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Abstract:      Electric Vehicles (EVs) are crucial to the transition to sustainable transportation on a global scale due 

to their near-zero emissions and their ability to mitigate noise pollution. However, widespread 

adoption of EVs is hindered by the less accessible and high cost of Electric Vehicle Charging Stations 

(EVCS) for distant areas. This study addresses this issue through the development of a Hybrid 

Renewable Energy Sources (HRES)-based EVCS system connected to the IEEE 33 bus radial 

distribution network. The system incorporates a Renewable Energy System including Photovoltaic 

(PV) and Wind Turbine (WT), to decrease the cost of EV charging based on the renewable energy 

availability, and improve energy sustainability. To develop an optimized design and efficient hybrid 

system, this research introduces an Improved Coot Bird Optimization Algorithm (ICBOA).  This 

improved metaheuristic algorithm quickly produces the best sizing and location for RES based on 

calculations intended to balance cost and reliability objectives. The reliability of the system is tested 

using standard reliability indices, which ensure some measure of operational stability and reliability 

in the energy provided. The simulation outcomes demonstrate that the proposed method has 

adequately reduced charging costs, improved overall reliability, and aided in achieving sustainability 

goals.  

Keywords: Electric Vehicles; Renewable Energy Sources; IEEE-33 Bus; Electric Vehicle Charging Stations; 

Improved Coot Bird optimization 

I. INTRODUCTION  

The increasing depletion of fossil fuels, along with 

the severe environmental impact of their use, has 

accelerated the global transition to sustainable 

energy sources. In this scenario, EVs have been 

positioned as the primary method of decarbonizing 

the transportation sector due to their lower 

greenhouse gas emissions when compared to 

traditional vehicles, thus enhancing energy 

efficiency, and decrease dependence on fossil-based 

fuels [1]. As EVs adoption consistently rise 

throughout the world, the development of reliable, 

efficient, and cost-effective EVCS becomes crucial 

for the seamless and large-scale integration of EVs 

into existing power schemes [2]. To sustainably meet 

the growing energy demand of EVs, HRES such as 

solar PV, wind, and Battery Energy Storage Systems 

(BESS) are increasingly being integrated into 

Distribution System (DS), particularly in radial 

configurations. The hybrid system help to decrease 

environmental footprint and enhance energy 

availability at peak load hours, and in remote or off-

grid areas. However, the non-dispatchable nature of 

HRES, along with the stochastic nature of EV 

charging behaviours, manifests in considerable 

planning and operational challenges [3, 4]. As a 

result, planning and operation of DS face several 

increased challenges, such as voltage spikes, 

increased power losses, transformer overloads, and 

the overall dependency on electricity generation [5]. 

To solve these concerns, implementing a 

systematic optimization-based planning method is 

crucial to optimally site and size Distributed 

Generation (DG) units, along with EV charging 

facilities and their load scheduling [6]. Although 

controlling the energy flows in a manner that 

minimize the overall investment cost and the power 

losses while maintaining the system's reliability and 

voltage stability [7]. Additionally, economic 

assessments carried out to explore options between 

cost-effective versus performance-based approaches 
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for different operational scenarios. In particular, the 

integration of EVCSs harms system efficiency due 

to high charging currents, which elevate Active 

Power Losses (APL) and Reactive Power Losses 

(RPL) [8, 9]. Furthermore, EVCS operation affects 

the voltage stability, potentially leading to voltage 

drops and fluctuations during high demand periods. 

In voltage stability is preserved to ensure power 

quality for both EV and non-EV users [10]. The 

reliability of Radial Distribution System (RDS) is 

essential for maintaining a continuous power supply, 

time, site location, temperature, and weather all 

significantly affect the energy produced by RDG 

sources [11, 12]. Also, the insufficient and 

unregulated penetration of RDG units in Distribution 

Networks (DNs) negatively impacts system 

performance, resulting in voltage instability, power 

losses, and decreased efficiency. Furthermore, 

elevated load demands from EVCSs increases the 

strain on network components, and increases the risk 

of equipment failure, and impacts the reliability of 

the RDS [13, 14].  

Among various standard system, the IEEE-33 bus 

radial distribution system is a recognized standard 

system because of its realistic configuration, 

understanding of voltage sensitivity problems, and 

non-uniform load conditions. It allows simulating 

and analysing the effects of HRES integration and 

EVCS with constraints as a DN [15, 16]. As a result, 

numerous studies have focused on the ideal sizing 

and positioning of various types of DG units in DNs, 

employing advanced optimization techniques to 

improve system stability and dependability [17, 18].  

1. Literature survey 

Boonluk et al [19] have developed Particle Swarm 

Optimization (PSO) for optimizing placement and 

sizing of BESS within DS with integrated RES. It 

focusses on minimizes system cost through 

decreasing Voltage Deviation (VD), and power 

losses using IEEE 33-bus radial distribution system. 

However, this method relied on traditional 

algorithms, thus fail to evaluate the newer method of 

BESS, and statistically validated on larger scale 

systems. Khunkitti et al [20] have presented an 

optimization method using Salp Swarm Algorithm 

(SSA) for optimal BESS placement and sizing in DS 

with high levels of DG such as PV and wind. It 

showed improvement in system cost, voltage profile, 

power loss, as well as peak shaving, in IEEE 33-bus 

systems. However, in this system suffer to integrate 

with other real-time energy management systems, 

which limit the feasibility of the approach in 

constantly changing power DS. Naresh Kumar Golla 

et al [21] have implemented an Arithmetic 

Optimization Algorithm (AOA) to optimally place 

and schedule EVCS and DGs located at the IEEE 33-

bus distribution system. It’s improving the reduction 

of power losses and voltage profile by using 

coordinated scheduling approaches and estimating 

EVs and DGs. Nevertheless, by neglecting the 

unpredictable nature of EV charging demand and 

renewable generation, this method becomes less 

applicable inn uncertain operating environments. 

Md. Shadman Abid et al [22] have developed an 

Artificial Hummingbird Algorithm (AHA) to 

investigate optimal planning, sizing, and placement 

of renewable DG units in RDS based on uncertain 

PV and wind scenarios. The optimization to achieve 

a reduced power loss, improved voltage stability, 

decreased VD, and improved annual energy savings 

across IEEE 33-bus. Nonetheless, the assumptions in 

this study regarding planned generation and load 

uncertainties fail to incorporate real-time control 

integration and coordination of energy storage. 

Nandini K. Krishnamurthy et al [23] have 

introduced Modified Teaching-Learning-Based 

Optimization (TLBO) method using solar and wind 

sources to minimize charging costs for an EVCS in 

an IEEE 33-bus system. The application of the 

dynamic pricing scheme and the optimized plans for 

maximized use of RE using an intelligent 

optimization framework. However, the study does 

not consider the different EV user behaviours and 

the real charging patterns, which impact the 

effectiveness of this system under real operating 

conditions. 

2. Research Gap and Novelty  

Existing enhancements for the metaheuristic 

optimization, still experience deficiencies around 

narrow diversity and convergence in multi-objective 

problems. The proposed ICBOA specifically 

addresses these barriers by promoting better 

exploration through chaotic tent mapping, allowing 

for global jumps with Lévy flight, and improving 

local search through Cauchy mutation and OBL in 

the framework, while also exhibiting faster 

convergence and better loss and VRP improvements. 

This research contributes novelty in designing 

levelized cost and reliable hybrid EVCS utilizing 

ICBOA under IEEE 33-bus radial distribution 

network. 

Key contribution of the work is 

• to minimize total system cost, enhance reliability 

indices, and minimize technical losses for a 

hybrid EVCS in combination with PV and wind 

resources, 

• proposed ICBOA is tested on IEEE-33 bus 

system and yields improvement in voltage 

stability with aggregate performance 

loss/reliability (APL/RPL) reduction and 

reliability compared to the CPSO. 
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Figure 1. Structure of RES incorporated EVCS 

II. METHODOLOGY 

1. Modelling of PV system 

Solar energy is vital, as it delivers clean energy to 

meet the global energy needs. Modelling of PV 

systems accurately is extremely important before 

implementing to understand their performance with 

respect to real time environmental conditions. A PV 

array is collected in solar model, which is linked in 

series-parallel configuration to attain sufficient 

voltage and current output. The PV modules are 

considered as one of the primary RES. The hourly 

output power of PV model, 𝑃𝑉𝑜𝑢𝑡(𝑡) is according to 

subsequent relationship:  

𝑃𝑉𝑜𝑢𝑡(𝑡) = 𝐹𝐹(𝑡) .  𝐼𝑠𝑐(𝑡) .  𝑉𝑜𝑐(𝑡)          (1) 

Here, PV power model, 𝐼𝑠𝑐(𝑡) denotes short-

circuit current, 𝑉𝑜𝑐(𝑡) denotes open-circuit voltage 

and 𝐹𝐹(𝑡) stands fill factor at time 𝑡. These values 

used to control power output from PV module in 

response to changing environmental circumstances. 

The current and voltage under operational conditions 

are calculated as: 

𝐼𝑆𝐶(𝑡) =
𝑆

1000
[𝐼𝑆𝐶,𝑆𝑇𝐶 + 𝐾𝑖(𝑇𝑐(𝑡) − 25)]    (2) 

𝑉𝑜𝑐(𝑡) = 𝑉𝑜𝑐,𝑆𝑇𝐶  +  𝐾𝑣  (𝑇𝑐  (𝑡) − 25)         (3) 

𝐹𝐹(𝑡) = 𝐹𝐹0(𝑡)[1 − 𝑟𝑠 (𝑡)]                 (4) 

𝐹𝐹0(𝑡) =
𝑉𝑜𝑐,0(𝑡).ln(𝑉𝑜𝑐,0(𝑡)+0.72)

𝑉𝑜𝑐,0(𝑡)+1
            (5) 

Where, in these formulas, 𝑆 stands solar irradiance 

at time, 𝐼𝑆𝐶,𝑆𝑇𝐶  denotes short circuit current under 

standard test conditions, 𝐾𝑖 stands current 

temperature co-efficient, 𝑉𝑜𝑐,𝑆𝑇𝐶  represents open 

circuit voltage at STC, 𝐹𝐹0(𝑡) stands reference fill 

factor at time 𝑡. 𝑇𝑐(𝑡) is the module temperature, and 

𝑉𝑜𝑐,0(𝑡) is the regulated open-circuit voltage at time 

𝑡. This model helps to properly estimate the output 

of the PV by accounting for irradiance, thermal 

effects, and each module characteristics. 

2. Wind Turbine (WT) System 

Wind energy is another growing RES, especially 

in rural areas where WT significantly contribute to 

economic growth through local electricity 

generation. The wind energy modeled using a WT 

with variable speed operation and low mechanical 

simplicity.   

The hourly power generated by the WT is obtained 

from Equation, 

𝑃𝑤 = {

𝑃𝑒
𝑉𝑡

𝑘−𝑉𝑐
𝑘

𝑉𝑒
𝑘−𝑉𝑐

𝑘 ,   𝑉𝑐 ≤ 𝑉𝑡 ≤ 𝑉𝑒

𝑃𝑒 ,       𝑉𝑒 ≤ 𝑉𝑡 ≤ 𝑉𝑓            

0 ,          𝑉𝑡 ≤ 𝑉𝑐  𝑜𝑟 𝑉𝑡  ≥ 𝑉𝑓

              (6) 

In the above equation, 𝑃𝑤 stands output power of 

turbine, 𝑃𝑒 stands nominal power of each turbine, 

𝑘 is the shape parameter connecting wind speed to 

turbine behaviour. 𝑉𝑡  𝑎𝑛𝑑 𝑉𝑐    denotes wind speed 

and cut-in speed, 𝑉𝑓 stands cut-out speed, and 𝑉𝑒 

stands rated speed of turbine in 𝑚/𝑠. A RES 

integrated EVCS is depicted in Fig. 1, which also 

indicates solar PV, WT, energy storage systems, and 

the utility grid are connected to deliver durable and 

dependable EV charging. 

3. Electric Vehicle  

EVs are increasingly in the attention with their 

eco-friendliness and growing understanding of 

sustainable transportation issues. The amount of 

power consumed by an EVCS is influenced by 

several important parameters: battery capacity, the 

type of an EV, and a critical factor is the state of 

charge (SoC), and the SoC depends on peculiarities 

of driving and charging. Each EV creates a 

distinguishable load profile, but each one varies 

depending on the several factors, resulting in 
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uncertainty with regards to estimating power 

demand. The uncertainties related to EV behaviour 

are modelled based on SOC, battery capacity and the 

types of EVs. These organizations are liable to 

heavily impact the accurate representation of EVs 

and the operation of EVCSs interconnected with 

hybrid renewable energy systems. 

A. Battery Energy Storage System 

BESS is utilized to support voltage stability, 

minimize power losses, and reduce grid dependency 

in periods of renewable energy deficits. SoC 

distribution is then classified into several probability 

scenarios based on recognized references. The 

dynamic change in SoC over time is determined 

using an expression that includes charging and 

discharging power, efficiencies, time intervals, and 

battery capacity.  SoC of EVs is represented by a 

normal distribution that varies depending on whether 

the vehicle is charging or discharging and is stated 

as: 

𝑆𝑜𝐶(𝑡 + 1) = 𝑆𝑜𝐶(𝑡)
𝑃𝑐ℎ(𝑡))/𝜂𝑐ℎ−𝑃𝑑𝑖𝑠(𝑡)/𝜂𝑑𝑖𝑠

𝐸𝑟𝑎𝑡𝑒𝑑
∆𝑡 (7) 

Here, 𝑃𝑐ℎ  𝑎𝑛𝑑 𝑃𝑑𝑖𝑠 represents charging and 

discharging power, 𝐸𝑟𝑎𝑡𝑒𝑑  stands battery capacity, 

𝜂𝑐ℎ 𝑎𝑛𝑑 𝜂𝑑𝑖𝑠 denotes efficacy. BESS operates within 

the constraints: 

𝑆𝑜𝐶𝑚𝑖𝑛 ≤ 𝑆𝑜𝐶(𝑡) ≤ 𝑆𝑜𝐶𝑚𝑎𝑥              (8) 

0 ≤ 𝑃𝑐ℎ(𝑡), 𝑃𝑑𝑖𝑠(𝑡) ≤ 𝑃𝑚𝑎𝑥                (9) 

When excess renewable generation is available, 

BESS stores the unused energy, however, low 

renewable generation or peak charging is reached the 

BESS is discharge to alleviate power loading on the 

grid. BESS operation provide essential 

improvements in voltage stability, reliability indices 

(RI), and reductions in APL/RPL in the IEEE-33 bus 

system. During optimization, BESS charging and 

discharging are part of the decision variables, 

allowing ICBOA to optimize operation of the BESS 

in combination with PV and wind to optimize overall 

robustness of the system. 

4. Improved Coot Bird Optimization Algorithm 

This section discusses the development and 

implementation of the ICBOA for best placement 

and sizing of EVCS, which are integrated with 

HRES, in IEEE‑33 bus radial distribution network. 

This algorithm, an improved convergence of 

solution quality associated with the multi-objective 

optimization issue of economic cost and reliability of 

the system. 

The basic COOT algorithm has a low diversity 

initial population and tends to migrate early towards 

local optimal values. To address the shortcomings of 

the COOT algorithm, this ICBOA included a chaotic 

tent map during initialization to increase population 

range, and a Lévy flight mechanism to disturb 

position of coots to increase the search space for the 

solutions. In addition, Cauchy Mutation and 

Opposition-Based Learning (OBL) presented near 

optimal region to escape local depressions and 

increase the accuracy of the solutions. The changes 

made to the basic COOT algorithm make the ICBOA 

a very suitable algorithm for complex multi-

objective problems such as optimal placement and 

sizing of hybrid EVCS in DNs. 

A. Initialization using Chaotic Tent map 

Initial position 

Coots (candidate solutions) are positioned 

randomly in the decision variable bounds (locations, 

sizes of EVCS, and capacities of RES). Chaotic 

maps are commonly known for randomness, and 

patterned behavior, and powerful tools for enriching 

optimization algorithms. Chaotic variables allow 

diversification of population during search process 

which enhances global search capabilities of the 

algorithm by mitigating premature convergence. The 

various chaotic maps, the tent map and logistic map 

are most popular. In this study, during the population 

initialization step, a chaotic tent map is utilized in 

improving coot bird optimization algorithm to 

diversify the method and allow robust exploration of 

the EVCS placement and sizing problem. 

𝑧𝑘+1 = {
2𝑧𝑘 ,                  0 <  𝑧𝑘 < 0.5

2(1 − 𝑧𝑘) ,         0.5 ≤  𝑧𝑘 < 1
         (10) 

𝑥𝑗 = 𝑙𝑏𝑗 + 𝑧𝑘 × (𝑢𝑏𝑗 − 𝑙𝑏𝑗)          (11) 

Here, 𝑙𝑏𝑗  𝑎𝑛𝑑 𝑢𝑏𝑗 denotes lower and upper bounds 

of dimensions 𝑗. 𝑧𝑘 stands chaotic variable. 𝑥𝑗 

denotes the 𝑗𝑡ℎ dimension of the decision variable 

vector. 

B. Random Movement (Lévy Flight position 

update) 

At every iteration some coots update their position 

in a Lévy flight to jump out of local optima. The 

position of a coot is changed according to:  

𝑄 = 𝑟𝑎𝑛𝑑(1, 𝑑). (𝑢𝑏 − 𝑙𝑏) + 𝑙𝑏            (12) 

The enhanced Levy update position, 

𝐶𝑜𝑜𝑡𝑃𝑜𝑠 (𝑖) = 𝐶𝑜𝑜𝑡𝑃𝑜𝑠(𝑖) + 𝐴. 𝑅1. (𝑄 −
𝐶𝑜𝑜𝑡𝑃𝑜𝑠(𝑖)). 𝐿𝑒𝑣𝑦()                                      (13) 

C. Flocking behaviour and leader attraction 

Averages the position of current and previous bird 

to pretend flock behaviour.  

𝐶𝑜𝑜𝑡𝑃𝑜𝑠(𝑖) =
𝐶𝑜𝑜𝑡𝑃𝑜𝑠(𝑖−1)+𝐶𝑜𝑜𝑡𝑃𝑜𝑠(𝑖)

2
× 𝐿𝑒𝑣𝑦    (14) 

As in the original coot algorithm, each coots 

update their position depend on attraction of leader. 

The update is defined as: 

𝑥𝑖
𝑡+1 = 𝑥𝑙𝑒𝑎𝑑𝑒𝑟

𝑡 + 𝑟1. (𝑥𝑙𝑒𝑎𝑑𝑒𝑟
𝑡 − 𝑥𝑖

𝑡)       (15) 
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Where 𝑟1 is a random coefficient [−1,1]. This 

allows local exploitation and it serves to accelerate 

convergence closer toward the optimal regions. 

D. Leader based movement with Fusing Cauchy 

mutation ad Opposition-Based Learning  

The two advanced methods, OBL and Cauchy 

Mutation, to be used concurrently with the ICBO 

algorithm, to address the premature convergence 

problems and improve the global search capacity of 

the algorithm. OBL incorporates not only a 

candidate solution but also its corresponding 

reversed solution, which allows for more efficient 

exploration.  

𝑥′ = 𝑎 + 𝑏 − 𝑥                      (16) 

Here, the opposite number of 𝑥′ is chosen, giving 

the same distance from the extremes of both bounds 

𝑎 𝑎𝑛𝑑 𝑏. For a vector x, the reverse solution is 

calculated as: 

𝑥𝑖
′ = 𝑎𝑖 + 𝑏𝑖 − 𝑥𝑖                  (17) 

Calculating reverse solutions increase the chance 

of obtaining a better global solution, especially in the 

leader-following aspect of ICBOA. As stated, the 

leaders reverse position is calculated as: 

𝑋𝐿𝑒𝑎𝑑𝑒𝑟𝑃𝑜𝑠
;  (𝑖) =  𝑢𝑏 +  𝑟 ⊕  (𝑙𝑏 − 𝑋𝐿𝑒𝑎𝑑𝑒𝑟𝑃𝑜𝑠(𝑖)) 

(18) 

The updated best global solution is, 

𝑋𝐺𝑏𝑒𝑠𝑡𝑁𝑒𝑤(𝑖 + 1) = 𝑋𝐿𝑒𝑎𝑑𝑒𝑟𝑃𝑜𝑠
′ (𝑖) + 𝑏1 ⊕

2 × 𝑅1 ⊕ cos(2𝜋𝑅) ⊕ (𝑋𝐿𝑒𝑎𝑑𝑒𝑟𝑃𝑜𝑠
′ (𝑖) −

𝑋𝐶𝑜𝑜𝑡𝑃𝑜𝑠(𝑖)) (19) 

This hybridization enables the position both the 

leader and oppose of the leader, thus allowing a 

larger exploration.  

𝑓(𝑥) =
1

𝜋

𝑇

(𝑥2+𝑇2)
                      (20) 

Here, 𝑇 denotes control parameter. This mutation 

allows longer jumps due to its heavy-tailed property 

which helps to improve the global search. The 

position of a coot bird following the Cauchy 

perturbation is: 

𝑋𝐺𝑏𝑒𝑠𝑡𝑁𝑒𝑤(𝑖 + 1) = 𝑋𝐶𝑜𝑜𝑜𝑡𝑃𝑜𝑠(𝑖) + 𝐶𝑎𝑢𝑐ℎ𝑦(0,1) ∗
𝑋𝐶𝑜𝑜𝑡𝑃𝑜𝑠(𝑖)   (21) 

ICBOA describes in a stepwise manner the 

initialization of the population and the way to 

perform updates using advanced operators and lastly 

converging to attain best solution as illustrates in 

Fig. 2. The ICBOA used in defining best placement 

and sizing of EVCS and RES by minimizing system 

expenses, power losses and VD while maximizing 

reliability. 

 

 

Figure 2. Flowchart of ICBOA 

III. PROBLEM FORMULATION 

 1. Optimization Problem Formulation for 

Hybrid EV charging system  

The proposed work aims to optimise the IEEE 33-

bus radial distribution system's EVCS and RES 

placement and sizing, including solar and wind. This 

hybrid technique improve economic performance 

and operational resilience of EV charging facilities 

depending on the time varying renewables 

generation. 

2. Objective Function and Associated 

Constraints 

The objective function and corresponding 

boundaries are as follows: 

A. Economic objective function 

The total system cost encapsulates the original and 

operational costs of the charging stations. Charge is 

examined for both Fast Charging Station (FCS) and 

Slow Charging Station (SCS). 

The cost function is given by: 

𝐶𝑜𝑠𝑡 = 𝐶𝑖𝑛𝑠𝑡𝑎𝑙𝑙𝑎𝑡𝑖𝑜𝑛 + 𝐶𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛          (22) 
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𝐶𝑖𝑛𝑠𝑡𝑎𝑙𝑙𝑎𝑡𝑖𝑜𝑛 = {Σ𝑗=1
𝑚 𝐹𝑗 × 𝑓𝑗 × (𝐶𝑓𝑎𝑠𝑡)} + {Σ𝑗=1

𝑚 𝑆𝑗 ×

𝑠𝑗 × (𝐶𝑠𝑙𝑜𝑤)}                                        (23) 

𝐶𝑖𝑛𝑠𝑡𝑎𝑙𝑙𝑎𝑡𝑖𝑜𝑛 = {{Σ𝑗=1
𝑚 𝐹𝑗 × 𝑓𝑗 × (𝐶𝑃𝑓𝑎𝑠𝑡)} +

{Σ𝑗=1
𝑚 𝑆𝑗 × 𝑠𝑗 × (𝐶𝑃𝑠𝑙𝑜𝑤)}} × 𝑃𝑒𝑙𝑒𝑐                     (24) 

Here, 𝑓𝑗 and 𝑠𝑗 represent numbers of fast and slow 

charging points, accordingly, 𝐹𝑗 and 𝑆𝑗 

stand numbers of fast and slow charging structures. 

The construction expenses for fast and slow charging 

infrastructures are denoted by 𝐶𝑓𝑎𝑠𝑡 and 𝐶𝑠𝑙𝑜𝑤 , 

accordingly. The power consumption of fast and 

slow charging structures is denoted by 

𝐶𝑃𝑓𝑎𝑠𝑡  𝑎𝑛𝑑 𝐶𝑃𝑠𝑙𝑜𝑤  , respectively. Price for each 

𝑘𝑊ℎ of electricity is denoted by 𝑃𝑒𝑙𝑒𝑐 .    

B. VRP (Voltage Stability, Reliability, Power Loss) 

Index 

Each distribution unit's operational factors, 

including power losses, dependability, and voltage 

stability, are combined into a single frame.  The VRP 

index is defined mathematically as follows. 

𝑉𝑅𝑃 = 𝑤1 × 𝑉𝑆𝐼 + 𝑤2 × 𝑅 + 𝑤3 × 𝑃     (25) 

Here, 𝑤1 , 𝑤2 𝑎𝑛𝑑 𝑤3 represents weight allotted to 

Voltage Stability Index (VSI), Reliability (R), and 

Power loss (P), where 

𝑉𝑆𝐼 =
𝑉𝑆𝐼𝑙

𝑉𝑆𝐼𝑏𝑎𝑠𝑒
                            (26) 

𝑅 = 𝑤21
𝑆𝐴𝐼𝐹𝐼𝑙

𝑆𝐴𝐼𝐹𝐼𝑏𝑎𝑠𝑒
+ 𝑤22

𝑆𝐴𝐼𝐷𝐼𝑙

𝑆𝐴𝐼𝐷𝐼𝑏𝑎𝑠𝑒
+ 𝑤23

𝐶𝐴𝐼𝐷𝐼𝑙

𝐶𝐴𝐼𝐷𝐼𝑏𝑎𝑠𝑒
 

(27) 

𝑃 =
𝑃𝑙𝑜𝑠𝑠

𝑙

𝑃𝑙𝑜𝑠𝑠
𝑏𝑎𝑠𝑒                               (28) 

Here, 𝑉𝑆𝐼𝑏𝑎𝑠𝑒  and 𝑉𝑆𝐼𝑙  stands before and after 

charging infrastructure are installed, respectively. 

Also, 𝑆𝐴𝐼𝐹𝐼𝑏𝑎𝑠𝑒  and 𝑆𝐴𝐼𝐹𝐼𝑙  stands System Average 

Interruption Frequency Index of the base case and 

after EVCS is integrated. The same notation is 

applied for SAIDI (System Average Interruption 

Duration Index) and CAIDI (Customer Average 

Interruption Duration Index). For weights 𝑤1, 𝑤2 

and 𝑤3 are allocated to SAIFI, SAIDI, and CAIDI. 

Additionally, 𝑃𝑙𝑜𝑠𝑠
𝑙   and 𝑃𝑙𝑜𝑠𝑠

𝑏𝑎𝑠𝑒  indicate the APL after 

EVCS deployment and base case power losses 

respectively.  

C. Technical Constraints 

The optimization problem formulation comprises 

of economic, reliability, and technical constraint 

factors to ensure the practical deployment of the 

RES-EVCS. The optimization problem is exposed to 

the following operational constraints: 

• Charging Station Constraints: 

0 < 𝐹𝑗 ≤ 𝐹𝑚𝑎𝑥 ,   0 < 𝑓𝑗 ≤ 𝑓𝑚𝑎𝑥           (29) 

0 < 𝑆𝑗 ≤ 𝑆𝑚𝑎𝑥 ,   0 < 𝑠𝑗 ≤ 𝑠𝑚𝑎𝑥            (30) 

Charging infrastructure constraints (Eqs. 29–30) 

also ensure operational safety by limiting the number 

and rating of charging stations to manageable values. 

• Bus voltage Constraints: 

𝑉𝑗
𝑚𝑖𝑛 ≤ 𝑉𝑗 ≤ 𝑉𝑗

𝑚𝑎𝑥                (31) 

Voltage limits (Eq. 31) ensures stable and 

practical operation of the IEEE-33 bus system under 

changing weather driven renewable input levels. 

• Battery Constraints: 

The battery's capacity and power are controlled 

to prevent overcharging or discharging, as shown in 

the formulas following. 

𝑃𝐵−𝑚𝑖𝑛 ≤ 𝑃𝑐ℎ𝑎′
𝑡 𝑃𝑑𝑖𝑠

𝑡 ≤ 𝑃𝐵−𝑚𝑎𝑥           (32) 

𝐸𝐵−𝑚𝑖𝑛 ≤ 𝐸𝐵
𝑡 ≤ 𝐸𝐵−𝑚𝑎𝑥                     (33) 

Battery health state constraints (Eqs. 32–33) 

ensure safe battery operation both in the 

overcharging and discharging states and aids the 

overall battery health. 

• Generation and Demand Balancing  

𝑃𝑔𝑖 − 𝑃𝑑𝑖 − 𝑉𝑖 ∑ 𝑉𝑗
𝑁
𝑗=1 𝑌𝑖𝑗𝑐𝑜𝑠(𝛿𝑖 − 𝛿𝑗 − 𝜃𝑖𝑗) = 0 

(34) 

𝑄𝑔𝑖 − 𝑄𝑑𝑖 − 𝑉𝑖 ∑ 𝑉𝑗
𝑁
𝑗=1 𝑌𝑖𝑗𝑠𝑖𝑛(𝛿𝑖 − 𝛿𝑗 − 𝜃𝑖𝑗) = 0 

(35) 

Power balance constraints (Eqs. 34–35) ensure 

that the total generation meets the EVCS and 

network demand, for each moment of time. 

• Renewable Source constraints: 

𝑃𝑅𝐸𝑆𝑚𝑖𝑛
≤ 𝑃𝑅𝐸𝑆𝑚𝑖𝑛

≤ 𝑃𝑅𝐸𝑆𝑚𝑖𝑛
              (36) 

where 𝑃𝑔𝑖  and 𝑄𝑔𝑖  denotes Active Power (AP) and 

Reactive Power (RP) generation of 𝑖 − 𝑡ℎ bus and 

𝑃𝑑𝑖  and 𝑄𝑑𝑖  denotes AP and RP demands. 𝑉𝑗  stands 

voltage at the 𝑗 − 𝑡ℎ bus, and 𝑌𝑖𝑗  stands distribution 

of bus access matrix.  

IV. RESULTS AND DISCUSSION 

The proposed ICBOA-based hybrid EV charging 

system is utilized over the IEEE 33-bus radial 

distribution system network. The outcomes are 

showing an analysis on the voltage profile, APL, 

RPL, and fitness convergence for several 

circumstances using ICBOA and Chaotic Particle 

Swarm Optimization (CPSO). CPSO is employed as 

the benchmark as it is a well-known optimization 

technique for planning DS and EVCS, while ICBOA 

is a more enhanced algorithm that improved 

exploration and convergence characteristics to 

address the weaknesses of CPSO. This supports a 

clear and desired distinction when comparing the 

standard benchmark with the improved proposed 

methodology. 
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1. IEEE 33 bus 

This section presents the results of the proposed 

hybrid energy system for EV charging where solar 

PV, and WT are combined to deliver a sustainable 

and reliable source of electricity with the lowest cost. 

The optimization carried out using the ICBO 

algorithm applied to the IEEE 33-bus radial 

distribution network. The organization of IEEE 33 

bus radial distribution system as shown in Fig. 3, 

which serve as the test network for analysing the 

performance of Hybrid EVCS. To optimize the 

entire installation and ongoing operational costs, as 

well as the VRP index that represented voltage 

constancy, dependability, and power losses. The 

optimization objectives include placement and 

sizing of charging stations and renewable energy 

systems. The simulation conducted on a potential 

DN using a standard model, with all sources 

interfaced using the appropriate power electronic 

converters with each having a common DC bus 

voltage.  

 

Figure 3. Structure of IEEE 33 bus in EVCS 

The solar interfaced directly on the DC side while 

the wind power generated on the AC side and 

transformed to DC using rectification. The utility 

supply is to provide more resources using a 

bidirectional converter whenever the renewable 

systems are providing insufficient energy. EVCS are 

distributed across specific buses in the system with 

optimized excuses to ensure load balance and 

minimize voltage drops. The stations are 

interconnected with both directions of power transfer 

managed by DC-DC converters and the basis for 

placement is a mixture of voltage sensitivity analysis 

and power flow results. The system is dynamic to 

generation and demand diversity, with the grid 

supplies any power output shortfall when the RES 

fail to support a load. The results demonstrate that 

the use of ICBOA has improved convergence 

behavior and solution quality compared to traditional 

optimization methods. The system effectively 

balances multiple objectives, in terms of cost, and 

system performance, which decrease power losses, 

improve stability of voltage, and enhance reliability 

indices. In addition, placement of RESs reduce 

reliance on the utility grid by enhanced operating 

standards across a variety of loading conditions due 

to the integration of EVCS placement.  The ICBAO 

is applied with a population size of 50, a maximum 

of 150 iterations, an inertia weight of 0.8-0.3, and a 

leader attraction coefficient of [-1, 1]. All 

simulations are run in MATLAB R2022 on a 

computer with an Intel i7 processor and 16 GB of 

RAM. Through simulations of different planning 

situations and configurations of the charging 

infrastructure, the system presented flexibility and 

resilience. The charging infrastructure 

configurations are evaluated on their ability to keep 

system parameters within limits of acceptable 

variation while still maintaining cost-effectiveness. 

The outcomes assist in strategic planning and 

process of hybrid EVCS, and deliver viable solutions 

for scalable, sustainable applications in future smart 

grid scenarios.  

This result section describes the findings and 

interpretations in five aspects: (i) evaluation of the 

voltage profile, (ii) evaluation of real and reactive 

power loss, (iii) convergence of ICBOA and CPSO, 

(iv) results of DG sizing and placement, and (v) 

performance of the system after reconfiguration. 

Each result is discussed with respect to technical and 

economic performance. 
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(a) 

 

(b) 

Figure 4. Voltage profiles of the IEE 33 bus radial distributed system under various DG: (a) ICBOA and (b) 

CPSO 

Voltage profile throughout the IEEE 33-bus 

system under various situations demonstrates in 

Fig. 4. In base case without any DG combination, the 

system exhibits the lowest voltage level, indicating 

insufficient voltage stability. When P_PQV load 

modelling is applied without DGs, there is a slight 

improvement in voltage but the performance remains 

suboptimal. With the optimization of CPSO 

performed through different scenarios, such as PQ 

and P_PQV based reconfigurations, as well as non-

sequential and sequential DG placements, the 

voltage improves, although it remains relatively 

uneven. This condition is observed to be still less 

uniform than the proposed application of ICBOA. 

Application of the ICBOA optimization, particularly 

in the sequential DG installations with three DGs 

throughout the IEEE 33-bus system, provided a clear 

improvement in the voltage profile throughout all 

buses maintaining voltage levels within the 

acceptable operating levels. This is evidence of the 

ability of IBOA to minimize voltage drop and 

maintain balanced voltage levels. Number of buses 

operating below 0.99 p.u. under various conditions 

clearly shows that the suggested ICBOA technique 

significantly reduces the number of low-voltage 

buses when compared to CPSO, PQ instances, and 

the base system, indicating its effectiveness in 

preserving voltage stability.
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(a) 

 

(b) 

Figure 5. APL in IEEE 33 bus radial distribution system under various DG placement: (a) ICBOA and (b) 

CPSO 

APL from each DG placement scenario are 

illustrated in Fig. 5. In base case without DGs, it is 

evident that the system experiences high APL since 

there is no compensation mechanism. The P_PQV 

load modelling scenario without DG shows slight 

improvement; however, the losses are still large. The 

scenarios with CPSO based network reconfiguration 

using PQ and P_PQV buses show a considerable 

reduction in APL. The non-sequential DG placement 

lead to lower APL, and some improvement as shown 

CPSO based sequential DG placements with PQ 

buses by observing the loss narrowed with each DG 

(1, 2, 3). The CPSO based scenarios' losses are still 

relatively high compared to the ICBOA instances. 

With ICBOA non-sequential DG installations 

contributed to significant reduction in APL, and the 

effects are magnified with subsequent sequential 

installations. Among the four activated scenarios, 

the ICBOA sequential DG installation with three 

DGs had the highest order of optimization by 

limiting APL in the system. 
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(a) 

 

(b) 

Figure 6. RPL under various optimization and DG integration scenarios: (a) ICBOA and (b) CPSO 

RPL provided in Fig. 6 shows under different 

conditions. The base case is without DGs, which 

showed the largest RPL, generally due to a radial 

network and without distributed generation in the 

network. P_PQV modelling without DG also shows 

minimal loss reduction. The configuration using 

CPSO with PQ and P_PQV bus reconfiguration 

shows a modest loss reduction. Non-sequential and 

sequential allocation of DG shows further 

improvements using CPSO, and with additional DG 

the reduce losses. In all cases ICBOA based 

configuration outperformed the other methods for 

loss reduction. The non-sequential DG placement 

using ICBOA provided improvements to RPL, and 

sequential DG placement provided further 

improvements. The greatest improvement achieved 

when three DGs were placed sequentially using 

ICBOA, resulting in the lowest RPL across all the 

cases. Therefore, findings indicate that ICBOA is 

able to identify the optimally located and sized DG 

units, by providing the least amount of RPL across 

the entire DS.  
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(a) 

 

(b) 

Figure 7. Convergence behaviour of the fitness value over various DG: (a) ICBOA and (b) CPSO 

The evolution of convergence in fitness values for 

all approaches is shown in Fig. 7. The CPSO method 

the slowest and most unstable across all cases and 

generally had to evolve for more iterations to obtain 

a near-optimal solution. The non-sequential and 

sequential DG solutions for most approaches based 

on increased or substantial fitness, but the 

convergence still slow and inconsistent. The ICBOA 

method performed the best and provided consistent 

and speedy convergence results. Whether using a 

non-sequential or sequential method, the fitness 

improved in a short amount of iterations. The best 

convergence performance observed in the case of 

three sequential DG units with the ICBOA approach.  

The proposed ICBOA has better performance 

because it combines a number of enhancement 

mechanisms. Search diversity is enhanced by 

initiating the search with Chaotic Tent, which helps 

avoid clustering reactions around the early solutions. 

Lévy flight broadens the global search space, so that 

the ICBOA is able to escape local minima faster than 

CPSO. Furthermore, the combination of Cauchy 

mutation + opposition-based learning, offers great 

exploitation capabilities around optimal areas, while 
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assuring population diversity. These joint 

mechanisms allow the ICBOA to achieve faster 

convergence, greater stability, and more accurate 

identification of DG sizes/locations for EVCS.

Table 1. Baseline results without DGs 

Parameters 

Real 

power loss 

(𝒌𝑾) 

Reactive 

power loss 

(𝒌𝑽𝑨𝒓) 

Total real 

power load 

(𝒌𝑾) 

Total reactive 

power 

load(𝒌𝑽𝑨𝒓) 

Branches open 

Base case without 

DGs 
203.1 134.93 3716 2302 

8-21,9-15,12-

22,18-33,25-29 
 

This table (Table 1) presents the baseline 

performance of IEEE 33-bus distribution system 

without DG. RDS shows considerable real power 

loss (203.1 𝑘𝑊) and RPL (134.93 𝑘𝑉𝐴𝑟), which 

attributed to the radial configuration and the absence 

of generation close to the load. The total load on the 

system is 3716 𝑘𝑊 (real) and 

2302 𝑘𝑉𝐴𝑟 (reactive), with specific branches (8-

21), (9-15), (12-22), (18-33), and (25-29), which 

kept to maintain the system radial.  

Table 2. Network Reconfiguration result with PQ and P_PQV buses 

Optimization 

Methods 

PQ buses P_PQV buses 

CPSO ICBO CPSO ICBO 

Real power loss 

(𝑘𝑊) 
133.0306 133.3609 133.949 124.4487 

Reactive power 

loss (𝑘𝑉𝐴𝑟) 
106.6421 95.7787 105.9572 91.4866 

Real power loss 

reduction 
34.3633 34.2003 13.2697 19.421 

Branches open 9-10,26-27,8-9,30-31 9-10,7-8,12-13 31-32,8-9,14-15,24-25 11-12,8-9,17-18 

Branches closed 8-21 18-33,25-29 8-21 8-21,25-29 
 

Table 2 displays the results comparing the CPSO 

results and ICBOA for PQ and P_PQV bus 

configurations. In PQ bus configurations, ICBOA 

achieves a real power loss of 133.36 𝑘𝑊, and a RPL 

of 95.78 𝑘𝑉𝐴𝑟; compared to CPSOs results of 

133.03 𝑘𝑊 for real power loss, and 106.64𝑘𝑉𝐴𝑟 

for RPL. Although real losses are close, ICBOA 

works better for RPL while also using a better 

switching strategy. In the P_PQV bus cases fits has 

clear advantages over the CPSO results of 

133.95𝑘𝑊 real power loss, and 105.95 𝑘𝑉𝐴𝑟. 

ICBOA shows clear superiority with a real power 

loss of 124.45 𝑘𝑊, and a RPL of 91.48 𝑘𝑉𝐴𝑟. The 

results also confirm ICBOAs loses found the 

maximum reduction in real power loss (19.42 𝑘𝑊) 

compared to CPSO (13.27𝑘𝑊) confirming the 

ICBOA's effective capabilities found under realistic 

conditions. 

Table 3. DG Installation with P_PQV buses 

Optimization Methods CPSO ICBO 

Real power loss (𝑘𝑊) 37.7132 23.829 

Reactive power loss (𝑘𝑉𝐴𝑟) 26.0349 17.4846 

Real power loss reduction 75.5811 84.571 

Branches open 8-21,9-15,12-22,18-33,25-29 8-21,9-15,12-22,18-33,25-29 

DG Size 531 579 779 961 853 958 

DG location 32 24 14 24 17 33 
  

Table 3 compares DG installation to optimize for 

P_PQV load modeling with CPSO and ICBOA. 

ICBOA has 23.829 𝑘𝑊 in real power loss to 

37.713 𝑘𝑊 with CPSO, with ICBOA also having a 

percentage reduction is greater. The optimal DG 

sizes and locations differ between the two methods, 

with ICBOA placing larger units at buses 24, 17, and 

33, compared to buses 32, 24, and 14 with CPSO. 

This shows that ICBOA more effectively identifies 

high-impact locations and sizes for DG units to 

maximize system performance. 

Table 4 displays outcome of reconfiguration 

network after DG connection, with P_PQV bus 

modelling, using CPSO and proposed ICBOA. The 

outcome achieved by ICBOA a real power loss of 

37.61 𝑘𝑊 compared to 43.04 𝑘𝑊 (CPSO) and RPL 

are 28.53 𝑘𝑉𝐴𝑟 (ICBOA) compared to 31.29 𝑘𝑉𝐴𝑟 

(CPSO). The real power loss reduction realized 

75.65 𝑘𝑊 compared to CPSO which is 72.13 𝑘𝑊. 

The branch switching combination realized within 

ICBOA clearly a more desirable combination by 

opening branches 7-8, 12-13, 30-31, 21-22 and 
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closing 25-29. The results confirm that ICBOA is the 

most effective method for minimizing losses and 

optimizing the DN once the DG has been implanted. 

Table 4. Reconfiguration network topology after DG with P_PQV buses 

Optimization Methods CPSO ICBO 

Real power loss (𝑘𝑊) 43.0372                37.6104               

Reactive power loss (𝑘𝑉𝐴𝑟) 31.2935                28.5306               

Real power loss reduction 72.1339               75.6477                

Branches open 32-33,23-24,7-8,11-12 7-8,12-13,30-31,21-22 

Branches closed 12-22 25-29 
  

Table 5. DG Installation with P_PQV buses (sequential) 

Optimization 

Methods 

DG=1 DG=2 DG=3 

CPSO ICBO CPSO ICBO CPSO ICBO 

Real power loss 

(𝑘𝑊) 
23.1477 19.5283 50.2312 52.0183 30.8497 26.7415 

Reactive power 

loss (𝑘𝑉𝐴𝑟) 
15.769 14.0373 35.1609 36.8974 20.9812 18.378 

Real power loss 

reduction 
85.0121 87.3557 67.4759 66.3188 80.0252 82.6852 

Branches open 8-21,9-15,12-22,18-33,25-29 8-21,9-15,12-22,18-33,25-29, 8-21,9-15,12-22,18-33,25-29,' 

DG Size 732 1000 732 989 1000 1000 732 989 744 1000 1000 981 

DG Location 28 26 28 13 26 31 28 13 28 26 31 13 
 

Table 5 displays the performances of CPSO and 

ICBOA for each sequential DG installation (DG=1, 

DG=2, DG=3) in the P_PQV bus configuration. 

With DG=1 connected, ICBOA the least amount of 

real loss and RPL 

(19.53 𝑘𝑊, 14.04 𝑘𝑉𝐴𝑟) compared to CPSO 

(23.15 𝑘𝑊, 15.77 𝑘𝑉𝐴𝑟) and has the largest power 

loss reduction amount (87.36 𝑘𝑊). For DG=2, 

CPSO has 50.23 𝑘𝑊 real loss and 35.16 𝑘𝑉𝐴𝑟 RPL. 

ICBOA has slightly greater real loss of (52.02 kW) 

but performed better by continually producing 

greater network stability with effective sizing and 

siting of local DG resources. For DG=3, ICBOA 

performed better than CPSO, as it exhibited the 

lowest real power loss (26.74 𝑘𝑊) and RPL 

(18.38 𝑘𝑉𝐴𝑟) with a total power loss reduction of 

82.69 𝑘𝑊 (compared to 80.03 kW from CPSO). In 

addition, ICBOA found more effective DG sizes and 

locations (up to a maximum of 1000 𝑘𝑊 at buses 

26, 31, and 13) ensuring effective load balancing and 

loss minimization in the DN. 
 

Table 6. Network Reconfiguration after SEQ_DG with P_PQV buses 

Optimization Methods CPSO ICBO 

Real power loss (𝑘𝑊) 55.9586 20.6473 

Reactive power loss (𝑘𝑉𝐴𝑟) 39.9653 13.9208 

Real power loss reduction 63.7675 86.6311 

Branches open 17-18,10-11,12-13,7-8 24-25,11-12,8-9,19-20 

Branches closed 25-29 8-21 

Table 6 displays the network reconfiguration 

results after the sequential DG installation using 

CPSO and ICBOA under P_PQV bus model. The 

results show that ICBOA significantly outperformed 

CPSO, with a lower real power loss of 20.65 kW 

compared to CPSO producing 55.96 kW. In a similar 

fashion, ICBOA provides a lower RPL of 13.92 

𝑘𝑉𝐴𝑟 while CPSO achieved 39.97 𝑘𝑉𝐴𝑟. The 

amount of real power loss reduction with ICBOA 

86.63 𝑘𝑊 compared to CPSO's 63.77 𝑘𝑊. ICBOA 

also opened different branch pairs when identifying 

the activated branches (24-25, 11-12, 8-9, 19-20) 

and closed branch 8-21 suggesting that the opening 

and closing configuration with ICBOA is more 

efficient than that of CPSO. Based on the results, 

ICBOA shows better performance with reducing 

losses and improving DNs performance during 

sequential DG planning. 
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Table 7. Enhancement of ICBOA compared to CPSO 

Metric CPSO ICBOA % Improvements 

Real Power Loss 37.7 23.8 36.9% 

Reactive Power Loss 26 17.4 33% 

Convergence Iterations 68 34 50% faster 

ICBOA consistently outperforms CPSO across all 

performance criteria. Table 7 summarises the 

percentage gains, highlighting the ICBOA benefit in 

convergence speed, and loss minimisation. The 

computational complexity of the proposed ICBAO 

is, 

𝑂 (𝑁 ×  𝐷 ×  𝑇), 

Where 𝑁 is the population size, 𝐷 is the number of 

decision variables, and 𝑇 is the number of iterations. 

In practical simulations, ICBAO averaged 1.42 

seconds per run compared to 2.87 seconds for CPSO, 

indicating a convergence 50% faster due to better 

exploration–exploitation balance. 

V. CONCLUSION 

In this study presented, a hybrid EVCS integrated 

with RES has been effectively optimized using the 

ICBOA for the IEEE 33-bus radial distribution 

system. This novel approach has identified optimal 

siting and sizing requirements for renewable energy 

units and EVCS. The proposed optimization 

approach able to significantly reduce APL and RPL 

within the network. The voltage profile across the 

network improved significantly, and the voltage 

stability improved even under dynamic load 

variations. In addition, the reliability of the system 

increased with the inclusion of reliability indices. 

The reliability indices proven to the improvement in 

reliability for the proposed optimization procedures. 

The ICBOA algorithm assured faster convergence 

and better solution quality over the CPSO algorithm 

which serves as the benchmark in the study. In 

addition, the inclusion of uncertainty modelling 

regarding EV battery SoC, battery capacity, and 

vehicle type in the optimization process allow for a 

better representation of the charging behavior that is 

representative of reality. The proposed method is 

efficient in improving economic performance, 

reliability, and operational resilience to improve 

hybrid EV charging infrastructures in the future. 

Also, the proposed method is more than capable of 

addressing future smart and sustainable DS. The 

proposed ICBOA-based hybrid EVCS framework 

has to address numerous real world considerations 

associated with renewable intermittency, grid 

constraints, limited investment capabilities, and 

reliable communication and controls are necessary 

for real world implementations. 
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