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Abstract 

Environmental protection has become a global priority as people are getting 

increasingly aware of the importance of sustainable development. Replacing 

traditional internal combustion engine (ICE) vehicles with electric vehicles (EVs) 

is regarded as one effective way to reduce hazardous particulate matter and 

greenhouse gas emissions. Under the green grid paradigm, the redesigned load 

forecast, system state estimation and system planning methods proposed in this 

thesis will play an important role in monitoring, control and expansion of the 

future smart grid considering the increasing EV penetration with stochastic user 

behavior. 

The stochasticity of EV user behavior mainly lies in two aspects: EV travel 

behavior and EV charging behavior. EV can be regarded as a kind of mobile load 

and this thesis first provides a general model for simulating the daily routes with 

multiple travel purposes considering the geographical and temporal distribution 

of EVs. The EV charging demand at each location is estimated by the distance 

traveled earlier and the distance to be traveled for the next trip. This thesis strives 

to make a more practical forecast of EV charging demand with realistic model 

and data because a reasonable forecast is the cornerstone for monitoring, control 

and planning of the power systems. 

System monitoring is of great importance in providing useful information to 

regulators for fault detection and control scheme design. Compared to the 

complete data of travel surveys in various countries, there is no such credible 

statistics on EV charging preferences. As the aggregated stochastic charging 

power puts additional pressure to the peak load, the importance of having an 

accurate system state estimation (SSE) arises as the EV charging behavior can 

only be estimated in a range. In this thesis, an effective SSE based on quasi-
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Newton (QN) method and Armijo line search (ALS) is proposed to obtain a 

faster, more accurate and yet more reliable state estimation under potential 

forecast and measurement errors. The estimation accuracy and computation time 

required are compared with the widespread weighted least square (WLS) method 

and extended Kalman Filter (EKF) method. It is shown that the QN method has 

the best performance under most scenarios. 

Considering the increasing penetration of EVs, upgrading and reconstruction 

of the power system infrastructure should be planned ahead to satisfy the growth 

of load demand. One of the focuses is the construction of public charging stations 

while battery charging and battery swapping are two feasible technical options. 

This thesis proposes the distributed swapping and centralized charging (DSCC) 

battery-swap system by improving the operation and logistics among stations. 

Firstly, the traffic conditions are formulated such that the swapping stations and 

other supporting facilities can be deployed. Secondly, the real-time available 

batteries and demand of batteries are investigated with the improved (s, S) 

inventory management to guarantee adequate supply of recharged batteries. 

Finally, suitable optimization schemes are derived to attain the objectives of 

maximum battery inventory turnover or minimum impact of EV charging on 

power system. 

This thesis also proposes the planning optimization within the scope of local 

distribution systems where EVs are charged at the homes of customers rather 

than at specialized charging or swapping stations. With vehicle to grid (V2G) 

technology, the increasing integration of EVs is raising the future potentials of 

smart grid because the residual energy stored in EV batteries can be discharged 

to support grid when needed. However, the stochasticity of EV user behavior 

poses challenges to the regulators of distribution systems. How regulators decide 

upon a control strategy for V2G and how EV users respond to the strategy will 

significantly influence the variation of load profiles in the planning horizon. In 

this thesis, a comprehensive cost analysis is performed to obtain the optimal 
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planning scheme considering the variation of EV penetration, charging 

preference and customer damage cost (CDC). The economics and stability of the 

planned distribution system are assessed with real-world travel records and cost 

statistics to show the effectiveness of the optimization algorithm. 
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Chapter I 

Introduction 

1.1 Background and Incentives of Research 

1.1.1 Policies for EV Promotion 

Currently, the transport sector relies on 95% liquid fossil fuels and is respon-

sible for 25% of total greenhouse gas emissions related to energy [1]. Populariz-

ing electric vehicles (EV) can be one of the most effective ways to deal with the 

ever severe air pollution because it is zero-emission. To counter the climate 

change and air pollution, more countries are enacting laws and providing incen-

tives for promoting EV penetration that brings great challenges to monitoring, 

control and expansion of the future smart grid. In 2011, President Barack Obama 

set the goal for the United States to become the first country to achieve one mil-

lion EVs by the year of 2015 [2]. The Chinese government also initiated the "Ten 

cities, thousand vehicles" program [3] in 2009, which was designed to encourage 

public and private use of EVs through the demonstration projects in the selected 

cities. The target of the government is that the number of EVs in China shall 

grow to between 500,000 and 1 million by 2015, and gradually increase to 2 mil-

lion units by 2020 [4]. Norway is the first country where over 1% passenger cars 

on the roads are EVs. The proposed National Transport Plan [5] in Norway sets 

the goal that all new cars, buses and light commercial vehicles in 2025 should be 

zero emission vehicles while heavy-duty vans, 75% of new long-distance buses, 

and 50% of new trucks must be zero emission vehicles by 2030.  
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1.1.2 Impact of EV Penetration on Power Systems 

An average house with an EV penetration is estimated to have a 56% increase 

in annual electricity consumption [6] and preliminary studies have illustrated that 

the increasing integration of EVs with stochastic behavior and uncontrolled 

charging scheme can disturb the normal operations of the grid [7, 8]. Considering 

the distribution network, [9] introduces the impact of EV penetration on a resi-

dential area. The well-being analysis of generating systems with EV penetration 

is presented in [10, 11]. Transformer loss of life caused by extensive EV charg-

ing is investigated in [12]. Dynamic stability of transmission systems is exam-

ined in [13, 14], which illustrates that EV charging has negative damping effects. 

Therefore, improved methods of EV charging demand forecast, system state es-

timation (SSE) and power system planning are needed to pave the way for the 

future smart grid considering the increasing EV penetration with stochastic user 

behavior. The literature related to my research is listed as follows. 

1.1.3 Forecast of EV Charging Demand 

As the charging behavior is fairly stochastic, EV travelling route, the start 

time of charging, state of charge (SOC) and preferred charging duration of users 

can significantly influence the geographical and temporal energy demand. Many 

existing papers have proposed methods or assumptions concerning EV charging 

forecast, however, most of them underestimate the stochasticity of EV user be-

havior in both traveling and charging. Inflexible charging start time and charging 

frequency are assumed in [8], [14] and [15] to illustrate uncontrolled charging. In 

reality, people may resort to multiple charging cycles when necessary and the 

home charging time could be profoundly influenced by travel history during day-

time. Travel scheduling with multiple trips is investigated in [16] but the travel 

purposes are not differentiated that information from the travel survey is not fully 

exploited. Global Positioning System (GPS) recording devices are used in [17] to 

obtain the actual driving routes in the city of Winnipeg. The conditional proba-



3 

bility density functions of travel distance and home arrival time are considered in 

the stochastic model whereas the charging demand in public areas and interrela-

tionships between trips are unclear. Both [18] and [19] use similar methods to 

forecast EV charging in spatial-temporal spans with actual local travel surveys. 

The occurrence probability of each kind of travel state during the day is plotted 

every 15 minutes for analyzing the state change probability between consecutive 

intervals. However, [20] indicates that travel events can occur at a per-minute 

level and, therefore, EV states are weakly linked between long steps (like 15 

minutes) and they cannot formulate Markov transitions.  

Furthermore, most papers have overlooked the unknown factors of EV charg-

ing preferences. [16] and [21] assume all EVs being charged every time they stop, 

which may be impractical as people are free to choose to halt without charging. 

[21, 22] ignore the variation of residual SOC among different EVs but use the 

average SOC to calculate total charging demand. Besides, most studies assume 

full charging as the objective [8]-[19], [21]-[22], but users may not follow given 

urgencies or personal necessities in reality. 

1.1.4 System Monitoring and State Estimation 

States for power system operations are classified in Fig. 1.1 [23]. The normal 

state refers to the situation that all power demands in the system can be fulfilled 

by the existing generators without violating any operational constraints. A nor-

mal state is said to be “secure” if the power system can keep in normal state fac-

ing potential critical contingencies. Otherwise, the normal state is classified as 

“insecure” where the power balance is still met but the system becomes vulnera-

ble under some contingencies. When operating conditions change significantly 

and violate some of the constraints, the system is said to operate in emergency 

state while the power supply is still satisfied. In restorative state, corrective con-

trol measures should be adopted to avoid system collapse. The system may re-

store stability with reduced load or reconfigured topology.  
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Fig. 1.1: State illustration for power system operation 

The main goal of the grid operator is to maintain the power system in the 

normal secure state considering the variation of operating conditions during daily 

operation. Initially, power systems were monitored only by supervisory control 

systems which monitor and control the status of circuit breakers at the substa-

tions. Those systems were later upgraded to the Supervisory Control and Data 

Acquisition (SCADA) Systems with real-time system-wide data acquisition ca-

pabilities. However, the information acquired may not always be reliable due to 

measurement errors or communication failures and the fact that some items can-

not be directly measured.  

Historically, state estimation was first recognized and addressed in 1970s to 

filter measurement noise and detect gross errors [23, 24]. Introduction of the state 

estimation essentially improves the capabilities of the SCADA system and leads 

to the establishment of the Energy Management Systems (EMS) with online state 

estimator. The structure of system state estimation (SSE) with online security 

assessment is shown in Fig. 1.2 which combines the forecast data and measure-

ment data from remote terminal unit (RTU) to estimate the states of a given sys-

tem. The control scheme is designed based on the estimated states. 



5 

Forecast of 
base load

Forecast of EV 
charging load

SSE method+

Measurement 
from RTU

Forecasting Process

Filtering 
Process

x

x

z

State?
Contingency 

Analysis

Restorative 
Control

Emergency 
Control

Emergency

Restorative

Normal

Fig. 1.2: Structure of SSE with online security assessment 

 Recently, some methods have been proposed on solving the uncertainties 

brought by phasor measurement unit (PMU) [25, 26] or varying network parame-

ters [27] in transmission systems. However, for now, no one has provided corre-

sponding state estimation methods on systems with stochastic loads, such as EV 

charging demand, integrated at the distribution networks. Unlike the sophisticat-

ed metering infrastructure deployed in transmission networks, the measurement 

facilities in distribution grids are relatively scarce and cannot ensure high accura-

cy as well as reliable operations [28]-[30]. 

SSE with EV penetration is rarely found in the literature. By integrating EV 

charging load forecast into the forecasting process shown in Fig. 1.2, existing 

methods are expected to have defects as EV charging preference is unknown. 

Traditional weighted least square (TWLS) method proposed in [28]-[30] is sim-

ple and has acceptable accuracy, but the estimator needs to be reinitialized at 

every step and cannot predict the state for the next time step. [31] finds that an 

improved WLS using Newton method rather than Gauss-Newton method adopt-

ed by [28]-[30] is more robust but hard to apply in practical programming. Ex-
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tended Kalman filter (EKF) is a dynamic method [32]-[37] but only uses the first 

order of the system, making it inefficient when system nonlinearity cannot be 

ignored [37]. Although unscented Kalman filter (UKF) does well in tackling non-

linear systems [38]-[43], UKF along with EKF highly relies on the effectiveness 

of the state forecast formula. However, no reliable state forecast is guaranteed 

considering the aforementioned unknown factors of EV charging, making the 

estimation of EKF and UKF prone to errors.  

1.1.5 Power System Planning 

According to the dimensions of power grid, system planning is classified into 

transmission system planning and distribution system planning. Transmission 

expansion planning is illustrated in [44]-[47] with objectives including invest-

ment and operation cost minimization under security constraints. Special focus is 

placed on minimizing total congestion cost which corresponds to locational mar-

ginal price (LMP). Nodal prices of different buses are made as flat as possible to 

decrease difference among LMPs and encourage a competitive environment for 

all participants [44]-[46].  

In distribution system planning [48]-[64], LMP is not considered because line 

congestion rarely takes place in distribution systems. Constructing distributed 

generations (DGs) which provide wind and solar energy is suggested as an option 

in [48]-[58] aiming at reducing total infrastructure investment cost and system 

operation cost. However, the power from DGs is intermittent and cannot guaran-

tee timely support during busy hours. The impact of EV charging on distribution 

grids is analyzed in [58] from perspectives of an EV aggregator or grid operator, 

whereas the trade-off between different perspectives is still unknown. The opti-

mal siting and capacity of EV charging stations are investigated in [61]-[64] 

within metropolitan areas. The transportation network is considered in [61] and 

the deployment of fast charging stations is investigated for maximum traffic flow 

capture. Without transportation information, the optimal placement of charging 
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stations in [62]-[64] is designed to effectively cover the area of whole city with 

least investment cost.  

1.1.6 Swapping Station Planning Along Highways 

Besides the research of EV charging demand forecast and power system state 

estimation, the EV charging/swapping stations and the associated infrastructure 

should also be planned ahead for the sake of system stability and cost reduction. 

Generally, three kinds of modes exist for EV battery replenishment and their 

characteristics are summarized in Table 1.1. 

Table 1.1: Characteristics of different charging modes 

Mode Advantages Disadvantages 

Ordinary 

charging 

Less investment; 

Can charge at any time in the public 

parking lot and home charging post, 

and easy to use 

Time-consuming; 

Unable to meet emergency charging 

needs 

Fast 

charging 

Time-saving; 

Stable supply of electricity and easy 

to use. 

High investment in equipment; 

Fast charging affects battery life; 

Charging power is too high; 

Battery 

swapping 

Easy maintenance of the batteries and 

extended battery life; 

Battery swapping time is the shortest;

Battery leasing can lower the EV 

purchasing price. 

Connecting point between EV and 

batteries is easily worn out; 

High battery purchase cost for sta-

tions;  

Requiring unified specifications of 

the EV battery market 

Although the access to charging stations can be easy, the charging duration 

required is too long [65] and the peak charging power is hard to be controlled, 

especially for cars driving on highways during daytime. Battery swapping station 

is pretty convenient for drivers as they can substitute exhausted batteries for re-

charged batteries within only a few minutes. The infrastructure planning of 
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swapping stations is shown in [66]. The comprehensive load forecasting of 

swapping stations is proposed in [67] considering the stochastic behavior of EV 

users. Basic operation guidelines of swapping stations are provided in [62], and 

the life cycle benefit is investigated using Net Present Value (NPV) criterion be-

tween rapid-charging stations and battery swapping stations to evaluate their 

economic feasibility. The recharging of swapped batteries in each swapping sta-

tion can also be controlled according to spot pricing to minimize charging cost 

[68]. The day-ahead scheduling process of battery swapping and charging is pro-

posed in [69] which considers Grid-to-Battery (G2B), Battery-to-Grid (B2G) and 

Battery-to-Battery (B2B) modes. The detailed control strategy and its equivalent 

model are illustrated in [70] which uses swapped batteries as storage devices. 

The case study in [69] clearly shows that, under current battery purchasing cost 

(500-600 $/kWh), the B2G and B2B modes are not economical. However, when 

the cost of battery itself decreases, the B2G and B2B modes can generate much 

economic benefit. 

 Traditionally, each swapping station is independent which provides batteries 

for substitution and charges swapped batteries within the station [62], [65]-[70]. 

However, as battery purchasing cost takes the largest part in owning an EV [69], 

the requirement that battery inventory in a station should be enough to meet 

probable demand at that station may sometimes lead to wastage as the tendency 

to charge is fairly stochastic for different EVs on different roads. Therefore, the 

synergic control of multiple nearby swapping stations can be more beneficial. 

1.1.7 Distribution system planning within Residential Areas 

For residential EVs, there will usually be a long sojourn time before the 

departure of next day so that the ordinary charging mode is preferred. To 

mitigate the impact of EV penetration on power systems, peak shaving is a 

widely adopted idea and various relevant control approaches have been proposed. 

The two-stage coordination strategy considered in [71]-[73] optimizes the 
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charging power of the aggregators at the upper level and reschedules individual 

EVs accordingly at the lower level. Synergistic control of EV charging and other 

DGs are analyzed in [14], [74]-[76]. Vehicle to grid (V2G) technology can fully 

utilize the EV battery potentials that discharge during busy hours to support the 

grid and recharge at valley hours [77]-[79]. However, they seldom consider the 

willingness of EV users or their temporal availability for obeying the control 

from grid. The price lever is introduced in [79]-[81] to guide charging behaviors, 

but different user perspectives with respect to the amount of incentives are not 

considered. A cooperative game between grid regulators and customers is 

proposed in [82, 83] in which the decrement of total cost is allocated to each 

participating player. The game is based on the hypothesis that users are fully 

responsive, which may not be realistic for the V2G behavior. [84] proposes an 

innovative distribution system planning by taking customer choices on reliability 

into account. In our study with EV integration, the grid operators are responsible 

for setting up control decisions for system reliability and the customer choices on 

control acceptance should be emphasized. 

Besides the control of EV charging, some papers focus on the reinforcement 

of grid infrastructure and charging station planning for satisfying the increasing 

load demand in the whole projected horizon. Although the deployment planning 

of EV charging stations is investigated in [61]-[64] within metropolitan areas, the 

significant impact of stochastic user behavior on system planning decisions is 

underestimated. Furthermore, few works have emphasized the planning within 

the scope of local power companies where EVs are charged at the homes of cus-

tomers rather than at specialized charging stations. 

Considering stochastic V2G behavior at residential areas, probabilistic 

evaluation of a power system can recognize not only the severity of a state and 

its impact on system operation, but also the probability of its occurrence. Proper 

combination of both severity and occurrence probability creates indices that 

better represent system risk. Distribution system planning scheme is devised 
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based on the probabilistic evaluation of system risk by upgrading system 

infrastructure to acceptable levels of reliability at the lowest possible cost 

(including infrastructure investment cost, compensation cost to control 

acceptance and operation cost after system upgrade). Reliability worth 

assessment [85] incorporates the investment cost and operation cost analysis, and 

quantitative reliability assessment into an overall cost minimization procedure. 

Interruption costs are adopted in [10]-[11] and [86] to provide an indirect 

measurement of reliability worth whereas the content of interruption cost shall be 

modified in the situation with V2G application. 

1.2 Primary Contributions 

The main focus of this thesis is to develop new and practical methodologies 

for the optimization of power system planning and SSE considering increasing 

EV penetration and stochastic user behavior. The original contributions of this 

thesis can be summarized in the following aspects: 

1.2.1 EV charging demand forecast 

An accurate forecast of EV charging demand is the cornerstone to the re-

search of its impact on power system monitoring and planning. To better inter-

pret the uncertain mobility of EV charging, this thesis divides the user behavior 

into EV travel behavior and charging behavior. EV trips traveled along the day 

are categorized according to trip purposes and linked with series trip chains 

(STCs). The geographical and temporal distribution of EV travel behavior is ob-

tained while the possible range of charging demand at each location is estimated 

by the distance traveled earlier and the distance to be traveled for the next trip. 

The strengths of this thesis concerning the forecast are: First, data of the real-

world travel survey (the 2009 National Household Travel Survey [20], for exam-

ple) can be fully utilized because the inputs of the forecast are in alignment with 
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the items in the travel survey and the forecast in this thesis is conducted at a per-

minute level. Secondly, the recorded trips are carefully categorized by different 

purposes and linked by possible occurrence sequence according to the fact that 

an EV may have several trips a day and those trips are not independent. Thirdly, 

to make the forecast more realistic under the situation that no relevant surveys 

found on investigating user charging preference, the estimated charging behavior 

at each location is dependent on both the forecast travel behavior and human ar-

bitrary preference. 

1.2.2 SSE with stochastic EV user behavior 

This thesis provides an innovative idea to consider the impact of unknown 

user behaviors, which leads to spatial and temporal uncertainty of charging de-

mand forecast, on SSE with EV penetration. Considering the unpredictable fore-

cast error brought by distributed charging demand, an improved filter for SSE is 

proposed combining quasi-Newton (QN) method and Armijo line search (ALS) 

to minimize the estimation error in various scenarios without exact state forecast 

formula. The result of the numerical study shows that the proposed state estima-

tion method can handle the situation with unknown EV charging demand while 

the algorithm is much faster and more accurate compared to existing SSE meth-

ods. To the best of the authors’ knowledge, this thesis is the first work that notic-

es the unknown user charging preference and proposes new method to mitigate 

the influence on SSE. 

1.2.3 Swapping station planning on highways 

The focus of power system planning scheme is different for the situations on 

highways and distribution systems within residential areas. For the situation on 

highways with needs of fast battery energy replenishment, as battery purchasing 

cost is very high, this thesis schedules and optimizes the recycling of batteries to 

fulfill the prompt battery needs among several stations with the knowledge of 
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Logistics. Classical (s, S) model proposed in [87] requires that production stops 

at the moment that the inventory level is raised to S and production starts again 

when the inventory level is observed below s. For the planning of multiple sta-

tions located alongside different roads, the distributed swapping and centralized 

charging (DSCC) system proposed in this thesis successfully improves the (s, S) 

model to maximize the utilization of battery reserves and minimize the impact of 

aggregated charging load considering stochastic EV penetration on highways 

with synergic control. 

1.2.4 Distribution system planning with stochastic V2G behavior 

For the distribution system planning covering the residential areas, EVs are 

usually charged in the homes of customers and the research focus is different 

from that on highways.  

Considering the practical EV user behavior, this thesis proposes the pioneer 

work focusing on the influence of customer behaviors on distribution system 

planning decisions. To be specific, the major contributions of this topic lie in 

three aspects. First, the stochasticity of EV traveling/charging behavior is fully 

analyzed with probabilistic techniques. Second, the response of EV users to sys-

tem control signals is clarified with the concept of customer damage cost (CDC) 

that the amount of interruption compensation and customers’ willingness of ac-

cepting control are mutually influenced. The planning scheme is therefore de-

vised based on “degrees of customer acceptance to potential control” rather than 

the usual “yes or no” logic. Due to the stochasticity of user behavior, some stabil-

ity margin should be guaranteed and the cost of demand side management (in-

centives to customers) may be too high. Grid infrastructure reinforcement and the 

amount of compensation to users are both taken into account in the cost analysis 

of distribution system planning so that this thesis helps determine the trade-off 

between spending more money on encouraging control acceptance and investing 

more in infrastructure for the whole planning horizon. 
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1.3 Thesis Layout 

Chapter II presents the methodology of EV charging demand forecast consid-

ering stochastic user behavior. Chapter III takes cognizance of the uncertain user 

charging preference and provides an innovative SSE with quasi-Newton method 

for better system monitoring. Power system planning is proposed in Chapter IV 

and Chapter V. Chapter IV illustrates the optimal deployment of swapping sta-

tions along the highways with battery inventory management. In Chapter V, dis-

tribution system planning is investigated considering the stochastic V2G behav-

ior within residential areas. Chapter VI concludes the thesis. 

Furthermore, the overall organization of this thesis is illustrated in Fig. 1.3. 

 

EV Charging Forecast
Chapter II

Geographical and Temporal Forecast of 
EV Charging Demand

Power System Monitoring
Chapter III

System State Estimation Considering EV 
Penetration with Unknown Behavior Using 

Quasi-Newton Method

Power System Planning

Chapter IV
Inventory Management of DSCC 
System via Improved (s, S) Model

Chapter V
Distribution System Planning 

Considering Stochastic EV Penetration 
and V2G Behavior

Travel route 
modeling

Charging behavior 
modeling

For situations along highways For situations in residential areas  

Fig. 1.3: Organization of the thesis 
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Chapter II 

Geographical and Temporal Forecast of EV 
Charging Demand 

2.1 Introduction 

In modern power systems, the electricity generation and demand should al-

ways be kept in equilibrium to ensure the stability of the grid. Due to the inertia 

of generators and the fact that electricity cannot be easily stored, the forecast of 

the power demand becomes extremely important that the grid operators can 

properly set the control schemes of the generation dispatch in advance or plan the 

infrastructure upgrade for the development of the upcoming years. 

For the future smart grid with increasing EV penetration, the significance of 

charging demand forecast is promoted as user behavior is fairly stochastic. As 

summarized in Chapter I, [8] and [14]-[19] neither pay enough attention to the 

randomness of user travel preference nor compute the state transition of consecu-

tive trips inaccurately. Fixed principles regarding charging behavior are made in 

[8]-[19] and [21]-[22], but they may not be practical for a group of EV users. 

In this thesis, the analysis of EV user behavior is divided into EV travel be-

havior and EV charging behavior with more realistic consideration. The Monte 

Carlo simulation (MCS) proposed in [85] is adopted to further reduce the fore-

cast error. The rest of this chapter is organized as follows. In Section 2.2, a gen-

eral forecast model of EV traveling routes is formulated. In Section 2.3, the 

charging behavior modeling at different locations is proposed by taking the arbi-

trary user preference into account. In Section 2.4, the aggregated spatial and 

temporal charging load forecast is obtained by MCS. In Section 2.5, results of the 



17 

charging demand forecast are shown in the numerical study and compared with 

real-world statistics to demonstrate the feasibility of the forecast method. Section 

2.6 summarizes this chapter. 

2.2 Travel Route Modeling 

This section outlines a general method for simulating EV daily routes with 

multiple travel purposes. Individual trips are linked into complete daily trip 

chains to find out the interrelationships among consecutive trips. 

2.2.1 Modeling of Series Trip Chains 

A city is usually composed of several districts with different characteristics, 

like residential area ( HA ), central business district and so on. Trips are classified 

into different travel purposes, including trips transiting between districts 

1 2 H{A } {A , A ,..., A , A }n N  (for public places n=1,…,N; for residential areas 

n=H). Each district is equipped with an aggregator which connects to one bus in 

the power grid and integrates local charging facilities. An EV may perform sev-

eral trips a day, and the whole route modeling is described in Fig. 2.1. Possible 

series trip chains (STC), each composed of different permutations of {An} with 

occurrence probability 1 2 K{R } {R , R ,..., R }k  , are derived from actual trip rec-

ords to link sequential trips in series chains with temporal dependence. R k is cal-

culated to be the portion of occurrence times of the kth permutation{A }n k to the 

total number of complete routes. , 1, 2, , H,{ } { , ,..., , }n k k k N k kT T T T T
 
denotes the trip 

end time (TET) of each consecutive trip. Although the purpose of each individual 

trip is unique, arrival time distribution derived from local travel survey may re-

late to its last TET when considered in the whole trip chain. 

 

Fig. 2.1: Illustration of STC and TET 
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2.2.2 Travel Data Fitting 

Travel records derived from the local travel survey are fairly stochastic and 

vary among different travel purposes regarding TET and trip distance. It is 

necessary to find a flexible distribution form for fitting.   

Frequently used normal distribution fitting is only suitable for cases with 

symmetrical property. Weibull distribution is widely adopted [14, 88] because 

variation of the shape parameter makes it flexible for diverse situations. The PDF 

of Weibull distribution is shown in (2.1) and the results of fitting are then 

assessed by kolmogorov-Smirnov (K-S) test [89]. 
( )

1( ; , , ) ( ) , 0
x

x
f x e x


     

 





                           (2.1) 

where  ,   and   are the shape, scale and location parameters respectively, 

obtaining through maximum likelihood estimation [90]. x represents the travel 

distance or trip end time. 

2.2.3 Transition Relationships of STC 

Different from the Markov chain described in [18] and [19], the states in 

STCk represent a series of ,n kT  in each predefined chain rather than the type-of-

trip at each fixed time slot. The time unit of forecast is reduced to 1 min to locate 

the time interval of each trip more accurately. 

By linking the fitted distributions to STCk, Pearson product-moment (PPM) 

correlation coefficient [90] in (2.2) is defined to verify if there is a linear 

relationship among the TET distributions of consecutive trips. 

                            

Cov( , )

X Y

PPM
 


X Y

                                               
(2.2) 

where X and Y are the sets of ,n kT and 1,n kT  records, respectively. The operator 

Cov is the covariance while   is the standard deviation. 

Data from NHTS [20] denotes that the TETs of trips to/from work have an 

apparently concentrated distribution while distributions of other purposes are 
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relatively loose. Further investigation of PPM between consecutive trips leads to 

three important observations: 

1) There is a strong linear relationship (PPM>0.8) between TETs of two trips 

before W or the two trips after W.  

2) The TET of trip going to work and trip back from work in the same STC are 

independent of each other (PPM<0.3). 

The first two observations can be explained by the fact that the time to work 

and the off-duty time are both constrained and independent because of company 

regulations. The durations of visits to other public places prior to or after a day's 

work are generally short, so the TETs of these trips show strong linear 

dependence. 

Considered in complete STCk, if records of ,n kT have shown strong linear rela-

tionships with 1,n kT  , a function with linear coefficients 1 2,a a
 in (2.3) is used to 

forecast ,n kT when its last TET is known. 

    , , 1, 1 1, 2( )n k n k n k n kT g T a T a    
                              

(2.3) 

3) Except when the first two observations are applicable, other ensuing trips are 

closely interrelated but not in linear form (0.3<PPM<0.8). The parameters in 

their distribution functions change accordingly. 

This observation can be concluded from other trips which have no unique 

characteristics. For example, the distribution of TETs for shopping or personal 

affair trips can last through the whole business hours. Due to the arbitrary nature 

of the purposes of these trips, the linear relation between two consecutive trips is 

not that apparent, i.e., the end time of current state is no longer a firm value relat-

ed to the last state. The shape, scale and location parameters ( , , ,, ,n k n k n k   ) of 

the Weibull distribution for current TET can therefore be modified as the func-

tion of last TET, as follows: 
' ' '

, , , , 1, , 1, 1, 1,

, , 1, , 1,

( ; , , | ) ( ; ( ), ( ), ( ))

( ; , ( ) , )
n k n k n k n k n k n k n k n k n k

n k n k n k n k n k

f T T f T T T T

f T T T

     

  
   

 



 
         (2.4) 
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where the shape parameter ,n k  remains unchanged. However, because the TET 

distribution of the current trip shall be no earlier than the TET of the last trip, the 

current location parameter 
'
,n k should be equal to 1,n kT  . The current scale pa-

rameter '
,n k  should be curtailed by coefficient 1,( )n kT  , which is proportional to 

the residual period in the same day after 1,n kT  . 

2.3 Charging Behavior Modeling 

Having obtained the modeling of daily routes, EV charging behavior is esti-

mated by the expected energy consumption of the trips along the travel route. 

The arbitrary user charging preference is taken into account to make the forecast 

realistic. 

With existing data from travel surveys such as NHTS, { ,n kT } and {ln-1,n } of 

different STCs can be regarded as predictable values with known distributions. 

However, whether and for how long an EV will charge at each place n are 

arbitrary and totally depend upon the drivers’ preferences. Without relevant 

statistics, they should be counted as unknown factors that cannot be predicted 

from distribution. The range of the possible charging duration is the only 

information that can be deduced from existing data. 

The user behavior is generally different between charging at public places 

and charging at residential places. For the ith EV which starts in a fully charged 

state from HA and stops at the public places along STCk, firstly the energy 

charged at each stop should not exceed the total SOC deficit; secondly, there 

should be enough SOC for the next trip after charging. For charging at home, EV 

users would require their batteries to be fully charged before the next day’s trip 

(H can be regarded as place 0 or N+1). (2.5), (2.6) and (2.7) are therefore consti-

tuted to reflect these constraints, respectively. 
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where,  is the energy consumption per km, 
n

iE  is the energy to be charged at 

place n ( 0
n

iE  represents no need for charging) and cB  is the capacity of EV 

batteries. Charging duration 
n

iD  is calculated in (2.8) where cP  and  are 

charging power and efficiency, respectively. 

As the exact preferences of EV users are fairly arbitrary, the charging de-

mand of the customers at place n varies within the range determined by (2.5) and 

(2.6). Three possible scenarios are defined in Table 2.1 where customer charging 

preference at public places changes from “No Interest” to “Highly Prefer”. If any 

credible survey on charging preference is available in the future, the correspond-

ing distribution function can be easily included in the proposed method. 

Table 2.1: Scenarios of charging duration at public stations 
Public charging 

preference 
Definition 

No Interest ,min
i i
n nD D , for i  

Moderately 
Prefer 

i
nD ~ ,min ,max( , )i i

n nU D D , for i  

Highly Prefer ,max
i i
n nD D , for i  
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2.4 Charging Demand Forecast Using MCS 

Aggregated EV charging demand in each destination is forecast based on the 

obtained prediction of travel routes and charging preferences. The binary 

charging choice ,
i
n tu  of the ith EV is defined in (2.9); its daily charging load 

profile ,
i

n tP   is presented in (2.10). 

, ,( ) 1; 0, otherwisei i i i i
n t n n n n tu T t T D u                             (2.9) 

, ,
i i

n t c n tP P u                                                       (2.10) 

This process is repeated for all M EVs and their individual daily load profile 

is summed up as final daily load profile ,n tP   at different charging places:. 

, ,
1

M
i

n t c n t
i

P P u


                                               (2.11)  

Considering the stochastic properties of the probabilistic technique, the total 

charging loads are not deterministic and the utilization of MCS can better show 

the characteristics of a group of EV users with uncertain behavior. By 

stochastically sampling, MCS is proposed to run the above process for W times 

heuristically to mitigate the variance of the forecast. The result ,n tP  of MCS is 

obtained by (2.12) and it is only valid when (2.13) is achieved. 

, ,
1 1

1 W M
i

n t c n t
w i

P P u
W  

                                          (2.12) 

,n tW P

  


                                            (2.13) 

where   is the standard deviation of the repeated process;   is the coefficient of 

variation while   is the maximum variance allowed. It can be inferred that the 

MCS results will be credible after sufficient iteration times. 

2.5 Numerical Study 

2.5.1 Data of Travel Survey 

In this study, the transportation dataset for forecast is derived from week-

days’ urban records in NHTS (Data file named DAYPUBLL with details on a 
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per minute basis). Specifically, columns WHYFROM and WHYTO explain the 

trip purposes, namely, Home (H), Work (W), Shopping & Eating (SE), Social & 

Recreational (SR) and Other Family Errands (O), permutations of which consti-

tute the daily travel routes. The Nissan Leaf model, with battery capacity of 24 

kWh and 0.24  kWh/km, is chosen as the typical private EV used in the 

modeling. Derived from SAE J1772 [91], the individual charging power at H and 

other public places are 3.3 kW and 19.2 kW, respectively. The total number of 

EVs in the modeling is set to be M=2000. 

2.5.2 Analysis of Possible STCs 

Generally, the travel distance of each trip is determined by the geographical 

information of each destination. In this thesis, with different WHYFROM and 

WHYTO information, the Weibull distributions of travel distance with different 

travel purposes are respectively derived from the column TRPMILES.  

There is an apparent difference between end times of concentrated work-

related distribution and loose non-work related distribution because people who 

go to work should follow sort of company disciplines while entertainment and 

shopping malls are open for long business hours. Examples of each are provided 

to show their independent law of operation. For complete analysis of all possible 

STCs, the reader is referred to Appendix A for details. 

1) Work-related TET 

Most of the work-related arrival records are found concentrated within a 

short period which coincided with the usual stipulation of office hours. In 

Fig. 2.2, for example, although they first leave H to SE, the arrival records 

from SE to W peaks over a narrow time span, around 7:00 to 9:00, which 

means that morning errands like grocery shopping should be done earlier in 

order not to be late for work. The trip distribution follows 

 ( , , ) 2.61, 210.22,303.18    . With significance value equals to 5%, the 

K-S test statistic is 0.07282 which is much smaller than the cut-off value 

0.13007. The fitting is therefore accepted.   
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. 

Fig. 2.2: TET distribution of SE-W 

2) Non-work related TET 

Fig. 2.3 provides the examples of non-work related trips which exhibit 

relatively scattered distribution. As shopping malls are on business for long 

hours and there is no strict rule on arriving time, the histogram of H-SE 

therefore covers a long time span from 7:00 to 20:00 with its scale parameter 

becoming much larger. The shape parameter is changed and no longer ap-

proximates to normal distribution. The fitting is accepted at 

 ( , , ) 1.85,341.08, 413.56    . With the same significance value, the K-S 

test statistic is 0.04535 which is smaller than the cut-off value 0.04658. 

 

Fig. 2.3: TET distribution of H-SE 

The individual TET distributions are linked by STC to formulate the daily 

travel routes. Forecasts of the typical travel route examples are given to illustrate 
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the observations in Section 2.2.3. The complete PPM investigation of all possible 

trips is given in the appendix. 

1) STC Comprising Work-related Trips 

Fig. 2.4 shows the TET distribution of three consecutive trips H-W-SE-H 

for exemplifying work-related complex chains. It is obvious that TET distri-

bution of the work related trips like H-W and W-SE peaks over a narrow 

time span compared to that of the three non-work trips in Fig. 2.5, which ex-

hibits relatively scattered distribution. Although the solo SE-H distribution 

may cover a long time span, which is extremely stochastic, its trip end time 

overlaps with its last trip W-SE when considered in a complete chain. The 

PPM coefficient between W-SE and SE-H distribution is 0.81 and it is calcu-

lated from (2.3) that 
H , SE ,0.83 236k kT T   . Therefore, the end time of SE-H is 

predictable in a narrow span because of the regular off-duty time with W-SE 

trip. The PPM coefficient between the first two work commute trips is 0.25, 

showing independence. 

 

Fig. 2.4: TET distribution in the STC of H-W-SE-H 

2) STC without Work-related Trips 

The temporal distribution for non-work related H-SE-SR-H is shown in 

Fig 2.5. Apparently, it is hard to consider the daily consecutive trips sepa-

rately because their curves overlap with each other at so large a scale that the 

completion time of the last trip greatly influences the possible time range of 
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the current trip. The PPM coefficients between trips H-SE and SE-SR, SE-

SR and SR-H are 0.75 and 0.62, respectively. As a result, the stochastic dis-

tribution of each TET is delayed and narrowed down with the sampled for-

mer TET according to (2.4). 

 

Fig. 2.5: TET distribution in the STC of H-SE-SR-H 

2.5.3 Charging Load Forecast 

The charging load forecast results at W, SE and H are shown in Figs. 2.6, 2.7, 

and 2.8, respectively, with different user charging preferences at public stations. 

The loads in SR and O are omitted for clarity of the figure. It is shown from the 

figures that the peak charging loads at W and H occur around 8:00 and 19:00, 

respectively, while the charging demand at SE lasts through the whole business 

hours. The charging load curve at H is the smoothest because all EVs get charged 

at their final destination at residential areas while comparatively the least number 

of EVs park at SE during weekdays that randomness of the charging load at SE is 

the highest. When considering the scenario which highly prefers charging at pub-

lic places, the charging demand at W and SE is the highest, making the residual 

SOC upon arriving home the largest that the aggregated charging load at H be-

comes the lowest. For the scenario with no interest in charging at public places, 

EV users will only keep battery energy above the minimum SOC that can sup-

port their next trip and the charging demands at W and SE turn to be the lowest. 



27 

As a result, the residential charging load will increase significantly and poses 

larger impact on local grid, as inferred from (2.7). 
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Fig. 2.6: EV charging load at W concerning different charging preferences 
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Fig. 2.7: EV charging load at SE concerning different charging preferences 
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Fig. 2.8: EV charging load at H concerning different charging preferences 

2.5.4 Validation 

Probabilistic techniques are used in the proposed EV charging load forecast. 

To validate the feasibility of the proposed forecast method, a deterministic load 

model is formulated which includes the real travel routes of overall M EVs ran-

domly extracted from NHTS. As no credible user charging preference survey is 

found for the moment, the scenarios of charging preferences in the deterministic 

load model are assumed to be the same with the forecast and the real daily charg-

ing demand curve is compared with the forecast results shown in Figs. 2.9 and 

2.10. 

Whether the scenario of public charging preference is “No interest” or “Highly 

prefer”, the curves of forecast load and real load at H have the same trend and the 

difference is small. Especially, the results of the forecast load have indicated the 

peak power and lasting duration with accuracy (maximum forecast error is less 

than 6%). Considering the fact that the real travel records used in the determinis-

tic model are randomly selected from NHTS, this level of forecast errors is ac-

ceptable. Forecasts of the loads at other stations show similar decent performance 

so that the forecast model is proved feasible. Therefore, it is clear that the inevi-
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table errors in future forecasting will not have significant influence on the analy-

sis of power system monitoring and planning with EV penetration. 
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Fig. 2.9: Forecast result validation with scenario of “No interest” 
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Fig. 2.10: Forecast result validation with scenario of “Highly prefer” 
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2.6 Summary 

In this thesis, a more practical stochastic forecasting model has been pro-

posed with inputs of historical regional travel survey and EV charging prefer-

ences. The interrelationship between consecutive trips is linked via STCs to for-

mulate the daily travel route modeling. The charging demand at each location is 

obtained by taking the arbitrary user charging preference into account. For vali-

dation, NHTS data has been used to draw detailed temporal and spatial infor-

mation of EVs' daily travel route. For validation of the proposed forecast method, 

a real charging load profile is formulated and compares with results of the sto-

chastic model. The performance is demonstrated to be reliable and can provide 

useful information for system monitoring and planning of the future smart grid. 
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Chapter III 

System State Estimation Considering 
EV Penetration with Unknown Be-
havior Using Quasi-Newton Method 

3.1 Introduction 

Given a certain level of EV penetration, the results in [6]-[14] show 

measurable and even significant impacts on not only the distribution system but 

also the generating system and transmission grids of different scales. Therefore, 

an improved and universal method of SSE is needed to provide more useful 

monitoring data due to the growing population of EVs. 

The user charging preference is fairly arbitrary as shown in Chapter II and is 

regarded as unknown behaviors in this chapter. This thesis provides an innova-

tive idea to consider the impact of unknown user behaviors, which leads to spa-

tial and temporal uncertainty of charging demand forecast, on SSE with EV pen-

etration. As existing state estimation methods can hardly handle the unpredicta-

ble forecast error brought by distributed charging demand, an improved filter for 

SSE is proposed combining quasi-Newton (QN) method and Armijo line search 

(ALS) to minimize the estimation error in various scenarios without exact state 

forecast formula. The effectiveness of the proposed SSE method is demonstrated 

in the numerical study and compared with the performance of existing methods. 

The rest of this chapter is organized as follows. In Section 3.2, dynamics of 

forecast load is formulated based on the methodologies proposed in Chapter II. 

In Section 3.3, the strengths of QN method are illustrated and the forecast loads 

at different locations are filtered with the proposed method for more accurate es-
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timation. The basic datasets of the case study and the assessment procedures are 

given in Section 3.4. In Section 3.5, results of the estimation are assessed with 

different cases and compared with the performance of WLS and EKF methods. 

Section 3.6 summarizes this chapter. 

3.2 Dynamics of Forecast Load 

As the exact preferences of EV users are unknown, the charging duration of 

the customers at public place n is initially assumed to be uniformly distributed in 

the range of ,min ,max[ , ]i i
n nD D , which corresponds to the scenario “Moderately 

Prefer” in Chapter II, for the forecast. 

Charging load increment between consecutive time slots at place n,  EV

,n tP , can 

be derived from the above forecast and calculated by deducting the number of 

EVs stops charging from the number of EVs starts charging at each interval, as 

described in (3.1)-(3.3): 


, , , ,

,

1

( )
k

n k t n k t

M REV
i i

n t c
k i

P P f g




    
                                  

(3.1) 
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0, otherwise
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 (3.2) 
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, ,

1, 1, A {A }

0, otherwise
n k

n k t

i i
n n n ki

t T D
g

     


                       (3.3) 

where M is the total number of EVs and each EV runs only one complete route 

during the day. 
, ,n k t

if and 
, ,n k t

ig  are binary variables that reflect the ensuing starting 

and ending states of charging, respectively, of the ith EV at place n and time t 

within STCk. The operation interval of this thesis is 1 minute. If the ith EV starts 

charging at 
,n k

it T , the power load is increased at that minute. The charging lasts 

for i
nD  minutes. At the end of minute 

,n k

i i
nt T D  , the charging stops. 

For load forecast of the mb-bus system without considering EV charging, 

sophisticated methods are described in [33] and [92] which can be directly 

applied to generate the increment  base

,m tP at bus m, between time t and t-1 in (3.4). 



33 

Reactive power m, 1tQ  is changed accordingly to keep original power factor 

constant at each bus. Charging loads of districts 1 2 H{A } {A , A ,...,A ,A }n N  are 

added to the corresponding buses { }n  of the mb-bus system in (3.5).  

  
m, 1 , ,

base

t m t m tP P P                                                     (3.4)
 

  
, 1 , 1 , , { } { }

EV

n t n t n tP P P n m                                      (3.5) 

3.3 Problem Formulation 

3.3.1 State Filtering with QN Method 

The update process of EKF for state estimation is shown in (3.6)-(3.7). It can 

be inferred from (3.6) that the forecast state error covariance M  has much larger 

influence on the value of Kalman gain than the variation of measurement error 

zR . As EV charging load is integrated with unknown charging preference, the 

forecast state error covariance cannot be accurate, making the application of EKF 

method ineffective. 

Kalman gain:  1( )T T
z

     K M H H M H R                (3.6) 

Updated state estimate:     ( ( ))h   x x K z x                     (3.7) 

Compared to TWLS method which starts from phase angle 0m  and voltage 

1mV   of each bus, SSE methods use forecast states obtained from forecast 

system load with power flow analysis,
 
    

1 1, 1 , 1 1, 1 , 1[ ,..., , ,..., ]b bt t m t t m tV V     x , as 

the initial guess before state filtering. When the measurement z from the RTUs at 

different places becomes available after a delay, WLS is formulated based on a 

nonlinear minimization of the objective ( )J x : 

1 11 1
( ) [ ( )] [ ( )]

2 2
T T

z zJ     x z h x R z h x r R r                  (3.8) 

( ) z h x e                                                                 (3.9) 

where ( )h x is the power flow equations corresponding to the types of z and r is 

the estimation residual. Measurements gathered from RTUs usually come with 

stochastic errors e, where (0, )j jN e  . 2 2
1{ ,..., }z jdiag  R is the 

measurement error covariance and its reciprocal is regarded as weights in (3.8). 
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H is the Jacobian matrix of ( )h x  and the first-order optimal condition of 

( )J x  is given as follows: 

1
2

( )
'( ) 0

j

j j T
z

j

r h




    


x
J x H R r

x
                           (3.10) 

The Taylor expansion approximates the gradient function by ignoring higher 

orders: 

( ) ( ) ( )'( ) | '( ) | ''( ) | 0    x x x xJ x J x J x x                          (3.11) 

where, 
2

2 2 2
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(3.12) 

WLS adopts Gauss-Newton method which only uses gain matrix 
1

z

T G H R H  to replace the Hessian matrix ''( )J x  in (3.12) for simplicity and 

acceptable accuracy. However, when power system nonlinearity coincides with 

topology errors or sudden large load changes, WLS shows inferior performance 

[31]. 

If we use Newton method with accurate Hessian matrix, problems still exist. 

Firstly, Newton method is not globally convergent [93] and the Hessian matrix 

may not always be positive definite when forecast states with unknown factors is 

far away from the local minimizer. Secondly, Hessian matrix is hard to calculate, 

especially for large power systems.  

This thesis proposes an effective filter based on QN method which 

approximates the inverse of Hessian matrix 1( ''( ))J x by a symmetric positive 

definite matrix B and updates at each iteration. The Broyden–Fletcher–Goldfarb–

Shanno (BFGS) formula [93] is currently the most widely used QN method 

because it does better for low accuracy line searches and is globally convergent 

when conditions (3.14)-(3.15) hold. Its algorithm with ALS [94] is given below: 
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With the help of QN method, matrix B replaces 1( ''( ))J x  to formulate a new 

Newton’s step in (3.13) which avoids formidable matrix inverse of large systems 

and a possible singular ''( )J x  in case forecast is far from the optimum. Matrix B 

is proved to be always positive definite with BFGS update [93] to ensure a 

descending search direction in (3.13). Criteria (3.14) and (3.15) are called strong 

Wolfe conditions [94] guaranteeing that the step length   decreases ( )J x  and 

'( )J x  sufficiently to accelerate convergence.  

The estimated  ,m tP  and  ,m tQ  are calculated by the estimated states  tx , which 

is the minimizer of ( )J x .  ,m tP and  ,m tQ  are then regarded as the forecast  ,m tP  

and  ,m tQ
 
when entering the forecast of the next time slot in (3.4) and (3.5) to rule 

The initial point 
(1)

tx  at time t, convergence criterion   >0, 0< <1, 

0< 1c < 2c <1, iteration sequence q=1 and unit matrix (1)B  are given.  

While ( )'( )q J x  

(i)  (Newton’s Step) Determine a search direction ( )qs at the qth 

iteration: 
( ) ( ) ( )'( )q q q  s B J x                                    (3.13) 

(ii) (ALS’s Step) Find the smallest nonnegative integer u such that 

( )q u  satisfies: 
( ) ( ) ( ) ( ) ( ) ( ) ( )

1( ) ( ) ( ) '( )q q q q q q T qJ J c   x s x s J x            (3.14) 
( ) ( ) ( ) ( ) ( ) ( )

2'( ) ( ) '( )q q q T q q T qc   J x s s s J x                   (3.15) 

(iii)  Set ( 1) ( ) ( ) ( )q q q q  x x s                                                        (3.16) 

(iv) (BFGS method update) Suppose ( ) ( 1) ( )q q q d x x and 
( ) ( 1) ( )'( ) '( )q q q y J x J x , B matrix is updated: 

( ) ( ) ( ) ( ) ( )
( 1) ( )

( ) ( ) ( )

( ) ( ) ( ) ( ) ( ) ( )

( )

( ) ( )
(1 )

( ) ( )

( ) ( )

( )

q T q q q q T
q q

q T q q T q

q q T q q q q T

q T q

   




y B y d d
B B

d y d y

d y B B y d

d y

                (3.17) 

1q q                                                                            (3.18) 

End 
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out errors in the previous time slot in SSE. 

3.3.2 Summary of the Whole Estimation Process 

The complete closed-loop procedure is summarized in Fig. 3.1. The first block 

“EV Charging Forecast” is done once a day with historical travel data. At the 

beginning of each minute, the input of the loop includes forecast load increment 

and immediate measurements gathered from RTUs. Together with the 

methodology provided above, accurately estimated system states are the expected 

output.  ,m tP  and  ,m tQ  are then updated to adapt to the forecast errors of charging 

demand at that minute. 

Load Forecast with 
Unknown User 

Behaviors (3.4)-(3.5)

EV Charging 
Forecast (3.1)-(3.3)

Power Flow Analysis

Delay
Filtering:

QN Method with 
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Fig. 3.1: Structure of the proposed SSE method 

3.4 Numerical Study 

3.4.1 Data of Travel Survey 

In this study, the transportation dataset for forecast is also derived from 

weekdays’ urban records in NHTS. Other data related to the travel forecast is the 

same with Chapter II.  
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For the actual travel data, records around Sept. 9 in NHTS are used directly in 

this thesis. Unlike the uniform distribution assumed in the forecast, the real 

charging duration of the ith EV at public charging station n is determined as a 

given portion of the maximum possible range: 
, 0.8 (max( ) min( ))i real i i

n n nD D D  
                             

(3.19) 

where the details are subject to adjustment if credible user charging records are 

available in the future. 

3.4.2 Test Systems and Measurements 

The IEEE 14-bus test system [39], composed of both distribution and 

transmission networks, is used for the case study. The part of distribution 

network is shown in [95], including buses 6, 9, 10, 11, 12, 13 and 14 of the test 

system. The charging stations are connected to the distribution network (W-6, H-

9, SE-10, SR-13 and O-14). Recorded load data of New York City (NYC) on 

Sept. 9, 2014 from New York Independent System Operator (NYISO) [96] is 

depicted as the red solid line in Fig. 3.2 and used as real data to formulate 
,

,
base real
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Blue dotted lines: Forecast load variations

 

Fig. 3.2: Real and forecast base load of NYC 

The forecast base load increment is fully predictable and is simply assumed 
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to follow normal distribution with both mean and magnitude of variance equal to 
,

,
base real

m tP  as shown in (3.20).  

 , ,
, , ,( ,| |)

base
base real base real

m t m t m tP N P P                                 (3.20) 

For validation, the load at t=0 min is increased by the amount of randomly 

generated forecast increment (according to (3.20)) minute by minute until 

reaching t=1440 min to constitute the daily forecast load. The process is repeated 

for 1000 times and the daily forecast load variations are depicted as the dotted 

lines in Fig. 3.2. It is found that the dotted area in Fig. 3.2 matches the 99% 

confidence interval of the normal distribution derived from the real data. 

In order to make it compatible with EV charging load, the original load data 

from NYISO with time intervals of 5 min each are interpolated to a per-minute 

base. The practically used real states and real measurements in the per-minute 

unit are generated as below: 

1)  Determine the operation starting time of SSE. Normalize the actual load 

from NYISO at the operation starting time to the initial active and reactive 

load at each bus of the 14-bus system. The per unit value of active and 

reactive power dynamics are obtained accordingly.  

2) Determine the number of EVs that charge from the power grid. From (3.1)-

(3.3), the real charging load dynamics are obtained with travel records and 

real charging durations. The charging power is also changed to per unit 

value. 

3) The real total load dynamics is calculated by (3.4)-(3.5). Find the real system 

states 
1, , 1, ,

real real real real real[ ,..., , ,..., ]
t m t t m tb b

t V V x  of each time slot from the solution 

of power flow analysis.  

4) Calculate the accurate measurement data ( )real real
t tz h x  from the real states 

at each time slot. Add Gaussian measurement errors with zero mean and 

standard deviations v =0.004, inj =0.01 and f =0.008 [21] to all the 

accurate voltage, power injection and power flow measurements, 

respectively, to constitute the real measurements.  
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For the IEEE 30-bus test system [40], its part of distribution network is also 

shown in [95]. The one-day data in NYISO is normalized as well with active and 

reactive load at all buses. EV charging stations are located at the buses of 

distribution network (W-12, H-21, SE-15, SR-17 and O-30). Remaining 

procedures are the same as the case of 14-bus system. 

The base case containing 100 thousand EVs is investigated with full 

observability and the measurement errors listed above. Full observability to the 

IEEE 14-bus system includes measurements of voltage at bus 1 and 2, 

active/reactive power injection at 28 buses and active/reactive power flow at 40 

lines. The IEEE 30-bus system includes the same two bus voltage measurements, 

60 power injection and 82 power flow measurements. There are no bus voltage 

measurements installed at buses of the distribution networks.  

3.4.3 Performance Indicators 

The estimated states are compared with the real states for performance 

assessment. The performance indicators of this thesis include the daily average of 

the relative absolute phase and voltage errors in (3.21) and (3.22) as well as the 

summation of all state errors at each minute in (3.23).  
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The performance of different estimators, namely TWLS, SSE with Gauss-

Newton method (SSE-WLS), SSE with QN method (SSE-QN) and EKF, is 

assessed by cases with different levels of EV penetration, measurement error and 

observability. When one variable changes in each case, other variables are kept 

the same as in the base case. 
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3.5 Test Results 

3.5.1 Real and Forecast Charging Load 

As the EV charging load forecast is introduced with unknown user behaviors, 

the distribution of charging starting time and travel distance can be forecast with 

accuracy while how long an EV will be charged at each place can only be 

defined within a broad range. The stochastic distribution of EV charging load in 

the base case is shown in Fig. 3.3, where loads in SR and O are omitted for 

clarity of the figure. Compared to the real charging load, although the user 

charging behavior is unknown, the forecast load at each place successfully 

indicates its range and peak hours. The difference between real and forecast load 

at place W and H is much larger during peak hours (31.63% and 29.13% of real 

load, respectively) and it is expected to increase with the number of EVs. 

However, the difference could be smaller in practical situations as the preferred 

charging duration may have a wide-range distribution rather than a given portion 

in (3.19), provided an EV charging survey is available in the future. 
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Fig. 3.3: Charging load comparison with 100 thousand EVs 
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Fig. 3.4: Daily performance t  in the base case 
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Fig. 3.5: Daily performance t  in the case without EV 

3.5.2 Daily Variation of Estimation Error 

To examine the integrated effect of the forecast errors at different buses in 

Fig. 3.3 and the forecast errors of base load in (3.20), daily variations of t with 

time are shown in Fig. 3.4 and Fig. 3.5 for the base case and the case without 
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EVs, respectively. As the weights in (3.8) are assigned to get the overall best 

estimation of all states [23], t .can clearly tell the source of system-wise 

estimation error at each minute. 

Because TWLS method starts from 0m  and 1mV   of each bus, which is 

independent of forecast results, it is expected that the more the real 

measurements deviate from their rated values, the comparatively lager estimation 

error will be generated. In the base case, the first two peak errors occur around 

8:00 and 17:00 when the peaks of charging load at W and H coincide with heavy 

base load. The third one is during the small hours (24:00 to 6:00) when base load 

reaches the lowest, which is far below its rated value. The estimation error 

around 17:00 is largely reduced by 71.01% in the case without EV integration. 

From the EKF formula (3.6)-(3.7), forecast state error covariance plays a 

crucial role in state filtering. In the base case, the unknown charging behavior 

makes the forecast state error covariance unreliable. The estimation error of EKF 

peaks at around 8:00 a.m. when the forecast load error at W is the highest. It is 

because fewer EVs being charged at W than at H that results in more randomness 

in the forecast state error covariance. In the case without EV, the estimation error 

stays around 0.018 and relatively unchanged with time because the forecast error 

of base power load is predictable. 

In the base case, with the updating procedure of the forecast  ,m tP  and  ,m tQ , 

and the use of forecast states as the initial guess, overall the SSE-WLS has better 

performance than TWLS. But it still lacks accuracy during periods in Fig. 3.3 

when difference between real and forecast loads is large because of the Gauss-

Newton method used in filtering stage. The estimation accuracy of SSE-QN is 

comparatively unaffected by the variation of forecast error and has the overall 

best performance along the day. In the case without EVs, approximation of the 

Hessian matrix in SSE-QN cannot outperform the Gauss-Newton method used in 

SSE-WLS, because the base load is predictable and the forecast states are not far 

from the minimizer of (3.8). 
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3.5.3 Cases with Increased EV Penetration 

As EV penetration increases, its impact on power grid is expected to be 

higher and the requirement for a more accurate and fast-response SSE estimator 

becomes more serious. Figs. 3.6 and 3.7 respectively show the trends of  and 

V  in IEEE 14-bus system when EV penetration increases from 0 to 150 

thousands. The estimation error of the SSE-QN method is always the lowest 

except that its  is slightly higher than that of SSE-WLS method when there is 

no EV penetration. The errors of the other three estimators manifest an uptrend 

with the increase of EV population except that the V of EKF remains almost the 

same. Figs. 3.8 and 3.9 show the respective trends in IEEE 30-bus system. 

Comparatively, the slopes for the 30-bus system are lower. Because the scale of 

the 30-bus system is much larger so that the EV charging load takes smaller parts 

of the total load and imposes less impact on the original network. When EV 

population is no larger than 50 thousand, the forecast error of charging demand is 

too small compared to the 30-bus base power load that the estimator of SSE-

WLS is better than SSE-QN regarding  . 

A computer with Intel i5 CPU and 4G RAM was used for the case study. The 

daily average computation time required (all shown in milliseconds in Tables 3.1 

to 3.3) for state estimation of minute intervals is shown in Table 3.1. It generally 

requires more time to complete the estimation when EV population increases or 

the system scale increases. In our study, SSE-QN needs the least number of 

iterations in both systems at all levels of EV penetration to complete the daily 

estimation, indicating fastest convergence. However, the process of searching 

( )q  in the ALS’s step makes its computation time close to SSE-WLS. EKF is a 

non-iterative estimator; however, the need to prepare the forecast state error 

covariance at each interval makes it slower than SSE-QN. 
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Fig. 3.6: Estimators comparison regarding   in IEEE 14-bus system 
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Fig. 3.7: Estimators comparison regarding V  in IEEE 14-bus system 
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Fig. 3.8: Estimators comparison regarding   in IEEE 30-bus system 
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Fig. 3.9: Estimators comparison regarding V  in IEEE 30-bus system 
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Table 3.1: Daily average computation time (ms) of Section 3.5.3 

EVs 
 

TWLS SSE-WLS SSE-QN EKF 

14 
bus 

30 
bus 

14 
bus 

30 
bus 

14 
bus 

30 
bus 

14 
bus 

30 
bus 

0 145 476 16 124 17 132 560 1182 

50 151 485 18 138 17 140 583 1191 

100 152 560 22 159 20 155 561 1244 

150 160 583 29 161 24 158 568 1256 

3.5.4 Cases with Increased Measurement Errors 

Affected by aging or random faults of the meters, the distribution of 

measurement error may differ from the standard deviation in Section 3.4.2 

without any notice. This section then investigates the adaptability of these 

estimators to the measurement error variations in the distribution network, as 

given by Figs. 3.10, 3.11 and Table 3.2, where the variance of all measurement 

errors is varied among 0.5, 1,…, 2.5 times of { , , }v inj f    in the base case. 

The estimation error of EKF remains almost the same regarding both  and 

V when measurement error increases. This is because the weight of forecast 

state error covariance is much higher than measurement error in the gain matrix 

of EKF. For the performance of SSE-WLS and SSE-QN, the slopes in the 

variation of  are generally larger than that of V . The estimation error  of 

SSE-WLS increases a lot with the augmentation of measurement error level and 

exceeds that of EKF at level 2.5×. The variation for SSE-QN is much smaller, 

indicating the best adaptability of SSE-QN to the change of measurement errors. 

Different from the case of EV penetration increase which influences the real 

measurements of several selected buses, all measurements in this section change 
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in the same proportion. The estimation errors and average computation time of 

TWLS therefore do not change much. The computation time of the rest 

estimators increases with measurement error level. 
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Fig. 3.10: Performance regarding   with increased measurement errors 
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Fig. 3.11: Performance regarding V  with increased measurement errors 
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Table 3.2: Daily average computation time (ms) of Section 3.5.4 

Error level TWLS SSE-WLS SSE-QN EKF 

0.5  155 22 20 553 

1  152 22 20 561 

1.5  148 24 22 560 

2  154 25 23 565 

2.5  150 27 24 569 

3.5.5 Cases without Full Observability 

Constrained by the construction cost and possible commutation failure, the 

system state estimation may perform under weak observability of the distribution 

network. This section tests cases where measurements at buses with charging 

stations are unavailable, to emphasize the estimator performance under stochastic 

EV penetration. The results are given in Table 3.3. Case E1 operates with 

unavailable active/reactive power load measurements of W-6, H-9 in IEEE 14-

bus. All active/reactive load measurements of buses with EV penetration are 

unavailable in Case E2. 

It is shown in Table 3.3 that the estimation error of EKF still changes little 

with different degrees of observability. It is affected more by the reliability of the 

forecast procedure. For TWLS and SSE-WLS, both the estimation errors and 

average computation time increase drastically when measurements at W and H 

become unavailable, indicating their inferior performance compared to that of 

SSE-QN. In case E2, where all load measurements at W, H, SE, SR and O are 

unavailable, the matrix 1

z

T G H R H  becomes singular and TWLS fails to find 

the minimizer of ( )J x  at the first minute while SSE-WLS fails after several 

intervals when the forecast error is larger. The results show that SSE-QN is able 

to solve the problem of insufficient observability with faster and more accurate 

estimation because the matrix B in QN method is kept positive definite to 

simulate 1( ''( ))J x  so that singular ''( )J x  is avoided. 
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Table 3.3: Performance with different degrees of observability 

Case 
Base Case Case E1 Case E2 

 + V  Time 
(ms) 

 + V  Time 
(ms) 

 + V  Time 
(ms) 

TWLS 0.08164 152 0.12231 594 N/A N/A 

SSE- 
WLS 

0.01599 22 0.03456 37 N/A N/A 

SSE- 
QN 

0.00858 20 0.01474 21 0.01654 23 

EKF 0.03119 561 0.03165 563 0.03151 565 

3.5.6 Bad Data Detection 

As the effectiveness of bad data detection for Kalman filters and WLS has 

already been proved by [38], [39] and [92] in cases without EVs, this thesis 

identifies the gross errors during SSE-QN method through a set of normalized 

residuals (NRs) defined in (3.24).  

                   


,

,

,

( )tj t j

j t

jj t

z h
NR




x


                                        (3.24) 

As the forecast states in this thesis are obtained with unknown EV charging 

behaviors, the bad data detection is possible only with the reliable estimated 

states  tx , differing from the “pre-estimation” method provided in [92]. The 

reader is referred to [23] for details. 

In the base case and the case without EVs mentioned previously, the faulty 

measurements (bad data) are set up by adding gross errors to the corresponding 

real measurements at 17:00, including 0.1 p.u. to the voltage magnitude at bus 2 

as well as 0.2 p.u. to the active power injection at bus 6 and the active power 

flow of line 9-14 in the distribution network. When the process of SSE-QN 

method comes to t=1020 min, the bad data occurs and the detection results are 

shown in Table 3.4. 
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Table3.4: Performance of bad data detection 

Measurement 
NRj,1020 

Base Case Case without EVs 

Voltage magnitude of 
bus 2 (bad data) 

19.84 22.90 

Voltage magnitude of 
bus 1 (non-bad data) 

5.31 3.76 

Active power injection of 
bus 6 (bad data) 

62.79 25.65 

Active power injection of 
bus 8 (non-bad data) 

5.65 3.72 

Active power flow of 
line 9-14 (bad data) 

18.59 17.02 

Active power flow of 
line 13-14 (non-bad data) 

4.76 2.74 

It is denoted from Table 3.4 that the NRs are much higher corresponding to 

the faulty measurements. The lowest NR value of the bad data is 18.59/5.65=3.29 

and 17.02/3.76=4.53 times more than the highest NR value of the non-bad data 

for the base case and the case without EVs, respectively. The detection threshold 

is selected based on the desired level of detection sensitivity [23]. When the 

threshold is chosen to be too high (18, for example), some bad data in the power 

flow measurements cannot be detected. While the threshold is chosen to be too 

low (4, for example), some measurements of the load buses with EV penetration 

may be falsely detected as bad data. 

Simulations have shown that the bad data detection is effective with SSE-QN 

method when detection threshold is chosen to be 10. After elimination of bad 

data, state estimation and detection is repeated using the modified measurement 

set until no NRs surpassing the threshold. According to the results in Section 

3.5.5, the reduction of measurements caused by bad data elimination may impair 
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the estimation accuracy when using TWLS and SSE-WLS methods while the 

influence is largely reduced with SSE-QN method. 

3.6 Summary 

This thesis takes cognizance of EV charging uncertainties in the realm of 

SSE which finds that the average SSE error brought by EV penetration is quite 

remarkable on the whole system level. A faster, more accurate and more reliable 

state estimation with QN method is proposed to alleviate such influence. The 

feasibility of the proposed forecast method that considers unknown factors is first 

demonstrated by the superiority of SSE-WLS to TWLS. The test results have 

shown that the proposed SSE-QN constantly outperforms TWLS, SSE-WLS and 

EKF especially when EV penetration becomes larger or the measurement error 

level increases. Besides, SSE-QN also performs well when observability is 

insufficient or bad data exists. It shows great reliability in the circumstance of 

potential measurement malfunction. Applications of this SSE-QN estimator are 

needed to formulate a faster and more effective information collection and 

control scheme facing the growing penetration of EVs in the future smart grid. 
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Chapter IV 

Inventory Management of DSCC Sys-
tem via Improved (s, S) Model 

4.1 Introduction 

The increasing penetration of EVs leads to the augmentation of stochastic 

EV charging demand, as presented by the results of EV charging forecast and 

system monitoring. The adequacy of battery charging facilities can be one of the 

major obstacles to the popularization of EVs.  

Generally, battery charging and battery swapping are two feasible methods 

for refilling depleted batteries. Different from the situation of charging at home, 

the waiting time of the battery replenishment along the highways should be as 

short as possible because people may have urgent tasks at hands or easily get 

bored in the charging stations. Therefore, this thesis proposes the distributed 

swapping & centralized charging (DSCC) system along the highways to satisfy 

the demand of quick battery replenishment. As the daily traffic conditions of dif-

ferent roads are distinct, the proposed DSCC system maximizes battery inventory 

turnover rate and minimize daily total power variations of the planned stations 

with the help of an improved (s, S) inventory management model.  

The rest of this chapter is organized as follows. Section 4.2 describes the 

daily EV arrival rate of certain highway stations in relation to the nearby traffic 

conditions. The operation of swapping stations and centralized charging stations 

is put forward in Section 4.3 which regulates battery charging and dispatching 

according to the improved (s, S) inventory management. Section 4.4 investigates 

possible control schemes to minimize the needed batteries for suppliers or the 
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impact on the power grid. Simulation results are provided in Section 4.5 to verify 

the feasibility of the proposed system. Section 4.6 summarizes this chapter. 

4.2 Highway Model Formulation 

Deployment of swapping stations along a unidirectional single-lane high-

way is shown in Fig. 4.1 considering the condition of roads including the topolo-

gy of traffic network and length of each branch. The initial state-of-charge of the 

ith EV ini
iSOC  is assumed when coming by the swapping station and the distance 

between two consecutive stations is l. The path shown in Fig. 4.2 demonstrates 

the situation with multiple crossroads which is still composed of several basic 

unidirectional highways. 

Fig. 4.1:  Swapping stations along a unidirectional single-lane highway 

 

Fig. 4.2: Topology of multiple crossroads 
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EV user’s decision of whether or not charging at a specific station for re-

newing batteries usually depends upon the energy adequacy for the next trip. 

When coming by the first station, i
iniSOC  of the ith EV follows the uniform dis-

tribution shown in (4.1). As there is distance l before arriving at the next station, 

swapping shall be performed if (4.2) is fulfilled. 

                     ini
iSOC ~ min max( , )U SOC SOC                                    (4.1) 

                     ini c c%iSOC B l th B                                           (4.2) 

where cB  is the capacity of the battery,   is the energy consumption per km. 

%th is the alarming threshold that users must charge their batteries in case of po-

tential damages. It should be noted that (4.2) is one of the feasible assumptions 

within the constraints (2.5) and (2.6). 

A day’s 24 hours are divided into consecutive time slots T . The EV aver-

age flow rate   in the time slot T  is assumed to follow Poisson process [97] 

on a unidirectional single-lane highway. Therefore, the probability of observing h 

EVs coming by the swapping station in a time slot T  is demonstrated in (4.3). 

The number of EVs arriving at a swapping station   follows the binomial distri-

bution ( , r)B h  and is calculated in (4.4). Derived from (4.1) and (4.2), r  is the 

charging probability of an independent EV when coming by the station and is 

illustrated in (4.5). 
( )

( , ) (totalEV( ) )
!

h
T T

f h T P T h e
h

    
                  (4.3) 

                                        h r                                                                 (4.4) 

                      min c

max min c

( %)

( )

l SOC th B
r

SOC SOC B

    


 
                            (4.5) 

The number of EVs arriving at the station on the yth road in Fig. 4.2 is 

demonstrated in (4.6), which is the summation of influx from multiple roads.  
                                      y , ,y x y x

x

h r                                                      (4.6) 

where ,y xh  and ,y xr  are the travel flow and estimated charging probability of EVs, 

respectively, which drive from the xth road but turn to the yth road eventually. 
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4.3 Battery Inventory Management 

Inventory of usable recharged batteries is the key element in the operation of 

swapping stations. The operating principle of the DSCC system is investigated 

and the logistics plan of demand and order is drawn up based on the daily EV 

energy needs and battery charging speed. 

4.3.1 Operation of Swapping Stations 

Inventory management protects the regular and sufficient inventory level 

against the random disturbance of redundant storage or running out of goods. In 

this thesis, the battery inventory management is different from traditional logisti-

cal cases because batteries are not simply sold but are recycled between suppliers 

and users.  

Fig. 4.3 describes the roadmap of the DSCC model in which tran,nT  represents 

the one-way transport duration of the nth station. For an individual swapping sta-

tion, EVs come into the swapping station at time slot T  and all depleted batter-

ies are swapped for recharged batteries, which process can be completed within 

minutes. Derived from the (s, S) model, ns  is assumed to be the trigger point for 

inventory replenishment while nS  is assumed to be the initial inventory level of 

the nth station.  

,tran nT,1tranT

,2tranT

Fig. 4.3: Centralized battery charging & dispatching mode 
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Goods can be promptly replenished in traditional inventory management 

whereas batteries need long time to be recharged for recycling. The anticipation 

stock is considered in the improved (s, S) model because the expected battery 

demands during the transportation time tran,nT  vary greatly with Poisson process. 

In order to prevent stockout, the trigger point , nn ts  of the nth station at time nt  for 

starting inventory replenishment shall be set as (4.7) taking anticipation stock 

into account.  

                     tran,1
, ( ', )

n n

n
n t t T

T
s F p

T


 


                                   (4.7) 

where 1F   is the inverse function of Poisson cumulative distribution. 
nt T   is 

the estimation of the arrival rate during the next time slot. Guarantee level 'p  

ensures that the probability of possible battery stockout during battery transporta-

tion interval shall be less than (1 'p ). 

Over-storage increases the cost, so the number of recharged batteries deliv-

ered back from the centralized charging center is carefully determined in (4.8): 

                              , , ,n n nn t n n t n tC S DB s                                            (4.8) 

where , nn tDB  is the quantity of residual full-energy batteries in the nth station, at 

time nt .  

4.3.2 Operation of Centralized Charging Center 

One centralized charging center is assigned to charge the depleted batteries 

transported from several nearby swapping stations. S’ is assumed to be the initial 

inventory of the charging center.  

The work-in-process (WIP) represents the batteries being charged. As the 

charging load cannot be too high to impact the stability of the local power system, 

some of the depleted batteries may not be charged immediately or the charging 

power can be lowered in peak times. Different operation strategies will influence 

the end time of WIP and further the inventory preparation of S’.  

Constant power is assumed during the charging process, the charging dura-

tion i
cD  is therefore calculated as (4.9).  
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                            ini c
c

c c

(1 )i
i SOC B

D
P

 



                                           (4.9) 

where cP  is the charging power with efficiency c . 

Recharged batteries can be delivered back to swapping stations for later use. 

The recharged batteries leave the charging center at time nt  while the deplete 

batteries arrive at the charging center at time c,nT  shown in (4.10). c
iu  illustrates 

the charging state of the battery of the ith EV at a specific time span which is de-

noted as in (4.11). The real-time charging load of the centralized charging center 

tP  is obtained in (4.12) by superposition of all the power demand of M individual 

batteries.   

c, tran,n n nT t T                                                (4.10) 

                       c c, c, c

c

( ) 1

0, otherwise

i i
n n

i

u T t T D

u

    



                             (4.11) 
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i

t
i

P P u


                                              (4.12) 

4.3.3 Logistics planning 

To fulfill the requirements of inventory management, a healthy and sustaina-

ble recycling between swapping stations and charging center shall be established. 

Traditional (s, S) behavior is modeled as Markov process in [98] where the 

states are located within the interval (s, S]. This thesis proposes an improved 

Markov process to describe the discrete-time stochastic inventory variation of a 

swapping station. The transition matrix can be represented by (4.13). 
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             (4.13) 
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where   represents the possible overload or underload which is small compared 

to S. ,a bp  denotes the probability of moving from inventory level in state a to the 

level in state b after time slot T .  

The values of each ,a bp  shown in (4.14)-(4.16) represent the occurrence 

probability of each transition. 

, 0a bp   when [ , ]a s b S S      , , 1
S

a b
b S

p






 

             (4.14) 

, 0a bp   when a b , , ( , )a b tp f a b T                             (4.15) 

, 0a bp  when s a b                                                             (4.16) 

where (4.14) denotes the arrival process of recharged batteries in the swapping 

station when trigger point s is ignited while (4.15) is the process of battery swap-

ping which corresponds to the arrival of EVs and also follows Poisson distribu-

tion. As illustrated in (4.16), when the level of battery inventory is higher than 

the trigger point s, no inventory change occurs. 

4.4 Control Scheme 

For planning of this DSCC system, several essential aspects should be con-

sidered, including the cost of running the system, communication of distributed 

stations [99], charging load impact on local power systems and the battery inven-

tory turnover. Inventory preparation and recycling of batteries draw special atten-

tion because battery purchasing cost takes up a large part of the budget in the 

planning of DSCC system [62, 69]. 

A novel scheme is devised to achieve the best integrated performance of min-

imum possible impact on the established power system and maximum possible 

inventory turnover ratio. The optimization is formulated as follows: 

Objective:  

     Min  1 2

1
( )Obj D P

I
                                              (4.17) 

                        2

1

1
( ) ( )

T

t T
t

D P P
T




                                          (4.18) 
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                                                  (4.19)  

Constraint: 

                        ( ) 0nS t  , '( ) 0S t  , t                                        (4.20) 

                                c cmax0 P P                                                          (4.21) 

where 1 , 2  are weight coefficients. D(P) denotes the daily average deviation 

from the average charging power T . Inventory turnover ratio I, which is calcu-

lated as the goods sold divided by the average inventory, reflects the efficiency 

of inventory management. N is the total number of swapping stations and the re-

al-time inventory levels are represented by ( )nS t , '( )S t .  

For the consideration of this DSCC operation, charging in the centralized 

charging center cannot be postponed until midnight since the recharged and de-

pleted batteries are frequently exchanged according to the energy needs of EVs. 

Therefore, charging power adjustment during busy hours (11:00-21:00) is adopt-

ed to mitigate the variance of daily power demand. Constraint (4.21) shows the 

maximum charging power cmaxP . Genetic algorithm is used to search the optimal 

centralized charging schedule and allocation of the initial inventory to each sta-

tion. Stockout shall be avoided at all times. 

4.5 Numerical study 

In this study, the Nissan Leaf, with a lithium-ion battery of 24 kWh is chosen 

as the typical EV driving on a cloverleaf junction. The traffic can be simply re-

garded as two independent neighboring roads shown in Fig. 4.1. Because the 

loading and unloading of batteries take several minutes, the time slot T  is se-

lected to be 15 minutes to counteract the uneven periods of each swap. The 

flowrate 1 , which denotes the road for outing and 2 , which represents the road 

commuting back home are shown in Fig. 4.4(a) and Fig. 4.4(b), respectively. 
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Guarantee level 'p  is assumed to be 0.95 and the simulation process is repeated 

until meeting the criterion that the probability of stockout is under 5%. The 

threshold th% is set to be 30% as the battery SOC shall be kept no less than 30% 

for safety reasons [9] in normal conditions. Other simulation parameters are 

shown in Table 4.1. 

Table 4.1: Simulation parameters 

  0.15 minSOC 0.5 

cB  24 kWh maxSOC 0.65 

1l  50 km tran,1T  30 min 

2l  40 km tran,2T  30 min 

 

  

                                     (a)                                                             (b)  

Fig. 4.4: Daily flowrate of specific roads. (a) Road for daily outing. (b) Road to 

home 

A typical value of cP  is 8kW according to [91]. In this base case, the result-

ing parameters indicated from the DSCC system is that 2.34I  , ( ) 0.820D P  . 

The weight coefficients 1 , 2  of the grid impact and inventory turnover respec-

tively are tuned with people’s point of emphasis. By adjusting power output cP  

of the charging posts to fulfill the objective in (4.17), the improved results are 

shown in Table 4.2 while the daily variations of inventory and total charging 

power in the charging center are depicted in Fig. 4.5 and Fig. 4.6, respectively.  
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Table 4.2: Simulation results 

Emphasis Inventory Pc D(P) I Obj 

ITE 

1S  85 
6.55

kW 
0.701 2.70 0.470 2S  90 

'S  501 

PIE 

1S  86 
5.25

kW 
0.688 2.41 0.610 2S  116 

'S  535 

A higher value of inventory turnover ratio generally indicates better perfor-

mance of battery management while smaller daily power deviation reflects less 

impact on local power system. It is demonstrated that the performance is largely 

improved with controlled charging power in DSCC system concerning both in-

ventory efficiency and grid impact. 

As it is shown in Table 4.2, weight coefficients of 1 0.3  , 2 0.7   indicate 

the inventory turnover emphasized scenario (ITE) which generates a compara-

tively greater turnover ratio of 2.70. In this scenario, the initial inventory level of 

each station is controlled strictly and the charging power should be higher than 

the power impact emphasized scenario (PIE) with 1 0.7  , 2 0.3  . As depict-

ed in Fig. 4.5, the inventory preparation in ITE is lower to save battery purchase 

cost and the battery recycling is much faster because of its higher charging power 

than PIE.  

According to Fig. 4.6, no charging occurs during small hours (0:00~9:00) 

while the peak time is concentrated and lasts through the busy commuting hours. 

For comparison, the charging power demand curve of ITE is more temporally 

concentrated than that of PIE and the maximum power in ITE is slightly higher. 

Therefore, the value of D(P) is higher in the scenario of ITE which implies a 

larger impact on local power grid operation. 
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Fig. 4.5: Comparison of inventory variation in charging center 

0 2 4 6 8 10 12 14 16 18 20 22 24
0

500

1000

1500

2000

2500

Time (h)

C
h

a
rg

in
g

 p
o

w
e

r 
(k

W
)

 

 

ITE
PIE

 

Fig. 4.6: Comparison of daily charging power demand 

Although the optimization of maximizing inventory turnover and minimizing 

impact on power system seems to be contradictory with each other, the goal of 

this thesis is to obtain the best overall performance considering both sides. Under 

practical situations, the planners of swapping and charging services have to place 

more emphasis on promoting inventory turnover ratio to gain more profit while 

power system planners should focus more on tackling the potential power de-
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mand increase before constructing new battery charging/swapping stations. Both 

sides collaborate to obtain the best planning schemes. 

4.6 Summary 

This thesis proposes a comprehensive planning of DSCC system which runs 

with high recycling efficiency, less initial investment and lower grid impact. The 

EV batteries are treated as special goods, inventory of which is managed to re-

duce the possibility of stockout or over-storage to the minimum. The numerical 

results have shown that although the daily arrival rates of different swapping sta-

tions are fairly different, the DSCC system can properly control the charging 

power and distribute the planned battery inventory intelligently among different 

stations to achieve the optimal inventory turnover and least impact on the exist-

ing grid. 
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Chapter V 

Distribution System Planning Consid-
ering Stochastic EV Penetration and 
V2G Behavior 

5.1 Introduction 

For EVs plugging in home garages, there is much longer spare time for 

charging batteries to full compared to the short sojourn time at public charging 

stations. Therefore, V2G technology can fully utilize EV battery potentials that 

discharge during busy hours to support the grid and recharge to full at valley 

hours. However, the stochasticity of EV user behaviors poses challenges to the 

regulators of distribution systems. How regulators decide upon a control strategy 

for V2G and how EV users respond to the strategy will significantly influence 

the variation of load profiles in the planning horizon. The distribution system 

planning scheme in this thesis is devised based on the probabilistic evaluation of 

system risk by upgrading system infrastructure to acceptable levels of reliability 

at the lowest possible cost (including infrastructure investment cost, 

compensation cost to control acceptance and operation cost after system upgrade). 

The trade-off between encouraging more control acceptance and investing more 

in infrastructure is determined by taking the variation in EV penetration, charg-

ing preference, and customer damage cost (CDC) into account. 

The rest of this chapter is organized as follows. In Section 5.2, a general 

model for forecasting residential EV charging demand is formulated. In Section 

5.3, modeling of the V2G profile is proposed considering EV user behavior and 

the corresponding system control signal. A comprehensive planning cost analysis 
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is given in Section 5.4 that takes customer compensation cost into account. The 

planning optimization procedure is provided in Section 5.5 and its effectiveness 

is assessed by a numerical study in Section 5.6. Section 5.7 summarizes this 

chapter. 

5.2 Modeling of EV Charging Demand 

This section outlines a general probabilistic technique for forecasting daily 

EV charging demand. As EV user behavior is stochastic, gathering the forecast 

information is crucial to regulators. 

i
NS2

iS1
iSH

iS

c,1
iT c,2 2 c,1( )i iT g T

c, c, 1( )i i
N N NT g T  c,H H c,( )i i

NT g T

 

Fig. 5.1: Illustration of travel route modeling 

5.2.1 Travel Route Modeling 

Daily trips that start and end at residential areas (H) are classified into 

different travel purposes, including trips transiting between districts 

1 2 H{A } {A , A ,..., A , A }n N . Each district is equipped with an aggregator that 

connects to one bus in the distribution network and integrates local 

charging/discharging facilities. An EV may perform several trips a day, and the 

series trip chain is described in Fig. 5.1. By using the data from local travel 

surveys, the output of travel route modeling includes the forecast for each trip 

end time in the trip chain c, c,1 c,2 c, c,H{ } { , ,..., , }i i i i i
n NT T T T T  and each travel distance 

{ln,n+1}. For details of the travel route modeling, the reader is referred to Chapter 

1. If the average urban driving speed is v, the trip start time at place n can be 

estimated as: 

, 1
c, 1

i
n ni i

n n

l
S T

v


                                               (5.1) 
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5.2.2 Charging Behavior Modeling 

For the ith EV, which starts in a fully charged state from HA and travels along 

the series trip chain, constraints exist for the amount of energy charged at public 

places. First, the energy charged at each stop should not exceed the total state of 

charge (SOC) deficit; second, there should be enough SOC for the next trip after 

charging. For a day’s final destination at H, EV users would fully charge their 

batteries before the start of the next day’s trip. Equations (5.2), (5.3) and (5.4) are 

constituted to reflect these respective constraints (H can be regarded as place 0 or 

N+1): 

1 H,1

2 H,1 1,2 1

1

-1,
1 1

( )

i i

i i i i

N N
i i i
N n n n

n n

E l

E l l E

E l E








 

  


   


   

 

                                                 (5.2) 

1 H,1 1,2 c

2 H,1 1,2 2,3 1 c

1

-1, c
1 1

max{0, ( ) }

max{0, ( ) }

max{0, }

i i i

i i i i i

H N
i i i
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                      (5.3) 

H

H -1,
1 1

N
i i i

n n n
n n

E l E
 

   
                                                 

 (5.4) 

where  is the energy consumption per km, i
nE  is the energy to be charged at 

place n, and cB  is the capacity of EV batteries. As the charging preference at 

public places is stochastic, as reflected in (5.2) and (5.3), three possible scenarios 

are defined in Table 5.1. 

Table 5.1: Scenarios of charging demand at public stations 

Public charging 
preference 

Definition 

No ,min
i i
n nE E , for i  

Moderate ,min ,max( , )i i i
n n nE U E E , for i  

High ,max
i i
n nE E , for i  
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In this chapter, only the residential charging demand i
HE  is considered in the 

distribution system (the charging place parameter n is therefore omitted in the 

following analysis) but it will be greatly influenced by the stochastic charging 

behavior at public places as shown in (5.4). The charging duration H
iD  at home is 

calculated in (5.5) : 

 

H
H

c c

i
i E

D
P




                                                   (5.5) 

where cP  and c are charging power and efficiency, respectively. 

5.3 Modeling of V2G Profile 

This section describes the prerequisites for performing V2G, namely, the ful-

fillment of individual CDC, temporal feasibility for discharging, and enough time 

for recharging after V2G. 

5.3.1 Amount of Compensation to Customers 

For EV customers, accepting V2G control may raise privacy concerns, influ-

ence convenience, and affect EV battery life. In fact, the flexible pricing pro-

posed in [79]-[81] may not naturally make all customers charge during the low-

tariff period because their attitude towards the revenue gained by accepting con-

trol is fairly arbitrary. A comprehensive customer survey is conducted in [85] to 

quantify user behavior by investigating customer’s willingness to pay to avoid a 

power interruption and the willingness to accept compensation for having had 

one. The amount of CDC obtained from the survey directly portrays the unit in-

terruption compensation ($/kWh) claimed by individual customers. 

In this thesis, CDC can be regarded as the extra amount of compensation 

claimed by EV customers for obeying V2G control in addition to the revenue 

gained from flexible pricing. The average CDC for residential EV customers is 

represented by c . Combining the survey results in [85] and the modeling in 

[84], CDC of the ith customer is represented as i  which follows the normal 

distribution shown in (5.6):  
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( , )i
c cN                                                (5.6) 

Before undertaking system planning for future years, the grid operator should 

have carefully investigated the habits of local EV customers. The parameters 

c and c are assumed to be known to the grid operator and the best 

compensation ratio   at the  th year is determined based on the information. 

Therefore, only those users fulfilling (5.7) potentially consider accepting V2G 

control. 
i

c                                                       (5.7) 

5.3.2 Energy Amount for Discharging 

Fig. 5.2 shows the timeline of V2G control for the ith EV. Tgc and Dgc are the 

grid control start time and the lasting period, respectively. The original charging 

arrangement c
iT  and c

iD  vary among different users but V2G is temporally 

feasible only if the trip end time c
iT  is satisfied according to:  

c gc gc
iT T D                                                    (5.8) 

For those EVs under control, p
ie , the part of original charging arrangement 

falling within the period [Tgc , Tgc+Dgc] should be postponed. The residual battery 

energy at time Tgc is calculated using (5.9) and the energy discharged back during 

[Tgc , Tgc+Dgc] is determined in (5.10): 

residual c H c
i ie B E e                                                  (5.9) 

d
b residual gc gc c gc

d

min( , ( max( , )))i iP
e e T D T T


   

           
(5.10) 

where c
ie  is the energy already charged at H before Tgc ( c 0ie   if c gc

iT T ). Pd 

and d  are discharging power and efficiency, respectively. 

gcT gc gcT D

c H
i iT D

*t

r
iT r r

i iT D
iS

c
iT

p
iec

ie

b
ie

b p
i ie e

dP

cP

 

Fig. 5.2: Timeline and energy flow of V2G control 
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5.3.3 Recharging Demand after V2G 

One of the premises for V2G control is that the normal activity of EVs ought 

not to be affected. Therefore, EVs should be recharged to fulfill the original 

charging demand after the V2G control period. The time needed for recharging is 

calculated using : 

b p
r

c c

i i
i e e

D
P





                                              (5.11) 

Experiments suggest that recharging immediately after the termination of 

control will create another power demand peak ensuing time Tgc+Dgc. Unlike 

other existing works, this thesis puts forward the concept of reference recharging 

time t*. Considering the urgency of and fairness to each EV customer, the 

recharging start time for the ith EV based on t* is given by:  
* * *

r 1 r 2 c( ) ( )i i i iT t h S t D h t T                               (5.12) 

where h1 associates with urgency, in that EVs with less spare time before the 

start of next trip are assigned earlier charging, and h2 associates with fairness, i.e., 

the regulators assign relatively earlier recharging start times to EVs plugging in 

earlier. 

The following constraint (5.13) guarantees that recharging will complete 

before the start of next trip: 

r r
i i iT D S                                                (5.13) 

5.3.4 Aggregated Charging and Discharging Profile 

The aggregated charging/discharging power c,EV
tP  and d,EV

tP  are obtained via 

the process presented in Fig. 5.3 by superposition of the individual 

charging/discharging power of all EVs performed at each time of the day. Fig. 

5.3 shows that the aggregated load profile is greatly influenced by EV behavior 

and system control scheme defined by (5.7), (5.8) and (5.13). 
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Fig. 5.3: Flowchart for power aggregation 

5.4 Cost Analysis for Distribution System Planning 

Due to the stochasticity of user behavior, some stability margin should be 

guaranteed and the incentives claimed by customers may be too high. Therefore, 

the cost analysis in this thesis simultaneously ponders the mutually influenced 

parts, including operation cost, V2G compensation cost and infrastructure 

investment cost, and obtains the trade-offs among them. According to the 

variation of base load demand and number of EVs integrated each year, the local 
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regulator can control the overall V2G profile by adjusting the compensation ratio 

  to satisfy system stability requirements and total cost reduction. 

The total cost of the Y-year distribution system planning is given as follows: 

Objective:        min oper cc invf f f f                                                          (5.14) 

2COannual da NL
, ,

1

( ( ) )
t t

Y
oper s loss

t t t
t t

f d P P 


  
  

                                 (5.15)  
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                                                             (5.16) 
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where 

,cap ,max
l

xy xyP P  ,         lxy                                              (5.18) 

,cap ,max
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x xP P  ,            sx                                             (5.19) 
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                            (5.22) 

min , maxx tU U U                                                                                  (5.23) 

The objective function (5.14) aims to minimize the overall operation, 

customer compensation, and investment costs across the planning horizon. The 

operation cost in (5.15) is composed of the electricity purchase cost from the 

wholesale market and the network line loss cost. annuald  is the number of days in 

one year. da
t , 2CO , and NL represent the day-ahead electricity price at time t, 

the fixed carbon tax rate, and unit line loss rate, respectively. s
,tP  and ,

loss
tP  denote 

the total power demand at the substation and the total system line loss power, 

respectively. The total cost of customer compensation is calculated in (5.16) 

where q represents the number of total EV users fulfilling all the prerequisites  

(5.7), (5.8) and (5.13) at year   with compensation ratio  . 
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In (5.17), the equivalent total infrastructure investment cost for the planning 

horizon is presented. The adequate capacities of feeders ,cap
l

xyP  and substation 

,cap
s

xP
 
are appropriately planned by satisfying the maximum power flow at line xy 

(5.18) and maximum power demand of the substation located at node x (5.19) 

over the Y-year planning horizon. EL , ES  and CL , CS  are the engineering, 

procurement and construction (EPC) fixed cost and capital cost, respectively for 

constructing feeders and substations. LL and LS calculated from (5.20) 

transform the construction cost of feeders and substations into annuities which 

are related to the interest rate and their respective lifespans LL and LS . 

The AC power flow equality constraints are depicted in (5.21) and (5.22). 
c,EV
,x tP , d,EV

,x tP , and base
,x tP  are the charging, discharging, and base power load, re-

spectively, at node x time t. The nodal voltage constraint is given in (5.23). 

5.5 Planning Optimization Procedure 

For a given system with annual load growth rate a and EV penetration 

growth rate b, the total cost of distribution system planning depends on the power 

load profile each year, the compensation paid to customers for improving the 

load profile, and the infrastructure investment required to satisfy the maximum 

load demand over the planning horizon. As the EV charging demand and V2G 

profile are really stochastic, the MCS [85] is adopted for error reduction and reli-

ability evaluation. To be consistent with the methodologies proposed in Chapter 

1, the same EV travel behavior forecast (Section 5.2.1) is carried out whereas the 

general charging behaviors before arriving home (5.2) and (5.3) are assumed to 

be known to the local grid operator. The optimization procedure for the Y-year 

system planning is summarized as follows: 

Step 1)  Input distribution system topology, EV travel statistics, charging be-

havior at public stations (5.2)-(5.3), and CDC distribution (5.7). 
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Step 2)  Generate the chromosomes with control variables Tgc, Dgc, i*, and 

 for each planning year. 

Step 3)  Obtain c
iT , c

iD , iS  and i  for all EVs penetrating the system at year   

by using the probabilistic technique proposed in Sections 5.2 and 5.3.1. 

Step 4)  Obtain the V2G profile for year   with (5.6)-(5.13) corresponding to 

the control variables. 

Step 5)  Repeat Steps 2-4 for all Y years over the planning horizon. It should be 

noted that the base load and the number of EVs penetrating the system 

increase with each successive year. 

Step 6)  Calculate the total planning cost from (5.14)-(5.23). 

Step 7)  Repeat Steps 3-6 with the MCS method and obtain the expected total 

planning cost corresponding to the chromosomes. 

Step 8)  Perform selection, crossover and mutation to generate chromosomes of 

the next generation. 

Step 9)  Repeat Steps 2-8 until maximum generation is reached or no im-

provement found for several generations to obtain the optimal planning 

scheme with the least cost. 

Step 10)  Perform a stability evaluation for the obtained planning scheme with 

indices including the minimum nodal voltage Vmin and expected en-

ergy not supplied (EENS) [52, 78, and 85] for the planning horizon. 

5.6 Numerical Study 

5.6.1 Test System and Basic Data 

To assess the effectiveness of the proposed planning optimization algorithm, 

the 32-bus radial distribution system shown in Fig. 5.4 [100] is chosen because, 

as stated by M. E. Baran, “The system is not well-compensated and lossy”. For a 

planning horizon of 5 years (Y=5), the obsolete feeders and the substation at Bus-

0 shall be completely replaced to satisfy load growth and increasing EV 
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penetration. This distribution system is designed to supply power to residential 

customers. The residential EVs cover the nodes of 5 to 17 and 25 to 32, and are 

distributed among the nodes based on the proportions of base power load at those 

nodes. For the analysis of EENS for all nodes with EV penetration, the failure 

rate of the feeder at line 4-5 is assumed to be 0.065 faults/year [52] and the repair 

time is 1 hour. 

 

Fig. 5.4: 32-bus distribution test system 

Daily variation of the residential base load is collected from the Residential 

Energy Consumption Survey [101] and the variation of day-ahead electricity 

price is obtained from PJM data [102]. The EV travel behavior is derived from 

the NHTS [20]. The data for infrastructure investment costs EL , ES , CL  and 

CS  are derived from [53]. As the EPC fixed costs EL  and ES  are much 

higher than the capital costs CL  and CS , the capacity of feeders and 

substations should be sufficient for the entire 5-year development and therefore 

reconstruction is avoided. The standard deviation of CDC is in fixed relation to 

the mean value ( c=0.5c  ). Other parameters are listed in Table 5.2.  

Table 5.2: System planning parameters 

Symbol Value Symbol Value 

a 0.05 b 0.1 

LL 15 years [48] LS  15 years [48] 

2CO  $0.0092/kWh [48] 
NL  $0.036/kWh [48] 

minU  0.95 [48] maxU  1.05 [48] 

cP  3.3 kW [7] dP  3.3 kW [7] 

  0.24 kWh/km [7] cB  24 kWh [7] 
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In the base case, the initial number of EVs penetrating the grid in the first 

year is 1000. Charging at public places is moderately preferred and the mean 

value of CDC c =0.02 . The efficiency of the planning optimization is assessed 

based on cases with different initial EV penetration, user charging preference, 

and CDC distribution. For each case, only one variable changes with the others 

kept the same as in the base case. 

5.6.2 Planning with Different Initial EV Penetration 

When the initial number of penetrating EVs increases, both the charging 

demand and the potential energy for V2G grow accordingly. The planning 

comparison is shown in Table 5.3 with the initial EV penetration changing from 

0 to 500 to 1000. The annual growth rates of the base load and EV penetration 

are given in Table 5.2 and remain the same for all cases. 

Table 5.3 demonstrates that the system operation cost increases with the 

augmentation of EV penetration because the total daily power demand increases 

with the number of penetrating EVs regardless of V2G scheduling. Both the 

infrastructure investment cost and the minimum nodal voltage with V2G control 

are significantly improved by the proposed planning optimization compared to 

the case without EVs because the annual peak load demand is largely reduced.  

Table 5.3: Planning with different initial EVs 

Initial 

EVs 

operf  

($×106) 

ccf  

($×105) 

invf  

($×106) 

f 

($×106) 

Vmin 

(p.u.) 

0 5.073 0 1.037 6.110 0.9428 

500 5.186 1.096 1.021 6.316 0.9614 

1000 5.381 1.531 1.026 6.559 0.9555 

The comparison of system-wide daily power demand profiles in the fifth year 

is shown in Fig. 5.5 as an example to demonstrate the effectiveness of the pro-

posed optimal planning. Considering the growth of base load and EV penetration 

during the planning horizon, the blue dotted line denotes the trend of base load 
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power derived from [28]. Corresponding to the result in Table 5.3, its peak load 

is so high that more investment in feeders and substations is required. For the 

two cases with EV penetration, their V2G control intervals are both constrained 

from 18:00 to 22:00, which greatly improves the peak load profiles with accepta-

ble compensation paid to users. The load profiles from 17:00 to 22:00 follow a 

zig-zag trend because the compensation ratio   is kept the same during the 

whole control period. For example, raising   at 20:00 will be unfair to those 

starting V2G earlier and will discourage them from accepting V2G at an earlier 

hour. Furthermore, the recharging arrangement proposed in Section III.C works 

efficiently and makes the recharging demand of all controlled EVs well-

distributed within the low-tariff period (from 24:00 to 7:00). 
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Fig. 5.5 Load comparison with respect to initial EV penetration 

5.6.3 Planning with Different Charging Preference 

The charging preference in public places can be stochastic, as shown in (5.2) 

and (5.3). The relationship between public charging preference and residential 

charging demand is demonstrated in (5.4). A planning comparison of the three 

charging preference scenarios specified in Table 5.1 is shown in Table 5.4. 

Although the residential charging demands of the three cases are fairly 
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different, the planning optimization proposed efficiently raises the minimum 

voltage to meet the system stability requirement (5.23). The case of no interest in 

public charging means that EV users will only keep the battery energy above the 

minimum SOC that can support their next trip. As a result, the residential 

charging demand will increase significantly, as inferred from (5.4), making the 

operation cost and infrastructure investment of this case higher compared to the 

other two cases.  

Table 5.4: Planning with different charging preference 

Public charging 

preference 

operf  

($×106) 

ccf  

($×105)

invf  

($×106)

f 

($×106) 

Vmin 

(p.u.) 

No 5.667 1.820 1.028 6.876 0.9515 

Moderate 5.381 1.531 1.026 6.559 0.9555 

High 5.168 1.500 1.018 6.337 0.9590 
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Fig. 5.6 Load comparison with respect to charging preference 

For the daily load comparison of the fifth year shown in Fig. 5.6, the pro-

posed planning optimization successfully lowers the peak load to an acceptable 

level and makes the recharging demand well-distributed in the low-tariff periods 

regardless of the charging preference. For the case with no interest in public 
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charging, the residential charging demand is so high that the V2G control starts 

earlier, i.e., 17:00 instead of 18:00. As a result, the power load at 17:00 is signifi-

cantly reduced compared to the peak loads of the other two cases at that time. 

With respect to the cases with moderate and high preference for public charging, 

variation trends in the load profile with V2G control are largely the same. 

5.6.4 Planning with Different CDC Distributions 

In this section, the optimal planning scheme varies with different CDC 

distributions. The planning comparison in Table 5.5 is made among the cases of 

full cooperation between grid operator and EV customers ( c =0 ), c =0.01  to 

0.03, and the case of no cooperation whatsoever ( c =  , equivalent to the case 

without V2G).  

Table 5.5: Planning with different CDC distributions 

c  
operf  

($×106) 

ccf  

($×105) 

invf  

($×106) 

f 

($×106) 

Vmin 

(p.u.) 

EENS 

(kWh) 

0 5.130 0 1.025 6.155 0.9562 55.817 

0.01 5.233 1.795 1.025 6.438 0.9559 55.673 

0.02 5.381 1.531 1.026 6.559 0.9555 55.619 

0.03 5.467 1.217 1.027 6.616 0.9551 55.643 

  5.673 0 1.054 6.727 0.9230 55.819 

Based on Table 5.5, the operation cost decreases with the reduction of c  due 

to the fact that when less CDC is claimed by EV customers, a relatively larger 

compensation ratio   can be applied to attract more control acceptance. The 

electricity purchase cost and network line loss cost will simultaneously decrease 

owing to the control that more power can be discharged back in busy hours and 

recharged at valley periods. The fact that many more customers will be attracted 

to accept V2G control when c  is lower also makes the total compensation cost 

ccf  increases from $1.217 105 to $1.795 105 when c  decreases from 0.03 to 

0.01. 
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For the case with no cooperation, no EV users will obey the control signals 

but charge upon arrival at home instead. The operation cost and investment cost 

are both the highest among all cases because of the coincidence of base peak load 

and EV charging peak load. Moreover, the minimum nodal voltage will drop to 

as low as 0.9230, which contravenes constraint (5.23). EENS also increases 

considerably compared to the cases with c =0.01  to 0.03. Thus, a complete lack 

of cooperation between grid operator and EV customers will not only increase 

the total planning cost but also make system unstable.  

The total planning cost is the lowest for the case with full cooperation. Note 

that this scenario conforms to the hypothesis proposed in [82, 83], in that users 

are fully responsive and the cost decrement will be allocated to users. Here, the 

planning cost reduction is considered without variation of electricity purchase 

cost (as CDC is claimed in addition to the revenue from flexible pricing). Chang-

ing from the case with c =   to that with c =0 , the planning cost reduction is 

$2.126 104 with a total of 2.007 107 kWh discharged over the entire planning 

horizon. It is calculated that only $0.0016/kWh can be allocated to users accept-

ing V2G control. This amount of compensation is so small compared to the resi-

dential electricity price that only the revenue from flexible pricing cannot guar-

antee the “full responsiveness” of all users. Furthermore, excess discharging will 

create another recharging peak during the original valley hours so that the EENS 

is higher than for the cases with c =0.01  to 0.03. 

5.7 Summary 

This thesis puts forward an innovative idea that takes cognizance of 

stochastic user behavior in the realm of distribution system planning. The 

variation of user behavior involves different levels of EV penetration, charging 

preference, and CDC distributions. On the one hand, the increase of stochastic 

charging demand will put extra pressure on system operation and boost 
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infrastructure investment. On the other hand, if properly controlled, the 

discharging potential of EV batteries can support the distribution grid during 

busy hours to mitigate the pressure, with customer compensation cost increased 

accordingly. 

With comprehensive analysis of EV user behavior, a planning optimization 

algorithm is proposed by obtaining the trade-off among system operation cost, 

customer compensation cost, and investment cost. Numerical study is conducted 

with real-world statistics on improving an obsolete 32-bus distribution system 

considering 5-year development. The results show that the proposed algorithm 

effectively resolves the optimal planning for cases with different user behaviors. 

Integrating the analysis of user behavior into the planning of the future smart grid 

is of great importance to fully exploit potential available energy. 
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Chapter VI 

Conclusions and Future Work 

6.1 Summary 

The contemporary environmental deterioration impels most of countries 

across the world to implement energy saving and emission reduction policies for 

greener economy. The popularization of EVs is receiving ever more policy sup-

port while new issues have since been raised as the EV user behavior is fairly 

stochastic. With real-world travel survey and power system statistics, investigat-

ing the stochasticity of EV user behavior and making corresponding improve-

ments in the monitoring and planning of future smart grid become the central 

themes of this thesis.  

In Chapter II, a more practical EV forecasting model has been proposed with 

inputs of historical regional travel survey. By comparing to a real charging load 

profile, performance of the proposed forecast method is demonstrated to be accu-

rate and reliable. The numerical study also shows that distinct user charging 

preferences at different locations significantly influence the forecast results of 

EV charging demand.  

A faster, more accurate and more reliable state estimation with QN method is 

proposed in Chapter III to alleviate the SSE error brought by stochastic EV pene-

tration. By comparing to the performance with existing TWLS, SSE-WLS, EKF 

and UKF methods, the innovative SSE-QN method shows better accuracy with 

increasing EV penetration and greater reliability in the circumstance of potential 

measurement malfunction. 
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Chapter IV proposes a comprehensive scheme of DSCC system which runs 

with high recycling efficiency, less initial investment and lower possible grid im-

pact. The numerical study shows that the proposed DSCC system does well in 

the planning of stations along the highways and the possibility of battery stock-

out or over-storage is reduced to the minimum. 

For system planning within residential areas, Chapter V puts forward an in-

novative idea that takes cognizance of the influence of EV user behavior on dis-

tribution system planning decisions. Numerical study is conducted with real-

world economic statistics and successfully determines the optimal planning 

schemes with least cost for cases with different user behaviors. 

6.2 Future Work 

This thesis has laid a substantial foundation for practical EV charging load 

forecast, power system monitoring and planning considering EV penetration. To 

extend application of the methods proposed in this thesis, following research di-

rections may be worthy of further studying in the future: 

6.2.1 Operation Strategies for Supercapacitor/Battery Hybrid Vehicle 

In general, battery has much higher specific energy with low specific power 

so that the driving comfort of current EVs is inferior to that of ICE vehicles, es-

pecially when going uphill. Hybridizing battery EVs with onboard supercapaci-

tors can be one of the promising solutions as supercapacitors can provide high 

bursts of power even when EV battery capabilities have decreased, maintaining 

the accelerative performance. Supercapacitors can also protect batteries from 

high peak currents and benefit from regenerative braking. 

This thesis is focused on the forecast of EV travel behavior and EV energy 

consumption along the daily travel route. In the future research, the city transpor-

tation network and real-time traffic conditions are considered to formulate the 
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detailed drive speed forecast of EVs including information of acceleration and 

braking.  

The power electronics architecture of the battery/supercapacitor hybrid sys-

tem is shown in Fig. 6.1 [103]. It can be seen that the supercapacitor can provide 

voltage regulation for the reliability of the circuit and burst power to the opera-

tion of EV. Having obtained the detailed drive speed forecast within the city lay-

out, the optimal efficiency of operation of the EV battery/supercapacitor hybrid 

system can be achieved with control variables: regenerative braking profiles, use 

of air conditioning, capacities of batteries and supercapacitor. 

 

Fig. 6.1: Architecture of the battery/supercapacitor hybrid system 

6.2.2 Optimal Measurement Placement Considering Mobility of EVs 

As real measurement is relatively scarce in distribution grids, meter place-

ment optimization for the purpose of improving estimation quality should be in-

vestigated for the future smart grid considering the geographical distribution of 

stochastic EV charging load and measurement errors. This research of measure-

ment placement should address the minimization of estimation errors and im-

provement of grid observability with respect to the assessment process proposed 

in Chapter III. 

6.2.3 Metropolitan Charging Station Planning with Big Data 

This thesis manipulates existing data with traditional data processing applica-

tions. The concept of “Big data” arises in the realm of power system planning 

because of the increasing need to tackle massive data for improving forecast ac-
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curacy. The big data used for metropolitan charging station planning may include 

information from Google Map (for transportation network topology and traffic 

flow), weather forecast (associated with the energy consumption of air condition-

ing) and more detailed records of EV travel and charging behavior.  
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Appendices 

A. Detailed Analytical Results of All Possible STCs 

 

Fig. A.1: TET distribution of H-W-SE-H 

 

 

Fig. A.2: TET distribution of H-W-SR-H 

 

Table A.1: Calculated PPM of 

H-W-SE-H 

trip12 trip23 trip13

0.25 0.81 0.29 

TET with liner relationship: 

X(T3)=0.83*X(T2)+236 

Table A.2: Calculated PPM of 

H-W-SR-H 

trip12 trip23 trip13

-0.09 0.08 -0.50 
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Fig. A.3: TET distribution of H-W-O-H 

 

 

Fig. A.4: TET distribution of H-SE-W-H 

 

 

Fig. A.5: TET distribution of H-O-W-H 

 

Table A.3: Calculated PPM 

of H-W-O-H 

trip12 trip23 trip13 

-0.06 0.81 -0.01 

TET with liner relationship: 

X(T3)=0.81*X(T2)+271 

Table A.4: Calculated PPM 

of H-SE-W-H 

trip12 trip23 trip13 

0.88 0.14 0.18 

TET with liner relationship: 

X(T2)=0.89*X(T1)+81 

Table A.5: Calculated PPM 

of H-O-W-H 

trip12 trip23 trip13 

0.80 0.01 -0.01 

TET with liner relationship: 

X(T2)=0.96*X(T1)+69 
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Fig. A.6: TET distribution of H-SE-SR-H 

 

 

Fig. A.7: TET distribution of H-SE-O-H 

 

 

Fig. A.8: TET distribution of H-SR-SE-H 

 

Table A.6: Calculated PPM 

of H-SE-SR-H 

trip12 trip23 trip13 

0.75 0.62 0.47 

 

Table A.7: Calculated PPM 

of H-SE-O-H 

trip12 trip23 trip13 

0.76 0.67 0.61 

Table A.8: Calculated PPM 

of H-SR-SE-H 

trip12 trip23 trip13 

0.71 0.91 0.67 

TET with liner relationship: 

X(T3)=0.96*X(T2)+110 
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Fig. A.9: TET distribution of H-O-SR-H 

 

 

Fig. A.10: TET distribution of H-O-SE-H 

 

 

 

 

 

 

 

 

 

 

 

 

Table A.9: Calculated PPM 

of H-O-SR-H 

trip12 trip23 trip13 

0.31 0.72 0.17 

Table A.10: Calculated PPM 

of H-O-SE-H 

trip12 trip23 trip13 

0.37 0.70 0.40 
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B. Data of IEEE 14-Bus Test Power System 

Note: If not specified, all data in per unit are calculated on the basis of power 

rating of 100MVA. 

 

Fig. B.1: Single-line diagram of IEEE 14-bus test system 

 

Table B.1: Bus configuration of IEEE 14-bus system 

Bus# Voltage Angle GP   GQ  LP  LQ  Type 

1 1.060 0 2.324 -0.169 0 0 Slack 

2 1.045 0 0.400 0.424 0.217 0.127 PV 

3 1.010 0 0 0.234 0.942 0.190 PV 

4 1.019 0 0 0 0.478 -0.039 PQ 

5 1.020 0 0 0 0.076 0.016 PQ 

6 1.070 0 0 0.122 0.112 0.075 PV 
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7 1.062 0 0 0 0 0 PQ 

8 1.090 0 0 0.174 0 0 PV 

9 1.056 0 0 0 0.295 0.166 PQ 

10 1.051 0 0 0 0.090 0.058 PQ 

11 1.057 0 0 0 0.035 0.018 PQ 

12 1.055 0 0 0 0.061 0.016 PQ 

13 1.050 0 0 0 0.135 0.058 PQ 

14 1.036 0 0 0 0.149 0.050 PQ 

 

Table B.2: Line configuration of IEEE 14-bus system 

From Bus# To Bus# R X B/2 Tap ratio 

1 2 0.01938 0.05917 0.0264 1 

1 5 0.05403 0.22304 0.0246 1 

2 3 0.04699 0.19797 0.0219 1 

2 4 0.05811 0.17632 0.0170 1 

2 5 0.05695 0.17388 0.0173 1 

3 4 0.06701 0.17103 0.0064 1 

4 5 0.01335 0.04211 0 1 

4 7 0 0.20912 0 0.978 

4 9 0 0.55618 0 0.969 

5 6 0 0.25202 0 0.932 

6 11 0.09498 0.19890 0 1 

6 12 0.12291 0.25581 0 1 

6 13 0.06615 0.13027 0 1 

7 8 0 0.17615 0 1 

7 9 0 0.11001 0 1 

9 10 0.03181 0.08450 0 1 
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9 14 0.12711 0.27038 0 1 

10 11 0.08205 0.19207 0 1 

12 13 0.22092 0.19988 0 1 

13 14 0.17093 0.34802 0 1 
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C. Data of IEEE 30-Bus Test Power System 

Note: If not specified, all data in per unit are calculated on the basis of power 

rating of 100MVA. 

 

Fig. C.1: Single-line diagram of IEEE 30-bus test system 

Table C.1: Bus configuration of IEEE 30-bus system 

Bus# Voltage Angle GP   GQ  LP  LQ  Type 

1 1.060 0 2.602 -0.161 0 0 Slack 

2 1.043 0 0.400 0.500 0.217 0.127 PV 

3 1.021 0 0 0 0.024 0.012 PQ 

4 1.012 0 0 0 0.076 0.016 PQ 

5 1.010 0 0 0.370 0.942 0.190 PV 

6 1.010 0 0 0 0 0 PQ 

7 1.002 0 0 0 0.228 0.109 PQ 
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8 1.010 0 0 0.373 0.300 0.300 PV 

9 1.051 0 0 0 0 0 PQ 

10 1.045 0 0 0 0.058 0.020 PQ 

11 1.082 0 0 0.162 0 0 PV 

12 1.057 0 0 0 0.112 0.075 PQ 

13 1.071 0 0 0.106 0 0 PV 

14 1.042 0 0 0 0.062 0.016 PQ 

15 1.038 0 0 0 0.082 0.025 PQ 

16 1.045 0 0 0 0.035 0.018 PQ 

17 1.040 0 0 0 0.090 0.058 PQ 

18 1.028 0 0 0 0.032 0.009 PQ 

19 1.026 0 0 0 0.095 0.034 PQ 

20 1.030 0 0 0 0.022 0.007 PQ 

21 1.033 0 0 0 0.175 0.112 PQ 

22 1.033 0 0 0 0 0 PQ 

23 1.027 0 0 0 0.032 0.016 PQ 

24 1.021 0 0 0 0.087 0.067 PQ 

25 1.017 0 0 0 0 0 PQ 

26 1 0 0 0 0.035 0.023 PQ 

27 1.023 0 0 0 0 0 PQ 

28 1.007 0 0 0 0 0 PQ 

29 1.003 0 0 0 0.024 0.009 PQ 

30 0.992 0 0 0 0.106 0.019 PQ 

 

Table C.2: Line configuration of IEEE 30-bus system 

From Bus# To Bus# R X B/2 Tap ratio 

1 2 0.0192 0.0575 0.0264 1 
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1 3 0.0452 0.1652 0.0204 1 

2 4 0.0570 0.1737 0.0184 1 

3 4 0.0132 0.0379 0.0042 1 

2 5 0.0472 0.1983 0.0209 1 

2 6 0.0581 0.1763 0.0187 1 

4 6 0.0119 0.0414 0.0045 1 

5 7 0.0460 0.1160 0.0102 1 

6 7 0.0267 0.0820 0.0085 1 

6 8 0.0120 0.0420 0.0045 1 

6 9 0 0.2080 0 0.978 

6 10 0 0.5560 0 0.969 

9 11 0 0.2080 0 1 

9 10 0 0.1100 0 1 

4 12 0 0.2560 0 0.932 

12 13 0 0.1400 0 1 

12 14 0.1231 0.2559 0 1 

12 15 0.0662 0.1304 0 1 

12 16 0.0945 0.1987 0 1 

14 15 0.2210 0.1997 0 1 

16 17 0.0524 0.1923 0 1 

15 18 0.1073 0.2185 0 1 

18 19 0.0639 0.1292 0 1 

19 20 0.0340 0.0680 0 1 

10 20 0.0936 0.2090 0 1 

10 17 0.0324 0.0845 0 1 

10 21 0.0348 0.0749 0 1 

10 22 0.0727 0.1499 0 1 

21 22 0.0116 0.0236 0 1 
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15 23 0.1000 0.2020 0 1 

22 24 0.1150 0.1790 0 1 

23 24 0.1320 0.2700 0 1 

24 25 0.1885 0.3292 0 1 

25 26 0.2544 0.3800 0 1 

25 27 0.1093 0.2087 0 1 

28 27 0 0.3960 0 0.968 

27 29 0.2198 0.4153 0 1 

27 30 0.3202 0.6027 0 1 

29 30 0.2399 0.4533 0 1 

8 28 0.0636 0.2000 0.0214 1 
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D. Data of 32-Bus Radial Distribution System 

Note: If not specified, all data in per unit are calculated on the basis of power 

rating of 1MVA. 

 

Fig. D.1: Single-line diagram of 32-bus radial distribution system 

 

Table D.1: Bus configuration of 32-bus radial distribution system 

Bus# Voltage Angle GP   GQ  LP  LQ  Type 

0 1.050 0 5.084 2.547 0 0 Slack 

1 1 0 0 0 0.100 0.060 PQ 

2 1 0 0 0 0.090 0.040 PQ 

3 1 0 0 0 0.120 0.080 PQ 

4 1 0 0 0 0.060 0.030 PQ 

5 1 0 0 0 0.060 0.020 PQ 

6 1 0 0 0 0.200 0.100 PQ 

7 1 0 0 0 0.420 0.200 PQ 

8 1 0 0 0 0.060 0.020 PQ 

9 1 0 0 0 0.060 0.020 PQ 

10 1 0 0 0 0.040 0.030 PQ 

11 1 0 0 0 0.060 0.035 PQ 

12 1 0 0 0 0.060 0.035 PQ 

13 1 0 0 0 0.120 0.080 PQ 
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14 1 0 0 0 0.060 0.010 PQ 

15 1 0 0 0 0.060 0.020 PQ 

16 1 0 0 0 0.060 0.020 PQ 

17 1 0 0 0 0.090 0.040 PQ 

18 1 0 0 0 0.090 0.040 PQ 

19 1 0 0 0 0.090 0.040 PQ 

20 1 0 0 0 0.090 0.040 PQ 

21 1 0 0 0 0.090 0.040 PQ 

22 1 0 0 0 0.090 0.040 PQ 

23 1 0 0 0 0.200 0.100 PQ 

24 1 0 0 0 0.420 0.200 PQ 

25 1 0 0 0 0.060 0.025 PQ 

26 1 0 0 0 0.060 0.025 PQ 

27 1 0 0 0 0.060 0.020 PQ 

28 1 0 0 0 0.120 0.070 PQ 

29 1 0 0 0 0.200 0.600 PQ 

30 1 0 0 0 0.150 0.070 PQ 

31 1 0 0 0 0.210 0.100 PQ 

32 1 0 0 0 0.060 0.040 PQ 

 

Table D.2: Line configuration of 32-bus radial distribution system 

From Bus# To Bus# R X B/2 Tap ratio 

0 1 0.000574 0.000293 0 1 

1 2 0.003070 0.001564 0 1 

2 3 0.002279 0.001161 0 1 

3 4 0.002373 0.001209 0 1 

4 5 0.005100 0.004402 0 1 
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5 6 0.001166 0.003853 0 1 

6 7 0.004430 0.001464 0 1 

7 8 0.006413 0.004608 0 1 

8 9 0.006501 0.004608 0 1 

9 10 0.001224 0.000405 0 1 

10 11 0.002331 0.000771 0 1 

11 12 0.009141 0.007192 0 1 

12 13 0.003372 0.004439 0 1 

13 14 0.003680 0.003275 0 1 

14 15 0.004647 0.003394 0 1 

15 16 0.008026 0.010716 0 1 

16 17 0.004558 0.003574 0 1 

1 18 0.001021 0.000974 0 1 

18 19 0.009366 0.008440 0 1 

19 20 0.002550 0.002979 0 1 

20 21 0.004414 0.005836 0 1 

2 22 0.002809 0.001920 0 1 

22 23 0.005592 0.004415 0 1 

23 24 0.005579 0.004366 0 1 

5 25 0.001264 0.000644 0 1 

25 26 0.001770 0.000901 0 1 

26 27 0.006594 0.005814 0 1 

27 28 0.005007 0.004362 0 1 

28 29 0.003160 0.001610 0 1 

29 30 0.006067 0.005996 0 1 

30 31 0.001933 0.002253 0 1 
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