The typical approach used for designing solar energy systems is to use a short period 

of historical weather data or typical meteorological year (TMY) data for the particular 

location to evaluate the performance of the system being designed. However, a short period 

of historical data or TMY data may not capture the full stochastic nature of the variations 

in solar irradiance over the long design life of solar energy systems. To overcome this 

limitation and reliably evaluate the feasibility of design alternatives and the impact of 

different operational strategies associated with solar energy systems, probabilistic methods 

like Monte Carlo simulation (MCS) is used [34]. Each trial of MCS requires a distinct time 

series of solar irradiance over the design life cycle of the system as an input to fully 

characterize the randomness. MCS typically requires hundreds, if not thousands, of trails 

before convergence, and the simulation input demands non-repetitive datasets of solar 
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irradiance for each simulation trial [35]. Therefore, synthetic solar irradiance generators 

are often used to support MCS and similar probabilistic analysis approaches to perform 

design studies associated with the siting and sizing of solar collectors and energy storage 

requirements of both solar thermal and PV systems [36]. 

In this chapter, a novel stochastic solar irradiance model based on probability 

distributions of the first-order differences of hourly global solar horizontal irradiance is 

proposed. The first-order differences are modeled using a trend component and a stochastic 

component represented using the cumulative distribution functions, both extracted from 

historical data taken over a window of 31 days around the considered day of the year. 

Measured solar irradiance data from four different locations with varying climate 

characteristics were used to evaluate the proposed model in comparison to two previously 

reported models. The same approach can be extended to model diffuse horizontal 

irradiance and beam normal irradiance values. 

2.2 Background and literature Review  

Various methodologies have been employed by different authors in the development 

of synthetic solar irradiance generators. However, not every solar irradiance model is 

suitable for MCS which requires long-term, non-repetitive, synthetic solar irradiance 

values while preserving the original characteristics of the measured solar irradiance values. 

A brief review of existing solar irradiance generation models is presented in this section.    

The method of calculating the clear sky solar irradiance based on the day of the year, 

time, and location is well established and many models are available [37]. This typically 
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involves the calculation of solar altitude, extraterritorial solar radiation, and attenuation 

due to aerosol concentration, water vapour, and various other atmospheric conditions and 

involves the use of well-studied geometrical and empirical relationships developed through 

long-term measurements. Clear sky direct normal solar radiation is predictable using 

deterministic models. However, the actual solar irradiance at a given location at a given 

time deviates from this due to random cloud cover and generally consists of both direct 

radiation and diffuse radiation due to scattering and reflections by clouds and atmospheric 

particles.  

In one of the earliest attempts to model solar irradiance, Jordan and Liu proposed a 

model to determine the horizontal surface diffuse irradiance, the long-term average hourly 

and daily sums of diffused solar irradiance considering varying levels of cloudiness [38]. 

Another approach is proposed to generate sequences of global horizontal irradiance 

utilizing the probability of sunshine and cloudiness in [39]. The performance of this model 

has been validated by comparing the characteristics of the daily simulated solar irradiance 

to the observed daily data. Procedures for generating random but coherent sequences of 

daily global insolation values, and then decompose daily irradiance to hourly irradiance 

values are presented in [40], [41]. These models use a library of Markov transition matrices 

generated from long-term measurements for this purpose [42]. A similar stochastic 

procedure has been proposed for generating synthetic sets of hourly solar irradiance values 

in [43]. All these models primarily use the clearness index as a measure to capture the 

cloudiness during the sunshine hours while generating synthetic sets of solar irradiance. 

The clearness index is calculated as the ratio of measured solar irradiance to extraterrestrial 
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solar radiation. The extraterrestrial solar radiation is calculated based on the solar geometry 

and is assumed to be having higher values compared to the measured solar irradiance at 

the earth’s surface. Thus the maximum value of the clearness index will be 1 which is 

calculated as a ratio of measured solar irradiance to the extra-terrestrial solar radiation [41]. 

However, it has been reported in [44] that cloud reflected radiation added to the direct solar 

radiation could sometimes make the measured solar irradiance values higher than the 

extraterrestrial solar radiation, especially near the sunrise and sunset. These instances can 

make the clearness index values greater than 1 and introduce errors to the models which 

use the clearness index as a primary measure [44]. 

The multi-scale methodology is proposed in [45] for generating long-term series of 

solar irradiance at a particular location involves generating annual and monthly global 

horizontal irradiance (GHI) and direct normal irradiance (DNI). Then, these outputs are 

used to generate hourly and sub-hourly solar irradiance. According to the results, these 

models can reproduce the main characteristics of the natural time series of measured solar 

irradiance data. Many publications including [43], [46] further validate these models for 

different locations, and they generally tend to preserve the statistical characteristics in the 

solar irradiance estimations. Additionally, some of the existing models intend to produce 

time series of hourly clearness index from the average values using stochastic procedures 

like average value decomposition [40] and Markov models [47], [48] to generate hourly 

clearness index from daily clearness index. However, solar system studies based on 

average values sometimes yield incorrect results [49]. 
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There are attempts to develop solar irradiance generators capable of generating 

synthetic irradiance values at sub-hour time intervals for short periods such as 10-min [23], 

5-min [24], 1-min [25] from mean hourly meteorological observation inputs. The 

motivation for developing these models is derived from the need for models that are 

essential in capturing the short-term temporal dynamics associated with solar irradiance 

which can bring huge operational benefits such as real-time power system scheduling [50]. 

However, short-term synthetic solar irradiance generators are less applicable to long-term 

planning studies.    

Sizing, design, and performance evaluation of solar energy systems with dynamic 

characteristics and ESS at any location under consideration require accurate and detailed 

information on both the stationarity and sequential properties of hourly solar irradiance 

[51]. Analysis of the sequential characteristics of assorted meteorological variables, such 

as cloud cover, air temperature, wind speed, and relative humidity [23], [49] reveal very 

strong correlations at the one-hour time lag. A similar trend is revealed in a time series 

analysis of hourly GHI for a wide range of climatic stations that span temperate and tropic 

conditions [52]. The examination of the sequential behavior of hourly solar irradiance 

revealed strong correlations over long persistence times nearly equal to the entire daylight 

period. The solar irradiance time series input should reproduce not only the frequency of 

occurrence of various solar irradiance levels for each hour of the day but also the 

persistence times and persistence strengths of hour-to-hour variations of irradiance[51]. 

This is highly important with respect to the design of system including ESS. Hence, a 

simple model capable of generating synthetic, non-repetitive, long-term solar irradiance 
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datasets that replicates both the stationary and sequential characteristics of measured 

irradiance would be helpful for long-term planning studies. 

2.3 Basis of the new model: first-order difference 

in solar irradiance  

A strong correlation between the hourly solar irradiance over long persistence time 

periods has been reported by [51]. Similarly, the autocorrelation values are shown in Figure 

2.1 (a) reveals the correlative structure of hourly GHI data measured at La Grange, USA. 

The strong correlation between the current hour solar irradiance with those of three past 

hours can be seen in the partial correlation shown in Figure 2.1 (b).  

The relationship of this natural time series with respect to its immediate time steps is 

therefore evident from these correlation values. A similar trend in the autocorrelation and 

partial correlation values was observed for other locations considered in this work. 

Therefore, a new property named the “first-order difference in solar irradiance” which 

simply represents the rise or fall of solar irradiance at the current time step (t) with respect 

to the previous time step (t-1) is proposed in this work. This change in the global horizontal 

solar irradiance between two adjacent time steps can be represented as:  

∆𝐻𝐺(𝑡) = 𝐻𝐺(𝑡) − 𝐻𝐺(𝑡 − 1) 2.1 

where, 𝐻𝐺(𝑡) is the global horizontal solar irradiance measured at the current time step 𝑡 

and 𝐻𝐺(𝑡 − 1) is the value measured at the previous time step.  
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(a) 

 

(b) 

Figure 2.1. (a) Autocorrelation and (b) partial correlation of measured 

solar irradiance from La Grange, USA 

2.3.1 Inter-annual ∆𝐻𝐺 probability distributions  

To demonstrate the relevance of hourly ∆𝐻𝐺 values, the probability distributions of 

∆𝐻𝐺 values calculated at three different time periods for 10 different years measured at La 

Grange, USA are shown in Figure 2.2.  The trend line in Figure 2.2 represents the 

distribution when all 10 years of data are considered together. Figure 2.2 shows that ∆𝐻𝐺 
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values at a given hour in a given date has a characteristic distribution that does not change 

significantly from year to year. Similar distributions could be observed for ∆𝐻𝐺 values 

computed for other time periods too.  

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 2.2. Comparison of ∆𝐻𝐺 inter-annual probability distributions for three 

different years for the periods (a) 10.00-11.00 (b) 11.00-12.00 hours (c) 12.00-13.00 

hours, and (d) 16.00-17.00 hours. 

Almost identical probability values for different years point to the fact that even though 

random variation exists with respect to measured solar irradiance, annual probability 

distributions of ∆𝐻𝐺  values are similar and predictable. Even though the primary location 

considered in Figure 2.2 is La Grange, USA, a similar pattern of ∆𝐻𝐺 probability values 
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were observed for other locations such as Leavenworth, in the USA and Division 23/21 in 

Manitoba, Canada. 

To quantify the similarity of the distributions of ∆𝐻𝐺 values, the two-sample 

Kolmogorov Smirnov test (KS-II) with varying confidence levels was used. The test was 

applied to all possible distinct pairs of years (10 years of data results in 45 distinct pairs) 

taking ∆𝐻𝐺 values for the respective pair of years as the samples from the two distributions. 

Figure 2.3 shows the passing rates of the KS-II test for four different times as shown in 

Figure 2.2 considering three significance levels of 1%, 5%, and 3%. Over 95% of pairs of 

years passed the test (i.e. confirmed the null hypothesis that two distributions are the same) 

even when a 5% significance level is considered.  

1%

3%

5%

 

Figure 2.3 Percentage of pairs of years that passed the KS-II test for asserting the 

similarity between the distributions of inter-annual ∆𝐻𝐺 values computed at four different 

time periods. 

Therefore, it can be deduced that this characteristic distribution of ∆𝐻𝐺 values can be 

a useful metric to compare the accuracy of prediction models while comparing with the 

measured solar irradiance data. In other words, any good synthetic solar irradiance 
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generator should be able to preserve these characteristic distributions, in addition to the 

other statistical properties commonly considered.  

2.3.2 Intra-annual ∆𝐻𝐺 probability distributions 

To examine the feasibility of utilizing the “first-order differences” in generating 

synthetic sets of solar irradiance, the intra-annual characteristics distribution of first-order 

differences were obtained considering ∆𝐻𝐺 values from a 31-day window around the given 

date. These distributions for 10 different years are shown in Figure 2.4.  

 

(a) 

 

(b) 

 

(c) 
 

(d) 

Figure 2.4. Comparison of intra-annual ∆𝐻𝐺 probability distributions for three different 

years for the month and periods (a) Feb 14:00-15:00 (b) May 11:00-12:00 (c) July 15.00-

16.00 (d) Dec 14.00-15.00 
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It can be observed that the probability distributions for different years are similar, 

although the random deviations among them are higher when considered a 31-day window, 

instead of the whole year.  Since these distributions are generated using a fewer number of 

samples of ∆𝐻𝐺 values, such differences are expected. Similar to the annual ∆𝐻𝐺 

probability distributions, KS-II test was used to quantify the similarity of the probability 

distributions with varying significance levels. As evident from Figure 2.5, over 90% 

passing rate was observed for the KS-II test, for all pairs of years, at all three significance 

levels (1%, 3%, and 5%) considered. Therefore, it is proposed to use a window of 31 days 

centred around the current day to obtain the probability distributions of the first-order 

differences (∆𝐻𝐺 values) for developing a synthetic hourly solar irradiance data generation 

model. The characteristic obtained with a 31-day window would be more consistent with 

monthly average characteristics that are considered in most solar irradiance models [41]. 

1%

3%

5%

 

Figure 2.5 Percentage of pairs of years that passed the KS-II test for asserting the 

similarity between the distributions of intra-annual ∆𝐻𝐺 values computed at four different 

time periods. 
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2.4 Modelling solar irradiance based on first-

order differences  

The main target application of the proposed synthetic solar irradiance generation model 

is the MCS-based long-term energy planning studies. Since the solar irradiance databases 

are becoming available for most locations in the world, the focus is on a model that can be 

easily developed using a sufficient length of measured hourly solar irradiance data for the 

location of interest. In contrast to most previously published approaches that primarily 

model the solar irradiance expected at a given hour or hourly clearness index, the new 

model proposed in this chapter attempts to model the expected change in solar irradiance 

at a given hour, ∆𝐻𝐺. Then the solar irradiance at hour t, 𝐻𝐺(𝑡) is obtained by adding the 

change of solar irradiance generated for hour t, ∆𝐻𝐺(𝑡) to the previous hour solar irradiance 

𝐻𝐺(𝑡 − 1) as shown in (2.2). By continuing this process, a time series of solar irradiance 

data can be obtained recursively.  

𝐻𝐺(𝑡) = 𝐻𝐺(𝑡 − 1) + ∆𝐻𝐺(𝑡) 2.2 

As per the proposed model, the current hour solar irradiance is calculated as the 

previous time-step solar irradiance 𝐻𝐺(𝑡 − 1) plus the difference ∆𝐻𝐺(𝑡). Hence, each 

hour of solar irradiance is resulting from a sequence of past solar irradiance values. 

Therefore, the model automatically incorporates the relationship of the current hour solar 

irradiance value to all past values in the day. This is inherent in the model and contributes 

to preserving the auto-correlation property for several time-lags. 
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2.4.1 Modeling ∆𝐻𝐺 using the trend and stochastic components  

The first order differences ∆𝐻𝐺 can be considered as a combination of trend and 

stochastic components as shown in (2.3).  

∆𝐻𝐺(𝑡) = ∆𝐻𝑇(𝑡) + ∆𝐻𝑆(𝑡) 2.3 

The trend component ∆𝐻𝑇 represents the general trend in the pattern of the first-order 

differences in solar irradiance and the stochastic component ∆𝐻𝑆 represents the random 

deviations from the trend component. The trend component ∆𝐻𝑇(𝑡) for hour t in a given 

day can be obtained from the historical data. It is the mean of ∆𝐻𝐺(𝑡) values observed 

during a sliding window (31-days window was considered in this study) centred on the 

given day typically averaged over several years. Once the trend component is determined, 

the stochastic component ∆𝐻𝑆(𝑡) can be calculated from historical data using (2.4). Figure 

2.6 shows some sample time series plots of ∆𝐻𝐺, ∆𝐻𝑇 and ∆𝐻𝑆 values for several different 

seasons in a year. The trend component ∆𝐻𝑇 values are calculated beforehand based on the 

measured solar irradiance and CDFs are used to model the stochastic component 

∆𝐻𝑆. Several examples of CDFs of ∆𝐻𝑆 are shown in Figure 2.6.  

∆𝐻𝑆(𝑡) = ∆𝐻𝑇(𝑡) − ∆𝐻𝐺(𝑡) 2.4 

Since the model need to store a large number of CDFs to generate the ∆𝐻𝑆 values, it is 

more computationally efficient to fit CDF data to a model and store the model coefficients. 

It was found that polynomial functions are appropriate to approximate the inverse 

relationships of the CDFs. Trials with the data for the selected locations showed that 3rd 
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order polynomials, as given in (2.5) result in Pearson correlation coefficients (PCC) greater 

than 0.95 for all CDFs.  

 ∆𝐻𝑆(𝑥) = 𝑎0
𝑡 + 𝑎1

𝑡𝑥 + 𝑎2
𝑡𝑥2 + 𝑎3

𝑡𝑥3 2.5 

where 𝑥 ∈ [0 − 1] is the cumulative probability, and ∆𝐻𝑆 ∈ [∆𝐻𝑆,𝑚𝑖𝑛(𝑡), ∆𝐻𝑆,𝑚𝑎𝑥,(𝑡)] at 

hour t.  The coefficients 𝑎0
𝑡 , … , 𝑎3

𝑡  are found by the least-square fitting [53]. 

      

ΔHs (t) = ΔHt (t) - ΔHg (t)

 

(a) 

 

(b) 

Figure 2.6 Sample time series plot illustrating the trend (∆𝐻𝑇) and actual (∆𝐻𝐺) 

component of first order difference in solar irradiance for (a) March 2012, (b) July 2012 
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(a) 

 

(b) 

 

(c) 

Figure 2.7. Cumulative distribution functions (CDFs) of ∆𝐻S values developed for (a) Jan 

25, 11.00-12.00, (b) March 15, 16.00-17.00, and (c) September 10, 18.00-19.00 measured 

at La Grange, USA 

Other approaches such as bootstrapping the error of data used for obtaining CDFs can 

be applied to generate random samples of ∆𝐻𝑆 values. However, if measured data for a 

sufficiently long period of time (>10 years) is available, with a 31 days window, there are 

enough data samples to generate a reliable CDF. Therefore, fitting a curve to represent a 

CDF is a more computationally efficient approach. 
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2.5 Procedures for building the proposed model and 

generation of synthetic solar irradiance values  

The proposed model is developed based on the following hypotheses: 

1. Due to the sinusoidal variation of clear sky irradiance, solar irradiance values of 

two consecutive time steps are highly correlated. Thus, the current hour solar 

irradiance is highly relevant when generating the next hour solar irradiance and 

forms the basis for (2.2).  

2. Characteristics of solar irradiance within 31 days centred around the current day 

are similar. Thus, cumulative distribution functions required for the model are 

developed on a daily basis with a sliding window of 31 days similar to [54].  

3. Annual first-order differences of the hourly solar irradiance representing the trend 

and random component, calculated at a given hour, for different years, have a 

unique distribution that does not change from year to year. Therefore, synthetic 

values generated from a good solar irradiance model would preserve this 

characteristic distribution.  

As per the hypothesis derived, trend and random components of solar irradiance are 

needed to determine the hourly synthetic solar irradiance at any time period 𝑡. The trend 

component ∆𝐻𝑇 is an averaged value over the years with a 31-days moving window while 

random component ∆𝐻𝑆 are modeled and generated using probability distribution functions 

(CDFs).  
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2.5.1 Building of the synthetic solar radiation model 

 Figure 2.8 demonstrates the step-by-step procedure followed in building the model. 

The following steps explain in detail the procedure carried out in building the proposed 

model using the measured solar irradiance.  

• Step-1: From the historical data, calculate ∆𝐻𝐺 values, and then considering a 31-

day sliding window, calculate the trend component (∆𝐻𝑇) for each hour of the year. 

Using the trend component, calculate the stochastic component (∆𝐻𝑆) values.  

Record 𝐻𝐺,𝑚𝑖𝑛(t) and 𝐻𝐺,𝑚𝑎𝑥(𝑡) representing minimum and maximum solar 

irradiance for hour 𝑡 observed in the historical data (31-day moving window).  

• Step-2: Segregate ∆𝐻𝑆 values corresponding to a given hour 𝑡 (within the 31-day 

sliding data window, of all years) into bins. Develop the CDFs 𝐹(∆𝐻𝑆)  for each 

hour.  

• Step-3: The coefficient values of the 3rd order polynomials for each hour 𝑡 is 

calculated using the least square estimation. 
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START

Input the measured Solar 

irradiance  

Calculate the   T,   S values based on the 

measured solar irradiance data

Step-1.1: Calculate the ΔH values 

 Separate    S values into bins and develop 

cumulative distribution functions (CDFs) for 

each hour

Step-1.2: Develop CDFs of   S

Estimate the coefficient values of polynomial 

functions representing CDFs

Step-1.3: Fit the CDFs using 

polynomial functions 

Save the coefficient values of polynomial 

functions and   T values corresponding to each 

hour 

END

 

Figure 2.8. Procedural flowchart for building the proposed synthetic solar irradiance 

model 

After constructing the model, the estimated coefficient values are stored in 8760  4 

arrays. Note that all coefficients corresponding to nighttime hours are zero, indicating a 

100% probability of having ∆𝐻𝑆 = 0 in these hours. However, these zero coefficients are 

also kept in the array for the convenience of programming.  
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2.5.2 Generation of synthetic solar irradiance data  

To generate synthetic hourly solar irradiance data, the coefficient values, synthetic data 

starting date/time and end date/time are given as inputs. Figure 2.9 illustrates the flowchart 

used in generating synthetic hourly global horizontal solar irradiance.  

Draw a uniform random number and determine the 

  S value from CDF corresponding to current time, t

Step-2.1:   S value estimation 

for t=Start time:End time

t=t+1

YES

NO

Is value of 

t > End time

END

Add the   G value to the previous hour solar 

radiation and estimate current solar irradiance

Step-2.3: Solar radiation estimation 

START

Input

• Coefficient values of function 

representing CDFs,   T values   

• Synthetic data starting date/time 

• Synthetic data end date/time

First order differences are calculated by adding the 

trend and stochastic component Component for time t

  G=  T +  S

Step-2.2:   G value estimation 

 

Figure 2.9. Procedural flowchart for generating synthetic solar irradiance data. 
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The following are the simple steps followed to complete the data generation.   

• Step-1: Recall the CDF coefficients (𝑎𝑖
𝑡) corresponding to the current hour (t).  

Then draw a uniformly distributed random number in the range [0.0 -1.0] and use 

it as the cumulative probability in (2.5) to obtain a value for the stochastic 

component of the first-order difference in solar irradiance (say ∆𝐻�̂�(𝑡)). The initial 

value of 𝐻𝐺(𝑡 − 1) in (2.2) is assumed be to zero due to the sunset hour. Therefore, 

the initial value of solar irradiance𝐻𝐺(𝑡) also will be zero. 

• Step-2: The estimated  ∆𝐻�̂�(𝑡) value is added to the trend component of solar 

irradiance ∆𝐻𝑇(𝑡) to estimate the first-order difference in solar irradiance ∆𝐻�̂�(𝑡) 

as in (2.3).   

• Step-3: To estimate the solar irradiance of hour t, the generated first-order 

difference in solar irradiance ∆𝐻�̂�(𝑡) is added to the previous hour solar irradiance 

�̂�(𝑡 − 1) as in (2.2). If the estimated solar irradiance 𝐻�̂�(𝑡) is out of the range 

[𝐻𝐺,𝑚𝑖𝑛, 𝐻𝐺,𝑚𝑎𝑥], the procedure is repeated by randomly drawing another ∆𝐻�̂�(𝑡) 

until ∆𝐻�̂�(𝑡) will become within the limits. Continue the procedure until solar 

irradiance generation has been completed for the required duration.   

2.6 The extended solar irradiance model 

Hourly solar irradiance values reported are the average of solar irradiance values, 

usually measured in more frequent intervals, during the past one hour. The intra-hour 

fluctuations in solar irradiance are thus averaged into a single value. This is usually quite 
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sufficient for solar thermal applications. However, for certain applications, simulation of 

solar irradiance values at shorter intervals is desired. In such applications, assuming a 

constant value of solar irradiance for an hour would make under or over-valuation of energy 

collected. Specific applications like EVs demands 30-minutes time steps in the simulation 

due to their dynamic state changes [55]. Thus, models simulating solar energy systems 

together with EVs may need 30-mins solar irradiance values. Hence, a method is proposed 

to obtain 30-mins solar irradiance values from hourly solar irradiance values. This requires 

the prediction of two data points with random variations, in such a way that the average of 

the two data points is equal to the hourly average solar irradiance value. Table 2.1 shows 

the PCC values that indicate the correlation between the hourly irradiance and 30 min 

irradiance values, for different times of the day. Higher correlation values calculated in 

Table 2.1 demonstrate the dependency of intermediate irradiance values on the hourly solar 

irradiance values.  

Thus, the main hypothesis behind the proposed procedure is:  

• There is a strong correlation between average hourly solar irradiance with 

respective to 30-min measured solar irradiance. So, the hourly solar irradiance can 

be used to predict 30-mins solar irradiance values. 

This procedure is useful when the historical data is available only in hourly intervals, 

which is the case for most locations. Consider an hourly GHI value, �̂�𝐺(𝑡) predicted using 

the proposed model based on the ∆𝐻𝐺 values. Also, assume �̂�𝐺
30(𝑡) and �̂�𝐺

60(𝑡) are the 

intermediate 30-minute GHI values corresponding to 30th min and 60th min respectively 

during the time period 𝑡. According to the hypothesis, they are highly correlated to �̂�𝐺(𝑡).  
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Table 2.1  PCC values between hourly average solar irradiance and 30 mins 

intermediate solar irradiance 

Hourly solar 

irradiance 

To 

�̂�𝐺
30(𝑡) �̂�𝐺

60(𝑡) 

Hour-6 0.84835 0.99246 

Hour-7 0.97136 0.97503 

Hour-8 0.97835 0.96945 

Hour-9 0.97751 0.96193 

Hour-10 0.9762 0.95759 

Hour-11 0.96895 0.95807 

Hour-12 0.96466 0.94632 

Hour-13 0.95523 0.93861 

Hour-14 0.95424 0.93128 

Hour-15 0.9659 0.94555 

Hour-16 0.97012 0.93795 

Hour-17 0.97664 0.95888 

Hour-18 0.98521 0.94054 

Hour-19 0.98924 0.88801 

Average PCC 

Values 0.963 0.95012 

 

Figure 2.10 shows a plot of 30 min measured GHI values for three sample days, with 

superimposed hourly irradiance values. Based on the above hypothesis, 30 min solar 

irradiance data are estimated from the predicted hourly solar irradiance values, using (2.6)-

(2.7): 

�̂�𝐺
30(𝑡) = 𝛽30(𝑡). �̂�𝐺(𝑡)  + ∈

𝑡 2.6 

�̂�𝐺
60(𝑡) = 𝛽60(𝑡). �̂�𝐺(𝑡)  + ∈

𝑡 2.7 

where 𝛽30(𝑡) and 𝛽60(𝑡) represent a set of coefficients corresponding to each hour, which 

can be estimated from a sample of measured data, and  ∈𝑡 are random changes specific to 

a given hour modeled as a random number with zero mean and constant variance.    
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Figure 2.10. Measured solar irradiance with 30-mins and hourly intervals 

2.7 Components of solar radiation  

There are essentially two main components of solar irradiance considered while 

calculating the output of solar energy systems. These components are direct normal or 

direct beam solar irradiance (DNI) represented as 𝐻𝐵, and the diffuse horizontal solar 

irradiance (DHI) represented as 𝐻𝐷𝐻. The global horizontal solar irradiance (GHI) 

represented as 𝐻𝐺  is the total irradiance on a horizontal plane due to both direct and diffuse 

radiation.  

DNI or  𝐻𝐵 is measured at the surface of the Earth at a given location with a surface 

element perpendicular to the Sun. It excludes diffuse solar radiation (radiation that is 

scattered or reflected by atmospheric components). Direct irradiance is equal to the 

extraterrestrial irradiance above the atmosphere minus the atmospheric losses due 

to absorption and scattering. DHI or 𝐻𝐷𝐻 is the radiation at the Earth's surface from light 

scattered by the atmosphere. It is measured on a horizontal surface with radiation coming 
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from all points in the sky excluding circumsolar radiation. GHI or 𝐻𝐺  is the total irradiance 

from the sun on a horizontal surface on Earth. It is the sum of DNI (after accounting for 

the altitude angle 𝛽𝑡 of the sun) and DHI [56]. 

𝐻𝐺(𝑡) = 𝐻𝐷𝐻(𝑡) + 𝐻𝐵(𝑡). sin(𝛽𝑡) 2.8 

In this work, synthetic values are generated independently using the proposed solar 

irradiance model to calculate the values using (2.9).  Thus, with the measurements of 𝐻𝐺  

and 𝐻𝐵, 𝐻𝐷𝐻 can be obtained as:  

𝐻𝐷𝐻(𝑡) = 𝐻𝐺(𝑡) − 𝐻𝐵(𝑡). sin(𝛽𝑡) 2.9 

2.8 Calculation of photovoltaic power generation  

The calculation of power output from PV panels 𝑃𝑝𝑣,𝑡 at any time period 𝑡 can be 

calculated using (2.10) [57], [58]: 

𝑃𝑝𝑣,𝑡 = 𝑃𝑑𝑐,𝑡. 𝜂𝑐𝑜𝑛𝑣. 𝜂𝑑𝑖𝑟𝑡 . 𝜂𝑚𝑖𝑠𝑚𝑎𝑡𝑐ℎ 2.10 

where DC power output 𝑃𝑑𝑐,𝑡 can be calculated using (2.11) with the cell temperature 

𝑇𝑐𝑒𝑙𝑙,𝑡 obtained from (2.12). 

𝑃𝑑𝑐,𝑡 =
𝐼𝐶𝑡
1000

. 𝑃𝑝𝑣−𝑚. 𝑁𝑝𝑣. [1 − 𝛾. (𝑇𝑐𝑒𝑙𝑙,𝑡 − 25)] 
2.11 

𝑇𝑐𝑒𝑙𝑙,𝑡 = 𝑇𝑎𝑚𝑏,𝑡 + (
𝑁𝑂𝑇𝐶 − 20

800
) . 𝐼𝑃𝑡 

2.12 

The total solar irradiance on the solar collector 𝐼𝐶𝑡 during time period 𝑡 can be found 

using (2.13) considering the values of direct beam radiation on the solar collector 𝐼𝐵𝑡, 
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diffuse radiation on the solar collector 𝐼𝐷𝑡, and the reflected radiation on the solar collector 

𝐼𝑅𝑡 [56]. 

𝐼𝐶𝑡 = 𝐼𝐵𝑡 + 𝐼𝐷𝑡 + 𝐼𝑅𝑡 2.13 

where 𝐼𝐵 can be calculated using the following equation: 

𝐼𝐵 = 𝐻𝐵. cos (𝜃) 2.14 

where, 𝐻𝐵 is the DNI measured normal to the rays and 𝜃 is the incident angle.  

The incident angle 𝜃 and azimuth angle ∅𝑠 can be calculated using (2.15) - (2.16):  

cos(𝜃) =  cos(𝛽) . cos(∅𝑠 − ∅𝑐) . sin(Σ) + sin(𝛽) cos (Σ) 2.15 

∅𝑠 = 𝑎𝑠𝑖𝑛. (
cos(𝛿𝑑) . sin (𝐻)

cos (𝛽)
) 

2.16 

where, 

𝛽 = altitude angle 

∅𝑐 = the azimuth angle of the collector 

∅𝑠 = solar azimuth angle 

Σ  the tilt angle of the collector 

𝛿𝑑 = declination angle 

H = hour angle 

 

The solar declination angle 𝛿𝑑, hour angle 𝐻, solar time 𝑆𝑇, equation of time 𝐸, and 

altitude angle 𝛽 can be calculated using Eqns. (2.17)-(2.22):  
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𝛿𝑑 = 𝑑𝑒𝑔. 23.45. 𝑠𝑖𝑛 [
360

365
. (𝑛𝑗 − 81) 𝑑𝑒𝑔] 

2.17 

𝐻 = 15𝑑𝑒𝑔. (12 − 𝑆𝑇)  2.18 

𝑆𝑇 = 𝐶𝑇 +
4

60
(𝑀𝑠𝑡𝑑𝑇 −𝑀𝑙𝑜𝑐𝑎𝑙) + 𝐸 − 𝐷𝐿 

2.19 

𝐸 = 9.87. sin(2𝐵) − 7.53. cos(𝐵) − 1.5. sin (𝐵) 2.20 

𝐵 =
360

365
. (𝑛𝑗 − 81) 

2.21 

𝛽 = asin (cos(𝐿𝑎𝑡) . cos(𝐻) + sin(𝐿𝑎𝑡) . sin (𝛿𝑑)) 2.22 

 

In Eqns. (2.17) - (2.22),  

𝑛𝑗  = Julian date 

𝑀𝑠𝑡𝑑𝑇 = local time 

𝑀𝑙𝑜𝑐𝑎𝑙 = local standard time meridian 

The diffuse solar irradiance on the solar collector 𝐼𝐷 can be calculated using the 

following equation:  

𝐼𝐷 = 𝜆𝑆. 𝐻𝐷𝐻 2.23 

where, 𝐻𝐷𝐻 represents DHI on a horizontal surface and 𝜆𝑆 is the sky view factor. 𝜆𝑆 can be 

calculated using Eqn. (2.24):    

𝜆𝑆 =
1

2
. (1 + cos (Σ)) 

2.24 

The reflected solar irradiance 𝐼𝑅 can be calculated using the following equation:  

𝐼𝑅 = 𝜆𝑔. 𝜌. [𝐼𝐵. sin(𝛽) + 𝐻𝐷𝐻] 2.25 
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where 𝜌 is the ground reflectivity and 𝜆𝑔 is the ground view factor. 𝜆𝑔 values can be 

calculated using (2.26)   

𝜆𝑔 =
1

2
. (1 − cos (Σ)) 

2.26 

2.9 Generation of synthetic DNI, DHI, and GHI 

values 

Even though the proposed model is trained and validated using GHI values, the model 

is also capable of generating other solar irradiance components such as DNI and DHI too. 

To generate all three solar radiation components, the following steps are used:  

• Step-1: Train the designated model using the measured 𝐻𝐺  and 𝐻𝐵 values. Record 

the observed maximum 𝐻𝐺 (𝑡), 𝐻𝐵 (𝑡)  and minimum 𝐻𝐺  (𝑡), 𝐻𝐵 (𝑡) values for 

each time period 𝑡.   

• Step-2: Generate the synthetic values of 𝐻𝐺(𝑡) and 𝐻𝐵(𝑡) for each time period t 

using the proposed solar irradiance model.   

• Step-3: Substitute the 𝐻𝐺(𝑡) and 𝐻𝐵(𝑡) values in (2.9) to compute 𝐻𝐷𝐻(𝑡). Check 

for minimum or maximum boundary condition violations using 𝐻𝐺 (𝑡), 𝐻𝐵 (𝑡)  and 

𝐻𝐺  (𝑡), 𝐻𝐵 (𝑡). If a violation is noticed, repeat Step-2, else proceed to Step-4. 

• Step-4: Calculate the total solar irradiance on the collector, 𝐼𝐶𝑡 using (2.13). If the 

𝐼𝐶𝑡 > 𝐼𝐶𝑡̅̅ ̅̅   repeat Step-2, else proceed to Step-5. In this work, it was assumed  

𝐼𝐶𝑡̅̅ ̅̅  = 1000 W/m2 . 
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• Step-5: Continue Step-2 to Step-5 until 𝑡 = 𝑇. 

2.10 Description of models used for comparison  

There are many stochastic solar irradiance models developed in the past that are capable 

of generating synthetic solar irradiance datasets. Among many of those, the models 

proposed in [41], [43] account for the autocorrelation between hourly solar irradiance in 

the modeling of solar irradiance through a stochastic disaggregation procedure to convert 

daily solar irradiance to hourly solar irradiance. Additionally, the models have used clear 

sky indices as a primary factor to develop the model and average-decomposition 

procedures are utilized to estimate the hourly clearness index from daily and/or monthly 

clearness index [40], [41].  To compare the performance of models that primarily use k-

values and decomposition procedures to build synthetic solar irradiance generators with 

the proposed approach, these models are representative. Moreover, these models have been 

validated using the solar irradiance data collected from Europe, the USA and Canadian 

cities [42], [43]. The proposed model has also used the measured solar irradiance data 

collected from the USA and Canada for model development and testing. For the 

convenience of representation, these models have been denoted as SHSRG [43]  and SISIM 

[41] models in this thesis. The results associated with these models are used to compare 

the efficiency of the proposed model.  
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2.11 Solar irradiance data 

The measured hourly GHI data collected from four different locations with varying 

climate characteristics are used to develop and test the proposed model. Solar irradiance 

data from four different locations, which includes two locations from Canada and two 

locations from the USA as shown in Table 2.2, were collected. The open database from 

Natural resources Canada (NRC) [59] is used to obtain the solar irradiance data of 

Canadian locations and Solar anywhere [60] is used to get the solar irradiance data of US 

locations. The distinction between the climate characteristics of the chosen locations is 

defined based on Köppen-Geiger climate classification [52], and these locations can be 

classified as subarctic, warm summer humid continental, temperate Mediterranean climate, 

warm oceanic climates respectively. The motivation behind choosing different locations is 

to ensure the generic applicability of the developed model.  

The NRC’s dataset [59] includes solar irradiance data of 492 Canadian locations and 

solar irradiance values are primarily based on satellite-derived solar estimates using 

methods developed at the State University of New York. As per the database information, 

the average standard error for all sites is calculated as 5%. Solar anywhere database [60] 

generates solar irradiance data from geostationary satellite images using the Perez Model 

[61]. The database utilizes satellite images to generate GHI measurements in resolutions 

as high as 1 km. As per the database, the standard error for annual solar irradiance at all 

sites is close to 5%.  
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Table 2.2  Location, data period, database and climate classification for the four locations 

 

Location 

 

Data period 

 

Database 

Köppen-Geiger 

climate 

classification 

Division 23, Manitoba 

(DM-23) 

(Lat: 57.95, Long: -

100.05) 

 

January 2004 to 

December 2014 

 

Natural 

resources 

Canada [59] 

 

Subarctic 

Division 21, Manitoba 

(DM-21) 

(Lat: 54.45, Long: -

100.05) 

 

January 2004 to 

December 2014 

 

Natural 

resources 

Canada [59] 

 

Warm summer 

humid continental 

Leavenworth, 

Washington (LW-W) 

(Lat: 47.75, Long: -

120.65) 

 

January 2000 to 

December 2014 

 

Solar anywhere 

[60] 

Temperate 

Mediterranean 

climate 

La Grange, Georgia 

(LG-G) 

(Lat: 41.65, Long: -

104.45) 

 

January 2000 to 

December 2014 

 

Solar anywhere 

[60] 

 

Warm oceanic 

climates 

 

2.12 Results and discussions 

A good synthetic solar irradiance generation model should be able to: 

• Follow the characteristic diurnal and seasonal variations, 

• Include the random variations due to clouds and atmospheric conditions, 

• Preserve statistical measures such as mean, standard deviation, etc., 

• Preserve correlation among consecutive time steps. 
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In order to examine the above aspects, the simulated results are compared with 

measured solar irradiance data and existing solar irradiance models in terms of comparison 

plots, autocorrelation, probability distributions, and mean values. All the simulated results 

were computed using the commercial software package MATLAB R2017a [62].  

2.12.1 Training the model and generation of synthetic data  

Figure 2.11 illustrates a time series plot of a part (three years) of the long-term 

measured hourly solar irradiance data used for building the model (plotted in blue) 

followed by simulated hourly solar irradiance data using the developed model (plotted in 

orange). It can be observed from Figure 2.11 that the designed model is able to maintain 

the general trend of actual data over the time period of one year. 

Training
Generated 

Values

 

Figure 2.11. Training and Generated values of solar irradiance using the proposed solar 

irradiance model for La Grange, USA. 

  Since the proposed model is not meant to predict the solar irradiance at a given hour on a 

given day, it is highly important to compare the main descriptive parameters such as 
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autocorrelation, probability distributions, and average values of the simulated and actual 

solar irradiance [63]. Also, it is important to investigate whether the model captures diurnal 

and seasonal variation on average. 

2.12.2 Autocorrelation and partial autocorrelation values 

There is a strong correlation between consecutive hourly solar irradiance values. The 

autocorrelation and partial correlation functions of the measured solar irradiance data 

shown in Figure 2.12 and Figure 2.13 underline this fact. Both SHSRG [43]  and SISIM 

[41] solar irradiance models consider the correlation between clearness indices of 

consecutive days and hours in generating random solar irradiance values. 

Additionally, the models try to preserve the time correlation by considering previous 

hour solar irradiance values while generating the current hour irradiance values. Based on 

this character, it is expected that these models can preserve the time correlation of the 

natural time series of measured solar irradiance.  However, the generated solar irradiance 

data from SHSRG and SISIM models show a lower correlation compared to the correlation 

seen in the measured irradiance at all lags for both locations shown in the plots. On the 

other hand, the autocorrelation and partial correlation functions of the simulated data from 

the proposed model are more similar to those of the measured solar irradiance data. 

This is because, in the proposed model, the current hour solar irradiance is calculated 

as the previous time-step solar irradiance�̂�(𝑡 − 1) plus the difference ∆𝐻�̂�(𝑡). Hence, each 

hour of solar irradiance is calculated considering a sequence of past solar irradiance values. 

Therefore, the model automatically incorporates the relationship of the current hour solar 
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irradiance value to all past values in the day. This is inherent in the model and contributes 

to preserving the auto-correlation property for several time-lags. These comparisons 

underline the fact that the proposed solar irradiance model better preserves the time 

correlation properties and performs better than SISIM and SHSRM models in this aspect. 

 

(a) 

 

(b) 

Figure 2.12. Comparison of the autocorrelation of measured hourly GHI values and 

generated hourly GHI values using the proposed model, SISIM, and SHSRM for (a) La 

Grange, USA and (b) Division 23, Manitoba, Canada 
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(a) 

 

(b) 

Figure 2.13. Comparison of partial autocorrelation of measured hourly GHI values and 

generated hourly GHI values using the proposed model, SISIM, and SHSRM for (a) La 

Grange, USA and (b) Division 23, Manitoba, Canada 

2.12.3 Probability distributions 

It is expected that the annual probability distributions of ∆𝐻𝐺 values computed from 

synthetic solar irradiance values from a good model also demonstrate the same distribution 

that was found from the measured data illustrated in Figure 2.2. Figure 2.14 compares the 

distributions of ∆𝐻𝐺 values obtained from the solar irradiance measurements with those 
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obtained from the synthetic data generated using the proposed model, SISIM model, and 

SHSRM model, for four different locations at four different time periods. It can be seen 

from Figure 2.14 that the distributions of ∆𝐻𝐺 values obtained SISIM and SHSRM models 

significantly differ from the ∆𝐻𝐺 distributions of the actual solar irradiance data.  

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 2.14. Comparison of the probability distributions of ∆𝐻G obtained from the 

solar irradiance models (SHSRM and SISIM) with those of actual data for the periods 

(a) 10.00-11.00 at Division 23, Manitoba, Canada, (b) 15.00-16.00 at Division 21, 

Manitoba, Canada, (c) 11.00-12.00 at Leavenworth, USA, and (d) 15.00-16.00 La 

Grange, USA 
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As expected, the probability distribution functions of ∆𝐻𝐺 are similar for the actual and 

synthetic data generated from the proposed model, because the proposed model for hourly 

global horizontal irradiance was developed based on the probability distribution functions 

of the first-order differences of the historical hourly irradiance measurements. The 

Euclidean distance between two ∆𝐻𝐺 probability distributions can be used to quantify the 

similarity of distributions. Euclidean distance between two distributions can be defined as 

shown in (2.27). 

𝑑(𝑥, 𝑦) = √∑(𝑥𝑙 − 𝑦𝑙)2
𝑃

𝑙=1

 

 

2.27 

where 𝑑 represents the Euclidean distance (ED), 𝑥𝑙 indicates the probability values 

corresponding to the  actual ∆𝐻𝐺 distribution, 𝑦𝑙 are probability values corresponding to 

the simulated ∆𝐻𝐺 distribution values and 𝑃 indicates the total number of ∆𝐻𝐺 points in 

the x-axis. The lower the ED, the higher the similarity between the two distributions. 

Table 2.3 shows the Euclidean distances between the ∆𝐻𝐺 distributions obtained from 

the measured solar irradiance and the synthetic data generated using the proposed, SISIM, 

and SHSRM models. The highest average ED value is seen for the SISIM model. On the 

other hand, the proposed model has the lowest average ED value for all four locations. This 

verifies the ability of the proposed model to produce ∆𝐻𝐺 distributions which are more 

similar to those corresponding to the actual measured solar irradiance data.   
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Table 2.3. Euclidean distances between the ∆𝐻𝐺 distributions of the actual data and the 

calculated data (using the proposed, SISIM, and SHSRM models) for different locations. 

 

2.12.4 Monthly mean solar irradiance values 

Comparisons of the simulated and actual solar irradiance data obtained from the models 

described previously, and the proposed model is shown in Figure 2.15 and Figure 2.16 for 

monthly mean daily solar energy calculated for four different locations. These averages are 

taken over 10 years. It can be observed that all the models fairly capture the monthly mean.  

Even though the proposed model is not characterized to explicitly capture the daily or 

hourly mean values like [41], [42], it is clear from the figure that simulated and measured 

hourly global horizontal irradiance values are very close. 

Proposed SISIM SHSRM Proposed SISIM SHSRM Proposed SISIM SHSRM Proposed SISIM SHSRM

8 0.10 0.19 0.16 0.44 0.57 0.58 0.09 0.39 0.40 0.44 0.57 0.58

9 0.06 0.14 0.16 0.11 0.49 0.41 0.07 0.66 0.40 0.11 0.49 0.41

10 0.06 0.64 0.28 0.06 0.36 0.26 0.05 0.35 0.30 0.07 0.37 0.27

11 0.07 0.78 0.30 0.08 0.55 0.19 0.10 0.57 0.28 0.08 0.56 0.22

12 0.06 0.35 0.33 0.05 0.62 0.26 0.06 0.57 0.40 0.06 0.62 0.27

13 0.10 0.29 0.11 0.05 0.77 0.49 0.09 0.42 0.20 0.06 0.77 0.49

14 0.06 0.61 0.07 0.06 0.28 0.42 0.09 0.74 0.29 0.08 0.29 0.42

15 0.11 0.43 0.25 0.10 0.30 0.35 0.06 0.90 0.30 0.12 0.32 0.35

16 0.19 0.32 0.86 0.13 0.32 0.31 0.13 0.32 0.20 0.13 0.31 0.31

17 0.16 0.53 0.61 0.15 0.32 0.33 0.07 0.57 0.18 0.15 0.31 0.33

18 0.11 0.31 0.37 0.15 0.24 0.58 0.06 0.32 0.18 0.15 0.36 0.58

19 0.11 0.57 0.31 0.09 0.48 0.13 0.09 0.46 0.17 0.07 0.27 0.13

20 0.10 0.40 0.16 0.15 0.31 0.15 0.04 0.22 0.24 0.13 0.30 0.15

21 0.11 0.20 0.06 0.00 0.00 0.33 0.01 0.04 0.22 0.00 0.00 0.33

22 0.00 0.00 0.13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Average of all 

time periods
0.09 0.38 0.28 0.11 0.37 0.32 0.07 0.43 0.25 0.11 0.37 0.32

DM-23 DM-21 LW-W LG-G

Time Period
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(a) 

 

(b) 

Figure 2.15. Comparison of monthly mean daily insolation of measured solar 

irradiance, the proposed, SISIM, and SHSRM models for (a) Division 23, Manitoba, 

Canada and (b) Division 21, Manitoba, Canada 

 

 

(a) 

 

(b) 

Figure 2.16. Comparison of monthly mean daily insolation of measured solar 

irradiance, the proposed, SISIM, and SHSRM models for (a) Leavenworth, USA and 

(b) La Grange, USA 

Additionally, the comparisons of monthly mean hourly solar irradiance between 

measured solar irradiance, the proposed model, SISIM and SHSRM calculated are shown 

in Figure 2.17 and Figure 2.18.  
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(a) 

 

(b) 

Figure 2.17. Comparison of monthly mean hourly solar irradiance of measured solar 

irradiance, the proposed, SISIM, and SHSRM models for (a) Division 23, Manitoba, 

Canada and (b) Division 21, Manitoba, Canada calculated for the month of (a) 

February and (b) June   

 

 

(a) 

 

(b) 

Figure 2.18. Comparison of monthly mean hourly solar irradiance of measured solar 

irradiance, the proposed, SISIM, and SHSRM models for (a) Leavenworth, USA and 

(b) La Grange, the USA calculated for the month of (a) February and (b) June 

The values are shown for four different locations and four different seasons where the 

average is taken over 10 years. It can be seen from the figure that all models were able to 
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preserve the hourly averages close to the measured solar irradiance data. Figure 2.19 shows 

the comparison of measured versus synthetic values of monthly average hourly solar 

irradiance values of IB and ID. The closer actual and synthetic values seen from the figure 

demonstrate the efficiency of the proposed model to preserve the original characteristics of 

the measured IB and ID values. These values (IB, ID) can be further used to calculate the 

reflected solar irradiance IR and total solar irradiance IC on the PV array. Even though four 

different locations (as shown in Table 2.2) were used to validate the fidelity of the proposed 

model, the solar data from Division 23, Manitoba (DM-23) (Lat: 57.95, Long: -100.05) is 

consistently used further in this thesis while calculating the power output of PV systems.   

 

(a) 

 

(b) 

Figure 2.19. Comparison of monthly mean hourly solar irradiance of measured solar 

irradiance, the proposed for (a) direct beam solar irradiance values IB (b) diffused solar 

irradiance ID for Division 23, Manitoba, Canada calculated for the month of May 

2.12.5 Calculation of PV power output  

The total solar irradiance on the PV array 𝐼𝐶 and PV power output from a single PV 

panel calculated for a random day during the year is shown in Figure 2.20.  
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Figure 2.20. Measured hourly temperature, direct beam hourly solar irradiance, 

diffused hourly solar irradiance, reflected hourly solar irradiance, total hourly solar 

irradiance, and AC power output of a single PV panel calculated for a random day in 

the month of May 2012 at Division 23, Manitoba 

As inputs, the five-year daily average temperature measured in Winnipeg [64] was used 

as 𝑇𝑎𝑚𝑏 for various time period 𝑡 during a year and other input values pertained to the 

calculation of 𝐼𝐶 and 𝑃𝑎𝑐 is given in Table 2.4 [56], [65], [66].    
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Table 2.4. Necessary inputs pertained to PV power output calculation   

Parameter Value Parameter Value 

𝑁𝑂𝑇𝐶 44.5 °C 𝜂𝑚𝑖𝑠𝑚𝑎𝑡𝑐ℎ 97% 

𝑃𝑝𝑣−𝑚 200 W 𝑃𝑝𝑣−𝑟 72 kW 

𝛾 0.5% 𝑀𝑠𝑡𝑑𝑇 90 

𝜂𝑐𝑜𝑛𝑣 95% 𝑀𝑙𝑜𝑐𝑎𝑙 100.05 

𝜂𝑑𝑖𝑟𝑡 96% ∅𝑐 0 

𝑁𝑝𝑣 1 Σ 57.95 

2.12.6 Generation of 30 mins solar irradiance values  

Figure 2.21 illustrates a sample of simulated 30 min solar irradiance data, following the 

procedure presented in Section 2.6.   

 

 

Figure 2.21. Predicted solar irradiance for 30-min time step using the extended solar 

irradiance model 

The scattered points indicate the hourly solar irradiance predicted using the proposed 

model. The 30 mins solar irradiance have been estimated using (2.6)-(2.7) with the 

coefficient values computed using the measured data.  
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The similarity in the pattern along with the ability to include the random variations 

similar to actual measured 30 min solar irradiance (shown in Figure 2.10) shows the 

proposed approach for simulating solar irradiance data at 30 min intervals is acceptable.  

2.13 Concluding remarks  

In this chapter, an analysis of historical hourly global horizontal solar irradiance data 

revealed that the first-order differences of solar irradiance calculated at a given hour have 

a characteristic distribution that does not tend to vary from year to year. A new long-term 

stochastic solar irradiance generation model that utilizes this characteristic distribution 

function of the first-order differences of hourly solar irradiance was proposed. It was shown 

that the first-order differences of solar irradiance of a particular hour in a year can be 

represented in terms of a trend component and a stochastic component characterized using 

a cumulative distribution function obtained from the historical data. Additionally, an 

extended model is presented utilizing the strong correlation between hourly to sub-hourly 

values to generate 30-mins solar irradiance values from hourly solar irradiance values.   

As per the analysis presented using data for four distinct locations, synthetic solar 

irradiance generated from SISIM and SHSRM solar irradiance models failed to accurately 

reproduce the distribution functions for the first-order differences of global horizontal solar 

irradiance. In contrast, the proposed model closely reproduced the probability distributions 

of the first-order differences, while maintaining other statistical properties such as monthly 

mean daily irradiance and monthly mean hourly irradiance values better or similar to the 

other two models. Although the generalizability of the developed model to different 
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locations is limited, building the model from historical data for a given location is simple 

and straightforward, and useful for applications such as MCS. 



Chapter 3 

Probabilistic Reliability Evaluation of 

Distribution Systems Considering Electric 

Vehicles  

3.1 Introduction 

Fast-growing EV load could have significant impacts on the reliability performance of 

electric power systems, particularly distribution networks. Charging a large population of 

EVs will increase both the overall energy demand and the system load of the local 

distribution networks. From a power system point of view, EVs can be considered as 

random moving loads and an appropriate model for estimating the electricity demand and 

assessing their impacts are therefore necessary and important.  

In this chapter, a new probabilistic approach is proposed to evaluate the impacts of EVs 

on the reliability performance of power distribution systems. A two-layer stochastic EV 

charging demand estimation model is proposed where the model comprises a traffic layer 
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representing the spatial-temporal distributions of EVs and an electrical network layer 

describing the EVs charging demand. A Dynamic Hidden Markov Model (DHMM) is used 

to capture the EV movements in the traffic layer. EV travel patterns and charging demand 

are simulated using a sequential MCS approach considering the vehicle distance travelled, 

the type of charging location and the driver class. The proposed approach and the models 

are used to perform reliability studies on an example test system, and a series of analysis 

results are presented.  

3.2 Background and literature Review 

EVs are non-stationary and the estimation of electricity demand requires consideration 

of the spatial and temporal distributions of EVs during a particular period. The areas with 

the denser spatial distribution of EVs indicate the near future upgrades for facilitating the 

construction of infrastructure such as charging stations. The temporal distribution indicates 

that the power required for EV charging can be used in developing strategies for the optimal 

management of distribution system assets [67]. A great deal of effort has been devoted in 

the past to examine the spatial-temporal distribution of EVs, which is eventually translated 

to power demand in the electric network. They can generally be classified as simple EV 

models and detailed EV models.  

A stochastic model based on a four-state Markov Chain Monte Carlo (MCMC) 

simulation was proposed in [18].  The simulated driving patterns were then used to 

undertake an uncertainty analysis on the network impact due to EV charging. The model 

assumed four states as home, work, commercial areas (various location types), and drive. 
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A similar model is presented in [68] to simulate EV motion and to quantify the energy 

required from the distribution system. The model characterizes the movement of EVs into 

different parking location types to estimate the aggregated power demand. A Markov 

model has been developed to obtain an EV charging pattern in [20], where the EV states 

considered were drive, park, and charging. A discrete-time Markov Chain model is 

proposed for generating the EV charging profiles in [21]. Detailed analyses were performed 

by categorizing the EV fleet into a combination of different states such as drive, park, 

charge, and different levels of state of charge (SOC) such as low, mid, high respectively. 

The validity of the model is evaluated using real-world data from 2000 cars, and it is 

concluded that the Markov chain is a suitable tool for modeling large-scale deployment of 

EVs [21]. The models presented in the existing literature [18], [20], [21], [68] are capable 

of estimating the EV charging profiles and aggregated power demand. Generally, these 

models gathered various similar locations into a single location type. For instance, EVs 

being charged from various residential feeders across the distribution system were 

classified into a single state in Markov-chain [68]. However, in reality, there would be 

many residential feeders across a distribution network and classifying them into one simple 

state would result in neglecting their actual spatiality. Additionally, in the case of states 

that are bound to actual charging locations, a complete restructuring of the model is needed 

when adding a new location to the analysis. 

There were attempts to develop detailed models using the Markov model considering 

the traffic network in [14]. It is worth noting that the number of transition probabilities in 

a Markov model is determined using the total number of Markov model states. Hence, 
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modeling of traffic network road segments/intersections with a limited number of states for 

a smaller geographical area would be accurate [14]. However, using the same approach to 

model a larger traffic network will not be feasible due to the increased complexity. Hence, 

a more generic model capable of including spatially diverse location types in the charging 

demand estimation would be an improvement to the existing models.  

A rectangular coordinate system is proposed to develop an activity-based traveling 

schedule to capture the spatial and temporal distributions in [15]. The frequency of travel 

to individual locations is taken into consideration, and the EV daily travel pattern is 

determined accordingly. The model used random permutation in deciding the travel 

destinations of EVs. However, random permutations may not be an accurate way to sample 

EV spatial distributions when there are multiple charging locations or travel destinations. 

In reality, the next travel location of an EV can be influenced by the present location, time, 

day (weekend or weekday), driver’s travel behavior, and the SOC of the EV battery. The 

concept of graph theory is used in [16] to estimate the charging power demand of two fast-

charging stations on an urban road network. The nodes of the graph represent the 

intersections while road segments are represented using the edges. This model is useful 

under a limited number of EV charging locations or destinations, but the model complexity 

increases rapidly with the increase in the number of road segments and intersections. There 

are other traveling schedule models [17] that use optimum route algorithms to simulate the 

travel behavior of EVs. However, such techniques are computationally exhaustive and 

unsuitable for multiple simulations involved in MCS.  
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Therefore, there is a need for a simple and inclusive model that can accurately capture 

both the macroscopic aspects representing the wide geographical area (where the EVs have 

the mobility to move freely) and the microscopic aspects representing the specific travel 

destination or charging location.      

Additionally, Fuzzy methods are used in the past to choose optimal sites of EV charging 

stations [69], [70] and online coordination of plug-in EV charging [71]. However, ordinary 

Fuzzy systems lack the means to incorporate randomness in the vehicle movements and 

are often found to be suitable for deterministic approaches.  In order to introduce 

randomness, authors in [30] attempt to predict EV charging profile considering 

characteristics like arrival time, departure time, daily distance travelled and vehicle 

parameters using a stochastic fuzzy model of the driving patterns.  

In addition to the peak demand increase due to EV charging, higher penetration of EVs 

creates dynamic changes in demand, which can adversely affect the reliability of the 

distribution system [15], [72]–[74]. Therefore, it is necessary to quantify these potential 

reliability impacts to arrive at optimal investment decisions related to future network 

upgrades. The reliability assessment of integrated transportation and electrical power 

systems is presented in [15] considering RESs and EVs. A detailed analysis of the 

generation system adequacy under the bidirectional charging power of EVs under various 

scenarios is described in [72]. These studies examine the impact of scheduled and 

unscheduled charging, Vehicle to Grid (V2G) mode operation, integration of PV units with 

charging stations on distribution system reliability. However, reliability-focused detail 
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evaluation of EV charging impact on the distribution system would be a beneficial 

extension to the models and techniques described in the existing literature.   

3.3 Proposed models 

A new two-layer EV charging demand simulation model consisting of a stochastic 

traffic network layer and an electrical network layer is proposed in this chapter.  Firstly, a 

traffic network layer considered as the first layer of the model is introduced utilizing the 

concept of geographical zones to capture the spatial distribution of charging demand in a 

reasonable manner. While some studies described in the existing literature have completely 

ignored the spatial distribution, others attempted to take into account all geographical 

locations in a traffic network leading to an exponentially increasing model complexity. By 

separating inter-zone and intra-zone EV movements, model complexity is reduced to a 

manageable level in the proposed traffic network model as detailed in Subsection 3.3.1. A 

dynamic hidden Markov model (DHMM) that enables capturing the stochastic nature of 

both spatial and temporal changes in EV movement, as well as the type of charging 

locations, is proposed to represent the traffic network layer. The states of the DHMM 

capture the locational aspect while the dynamic transition probabilities model the temporal 

aspect. Moreover, the observable outputs of the DHMM are utilized to characterize the 

location types. It is shown that these model parameters can be conveniently obtained from 

traffic survey data.  

Additionally, a novel probability-based method to incorporate the charging behavior of 

drivers and preferential charging locations is proposed. The model also incorporates trip 
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cancellations due to a lack of sufficient charge to complete the trip. The separated electrical 

network layer considered as the second layer of the model allows detailed representation 

of power distribution system and performing power flow, limit checking, reliability 

analysis, and simulation of corrective actions such as load shedding. Based on the proposed 

models, a detailed simulation procedure is developed to assess the impact of EV 

penetration on distribution system reliability performance using the Monte Carlo approach. 

Figure 3.1 shows the concept of the proposed two-layer stochastic EV charging demand 

estimation model with two separate layers which form the basis to build the designated 

model. 

 

Figure 3.1. Proposed two-layer stochastic EV charging demand estimation Model 
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3.3.1 EV charging demand estimation models 

The models and methods described in this section are associated with the two-layer EV 

charging demand estimation technique, where the ‘traffic layer’ represents the spatial 

distribution of EVs using a set of geographical zones, while the ‘electrical network layer’ 

models the electric power distribution network. The model takes into account EV 

movements, travel distances, charging behavior of drivers, EV battery state to assess the 

EV charging demand and the reliability of electrical power systems. The basic evaluation 

models are developed based on the hypothesis that the movement of a large group of EVs 

within an area consisting of a set of geographical zones can be represented using a Hidden 

Markov Model (HMM).  

In order to capture the macroscopic aspect of EV movement, the interested 

geographical area is divided into several geographical zones, where each zone contains a 

cluster of vehicle parking locations. In this way, the macroscopic aspect of EV movement 

is captured by dividing the interested geographical area (urban area) into various 

geographical zones, where each zone contains a cluster of vehicle parking locations 

(microscopic aspect). A DHMM is used to model the movement of an EV, where the 

hidden states are used to represent the geographical zones, and the visible states are used 

to capture the type of specific parking location within a given geographical zone. Each 

prominent parking location is considered as an element in the cluster, which in reality 

represents a main electrical distribution point such as a distribution transformer for a group 

of residential customers, a shopping mall, or a fast-charging station. These parking 

locations can be grouped into various geographical zones based on road connections or 
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using a clustering algorithm such as k-means clustering or expectation-maximization 

clustering [75]. A particular geographical zone can contain different types of EV 

parking/charging locations.  

The Hidden Markov Model provides a convenient structure for representing the EV 

movement and parking location type, although the hidden states are not indeed hidden in 

the conventional sense, as they are associated with known geographical zones. Figure 3.2 

shows the state transition diagram of a discrete-time HMM with 𝐻 = 𝑍 + 1 hidden states, 

where 𝑍 is the number of geographical zones, and 𝑆1… 𝑆𝑍 are corresponding hidden states.  

 

Figure 3.2. Dynamic Hidden Markov Model for EV spatial distribution  

In addition to the 𝑍 hidden states representing the geographical zones, there is an ‘in-

movement’ state (denoted as 𝑆𝐻). This is an ‘intermediate latent state’ and the last hidden 

state. The transition between the hidden states represents the inter-zone commutation of 
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EVs, and it is framed in such a way that when a vehicle moves from one zone to the other, 

it always goes through the ‘in-movement’ state. The state of the nth EV at time 𝑡 is defined 

as: 

𝑆𝑛
𝑡 ∈ {𝑆1, 𝑆2, …… . , 𝑆𝑍−1, 𝑆𝑍, 𝑆𝐻} 3.1 

The 𝑉 visible states of the HMM, denoted by 𝑌1… 𝑌𝑉, are the location types within 

each zone. The parking location type of the nth EV at time 𝑡 is defined by the observations 

associated with the HMM.  

𝑌𝑛
𝑡 ∈ {𝑌1, 𝑌2, … . , 𝑌𝑉} 3.2 

In (3.1), (3.2), 𝐻 and 𝑉 represents the number of hidden states and the number of location 

types respectively. 

3.3.1.1. Time-dependent state transition probabilities  

The transition of an EV from its current zone to a new zone (𝑆𝑛
𝑡 → 𝑆𝑛

𝑡+1) or remaining 

in the same zone is random in nature and it can be described by the probabilities defined in 

the state transition matrix [76]. According to the model depicted in Figure 3.2, for a given 

time 𝑡, the state transition matrix takes the following form: 

𝑀𝑡 =

[
 
 
 
 
 
 
 
𝜆𝑆1,𝑆1 0 0 0 0 0 𝜆𝑆1,𝑆𝐻
0 𝜆𝑆2,𝑆2 0 0 0 0 𝜆𝑆2,𝑆𝐻
0 0 . 0 0 0 .
0 0 0 . 0 0 .
0 0 0 0 . 0 .
0 0 0 0 0 𝜆𝑆𝐻−1,𝑆𝐻−1 𝜆𝑆𝐻,𝑆𝐻−1

𝜆𝑆𝐻,𝑆1 𝜆𝑆𝐻,𝑆2 . . . 𝜆𝑆𝐻,𝑆𝐻−1 𝜆𝑆𝐻,𝑆𝐻 ]
 
 
 
 
 
 
 

 

 

 

3.3 
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where 𝜆𝑆𝑖,𝑆𝑗  is the probability of transition from state  𝑆𝑖 to 𝑆𝑗. Each entry in the matrix is 

a non-negative real number representing a probability. The transition probability of a given 

EV from one zone to the other or remaining in the same zone is dependent on the time of 

the day. These probabilities are related to the driver’s behavior and could be different from 

a weekday to a weekend day. Thus, the hidden state transition matrix is time-dependent 

[77], and makes the model a DHMM. The visible states indicating the location type can be 

assigned using the conditional probabilities provided in the form of an observation matrix 

as given in (3.4).  

𝑂𝑡 =

[
 
 
 
 
 
𝜇𝑆1,𝑌1 𝜇𝑆1,𝑌2 . . . 𝜇𝑆1,𝑌𝑉
𝜇𝑆2,𝑌1 𝜇𝑆2,𝑌2 . . . 𝜇𝑆2,𝑌𝑉
. . . . . .
. . . . . .

𝜇𝑆𝐻−1,𝑌1 𝜇𝑆𝐻−1,𝑌2 . . . 𝜇𝑆𝐻−1,𝑌𝑉
𝜇𝑆𝐻,𝑌1 𝜇𝑆𝐻,𝑌2 . . . 𝜇𝑆𝐻,𝑌𝑉 ]

 
 
 
 
 

 

 

 

3.4 

where 𝜇𝑆𝑖𝑌𝑗  is the conditional probability of EV being parked at a location of type 𝑌𝑗 in 

zone 𝑆𝑖. The elements of the observation matrix represent the conditional probabilities for 

a given EV to be parked in a particular type of location such as a ‘workplace’ or a ‘home’ 

when it is in a particular zone. These conditional probabilities are also time-dependent. The 

sum of probabilities in each row of a transition matrix (𝑀𝑡) and the observation matrix (𝑂𝑡) 

is 1, indicating that the hidden states and the location types are assumed to be mutually 

exclusive for simplicity. A Markov chain is considered periodically stationary or cyclo-

stationary when the transition probabilities are periodically repeated [68]. Therefore, it is 

assumed that the transition probabilities will be repeated periodically in every 𝜏 time steps 

due to the cyclo-stationary properties of Markov chain as expressed mathematically using 
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Eqns. (3.5) and (3.6). It has been generally assumed that EV movement patterns are similar 

during the weekdays and it differs for weekends [68]. Hence, the probabilities are assumed 

to be repeated in a weekly cycle. In practical implementation, 𝜆𝑆𝑖,𝑆𝑗  and 𝜇𝑆𝑖𝑌𝑗  probability 

values can be calculated from vehicle travel data considering different geographical zones 

and parking location types. In fact, these probability values act as a medium to train the 

designated model similar to a machine-learning algorithm to functionally mimic the actual 

vehicle travel data [78].     

𝑀𝑡  =  𝑀𝑡+𝜏 3.5 

𝑂𝑡 = 𝑂𝑡+𝜏 3.6 

3.3.1.2. Travel distance  

EV travel distance is one of the major parameters in estimating the EV charging load. 

The distance 𝐷𝑡 traveled by an EV within a time period is considered as a summation of 

inter-zone and intra-zone trip distances as given in (3.7).   

𝐷𝑡  = 𝑑𝑖𝑛𝑡𝑒𝑟
𝑡 + 𝑑𝑖𝑛𝑡𝑟𝑎

𝑡  3.7 

where, 𝑑𝑖𝑛𝑡𝑒𝑟
𝑡 , is the distance traveled between two zones by an EV, and it can be 

determined from a geographic map of the road network and be reasonably assumed to be 

fixed for simplicity. This is not a major limitation as the total distance traveled is adjusted 

by the intra-zone trip distances. The fixed inter-zone travel distances can be represented by 

a matrix as given in (3.8). In (3.8),  𝑑𝑆𝑖,𝑆𝑗 represents the inter-zone distance between 𝑆𝑖-𝑆𝑗. 

The distance traveled within a zone, 𝑑𝑖𝑛𝑡𝑟𝑎
𝑡  , is modeled as a random variable with a 
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Gaussian distribution. Each zone can have a specific Gaussian distribution defined by its 

mean trip distance and standard deviation.   

𝑑𝑖𝑛𝑡𝑒𝑟
𝑡  =

[
 
 
 
 
 

0 𝑑𝑆1,𝑆2 . . 𝑑𝑆1,𝑆𝑧
𝑑𝑆2,𝑆1 0 . . 𝑑𝑆2,𝑆𝑧
. . . . .

𝑑𝑆𝑧−1,𝑆1 𝑑𝑆𝑧−1,𝑆2 . 0 .

𝑑𝑆𝑧,𝑆1 𝑑𝑆𝑧,𝑆2 . . 0 ]
 
 
 
 
 

 

 

3.8 

3.3.1.3. Charging behaviour of drivers 

The EV driver’s charging preferences play a crucial role in evaluating the impacts of 

EVs on power system reliability. As per the International Energy Agency (IEA) EV 

outlook, there is a direct correlation between EV driver charging preferences, parking 

location, and charging probability [79], [80]. From a power system point of view, it is 

imperative to capture these attributes associated with the EV charging and their interaction 

with the power system. In the existing literature, driver’s charging behaviors are taken into 

account by considering their charging locations [19] and various trip types [81]. A different 

approach is used in this work to model the driver’s charging behaviors. It is assumed that 

each driver class has 𝑔 preferred location types specified as 𝑔 = {𝑔1, 𝑔2, … 𝑔𝐺}: 𝑔1 

represents the most preferred location for charging their EVs, while 𝑔2, 𝑔3,…..𝑔𝐿 are the 

other locations, in the order of preference, from where drivers in this class would recharge 

their vehicles. To incorporate this concept in the overall simulation process, the probability 

of EV to charge at any time 𝑡 is determined considering the type of the parked location (𝑔𝑖) 

and the present charge level (CL).  The probability is a conditional probability, 𝑃(𝐶𝐿|𝑔𝑖) 

that can be assumed constant over a range of SOC values and specified for 𝐿 discrete CL 
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designated by the set 𝐶𝐿 = {𝐶𝐿1, 𝐶𝐿2… 𝐶𝐿𝐿}. For example, 𝐶𝐿1 may represent ‘low 

charge level’ and corresponds to the SOC range [0% − 40%]. Then the conditional 

probabilities can be specified in a matrix (𝐿 × 𝐺) form as shown in (3.9). Each driver class 

would have a different matrix of conditional probabilities. Battery related parameters such 

as SOC are important and consistent definitions should be used [82], [83]. 

𝑃(𝐶𝐿|𝑔) = [
𝑃(𝐶𝐿1|𝑔1) ⋯ 𝑃(𝐶𝐿1|𝑔𝐺)

⋮ ⋱ ⋮
𝑃(𝐶𝐿𝐿|𝑔1) ⋯ 𝑃(𝐶𝐿𝐿|𝑔𝐺)

] 
 

3.9 

3.3.1.4. Battery energy  

The battery energy level 𝐸𝑡 at the end of a time point, 𝑡 depends on whether an EV is 

in charging, discharging, or parked state during the time period ∆𝑡. It is modeled using 

(3.10): 

𝐸𝑡 =

{
 

 
𝐸𝑡−1 + 𝜂𝑐ℎ . 𝑃𝑐ℎ . ∆𝑡,

𝐸𝑡−1 −
1

𝜂𝑑𝑐ℎ
. 𝐷𝑡 ∙ 𝐸𝑑𝑐ℎ ,

𝐸𝑡−1,

 

‘Charging’  

3.10 
‘In-Movement’ 

‘Parked’ 

where 𝜂𝑐ℎ and 𝜂𝑑𝑐ℎ represents the charging and discharging efficiency of each EV. 𝑃𝑐ℎ is 

the power at which an EV is charged, 𝐷𝑡  represents the distance traveled and 𝐸𝑑𝑐ℎ indicates 

the average energy consumed per unit distance associated with EV movement. 𝑃𝑐ℎ 

represents the average power due to charging over a simulation time step, which may 

include constant current or constant voltage charging periods. This is a reasonable 

simplification for MCSs with course time steps, which are typical in planning studies. 

However, a more sophisticated SOC-dependent EV charging demand model can be 
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included in MCS, if required. The battery operation is limited within certain boundaries, 

typically specified by the EV manufacturer as follows: 

Ψ𝑚𝑖𝑛 ≤ 𝐸𝑡 ≤ Ψ𝑚𝑎𝑥,  ∀𝑡 = {1…𝑇} 3.11 

The battery SOC at the end of time step 𝑡 is computed from 𝐸𝑡. A decision to redirect 

the Battery Electric Vehicle (BEVs) to a nearby charging location is taken under the 

situation when an EV does not have enough charge to complete a specific trip.  

𝐸𝑡 < (𝐷𝑡 ∙ 𝐸𝑑𝑐ℎ) + Ψ𝑚𝑖𝑛,     ∀𝑡 = {1…𝑇} 3.12 

where Ψ𝑚𝑖𝑛 represents the required energy to maintain a minimum SOC and avoid battery 

depletion beyond a certain limit.   

3.3.1.5. Power demand due to EV charging  

To quantify the amount of power EVs draw from a power system, the number of EVs 

connected to the particular network bus in the charging mode in a given zone need to be 

determined. The total EV charging power demand 𝑃𝑐ℎ,𝑡,𝑏 at bus 𝑏 at time point 𝑡 is 

computed by summing the charging power  𝑃𝑘
𝑐ℎ of each of the 𝐾𝑏,𝑡 number of EVs 

connected at bus 𝑏 and being charged in the time period considered.  

𝑃𝑐ℎ,𝑡,𝑏 =∑𝑃𝑘
𝑐ℎ

𝐾𝑏,𝑡

𝑘=1

 

 

 

3.13 

The values of 𝑃𝑐ℎ,𝑡,𝑏 in (3.13) is assumed as the total three-phase power. Although most 

residential EV chargers are single-phase type, it is reasonable to assume that the chargers 

fed from a given distribution transformer are distributed evenly among the phases, 
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especially in planning studies. If the distribution network consists of single-phase sections, 

then this should be appropriately treated. 

3.4 Calculation of reliability indices 

Power system reliability assessment using a probabilistic technique mainly involves 

two major steps. These EV charging at each time period at each distribution bus can be 

determined using the models described in Section 3.3.1. The total power demand is the 

sum of power demand due to EV charging and the power demand due to other loads. Once 

the state for each time period is selected (in the form of power demand), the next step is to 

evaluate the consequence of each state by performing a power flow analysis. A 

backward/forward sweep method that is suitable for distribution system power flow 

analysis is employed in this work [84].  If overload or voltage issues are found, the 

appropriate amount of load is shed to eliminate the issue, considering a simple priority-

based load shedding algorithm. It is assumed that the power utilities can make an agreement 

with the consumer to curtail the loads whenever necessary. The following reliability indices 

are used to evaluate the reliability performance of power systems. The reliability indices 

computed are System Average Interruption Frequency Index (SAIFI), System Average 

Interruption Duration Index (SAIDI), Expected Energy Not Supplied (EENS), and Average 

System Availability Index (ASAI). 

𝑆𝐴𝐼𝐹𝐼 =
∑ [

∑ 𝐶𝐼𝑡𝑇
𝑡=1
𝑁𝑐𝑢𝑠𝑡

]
𝑁𝑠
𝑗=1

𝑁𝑠
 

3.14 
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𝑆𝐴𝐼𝐷𝐼 =
∑ [

∑ 𝐶𝐼𝑡 ∗ 𝑟𝑡𝑇
𝑡=1
𝑁𝑐𝑢𝑠𝑡

]
𝑁𝑠
𝑗=1

𝑁𝑠
 

3.15 

𝐸𝐸𝑁𝑆 =
∑ [∑ 𝑃𝑐𝑢𝑟𝑡,𝑡𝑇

𝑡=1 ∗ ∆𝑡]
𝑁𝑠
𝑖=1

𝑁𝑠
 

3.16 

𝐴𝑆𝐴𝐼 = [
1 − ∑ 𝐶𝐼𝑡 ∗ 𝑟𝑡𝑇

𝑡=1

(𝑁𝑐𝑢𝑠𝑡 ∙ 𝑇)
] 

3.17 

where, 

𝑟𝑡 : Restoration time 

𝐶𝐼𝑡 : Number of customers interrupted at time 𝑡  

𝑃𝑐𝑢𝑟𝑡,𝑡 : Power curtailed at time 𝑡 

𝑁𝑐𝑢𝑠𝑡 : Total number of customers 

𝑁𝑠 : Total number of MCS replications 

𝑇 : Total number of time periods in a year 

 

Three new reliability indices are also proposed to capture and quantify the impact of 

EV charging due to a mixed group of EVs with different designs as well as driver 

behaviors. These are the Expected Frequency of EV Charging Index (EFECI), the Expected 

Duration of EV Charging Index (EDECI), and Expected EV Charging Load (EECL): 

𝐸𝐹𝐸𝐶𝐼 =
∑

∑ 𝑞𝑡𝑇
𝑡=1

𝑁𝑒𝑣 ∗ 365
𝑁𝑠
𝑗=1

𝑁𝑠
  

 

3.18 

𝐸𝐷𝐸𝐶𝐼 =
∑

∑ 𝑞𝑡 ∗ 𝑐𝑑𝑡𝑇
𝑡=1

𝑁𝑒𝑣 ∗ 365
𝑁𝑠
𝑗=1

𝑁𝑠
 

 

3.19 
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𝐸𝐸𝐶𝐿 =
∑

∑ ∑ 𝑃𝑐ℎ,𝑡,𝑏
𝑁𝐵
𝑏=1

𝑇
𝑡=1

𝑇
𝑁𝑠
𝑗=1

𝑁𝑠
 

 

3.20 

where,  

𝑞𝑡 : Total number of new EVs-charger connections at time 𝑡 

𝑐𝑑𝑡 : The charging duration 

𝑁𝑒𝑣 : The total number of EVs 

𝑁𝐵 : The number of buses that are connected to EV in the distribution system 

at time t. 

EFECI values essentially depict the average frequency of charging of an EV per day, 

EDECI indicates the average charging time of an EV per day and EECL represents the 

average charging load anticipated over a particular period.   

3.5 Simulation process flowchart  

Figure 3.3 illustrates the procedural flowchart used to illustrate the overall simulation 

process. To begin with the simulation, essential inputs with regards to traffic networks such 

as inter-zone distances, the data related to the type, driver’s charging behavior, the initial 

condition for each EV, the time-dependent transition probability data for the HMM, and 

data pertaining to the electrical network are provided. After the initialization, the EV state 

for the next particular time instant 𝑡 = 1 is found using the HMM. The algorithm will then 

check whether the energy remaining in the battery (only applicable for BEVs) is sufficient 

to complete the trip. If BEV’s charge is not enough, a short detour to a nearby charging 

facility will be assumed, and the trip will be cancelled for the time being. On the other 
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hand, if sufficient charge is ensured, then the total inter-zone and intra-zone distance are 

calculated, and EV SOC is updated.  

If EV is not in 𝑆𝐻 (‘in-movement’ state) then the next possible outcome is to park the 

EV at a particular location within a zone. If the situation is such that EV is parked on the 

same zone during 𝑡 − 1 and 𝑡, but the parking locations are different for two-time periods, 

then the EV would have taken a short trip (intra-zone trip distance) within the same 

geographical zone for example 𝑆𝑖 in Figure 3.3. Then the short-trip distance is drawn from 

the Gaussian distribution and the SOC of the EV is updated to reflect the short-trip. The 

algorithm will check for the charging facility at the designated current parking location, 

and the driver class-dependent charging decision is determined based on a random 

permutation of the current level of state of charge and the location type.   

If the decision is to charge, the EV will be charged, and the EV SOC will be updated 

based on the EV model and the capacity (level) of the charging facility. The algorithm will 

update the SOC of EVs, compute the total EV load at each location, and run the power 

flow analysis. To control the simulation, a minimum number of trails are ensured, and the 

standard deviation values of total system load per trial beyond a threshold value are used 

as a criterion to stop the simulation.   
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Figure 3.3. Simulation process flowchart of MCMC 



Probabilistic Reliability Evaluation considering Electric Vehicles  

 

79 

 

3.6 Study system description and data inputs 

In order to illustrate the applicability of the proposed models and methodology, studies 

were performed to evaluate the impact of EV penetration on an example distribution 

network. A modified version of the IEEE 33 bus system [85] was used as the example 

electrical network in this chapter. The test system is assumed to be connected to the main 

grid through a substation transformer rated at 110/13.22 KV, 1.5 MVA as shown in Figure 

3.4.  The parameters of the test system are provided in Appendix A: Table A.1. It was 

assumed that there are six different geographical zones and five different location types 

present as illustrated in Figure 3.4, giving rise to a total of 30 EV parking locations with 

charging facilities within the designated geographical area. 
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Figure 3.4. Example system representation (modified IEEE 33 bus system) 

Table 3.1 summarizes the details of charging locations. Some of the information 

presented in Figure 3.4 such as the Levels I, II and III chargers will be described later in 

this section. The inter-zone distances to be used in the matrix 𝑑𝑖𝑛𝑡𝑒𝑟
𝑡  defined in Eqn. (3.8) 

are given in Table 3.2. The intra-zone travel distances were computed considering a 

Gaussian distribution with a mean of 2 km and a standard deviation of 1.55 km for all zones 

in this example. The 𝑑𝑖𝑛𝑡𝑟𝑎
𝑡 values were limited to a range of [0.9 – 6 km]. There are seven 

hidden states  (𝑆1 − 𝑆6, 𝑆𝐻) representing the geographical zones and in-movement state, 

and five visible states (𝑌1 − 𝑌5) representing the output of the HMM, which indicate the 
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vehicle parking location types such as RA, WP, SM, CC, and RL. For simplicity, it is 

assumed that a charger is available whenever an EV decides to charge. The availability of 

the chargers is generally not a concern for RA or WP locations. For other location types, it 

is assumed that enough chargers are available regardless of the number of EVs being 

charged simultaneously. 

Table 3.1 Charging locations in different zones and corresponding electrical buses 

 

Zone  

Number of charging locations type  

 

RA  WP  CC SM  RL 

S1 4 (19, 20, 21, 

22) 

- 1 (7) - - 

S2 4 (3, 4, 23, 24) - 1 (25) - - 

S3 - - 1 (32) 4 (29, 30, 31, 33) - 

S4 - 3 (14, 15, 16) - 1 (17) 1 (18) 

S5 - 4 (5, 6, 26, 27) - 1 (28) - 

S6 4 (9, 10, 12, 13) - - 1 (11) 1 (8) 

 

Table 3.2 Inter-zone distances (km) 

 S1 S2 S3 S4 S5 S6 

S1 0 6.25 8.75 6.25 7.5 11.75 

S2 6.25 0 6.25 7.5 6.25 7.5 

S3 8.75 6.25 0 11.25 7.5 5 

S4 6.25 7.5 11.25 0 5 8.75 

S5 7.5 6.25 7.5 5 0 5 

S6 11.75 7.5 5 8.75 5 0 

 

Before the simulation, a number of inputs associated with the traffic layer, electrical 

network layer, HMM and EV need to be provided. The initial zone for each EV is assumed 

to be located in zones [𝑆1, … , 𝑆6] with probabilities of [0.33 0.33 0 0 0 0.34]. It is also 
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assumed that each EV is parked at [RA, WP, SM, CC, RL] with probabilities of 

[0.8 0.05 0.05 0.05 0.05]. This represents a higher probability for an EV to be parked at 

residential locations (S1, S2, and S6). The values of the transition matrix (𝑀𝑡
) and observation 

matrix (𝑂𝑡) are assumed to represent the EV driver travel survey published in [79]. As an 

example, values of 𝑀𝑡
 and 𝑂𝑡 𝑎𝑡 𝑡 = 9 are shown in Table 3.3 and Table 3.4 respectively. 

Since the patterns were assumed repetitive in weekly cycles, these probability matrices 

were defined for each time step in a week, considering the differences between weekdays 

and weekends.  

Table 3.3 State transition matrix values for time period 𝑡 = 9 

 S1 S2 S3 S4 S5 S6 S7 

S1 0.98 0 0 0 0 0 0.02 

S2 0 0.98 0 0 0 0 0.02 

S3 0 0 0.02 0 0 0 0.98 

S4 0 0 0 0.02 0 0 0.98 

S5 0 0 0 0 0.02 0 0.98 

S6 0 0 0 0 0 0.98 0.02 

S7 0.33 0.33 0 0 0 0.33 0.01 

 

For each EV, a charging location associated with a residential or workplace location 

within its ‘home’ zone was assigned as the preferred charging location. The travel pattern 

of EVs and their charging from various locations were simulated for a year using the HMM. 

A simulation time step (Δ𝑡) of 30 minutes was used. This results in a total of 17520 

simulation time steps in a sample year. The total electrical load in the system consists of 

the regular electrical load (base caseload) and the EV charging load.  
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Table 3.4 Observation matrix values for time period 𝑡 = 9 

 Y1  Y2  Y3  Y4  Y5  

S1 0.95 0 0 0.05 0 

S2 0.95 0 0 0.05 0 

S3 0 0 0.6 0.4 0 

S4 0 0.8 0.15 0 0.05 

S5 0 0.8 0.2 0 0 

S6 0.8 0 0.15 0 0.05 

S7   0 0 0 0 0 

 

The variation in the base caseload is modeled using the demand level factors as per 

[86]. A 5-year annual load profile data published by ERCOT [87] is used to capture the 

annual load variation patterns. The battery capacity and driving miles are the two main 

factors considered in modeling the battery storage of EVs [73]. The standard models of 

PHEV40 [88], BEV 200 [73] and BEV 100 are used in the studies. Table 3.5 details the 

major parameters of these standard models. It can be seen from Table 3.5 that the driving 

range increases along with the battery energy storage capacity. The initial battery SOC 

values of individual EVs were randomly assigned considering a uniform distribution of 

initial SOCs within the range of 15% to 90% [89].  Three different charging levels, namely 

Level-I, Level-II, and Level-III [90] are assumed to represent the rated charging powers 

0.2C, 1C, and 2C respectively where the C is the standard charging power. Their rated 

charging powers and locations are given in Table 3.6.  
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Table 3.5 Details of PHEV and BEV batteries 

 PHEV 40 

(USABC) 

BEV 100 BEV 200 (MIT) 

Driving range with battery (km) 64.3 160.9 321.8 

Peak power (kW) 46 50 80 

Energy capacity (kWh) 17 30 48 

Charge power at 0.2C (kW) 3.4 3.6 9.6 

Charge power at 1C (kW) 17 18 48 

Charge power at 2C (kW) 34 36 96 

Charging efficiency (%) 85 85 85 

Discharging efficiency (%) 85 85 85 

Minimum SOC (%) 30 30 30 

Maximum SOC (%) 90 90 90 

 

Table 3.6 Details of various charger types used and corresponding electrical buses 

Charger Type Charging Power Locations (Bus Numbers) 

Level-I Chargers 0.2C 19, 3, 9, 14, 5, 20, 4, 10, 15, 6, 21, 23, 12, 

16, 26, 22, 24, 13, 7 

Level-II Chargers 1C 7, 25, 32, 29, 17, 28, 11, 30, 31, 33 

Level-III Chargers 2C 17, 32 

 

Level-I and Level-II chargers are the most common charger types, and their presence 

was assumed in most of the electrical buses. Level-III chargers are the fast-charging 

stations, and they were assumed to be present in a few locations like SM and CC. The 

parameters used for modeling the EV driver behavior are given in Table 3.7.  Four preferred 

charging locations (𝑔1, 𝑔2, 𝑔3, 𝑔4) and three discrete charging levels (𝐶𝐿1, 𝐶𝐿2, 𝐶𝐿3) were 

considered. Table 3.7 lists the conditional probability 𝑃(𝐶𝐿|𝑔) values for each driver class 

with respective preferred location types. These probability values are assigned to reflect 

the driver behavior information provided in IEA Outlook 2017 [79]. It should be noted that 

although the charging events of different EV drivers are considered independent, those 
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events in the same class are not mutually exclusive. The annual average total active power 

on the system was taken as the parameter to monitor the convergence of MCS. The 

simulation is considered to be converged if the standard deviation of annual average total 

active power on the system is lower than 0.001 kW after completing a minimum number 

of 100 trails.  

Table 3.7 Parameters used for modelling driver behavior 

 

Driver 

Class 

Charge level (𝑪𝑳𝟏) (𝑪𝑳𝟐) (𝑪𝑳𝟑) 

SOC range (%) 0 - 30 31 - 70 71 - 90 

Preferred 

Location  

Location 

Type 

   

 

Class-1 

𝑔1 RA 0.85 0.82 0.78 

𝑔2 WP 0.9 0.82 0.74 

𝑔3 CC 0.76 0.5 0.23 

𝑔4 SM 0.74 0.45 0.2 

 

Class-2 

𝑔1 WP 0.9 0.85 0.72 

𝑔2 CC 0.88 0.83 0.71 

𝑔3 SM 0.73 0.65 0.22 

𝑔4 RA 0.71 0.6 0.2 

 

Class-3 

𝑔1 SM 0.93 0.83 0.79 

𝑔2 CC 0.92 0.82 0.77 

𝑔3 RA 0.73 0.6 0.22 

𝑔4 WP 0.72 0.58 0.2 
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3.7 Results and discussions  

This section provides the simulation results obtained using the proposed approach. The 

results are presented in the following order: (i) results related to verification of the traffic 

layer model, (ii) results related to verification of the electrical network layer model, and 

(iii) reliability indices calculated including sensitivity analysis.  

3.7.1 Validation of the traffic layer using the real-world travel data  

It is important to investigate the practicality of obtaining parameters of the proposed 

model (traffic layer) from actual recorded vehicular data and verify the fidelity of the model 

in representing the actual driving patterns of vehicle users. The studies described in this 

chapter utilizes the travel data of 50 vehicles obtained by GPS recording devices, over a 

period of time in and around the city of Winnipeg, MB, Canada. A few attributes of the 

data utilized in this work are listed below:  

• The data was collected by the University of Winnipeg [91] and contains more than 

44 million data points and over 150 000 parking events.  

• The vehicle drivers chosen for the study were volunteers from different income 

brackets, education levels, and gender and from different areas of the city to create 

a statistical population best representing the drivers within the city of Winnipeg.  

• The fleet chosen includes sedans, both full and mid-size (67%), and sport utility 

vehicles and pickup trucks (33%). The data collected were representing various 

activities such as commuting, shopping, and socializing.  
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• This actual data has been transformed to hide the identity of volunteers and their 

locations, and the database has been used previously by various researchers for EV-

related studies in [92], [93].  

3.7.1.1. Calculation of transition matrix and observation matrix 

probability values  

Actual vehicle data has been used to calculate the time-dependent probability values of 

the state transition matrix and the observation matrix for each vehicle. It is assumed that 

the geographical area of the city of Winnipeg can be divided into nine zones as shown in 

Figure 3.5 based on a general trend of vehicle movements through the city. 

 
Figure 3.5 Illustration of various geographical zones for the City of Winnipeg, Canada. 
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The following steps describe the data utilization:  

• Step-1: Determine the geographical zones for the city of Winnipeg as shown in 

Figure 3.5. Ideally, this should be completed by considering the electrical and 

traffic network.  

• Step-2: For each vehicle, identify i) trip start/end time, ii) trip start/end locations 

(GPS coordinates), and iii) day type (weekday/weekend).  

• Step-3: For each vehicle, identify the geographical zones and parking location type 

from the GPS data. The location types considered are 1) RA, 2) WP, 3) CC, 4) SM, 

and 5) RL. The data is organized in two separate arrays which have geographical 

zones and parked location types in each time period 𝑡. 48-time intervals (∆𝑡 = 30 

mins.) per day are considered. Figure 3.6 shows the representation of this concept 

where each vehicle status (geographical zone/location type) over different days is 

recorded for the purpose of necessary probability calculations. In Figure 3.6, the 

brown indication over the car represents the hidden state showing the geographical 

zone/travel state(s) and the green represents the visible states showing the parked 

location type(s).   
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Figure 3.6 Schematic diagram illustrating the states of a vehicle. 

• Step-4: Calculate the state transition matrix for each time period 𝑡 using (3.21)-

(3.22) and observation matrix probability values using (3.23).  

𝜆𝑆𝑖,𝑆𝑖
𝑡 =

∑ 𝑁𝑆𝑖→𝑖
𝑡𝑆𝑆

𝑝=1

∑ 𝑁𝑆𝑖
𝑡−1𝑆𝑆

𝑝=1

 
  

3.21 

𝜆𝑆𝑖,𝑆𝑗
𝑡 =

∑ 𝑁𝑆𝑖→𝑗
𝑡𝑆𝑆

𝑝=1

∑ 𝑁𝑆𝑖
𝑡−1𝑆𝑆

𝑝=1

 
 

𝑖 ≠ 𝑗 

 

3.22 

𝜇𝑆𝑖,𝑌𝑗
𝑡 =

∑ 𝑁𝑌𝑗 | 𝑆𝑖
𝑡𝑇𝑃

𝑘=1

𝑁𝑇𝑃
𝑡  

  

3.23 

As per (3.21)-(3.22), the denominator counts the total number of 𝑆𝑖 vehicle states in total 

vehicle states 𝑆𝑆 during the time period 𝑡 − 1. In (3.21), the numerator counts the total 

number of times the vehicle continued in the same state 𝑆𝑖 whereas, (3.22) counts the 

number of times vehicle changed its state to 𝑆𝑗. The observation probability matrix values 

are computed using (3.23) where the numerator counts the number of times vehicle parked 
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at the location type 𝑌𝑗 provided that vehicle is at the state 𝑆𝑖 and the denominator represents 

the total trips recorded 𝑁𝑇𝑃
𝑡  during the time period 𝑡.  

Sections (3.7.1.2)-(3.7.1.4) show the actual and simulated results pertaining to the 

model validation.  For this probability matrices calculation example with data from 

Winnipeg, MB, nine geographical locations (𝑆1 − 𝑆9) were assumed as shown in Figure 

3.5 [94]. The in-movement state (𝑆𝑀) is the hidden states of the designated model. 

Additionally, five visible states are assumed as different location types (𝑌1 − 𝑌5) namely 

RA, WP, CC, SM, and RL respectively. Since more data points are available corresponding 

to weekdays, all evaluations are performed considering weekdays alone. The same 

procedure can be applied to weekends. 

3.7.1.2. Hidden and visible states 

Figure 3.7 (a) and (b) show the frequency of being in different hidden states (zones) at 

different times of the day, computed from the recorded vehicle data (160 data points) and 

the simulated data (2500 data points) respectively for one randomly selected vehicle.  

It is visually observable that the model was able to capture the general trend in the vehicle 

state. Similarly, Figure 3.8 (c) and (d) show the frequency of being in different visible 

states at different times of the day, as obtained from the actual and simulated data 

respectively. The probability mass functions of hidden and visible states indicate the 

distribution of the probability of being in different hidden or visible states in an individual 

time period. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3.7 (a) Actual hidden states, (b) simulated hidden states, (c) observed visible 

states, (d) simulated visible states of a single vehicle, 

Figure 3.8 (a) and (b) compare the samples of probability mass functions developed for 

time period 𝑡 = 40 using actual and simulated data. As can be seen, the actual and 

simulated probability mass functions closely match each other, although there are some 

minor differences.  
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(a) 

 

(b) 

Figure 3.8. (a) probability mass function of hidden states, and (b) visible state during 

the time period tp=40. 

3.7.1.3. Transition and observation matrix values 

After simulating a vehicle movement over a sufficient period of time, the data can be 

used to compute the state transition probability matrices (𝑀𝑡) and the observation 

probability matrices (𝑂𝑡) for different time steps. The time-dependent transition and 

observation probability values corresponding to those are shown in Figure 3.9 (a) and (b) 

for a randomly chosen vehicle.  It can be seen from Figure 3.9 that the probability variations 

over time are very similar to those obtained from the actual data, as expected from a good 

model. This is indeed the main reason to have similar vehicle hidden states distributions in 

Figure 3.9 (a) and (b), and observable states distributions in Figure 3.9 (c) and (d). The 

similarity between the time variations of the actual and simulated transition probability 

matrix and observation probability matrix elements (all entries in 𝑀𝑡 and 𝑂𝑡) were 
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evaluated using Pearson correlation coefficient (PCC). For the vehicle under consideration, 

the PCC for transition probabilities was 0.95, while the PCC for observation probabilities 

was 0.99. These PCC values show a good similarity between the actual and simulated 

vehicle travel pattern data. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 3.9 (a) Actual, (b) simulated values of transition matrix probabilities, (c) actual 

and (d) simulated values of observation matrix probabilities 



Probabilistic Reliability Evaluation considering Electric Vehicles  

 

94 

 

3.7.1.4. Euclidean distances  

 

(a) 

 

(b) 

(c) (d) 

Figure 3.10 .  Distributions of the Euclidean distances between (a) actual hidden states 

for one vehicle, (b) simulated hidden states for 50 vehicles, (c) actual visible states for 

one vehicle, and (d) simulated visible states for 50 vehicles 

The distribution of Euclidean distances between the actual and simulated probability 

mass functions, computed for one single vehicle is shown in Figure 3.10 (a) and (c). It can 

be seen from Figure 3.10 (a) and (b) that most of the time distances are small (<0.3) 

indicating that the DHMM model reasonably well represents the actual vehicle movement 



Probabilistic Reliability Evaluation considering Electric Vehicles  

 

95 

 

patterns. Additionally, the distribution of Euclidean distances for 50 different vehicles 

combined after generating their hidden and visible states separately for individual vehicles 

are shown in Figure 3.10 (c) and (d). The lower values of Euclidean distances in Figure 

3.10 indicates the fidelity of the model to emulate the synthetic data closer to the actual 

recorded values. This further reveals the generic applicability of the model to preserve the 

spatial and temporal distributions for a group of vehicles.  

3.7.2 Corroboration of traffic layer and electrical layer model combined  

In order to examine the traffic layer model, the states of a single EV were tracked over 

two 24-hour periods on a weekday and a weekend. Figure 3.11 illustrates state transitions, 

associated distances traveled, the charging powers, and the variation of SOC during a 

weekday and a weekend day. It can be seen from the plot of (𝑆𝐻), which illustrate the inter-

zone transitions, that the EV follows the typical movement pattern of a driver who would 

have regular working hours on the weekdays and a more random movement on the 

weekend.  
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 (a)  

 

 

(b) 

Figure 3.11. A single EV state transitions, distance traveled, charging load and state of 

charge for a complete day during (a) weekday and (b) weekend 

The plot of (𝑌𝑉) which illustrates the transitions among different location types also 

shows a similar pattern of more random movements on weekends. The inter-zone and intra-

zone driving distances are indicated with red and black colours respectively in the graph of 

distance traveled (𝐷𝑡). The variation of battery SOC is based on the distance traveled by 
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the EV and the charging levels at the respective charging locations. The variation in SOC 

levels can be seen while EV is involved in either traveling or charging.  

The average charging power is estimated using the equations presented in Section 3.3.1.5.  

Considering the complexity of extracting and managing multiple vehicle parameter values 

from actual recorded vehicle data, the remaining results Section (3.7.3)-(3.7.5) use 

representative probability values for the transition/observation matrix and assumed six 

geographical zones in the traffic layer. A sample of representative transition and 

observation matrix probability values are provided in the Appendix. B.  

3.7.3 Analysis of electrical network layer  

 Figure 3.12 illustrates the daily average charging load for various location types during 

weekdays and weekends for 250 EVs. A consistent residential charging during the initial 

and final hours can be observed for both weekdays and weekends, whereas workplace 

charging during the daytime of weekdays is noticeable in Figure 3.12 (a). On the other 

hand, a higher EV charging load can be seen at CC and SM during the weekend daytime. 

The peak charging load is much higher at the weekends, mainly due to contribution from 

the fast-charging stations in 𝑆3. During the weekdays, the peak load including the charging 

load is 1625 kW while that on the weekend is 1460 kW. It can be seen from Figure 3.13 

(b) that during weekends, there is a quick rise in the system load due to the increased 

volume of travel to CC and SM. The total daily average charging demand from 250 EVs 

and the total demand on the distribution system is shown in Figure 3.13. 
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(a) 

 

(b) 

Figure 3.12. Daily average EV charging demand for various location types for (a) 

weekday and (b) weekend for 250 EVs 

 

 

(a) 

 

(b) 

Figure 3.13. Daily average total EV charging demand (a) and total system load (b) for 

250 EVs penetration 

To understand the impact of the penetration of EVs on the distribution system 

performance, the variations of the node voltage magnitudes were examined. Figure 3.14 

(a) shows the observed node voltages at the busses farthest from the substation, Buses 18 
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and 33, for a sample weekday (WD) and a sample weekend day (WE) with 250 EVs. It can 

be observed that all node voltages are above the lower limit which is considered as 0.9 p.u. 

A significant difference in the minimum voltage can be seen between weekends and 

weekdays, which is anticipated due to a higher total system load observed during 

weekdays. The current flow through the main substation transformer is shown in Figure 

3.14 (b) for a sample weekday and sample weekend day.  

 

(a) 

 

(b) 

Figure 3.14. (a) Voltage magnitudes in pu at the farthest Buses (18 and 33), (b) Main 

transformer current in kA for a sample weekend (WE) day and a sample weekday 

(WD) 

According to Figure 3.14 (b), the transformer current violates the rated current limit 

during 11:00-21:00 hours for the weekday while no violations can be seen during the 

weekend. Even though the load curtailment is implemented to avoid the transformer 

overload and system voltage limit violations, there could be situations where the load 

shedding could reach its maximum potential, and it may finally result in transformer 

overloading as seen from Figure 3.14. The results indicate that system upgrades are 
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necessary to deal with the EV charging load. Although identification of the options for 

system upgrades is one of the major tasks in power system planning, it is beyond the scope 

of this work. 

3.7.4 Reliability evaluation 

Studies are performed to evaluate the impact of EV charging load on electric 

distribution system reliability including a range of sensitivity analysis. Table 3.8 

summarizes the major parameters of the study cases and detailed descriptions are provided 

in the following.  

Base Case: This study case considers 250 EVs with an approximately equal share for 

all EV models. The inter-zone driving distance values are assumed to be the same as in 

Table 3.2. 

Case-A: To quantify the impact of higher-level EVs penetration, this study case 

assumes 500 EVs. The share of different EV models and the driving distance values will 

remain the same as the base case.  

Case-B: The EVs with higher battery capacity can ensure a longer driving distance in 

one quick charging as opposed to the vehicles with lesser battery capacity, which may need 

more frequent charging from the network. To study the potential implications on the 

penetration of EVs with higher battery capacity, Case-B considered 90% of BEV 200 

penetration which has 48 kWh battery capacity. The number of EVs and the driving 

distance values will remain the same as the base case. 
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Table 3.8 Summary of study cases 

Study case 

 

Sensitive 

parameter 

Total 

Number of 

EVs 

Percentage Penetration 

of Individual EV Model 
Driving Distance 

PHEV 

40 

BEV 

100 

BEV 

200 

 

Base Case 

  

250 33% 33% 34% 
Same values 

given in 𝑑𝑖𝑛𝑡𝑒𝑟
𝑡  

Case-A 

Increase in the 

EVs 

penetration 

500 33% 33% 34% 
Same values are 

given in 𝑑𝑖𝑛𝑡𝑒𝑟
𝑡  

Case-B 

Variation in 

the battery 

model 
250 5% 5% 90% 

Same values 

given in 𝑑𝑖𝑛𝑡𝑒𝑟
𝑡  

Case-C 

 

Variation in 

the inter-zone 

driving 

distance 

500 33% 33% 34% 

25% increase 

from the base 

case 

 

Case-C: It may happen in reality that due to the increase in the number of EVs, the 

transportation infrastructure might have to be upgraded to accommodate more vehicles on 

the road resulting in an increased driving distance for individual EV owners. This could 

also interpret as representing the effect of increased driving time due to higher traffic 

congestions. Hence, Case-C considers a scenario of a 50% increase in the inter-zone 

driving distances as compared to the base case. The number of EVs is increased to 500, 

and the share of different EV models is the same as that in the base case. 

Figure 3.15 illustrates the daily average EV charging profile and total system load for 

various study cases summarized in Table 3.8. A higher peak charging power demand can 
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be observed for Case-C and Case-A, which represent an increase in driving distance and 

higher EV penetration, respectively. These results are expected because the amount of 

energy consumed by an EV is proportional to its travel distance, and higher penetration of 

EVs would certainly imply a higher charging power demand. 

 

Figure 3.15. Daily average EV charging load and total system load for different cases  

 

On the other hand, a notable reduction in charging load is evident for Case-B, which 

considers higher penetration of EVs having higher battery capacity. This is due to lesser 
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charging instances from vehicles like BEV 200, which can commute longer distances 

without frequent charging from the system. A simplified model is used in this work to 

calculate the energy consumption and more detailed models that take into account physical 

parameters of the EV, slopes along the route, driver behavior are available in [92], but for 

long-term planning, they may be overly complicated.  The reliability indices calculated for 

various study cases are shown in Table 3.9. The following observations can be made: 

Case-A: Due to increased penetration of EVs, there is an increase in the EV charging 

demand, which increased most of the reliability indices as compared with the Base Case 

indices. The increase in charging demand can be seen from the increase in EECL values 

from 104.7 KW to 417.9 KW. More than 400% increase was observed for SAIFI, SAIDI, 

and EENS values.  

Table 3.9 Reliability indices values calculated for different cases 

  

Base Case 

(BC) 
Case A Case B Case C 

SAIFI (Interps/year/cust.) 0.07 0.35 0.12 0.37 

SAIDI (mins/year/cust.) 142.4 710.2 248.5 758.28 

EENS (MWh/year/cust.) 183.21 686.1 250.2 750.99 

ASAI 1 0.99 1 0.99 

EFECI (Charging inst./day/EV) 5.5 5.5 4.5 5.7 

EDECI (Charging/mins/day/EV) 231.8 230.8 156.6 246.3 

EECL (kW/day) 104.7 417.9 159.3 459 

 

Case-B: The frequency and duration of EVs charging are reduced as compared to those 

of the Base Case. However, due to EVs with higher battery capacity, the power consumed 
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from the system by EVs is higher as can be seen from the slightly higher average daily 

charging demand measured in terms of EECL. The increase in SAIFI, SAIDI, and EENS 

values is marginal as compared to the Base Case.  

Case-C: There is a substantial increase in the charging load due to the increase in the 

number of EVs along with the travel distance, which consumed more energy to complete 

the additional driving distances. An increase in the EV charging frequency, duration, and 

EECL is expected. Among all the study cases, the worst interruption frequency and 

duration indices were observed for Case-C, resulting in an increase of 400% while 

compared to the Base Case results.  

3.7.5 Changes in EV penetration with time 

Further studies are conducted to examine the impact of increased EV penetration over 

time. It is assumed that the number of EVs is increased by 5% annually over a five-year 

planning horizon. It is also assumed that 75% of the new EVs penetrating the system are 

of BEV 100 (50%) and BEV 200 (25%). The rest are PHVs. Therefore, the proportion of 

different EV types change over the planning horizon. Figure 3.16 depicts the changes in 

the average daily EV charging load. It can be seen from Figure 3.16 that the average EV 

charging load increases with increased EV penetration with time.     
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Figure 3.16. Daily average EV charging load for five years with 5% EV growth in each 

year 

 

Table 3.10 shows the reliability indices calculated for five years assuming a growth rate of 

5%. As anticipated, an increase in EECL values over the years corresponds with the 

increased EV charging load. The SAIFI, SAIDI, and EENS indices are rising over the years 

indicating the decreasing reliability (or increased frequency and duration of system 

interruptions) with the growth of EV charging load. One of the advantages of the proposed 

approach is its flexibility in the application of the model for any number of planning years 

considering not only the changes in the number of EVs but also the evolution of EV 

technology.   
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Table 3.10 Reliability indices values calculated for a five-year planning horizon 

Year Number 1 2 3 4 5 Overall 

SAIFI (Interps/year/cust.) 0.07 0.08 0.1 0.11 0.13 0.1 

SAIDI (mins/year/cust.) 142.4 213.2 270.56 185.12 270.56 216.36 

EENS (MWh/year/cust.) 183.21 205.9 233.87 267.45 305.45 239.17 

ASAI 0.998 0.998 0.998 0.997 0.997 0.998 

EFECI (Charging 

inst./day/EV) 
4.96 5.07 5.33 5.25 5.24 5.17 

EDECI 

(Charging/mins/day/EV) 
207.13 214.41 229.64 229.43 227.7 221.66 

EECL (kW/day) 104.46 116.7 131.14 149.14 167.41 133.77 

3.8 Concluding remarks  

In this chapter, a probabilistic reliability assessment method was developed to evaluate 

the impact of EVs on distribution system reliability performance. The method employees 

a two-layer stochastic EV charging demand estimation model to represent the traffic and 

the electrical network. A dynamic HMM was used to model the movements of EVs, 

considering their spatial-temporal aspects.  The proposed method and models were used to 

analyze the reliability of an example system using a sequential MCS approach, and several 

useful reliability indices were calculated from the MCS process. 

The proposed approach is validated for the traffic layer using real-world travel data and 

found that the model can mimic a travel pattern that is similar to a real-life scenario. In 
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correspondence to the parked locations, the EV charging demand for various location types 

is quantified in the electrical network layer. The EV charging decisions were simulated, 

considering the charge levels and preferred charging locations.  

A series of reliability studies were performed to assess the reliability impacts of EVs 

on the electric distribution system considering variations in the EVs penetration, the battery 

model, and the inter-zone driving distance. Simulation results show that system reliability 

decrease with an increase in EV penetration and/or driving distances. An increase in the 

EVs with higher battery capacity also has a negative impact on the reliability performance 

of distribution systems. Studies are also performed to evaluate the impact of EV penetration 

over a particular planning horizon to demonstrate the applicability of the proposed 

approach in long-term planning. 

 

 

 

 

 



Chapter 4 

Distribution System Reliability Evaluation 

Considering Electric Vehicles and 

Distributed Energy Resources 

4.1 Introduction  

Chapter 3 presented a probabilistic reliability assessment method for evaluating the 

impact of EVs on distribution system reliability performance. The presence of PV and wind 

power generation introduces uncertainties and variabilities [95] in power systems. From a 

power system point of view, an EV can be considered as a randomly moving load [30], 

while  PV and wind energy resources are stationary generations with random output 

depending on the availability of site resources [96], [97]. These characteristics make 

conventional deterministic methods unsuitable for the assessment of the reliability of 

distribution systems containing RESs and EVs. Hence, a great deal of effort has been 
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devoted to developing probabilistic approaches that appropriately model the stochastics 

nature of systems containing RESs, ESSs and EVs.   

In this chapter, an appropriate methodology for performing a reliability-oriented 

distribution system analysis is proposed for capturing the complex interactions between 

EVs and PV power production. Stochastic models developed in Chapter 2 and Chapter 3 

have been used to emulate the PV power generation and uncertain nature of EV charging 

loads respectively. MCS is used to analyze a range of scenarios for illustrating the 

applicability of the proposed method. Various computational models such as the EV 

charging station model, reliability evaluation model, and economic evaluation model are 

proposed to support the reliability and economic evaluation with necessary inputs. A 

sensitivity analysis is performed to illustrate the reliability and economic impact due to EV 

charging, PV power production and various operating strategies. An optimization 

algorithm is also used to choose the optimal resource sizes by minimizing charging station-

related cost and cost of unreliability.  

4.2 Background and literature review  

As noted in Chapter 3 most of the models for the reliability assessment of power 

systems containing EVs [98]–[105] are proposed for studies focusing on the utilization of 

traditional grid power as the main source of power to meet the EV charging demand. Use 

of RESs and battery storage to augment the traditional grid supply in meeting the EV 

charging demand can be both economic and sustainable. Such decarbonization deserves 

serious attention as the contribution of EVs to emission reduction is more meaningful when 
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charging energy is from RESs, and the inherent storage in EVs can enable accommodating 

high renewable fraction into power grids. Feasibility and optimal designs that minimize the 

lifecycle cost of EV charging stations (EVCS) powered by PV, wind and diesel generation, 

battery energy storage, and electrical grid have been studied in [95], [106]-[107]. However, 

the representation of stochastic power production from solar and wind energy systems was 

limited to techniques such as monthly average values [106], fixed solar radiation and wind 

speed profiles [95], and normalized values [107]. Although these approaches are widely 

adapted in long-term planning, stochastic models that can account for the intermittencies 

associated with the RESs such as random cloud cover and variation in the wind speed [96], 

[97] are more desirable for probabilistic planning. Probabilistic planning approaches 

analyze a range of scenarios and result in more optimal outcomes compared to the designs 

based on the worst-case scenarios. There are long-term stochastic models suitable to 

generate synthetic solar radiation and wind speed profiles that can preserve the original 

characteristics of measured data [63].  

Multi-objective optimization using MCS to determine the optimal size of the EVCS 

with RESs and ESSs considering various economic, environmental, and battery life aspects 

have been reported in the literature [33], [108]–[111]. In [33], a fast-charging station with 

RESs and ESSs is designed using MCS to estimate the EV charging demand and RESs. 

Optimal sizing of a green charging system that relies entirely on the RESs is discussed in 

[112] using a  Markov model to capture the random solar power generation, and a queuing 

model to estimate the charging demand of EVs. A MCS procedure is proposed in [110] to 
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assess the influence of different PHEV usage conditions on EVCS sizing and operation in 

minimizing the total cost of EVCS considering the installation and operational constraints. 

An EVCS can be fully grid-dependent, partially grid-dependent (grid connected-

renewable based), or fully autonomous [111]. From a power system point of view, a fully 

or partially grid-dependent EVCS effectively appears as an additional intermittent load to 

the electrical system, and directly impacts the power supply reliability. But most of the 

planning and design studies that consider the combined evaluation of EV demand, RESs, 

and ESSs [25-35] haven’t explicitly addressed the distribution system reliability in the 

design objectives. The focus of such studies includes a wide range of objectives such as 

maximizing the profits [114], [115] reducing the energy costs [116], [117], minimizing the 

power losses [29-30], minimizing the generation costs [120][121], reducing the peak loads 

[122], decongestion of the distribution network [123], and regulating the frequency [113], 

but not explicitly include the reliability aspects. This chapter tries to address the gap and 

examines the impact of fully and partially gird-dependent EVCS on the reliability of power 

distribution systems using appropriate stochastic models and MCS.  

The modeling of a distribution system with EVCS equipped with PV systems and 

battery energy storage, referred to as distributed energy systems (DERs) is described and 

reliability evaluations have been performed using three different approaches. Firstly, an 

analysis is designed by varying the installed PV/ESSs capacity in different levels and their 

impact on the distribution system reliability is analyzed. Secondly, various predetermined 

operating strategies have been used to further examine their impacts on the distribution 

system reliability. Finally, a method using an optimization algorithm is presented to 
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optimally choose the resource sizes of EVCS equipped with DERs while minimizing the 

total cost.   

The proposed planning framework involves many building blocks and is a natural 

progression of the work described in the previous chapters including i) the estimation of 

PV power production using the synthetic solar radiation generation model developed in 

Chapter 2 and ii) the estimation of the additional charging demand using two-layer 

stochastic EV model developed in Chapter 3. This chapter integrates these models and 

proposes a new comprehensive methodology for performing distribution system reliability 

evaluations considering the complex interactions among EVs, PV systems, and battery 

storage. A few new reliability indices are also proposed to quantify the perceived benefits 

of including DERs for EV charging.  

4.3 Proposed framework  

 The overall framework consists of three major parts: (i) DERs based EV charging 

station model, (ii) reliability analysis model, and (iii) economic evaluation model. The 

DER-based EV charging station model is the most complex component and incorporates 

the sub-model of ESS and EVCS operating strategy. Details of the mathematical models 

and the simulation procedures are provided in the following subsections. A detailed 

description of the input data is given in Section 4.7. 

It is assumed that the energy demand for an EV charging station can be supplied either 

by the main grid, a PV module, a battery, or any combination of the above sources. The 

operation of such a system needs to be carefully managed to maximize the use of renewable 
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power, and therefore pre-defined operating strategies can be used to ensure a coordinated 

operation of the available energy resources and energy storage. In actual operation, an 

EVCS energy management system may achieve this through a suitable optimization 

process, but in a long-term perspective, simplified representation such as a pre-defined 

operating strategy is adequate. The grid source is represented as a 100% reliable source in 

this study, as the motivation is to capture the effects of EV load and RESs, however, it is 

possible to represent the grid source with applicable outage characteristics if needed. 

Due to the presence of multiple energy resources in a charging station, it is important 

to prioritize and optimally utilize the resources based on their availability.  The following 

rule-based approach is proposed to represent the operating strategies for energy 

management and the coordinated operation of the available resources to meet the varying 

EV charging demand at each charging station. In reality, a power controller is needed to 

enforce these pre-defined energy management strategies while ensuring the physical 

constraints of various components are not violated. 

• In a given simulation time-step ∆𝑡, the energy generated from the PV panels 

is primarily used for EV charging.  

• When the available power from the PV panels 𝑃𝑝𝑣 is greater than the power demand 

𝑃𝑒𝑣 to charge the EVs (∆𝑃𝑡 > 0), the excess energy is stored in the battery as 

described in (4.1)-(4.3), subject to the constraint that the total stored energy in the 

battery does not exceed the allowable maximum limit given in (4.5). The charging 

and discharging efficiencies (𝜂𝑐ℎ and 𝜂𝑑𝑐ℎ) are taken into account and (4.2) enables 

establishing the battery SOC at the end of the time step. In (4.2), 𝐸𝑏𝑠 indicates the 
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energy stored in the battery storage, 𝛿 indicates the charge/discharge state of battery 

storage, and 𝑆𝑂𝐶𝑚𝑎𝑥 shows the maximum allowed battery storage utilization. 

• If the available energy from the PV panels is insufficient to meet the charging 

demand, the balance of power is drawn from the battery as described by (4.2) and 

(4.3), subject to the condition that the battery is not discharged below the allowable 

minimum battery limit given in (4.7) where 𝑆𝑂𝐶𝑚𝑖𝑛 indicates the minimum allowed 

battery storage utilization.   

• Any excess energy available from the PV system after recharging the batteries is 

exported to the grid is represented in (4.4) where 𝐸𝑏𝑠−𝑟  represents the installed 

storage capacity and 𝐸𝑝𝑣2𝑔 indicates total excess energy supplied to the utility grid.  

• If the available PV energy and the energy stored in the battery is insufficient to 

meet the charging demand, the grid power will be used, as described by (4.6) where 

𝐸𝑔2𝑐𝑠  indicates the energy imported from the grid to the charging station. 

∆𝑃𝑡 = 𝑃𝑝𝑣,𝑡 − 𝑃𝑒𝑣,𝑡 4.1 

𝐸𝑏𝑠,𝑡 = 𝐸𝑏𝑠,𝑡−1  + ∆𝑃𝑡. ∆𝑡 [(δ(∆𝑃𝑡) . 𝜂𝑐ℎ + (1 − δ(∆𝑃
𝑡)).

1

𝜂𝑑𝑐ℎ
) ] 

4.2 

δ(∆𝑃𝑡) = {
1  𝑖𝑓 ∆𝑃𝑡 ≥ 0 

0 𝑖𝑓 ∆𝑃𝑡 < 0
 

4.3 

𝑖𝑓 𝐸𝑏𝑠,𝑡 ≥ 𝐸𝑏𝑠−𝑟 . 𝑆𝑂𝐶𝑚𝑎𝑥  

 𝐸𝑝𝑣2𝑔,𝑡 = (𝐸𝑏𝑠−𝑟 . 𝑆𝑂𝐶𝑚𝑎𝑥) − 𝐸
𝑏𝑠,𝑡  4.4 

 𝐸𝑏𝑠,𝑡 = 𝐸𝑏𝑠−𝑟 . 𝑆𝑂𝐶𝑚𝑎𝑥 4.5 

𝑖𝑓 𝐸𝑏𝑠,𝑡 < 𝐸𝑏𝑠−𝑟 . 𝑆𝑂𝐶𝑚𝑖𝑛  
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 𝐸𝑔2𝑐𝑠,𝑡 = 𝐸𝑏𝑠,𝑡 − (𝐸𝑏𝑠−𝑟 . 𝑆𝑂𝐶𝑚𝑖𝑛) 4.6 

 𝐸𝑏𝑠,𝑡 = 𝐸𝑏𝑠−𝑟 . 𝑆𝑂𝐶𝑚𝑖𝑛 4.7 

4.4 Reliability analysis model  

The total system demand, which includes the EV charging demand, can be calculated 

using the EV model developed in Chapter 3. The power demand due to non-EV loads (the 

baseload) is calculated by modeling the demand level factors as per [86]. Once the total 

system demand is determined, a power flow analysis is performed to evaluate the 

consequence of each possible state. If overload situations or voltage violations are found 

during the power flow analysis, an appropriate amount of load is shed to eliminate the issue 

by using a simple priority-based load shedding algorithm. It is assumed that the power 

utilities can agree with the consumer for curtailing the loads whenever necessary and the 

customers will be compensated with a fair incentive. The impact on system reliability due 

to EV charging and hybrid energy resources-based charging stations are quantified based 

on two sets of reliability indices. They are system-based reliability indices and EV-based 

reliability indices.  

Four standard reliability indices as described in Equations (3.14)-(3.17) are used to 

evaluate the reliability performance of the power distribution system. Two new reliability 

indices are proposed to capture the reliability of supply for EV charging, as this is different 

from the system level supply reliability due to energy storage. These indices can be used 

to assess the impact of hybrid energy resources for EV charging. Expected Electric 
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Vehicles Grid Dependency (EEVGD) is proposed to measure the reliance of EVCS on the 

utility grid to satisfy the charging load. 

𝐸𝐸𝑉𝐺𝐷 =
∑ [∑ 𝑃𝑔𝑟𝑖𝑑,𝑡

𝑁𝑡
𝑡=1 ∗ ∆𝑡]

𝑁𝑠
𝑗=1

𝑁𝑠 ∗ 𝑁𝑒𝑣
 

4.8 

Expected Unserved Electric Vehicle Load (EUEVL) is proposed to measure customer 

satisfaction as a ratio of the actual energy supplied to an EV customer to the amount of 

energy requested by the EV customer (original EV load before the load shedding).  

𝐸𝑈𝐸𝑉𝐿 =
∑ [∑ (𝑃𝑒𝑣,𝑡 − 𝑃𝑒𝑣,𝑡)

𝑁𝑡
𝑡=1 ∗ ∆𝑡]

𝑁𝑠
𝑗=1

𝑁𝑠  ∗ 𝑁𝑒𝑣
 

4.9 

where, 

𝑁𝑠 total number of MCS replications 

𝑁𝑡 total number of time steps  

𝑁𝑒𝑣 number of EVs 

𝑃𝑔𝑟𝑖𝑑  power provided from the utility grid (kW) 

𝑃𝑒𝑣 ̅̅ ̅̅ ̅ original EV charging demand (kW) associated with load curtailment  

𝑃𝑒𝑣 estimated EV charging demand (kW) 

4.5 Economic evaluation model 

The costs associated with the installation and operation of charging stations with hybrid 

energy resources mainly involve a fixed capital cost to upgrade or build the charging 

facility and a variable service cost and maintenance cost related to operating the charging 

stations. Also, this work considers emission cost which accounts for the amount of carbon 

emitted by the non-renewable sources to meet the total system demand. Finally, the cost of 
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unreliability is also considered which is defined as a customer interruption cost resulting 

from loss of service to the customers due to system issues.   

4.5.1 Charging station related cost  

The capital cost 𝐶𝑐𝑎𝑝
𝑡  is related to the installation of solar panels, battery storage, and a 

number of chargers in each charging station, and it can be calculated using (4.10). 

𝐶𝑐𝑎𝑝
𝑡 =∑𝐶𝑐ℎ . 𝑁𝑐ℎ,𝑏 . 𝑃𝑐ℎ−𝑟𝑡 + 𝐶𝑝𝑣. 𝑁𝑝𝑣,𝑏 + 𝐶𝑏𝑠. 𝑁𝑏𝑠,𝑏

𝐵

𝑏=1

 

 

4.10 

where, 

𝐶𝑐ℎ cost of the charger ($/charger) 

𝐶𝑝𝑣 cost of PV module ($/unit)  

𝐶𝑏𝑠 cost of battery storage ($/unit) 

𝑁𝑐ℎ number of chargers  

𝑁𝑝𝑣 number of PV modules 

𝑁𝑏𝑠 number of battery storage units  

𝑃𝑐ℎ−𝑟𝑡 rated charging power of the charging station (kW) 

b index for bus number equipped with DERs 

 

The service cost 𝐶𝑠𝑒𝑟𝑣𝑖𝑐𝑒 is calculated as a difference between the cost of purchasing energy 

from the utility grid and the revenue received by exporting excess energy to the grid and 

serving the EV users for charging the vehicles.   

𝐶𝑠𝑒𝑟𝑣𝑖𝑐𝑒
𝑦

=∑𝐸𝑔2𝑐𝑠. 𝐶𝑔2𝑐𝑠
𝐵

𝑏=1

− (𝐸𝑝𝑣2𝑔,𝑦,𝑏 . 𝐶𝑝𝑣2𝑔 + 𝐸𝑒𝑣,𝑦,𝑏 . 𝐶𝑐𝑠2𝑒𝑣) 
 

4.11 

where, 
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𝐶𝑔2𝑐𝑠 the purchase cost of energy from the utility grid ($/kWh) 

𝐶𝑝𝑣2𝑔 the selling price for feeding power to the grid ($/kWh) 

𝐶𝑐𝑠2𝑒𝑣 cost of EV charging ($/kWh) 

𝐸𝑝𝑣2𝑔 total energy supplied to the utility grid (kWh) 

y index for planning years  

The maintenance cost 𝐶𝑚𝑎𝑖𝑛𝑡
𝑦

 comprises the costs of maintaining EV chargers and solar 

array, which is considered as a fixed annual amount proportional to the installed capacity. 

The costs due to maintenance and degradation of batteries can be calculated using 4.12. 

The battery maintenance cost is calculated considering a fixed annual maintenance cost 

and a cost component proportional to the annual battery utilization. The annual battery 

utilization is considered as the ratio of annual energy derived by battery (𝐸𝑑𝑐ℎ,𝑏,𝑦) to the 

total energy that can be delivered through its rated cycle life (𝐸𝑏𝑠,𝑐𝑦𝑐𝑙𝑒𝑠) [33]. 𝑥𝑐ℎ and 𝑥𝑝𝑣 

represents the fraction of capital cost accounted for annual maintenance cost of chargers 

and PV modules.    

𝐶𝑚𝑎𝑖𝑛𝑡
𝑦

= 𝑥𝑐ℎ. 𝐶𝑐𝑎𝑝
𝑐ℎ,𝑏 + 𝑥𝑝𝑣. 𝐶𝑐𝑎𝑝

𝑝𝑣,𝑏

+ [𝐶𝑚−𝑏𝑠,𝑦 +∑(
𝐸𝑑𝑐ℎ,𝑏,𝑦

𝐸𝑏𝑠,𝑐𝑦𝑐𝑙𝑒𝑠
. 𝐶𝑏𝑠. 𝐸𝑏𝑠−𝑟,𝑏)

𝐵

𝑏=1

] 

 

4.12 

where, 

𝑥𝑐ℎ the maintenance cost factor of the charger 

𝑥𝑝𝑣 the maintenance cost factor of PV array 

𝐶𝑚−𝑏𝑠 the annual fixed maintenance cost of the battery storage system ($/year). 
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𝐸𝑑𝑐ℎ,𝑏,𝑦 total energy supplied by the storage system annually (kWh) 

𝐸𝑏𝑠,𝑐𝑦𝑐𝑙𝑒𝑠 total annual battery utilization expressed in kWh 

𝐸𝑏𝑠−𝑟 installed storage capacity (kWh) 

The emission cost is calculated based on the amount of carbon emissions that occurred 

by utilizing non-renewable energy resources to meet the total system demand as can be 

calculated using (4.13). 

𝐶𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛
𝑦

= 𝐸𝑔𝑟𝑖𝑑,𝑦. 𝑥𝑛𝑟  . 𝑦𝑐𝑜2  . 𝐶
𝑒𝑐 4.13 

where, 

𝑥𝑛𝑟  emission cost factor 

𝑦𝑐𝑜2  carbon emission equivalent factor for non-renewable energy resources 

(tCo2e/MWh)  

𝐸𝑔𝑟𝑖𝑑 total energy consumed from the grid (kWh)  

𝐶𝑒𝑐 cost of carbon emissions ($/tCO2e) 

4.5.2 Cost of unreliability  

The cost of unreliability 𝐶𝑢𝑛𝑟𝑒𝑙
𝑡,𝑦

 essentially represents the direct losses and the value of 

inconvenience caused to the customers due to the curtailment of their loads. This cost can 

be evaluated from the amount of unserved customer energy and the value of customer 

interruption cost 𝐶𝐸𝐸𝑁𝑆,𝑙 , which varies based on the location type 𝑙 [124]. This cost value 

is calculated separately for EV loads and non-EVs using (4.14).  
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𝐶𝑢𝑛𝑟𝑒𝑙
𝑦

=∑𝐸𝐸𝑁𝑆𝑒𝑣,𝑙,𝑦 ∗ 𝐶𝐸𝐸𝑁𝑆,𝑙,𝑦
𝐿

𝑙=1

+∑𝐸𝐸𝑁𝑆𝑏𝑙,𝑙,𝑦 ∗ 𝐶𝐸𝐸𝑁𝑆,𝑙,𝑦
𝐿

𝑙=1

 

4.14 

4.5.3 Total cost  

Thus, the total cost 𝐶𝑇 after incorporating all the cost elements described above can be 

evaluated using (4.15). The net present value is calculated after including the total fixed 

cost, the total variable cost, and the cost of unreliability after considering a discount rate of 

𝑖𝑑 for 𝑌 planning years.    

𝐶𝑇 = 𝐶𝑐𝑎𝑝
𝑡 +∑

(𝐶𝑠𝑒𝑟𝑣𝑖𝑐𝑒
𝑦

+ 𝐶𝑚𝑎𝑖𝑛𝑡
𝑦

+ 𝐶𝑢𝑛𝑟𝑒𝑙
𝑦

+ 𝐶𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛
𝑦

)

(1 + 𝑖𝑑)𝑦

𝑌

𝑦=1

 

4.15 

4.6 Overall procedure  

The procedural flowchart for the reliability and economic assessment of power 

distribution systems containing EV charging stations with DERs is illustrated in Figure 4.1 

and the step-by-step process is described as follows:  

• Step-1: Prepare input data required for various models including the charging 

station model, reliability analysis model, and economic evaluation model.  
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Figure 4.1. Procedural flowchart illustrating the overall framework 
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• Step-2: Simulate the operation of EVCSs with DERs using solar and EV models 

developed in Chapter 2 and Chapter 3 respectively for a specified duration. The 

simulation produces i) the amount of power supplied by the PV 𝑃𝑝𝑣2𝑒𝑣 or battery 

𝑃𝑏𝑠2𝑒𝑣 to charge the EVs, ii) if applicable, the excess power that was fed back to 

the utility grid 𝑃𝑝𝑣2𝑔, and iii) the amount of power required from the grid to charge 

the EVs 𝑃𝑔2𝑐𝑠 at each time step if applicable.  

• Step-3: Compute the total system demand by adding the EV charging load 

computed in the previous time step to the non-EV loads and run a power flow. If 

any bus voltage limit violations or substation transformer overloading are noticed, 

priority-based load shedding is activated to remedy the situation.  Record and 

accumulate all data needed for reliability and cost analysis.  

• Step-4: At the end of each simulation run, calculate all annual cost components and 

reliability indices using the models described in Sections 4.4 and 4.5. Calculate the 

present worth of total cost at the specified discount rate.  

• Step-5: Repeat simulations until the convergence of the MCS process. When the 

standard deviation of the total energy supplied to the loads becomes less than a 

threshold, MCS is considered converged.    

4.7 Study system description and data inputs 

The same modified IEEE 33 bus system described in Chapter 3 has been used to 

illustrate the applicability of the models and methodology presented in this chapter. The 
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area supplied by the electrical network was divided into six different geographical zones, 

and the load buses were classified into five different location types such as RA, WP, SM, 

CC and RL. These locations constitute 30 EV parking locations with charging facilities, 

some of which are equipped with DERs as marked in Figure 4.2.  The EV charging power 

level and the range of charging power levels that can be accommodated at a given location 

type are shown in Table 4.1 and Table 4.2 respectively. The details of the electrical network 

can be found in [55], [85].     
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Figure 4.2. Electrical distribution system (modified IEEE 33 bus system) with 

geographical zones and EVCS locations 
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Table 4.1 EV charging power levels 

Charging Type Charging Power Range 

(kW) 

Level-I Chargers 1.2-2 

Level-II Chargers (Low) 2.8-8.8 

Level-II Chargers (High) 8.8-19.2 

Level-III Chargers 15-46* 

*The maximum value for a Level-II charger is 96 kW [125]. However, 46 kW is chosen 

based on the maximum rated charging power of the EV model(s) 

 

Table 4.2 Range of charging power levels acceptable at different location types 

Location Type Possible Charging Power Levels Locations (Bus Numbers) 

RA Level-I/Level-II (Low) 3*, 4*, 9, 10, 12, 13*, 23, 24, 

19, 20, 21, 22 

WP Level-II (High)/ Level-II (Low)/Level-

III 

5*, 6*, 14, 15, 16*, 26, 27 

SM Level-II (High)/Level-III 11*, 17, 28*, 29, 30, 31*, 33 

CC Level-II (High)/Level-III 7*, 25*, 32* 

*Charging stations equipped with DERs 

 

The restoration time 𝑟𝑡 was considered as 30 minutes, and the capacity limits and the 

priority-based load shedding scheme used in [13] was adopted. The acceptable voltage 

limit was considered as 10%.    The input values of economic evaluation model are given 

in Table 4.3 [33], [124], [126]. A 10-year planning horizon (𝑌 = 10) was considered in 

this work for the illustration of the proposed approach. The installation of the charging 

station is assumed in the 0th year, and the charging station is assumed to be fully operational 

from the 1st year. 
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Table 4.3 Input values of the economic evaluation model 

Parameter Value Parameter Value 

𝐶𝑝𝑣 $116/module 𝐶𝐸𝐸𝑁𝑆,𝑅𝐴 $0.8/kWh 

𝐶𝑏𝑠 $140/unit 𝐶𝐸𝐸𝑁𝑆,𝑊𝑃 $1.4/kWh 

𝐶𝑐ℎ $740/unit 𝐶𝐸𝐸𝑁𝑆,𝑆𝑀 $2/kWh 

𝐶𝑚 $1482 𝐶𝐸𝐸𝑁𝑆,𝐶𝐶 $2.4/kWh 

𝐶𝑝𝑣2𝑔 $0.13/kWh 𝐶𝑒𝑐 $50/tCO2e 

𝐶𝑔2𝑐𝑠 $0.25/kWh 𝑥𝑐ℎ 5% 

𝐶𝑐𝑠2𝑒𝑣 $0.18/kWh 𝑥𝑝𝑣 10% 

𝑦𝑐𝑜2  0.499 

tCO2e/MWh 

𝑥𝑛𝑟 60% 

𝑌 10 𝑖𝑑 2.69% 

 

The value of 𝐶𝑝𝑣2𝑔 was assumed to be higher than 𝐶𝑔2𝑐𝑠 to encourage renewable 

penetration on the network.  The total energy consumed by the system was taken as the 

parameter to monitor the convergence of MCS. The simulation is considered to be 

converged if the standard deviation of annual total energy consumption is lower than 0.001 

kW after completing a minimum number of 100 MCS trials. 

4.8 Results and discussions  

This section provides the simulation results obtained using the proposed approach 

presented in Section 4.6 and the data inputs described in Section 4.7.  The first part of the 

results is devoted to verifying the simulation models and the latter part is devoted to 

highlighting the merits of the proposed planning approach. 
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4.8.1 Model validation  

For the model validation, the size of the PV and battery was selected to some reasonable 

values (𝑃𝑝𝑣−𝑟=72 kW, 𝐸𝑏𝑠−𝑟=40 kWh) for illustration purpose. These values will be 

optimized later. Figure 4.3 and Figure 4.4 illustrate the coordinated operation of the energy 

resources in a charging station equipped with DERs under the defined operating strategy 

during a randomly selected sunny day and a randomly selected cloudy day for a WP 

electrical bus.  The WP bus has most of its EV charging demand in the daytime hours 

(07:00-18:00) and this trend closely aligns with the sunshine hours as evident from Figure 

4.3. Hence, during a day with higher sunshine, most of its electrical load can be met through 

PV power production and the excess power can be stored in the battery (𝑃𝑝𝑣2𝑏𝑠) if required 

and the remaining power can be sent back to the grid (𝑃𝑝𝑣2𝑔). The power that can be fed 

to the grid at a given bus is limited by the transformer capacity and hence 𝑃𝑝𝑣2𝑔 remains 

at this maximum value when the PV power production is higher than the sum of the 

charging demand and the extra capacity sent back to the grid. It is also advantageous for 

the charging station to keep the battery SOC at maximum value when excess PV power is 

available as it could be used later to meet the charging demand when PV power is 

unavailable. This can, in turn, reduces grid dependency. The PV power production can be 

severely affected during a cloudy day as shown in Figure 4.4. Due to the lack of excess PV 

power, the battery SOC remains low towards the end of the day. Figure 4.4 also shows how 

the fluctuating PV power generation impacts the grid dependency to meet the EV charging 

demand.    
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Figure 4.3. Coordinated operation of energy resources at the charging station Bus #5 

during a sunny day 
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Figure 4.4. Coordinated operation of energy resources at the charging station Bus #5 

during a cloudy day 

Figure 4.5 shows the EV charging demand curve of various location types and the 

utilization of available energy resources to meet the changing needs of EVs for a randomly 

selected weekday and a weekend day. The distinctive charging curves for different location 

types can be recognized in Figure 4.5. RA location has most of its demand in the early 
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morning or late evening hours, and more or less remain the same for both weekdays and 

weekends. Hence, RA has met most of the EV charging demand through the battery and 

grid. WP mostly uses PV power, as the production aligns well with the daytime EV 

charging demand during the weekdays. During the weekend, SM and CC have their EV 

load surged compared to weekdays. While comparing with SM, CC has a much higher EV 

charging demand due to the presence of a fast-charging station at Bus #32. Overall, the 

support of the PV-battery combination can be used to reduce the reliance on the grid power 

for EV charging.      

 

(a) 

 

(b) 

Figure 4.5. Utilization of energy resources to meet the charging demand of various 

location types for a selected (a) weekday and (b) weekend 
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4.8.2 Reliability evaluation  

The reliability of the distribution system is evaluated considering different 

combinations of the installed PV capacity (𝑃𝑝𝑣−𝑟) and the installed battery storage capacity 

(𝐸𝑏𝑠−𝑟). This analysis anticipates revealing the changes in the system reliability and the 

corresponding total cost of the distribution system under various levels of PV-battery 

penetration. The analysis considers three size variations for both resources: termed as low, 

medium, and high for installed PV capacity and termed as no storage, medium, and high 

for installed battery storage capacity. The medium installed capacities of PV represent an 

80% increase of the low capacity whereas high capacity represents a 130% increase of the 

low capacity. The high battery storage capacities represent a 130% increase over respective 

low capacities.  The same PV and battery storage capacities are assumed for all locations 

of a given location type. These size variations can be put in place using 3  3 matrices 

accommodating all 9 possible combinations as shown in Table 4.4. These configurations 

are compared with a base case where all the EV charging demand, as well as baseload, is 

satisfied with the grid power alone.   

Table 4.4 PV and battery storage capacity combinations  

Table 4.5 and Table 4.6 show the reliability indices calculated for the base case and the 

RA WP SM CC RA WP SM CC RA WP SM CC

P
pv-r

 (kW) 30 40 50 60 30 40 50 60 30 40 50 60

E
bs-r

 (kWh) 0 0 0 0 30 40 50 60 69 92 115 138

P
pv-r

 (kW) 54 72 90 108 54 72 90 108 54 72 90 108

E
bs-r

 (kWh) 0 0 0 0 30 40 50 60 69 92 115 138

P
pv-r

 (kW) 69 92 115 138 69 92 115 138 69 92 115 138

E
bs-r

 (kWh) 0 0 0 0 30 40 50 60 69 92 115 138

No Storage Low High

Low

Med

High
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cases presented in Table 4.4. As expected, lower reliability can be observed for the base 

case due to a stressed distribution system resulted from the additional EV charging demand 

with no PV or battery storage available.  

  Table 4.5 Reliability indices calculated for the base case 

  

SAIFI 

(Interps/year/cust) 

SAIDI 

(mins/year/cust) 

EENS 

(Mwh/year/cust) 

EEVGD 

(kWh/year/EV) 

EUEVL 

(kWh/year/EV) 

BC 0.080 144.57 210.61 6433.1 18.60 

 

Table 4.6 Reliability indices calculated for the cases shown in Table 4.4 

 Ppv-r/Ebs-r No Storage Low High 

SAIFI 

(Interps/year/cust) 

Low 0.073 0.072 0.071 

Med 0.070 0.070 0.069 

High 0.070 0.069 0.068 

SAIDI  

(mins/year/cust) 

Low 
130.57 129.76 128.51 

Med 
126.48 125.14 124.10 

High 
125.17 123.73 122.21 

EENS 

(MWh/year/cust) 

Low 
156.1 151.8 146.7 

Med 
140.5 133.9 129.4 

High 
135.6 128.5 121.8 

EEVGD 

(kWh/year/EV) 

Low 
5670.3 5272.6 4899.0 

Med 
5456.7 5040.3 4670.8 

High 
5333.9 4934.4 4547.8 

EUEVL  

(kWh/year/EV) 

Low 
18.02 12.883 15.210 

Med 
18.0 15.140 12.054 

High 
17.900 16.392 12.461 
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Compared to the base case, a significant reduction in the frequency and duration of the 

interruptions (as indicated by SAIFI and SAIDI), as well as a reduction in EV grid 

dependency and unserved EV load (as indicated by EEVGD and EUEVL), can be seen 

even with low PV capacity with no energy storage (Ppv-r = low)/Ebs-r = no storage). This 

indicates the advantage of introducing PV power generation into the system. The reliability 

values further improved after deploying the battery storage along with the PV power 

generation, for example in the case of Ppv-r = low/Ebs-r = high. However, a significant 

improvement in the SAIFI/SAIDI values cannot be obtained for certain combinations such 

as Ppv-r = low/Ebs-r = low, and Ppv-r = low/Ebs-r = high. This advocates the 

ineffectiveness of having larger battery storage and smaller PV installed capacity if the 

battery storage is only charged from the excess PV power. Due to the excess PV power fed 

back from the EVCSs, the amount of annual unserved energy (EENS) has significantly 

reduced compared to the base case and this is evident from Ppv-r = low/Ebs-r = no storage 

case. The EENS values further reduced after introducing high capacity PV and battery 

storage, for example, the case of Ppv-r = high/Ebs-r = high. Additionally, EV-related 

reliability indices improved after introducing the PV and battery storage. The highest 

EEVGD and EUEVL values of 6433.1 kWh/year/EV and 18.6 kWh/year/EV are observed 

for the base case. These values have reduced to 5040.3.4 kWh/year/EV and 15.14 

kWh/year/EV for the case of Ppv-r = med/ Ebs-r = low and the same values further reduced 

to 4547.8 kWh/year/EV  and 12.46 kWh/year/EV respectively for the case of Ppv-r = high/ 

Ebs-r = high. Overall, a wide range of variation in the system and EV-related reliability 
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values concerning various PV and battery storage penetration levels can be observed from 

Table 4.5 and Table 4.6. 

Table 4.7 and Table 4.8 shows the various cost components calculated for a 10-year 

planning horizon. Among various cases, the least capital and maintenance cost is observed 

for the base case due to the absence of PV and battery storage systems. These values 

increased significantly after deploying PV and battery storage. The emission costs were 

reduced after deploying the PV and battery storage. The least emission values were 

observed for the cases of Ppv-r = high/Ebs-r = no storage and Ppv-r = high/Ebs-r = low because 

these cases result in the highest excess PV power that can be fed back to the grid. The 

service cost is negative because the cost of energy purchased from the grid is less than the 

revenue earned for feeding excess PV power back to the grid and serving the EV load. 

Among various cases, the least revenue is seen for the base case. However, the revenue 

increased significantly after deploying the PV and battery storage due to the revenue earned 

from the excess PV power fed to the grid and reduced use of grid power for EV charging. 

The lowest service cost is seen for Ppv-r= high/Ebs-r = no storage because the battery storage 

is not present in this case, and all the excess PV power is fed back to the system earning 

higher revenue. As expected, the highest cost of unreliability is observed for the base case 

because more EV and system load is curtailed in this case. 

Table 4.7 Total cost calculated for the base case 

  

Capital 

Cost, Ccap 

Maintanence 

Cost, Cmaint 

Emission 

Cost 

Cemission 

Service 

Cost, 

Cservice 

Cost of 

Unreliability 

Cunrel 

Total Cost CT 

BC 

            

256,188  

              

22,570  

        

1,358,033  - 106,476  

               

859,267  

               

2,389,582  
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Table 4.8 Total cost calculated for the cases shown in Table 4.4 

 Ppv-r/Ebs-r No Storage Low High 

Capital Cost, Ccap 

Low 603,840 681,540 782,340 

Med 881,962 959,662 1,060,462 

High 1,054,848 1,132,548 1,233,348 

Maintanence Cost, 

Cmaint 

Low 
370,222 567,636 583,756 

Med 
648,344 844,953 862,532 

High 
821,230 1,017,496 1,035,183 

Emission Cost 

Cemission 

Low 
1,291,285 1,291,389 1,292,051 

Med 
1,240,030 1,242,141 1,241,599 

High 
1,214,108 1,218,092 1,218,726 

Service Cost, Cservice 

Low 
-  694,730 -  644,240 - 607,182 

Med 
-  1,179,806 - 1,119,144 - 1,080,704 

High 
-  1,433,630 - 1,350,400 - 1,298,187 

Cost of Unreliability 

Cunrel 

Low 
649,461 611,630 595,425 

Med 
585,503 555,213 522,091 

High 
559,843 529,697 507,260 

Total Cost CT 

Low 
2,220,078 2,507,956 2,646,391 

Med 
2,176,032 2,482,825 2,605,980 

High 
2,216,398 2,547,433 2,696,331 

 

The load curtailment can be reduced after introducing the PV and battery storage. The 

least cost of unreliability is observed for the case of Ppv-r = high/Ebs-r = high. Finally, the 

least total cost was observed for the case of Ppv-r = med/Ebs-r = no storage and the highest 

total cost was observed for Ppv-r = high/Ebs-r = high. The higher costs show the increase in 

the total cost for the increase in the resource sizes. Hence, it is worth considering optimally 
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choosing the size of PV capacity and battery storage resources to minimize the total cost 

including the costs of unreliability and emissions.   

4.9 Impact of operating strategies on reliability and costs  

In this work, three EVCS operating strategies (OS) are compared in terms of their 

impact on the distribution system reliability and the cost. For the comparison study, the 

sizes of installed PV and battery storage were fixed at the values corresponding to Ppv-r = 

medium/Ebs-r = low in Table 4.4.  

• In OS -1, the EV charging demand is met through PV power generation, stored 

battery energy, and power available from the grid. However, the excess power from 

the PV power generation is not allowed to send back to the grid and the battery 

storage is charged only from the excess PV power.  

• OS-2 is similar to OS-1, but the excess PV power generation can be fed back to the 

grid. 

• OS-3 is similar to OS-2, except that the SOC of battery storage is always maintained 

above 50% at any given time period. To achieve this, unlike in OS-1 and OS-2, grid 

power is used to charge the battery when PV power is not sufficient.  OS-3 is 

expected to improve the reliability of EV charging stations and possibly reduce the 

demand for grid power during peak hours, although it is not specifically targeting 

selected time slots.  
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Table 4.9 shows the reliability indices calculated for the three operating strategies 

considered. The lowest system reliability as indicated by SAIFI, SAIDI, and EENS was 

observed for OS-1. The use of grid power for EV charging and the curtailment of EV 

charging loads as indicated by EEVGD and EUEVL was also the highest for OS-1. A 

significant decrease in SAIFI, SAIDI, and EENS (i.e. improved system reliability) can be 

seen under OS-2 where the excess PV power can be used to meet the demand of other 

loads. Both EV-related reliability indices were improved as well. Under OS-3, the EV-

related reliability indices were further improved, however contrary to the initial 

expectation, the system reliability deteriorated compared to OS-2. This is because the 

additional load excreted on the distribution grid due to battery storage charging is not 

sensitive to the total load demand of the grid, and battery storage only benefits EV charging 

loads.  

Table 4.9 Reliability indices calculated considering different operating strategies 

  

SAIFI 

(Interps/year/cust) 

SAIDI 

(mins/year/cust) 

EENS 

(Mwh/year/cust) 

EEVGD 

(kWh/year/EV) 

EUEVL 

(kWh/year/EV) 

OS-1 0.076 136.54 177.09 5037.18 15.19 

OS-2 0.069 124.89 132.82 5044.32 14.89 

OS-3 0.072 128.91 146.24 4243.15 10.74 

 

Table 4.10 compares the various cost components for the three operating strategies. 

Since the size of the PV and battery storage is assumed to be the same for all strategies, the 

capital cost remained the same. The maintenance costs are also similar, but it is slightly 

higher in OS-3 due to increased cycle life degradation. As PV power is not allowed to feed 
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the grid, OS-1 incurred higher service, emission, and unreliability costs leading to the 

highest total cost. In OS-2, excess PV power can be fed back to the grid resulting in a 

decreased emission cost and cost of unreliability while gaining significant revenue from 

selling PV power. The total cost under OS-2 reduced by 31% compared to OS-1. In OS-3, 

after implementing a PV-grid combined battery charging, a slight decrease in the revenue 

can be seen as per the service cost. This strategy also creates an additional load on the 

system which slightly increased the cost of unreliability. OS-3 results in the lowest 

emission cost due to increased utilization of battery storage. However, the overall cost for 

OS-3 is slightly higher when compared with OS-2. This analysis demonstrates the 

capability of the proposed framework to facilitate the evaluation of the impact of different 

operating strategies on the distribution system reliability, emissions, and cost.     

  Table 4.10    Total cost calculated considering different operating strategies  

Study Case OS-1 OS-2 OS-3 

Capital Cost, Ccap ($) 959,662 959,662 959,662 

Maintenance Cost, Cmaint ($) 845,398 845,107 880,849 

Emission Cost Cemission 1,330,883 1,241,262 1,223,358 

Service Cost, Cservice ($) -  226,741 - 1,118,145 - 1,108,424 

Cost of Unreliability Cunrel ($) 
710,436 560,051 594,689 

Total Cost CT ($) 
3,619,637 2,487,937 2,550,135 

4.10 Optimal resource sizing   

The results presented in Section 4.8.2 pointed to the opportunity for optimizing the 

resource capacities by finding the right trade-off between the total charging stations related 
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cost (capital cost, maintenance cost, emission cost, and service cost) and the cost of 

unreliability. In this section, this possibility is demonstrated using the Particle Swarm 

Optimization (PSO) algorithm [127] to optimize the number of PV modules in the array, 

number of battery storage units, number of charging connectors, and the level (power 

rating) of the EV chargers for each EVCS. The optimization aims to minimize the value of 

the fitness function which in this case is the total cost 𝐶𝑇 that comprises of the charging 

station related costs and the cost of unreliability.  

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐶𝑇(𝑁
𝑝𝑣,𝑏 , 𝑁𝑏𝑠,𝑏, 𝑁𝑐ℎ,𝑏 , 𝑃𝑐ℎ−𝑟𝑡,𝑏) 4.16 

The minimization is subject to constraints such as the power balance and ratings of the 

equipment. The range of values of the optimizing parameters (or the control variables) used 

in the optimization are: 𝑁𝑝𝑣 [0-250], 𝑁𝑏𝑠 [0-140], 𝑁𝑐𝑠 [0-50] and 𝑃𝑐ℎ−𝑟𝑡 [1.2-46 kW]. The 

total number of particles considered in PSO was 100. Each particle represents a possible 

solution, and its merit is evaluated using the framework presented in Section 4.6 using the 

inputs described in Section 4.7. Although demonstrated using PSO, any other nonlinear 

optimization routine can be applied. 

Table 4.11 compares the optimized resource sizes with the base case (where no PV or 

battery storage). In the base case, the total charging capacity and the number of chargers 

(𝑁𝑐𝑠) for a given location was decided considering a standard charging rate and the 

observed maximum EV charging load. This results in a fewer number of chargers and a 

higher charging capacity for most of the EVCSs in the base case. 
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Table 4.11 Optimal resources size chosen for different study cases 

    Base Case Optimization Case 

    Pch × Ncs  (kW) Ppv-r (kW) Ebs-r (kWh) Pch × Ncs  (kW) 

RA 

Bus #3 6 × 6 20 20 7 × 4 

Bus #4 6 × 7 46 35 1 × 30 

Bus #13 6 × 6 4 4 7 × 3 

WP 

Bus #5 6 × 9 120 5 10 × 4 

Bus #6 6 × 8 53 45 10 × 4 

Bus #16 6 × 10 4 4 8 × 4 

SM 

Bus #11 28 × 2 4 4 4 × 13 

Bus #28 28 × 3 10 4 6 × 7 

Bus #31 28 × 4 43 34 17 × 5 

CC 

Bus #7 28 × 4 173 138 22 × 3 

Bus #25 28 × 3 4 4 4 × 22 

Bus #32 55 × 5  248 19 15 × 17 

Total Sizes 14091 729 316 12876 

 

In the optimized solution, the charging rate of many charging stations has been reduced, 

and the number of chargers has been increased. For instance, the Level – III charger in Bus 

#32 was changed to a Level- II (high) charger after optimization. Since the charging 

capacity of the EVCSs in the base case was decided based on the maximum EV load, some 

of the charging capacity could be underutilized. After the optimization, the combined 

capacity of all EVCSs has been reduced by 8.62% compared to the base case. The results 

also show a more prudent selection of battery storage capacity. For example, the ratio of 

storage capacity to PV rating is higher for RA locations where charging mostly happens in 

the evening hours while that ratio is lower for WP locations where charging load coincides 

with the sunshine hours.  In a SM location, Bus #32 has a relatively higher EV charging 
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demand and hence the selected PV array rating and the battery capacity are higher as seen 

from Table 4.11.  

Table 4.12 compares the reliability indices for the base case and the optimized case. As 

expected, both system and EV-related reliability indices have been improved for the 

optimized case. However, these values are higher than the respective lowest values in Table 

4.6, because the optimization is a compromise between the reliability and the cost.  

Table 4.12 Reliability indices for the base case and the optimized case  

  Base Case Optimization Case 

SAIFI (Interps/year/cust) 
0.080 0.073 

SAIDI (mins/year/cust) 

144.25 130.89 

EENS (Mwh/year/cust) 
209.14 156.82 

EEVGD (kWh/year/EV) 
6413.60 5627.67 

EUEVL (kWh/year/EV) 
18.26 16.52 

 

Table 4.13 compares the costs of the optimized system with the base case. Although 

there is a significant increase in the capital and maintenance costs due to the PV and battery 

storage deployment, the increased revenue from the PV power feeding back to the grid, the 

reduced emission cost, and the reduced cost of unreliability resulted in a lower total cost 

when optimized.  There is a 20% reduction in the total cost compared to the base case. 

Also, the total cost of $1,909,723 observed in the optimized case is lower than any of the 

total cost values observed among other study cases presented in Table 4.8 and Table 4.10. 
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Table 4.13 Total cost calculated for the base case and the optimized case 

Study Case Base Case 
Optimization 

Case 

Capital Cost, Ccap ($) 
256,188 673,824 

Maintanence Cost, Cmaint ($) 
22,570 688,215 

Emission Cost Cemission 
1,358,130 970,354 

Service Cost, Cservice ($) 
- 107,624 - 975,871 

Cost of Unreliability Cunrel ($) 
865,108 553,201 

Total Cost CT ($) 2,394,372 1,909,723 

 

4.11 Concluding remarks  

In this chapter, a comprehensive methodology to perform a distribution system 

reliability and cost analysis considering DERs and EVs are presented. To emulate the 

variable EV charging load and PV power production, earlier developed stochastic models 

are used to assess a range of scenarios. A flexible approach to model an EV charging station 

with PV power and ESSs is described. The model can accommodate different operating 

strategies and facilitate reliability and economic evaluations. The proposed reliability and 

economic evaluation involve running power flow to perform network impacts evaluation. 

The proposed method also considers various cost factors including the estimation of 

emissions.  

The EVCS model, which forms the core of this work, is validated by illustrating the 

interaction between the energy resources present at a charging station under the predefined 



Distribution System Reliability Evaluation considering EVs and DERs  

 

142 

 

operating strategy. The analyses performed considering different combinations of the PV 

ratings and the ESSs capacities demonstrate the usefulness of the EVCS, economic 

evaluation, and reliability evaluation models. This reliability and economic analysis show 

that incorporating PV power production and battery storage to EVCS can improve the 

distribution system reliability and reduce emission costs. The analyses also show that 

certain combinations such as high battery storage capacity with low PV rating are 

ineffective in improving the reliability despite the higher costs.  It is demonstrated that the 

proposed framework can be easily integrated into any optimization routing to optimally 

select the PV and battery capacities as well as the configuration of EVCSs. Also, two new 

reliability indices are proposed to quantify the perceived benefits of integrating DERs for 

EV charging, and their application in power system planning is demonstrated.    



Chapter 5 

Conclusions, Contributions and Future 

Work 

5.1 Summary of the thesis and conclusions 

This thesis proposes the necessary models and methodology to perform a reliability-

centred distribution system analysis considering the role of RESs, ESSs, and EVs. The 

conclusions made from the studies presented in each chapter are presented here, 

accompanied by a summary.  

A synthetic global horizontal solar irradiance generation model usable for Monte Carlo 

simulation-based long-term energy planning studies is presented in Chapter 2. It is revealed 

that the first-order differences of solar irradiance calculated at a given hour have a 

characteristic distribution that does not tend to vary from year to year. Hence the solar 

irradiance generation model is built utilizing this characteristic distribution function. 

Furthermore, it is shown that the first-order differences of solar irradiance of a particular 

hour in a given year can be represented in terms of a trend component and a stochastic 
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component characterized using a cumulative distribution function obtained from the 

historical data. Additionally, an extended model is also presented utilizing the strong 

correlation between hourly to sub-hourly values to generate 30-mins solar irradiance values 

from hourly solar irradiance values. Based on the study results presented in Chapter 2, the 

following conclusions are drawn: 

• A strong correlation exists between the hourly solar irradiance over long persistence 

time periods. Hence, the current hour solar irradiance is highly relevant when 

generating the next hour of solar irradiance.  

• The first-order difference in solar irradiance introduced in this thesis has annual 

probability distributions that are identical and predictable. This property can be 

used as an additional measure to evaluate the ability of the synthetic solar irradiance 

data generating algorithms to preserve the original characteristics of measured data.   

• Characteristics of solar irradiance within 31 days centred around the current day are 

found to be similar. Hence a window of 31 days centred around the current day is 

appropriate to obtain the probability distributions of the first-order differences. 

• The autocorrelation and partial correlation functions of the simulated data from the 

proposed model are similar to those of the measured solar irradiance data.  

• The proposed model is able to reproduce the probability distributions of first-order 

difference in solar irradiance much better than two other models (SISIM and 

SHSRM) described in the existing literature. 
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• The hourly solar irradiance can be used to predict 30-mins solar irradiance values 

based on the strong correlation that exists between the average hourly solar 

irradiance and the 30-mins solar irradiance. 

The impact of EV penetration on the distribution system reliability is examined in 

Chapter 3. A new probabilistic approach that primarily utilizes a novel two-layer stochastic 

EV charging demand estimation model is described. The model comprises a traffic layer 

representing the spatial-temporal distributions of EVs and an electrical network layer 

describing the EVs charging demand. A DHMM is used to capture the EV movements in 

the traffic layer. EV travel patterns and charging demand are simulated using a sequential 

Monte Carlo simulation approach considering the vehicle distance traveled, the type of 

charging location and the driver class. The proposed method and models are used to 

analyze the reliability of an example system and several useful reliability indices are 

calculated to quantify the reliability impact of EV charging. In correspondence to the 

parked locations, the EV charging demand for various location types is quantified in the 

electrical network layer. The EV charging decisions are simulated, considering the charge 

levels and preferred charging locations. Based on the study results presented in Chapter 3, 

the following conclusions are reached: 

• The concept of geographical zones in the traffic network layer is capable of 

capturing the spatial distribution of EVs in a reasonable manner. By separating 

inter-zone and intra-zone EV movements, model complexity is reduced to a 

manageable level in the proposed traffic network model.  
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• The DHMM in the traffic layer is capable of emulating the time-dependent random 

travel patterns of EV drivers. The model parameters can be conveniently obtained 

from traffic survey data. 

• The electrical network layer model is proven to be efficient to perform various 

operations such as performing power flow, limit checking, reliability analysis, and 

simulation of corrective actions such as load shedding.  

• The EV energy consumption patterns simulated using the proposed model show 

clear distinctions depending on the location type, the time of the day, drivers 

charging preferences, and day type. 

• For the case study presented, a significant increase in the peak load is observed 

during the weekend mainly due to the demand from the fast-charging stations in 

commercial centers.  

• It is observed that system reliability decreases with an increase in EV penetration 

and driving distances. Also, an increase in the EVs with higher battery capacity has 

shown a negative impact on the reliability performance of distribution systems due 

to higher power consumption to satisfy battery charging needs.  

A comprehensive methodology to perform a distribution system reliability and cost 

analysis considering DERs and EVs is presented in Chapter 4. Stochastic models developed 

in Chapter 2 and Chapter 3 have been used to emulate the PV power generation and 

uncertain nature of EV charging loads. Various computational models such as the EV 

charging station model, reliability evaluation model, and economic evaluation model are 

proposed to support the reliability and economic evaluation with necessary inputs. A range 



Conclusions, Contributions, and Future Works                                              147 

147 

 

of scenarios is analyzed using the proposed approach for illustrating the applicability. 

Sensitivity analyses are also performed to illustrate the reliability and economic impact due 

to EV charging, PV power production and various operating strategies. An optimization 

algorithm is used to choose the optimal resource sizes considering the minimization of 

charging station-related cost and cost of unreliability. Based on the investigations described 

in Chapter 4, the following conclusions are made:  

• The presented comprehensive methodology was able to capture complex 

interactions among EVs, PV systems, and battery storage while performing 

distribution system reliability evaluations.  

• The reliability and economic analysis show that the incorporation of PV power 

production and battery storage to EVCS can improve the distribution system 

reliability and reduce emission costs.  

• The analyses also show that certain combinations such as high battery storage 

capacity with low PV rating are ineffective in improving the system reliability 

while resulting in higher costs.   

• The proposed framework was proven to be flexible to implement an optimization 

framework using MCS and Particle Swam Optimization to choose optimal HER 

sizes while minimizing the total cost.  

5.2 Major contributions of the research 

The main objectives of the proposed research are to develop appropriate models for 

accurate and realistic evaluation of the reliability of distribution networks considering the 
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roles of DERs, ESSs, and EVs. The major contributions made while fulfilling these 

objectives are presented in this section. The first contribution of this thesis is the 

development of a novel synthetic global horizontal irradiance generation model for 

simulating solar resources. This model is used to quantify the available power from the PV 

arrays in the overall simulation process.  The second contribution is the development of a 

two-layer stochastic EV charging demand estimation model. This model is used to simulate 

the EV travel patterns and charging demand considering the distance traveled, the type of 

charging location and the driver class. The third contribution is the incorporation of various 

computational models such as the EV charging station model, reliability evaluation model 

and economic evaluation model to perform comprehensive reliability and economic 

evaluation for distribution systems.  

The developed models and methodology can benefit end-users like power distribution 

system planners to quantify long-term distribution system reliability impact under EVs and 

DERs penetration and determine the optimal sizes of resources to meet a certain power 

distribution system reliability criterion. Designated models and methodology may also 

benefit the distribution system owners to understand the cost of maintaining system 

reliability and life cycle costs associated with new EVCSs.  

Electrification of the transportation sector is rapidly growing associated with a very 

dynamic technology transformation. With the increased penetration of different types of 

autonomous electrical transportation such as buses, delivery vehicles, and trucks, the 

adaptability of the proposed models would be questioned. Since the developed EV model 

efficiently captures vehicle movements and charging behaviour of each EV user, the 
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proposed models are sophisticated enough to accommodate any new vehicle type by 

providing necessary EV model input values pertaining to the vehicle specifications, vehicle 

travel pattern, and vehicle/user charging behaviour.  

5.3 Potential future extensions of the research  

This thesis presented models and methodologies to perform reliability and economic 

assessment of distribution systems considering EVs, DERs, and ESSs. However, there are 

many aspects to further studies. Some directions for future extensions that arise from the 

research described in this thesis are:  

1. It may also be necessary to develop methodologies to identify zones using 

geographical information systems (GIS) of both municipal traffic and utility 

network. The application of machine learning-based clustering techniques may be 

considered for this purpose. 

2. The development of an automated system to calculate the transition matrix and 

observation matrix probability values from the EV fleet monitoring system would 

be a very useful tool for the practical implementation of the proposed modelling 

concepts.    

 

3. Presently it is assumed that the distribution system components are 100% reliable. 

Some of the future work could be extended to consider a failure of power system 

components.  
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4. Future developments need to incorporate V2G technology in the proposed framework 

to understand its perceived benefits on the distribution system reliability and total cost 

reduction. 
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Appendix A: Network data of IEEE 33 bus system 

 

 

Bus 

Number

From 

Bus
To Bus R (Ohm) X (Ohm) PL (kW)

QL 

(kvar)
|V|*2

1 1 2 0.0922 0.047 100 60 0.9927

2 2 3 0.493 0.2511 90 40 0.9574

3 3 4 0.366 0.1864 120 80 0.9374

4 4 5 0.3811 0.1941 60 30 0.9176

5 5 6 0.819 0.707 60 20 0.8707

6 6 7 0.1872 0.6188 200 100 0.8641

7 7 8 0.7114 0.2351 200 100 0.855

8 8 9 1.03 0.74 60 20 0.8432

9 9 10 1.044 0.74 60 20 0.8324

10 10 11 0.1966 0.065 45 30 0.8308

11 11 12 0.3744 0.1238 60 35 0.828

12 12 13 1.468 1.155 60 35 0.8161

13 13 14 0.5416 0.7129 120 80 0.8125

14 14 15 0.591 0.526 60 10 0.8099

15 15 16 0.7463 0.545 60 20 0.8074

16 16 17 1.289 1.721 60 20 0.8037

17 17 18 0.732 0.574 90 40 0.8026

18 2 19 0.164 0.1565 90 40 0.9916

19 19 20 1.5042 1.3554 90 40 0.9845

20 20 21 0.4095 0.4784 90 40 0.9831

21 21 22 0.7089 0.9373 90 40 0.9818

22 3 23 0.4512 0.3083 90 50 0.9504

23 23 24 0.898 0.7091 420 200 0.9373

24 24 25 0.896 0.7011 420 200 0.9309

25 6 26 0.203 0.1034 60 25 0.8643

26 26 27 0.2842 0.1447 60 25 0 .8557

27 27 28 1.059 0.9337 60 20 0.8201

28 28 29 0.8042 0.7006 120 10 0.7945

29 29 30 0.5075 0.2585 200 600 0.7816

30 30 31 0.9744 0.963 150 70 0.7739

31 31 32 0.3105 0.3619 210 100 0.7723

32 32 33 0.341 0.53 60 40 0.7717
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Appendix B: Transition and Observation Matrix Probability Values 

B.1. Sample transition matrix probability values (between zones and zone to travel) for an EV 

during a weekday 

 

tp ʎS1,S1 ʎS1,SH ʎS2,S2 ʎS2,SH ʎS3,S3 ʎS3,SH ʎS4,S4 ʎS4,SH ʎS5,S5 ʎS5,SH ʎS6,S6 ʎS6,SH

1 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

2 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

3 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

4 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

5 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

6 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

7 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

8 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

9 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

10 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

11 0.2 0.8 0.2 0.8 0.02 0.98 0.02 0.98 0.02 0.98 0.2 0.8

12 0.2 0.8 0.2 0.8 0.02 0.98 0.02 0.98 0.02 0.98 0.2 0.8

13 0.1 0.9 0.1 0.9 0.02 0.98 0.02 0.98 0.02 0.98 0.1 0.9

14 0.1 0.9 0.1 0.9 0.02 0.98 0.02 0.98 0.02 0.98 0.1 0.9

15 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

16 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

17 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

18 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

19 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

20 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

21 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

22 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

23 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

24 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

25 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

26 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

27 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

28 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02 0.98 0.02 0.02 0.98

29 0.9 0.1 0.9 0.1 0.02 0.98 0.98 0.02 0.98 0.02 0.9 0.1

30 0.9 0.1 0.9 0.1 0.02 0.98 0.98 0.02 0.98 0.02 0.9 0.1

31 0.2 0.8 0.2 0.8 0.8 0.2 0.1 0.9 0.1 0.9 0.2 0.8

32 0.2 0.8 0.2 0.8 0.8 0.2 0.1 0.9 0.1 0.9 0.2 0.8

33 0.8 0.2 0.8 0.2 0.8 0.2 0.1 0.9 0.1 0.9 0.8 0.2

34 0.8 0.2 0.8 0.2 0.8 0.2 0.1 0.9 0.1 0.9 0.8 0.2

35 0.8 0.2 0.8 0.2 0.8 0.2 0.1 0.9 0.1 0.9 0.8 0.2

36 0.8 0.2 0.8 0.2 0.8 0.2 0.1 0.9 0.1 0.9 0.8 0.2

37 0.9 0.1 0.9 0.1 0.8 0.2 0.1 0.9 0.1 0.9 0.9 0.1

38 0.9 0.1 0.9 0.1 0.8 0.2 0.1 0.9 0.1 0.9 0.9 0.1

39 0.98 0.02 0.98 0.02 0.5 0.5 0.02 0.98 0.02 0.98 0.98 0.02

40 0.98 0.02 0.98 0.02 0.5 0.5 0.02 0.98 0.02 0.98 0.98 0.02

41 0.98 0.02 0.98 0.02 0.1 0.9 0.02 0.98 0.02 0.98 0.98 0.02

42 0.98 0.02 0.98 0.02 0.1 0.9 0.02 0.98 0.02 0.98 0.98 0.02

43 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

44 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

45 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

46 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

47 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

48 0.98 0.02 0.98 0.02 0.02 0.98 0.02 0.98 0.02 0.98 0.98 0.02

S1 S2 S3 S4 S5 S6
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B.2. Sample transition matrix probability values (travel to travel, travel to other zones) for an EV 

during a weekday 

 

ʎSH,S1 ʎSH,S2 ʎSH,S3 ʎSH,S4 ʎSH,S5 ʎSH,S6 ʎSH,SH

1 0.33 0.33 0 0 0 0.33 0.01

2 0.33 0.33 0 0 0 0.33 0.01

3 0.33 0.33 0 0 0 0.33 0.01

4 0.33 0.33 0 0 0 0.33 0.01

5 0.33 0.33 0 0 0 0.33 0.01

6 0.33 0.33 0 0 0 0.33 0.01

7 0.33 0.33 0 0 0 0.33 0.01

8 0.33 0.33 0 0 0 0.33 0.01

9 0.33 0.33 0 0 0 0.33 0.01

10 0.33 0.33 0 0 0 0.33 0.01

11 0 0 0 0.5 0.5 0 0

12 0 0 0 0.5 0.5 0 0

13 0 0 0 0.5 0.5 0 0

14 0 0 0 0.5 0.5 0 0

15 0 0 0 0.5 0.5 0 0

16 0 0 0 0.5 0.5 0 0

17 0 0 0 0.5 0.5 0 0

18 0 0 0 0.5 0.5 0 0

19 0 0 0 0.5 0.5 0 0

20 0 0 0 0.5 0.5 0 0

21 0 0 0 0.5 0.5 0 0

22 0 0 0 0.5 0.5 0 0

23 0 0 0 0.5 0.5 0 0

24 0 0 0 0.5 0.5 0 0

25 0 0 0 0.5 0.5 0 0

26 0 0 0 0.5 0.5 0 0

27 0 0 0 0.5 0.5 0 0

28 0 0 0 0.5 0.5 0 0

29 0.26 0.26 0.2 0 0 0.26 0.02

30 0.26 0.26 0.2 0 0 0.26 0.02

31 0.26 0.26 0.2 0 0 0.26 0.02

32 0.26 0.26 0.2 0 0 0.26 0.02

33 0.26 0.26 0.2 0 0 0.26 0.02

34 0.26 0.26 0.2 0 0 0.26 0.02

35 0.26 0.26 0.2 0 0 0.26 0.02

36 0.26 0.26 0.2 0 0 0.26 0.02

37 0.26 0.26 0.2 0 0 0.26 0.02

38 0.26 0.26 0.2 0 0 0.26 0.02

39 0.33 0.33 0 0 0 0.33 0.01

40 0.33 0.33 0 0 0 0.33 0.01

41 0.33 0.33 0 0 0 0.33 0.01

42 0.33 0.33 0 0 0 0.33 0.01

43 0.33 0.33 0 0 0 0.33 0.01

44 0.33 0.33 0 0 0 0.33 0.01

45 0.33 0.33 0 0 0 0.33 0.01

46 0.33 0.33 0 0 0 0.33 0.01

47 0.33 0.33 0 0 0 0.33 0.01

48 0.33 0.33 0 0 0 0.33 0.01

tp

ʎSH,Sn



 

RA WP CC SM RL RA WP CC SM RL RA WP CC SM RL RA WP CC SM RL RA WP CC SM RL RA WP CC SM RL

1 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

2 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

3 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

4 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

5 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

6 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

7 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

8 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

9 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

10 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.5 0 0.5 0 0.99 0 0 0.01 0

11 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

12 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

13 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

14 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

15 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

16 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

17 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

18 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

19 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

20 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

21 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

22 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

23 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

24 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

25 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

26 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

27 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

28 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

29 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

30 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

31 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

32 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

33 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

34 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

35 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

36 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

37 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

38 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

39 0.8 0 0.2 0 0 0.8 0 0.2 0 0 0 0 0.2 0.8 0 0 0.9 0 0.1 0 0 0.8 0 0.2 0 0.8 0 0 0.2 0

40 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

41 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

42 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

43 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

44 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

45 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

46 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

47 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

48 0.95 0 0.05 0 0 0.95 0 0.05 0 0 0 0 0.2 0.8 0 0 0 0 0.05 0.95 0 0.4 0 0.3 0 0.99 0 0 0.01 0

S1 S2 S3 S4 S5 S6

B.3. Sample observation matrix probability values for an EV during a weekday 

 



 

 


