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Abstract: The development of clean and renewable energy has led to modern planning and operation of power systems. Tidal 
energy is seen as one of the newest energy resources used to generate electrical power. In power generation systems, the tides in 
a river direct seawater flow towards hydraulic turbines and generate electric power through conventional induction or doubly-

fed induction generators (DFIG). These electric power generation systems can be utilized in the form of coastal microgrids 
including electric charges, storage systems, and plug-in electric vehicles (PEVs). Although the velocity and direction of water 

flow in tidal energy systems are predictable, its variability hinders its utilization in the form of coastal microgrids. On the other 
hand, since electric vehicle parking lots can serve as part of the charging or generation system in the coastal microgrids, and also 
considering the fact that the random behavior of drivers makes power consumption or generation of parking lots random in 
nature, it will be highly important to optimally design these parking lots and storage systems.  

This research sought to optimize the performance of a coastal parking lot integrated with tidal energy generation systems, which 

serve as an independent microgrid. An optimization problem is aimed at maximizing microgrid revenue and minimizing tidal 
energy loss along with practical microgrid constraints including island performance stability and equipment utilization 
constraints.  
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1. Introduction  

The growing global population and social and economic development have led to increased demands for energy 

across the world. A major part of this demand is met by fossil fuels, which lead to greenhouse gas emissions and 

climate and environmental changes. Therefore, it is necessary to increase the share of renewable energy resources 

to meet global energy needs. Included in renewable energies is tidal energy which is a regular, predictable, and 

stable source of energy. Globally, tidal energy sources which are technically used and are close to coastlines are 

estimated by several sources to be around 1 terawatt. In some areas, the potential for tidal current technologies is 

sometimes greater than that when it comes to dam construction methods. Having extended coastlines, a growing 

population, rising energy needs, and extreme air pollution, Iran has the potential to expand into marine energy 

sources. Fortunately, efforts are being made in this connection in Iran, a country that enjoys several thousand 

kilometers of marine borders and coastlines. The current Iranian energy model is based on fossil fuels, and 

transformation into a different and stable model requires an expansion of renewable energy resources. In this section, 

a thorough study has been carried out to examine the tidal energy potential in Iran, which can be used to identify 

the optimal locations for the utilization of marine energy. The Caspian Sea is considered to be the largest sea in the 

world which has a low tide and can only absorb energy from the waves as it does not meet the minimum tidal energy 

conditions (Khojasteh, Kamali & Bineh, 2017, 8). The tidal amplitude in this sea is less than five meters while the 

tidal flow velocity is less than two meters per second. Accordingly, this study addresses the southern coasts, the 

Persian Gulf, and the Gulf of Oman. Research has also demonstrated the southern seas of Iran as the best locations 

for receiving tidal energy. Therefore, one would say that there are different energy locations with high potential for 

marine energy development in the Persian Gulf and the Gulf of Oman, though, this potential has received little 

attention.  

Also, the use of energy in today's modern world is a significant issue that affects human life. The energy which 

is stored and reused assumes significance. Renewable energies can greatly contribute to the future of humanity and 

its survival [1]. Tidal turbines have, in recent years, played a critical role in the development of technology, ushering 

in many possibilities for human beings [2]. 

These power plants have some advantages in the way that they have predictable reversible sources and could 

have a longer lifespan if properly designed and constructed. In other words, tidal power is a renewable energy 

resource, and such power plants, unlike fossil fuels, do not cause any pollution or greenhouse gases. Moreover, they 

do not need much repair or fuel. 

The exploitation of this energy does not depend on climatic conditions. Water transfers a great deal of energy as 

it has high density, and for this, it is more useful than wind energy, thus yields higher efficiency. When dams are 
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constructed to utilize tidal energy, they do protect the long coastlines from high tides and extreme turbulent storms. 

Tidal turbines have played a critical role in expanding technology in recent years. Tidal currents help tidal turbines 

to generate electricity because they can receive large amounts of energy [3]. Over the past 20 years, researchers 

have been performing research on horizontal axis tidal current turbines, but scant research was focused on the 

efficiency of wave and current turbines performance. Barlathrope [4] examined the effect of waves on the properties 

of tidal current turbines. A horizontal axis turbine with blades was tested in a tug tank and the mean torque range at 

a regular wave was measured. The findings, within a wave period, demonstrated that all the mean values of the 

measured parameters were found to be the same as the waveless conditions, though the torque variations were 

evident. 

Speaking of grid systems, electric vehicles can be a consumer or a generator of power [2]. PEVs charging 

optimization has been studied in many types of research. To model reduced operational costs, the general 

computational method is to create an optimization problem, such as nonlinear programming and mixed integrated 

programming (MIP). Structured problems can be solved using evolutionary algorithms (particle swarm 

optimization), control strategy (fuzzy control), and so on. 

Fernandez [5] proposed an intermediate operational model that included two phases. In the first phase, the 

operating costs would be reduced by using a temporal scale of one day a year. In the second phase, the previously 

adjusted schedule (through solving the optimization problem) was modified according to the unit outages, also 

derived from the Monte Carlo method. 

Lee et al. [6] used a hierarchical control algorithm to reduce power generation costs from EVs charging demand 

to coordinate oscillating power generation via wind energy. This hierarchical control algorithm was divided into 

three levels of different temporal scales. The first-level controller solves the wind energy schedule and conventional 

energy utilization on a one-hour scale. EVs intermediate controller schedule secures hourly demands. The bottom-

level controller uses the power grid frequency deviation to generate EVs real-time control. Conventional energy 

planning and wind energy consumption should first be modeled as a knapsack problem. This allows researchers to 

use dynamic programming as a solution. 

Vaya and Anderson [7] sought to reduce generation costs from a different perspective. In their research, EVs 

batteries were used as distributed storage to coordinate RESs oscillation. EVs instability was modeled as potential 

storage in which the SOC depended on discrete patterns. They formulated the problem as the Optimal Power Flow 

(OPF) problem, which integrated the possible model of wind energy generation. Oscillations from wind energy 

generation can be offset by changing the EVs charging systems. The researchers then used a Swiss transmission 

system for simulation. For OPF, they consolidated the data collected from major power channels, extended wind 

power generation data, and made predictions according to the National Renewable Energy Laboratory. 

Vasirani et al. [8] proposed an effective plan for power suppliers to increase profits. To meet this goal, the 

researchers examined the feasibility of using EVs as a storage means. In this connection, they used the virtual power 

plant (VPP) of the wind station to create a separate entity composed of multiple power suppliers and EVs in the 

electricity market. The profits from VPP were modeled through linear programming. This problem was solved 

through the old simplification technique. In the case study, researchers used data from real wind energy generation 

and electricity prices to collect data on wind speed and turbine parameters in Spain. 

In [9] the problem was monitored from the price-supply-demand perspective. When RESs had greater influence, 

RESs oscillations could affect the price of electricity in a variety of ways. The researchers used several approaches 

to balance the demand for EVs, increase the contribution of RESs, and consider the distribution capacity of the grid. 

They then concentrated on density issues in the distributed energy system to identify the optimal charging strategy. 

Moreover, three density mechanisms were introduced, which included dynamic grid tariffs, assigned advanced 

capacity, and the distribution grid market. 

In power generation systems, the tides in a river direct seawater flow towards hydraulic turbines and generate 

electric power through conventional induction or doubly-fed induction generators (DFIG). These electric power 

generation systems can be utilized in the form of coastal microgrids including electric charges, storage systems, and 

plug-in electric vehicles (PEVs). Although the velocity and direction of water flow in tidal energy systems are 

predictable, its variability causes barriers to its utilization in the form of coastal microgrids. On the other hand, since 

electric car parking lots can serve as part of the charging or generation system in the coastal microgrids, and also 

considering the fact that the random behavior of drivers makes power consumption or generation of parking lots 

random in nature, it will be highly important to optimally design these parking lots and storage systems.  

This research sought to optimize the performance of a coastal parking lot integrated with tidal energy generation 

systems, which serve as an independent microgrid. An optimization problem is aimed at maximizing microgrid 
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revenue and minimizing tidal energy loss along with practical microgrid constraints including island performance 

stability and equipment utilization constraints. 

2. Research Methods 

EV models 

Electric vehicles can operate in grid-to-vehicle (G2V) and vehicle-to-grid (V2G) modes. In this study, EV 

owners were encouraged to participate in the V2G program through incentives provided by the IPL director. The 

vehicles taking part in the V2G program are called V2G vehicles and other G2V vehicles.  

 

When an electric vehicle is plugged into the grid, the charging status depends on the charging status in the 

previous time interval while the charging or discharging rate in that interval is as follows [10]: 

𝑺𝑶𝑪𝒗
𝒕 = 𝑺𝑶𝑪𝒗

𝒕−𝚫𝒕 + (
𝜼𝒄

𝒗𝑷𝒗.𝒄
𝒕

𝑪𝒗
−

𝑷𝒗.𝒅
𝒕

𝜼𝒅
𝒗𝑪𝒗

) × 𝚫𝒕; 𝒕𝒗
𝒂 < 𝒕 ≤ 𝒕𝒗

𝒅 

(1)  

Where 𝑃𝑣.𝑐
𝑡  and 𝑃𝑣.𝑑

𝑡   represent the battery charging and discharging capacity. 𝜂𝑐
𝑣 and 𝜂𝑑

𝑣  also represent the 

charge/discharge efficiency of the battery. Moreover, 𝐶𝑣indicates the battery capacity, 𝑡𝑣
𝑎  and 𝑡𝑣

𝑑 the time at which 

electric vehicles arrive at or depart from the parking lot. 

IPL revenues and costs when exchanging energy for PEVs 

The IPL understudy yields the following revenues and incurs costs when energy is exchanged for PEVs: 

* Revenue from selling energy to G2V vehicles 

* Revenue from selling energy to V2G vehicles 

* Costs of buying energy from V2G vehicles 

* Costs of using the available capacity of V2G vehicles 

* Cost of penalty from V2G vehicle charging needs unmet. 

Revenue from selling energy to G2V vehicles is calculated as follows [11]: 

𝑹𝑷𝑬𝑽−𝒎𝑮𝟐𝑽

𝒕 = ∑ (𝑷𝒗.𝒄
𝒕 × 𝝆𝒄

𝒕) × 𝚲𝒗
𝒕 × 𝚫𝒕

𝒎𝑮𝟐𝑽

𝒗=𝟏

 

(2)  

Where  𝑃𝑣.𝑐
𝑡  represents the vehicle charging power, 𝜌𝑐

𝑡 is the energy price in a relevant period and Λ𝑣
𝑡  is the binary 

variable indicating the presence or non-presence of the vehicle in the lot.  𝑚𝐺2𝑉 also represents total G2V vehicles.  

Concerning V2G vehicles, the charge status by the time the vehicle leaves the parking lot (𝑆𝑂𝐶𝑡𝑣
𝑑) determines 

whether the vehicle is a seller or buyer of energy. If the final SOC is less than the initial SOC, the vehicle turns out 

to be a seller of energy, otherwise, the vehicle is a buyer. 

Revenue from selling energy to V2G vehicles is calculated as follows [11]: 

 𝑹𝑷𝑬𝑽−𝒎𝑽𝟐𝑮

𝒕 = ∑ (𝑺𝑶𝑪𝒕𝒗
𝒅 − 𝑺𝑶𝑪𝒕𝒗

𝒂) × 𝑪𝒗 × 𝝆𝒄.𝑽𝟐𝑮
𝒕 × 𝝉𝒗

𝒅𝒎𝑽𝟐𝑮
𝒗=𝟏  

(3)  

 

Where 𝑆𝑂𝐶𝑡𝑣
𝑑 and 𝑆𝑂𝐶𝑡𝑣

𝑎 represent the final and initial SOCs, respectively. 𝜌𝑐.𝑉2𝐺
𝑡  represents the energy price 

for V2G vehicles in a relevant period, 𝑚𝑉2𝐺  suggests the total V2G vehicles and 𝜏𝑣
𝑑  represents a marker (flag) 

variable indicating the vehicle leaving the lot.  

If the final SOC is less than the initial SOC, the costs of buying energy from V2G vehicles is as follows:  

(4) 
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𝑪𝑷𝑬𝑽−𝒎𝑽𝟐𝑮

𝒕 = ∑ (𝑺𝑶𝑪𝒕𝒗
𝒂 − 𝑺𝑶𝑪𝒕𝒗

𝒅) × 𝑪𝒗 × 𝝆𝒅.𝑽𝟐𝑮
𝒕 × 𝝉𝒗

𝒅

𝒎𝑽𝟐𝑮

𝒗=𝟏

 

Where 𝜌𝑑.𝑉2𝐺
𝑡  is the discharge price of V2G vehicles. 

Moreover, the smart parking lot will undertake the costs from using the free capacity of electric vehicle batteries 

as follows: 

(5)       𝑪𝑪𝒂𝒑−𝑽𝟐𝑮
𝒕 = ∑ (𝑺𝑶𝑪𝒗

𝒎𝒂𝒙 − 𝑺𝑶𝑪𝒗
𝒎𝒊𝒏) × 𝑪𝒗 × 𝝆𝒄𝒂𝒑.𝑽𝟐𝑮

𝒕 × 𝚲𝒗
𝒕𝒎𝑽𝟐𝑮

𝒗=𝟏  

 

Where 𝑆𝑂𝐶𝑣
𝑚𝑎𝑥  and 𝑆𝑂𝐶𝑣

𝑚𝑖𝑛  are the maximum and minimum SOC values of each vehicle and 𝜌𝑐𝑎𝑝.𝑉2𝐺
𝑡  

represents the price of using the free power of V2G vehicle batteries in a relevant period.  

If the final charge of the vehicle turns out to be less than the minimum amount required and its delivery is low, 

the smart parking lot must pay for the owner for the unmet need to charging V2G vehicles as follows: 

(6) 

𝑪𝑷𝒆𝒏𝒂𝒍𝒕𝒚
𝒕 = ∑ (𝑺𝑶𝑪𝒗

𝒅𝒆𝒔𝒊𝒓𝒆𝒅 − 𝑺𝑶𝑪𝒗
𝒕𝒅) × 𝑪𝒗 × 𝝆𝑷𝒆𝒏𝒂𝒍𝒕𝒚 × 𝝉𝒗

𝒅

𝒎𝑽𝟐𝑮

𝒗=𝟏

 

 

Where 𝑆𝑂𝐶𝑣
𝑑𝑒𝑠𝑖𝑟𝑒𝑑  represents the desired charge level and 𝑆𝑂𝐶𝑣

𝑡𝑑 is the penalty for unmet desired charge level.  

Objective function 

Decision variables 

Decision variables include the following: 

❖ Upstream grid-modeled power  

❖ Charging or discharging power of V2G vehicles  

❖ Charging power of G2V vehicles  

❖ Hydrogen unit-exchanged power 

The variables that entered the optimization problem during one day (24 hours) are as follows: 

(7)  

𝑯 =

[
 
 
 
 
𝑷𝒗𝟏

𝟏 𝑷𝒗𝟐
𝟏 … 𝑷𝒎𝒈𝟐𝒗

𝟏 … 𝑷𝒎𝒗𝟐𝒈
𝟏 𝑷𝑯

𝟏

𝑷𝒗𝟏
𝟐

⋮
𝑷𝒗𝟐

𝟐

 

…
 

𝑷𝒎𝒈𝟐𝒗
𝟐

 
… 𝑷𝒎𝒗𝟐𝒈

𝟐

 
𝑷𝑯

𝟐

⋮
𝑷𝒗𝟏

𝟐𝟒 𝑷𝒗𝟐
𝟐𝟒 … 𝑷𝒎𝒈𝟐𝒗

𝟐𝟒  𝑷𝒎𝒗𝟐𝒈
𝟐𝟒 𝑷𝑯

𝟐𝟒
]
 
 
 
 

 

 

Profit function 

The profit function of the smart parking includes a sum of the difference between parking revenues and costs in 

all periods and is calculated as follows: 

(8)  

𝑷𝒓𝒐𝒇𝒊𝒕 = ∑ [((𝑷𝒔𝒆𝒍𝒍−𝒈𝒓𝒊𝒅
𝒕 × 𝝆𝒈𝒓𝒊𝒅

𝒕 ) − (𝑷𝒃𝒖𝒚−𝒈𝒓𝒊𝒅
𝒕 × 𝝆𝒈𝒓𝒊𝒅

𝒕 )) × 𝚫𝒕 + (𝝆𝒔𝒆𝒍𝒍−𝒍𝒐𝒂𝒅
𝒕 × 𝑷𝑳

𝒕 ) × 𝚫𝒕

𝑻=𝟐𝟒

𝒗=𝟏

+ (𝑹𝑷𝑬𝑽−𝒎𝑮𝟐𝑽

𝒕 + 𝑹𝑷𝑬𝑽−𝒎𝑽𝟐𝑮

𝒕 ) − (𝑪𝑷𝑬𝑽−𝒎𝑽𝟐𝑮

𝒕 + 𝑪𝑪𝒂𝒑−𝑽𝟐𝑮
𝒕 + 𝑪𝑷𝒆𝒏𝒂𝒍𝒕𝒚

𝒕 )

− (𝑪𝑭𝑪(𝒕) + 𝑪𝑬𝑳(𝒕) + 𝑪𝑻𝒂𝒏𝒌(𝒕))] 

 

Where 𝑃𝑠𝑒𝑙𝑙−𝑔𝑟𝑖𝑑
𝑡  and 𝑃𝑏𝑢𝑦−𝑔𝑟𝑖𝑑

𝑡  represent the power sold and bought from the upstream grid. 𝑃𝐿
𝑡 represents the 

amount of charging power in each time interval and 𝜌𝑠𝑒𝑙𝑙−𝑙𝑜𝑎𝑑
𝑡   indicates the price of selling energy for an electrical 

charge in each time interval. In the above relation, 𝐶𝐹𝐶 , 𝐶𝐸𝐿 and 𝐶𝑇𝑎𝑛𝑘 indicate the costs of utilization, repair, and 

maintenance of the fuel cell, electrolyzer, and hydrogen tank, respectively. 
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This research used the Monte Carlo algorithm to model the uncertainty about charging, tidal power generation, 

and behavior of vehicle driver with its average output used in the calculations [12]. 

The objective function is so designed to observe the maximized profit function and the system constraints: 

(9) 

𝑶𝑭 =
 

𝐦𝐚𝐱
𝑯

 
(𝑷𝒓𝒐𝒇𝒊𝒕)

 
 

 

Constraints  

The IPL is assumed to be connected to the upstream grid using a connection line and the following conditions 

must be followed [7, 12-15]: 

(10)  

𝑷𝑰𝑷𝑳−𝑬𝑳
𝒕 + 𝑷𝑳

𝒕 + 𝑷𝒄
𝒕 + 𝑷𝒔𝒆𝒍𝒍−𝒈𝒓𝒊𝒅

𝒕 = 𝑷𝑭𝑪−𝑰𝑷𝑳
𝒕 + 𝑷𝒃𝒖𝒚−𝒈𝒓𝒊𝒅

𝒕 + 𝑷𝒅
𝒕  

 

(11) 

|𝑷𝒈𝒓𝒊𝒅
𝒕 | ≤ 𝑷𝒈𝒓𝒊𝒅−𝒎𝒂𝒙 

 

(12) 

𝑺𝑶𝑪𝒗
𝒎𝒂𝒙 ≤ 𝑺𝑶𝑪𝒗

𝒕 ≤ 𝑺𝑶𝑪𝒗
𝒎𝒊𝒏 

 

(13) 

−𝑷𝒗,𝒅
𝒎𝒂𝒙 ≤ 𝑷𝒗

𝒕 ≤ 𝑷𝒗,𝒄
𝒎𝒂𝒙 

 

(14) 

−𝑷𝑬𝑳
𝒎𝒂𝒙 ≤ 𝑷𝑯

𝒕 ≤ 𝑷𝑭𝑪
𝒎𝒂𝒙 

 

(15) 

𝑴𝑻𝒂𝒏𝒌
𝒕 ≤ 𝑴𝒎𝒂𝒙 

 

Where 𝑃𝑐
𝑡 and 𝑃𝑑

𝑡  indicate the total charge and discharge power of electric vehicles.  

In the above relations 𝑷𝒈𝒓𝒊𝒅−𝒎𝒂𝒙 represents the maximum power to pass through the connection line. 𝑷𝒗,𝒄
𝒎𝒂𝒙 and 

𝑷𝒗,𝒅
𝒎𝒂𝒙  indicate the maximum charge and discharge power of the battery. Also, 𝑷𝑬𝑳

𝒎𝒂𝒙 and 𝑷𝑭𝑪
𝒎𝒂𝒙  represent the 

maximum power of the electrolyzer and the fuel cell. Finally, 𝑴𝒎𝒂𝒙 is the maximum storage capacity in a hydrogen 

tank. 

To remove the effect of the initial storage of the hydrogen tank from the calculations, the amount of hydrogen 

storage in the first and last hour of the day is regarded as the same: 

(16)  

𝑴𝑻𝒂𝒏𝒌
𝟎 = 𝑴𝑻𝒂𝒏𝒌

𝟐𝟒  

The cost of utilization, maintenance, and repair of IPL equipment is modeled by the following relation [13]: 

(17) 

𝑪𝒕 = (
(

𝜸(𝟏 + 𝜸)𝒏

(𝟏 + 𝜸)𝒏 − 𝟏
) × 𝑨

𝑪𝑭 × 𝟖𝟕𝟔𝟎 × 𝑷𝒓𝒂𝒕𝒆𝒅

× 𝑷𝒕 + 𝑪𝑴) 

Where 𝑪𝑴 represents the cost of maintenance and repairs in terms of ($/year), 𝑪𝑭 the capacity coefficient, 𝑨 
the cost from the initial investment ($), 𝒏 the lifespan, and 𝜸 the interest rate. Also, 𝑷𝒓𝒂𝒕𝒆𝒅 and 𝑷𝒕 are the rated 

power and field power of equipment in IPL, respectively. 
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PSO algorithm working mechanism 

Particle swarm optimization begins with a category of random answers (particles) and then updates the 

generations to search in order to find the optimal solution in a problem space. Each particle is multidimensionally 

represented by two values of Vid and Xid (the former is the velocity and the latter the position of the ith particle in 

the dth dimension). At each stage of the mass movement, each particle is updated according to two best personal and 

global values. 

The first value, the best personal value, represents the best answer in terms of fitness currently obtained for each 

particle. This value is known as PBest. Also, the best global value of particles is called GBest, being one of the 

main parameters of particle swarm optimization. It should be noted, however, that both mentioned values should be 

stored. 

If a particle participates as a population in a local neighborhood, the GBest value is calculated in the same 

neighborhood, which is so-called the best location represented by LBest. 

One of the key and appealing aspects of the particle swarm optimization technique is its simplicity, which 

includes only two models of velocity and location equations, where the coordinates of each particle show a possible 

solution related to two vectors [14]. 

The velocity and location equations can be calculated by means of PBest and GBest values, as follows: 

(17) 

 𝑽𝒊
𝒌+𝟏 = 𝝎 𝒗𝒊

𝒌 + 𝒄𝟏𝒓𝟏(𝑷𝑩𝒆𝒔𝒕𝒊
𝒌 − 𝒙𝒊

𝒌) + 𝒄𝟐𝒓𝟐(𝑮𝑩𝒆𝒔𝒕𝒌 − 𝒙𝒊
𝒌) 

 

(3-24)  

𝑿𝒊
𝒌+𝟏 = 𝒙𝒊

𝒌 + 𝒗𝒊
𝒌+𝟏 

 

Where c1 and c2 are two positive constant values. r1 and r2 are two random values of uniform distribution in the 

[1-0] range. ω is also the inertia weight selected as follows: 

(18)  

𝝎 = 𝝎𝒎𝒂𝒙 −
𝝎𝒎𝒂𝒙 − 𝝎𝒎𝒊𝒏

𝒊𝒕𝒆𝒓𝒎𝒂𝒙

 × 𝒊𝒕𝒆𝒓 

 

Also, other references have considered various formulas for ω such as the following formula [69]: 

(19) 

𝝎 = (𝝎𝒊𝒏𝒊𝒕𝒊𝒂𝒍 − 𝟎. 𝟓) × (𝒊𝒕𝒆𝒓𝒎𝒂𝒙 −  𝒊𝒕𝒆𝒓) + 𝟎. 𝟓 

 

Where ωinitial is 0.95. The reason why there are different formulas is that convergence in particle swarm 

optimization is highly dependent on the ω value, and depending on the system and type of particle swarm 

optimization, a unique ω value is used. An appropriate ω value causes a balance between local and global searches. 

Practical results suggest that it is better to consider a greater value of ω in the initial stages, to perform a thorough 

and global search of the search space. Then, when the algorithm is run, the ω value is gradually reduced to get the 

algorithm closer to the convergence limit and to obtain more accurate answers. Considering ω as the fluid coefficient 

of the environment, a greater ω value means that the movement in the environment takes place smoothly, with the 

particles facing more viscosity. In this case, it becomes possible for particles to greatly converge to the optimal 

points. For instance, considering a value of 0.9 for ω and its gradual reduction to zero can be a good way to solve 

most problems. 

PSO algorithm Flowchart  

IPL was optimized by particle swarm algorithm in MATLAB software. The optimization flowchart is illustrated 

in Figure (1-4). Initially, charge demand, tidal power plant generation, and the driving and parking pattern of electric 
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vehicles enter as input. The objective function is then optimized using the PSO algorithm [15]. Thus, the optimal 

utilization pattern of smart parking is obtained. 

 

Figure 1: Flowchart of optimization 

Input data 

The profile predicted based on the market price is illustrated in Figure 2a. The specific electric charge demand 

is also shown in Figure 2b. Figure 2 demonstrates the projected output of the tidal power plant during the 24 hours 

under study. 

  

 a b c 

Figure 2: a) Profile predicted based on the market price [12], b) Load demand during 24 hours, c) Projected 

power plant tidal power generation profile [12] 

The price of energy sold to electric charge is 30% higher than the market price with the interest rate standing at 

5%. The technical features of the hydrogen unit and the IPL economic considerations are provided in Table 1. 

Ten electric vehicles took part in the V2G program while 5 electric vehicles went to the parking lot during the 

day for desired charging (G2V). All vehicles under study are considered to have the same technical features. These 

technical specifications are summarized in Table (1). The maximum electric power converter power, which is 

responsible for charging and discharging the vehicle battery, is taken to be 4 kWs. Table (1) shows the charging 

tariffs of G2V vehicles as well as the charging and discharge tariffs, tariff on free battery capacity use, and penalty 

tariff for failure to meet the desired charge level in V2G vehicles. The optimum SOC of V2G vehicles is obtained 



Turkish Journal of Computer and Mathematics Education                 Vol.12 No 13 (2021), 4960-4971 

Research Article   

4967 

 

when vehicles leave the parking lot. Some predicted values are considered for arriving at the parking time, leaving 

the parking lot while the initial charge level of G2V vehicles are given. These values are provided for V2G vehicles. 

Vehicle input data 

Table 1: Technical specifications of the vehicles understudy 

 

Table 2: Electric vehicle charging tariff 

 

Table 3: Desired SOC of V2G vehicles when leaving the parking lot 

 

Table 4: Projected G2V vehicles values 

 

Table 5: Projected G2V vehicles values 

 

3. Simulation results 

Scenario 1 - Base system (without power plant) 

In this case, the base system is considered without a tidal power generation plant. 

The charging and discharging of electric vehicles are illustrated in Figure (2b). According to output data, the 

IPL charging was 42 kW at 12 o'clock, and the power bought from the upstream grid was 54.44 kW. The fuel cell 

generation power at this hour was 0 kW and the net power received from electric vehicles stood at -12.11 kW. At 

this hour, the charging power of V2G cars was 20 kW with their discharging power being 19.88 kW; in the 

meantime, the charging power of G2V vehicles stood at 12 kW at this hour. 
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a b 

Figure 2- a) Optimization process by PSO algorithm, b) Charging and discharging of electric vehicles 

Scenario 2 - System with a power plant 

In this case, the system involves a tidal power generation plant. Figure 3a demonstrates the optimization process 

by the PSO algorithm. Looking at this figure, it is seen that the IPL's daily profit has risen to 35.03$, up 66% from 

the first scenario, indicating we achieved a good and optimal answer. We saw in the PSO algorithm that the 

optimization answers also tend to positive from negative.  

Charging and discharging of electric vehicles, taking into account the presence of a tidal power plant, is seen in 

Figure 3b. It is clear that the parking lot has been used from 7 am to 10 pm, during which the exchanges of vehicles 

with IPL have taken place.  

In this state, because of tides from 3 pm to 10 pm, the charging power of G2V vehicles has been transferred to 

this timing. V2G vehicles discharging took place from 6 am to 5 pm while V2G vehicles charging at 5 am to 5 pm; 

is while G2V vehicles charging took place at 8 am to 10 pm. 

 

a b 

Figure 3- a) Optimization process by PSO algorithm involving a tidal power plant, b) Charging and 

discharging of electric vehicles involving a tidal power plant 

Comparison of simulation scenarios 

Figure 4 illustrates a comparison of two simulation scenarios based on the optimization process by the PSO 

algorithm. As stated earlier, the second scenario yielded a 66% rise in revenue, indicating that we tended to a positive 

and acceptable answer in terms of optimization, considering that our daily profit rose to 66% compared to the first 

scenario. 
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Figure 4: Comparison of two simulation scenarios from the perspective of optimization process by PSO 

algorithm 

Figure 5 demonstrates the comparison of two simulation scenarios based on the optimal programming findings. 

In the first figure, the power exchanged with the upstream grid is compared in the two scenarios. The second and 

third figures illustrate the fuel cell power and the electrolyzer power in the first and second scenarios, respectively. 

Figure 4 conducts a comparison of the power delivered to electric vehicles in the two scenarios. In the first figure, 

according to the two scenarios, the grid power, and in the second figure, the power the fuel cell delivers to the IPL 

are shown. Also, changes are evident in the third figure demonstrating the power that IPL delivers to the electrolyzer. 

Figure 6 compares the two simulation scenarios in terms of the charging and discharging of electric vehicles. As 

seen in this figure, when tidal power plant generation is higher, the charging power consumed by vehicles also 

increases. 

 
Figure 5 - Comparison of two simulation scenarios from the perspective of optimal planning results 
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Figure 6 - Comparison of two simulation scenarios from the perspective of charging and discharging results of 

electric vehicles 

Finally, Figure 7 illustrates a comparison of the two simulation scenarios based on the hydrogen tank storage 

results over 24 hours. The hydrogen storage level in the last hours of the day rose due to a rise in a free tidal 

generation. This prevents the purchase of energy from the upstream grid and helps the overall revenue of the IPL 

system. In the two-scenario system, when the fuel cell was operating, hydrogen reduction in the storage tank changed 

and when the electrolyzer was operating, the hydrogen tank level changed due to the increase in the two-scenario 

scenario results. 

 

Figure 7 - Comparison of two simulation scenarios based on hydrogen tank storage results during 24 hours 

4. Conclusion 

This study introduced a new model for charging and discharging electric vehicles in a coastal microgrid 

involving a tidal power plant and an energy storage system. A proposed formulation was used for a smart coastal 

parking lot. Numerical findings suggested the efficiency of the method in this dissertation. 
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Also, a new approach for charging and discharging electric vehicles was applied in this dissertation to take into 

account the uncertainties in charging demand, driver behavior, energy prices, and tidal power plant generation 

resulting from a final optimization. Numerical results indicated that the proposed method was economically optimal, 

complying with the technical constraints of the system. 

Given the capability of the southern ports in the country, we selected one of the ports as an instance. We 

determined the base (minP.Q) and (maxP.Q) levels to perform analytical modeling.  

By distributing load and consumption, the required minimum and maximum limits were obtained. 

For these limits, a necessary economic analysis was carried out (for profit and loss analyses). 

The necessary functions for this were determined: 

❖ Upstream-grid modeled power  

❖ Charging and discharging power 

❖ Hydrogen unit-exchanged power 

❖ Profit functions 

❖ Constraints  

Using the particle swarm algorithm, and providing a suitable probability function, the convergence form of the 

algorithm was solved. 

In the simulation of the results, the optimization performed was shown in relation to the previous system.  

In the first case, the charging and discharging approaches were not used, as was demonstrated by introducing a 

probability function.  
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