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With an increasing penetration rate of electric vehicles in distribution networks, it is becoming vital to schedule their 

battery charging/discharging to maintain the network balance and increase the vehicle owners’ profit. Electric vehicles are 

now considered one of the most important and accessible sources of revenue for their owners since they can be connected 

to the grid (V2G) as a power source during peak hours. As such, while flattening the power profile, they can improve the 

voltage drop across the grid buses. If charging/discharging of the vehicles is scheduled irregularly, the power drawn from 

the phases will become unbalanced, which can cause global outages and impair system stability in addition to increasing 

the harmonic volume and decreasing power quality. The present paper uses dynamic programming to reduce operating 

costs and enhance the profits of vehicle owners who participate in the V2G program. This optimization algorithm 

eliminates the undesirable paths leading to unconventional responses in the search space, which will greatly increase the 

speed and accuracy by which the optimal response is achieved. This model, along with multi-part tariffs on electricity 

prices, can lead to the more active participation of vehicle owners and help improve the power quality indices of the 

electrical parameters of the grid. The proposed method is simulated on a sample distribution network, and the case studies 

conducted prove the validity of the proposed algorithm.  
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I. INTRODUCTION 

Nowadays, the widespread entry of electric vehicles (EVs) 

into the market has created an inseparable link between the 

two industries of electricity and transportation. The electricity 

industry must be prepared enough to embrace such changes 

from now on – changes that can either turn into a challenge 

for the electricity industry, in case of mismanagement and 

improper planning, or an opportunity, if a proper 

implementation framework is in place. The concept, which is 

interpreted as connecting the vehicle to the grid or V2G in 

short in today's scientific literature, is nothing but a win-win 

collaboration between the field of transportation and 

electricity supply, the optimal implementation of which 

requires to embed a new piece called electric vehicles in the 

complicated puzzle of the electricity industry [1-2]. EVs can 

store electricity in their batteries during off-peak hours when 

electricity is cheap and deliver it to the grid during peak 

hours when electricity prices are high. When looking at EVs 

parked and connected to the grid as sources of service, one 

enters into the V2G discussion [3]. In other words, V2G 

means using the battery capacity of EVs as an electric energy 

saver to provide electrical power or ancillary services to the 

power grid. Moreover, one of the other relevant parameters of 
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V2G is the control of the state of charge (SOC), whose 

impact on vehicle load management is examined here.  

In addition to participating in electricity markets, V2G can 

also be used to play a complementary role in production from 

renewable resources. This means that fluctuations in the 

output power of power generation units such as wind and 

photovoltaic can be compensated by energy storage in 

batteries of EVs. The V2G required to stabilize solar power 

for peak power and wind power for base load is calculated in 

[4]. According to [5], four V2G-related markets include base 

load, peak, spinning reserve, and frequency regulation. The 

authors argue that V2G is unsuitable for base load, but it can 

be used for peak under certain conditions. It is competitive 

for the spinning reserve and highly competitive for regulation 

purposes. In the view of [6], V2G has two types, one-way and 

two-way. In the one-way type, the power direction is always 

from the grid to the vehicle, but in the two-way type, it is 

possible to inject the vehicle power into the grid. In other 

studies such as [7], V2G only refers to the second type, and 

the first type is called G2V.  

The participation mode suggested by [8] for EVs in the 

electricity market in the V2G discussion is in such a way that 

EVs are in the charging phase at non-peak times, e.g., at 

night, and their aggregator contributes to amending the load 

curve. During the day and when the vehicles are parked, their 

aggregator can participate as a source in the regulatory 

market and can also be applied to reduce the peak. Reference 

[9] has studied the suitability of EVs for different markets in 

California and presented Table 1 in this regard. The 

applications mentioned for V2G in [9] include smoothing the 

power produced by wind farms and promoting short-term 

voltage stability.    

 

TABLE I 

VEHICLE OWNER'S POTENTIAL ANNUAL NET PROFIT FROM V2G IN 

CALIFORNIA ($) [1] 

 Peak power ($) 
Spinning reserve 

($) 

Frequency 

Regulation 

($) 

Battery 

Electric 

Vehicle 

267 720 3162 

Fuel Cell 

Electric 

Vehicle 

-50 loss to 1226 2430 to 2685 2984 to 811 

Hybrid 

Electric 

Vehicle 

322 1581 -759 loss 

 

Reference [10] has also emphasized the utilization of EVs 

and V2G to enhance the use of wind energy and has argued 

that the electricity, transportation, and heating industries can 

be scheduled in an integrated manner. According to the 

International Energy Agency, published in 2019, over the 

next 25 years, global energy demand will grow by 80%. A 

significant part of this energy is consumed in transportation, 

which is, on the other hand, one of the most important 

sources of production and emission of greenhouse gases [11]. 

One way to reduce the negative impact of battery charging on 

these vehicles is to manage their charging so that they are not 

charged simultaneously. Therefore, this reference has 

conducted research indicating that the peaks and valleys of 

the power curve can be flattened according to the habits of 

the American people in using their EVs. Studies on drivers' 

behavior have shown that their vehicles are parked for about 

22 hours a day [12]. The energy in the batteries of EVs 

remains unused during this long parking time, so if they can 

be connected to the grid in a V2G manner, the energy stored 

in their batteries can be used to provide ancillary services, 

such as reducing peak power and spinning reserve [13]. 

The problems caused by the increased penetration rate of 

EVs in the grid are mostly related to the lack of control over 

the charger power of EVs and the lack of proper coordination 

between vehicles. Various research studies have been 

conducted on the regulation of EVs to adjust grid load, which 

are reviewed below. To increase the penetration factor of 

EVs, the starting time of the vehicle battery charging to the 

grid low-load intervals is shifted in [14]. To do this, it is 

assumed that there is a smart context between the grid and the 

vehicles in which the vehicles are aware of the energy price 

of the grid at any given time (Fig. 1). Vehicle owners also 

decide to charge their vehicle battery in less expensive hours. 

The grid can also prevent vehicle batteries from being 

charged during the network's peak load period. 

 

 
Fig. 1: The structure of a microgrid equipped with 

renewable resources and EV charging stations. 

 

In addition to charging the batteries, the battery 

discharging state is also considered in [15] so that if the 
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vehicles connected to the grid have some energy in their 

batteries at the moment of connection, some vehicles can 

supply a part of their energy through the above-mentioned 

vehicles, which will ultimately reduce the energy loss. In this 

reference, the charging time of most vehicles is shifted to the 

lower load intervals. In [16], the optimal charging time of 

vehicles is obtained according to the grid load conditions and 

voltage profile, and the charging of vehicles is shifted to the 

low-load intervals of the grid. In this reference, in addition to 

determining the starting point of charging, the battery 

charging power is also controlled. In [17], a real-time load 

regulation method is presented in which EVs are charged in 

compliance with the priority of other vehicles at any time 

step. These studies have been carried out to solve the 

problems of increased energy demand in the grid peak load, 

for which the charging time of vehicles is generally shifted to 

the grid low-load intervals.  

The present paper proposes a method based on dynamic 

programing that, in addition to a higher speed in finding the 

optimal response for battery scheduling of EVs, can identify 

insignificant paths during optimization and be careful not to 

pass them. Therefore, multi-stage dynamic programing is 

transformed into dynamic programing with a progressive 

approach in which the ways to reach from the zero stage to 

the final stage are modeled according to the vehicle battery 

charging state. Therefore, many non-optimal responses that 

are clearly identified before solving are removed from the 

search space, and the set of possible responses turns into a 

much smaller and convex space. 

II. OPTIMAL CHARGING AND DISCHARGING 

FORMULATION 

The problem of charging several EVs in the grid, along 

with its technical and economic constraints, leads to the 

optimization of the following function:  

(1) 
𝑐𝑜𝑠𝑡(𝑥1 , 𝑥2 , … , 𝑥𝐽)     ;     𝑥𝑖𝜖𝜃𝑖 

 𝑖 = {1 , 2 , … , 𝑁}     

where cost (x) is an objective function encompassing the 

power consumption parameters of the electric vehicle N in 

conditions ix. The power consumption or injection function 

of PEVs is defined by vector (2).  

(2) 𝑥𝑖 = [𝑥1
𝑖 , 𝑥2

𝑖 , … , 𝑥𝑘
𝑖 , … , 𝑥

𝐾𝑖
𝑖 ] 

Set 𝜃𝑖 also defines all possible consumption or power 

injection modes for the 1st vehicle according to the following 

constraints. Given that the charger type is also important in 

this problem, regardless of its technology, the range of power 

exchanged between the PEV and the grid can be expressed by 

equation (3). 

(3) 

−𝑝 𝑖 < 𝑥𝑘
𝑖 < 𝑝 𝑖        

∀𝑘𝜖{1,… , 𝐾𝑖} , ∀𝑖𝜖{1 , 2 , … , 𝐽}  

where 𝑝 𝑖 is the maximum nominal power of the charger 

used. The battery charging state must always remain within 

the permissible operating range. So, we will have:  

 

(4) 
𝑆𝑂𝐶𝑖 < 𝑆𝑂𝐶0

𝑖 + 𝜏∑

𝑘

𝑟=1

𝑥𝑟
𝑖 < 𝑆𝑂𝐶𝑖  

𝜏 is the length of the time steps and 𝑆𝑂𝐶𝑖 and 𝑆𝑂𝐶𝑖 are the 

minimum and maximum 𝑆𝑂𝐶, respectively. Therefore, the 

desirable 𝑆𝑂𝐶 can be calculated by Equation (5), which is the 

same as the final charging of the vehicle battery. Of course, 

Equation (6) can also complement the formulation of the 

problem in cases where the charger type is not known.   

(5) 

𝑆𝑂𝐶𝑑𝑒𝑠𝑖𝑟𝑒𝑑
𝑖 = 𝑆𝑂𝐶0

𝑖 + 𝜏∑

𝑘

𝑟=1

𝑥𝑟
𝑖  

∀𝑖𝜖{1 , 2 , … , 𝐽}  

(6) 𝑆𝑂𝐶𝑑𝑒𝑠𝑖𝑟𝑒𝑑
𝑖 ≤ 𝑆𝑂𝐶0

𝑖 + 𝜏∑

𝑘

𝑟=1

𝑥𝑟
𝑖 ≤ 𝑆𝑂𝐶 

III. PROBLEM SOLVING BY DYNAMIC 

PROGRAMING 

In mathematics and optimization science, dynamic 

programing is an efficient way to solve a set of problems 

using the two characteristics of overlapping and optimal 

infrastructure sub-problems. In this method, like the division 

and solution method, the main problem is solved by 

combining the answers of the sub-problems, but the 

difference between the two methods is that in the division and 

solution method, the target problem is divided into a number 

of independent sub-problems and each one is solved 

separately. In the end, the answers are combined. But, in 

dynamic programing, the problems should not be completely 

independent, meaning that the sub-problems themselves have 

common constraints. These common sub-problems, although 

derived from separate paths, have the same answer in both 

cases and do not need to be recalculated. Therefore, in 

dynamic programing, the answers to these sub-problems are 

stored in a table or matrix so that they can be re-accessed. 

This difference may seem very simple and negligible, but in 

practice, problem-solving time is significantly reduced with 

this very simple solution. In general, problem-solving by the 

dynamic programing method is very similar to the inductive 

problem-solving method because, just like induction, in 

dynamic programing, the problem is divided into smaller 

problems but similar to the main problem, and the answer to 

the main problem is obtained by assuming the answer to these 

smaller problems. Finally, a step must be achieved whose 

answer could be easily calculated although a kind of 

induction is usually used to prove its accuracy. Dynamic 

programing is commonly applied to solve optimization and 

counting problems, including the arrival and departure times 

of EVs. The general model of the system under optimization 

is expressed using equation (7): 
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(7) 
𝑥𝑘+1 = 𝑓𝑘(𝑥𝑘 , 𝑢𝑘 , 𝜉𝑘) 

𝑘 = 0, 1, … , 𝑇 − 1 

where 𝑘 is a discrete interval time and 𝑓𝑘  is a function 

that represents the model of the whole system. It models 

the state of the system in interval 𝑘, and 𝑢𝑘  also shows the 

control and decision-making of system variables in 

passing from 𝑥𝑘  to 𝑥𝑘+1. Furthermore, parameter 𝜉
𝑘

 

represents a random variable used for optimization. 

Therefore, the predicted value of the function with 

respect to the combined random variables included in the 

income function can be represented using equation (8). 

(8) 𝛧 = 𝐸 (∑

𝑇−1

𝑘=0

𝛷(𝑥𝑘 , 𝑢𝑘 , 𝜉𝑘) + 𝛷𝑇(𝑥𝑘)) 

where 𝐸 represents the mean or expectation function 

and Φ models the target cost function in interval 𝑘, which 

depends on the system state and the random variable. 

Using the control law of acceptable paths, 𝜓 can be 

defined to be a mapping from 𝑥𝑘  to 𝑢𝑘 , in such a way that: 

(9) 
𝜓 = {𝛺0, 𝛺1, … , 𝛺𝑇−1}  

𝛺𝑘(𝑥𝑘) = 𝑢𝑘  

(10) 𝑢𝑘 ∈ 𝛤𝑘(𝑥𝑘) ⊂ 𝛤̂𝑘 

The set 𝛤𝑘 includes all possible states for decisions of the 

control variable in interval 𝑘, and 𝛤𝑘(𝑥𝑘) is a non-empty 

subset of 𝛤𝑘 that depends on the current state of the system. 

Therefore, we will have 𝑥𝑘 ∈ 𝛱𝑘 where the set 𝛱𝑘 contains 

all the states of the system in interval 𝑘. 

Assume that the initial state of the system 𝑥0 and the initial 

conditions of the control law, i.e. 𝜓 = {𝛺0, 𝛺1, … , 𝛺𝑁−1}, 

exist, so the expected final cost of the system will be: 

(11) 𝛧𝜓(𝑥0) = 𝐸 (∑

𝑇−1

𝑘=0

𝛷(𝑥𝑘 , 𝛺𝑘(𝑥𝑘), 𝜉𝑘) + 𝛷𝑇(𝑥𝑘)) 

where 𝑁 is a set of acceptable paths in control theory. 

Therefore, the final function under optimization can be 

defined as follows:  

(12) 𝛧𝜓∗(𝑥0) = 𝛧
∗(𝑥0) =    {𝛧𝜓(𝑥0)}  

where 𝜓∗ is the optimal control and 𝛧∗(𝑥0) denotes its 

optimal cost. 

Fig. 2 illustrates a dynamic programing problem-solving 

diagram with a multi-step approach, while Fig. 3 shows 

dynamic programing with a progressive approach. The 

difference between the two approaches is that in multi-step 

methods, there is a path from all nodes of the current stage to 

the nodes of the next stage, and this path includes all possible 

scenarios. This slows down the optimization performance. In 

dynamic programing with a progressive approach, it is 

possible to eliminate impossible states or states that clearly 

do not have the optimal response in those nodes (or paths) by 

using restrictive constraints that are applied to the system. 

Therefore, the routes passing from the current node to the 

next step node are not necessarily available. 

To solve the problem of optimizing the charging and 

discharging time of EVs in the power grid, the most 

important parameter that is considered can be written, 

regardless of the system noise, as follows:  

(13) 𝑆𝑂𝐶𝑘+1 = 𝑆𝑂𝐶𝑘 + 𝛥𝑡 𝑝𝑘  

The 𝛤̂𝑘 set can be defined as the output powers of the 

batteries shown in equation (14).  

(14) 
−𝑝𝑚𝑎𝑥 < 𝑝𝑘 < 𝑝𝑚𝑎𝑥 

∀ 𝑘𝜖{0, 1, … , 𝑇 − 1} 

According to Fig. 4, to indicate how to optimize the 

charging/discharging schedule of vehicles using dynamic 

programing, the permissible interval of battery charging state 

is expressed by equation (15) as follows:   

(15) 𝑆𝑂𝐶𝑘
𝑚𝑖𝑛 < 𝑆𝑂𝐶𝑘 < 𝑆𝑂𝐶𝑘

𝑚𝑎𝑥 

 
Fig. 2: Dynamic programing block diagram with a multi-

stage approach. 

 

 
Fig. 3: Dynamic programing block diagram with a 

progressive approach. 

 

 
Fig. 4: Dynamic programing diagram in optimizing battery 

charging/discharging. 

 

The parameters 𝑆𝑂𝐶𝑘
𝑚𝑖𝑛 and 𝑆𝑂𝐶𝑘

𝑚𝑎𝑥 are defined in terms 

of 𝑘 in the form of equations (16) and (17):   
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(16) 

𝑆𝑂𝐶𝑘
𝑚𝑖𝑛 = {𝑆𝑂𝐶 

𝑚𝑖𝑛 , 𝑆𝑂𝐶0
− 𝑃𝑚𝑎𝑥𝛥𝑡(𝑘), 𝑆𝑂𝐶𝑑𝑒𝑠𝑖𝑟𝑒𝑑

+ 𝑝𝑚𝑎𝑥𝛥𝑡(𝑘 − 𝑇)}  

(17) 𝑆𝑂𝐶𝑘
𝑚𝑎𝑥 = {𝑆𝑂𝐶 

𝑚𝑎𝑥 , 𝑆𝑂𝐶0 + 𝑃𝑚𝑎𝑥𝛥𝑡(𝑘)}  

According to Fig. 4, it is noteworthy that 𝑆𝑂𝐶𝑘
𝑚𝑖𝑛 and 

𝑆𝑂𝐶𝑘
𝑚𝑎𝑥 do not depend only on the upper and lower limits of 

the battery charging rate but also on the maximum power 

drawn from the battery for charging/discharging. On the other 

hand, we have 𝛤𝑘(𝑆𝑂𝐶𝑘) ⊂ 𝛤̂𝑘, which depends on the state 

variations of the 𝑆𝑂𝐶𝑘 variable. Therefore, considering the 

application of the dynamic programing method in this 

problem, we will have the following equation for the time 

𝑘− 1. 

(18) 
𝑆𝑂𝐶𝑘 − 𝑆𝑂𝐶𝑘

𝑚𝑎𝑥

𝛥𝑡
< 𝑝𝑘−1 <

𝑆𝑂𝐶𝑘 − 𝑆𝑂𝐶𝑘
𝑚𝑖𝑛

𝛥𝑡
 

Then, the diagram block presented in Fig. 4 should be 

updated to Fig. 5 to achieve the progressive state. 

Fig. 5: Dynamic programing diagram with a progressive 

approach. 

IV. SOLUTION ALGORITHM 

If the generating capacity of the vehicles directed towards 

the power aggregator is introduced using equation (19), then 

the total cost function can be approximated based on the grid 

load by equation (20).  

(19) 𝑃𝑖 = [𝑝1
𝑖 , 𝑝2

𝑖 , … , 𝑝𝑘
𝑖 , … , 𝑝𝑇

𝑖 ] 

(20) 

𝐺𝑖(𝑃
𝑖 , 𝑃−𝑖) = 

−∑

𝑇

𝑘=1

(

 
 
(𝑝𝑘

𝑖 + ∑

𝑁

𝑗=1,𝑗≠𝑖

(𝑝𝑘
𝑗
+ 𝑙𝑘)) − 𝐿𝑚𝑒𝑎𝑛

)

 
 

2

 

where 𝐿𝑚𝑒𝑎𝑛 is the average grid load and determined using 

equation (21). 

(21) 𝐿𝑚𝑎𝑛 =

1
∆𝑡
∑𝑁𝑖=1 (𝑆𝑂𝐶𝑑𝑒𝑠𝑖𝑟𝑒𝑑

𝑖 − 𝑆𝑂𝐶0
𝑖) + ∑𝑇𝑘=1 𝑙𝑘

𝑇
 

Moreover, the power set of each vehicle, as an important 

actor, in supplying the grid load will be: 

(22) 𝑃−𝑖 = [𝑃1, 𝑃2, … , 𝑃𝑖−1, 𝑃𝑖+1, … , 𝑃𝑁] 

In order to simplify the cost function, we can write:  

(23) 𝐿𝑘
−𝑖 = − ∑

𝑁

𝑗=1,𝑗≠𝑖

(𝑝𝑘
𝑗
− 𝑙𝑘) + 𝐿𝑚𝑒𝑎𝑛 

Which results in:  

(24) 𝐺𝑖(𝑃
𝑖 , 𝑃−𝑖) = −∑

𝑇

𝑘=1

(𝑝𝑘
𝑖 − 𝐿𝑘

−𝑖)
2

 

The optimal power is denoted by 𝑃𝑖∗. Fig. 6 displays the 

flowchart of the proposed optimization algorithm. Therefore, 

the general problem-solving process will be as follows. First, 

the grid information, including the balanced and unbalanced 

loads as well as the number of EVs in the grid, is identified. 

Also, the grid demand rate, the temporal priority of vehicle 

charging, the voltage range of grid feeders, etc. are defined as 

input variables at this stage.  

In the next step, V2G and G2V algorithms are introduced 

to the vehicles so that each vehicle can determine how to 

enter and depart according to the price of upstream 

electricity. The information of each vehicle is then sent to the 

ISO. 

Afterward, the SOC of each vehicle is evaluated. 

According to the dynamic programing method, if the SOC is 

less than the minimum or more than the maximum, the 

charging or discharging process is stopped, and the load limit 

for vehicles is set. According to the imbalance rate and grid 

losses, the distance that each vehicle can travel could be 

calculated.  

 
Fig.6: Optimization algorithm flowchart. 

 

In the final stage, each vehicle that is connected to the 

upstream grid enters the load distribution, and the permissible 

ranges for the voltage of the feeders and the active and 

reactive power flowing on the grid lines are evaluated. This 

process is updated again after each vehicle is connected to or 

disconnected from the network. If the grid constraints are not 

observed during the G2V process, the vehicle connected to 

the grid and the other vehicles waiting to be charged will be 

shifted to the next interval.  

Progressive load distribution methods have widely been 

used in distribution load calculations due to their high speed 

and little need for computer memory, as well as their good 

convergence characteristics. The general algorithm here 
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consists of two basic steps, including backward sweep and 

forward sweep, which are repeated until convergence is 

achieved. These methods are divided into three categories of 

sum current method, power sum method, and impedance sum 

method. 

The general steps of the algorithm are as follows:  

 

1) backward sweep: Starting from the end bus and moving 

towards the slack bus, the branch powers are calculated. 

 (25) 𝑆𝑛 = 𝑆𝑖 + ∑

𝑚𝜖𝑀

𝑆𝑚 + 𝐿𝑜𝑠𝑠𝑛  
 

 

where 𝑆𝑛 is the branch power n, 𝑆𝑖  indicates the power 

injected into the load connected to the node i, M is the sum of 

the branches connected to branch n in node i, 𝑆𝑚 represents 

the power of branch m and 𝐿𝑜𝑠𝑠𝑛 is the losses of branch n, 

which are zero in the first iteration. 

 

2) Forward sweep:  Starting from the branches connected 

to the slack bus and moving towards the end branches, the 

currents in the bus of the sending branch n (j) and the 

voltages in the bus of the receiving branch (n), i, are 

calculated.   

(26) 

𝐼𝑛 = (
𝑆𝑛

𝑉𝑗
)∗  

𝑉𝑖 = 𝑉𝑗 − 𝑍𝑛 ∗ 𝐼𝑛  

𝐿𝑜𝑠𝑠𝑛 = −(𝑉
𝑖 − 𝑉𝑗) ∗ 𝐼𝑛

∗  

 

3) Voltage mismatch calculation: After the two above-

mentioned steps were completed in each iteration, the voltage 

mismatch is calculated for all buses:  

(27) ∆𝑉𝑖
(𝑘)
= |𝑉𝑖

(𝑘)
| − |𝑉𝑖

(𝑘−1)
| 

where k is the number of iterations. If each of the ΔVi 

values is greater than the convergence criterion, steps 1 and 2 

are repeated until convergence is achieved. 

EV units that are included in the model as a PQ bus in the 

form of a negative load are controlled. That is, it is enough to 

reduce the amount of active and reactive power produced by 

the EV from the power consumption of the bus and do the 

load distribution. However, to include the distributed 

production units that are controlled as a PV bus, additional 

processes are needed to solve the load distribution. A 

compensation technique is used to control PV nodes. The 

basic idea of this method is that in order to obtain the voltage 

in a PV node, it is necessary to determine the correct amount 

of reactive current injection generated by the unit. For this 

purpose, in each PV bus, the constants for the generator are 

determined, i.e., the actual power output (P) and the voltage 

range (V). Then, this bus is considered a PQ bus in the load 

distribution algorithm. After the load distribution is 

converged, the optimal response is achieved using the voltage 

control sensitivity matrix and the reactive power control 

constraint in the PV bus. 

The voltage variance index, which is known to indicate the 

improvement of the voltage profile, will also, be equal to: 

(28) 𝑓𝑣 = ∑

𝑛𝑛

𝑛𝑖=1

(𝑉𝑛𝑖 − 𝑉𝑟𝑎𝑡𝑒𝑑)
2 

Also for the voltage stability index we have: 

(29) 

𝑆𝐼(𝑛𝑖) = |𝑉𝑚𝑖|
4 

  −4[𝑃𝑛𝑖(𝑛𝑖)𝑅𝑛𝑖 + 𝑄𝑛𝑖(𝑛𝑖)𝑋𝑛𝑖]|𝑉𝑚𝑖|
2 

  −4[𝑃𝑛𝑖(𝑛𝑖)𝑅𝑛𝑖 + 𝑄𝑛𝑖(𝑛𝑖)𝑋𝑛𝑖]
2 

In addition, for the (current) load balance index we have: 

(30) 𝑓𝑢𝑛𝑏𝑙 =∑

𝑚

𝑖=1

(
𝐼𝑛𝑖

𝐼𝑛𝑗،𝑎𝑣𝑔
)

2

 

(31) 𝐼𝑛𝑗.𝑎𝑣𝑔 =
1

𝑚
∑

𝑚

𝑗=1

𝐼𝑛𝑗  

In which the current 𝐼𝑛𝑖  must always be close to 𝐼𝑛𝑗 so that 

the imbalance is eliminated. 

V. SIMULATION  

In order to validate the proposed method, three different 

case studies are presented in this paper, which are described 

below.  

A. Case Study 1  

In this case study, it is assumed that the electricity tariff is 

two-part, so the profit from the sale of battery power to the 

grid in the V2G state is directly related to the amount of 

charge in the batteries. It is assumed that four EVs shown in 

Fig. 7 are connected to the network and to buses 2, 4, 5, and 

8. The initial charge of the batteries, their capacity, and other 

vehicle specifications are presented in Table (2).  

 
Fig. 7: Distribution grid considered in the case study 1. 

 

Table II 

CHARACTERISTICS OF THE MICROGRID IN CASE STUDY 1 

Parameter Value 

Effective system voltage 230 (rms) 

Line frequency 50 Hz 

No. of connected buses (5, 8, 4,2) 

Battery capacity (15, 15,16,20) kWh 

Initial charge rate (5, 8,3/2, 6/4) kWh 

Final charge rate (12, 15,15,17) kWh 

 

As shown in Figures 8(a) and (b), the load profile becomes 

flatter when the vehicles are discharged. Since the single-part 

tariff has been considered to be 2 USD/kWh during all hours 

of the day, the payment cost will be: 
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(32) 𝑐𝑜𝑠𝑡𝑠𝑖𝑛𝑔𝑙𝑒 𝑡𝑎𝑟𝑟𝑖𝑓 = ∑

𝑁𝑐𝑎𝑟

𝑗=1

𝑃𝑗 × 𝜋𝑗 

According to the diagram and after simplification, we will 

have:  

(33) 𝑐𝑜𝑠𝑡𝑠𝑖𝑛𝑔𝑙𝑒 𝑡𝑎𝑟𝑟𝑖𝑓 = 36.40
𝑘𝑊ℎ × 2$/𝑘𝑊ℎ = 72.8 $ 

Figures 9(a) and (b) also illustrate the diagrams of voltage-

bus profiles of the grid and battery output power of vehicles, 

respectively. In the two-part tariff, we consider the price of 

electricity at 15 to 33 hours to be $2.8 and at the remaining 

hours to be $2. In this case, the amount paid to the 

distribution company is equal to $54.72 according to the 

diagrams in Fig. 10 and Equation (25), which has resulted in 

a saving of $18.08. The amount of profit also increases 

correspondingly. The diagrams in Fig. 11 also show the 

voltage profile of the main buses and the output power of the 

vehicle batteries. Compared to the single-part tariff, it can be 

seen that the bus voltages have been improved. 

 

 
(a) 

 
(b) 

Fig. 8: Single-part tariff; a) SOC diagram, b) load profile 

 
(a) 

 
(b) 

Fig. 9: Single-part tariff; a) Voltage profile, b) Battery 

output power 

 
(a) 

 
(b) 

Fig. 10: Two-part tariff; a) SOC diagram, b) load profile 

 
(a) 

 
(b) 

Fig. 11: Two-part tariff; a) Voltage profile, b) Output 

power of batteries 

B. Case Study 2  

In order to investigate the imbalance in the distribution 

network and to see how to balance it by the optimal 

management of vehicle battery charging/discharging, the 

power drawn from all three phases of the distribution system 

is investigated in this case study. Since the distribution 

systems in different feeders might be unbalanced and this 

imbalance may disturb the load balance, this study assumes 

that the power required for each vehicle battery is unequal 

(which is, of course, the case in practice) [18]. If the 

imbalance index of the main voltage is defined by equation 

(34), it is possible to drastically reduce the amount of 

imbalance by introducing a conversion function (35) so that 

the voltage of the negative and positive sequences gets very 

close to each other.   
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(34) 𝑉𝑢𝑛𝑏 = |
𝑉𝑃𝐸𝑉,𝑘
−

𝑉𝑃𝐸𝑉,𝑘
+ | ∗ 100 

(35) 𝑂𝐹 = {(𝑉𝑢𝑛𝑏) }  

where parameters 𝑉𝑃𝐸𝑉,𝑘
−  and 𝑉𝑃𝐸𝑉,𝑘

+  are introduced by 

equations (36) and (37), respectively.  

(36) 𝑉𝑃𝐸𝑉,𝑘
− =

1

3
(𝑉𝑃𝐸𝑉,𝑘

𝑎 + 𝛽𝑉𝑃𝐸𝑉,𝑘
𝑏 + 𝛽2𝑉𝑃𝐸𝑉,𝑘

𝑐 ) 

(37) 𝑉𝑃𝐸𝑉,𝑘
+ =

1

3
(𝑉𝑃𝐸𝑉,𝑘

𝑎 + 𝛽^𝑉𝑃𝐸𝑉,𝑘
𝑏 + 𝛽𝑉𝑃𝐸𝑉,𝑘

𝑐 ) 

 

 Parameter 𝛽 is equal to 1∠2𝜋3 which is extracted from the 

Fortescue matrix [19]. Considering the above equations and 

integrating them in the dynamic programing, the active and 

reactive power consumption of vehicles in each bus can be 

seen in the diagrams in Fig .12.  

Before connecting the vehicles to the circuit, the imbalance 

in the power of all three phases is drawn with the lines, but 

with proper charging and discharging management of the 

vehicles (the dashed line), the imbalance is practically 

eliminated and the power of each of the three phases becomes 

roughly balanced [20]. The active and reactive diagrams 

drawn from all three phases are illustrated in Fig .12, in 

which they are shown with bold lines.  

 

 
(a) 

 
(b) 

Fig. 12: Investigation of balancing the power drawn from 

all three phases in the distribution grid; a) Active power, b) 

Reactive power 

C. Case Study 3  

In this case study, it is assumed that five EVs are 

individually connected to the grid for six hours and charged. 

If the vehicles are connected to the grid irregularly, the 

diagram shown in Fig. 13 indicates that the load profile will 

also have large oscillations asymmetrically. This proves the 

importance of how the use of EVs is scheduled so that the 

load profile that is to be provided by the grid could exhibit 

the maximum flatness. The power consumption diagram of 

vehicles that are connected to the balanced distribution grid 

in a regular manner and with the same power is shown in 

Fig.14.  

 
Fig. 13: Comparison of vehicle power consumption in 

managed/unmanaged charging states 

Fig. 14: Power consumption of each vehicle in the managed 

charging state with its SOC 

D. Case Study 4 

In this section, which is the continuation of the case study 

3, it is assumed that the penetration rate of vehicles in the 

distribution grid is changed. Therefore, four different cases 

are evaluated below. It is noteworthy that the reliability 

indices have fully been described in [21-22].  

1) The system without any vehicles 

In this scenario, the grid is at a resting state and there is no 

PHEV. Therefore, active and reactive power control, as well 

as voltage and frequency rate control is performed only by 

the upstream operator, and consumers are not involved in the 

price. In this case, unsupplied energy may increase at peak 

load and reduce the grid reliability. Load response sources are 

not used here either.     

 

2) PHEVs are on the grid but their charging is not managed: 

In this scenario, the vehicles are connected to the grid, but 

their charging process is not managed, and each vehicle can 

get power from the grid at any time. This can cause a voltage 

drop at peak load because the vehicles are connected to the 

grid like extra loads in this scenario and the grid control is 

extremely difficult. This scenario shows the negative impact 

of using EVs.  

3) Charging of PHEVs is managed (vehicles do not have 

returning storage source)  

 In this scenario, EVs are connected to the grid and are 

charged, but they do not deliver energy to the grid. Their only 

advantage for the grid is the reduction of pollutants and the 

reduction in the use of fossil fuels. In this case, the vehicles 

are charged in a managed manner (at low load) and are not 

connected to the grid during peak load.  
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 4) Both managed charging and V2G scenario are 

applied (vehicles have returning storage source) 

At this stage, in addition to the fact that charging of the 

vehicles is scheduled, the unused energy discharge of their 

batteries is also managed in the grid during production 

shortage. This scenario indicates the positive impact of using 

EVs.  

5) Evaluation of Results  

Comparing the results of cases 3 and 4 with case 2 shows 

that scheduled charging not only has a less negative effect 

than uncontrolled charging but also improves grid reliability. 

Unmanaged charging reduces reliability by 92%. PHEVs act 

as storage systems in the V2G state, thereby improving 

system reliability by 19%.  

The results also suggest that the reliability indices are 

significantly affected by the unmanaged charge of PHEVs. 

Because the penetration of PHEVs into the smart grid is 

significantly increased, the grid reliability will sharply reduce 

if the proper charge management strategy is not implemented. 

In addition, the results show that the LOEE index (Loss of 

Energy Expected) is reduced by about 2.5% in the 

unmanaged charging state and also when charging the electric 

vehicle is only possible at home (during holidays). Using a 

managed charging strategy, especially in the V2G state and 

when charging scheduling is applied at home or work, the 

LOEE index is improved by about 2.92%. The results of 

comparing the above cases show that by implementing the 

proposed charge management methods, PHEV risks for grid 

reliability can be turned into an opportunity to improve it. 

With a managed charging strategy in case 3, the problems 

caused by load demand for charging PHEVs can be 

controlled. In the V2G strategy mentioned in case 4, the 

LOEE index and EENS (Energy Expected Not Supplied) are 

reduced compared to case 1 where there is no PHEV on the 

grid. 

To evaluate the proper performance of the smart grid, the 

sensitivity analysis of important parameters such as charging 

level and penetration rate of PHEVs in the LOEE index was 

performed whose results are illustrated in Figures (15) to 

(17). These figures exhibit the changes in the LOEE index in 

relation to the level changes in charge and penetration rate of 

PHEVs in cases 2, 3, and 4. In the LOEE, sensitivity analysis 

was conducted for charging level factors (CLF) and PHEV 

penetration factors (PPF). CLF and PPF are multiplied by the 

current values of the charging level and the penetration level 

of electric vehicles, respectively. Then, the reliability indices 

are calculated, so it is possible to examine the importance of 

the charging level and the penetration level of PHEVs on the 

reliability parameters. The LOEE sensitivity in the 

unmanaged charging scenario for PPF and CLF changes is 

also shown in Fig.15.  

 
Fig. 15: LOEE index sensitivity based on CLF and PPF in 

the case 1. 

As illustrated in Fig. 15, in the unmanaged charging 

scenario of PHEVs, as the penetration level of EVs (increased 

PPF) and their charging level (increased CLF) are increased, 

the LOEE index also rises. The system reliability decreases 

with an increase in the number of PHEVs whose charging has 

not been managed. The results also indicate that the charging 

level parameter increases the negative impacts of unmanaged 

charging of PHEVs. According to the results of sensitivity 

analysis, the worst grid reliability situation in the unmanaged 

charging of electric vehicles scenario occurs at the fast 

charging level and at maximum penetration of EVs. The 

results of case 1 (the scenario of unmanaged charging of 

EVs) suggest that changing the penetration of PHEVs and 

charging level have a similar effect. In electrical networks 

where it is not possible to use advanced communication and 

information technologies, the charging level of EVs can be 

reduced to improve system reliability. The LOEE changes in 

terms of large CLF changes and PPF (between 0 and 2) are 

shown in Fig. 16. 

According to the results in Fig. 16, in the unmanaged 

charging scenario, when the EVs are charged with the 

maximum charging level, the grid reliability is drastically 

reduced. Fig. 16 shows the result of LOEE sensitivity 

analysis with respect to PPT and CLF changes in the V2G 

scenario. The load demand and production curves on a 

critical day in both the unmanaged charging scenario and the 

V2G scenario are compared. In the critical situation, the two 

main feeder transformers of the grid have been out of the 

circuit. In this situation, in the case of unmanaged charging, 

the load and production diagrams are shown in Fig. 17, and 

the load and production diagrams of an IEEE 34-bus grid in 

the V2G scenario are displayed in Fig. 18.  
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Fig. 16: Sensitivity of the LOEE index based on CLF and 

PPF in case 1 in a wide range of changes. 

 

Therefore, it can be argued that the use of EVs can have 

favorable and unfavorable impacts on the grid, which 

requires strong management to operate it. In addition to 

increasing system losses, unmanaged vehicle charging also 

raises operating costs and reduces network reliability. SOC 

management is one of the most important operating 

parameters of the problem that can clearly affect network 

performance. Finally, Table (3) compares the proposed 

method with the existing methods. It is observed that in the 

proposed method, both the voltage imbalance index is lower 

than that of the other methods and the range of SOC changes 

is increased.   

 

 
Fig. 17: Load supply in unmanaged charging state 

 

 
 

Fig. 18: Load supply in the managed charging state 

 

Table III 

COMPARISON OF THE PROPOSED METHOD WITH CONVENTIONAL 

METHODS 

Method 

Profit rate 

in scenario 

1 

SOC 

range 

Voltage 

imbalance 

index 

[5] $ 16.236 (20-80)% 1.9% 

[7] $ 16.562 (20-85)% 1.8% 

[17] $ 18.105 (25-85)% 1.9% 

Proposed 

method 
$ 18.723 (15-90)% 1.5% 

 

VI. CONCLUSION  

In this paper, optimal scheduling to set the appropriate 

connecting time of EVs to a low-voltage distribution network 

has been presented. Since supplying peak load during peak 

for the distribution network is usually associated with many 

problems, EVs can help the network during these hours and 

flatten the load profile by injecting extra power.  

According to the case studies conducted here, it is 

concluded that the two-price tariff benefits vehicle owners 

more and increases their participation in improving network 

voltage drops. An optimal vehicle charging and discharging 

schedule can also eliminate imbalances in the distribution 

network and act as reactive power control devices. When the 

charging/discharging of vehicles is not managed, fluctuations 

in the grid power profile increase, which can be considered a 

threat to grid security. Hence, all the problems mentioned can 

be reduced to a minimum level by using dynamic 

programming with a progressive approach.  
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TABLE IV 

NOMENCLATURE 

Variable  Explanations   

xi Terms of operation EVs  

𝜃𝑖  
The set of all power injection or 

absorption by EVs  

N Number of EVs  

𝑖 EV number i 

𝑝 Maximum Generation of EVs 

𝑆𝑂𝐶0
𝑖  Initial SOC  

𝑆𝑂𝐶𝑖  Maximum SOC 

𝑆𝑂𝐶𝑖  Minimum SOC 

𝜏 Length of sampling time steps  

𝑆𝑂𝐶𝑑𝑒𝑠𝑖𝑟𝑒𝑑
𝑖  Desired SOC 

𝑓𝑘 The whole system modeling function 

𝜉𝑘  Positive random variable  

𝐸(𝑥) Mean function  

𝛷 Cost of fk function  

𝜓 A mapping of xk too uk 

𝛤̂𝑘 
All the possible states for control 

variable decisions  

𝛤𝑘(𝑥𝑘) An non-empty subset of 𝛤̂𝑘 

𝛱𝑘  All the system states in k interval  

𝛧 Expected value for the objective function  

𝜓∗ Optimal control  

𝛧∗(𝑥0) 𝜓∗ cost  

𝐿𝑚𝑒𝑎𝑛 Network average load  

𝑃𝑖∗ Optimal powers  

𝑉𝑃𝐸𝑉,𝑘
−  Negative sequence voltage of vehicles 

𝑉𝑃𝐸𝑉,𝑘
+  Positive sequence voltage of vehicles 

𝑆𝑛  Power of branch n  

𝑆𝑖  Power injected to the bus i  

𝑀 
set of branches connected to branch n in 

bus i 

 

𝐿𝑜𝑠𝑠𝑛  Losses of branch n  

𝑃𝑛𝑖(𝑛𝑖) Active power between n and i buses  

𝑄𝑛𝑖(𝑛𝑖) Reactive power between n and i buses  

𝑅𝑛𝑖 Line resistance between bus n and bust i 

𝑋𝑛𝑖  Line reactance between bus n and bus i 

𝐼𝑛𝑗  
Current of the line between bus n and bus 

i 

𝐼𝑛𝑗.𝑎𝑣𝑔 
Average current of the line between bus 

n and bus i 
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