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1.Introduction 
The rapid development of electric vehicles (EVs) has 

placed a significant pressure on the necessity of 

establishment of an efficient control framework for the 

power grid system [1]. The electrical grid is put under 

an inordinate amount of stress during the EV charging 

process, which causes voltage fluctuations and supply 

shortages [2]. As the number of plug-in electric 

vehicles (PEVs) grow, so does the growing demand 

for internal combustion engines, which are used to 

drive vehicles. 
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PEVs have larger storage batteries than the latest 

models of energy vehicles, such as blended EVs, 

which makes them suitable for taking part in grid-to-

vehicle (G2V) or vehicle-to-grid (V2G) [3]. 

Technological solutions to the operational and 

environmental problems that existing energy systems 

experience, are found in the integration of renewable 

energy sources and EV into power grids [4].   

 

Achieving sustainable development goals, especially 

those related to lowering carbon emissions and 

improving energy efficiency, depends heavily on this 

integration. With the help of technologies like V2G 

and G2V, EVs are considered as dynamic energy 

storage alternatives in addition to being a means of 

mobility [5]. The integration increases their ability to 
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Abstract  
Electric vehicles (EVs) are a specific class of vehicles that use one or more electric motors to create propulsion. Numerous 

recent research studies have focused on energy storage systems (ESS) as a major research area. However, as EV usage 

grows, there are several challenges related to the electricity required for charging that result in peak demand of smart grids 

with EV stations. The probable impacts of integrating EVs and photovoltaic (PV) into the grid, on certain individuals, are 

the subjects of numerous researches. The main motivation for PV’s incorporation in grid-to-vehicle (G2V) and vehicle-to-

grid (V2G) services is to provide supplementary power services to preserve the grid stability. PV arrays have to meet one 

more need before they choose to offer V2G services. Controlling the power between different load and source conditions 

requires a number of analyses. Therefore, a hybrid intuitive model was developed that implements a honey badger algorithm 

and artificial neural network (HBA-ANN) controller to balance grids and frequency. With the inclusion of PV generation, 

the proposed HBA-ANN optimizes the G2V or V2G outline of the EVs using dynamic programming. The result analysis 

clearly shows that the proposed HBA-ANN controller's overall efficacy surpasses that of existing controllers based on 

artificial neural network-based particle swarm optimization (ANN-PSO) and resettable integrator (RI). The evaluation, 

conducted in terms of overall harmonic distortion, power loss, and efficiency, demonstrates that the proposed HBA-ANN 

controller achieves 3.26%, 0.186 kW, and 97.14%, respectively. 
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control grid loads and power balance, which 

strengthens and stabilizes energy systems. The prior 

researches wherein several industries and information 

technology architectures connected to smart systems, 

are not actually in line with certain standards [6]. 

Successful EV management is capable of improving 

the dependability and steadiness of power systems [7]. 

Additionally, it makes possible the use of sources like 

imperishable energy and increases the system 

effectiveness entirely [8]. Also, this EV has the 

potential to improve dependability and stability of 

electricity networks [9]. Additionally, the energy 

storage system (ESS) operation and supervision in 

standalone power systems are made possible by the 

energy management system (EMS) [10]. As a 

specialized electricity load, EVs are used as mobile 

storage devices to help with load balancing in the 

power grid [11]. Furthermore, advancements in EVs 

help and affect the grid in a number of ways, such as 

reactive power compensation, load levelling, peak 

load shaving, voltage as well as frequency regulation, 

and smooth incorporation of renewable sources. It 

does, however, have certain detrimental effects on the 

grid [12]. 

 

According to recent studies, EVs are clearly superior 

to other conventional energy-efficient devices in terms 

of ease of use and environmental friendliness. Due to 

their increased efficiency, EVs are probably going to 

become more and more popular, particularly in urban 

cities [13]. Electrical drives powered by batteries, 

petrol or semiconductors also possess the ability to 

provide 60 Hz frequency range. Recently, many 

decision-making applications have shown the 

effectiveness of the model-free methodology [14]. It 

does not require previous system knowledge; instead, 

it picks up a good control technique and uses it to 

respond correctly for achieving the desired outcomes 

[15]. The batteries of EVs used as storage along with 

two-way converter, are hardly ever recorded. When 

employing EVs as an ESS, high-power rapid charging 

is advocated [16]. Previously V2G researches were 

conducted at a smart-grid facility intended to support 

the production of electricity from variable renewable 

energy sources. In addition to this, most published 

researches use both level 1 and level 2 charging for 

V2G technology [17]. Through V2G, excess 

electricity from EV is transferred to the smart grid. 

This innovative approach serves as a backup energy 

source and helps to meet the electricity demand during 

peak usage periods especially when weather-

dependent renewable sources are unavailable. 

Collectively, these works significantly focus on 

advancements in the fields of charging development 

and the integration of renewable energy, thereby 

setting the direction of future study [18]. The creative 

approaches highlight the enormous potential for 

further developments in EV charging optimization 

through renewable energy integration, and thus, offer 

a variety of strategies and enhancements not found in 

the literature. They also significantly improve the 

economic and environmental performance of EV 

charging systems [19]. However, certain limitations 

are noted in the studies that currently exist, along with 

some challenges faced by developed nations with 

noticeably larger EV infrastructure, in terms of safety 

problems and infrastructure issues (development and 

management) [20]. Therefore, the major objective of 

this study includes performing state-of-the-art current 

research on energy management at different levels. 

These involve energy supply and demand organization 

at charging stations via optimization of smart grids, by 

EV charging control methods. 

 

The contributions of this study are as follows: 

• A review of various battery and load connection 

topologies by utilizing a range of models. 

• An ESS, photovoltaic (PV) and EV energy 

distribution is suggested by the usage of an EMS 

called honey badger algorithm and artificial neural 

network (HBA-ANN). 

• The direct current (DC) bus voltage and converter 

current are controlled by using the HBA-ANN 

approach. The DC bus voltage is stabilized by using 

HBA-ANN control strategy. 

 

The organization of the rest of the manuscript is as 

follows: Section 2 explains the previous research 

conducted on the EMS present in EVs. Section 3 

reports on the implemented HBA-ANN strategy. The 

findings and explanations of the results are presented 

in Section 4 and Section 5. Finally, the conclusion is 

stated in Section 6. 

 

2.Related works  
In order to ensure accurate and stable energy 

extraction through the PV approach, even under 

differing sunlight circumstances, Nouri et al. [21] 

demonstrated a V2G system accompanied by intuitive 

management and ANN combined with the particle 

swarm optimization (PSO) algorithm, which proved 

beneficial for the EV battery. The downy logic 

controller guaranteed that the batteries of electric-

powered car were charged and discharged, and 

likewise, pre-arranged conditions have been used in 

conjunction with the constant voltage/constant current 

approach. But while EVs did not participate in 

management of energy, the energy ability depreciated, 

drawing attention to how crucial V2G functioning 

was. In these scenarios, the grid substituted for the 
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scarcity of energy, which exactly was not 

advantageous, in the commercial aspect. 

 

Cheng et al. [22] built a versatile switched reluctance 

motor (SRM) for plug-by Evs, using diverse handling 

and charging measures. In SRM, the motor handling 

mode was required to interpret the slow-down of the 

actions. The SRM windings were exploited to 

construct a periodic converter with PF control 

characteristics, to recharge the drive battery. The 

additional batteries were powered from the engine via 

an integrated half-bridge converter, but it produced 

higher loss. 

 

A novel method known as dual four-quadrant 

operation, with bidirectional converter for EVs, was 

presented by He et al. [23]. The goal of the research 

was to keep the load side current constant, while an 

EV was charged and discharged. The chargers of EV 

systematically transferred the two electricity flows, 

active and reactive, between EV batteries and the grid, 

by using a model predictive control (MPC) technique. 

In addition to active power exchange, a brand-new 

mode known as vehicle-for-grid was introduced. 

However, it took so long (three cycles or 60 

microseconds) to reply to a new instruction for the 

complete system. 

 

Kanimozhi et al. [24] proposed an efficient two-stage 

model using a resettable integrator (RI) approach, 

through which power factor correction (PFC) and DC 

voltages were supervised and regulated. In order to 

help the remedy diodes and converter switches, zero 

voltage switching (ZVS) and zero current switching 

(ZCS) were employed in the next phase. But when the 

diode latency was taken into account, the switching 

loss increased. 

 

A new technique called V2G was introduced by Justin 

et al. [25] using quicker charging battery. The EV 

batteries acted as capable and potential energy storage 

units in smart grids, which helped in the storage of 

additional useful energy with the aid of a small-scale 

power network. These batteries stored extra grid 

energy and returned it to the grid when required. A DC 

rapid charging station was part of the system for 

discharging the smart grid that was connected to the 

EVs. However, total harmonic distortion (THD) was 

obtained through a reliable inductor-capacitor-

inductor (LCL) filter design. The harmonic error was 

restricted in this research while also following the 

Institute of Electrical and Electronics Engineers 

(IEEE) regulations. 

 

The rule-based energy management strategy (RB-

EMS) was developed by Alsharif et al. [26] to control 

the power flow in the system. The RB-EMS’s precise 

response helped to meet the load demand as quickly as 

possible, at the lowest feasible operational cost. Still 

many arrangements were required to address the 

power quality problems in RB-EMS. 

 

A bidirectional converter with high voltage gain was 

created by Heydari-doostabad and O’donnell [27], to 

be used for V2G and G2V applications. The suggested 

model had advantages over other converters, as it 

included a wider range of voltage and current, making 

its architecture more practical and flexible. 

Nevertheless, V2G had a restricted voltage range, 

lacking a common ground among the data, which 

necessitated the use of additional switches and 

capacitors. 

 

The setup of a control for an EV charger that offered 

V2G services while reducing the current THD, was 

discovered by Gonzalez et al. [28]. The EV charger 

control’s current loop gain was increased to reduce 

THD, but by doing so, the stability of the charger 

controller was compromised. However, more 

consideration was supposed to be focussed on the aim 

of preserving the existence of V2G. 

 

For EV type applications involving on-board battery 

chargers, Ramos et al. [29] established a control 

method that reduced power wavelet of single-stage 

remote converter. This work offered a dominance 

method for reducing low-frequency variations in the 

power module, while maintaining overall dimensions 

and weight, without adding up current subordinate 

side elements. Nevertheless, the presented method was 

not up to the mark with respect to the productivity and 

efficiency metrics. 

 

Elshaer et al. [30] presented a unique DC-DC 

architecture which allowed a PEV to use the grid for 

recharging the battery. Here, one rectifier and an 

advanced supportive resistance were utilized by the 

two modules. Combined function of the two modules 

reduced the overall size and complexity of the onboard 

circuitry. Although the transistor, auxiliary gate and 

regulator were costly, these also extended the 

converter’s lifespan. But while the battery was being 

charged, the high voltage prevented it from operating 

in a better manner. 

 

A novel combination of an onboard charge converter 

with the car and extra battery, was proposed by Nam 

et al. [31]. An integrated low-voltage direct current 

(LDC) converter was included in a conceptually 

encompassed converter. On the secondary side, an 

extra circuit consisting of a resistor, was used to 

control the variation across rectifiers and remove 
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harmonics. But this design needed more equipment 

because some configurations required a lot of separate 

DC supplies. 

 

Zinchenko et al. [32] suggested a one-stage remote 

charger, which did not require the need for a 

transitional DC-link. In this research, the converter 

designed for use over alternate current (AC) line 

voltage, was installed on a separate switching 

transistor. The adapter’s performance features were 

what made it unique, while its continuous power 

recharging mode achieved an optimal efficiency. The 

suggested method removed the diode repossession 

features present in synchronous power converters to 

improve the efficiency. Unfortunately, the design of 

this converter necessitated use of an additional filter, 

which led to excessive output disruptions and poor 

transient adaptability. 

 

Shahir et al. [33] demonstrated a novel transformer-

less design for converters that reduced switch load in 

voltage management. This design was a good fit for 

greater-power, rapid-charging accumulator chargers 

for EV. The uninterrupted and interrupted current 

modes of the suggested converter were thoroughly 

analyzed in this study. The estimates were also 

provided for significant inductances and design factors 

related to the suggested controller. But when the diode 

delay was taken into account, the output impedance 

rose, in relation to the power that was preserved by the 

diode. 

 

The comprehensive analysis demonstrates clearly that 

the benefits and adaptability of the power grid are 

greatly increased by the deployment of V2G. Since 

many EVs are used as two ESSs and load is used to 

support the mesh, a newly emerging technology 

known as V2G has evolved. Still, unorganized EV 

charging exhibits notable effects on the power system 

approach. Furthermore, this is a new and undeveloped 

form of technology. Many technological, economic 

and optimal coordination of the V2G system is 

required for its adoption. Moreover, the aspects 

pertaining to battery degradation are the current 

subjects that are also to be taken into consideration 

because EV charging and discharging coordination is 

relevant for optimization methods. Therefore, in this 

research, ANN and honey badger algorithm (HBA) 

controllers are introduced to balance the grids as well 

as the frequency, and this is clearly described in the 

following sections.  

3.Methods 
At present, continuous charging of EV faces 

challenges due to grid overload during daytime. 

Therefore, the best way to solve the emerging problem 

of grid-linked charging is through PV cells. The 

recommended approach provides EV charging with no 

delays, and works smoothly. The major advantage of 

the suggested approach is its punctual functioning that 

meets the entire EVs’ charging requirements and also 

reduces additional load of the grid. Numerous 

optimization methods are utilized to construct the 

dominance algorithm. The weight values that link 

neurons in the neural network determine how 

effectively the network is functioning. Finding the 

ideal weight value is a challenging issue. For this 

reason, the biologically inspired HBA is employed. 

This algorithm finds the best answer based on the 

objective function by utilizing clever foraging 

strategies used by honey badgers and improving the 

rate of exploration. Figure 1 illustrates the overall 

workflow of the suggested approach. 

 

 
Figure 1 Entire workflow of suggested approach 

 

3.1Energy management system (EMS) 

The EMS effectively organizes EV charging using the 

collected data [34]. To optimize the operation of the 

smart grid, the EMS also collects distinctive EV 

profiles, wherein the EV profile is considered as 𝐸𝑉𝑖,𝑗 

{struct}, 𝑖 denotes charger group, while 𝑗 denotes the 

chargers’ outlet [35].  

 

Figure 2 concludes the equilibrium process using 

𝑃𝑔𝑟𝑖𝑑 = 𝑃𝑛𝑒𝑡 + 𝑃𝐸𝑉𝑀
, where 𝑃𝑛𝑒𝑡 = 𝑃𝐿 −  𝑃𝑝𝑣

. This 

equation represents the equilibrium between the 

generation and demand of electricity. Figure 2 depicts 

the practical arrangement of the EMS block. 
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Figure 2 Outline of suggested model 

 

3.2EMS functioning 

The supervisor element oversees system-wide tasks 

that are performed real-time. The information derived 

from the data acquisition part is exploited [36]. The 

higher component updates the results to the inverter 

after each calculation step [37]. 

 

3.3EV Functional mode 

The state of charge (SOC) behavior of each vehicle is 

ascertained by a battery, which is also usable for 

updating the inquiry [38]. The following Equation 1 

contains the SOC: 

𝑆𝑂𝐶𝑣[𝑛 + 1] = 𝑆𝑂𝐶𝑣[𝑛] +  𝜂𝐸𝑉
𝑃𝐸𝑉𝑣[𝑛]∆𝑡

𝐸𝑏𝑎𝑡𝑣

 (1) 

Depending on battery, the equation for each vehicle’s 

SOC behavior is given below. 

Wherein, 

• The battery fraction of 1 sample gain for 𝑣 is 

characterized as 𝑆𝑂𝐶𝑣[𝑛 + 1]  
• The SOC at sample 𝑛 is shown by 𝑆𝑂𝐶𝑣[𝑛]. 

• The charging/discharging efficiency is shown by 

𝜂𝐸𝑉. 

• The charging power is denoted by 𝑃𝐸𝑉𝑣
[𝑛].  

• The overall battery capacity for vehicle 𝑣 is denoted 

by 𝐸𝑏𝑎𝑡𝑣
. Equation 2 is thus expressed as follows:  

0 ≤ 𝑆𝑂𝐶𝑣[𝑛 + 1] ≤ 1   (2) 

 

While the control performance is restricted, Equation 

3 is stated as: 

𝑃𝐸𝑉𝑣 =  {
𝑃𝐸𝑉𝑣

,         𝑖𝑓 0 ≤ 𝑆𝑂𝐶𝑣[𝑛 + 1]  ≤ 1,

0,                                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

(3) 

The connection of EV incorporation [39] is expressed 

as Equation 4: 

𝐸𝑉𝑐𝑜𝑛𝑛 =

 {
1, 𝑖𝑓 𝐸𝑉𝑖,𝑗. {𝑡0} ≤ 𝐸𝑉𝑣(𝑡𝑚) ≤ 𝐸𝑉𝑖,𝑗 . {𝑡𝑓},

1, 𝑖𝑓 𝑆𝑂𝐶𝑣[𝑛 + 1]  ≤ 1,                                       
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                        

(4)  

 
{𝐸𝑉𝑖,𝑗 . {𝑡0} and {𝐸𝑉𝑖,𝑗 . {𝑡𝑓} are arguments of EV 

acquisition structure at initial and final charging 

instance. The current time in period [𝑡𝑖, 𝑡𝑓], is 

indicated by the parameter 𝑡𝑚. The rate of 𝑡𝑖 is initially 

expressed in terms of 𝑡0. The EV acquisition 

framework refers to [𝑡𝑖, 𝑡𝑓] as the start and ultimate 

charging times, respectively.  

 

HBA’s primary features are its use of randomness for 

setup, its two randomly chosen phases, and its cardioid 

motion during the exploration phase. There are various 

benefits including, hybridization that are combined 

with more conventional techniques for optimization. 

By combining the benefits and operators of various 

algorithms, the HBA method is improved further to 

find the optimal solution for prevailing issues. The 

many uses include, solving problem that is possible to 

be formulated as a function optimization problem. The 

proposed approach called HBA-ANN is an 

improvement over the recently developed HBA. 

Further, augmentation is achieved by incorporating the 

ANN’s training and transfer functions. Both 

population variety, and the capacity to break free from 

local minimums, are enhanced by the HBA-ANN [40]. 
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3.4Artificial neural network (ANN) 

The ANN model consists of a set of weights, action 

functions and connections between nodes. In addition 

to this, there exists an input layer, an output layer, and 

one or more hidden layers [41]. When modeling 

issues, the ANN’s effectiveness is greatly influenced 

by the number of hidden layers and the algorithm that 

is chosen. Feed-forward neural networks (FFNN) 

which are commonly utilized in the development of 

ANN, are the most regularly used neural networks for 

simulating and forecasting hydrological challenges 

[42]. Equation 5 represents how input 𝑋 and output 𝑌 

are related. 

𝑌 = 𝑓(𝑊1𝑋1 + 𝑊2𝑋2 + ⋯ 𝑊𝑛𝑋𝑛 + 𝑏) (5) 

 

Wherein 𝑓 refers to the action function, 𝑏 refers to 

bias, and 𝑊𝑖 denotes the link weight [43]. 

 

3.5Honey badger algorithm 
3.5.1General biology  

The Indian subcontinent, semi-desert regions and 

rainforests, are home to HBA creatures [44, 45]. 

Honey badgers have always attacked larger predators 

because of their fearlessness and also the predators’ 

inability to flee. The bird plays a part in setting up a 

mutually beneficial contact or connection between the 

two animals by guiding the badger to the swarm and 

using its long claws to assist it in uncovering the 

beehives. Therefore, both creatures gain from their 

cooperation and partake in rewards [46]. 
3.5.2Inspiration 

The two ways this algorithm uses to find food, are by 

employing a honey guide mode or by smelling and 

digging. The HBA imitates this behavior. It follows 

the honey trail, depending on the bird’s help to enable 

direct interaction between the honeyguide bird as well 

as hives of bees. 
3.5.3Stages of HBA 

This is a list of the steps involved in the HBA 

calculation. Equation 6 shows the population of likely 

outcomes: 
𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 =

[

𝑥11 𝑥12   𝑥13  …   𝑥1𝐷

𝑥21 𝑥22   𝑥23  …   𝑥2𝐷
… … … … … . .

𝑥𝑛1    𝑥𝑛2    𝑥𝑛3  …  𝑥𝑛𝐷    

]   (6) 

 

𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑜𝑓 𝑖𝑡ℎ ℎ𝑜𝑛𝑒𝑦 𝑏𝑎𝑑𝑔𝑒𝑟 𝑥𝑖 =
[𝑋𝑖

1, 𝑋𝑖
2, … . . 𝑋𝑖

𝐷   

 

Step 1: Initialization phase 

The population number 𝑁 and position of the honey 

badgers are determined using Equation 7. 

𝑥𝑖 = 𝑙𝑏𝑖 + 𝑟1  × (𝑢𝑏𝑖 − 𝑙𝑏𝑖)  (7) 

Where 𝑟1 is a random number between 0 and 1. The 

position of  𝑖𝑡ℎ honey badger is labeled as 𝑥𝑖, which 

represents one potential solution among a population 

of N candidates. The lower bound 𝑙𝑏𝑖 and upper bound 

𝑢𝑏𝑖 specify the bounds of search zones for the location 

of the honey badger.  

Step 2: Intensity 

Intensity is associated with concentration strength of 

the prey and distance among the honey badgers. Then, 

there is a quick movement when the odour is powerful. 

Equation 8 shows the aim of fragrance strength 

denoted by 𝐼𝑖 . 𝑟2 is a random number between 0 and 1. 

The source strength is explained in Equation 9. 

𝐼𝑖 =  𝑟2  ×  
𝑆

4𝜋𝑑𝑖
2     (8) 

𝑆 = (𝑥𝑖 − 𝑥𝑖+1)2     (9) 
 

S is an acronym for source or concentration strength, 

which is related to the location of the prey. The 

quantity 𝑑𝑖 stated in Equation 10, indicates the 

distance between prey and  𝑖𝑡ℎ HB. 

𝑑𝑖 =  𝑥𝑝𝑟𝑒𝑦 −  𝑥𝑖     (10) 

 
Step 3: Density factor is updated 

As it is iiteratively updated, the 𝛼’s value gradually 

drops over time. Equation 11 determines this declining 

factor which reduces the degree of randomization as 

more iterations are made. 

𝛼 = 𝐶 × 𝑒𝑥𝑝 (
−𝑡

𝑡𝑚𝑎𝑥
)     (11) 

 

𝑡𝑚𝑎𝑥 is the maximum number of iterations. The 

constant denoted by 𝐶 is ≥ 1. 
Step 4: Steer clear of local best 

A flag 𝐹 in the suggested method, restricts the 

exploring path. The algorithm’s capacity enables the 

agents to explore the search space more properly at its 

maximum, by changing the search direction, thereby 

increasing the likelihood of finding the outstanding 

solutions. 

 

Step 5: Location update 

As previously explained, the update of HBA location 

(𝑥𝑛𝑒𝑤) consists of two independent steps: the digging 

phase and honey phase. In the digging phase, a honey 

badger makes motions resembling the shape of a 

cardioid. Equation 12 signifies the replicated motion. 

𝑥𝑛𝑒𝑤  =  𝑥𝑝𝑟𝑒𝑦 +  𝐹 ×  𝛽 ×  𝐼 ×  𝑥𝑝𝑟𝑒𝑦 +  𝐹 ×  𝑟3 ×

𝛼 × 𝑑𝑖 × |𝑐𝑜𝑠(2𝜋𝑟4 ) × [1 −  𝑐𝑜𝑠(2𝜋𝑟5]|   

     (12) 
In this case, 𝑥𝑝𝑟𝑒𝑦  denotes the prey’s position that is 

closest to the best location that is found so far, or the 

global best location. The ability of the badger to obtain 

food is shown by the parameter 𝛽 ≥ 1. 𝑑𝑖 refers to the 



International Journal of Advanced Technology and Engineering Exploration, Vol 11(116)                                                                                                             

985          

 

distance between the badger and prey. The three 

distinct random numbers, 𝑟3, 𝑟4,  and 𝑟5, range from 0 

to 1. Equation 13 that determines its value, is used to 

modify the search direction by the variable 𝐹, which 

functions as a flag. 

𝐹 = {
1           𝑖𝑓 𝑟6 ≤ 0.5

−1          𝑒𝑙𝑠𝑒,                  
𝑟6  ∈ 0 to 1  (13) 

 
A number of variables during the digging stage 

significantly influence the behavior of honey badgers. 

These consist of the time-varying component 𝛼 and 

the prey’s scent intensity denoted by 𝐼. Furthermore, 

the badger encounters F-designated disruptions while 

excavating, which enable it to choose an even more 

advantageous prey spot [47]. The location of prey is 

represented by the variable 𝑥𝑝𝑟𝑒𝑦 , whereas the honey 

badger’s new position is represented by 𝑥𝑛𝑒𝑤 . 

Equation 14 demonstrates that the badger finds its prey 

near to the place identified, and thus, accounting for 

the distance data 𝑑𝑖. 

𝑥𝑛𝑒𝑤  =  𝑥𝑝𝑟𝑒𝑦  +  𝐹 ×  𝑟7 ×  𝛼 ×  𝑑𝑖 , 𝑟7            (14) 

 

The variable 𝛼 measures how search habits are 

evolved. Disturbances that affect the honey badger are 

potentially classified as 𝐹. By including the 

training/transfer function from the ANN, the 

enhancement is accomplished and denoted as HBA-

ANN. 

 

4.Results 
This study supports the experimental findings by 

building and evaluating the V2G-G2V assessment 

using MATLAB R2022b. Windows 11 OS and a 

mainframe Intel Core i7 with 16GB of random-access 

memory (RAM) are deployed. The following 

parameters are considered for evaluation: number of 

hidden layers=10, training function=Adam, 

integer=1000, population=300, learning rate=0.001, 

and epochs=1000. This paper outlines many 

approaches for charging EV throughout the day 

utilizing a smart-grid-based charging station. The 

recommended strategies facilitate the charging 

station’s capacity to charge constantly. The findings 

show that EV charging with the combination and 

recommended method is continuous throughout the 

charging procedure. The Simulink representation of 

the entire study is shown in Figure 3. 

 

 
Figure 3 Simulation representation of a proposed method 

 

In order to monitor the maximum power, maximum 

power point tracking (MPPT) is used to regulate the 

duty cycle and match the required load at maximum 

power. In order to push the PV to the peak MPPT level 

and produce a new duty cycle value, a converter is 

used to raise the voltage. Thus, variations in the MPPT 

value depend on the connected load. The MPPT 
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precision and power performances are displayed in 

Figure 4. The outcomes unequivocally demonstrate 

that the proposed HBA-ANN attains a higher precision 

of 97.06%, outperforming more established methods 

such as African vulture optimization (AVO) with an 

ANN of 92.28% and Gorilla troops optimization 

(GTO) with an ANN of 94.79%.  

 

 
Figure 4 PV performance comparison using various optimization techniques 

 

 
Figure 5 Electric vehicle performance in terms of 

voltage, SOC, and current 

 

To make this arrangement better, voltage source 

inverter present in the system needs to have a variety 

of features. Ther EV performances are represented in 

Figure 5. The SOC protects the batteries from 

unforeseen disturbances and avoids overcharging 

them, which prevents the damage of their internal 

configuration.  

 

Table 1 presents a comparison of several optimization 

schemes, along with the proposed HBA-ANN 

optimization scheme. 

 

Furthermore, it properly identifies when the load has 

proper charging circumstances as well as low voltage 

characteristics. The comparison between EV, and 

conventional non-optimization techniques like 

differential evolution and simulated annealing, is 

presented in Table 2. 

 

While retaining efficiency throughout the subsequent 

stage, the suggested charger setup provides an 

extraordinarily wide output voltage range. An internal 

parameter in the framework indicates each 

semiconductor device’s concurrent power dissipation. 

The values that indicate how much power a 

component uses over time, are computed using a 

logarithmic approach. This efficiency function 

ascertains the circuit's efficiency as it accounts for the 

losses of components, based on a specific power 

consumption. 

 

Table 1 Comparing the EV’s HBA-ANN performance with other various optimization techniques 
Optimization methods THD (%) Efficiency (%) Power loss (KW) 

AVO-ANN 4.01 95.76 0.213 

GTO-ANN 3.56 95.92 0.204 

HBA-ANN 3.12 97.14 0.186 

 

0

10

20

30

40

50

60

70

80

90

100

AVO-ANN GTO-ANN HBA-ANN

V
a
lu

es

Methods

Generated Power (kW)

MPP Power (kW)

Precision (%)



International Journal of Advanced Technology and Engineering Exploration, Vol 11(116)                                                                                                             

987          

 

Table 2 Performance comparison of EV’s HBA-ANN with traditional non-optimization methods 
Optimization methods THD (%) Efficiency (%) Power loss (KW) 

Simulated Annealing 4.98 91.05 1.736 

Differential Evolution 4.76 91.73 1.255 

HBA-ANN 3.12 97.14 0.186 

 

While Figure 6(a) describes the grid voltage and 

current restrictions, Figure 6(b) shows the grid 

characteristics in further detail. The device creates 

enormous amounts of energy by raising the grid 

current/voltage under various illumination conditions. 

In the beginning, MPPT selects MPP to employ a 

number of controllers. Additionally, how the 

estimated PV sources are used with the controller to 

manage peak loads is described. The resulting 

architecture is mostly made up of precise, detailed 

simulation outcomes of testing that is difficult but 

secure. The technique is used to track how PV 

modifies behavior in response to an active behavioral 

shift. 

 

 
                                                                                (a) 

 
Figure 6 Zoom (a) View of the current and voltage (b) and Grid variables 
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4.1Comparative analysis 

In the present research, the battery model is minor, 

inexpensive, and less complex than earlier battery 

chargers, so it does not need any new components. The 

proposed method’s comparative analysis is displayed 

in Table 3. In Table 3, the proposed HBA-ANN is 

compared with ANN-PSO [21] and RI [24]. The 

existing ANN-PSO [21] attains an efficiency of 97%, 

while the existing RI controller [24] has 96.5% 

efficiency which are lesser outcomes when compared 

to the proposed HBA-ANN that achieves 97.14% 

efficiency. The THD evaluation for HBA-ANN is 

revealed in Figure 7. 

 

Table 3 Comparative study of various performances 
Performances ANN-PSO 

[21] 

RI 

[24] 

HBA-

ANN 

Efficiency (%) 97 96.5 97.14 

THD (%) - - 3.26 

 

 
Figure 7 THD performance of HBA-ANN 

 

5.Discussion 
This study creates a hybrid intelligent model called 

HBA-ANN for balancing the power between various 

sources in terms of THD, efficiency, and it is 

compared with the existing ANN-PSO [21] and RI 

[24] methods. The result analysis clearly demonstrates 

that proposed HBA-ANN achieves an efficiency and 

THD of 97.14% and 3.26 respectively; while the 

existing ANN-PSO [21] and RI controller [24] gain 

efficiencies of 97% and 96.5% respectively. Similarly, 

in terms of precision, the proposed HBA-ANN 

achieves a higher precision of 97.06%, outperforming 

the existing methods AVO-ANN and GTO-ANN that 

have precisions of 92.28% and 94.79% respectively. 

When combined with EV charging, the two 

transformations have the potential to both impede and 

enhance one another. Firstly, the grid needs to supply 

drivers of EV with dependable, reasonably priced 

electricity and easy access to charging stations. 

Secondly, the grid’s transformation is impacted by EV 

charging due to increased demand, accelerated 

equipment aging or upgrades, misalignment with 

renewable generation, or even the provision of grid 

services. In this work, that connection is addressed by 

figuring out what factors influence the demand for 

charging EV and how to modify it to minimize the 

effects on the electrical grid. 

 

5.1Limitation 

The ideal network structure for ANNs, is not 

determined exactly by the rulebook; instead, it is 

discovered via trial and error. Because the network 

reduces sample error to a certain extent in order to 

complete training, optimal results are not obtained 

during the training phase as expected. By utilizing the 

optimization techniques, ANNs are improvable and 

some of their drawbacks in selecting the optimal 

network structure are possible to be eliminated.  In 

order to optimize neural networks, it is crucial to 

choose that optimization parameter of the neural 

network which produces the best results.  Despite this, 

not every optimization technique offers the ideal 

answers to particular issues. Moreover, even when 

some optimization methods do function, more must be 

done to enhance their effectiveness. Because it is still 

very difficult to accelerate an algorithm’s 

convergence, new optimization approaches inspired 

by nature must be developed on a regular basis to 

further progress the field of heuristic optimization. 

Installing solar panels on the roof or ground allows the 

harnessing of the sun’s energy to create power that is 

used for charging electric cars or stored-in batteries, 

which may be analyzed with real-time data in the 

future. A complete list of abbreviations is listed in 

Appendix I. 

 

6.Conclusion and future work 
An EMS for PV installations, EV parking lots, and 

smart grid is built by this research’s effort. The EMS 

is evaluated by HBA-ANN to achieve stability among 

the search spaces while evading unsuitable areas. 

HBA-ANN is tested against number of optimization 

techniques, including the AVO and GTO, taking into 

account the identical setup. The results of the article 

display how well the HBA works to solve issues with 

intricate search spaces. The investigation’s findings 

show that the HBA-ANN controller outperforms the 

AVO and GTO controllers in terms of efficiency 

(97.14%), power loss (0.186kW), and THD (3.26%). 

To handle large-scale optimization challenges, future 

research may utilize binary and multi-objective 
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characteristics in addition to chaotic maps. 

Furthermore, this research may be investigated with 

real-time values to check the cost and scalability of the 

implemented model. 
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 Appendix I 
S. No. Abbreviation  Description  

1 AC Alternate Current 

2 AVO African Vulture Optimization 

3 ANN Artificial Neural Network 

4 DC Direct Current 

5 EV Electric Vehicle 

6 EMS Energy Management System 

7 ESS Energy Storage Systems 

8 FFNN Feed-Forward Neural Networks 

9 GTO Gorilla Troops Optimization 

10 G2V Grid-To-Vehicle 

11 HBA honey badger algorithm 

12 HBA-ANN Honey Badger Algorithm and 
Artificial Neural Network 

13 IEEE Institute of Electrical and Electronics 

Engineers 

14 LCL Inductor-Capacitor-Inductor 

15 LDC Low-voltage Direct Current 

16 MPPT Maximum Power Point Tracking 

17 MPC Model Predictive Control 

18 PSO Particle Swarm Optimization 

19 PV Photovoltaic 

20 PEV Plug-In Electric Vehicles 

21 PFC Power Factor Correction 

22 RAM Random-Access Memory 

23 RI Resettable Integrator 

24 RB-EMS Rule-Based Energy Management 

Strategy 

25 SOC State of Charge 

26 SRM Switched Reluctance Motor 

27 THD Total Harmonic Distortion 

28 V2G Vehicle-To-Grid 

29 ZCS Zero Current Switching 

30 ZVS Zero Voltage Switching 
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