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The rapid growth of integrating electrical vehicles (EVs) into the distribution network has introduced
complexities and power flow inefficiencies. To address these challenges, optimal renewable energy
resources (RERs) integration along with applied demand-side management (DSM) contribute to
managing load profiles and generation thus reducing costs. This should be smartly attained through
selecting efficient optimization techniques to improve power quality, voltage profile, and reliability.
This paper aims to investigate the effect of integrating EVs and applying peak load shifting (PLS) as

a DSM strategy with the optimal allocation of distributed energy resources, specifically wind and
photovoltaic (PV) systems, as distributed generators (DGs) on distribution networks. Taking into
consideration the stochastic behavior of RERs, EVs demand elasticity of charging and discharging
scenarios and load variance. The main objective of this work focuses on power loss reduction and
implementing PLS to flatten the load profile and form a new loadability to reduce costs. The study is
demonstrated on a typical IEEE 69-bus system, considering the load, EVs, and RERs profiles during
weekdays in winter and summer seasons. The study examines the optimal size and location of
combining two DGs (wind and PV), in addition to incorporating bidirectional plug-in hybrid electric
vehicles into the system. The study utilizes the Zebra optimization algorithm (ZOA), in comparison
with the Whale optimization algorithm (WOA), Grey wolf optimization algorithm (GWO), and Genetic
algorithm (GA). The latter is employed only as a reference for comparison. For each season, the
simulation is divided into two parts, each part consists of four cases. Part (1) is simulated assuming
constant power integration for the RERs while part (2) considers their stochastic behavior. Also,
optimal charging strategies for EVs are examined for cost-effectiveness during high penetration levels
for the IEEE 123-bus system. The results demonstrated the effectiveness of the proposed algorithm
in reducing power loss. Moreover, shifting peak hours flattens the load profile, thereby reducing costs
and power loss across the distribution network. Furthermore, the performance of the ZOA dominates
the WOA, GWO, and GA.

Keywords Demand-side management, Distributed generators, Electric vehicle, Renewable energy resources,
Zebra optimization algorithm

With the current consumers” behavior and weather conditions, continuous fluctuations in electricity demand
make it challenging to maintain an efficient and stable operation of power systems. These implications
complicate the planning and operation of power grids, leading to increased costs, system losses, and instabilities.
Additionally, the supply-demand balance has become more complex with the latter increase in renewable energy
resources’ penetration'. Incorporating PV and wind as renewable energy resources (RERs) is widely utilized in
several studies to improve grid efficiency due to their environmental benefits>>.

Simultaneously, employing distributed energy resources (DERs) has a significant impact on improving
the system performance®. Their optimal allocation reduces power loss and enhances the voltage profile of the
distribution network®. However, the consequent uncertainties attributed to the unpredictable nature of RERs
and load profile variability pose challenges to the optimization problem parameters, which was the trigger for
cost allocation theories and strategies for saving costs®.
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In recent years, the adoption of Electric vehicles (EV's) has served a critical role in the expanding demand for
decarbonization and achieving zero carbon emissions’. Despite its economic benefit to the electricity market,
EVs impose harmonics to the network resulting from vehicles’ charging and discharging®. Contributing to the
energy matrix, the random charging patterns of EV passengers make the behavior of EVs unpredictable and affect
the short circuit level of the operating systems!’. In conjunction with the reliability concerns of incorporating
EVs into distribution systems!'!.

Among EVs, plug-in hybrid electric vehicles (PHEVs) consume an increasing share in the transportation
sector. Many researchers studied their deployment on distribution networks and the corresponding increase in
electric vehicle charging stations (EVCS) infrastructure!?. Owing to its combined ability to transition between
grid-to-vehicle (G2V) and vehicle-to-grid (V2G) modes. Adding up to the generation mix, integrating EVs and
distributed generators (DGs) on the distribution network leverages the necessity of optimization to reduce losses
and improve voltage profile!®. Extensive research has been conducted on optimizing the bi-directional flow of
the G2V and V2G methodologies for environmental benefits'*. The majority focused on the V2G technology,
emphasizing the enhancement of battery charging rates for improved lifespan and cost efficiency'.

In the same context, demand-side management (DSM) implementation plays a pivotal role in improving the
efficiency and reliability of distribution networks'®. Commonly in smart cities, applying DSM strategies motivates
consumers to control their patterns of electricity usage during peak hours!”. In previous literature, peak clipping
and load scheduling were applied for energy conservation in distribution networks'®. Also, demand response
was deployed with EVs and DERs for grid stability!®. Additionally, minimizing peak-to-average ratio (PAR) for
DERs was employed on an IEEE 69-bus system?’. While limited research has been conducted using peak load
shifting?!.

Furthermore, the need for optimal resource allocation is crucial in formulating the development of meta-
heuristic optimization algorithms. Researchers optimized EV charging strategies to minimize the daily load
peak and minimum peak-to-valley difference in load profiles?>. Over the past years, several studies optimized
the size and location of integrated multiple DGs and EVs separately on IEEE 33 radial distribution systems
using whale optimization techniques (WOA) in the context of enhancing voltage stability index, power loss, and
system stability?.

Other researchers used a multi-objective based on the V2G model by utilizing the Grey Wolf Optimization
Algorithm (GWO) to find the optimal number of charging and discharging EV's for cost reduction?!. Moreover,
EV charging time and location of PV were optimized using a multi-particle swarm optimization algorithm
(MPSO)*. Also, the impact of integrating DGs and EV was employed on an IEEE 33-bus system and the power
loss reduction reached 70%2%%.

In the same framework, Genetic Algorithm (GA) has been deployed with EV integration and peak valley
shifting for cost reduction. Results show that the optimized peak-to-valley load difference rate reached 58.9% of
the distribution network?®. While Competitive Swarm Optimizer (CSO) algorithm has been utilized on the IEEE
34-bus RDS system with EV integration to reduce costs by 1.34% of electricity expenses®. Also, the Arithmetic
Optimization Algorithm (AOA) has been employed on IEEE 69-bus with the integration of EV only and peak
load shifting to reduce costs*. Other researchers discussed the role of price incentives for EV users to optimize
power quality’!. While other researchers studied the impact of load patterns of EVs on power loss>.

One of the progressive recent optimization techniques is the Zebra Optimization Algorithm (ZOA). Inspired
by the natural behavior of zebras in the wild and characterized by their unique behaviors of foraging and defense
mechanisms against predators’ attacks *. It has been recently employed with a new control approach using
an intelligent hybrid controller to enhance the speed response, and maximum undershoots and overshoot for
frequency controller in offshore fixed platform microgrids using tidal energy®*. Also, it was used with controllers
to improve the frequency performance of a hybrid interconnected dual-area of power grids and the dynamic
behavior of automatic voltage regulator (AVR)3>-3. Alternatively, it has been implemented with wireless sensor
networks (WSNs) for node localization challenges®.

On the other hand, a few researchers studied the ZOA optimizer with the aim of power loss reduction and
voltage stability index (VSI). Among these, ZOA was used to optimize the position and capacity of single and
multiple DGs on an IEEE 33-bus radial system?. The results demonstrated a reduction percentage of 94.25% and
VSI of 0.69643 to 0.9605. Besides, ZOA was utilized with the IEEE 14-bus and 30-bus systems to minimize costs,
power losses, and voltage improvement*’. Moreover, the robustness of the ZOA was demonstrated solely with EV
integration against load and renewable energy fluctuations, to improve frequency stability with combined virtual
inertia control (VIC) and fractional order PID (FOPID) controller in microgrids. The study demonstrated the
critical role of integrating EVs in enhancing frequency response only *!. Rarely have the studies investigated the
integration of combined EV and DER for power loss reduction on large-scale networks*2.

Based on the aforementioned review, there is still a critical need to address the impacts of combined
integration of EVs and RERs on large-scale networks. Most studies optimized the size and location of connecting
wind, and PV as separate DGs, but rarely investigated their connection as a hybrid with EVs integration in
V2G mode. Also, many researchers defined single objective functions related to power loss and voltage profile
enhancement. While the effect of setting multi-objective functions of power loss and peak load shifting is still
undefined on large-scale networks in previous studies. Moreover, the impact of the seasonal stochastic behavior
of EVs and DER with load uncertainties in respect to power loss is still not covered in detail by recent studies.

Although previous studies often examined peak average ratio and peak load clipping as demand-side
management strategies, however, few researchers applied peak load shifting in optimizing the DG locations
combined with optimal charging strategies for power loss reduction. There is still a gap in addressing peak
load shifting on large-scale networks such as IEEE 69-bus and IEEE 123-bus systems along with the combined
integration of DERs and EV during load uncertainty. In addition, many studies explored the allocation of DGs
using various optimization techniques but with a limitation to exploring ZOA on a more complex scale. Even
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though ZOA has proven its efficiency with power loss reduction, as far as the author reviewed, it has not been
demonstrated with demand-side management strategies. Nevertheless, considering seasonal factors for DERs
and EVs. Although ZOA has been utilized in comparison to various well-known benchmarks in numerous
research recently. However, its implementation with the combined integration of EVs and DERs remains
unexplored thoroughly, especially on large-scale networks.

To address these limitations, this paper aims to investigate the effect of EV integration and apply peak load
shifting as a demand-side management strategy. Unlike previous studies that optimize DERs placement or
DSM separately, this work simultaneously investigates both providing a comparative analysis of their impact
on minimizing power losses and peak load shifting during uncertainties for cost reduction. The study is
demonstrated primarily on a standard IEEE 69-bus to optimally allocate the size and location of two DERs
considering their stochastic behavior during winter and summer on various case studies. The approach
combined power loss reduction and peak load shifting to flatten the load profile and reduce costs. The proposed
optimization technique to be explored in the solution is the ZOA, in comparison to other techniques. Secondly,
the findings serve as an input for further investigation during high penetration levels of EV. Lastly, the system
configuration is deployed on an IEEE 123-bus system to validate the outcomes on a larger scale. The main
contributions of this study can be summarized as follows:

« Integrate EVsinto the grid considering the elasticity of their charging (G2V) and discharging (V2G) scenarios
during the winter and summer seasons.

« Apply DSM through peak load shifting during uncertainties thus enhancing the load profile for cost reduction
and improved load factor.

« Utilize a multi-objective function for power loss reduction and peak load shifting to improve a typical IEEE
69-bus performance.

« Allocate two distributed energy resources (wind and PV) as a hybrid and incorporate EVs considering their
stochastic behavior during winter and summer seasons along with load uncertainty.

o Apply the Zebra Optimization technique and compare its performance to GWO, WOA, and GA in achieving
maximum power loss reduction.

« Investigate the impact of different penetration levels of EVs on distribution networks for cost reduction.

o Explore the effectiveness of the proposed model on an IEEE 123-bus system.

The paper structure is organized into seven sections. Starting with the introduction and literature survey
represented in “Introduction” section. Problem formulation and objective functions are explained in “Problem
formulation” section. The system model under investigation featuring the wind, PV, and EV integration profiles,
and demand-side management strategy used is demonstrated in “System under study” section. In “Proposed
optimization technique” section, the Zebra Optimization Algorithm (ZOA) is illustrated with the flow chart and
pseudo-code. Simulation analysis and results are portrayed in “Simulation results” section. Finally, the result’s
discussion and conclusions are given in “Discussion” and “Conclusion” sections, respectively.

Problem formulation

Finding the optimal configuration of DG placement and load distribution is the most important goal for power
loss reduction and cost reduction. Along with effective demand-side management, reducing the peak demand
enhances grid stability. The main objective of this paper is to search the optimal size and location of integrating
two DGs (hybrid) with EV integration on a typical IEEE 69-bus system to minimize power losses and apply
demand-side management through peak load shifting to flatten the load profile for cost reduction and fixed
operation.

The multi-objective function (MOF) for searching the optimal solution can be described by (1):

MOF = (F1, F2) (1)

where F1 is set to minimize the total active power loss as the first objective function and F2 is set to shift the peak
load hours to flatten the profile as the second objective and create a new loadability?.

Probabilistic power loss
The probabilistic power loss formulated for the DGs by calculating the mean of the hourly active power. The total
active power loss is calculated using (2) and (3):

Ppgioss = ZIQ * (R) (2)
1=1
N

Pioss = mean(z PDGZOSS) (3)

1

where P, ., represents the DG hourly active power loss, I is the current passing through the section, R is the

section resistance, n shows the number of sections and N is the number of hours.
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Peak load shifting

In the context of demand-side management, peak load shifting is applied to reduce costs around peak hours.
Shifting to off-peak hours takes place when the load power percentage exceeds the (mean + 0.5 x Std)*. The
peak load shifting is implemented using (4), (5) and (6):

Maximum = mean + 0.5 x Std (4)
Minimum = mean — 0.5 x Std (5)
Diff =load power (peak hours) — Mazimum (6)

where Std represents the standard deviation, mean is the average power and Diff is the difference between the
load power at peak hours and Maximum.

The load power across the 24 h is categorized as peak and off-peak periods. The load power exceeding
Maximum is identified as peak periods that shall be shifted, while the load power below Minimum is identified
as off-peak periods for valley filling. The difference between the load power at peak periods and Maximum is
calculated. Then, the total Diff represents the excess demand that needs to be rescheduled. This excess demand
shall be shifted from periods of high demand (peak hours) to periods of low demand (off-peak hours), thus
reducing peaks. A new loadability profile is generated to flatten the profile during the day and reduce costs,
which can be described in (7) and (8):

New loadability = load _power (peak _hours) — Dif f (7)
New loadability = load _power (of f peak _hours) + Diff (8)

System under study

In this research, a standard IEEE 69-bus distribution network, as shown in Fig. 1, is examined to study the
impact of incorporating RERs and EVs. The distribution network consists of 69 nodes and 7 lateral feeders.
The line and bus data of the IEEE 69-bus system is represented in Table Al in the Appendix. The investigation
employs the backward-forward sweep method, and optimization algorithms are applied to assess the outcomes.
The assumed level of penetration for renewable resources is 20% of the total active power 3801.89 kW and
reactive power 2694.1 kVAR at an operating voltage of 12.66 kV. The primary goal is to minimize power losses,
and the secondary goal is to implement peak load shifting through the integration of these resources as DGs. The
proposed shifting methodology controls at each hour the un-shiftable load by setting a certain threshold using
the load profile’s mean and standard deviation to identify the overloaded consumption at peak hours and shifted
peak clipping, to the underloaded hours at off-peak hours by valley filling. The analysis has been conducted
using MATLAB software on a 1.80 GHz intel core i7-10510U CPU with 8 GB of RAM.

Load profile

The variation in load profile is introduced using the IEEE Reliability Test System (RTS)** which represents the
hourly peak load as a percentage of the daily peak load during weekdays in winter and summer seasons as shown
in Table 1.

Wind and PV integration

Renewable energy resources have become key components in the global shift towards decarbonization and
sustainability in distribution networks. Their environmental and economic benefits make them appealing to
researchers. Since solar irradiance and wind speed are influenced by many random factors such as weather
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Fig. 1. A Standard IEEE 69-bus distribution network.

Scientific Reports|  (2025) 15:18570 | https://doi.org/10.1038/s41598-025-00752-6 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Hours |1 2 3 4 5 6 7 8 9 10 11 12
% Load | 0.67 | 0.63 | 0.60 | 0.59 | 0.59 | 0.60 | 0.74 | 0.86 | 0.95 | 0.96 | 0.96 | 0.95
Hours 15 16 17 18 19 20 21 22 23 24
% Load | 0.95 | 0.95 | 0.93 | 0.94 [ 0.99 |1 1 0.96 | 0.91 | 0.83 | 0.73 | 0.63

—
w
—
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Hours |1 2 3 4 5 6 7 8 9 10 11 12
% Load | 0.64 | 0.6 | 0.58 | 0.56 | 0.56 | 0.58 | 0.64 | 0.76 | 0.78 | 0.95 | 0.99 |1
Hours |13 |14 |15 |16 |17 |18 |19 |20 |21 |22 |23 |24
% Load | 0.99 | 1 1 0.97 1 0.96 | 0.96 | 0.93 | 0.92 | 0.92 | 0.93 | 0.87 | 0.72

Table 1. Hourly peak load in percent of daily peak (a) Winter season, (b) Summer season.

Wind speed (m/s)

3

2

o I
2 3456 7

1 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time of day

()

1 i ‘ ‘ ‘ I | ' | | ‘ ‘ | |
0
12345672829

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time of day

Wind speed (m/s)
w £

~

(b)

Fig. 2. Wind speed hourly forecast during the day (a) Winter season, (b) Summer season.

conditions and geographical location, they should be deployed considering their stochastic behavior during
uncertainties**. In this study, the probabilistic active power of wind and PV is introduced by using the probability
density function (PDF) of each. The real data of wind speed and solar irradiance profile during the day in winter
and summer seasons* is shown in Figs. 2 and 3, respectively. The temperature ranges fall between 5.5/11.1 °C
(highest reading) and —10/—4.4 °C (lowest reading) during winter season, and 28.8/23.3 °C (highest reading)
and 12.8/7.2 °C (lowest reading) during summer season. To enhance the stability of the system under study; it is
assumed that wind and PV sources are integrated with a level of penetration of 60% and 40%, respectively, of the
total renewable generation capacity.
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Fig. 3. Solar irradiance hourly forecast during the day (a) Winter season, (b) Summer season.

Electric vehicle integration

The massive integration of PHEVs into power systems recently offers significant potential for enhancing the
networK’s performance. Yet, drivers’ stochastic charging and discharging behavior affect system stability and
reliability. Moreover, the forecasted demand for EV:s is sensitively affected by seasonal factors owing to changes
in driving habits and charging strategies on the network.

The EV integration is estimated to possess two scenarios. In the first scenario, the EV is presumed to be
integrated from 7:00 pm to 7:00 am (12 h). During which, most EV drivers are back from work and begin
charging their vehicles. This G2V phase considers EV consumption as a load. In the second scenario, the EV
integration is considered from 7:00 am to 7:00 pm (12 hours). Throughout this, most EV drivers are working or
running errands and could make use of this V2G phase, thus the EV consumption is deemed as a distributed
generator (DG).

In this study, only 10% of the total number of consumers in the distribution network?® assumed to own an
EV with an average battery consumption of 70 kWh*". Under a constraint that the EV battery state-of-charge
(SOC) exceeds 50%, to ensure sufficient reserves during the return journey. Moreover, during the analysis, the
maximum EV battery capacity utilized on the grid in the V2G mode is estimated to be 20%, to avoid the risk of
depleting their charge. The drivers’ behavior is not constant during the day and driving patterns change over the
hour. The uncertainties of EV are managed by incorporating the hourly profile of EV consumption to ensure that
the results are more practical. Also, the EV is integrated using the PDF of forecasted processed real data of EV
consumption on the electricity grid of Spain*® using the ANFIS optimizer in winter and summer seasons over
24 h*, as shown in Fig. 4. The average temperature ranges fall between 16/6 °C (highest reading) and 10/3°C
(lowest reading) during winter season, and 32/19 °C (highest reading) and 26/15 °C (lowest reading) during
summer season.

Peak load shifting

One of the key aspects of demand-side management is peak load shifting which involves incentivizing consumers
to shift their energy consumption away from peak demand periods to off-peak times through pricing schemes,
incentives, and automated systems™. This shall alleviate stress on the grid during peak periods, improve the
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Fig. 4. Electric Vehicle PDF (a) Winter season, (b) Summer season.

overall system efficiency, and reduce the need for costly infrastructure. In this study, the peak load shifting
objective is implemented using the mean and standard deviation, as illustrated earlier, on the IEEE 69 bus system
considering the load uncertainty by the IEEE RTS, with a focus on the hourly load profile of bus number 61.

A trial was simulated using the mean and standard deviation into shifting the load power for the peak and
off-peak hours using the following steps:

Calculate the mean load across the 24 h and Std.

Compute Maximum and Minimum using (4) and (5).

Identify peak and off-peak periods

Determine the Diff at each peak period using (6).

Evenly distribute the total Diff from peak hours across multiple off-peak hours using (7) and (8).

The calculation analysis is detailed in Table A2 in the Appendix. The table represents a reduction in total load
demand from 24,780 kW to 24,535 kW, and the load factor slightly improved from 0.83 to 0.8736. Even though
the total Diff determined to be shifted reached 796 kW, the new profile is partially flattened after valley filling
with a peak-to-average ratio decreasing from 1.2 to only 1.14.

A second approach is applied by calculating the mean value only using the previous steps to ensure a smoother
load profile. Table A3 in the Appendix illustrates the detailed calculation analysis. The total excess demand in
this case reached 2102 kW, which shall be utilized to be shifted. The total load demand across the 24 h is reduced
from 24,780 kW to 24,030 kW. Figure 5 represents the previous and new load profile for bus number 61 after
peak load shifting throughout the day using the mean only.

The figure reveals that the peak demand hour before applying peak load shifting is from (18) to (19) p.m.
while the oftf-peak load demand hour is from (4) to (5) a.m. Also, the figure shows a significant improvement
in the total daily load profile after the implementation of the shifting strategy, where the total demand at full

Scientific Reports|  (2025) 15:18570 | https://doi.org/10.1038/s41598-025-00752-6 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

1250

1150

— 1050

Power (kW
(Vs
U
o

Previous profile New profile

650
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Time of day

Fig. 5. Bus number 61 previous and new loadability profile using mean only.

load for bus number 61 flattened from 1244 to 1032.52 kW. Moreover, the load factor, which is calculated as the
average of the 24 h load demand divided by the peak load demand within the 24 hours, has improved from 0.83
to 0.935. In addition, the peak-to-average ratio using the mean only approach is reduced to 1.069, compared
to 1.14 using the mean and standard deviation. Accordingly, the mean only model is chosen to proceed upon
incorporating the system under study which gives a more promising values to flatten the curve, reduce system
losses and improve performance. As demonstrated, the demand response contributes to peak reduction and
improvement to the load factor, thus system efficiency. Also, shifting the peak load hours flattens the load profile
and forms a new loadability, which shall be examined further in the case studies.

Proposed optimization technique

In this section, the proposed optimization technique is the nature-inspired Zebra Optimization Algorithm
(ZOA). distinguished by their foraging behavior where pioneer zebras lead the way for other zebras into the
forage. Their defense strategy is using a zigzag pattern to escape predators, and this sometimes confuses the
predator. The ZOA algorithm® consists of three phases:

Initialization

ZOA is considered a population-based optimizer of which zebras are members. Each zebra can be identified as
a candidate solution within the problem’s search space where its position determines the value of the decision
variable. Hence, the population of zebras can be modeled using a matrix while each zebra can be modeled using
a vector and the values of the problem variables are the elements of this vector. The population matrix for ZOA
can be represented by using (9):

- Xy
] Tia o+ X1y - Tim
X = X = Ti1 ot Xy ottt Tim 9)
. TN NG TNam oy
L X~

= Nxm

where X is the zebra population, Xi is the ith zebra, Xi,j is the value for the jth problem variable by the ith zebra,
N is the number of zebras (population members), and M is the number of decision variables.

Based on the proposed value for the problem variables of each zebra, the objective function can be evaluated.
Each zebra denotes a candidate solution to the optimization problem. Thus, the obtained values for the objective
function can be presented as a vector using the matrix (10):
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r F1 T r F(Xl) T
F = F; = F(X;) (10)
L P 4 Nx1 - F(XN) 4 Nx1

where, F is the vector of objective function values and Fi is the objective function value obtained for the ith zebra.
By comparing the obtained values, the quality of the corresponding candidates can be analyzed and the
best candidate solution for the problem can be identified. For each iteration, the position and the values of the
objective function are updated and consequently, the best candidate solution is identified.
In the wild, there are two natural behaviors for zebras that have been used to update the members of the ZOA
population in two different phases for each iteration. The first phase is foraging behavior while the other phase
is defense strategies against predators.

Foraging behavior (phase I)
Mainly the diet of zebras is grasses and sedges. By updating the population members based on the simulations
of zebra’s behavior while exploring for forage. Plain zebras are pioneer grazers that devour the canopy of upper
and less nutritious grass and provide other species that need shorter and more nutritious grasses below. Pioneer
zebras are the best population members that lead other members toward their position in the search space. The
foraging phase and updating the position of zebras can be modeled using (11) and (12):

2Pl = i j4r . (PZj -1 . xi,j) (11)

2%

(12)

Xi = X;’LewA,Pl’ FinewA,Pl <FZ7
X, else,

P1. i . ,P1
i7" is the jth dimension value, F;*“"

is the objective function value, PZ is the pioneer zebra (best member) while PZj is the jth dimension, r is a
random number in the interval [0,1], I is the round (1 + rand) where I €{1,2} and rand is a random number in
the interval [0,1].

where X" ew,P1 s the new status of the ith zebra based on phase I, z

Defense strategies against predators (phase II)

By updating the position of the population members based on the simulations of the zebras defensive strategy
against predators’ attacks. Mainly, lions are predators however, zebras are also threatened by dogs, hyenas,
cheetahs, leopards, and crocodiles. The defense strategy of zebras depends on the predator. While being attacked
by lions, they escape in zigzag patterns and sideways random movements. On the other hand, zebras are even
more aggressive when being attacked by small predators. If one of the two conditions occurs with the same
probability:

i. Escape strategy when being attacked by lions.
ii. Offensive strategy when being attacked by other predators.

These two strategies can be represented in (13) and (14):

St : zi; + R. (27“ — 1)

pewl? = (1= %)y, Ps<05 (13)
So:xij+r. (AZ; — I.xij), else

(14)

Xi = X?ew?Pz, Finew7P2 <FZ7
X, else,

where S1 is the escape strategy mode, S2 is the offensive strategy mode, X" w:P2 is the new status of the ith

zebra (phase II), x;ij’PQ is the jth dimension value, F, Z-"ew‘PZ is the objective function value, ¢ is the iteration

contour, T'is the maximum number of iterations, R is the constant number equal to 0.01, Ps is the probability of
choosing one of two strategies [0,1], AZ is the status of attacked zebra and AZj is the jth dimension value.

The ZOA steps can be expressed in the pseudo-code in Fig. 6:

Moreover, the ZOA flow chart can be represented as shown in Fig. 7:

Simulation and results
The study aims to investigate the impact of the increased adoption of EVs and RERs on the performance of
power grids. Their combined impact poses challenges regarding power loss that necessitates careful analysis.
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eudo Code: ZOA Algorithm

Start ZOA.

NeRleBEN B SR R S N S N

22.

. Input: The optimization problem information.

. Set the number of iterations (T) and the number of zebras’ population (N).

. Initialization of the position of zebras and evaluation of the objective function.
.Fort=1:T

. Update pioneer zebra (PZ).

.Fori=1:N

. Phase 1: Foraging behavior

. Calculate new status of the ith zebra using (11).

. Update the ith zebra using (12).

. Phase 2: Defense strategies against predators

.IfPs < 0.5, Ps =rand

. Strategy 1: against lion (exploitation phase)

. Calculate new status of the ith zebra using mode S1 in (13).
. else

. Strategy 2: against other predator (exploration phase)

. Calculate new status of the ith zebra using mode S2 in (13).
.end if

. Update the ith zebra using (14).

.endfori=1:N

. Save best candidate solution so far.

.endfort=1:T

Output: The best solution obtained by ZOA for given optimization problem.

End ZOA

Fig. 6. ZOA pseudo code.

The proposed investigation employed an IEEE 69-bus radial distribution system over eight cases for the winter
and summer seasons, separately. The EV charging patterns and DER behaviors are modeled by their respective
contribution of the injected active and reactive power to the grid. The level of renewable energy integration was
set to be 20% of the total integrated active and reactive power of the IEEE 69-bus system. Firstly, the winter
season data is introduced for the simulation to be evaluated. The simulation cases under analysis are divided
into two parts as in Table 2, to demonstrate the significance of the investigation. Initially, a simulation for the
backward-forward sweep is implemented on the system as the baseline case without integrating any DGs or EVs.
The total power loss and voltage index are 224.96 kW and 0.9734, respectively.

Each part consists of four cases. Part (1) comprises cases from (A) to (D) examining the impact of fixed
integration of DGs while part (2) comprises cases from (E) to (H) exploring the effect of DG integration under
uncertainties. Cases (A) and (E) investigate the impact of considering a full loading day, while in cases (B)
and (F) the variability in load profile is considered after peak load shifting. The integration of EV outcomes
is examined in cases (C) and (G). Finally, in cases (D) and (H), the peak load shifting is considered with EV
integration. In each case, the optimization techniques are applied to obtain the optimal allocation and size of
each unit to minimize power losses.

In part (1), the PV and wind were integrated as two DGs (hybrid) assuming a constant power output with a
level of integration of 60% and 40%, respectively, of the total renewable generation capacity. This part comprises
cases from (A) to (D). The simulation was utilized by using the ZOA and compared with WOA, GWO, and GA
for 50 iterations.

Case (A): Fixed integration of wind/PV power with 100% loading

In this case, the system was simulated considering full load hours throughout the day without applying peak load
shifting. The wind/PV are integrated with a constant power output regardless of their stochastic behavior. The
total probabilistic power loss was identified as an objective, and the results are represented in Table 3.

The results show that the maximum power loss reduction reached is 60.81% by utilizing the ZOA. The power
loss reached 87.78 kW by optimally using 433.33 kW PV modules and 303.96 kW of wind modules at the
placement of PV and wind at bus numbers 61 and 64 respectively. On the other hand, WOA, GWO, and GA
power loss reached 145.23 kW, 133.58 kW, and 98.4 kW respectively. Even though GA performance was better
than WOA and GWO in achieving the maximum power loss reduction, however, it required the longest time
during iterations.
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Fig. 7. ZOA flowchart.
Part (1): Fixed Integration of DGs Part (2): Variable Integration of DGs
Case (A): considering 100% loading Case (E): considering 100% loading
Case (B): considering load variance with peak load shifting Case (F): considering load variance with peak load shifting
Case (C): integrating EV considering 100% loading Case (G): integrating EV considering load variance
Case (D): integrating EV considering 100% loading with peak load shifting | Case (H): integrating EV considering load variance with peak load shifting

Table 2. Simulation cases study.

Applied algorithm | Optimal location (1) PV | Optimal location (2) Wind | DG PV size (KW) | DG wind size (KW) | Power loss (KW) | Reduction %
Base case - - - - 224 -

ZOA 61 64 433.33 303.96 87.78 60.81

WOA 65 63 30.04 245.84 145.23 35.17

GWO 64 27 432.38 219.14 133.58 40.37

GA 64 62 456 247.7 98.4 56.07

Table 3. Simulation case (A) results.
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Applied Algorithm | Optimal location (1) PV | Optimal location (2) Wind | DG PV size (KW) | DG Wind size (KW) | Power loss (KW) | Reduction %
Base case - - - - 224 -
ZOA 61 63 455.14 292.66 32.79 85.36
WOA 62 65 439.18 100.14 49.62 77.85
GWO 61 21 456 268.3 59.86 73.28
GA 63 61 424.01 193.05 47.6 78.75
Table 4. Simulation case (B) results.
Applied algorithm | Optimal location (1) PV | Optimal location (2) Wind | DG PV size (KW) | DG Wind size (KW) | Power loss (KW) | Reduction %
Base case - - - - 224 -
ZOA 61 64 435.92 293.18 78.82 64.81
WOA 63 65 438.97 292.83 80.15 64.22
GWO 64 62 442.93 298.31 82.12 63.34
GA 64 61 346.15 197.03 104.89 53.17
Table 5. Simulation case (C) results.
Applied algorithm | Optimal location (1) PV | Optimal location (2) Wind | DG PV size (KW) | DG wind size (KW) | Power loss (KW) | Reduction %
Base case - - - - 224 -
ZOA 61 64 445.7 266.07 45.74 79.58
WOA 65 60 456 304 53.16 76.27
GWO 18 64 405.12 304 74.28 66.84
GA 61 60 221.82 217.05 65.26 70.87

Table 6. Simulation case (D) results.

Case (B): Fixed integration of wind/PV power and load variance after peak load shifting

While in this case, the system was simulated considering the variable loading hourly percentage using RTS.
Also, the integration of wind/PV is considered as constant power regardless of their stochastic behavior. The
total probabilistic power loss and peak load shifting were identified as objective functions, and the results are
represented in Table 4.

The results reveal a significant reduction in the power loss after implementing peak load shifting in
comparison to case (A). Also, the maximum reduction in power loss is achieved by utilizing the ZOA followed
by GA, WOA, and GWO with corresponding reduction percentages of 85.36%, 78.75%, 77.85%, and 73.28%,
respectively. By applying the ZOA, the optimal placement of PV and wind modules is at bus numbers 61 and 63
with a capacity of 455.14 kW and 292.66 kW, respectively.

Case (C): Fixed integration of wind/PV power with EV and 100% loading

With respect to this case, the integration of EV is examined on the proposed model without applying peak load
shifting. The system was simulated considering fixed integration of constant wind/PV powers and full load hours
throughout the day. Subsequently, the EV is integrated using the PDF of the forecasted processed data of EV
consumption in winter over 24 h. The total probabilistic power loss was identified as an objective function. The
results are represented in Table 5.

As indicated from the results, the EV integration considering the two scenarios of V2G and G2V along with
DERs increases power loss reduction notably in comparison to case (A). In addition, the maximum power loss
reduction is achieved using ZOA, followed closely by WOA, GWO, and GA with a reduction percentage of
64.81%, 64.22%, 63.34%, and 53.17%, respectively. Moreover, the ideal placement of 435.92 kW PV modules and
293.18 kW wind modules is at bus numbers 61 and 64 respectively.

Case (D): Fixed integration of wind/PV power with EV and load variance along with peak load shifting

Given this case, the system was simulated considering the variable loading hourly percentage using RTS along
with fixed integration of wind/PV powers. Subsequently, the EV is integrated using the PDF of forecasted
processed data of EV consumption in winter over 24 h. The total probabilistic power loss was identified as an
objective function with applying peak load shifting. The results are represented in Table 6.

The outcomes demonstrated that applying peak load shifting reduces power loss remarkably in comparison
to case (C). The optimal location for integrating PV modules and wind modules along with EV on the network is
at bus 61 and 60, respectively. Moreover, utilizing ZOA achieves the maximum power loss reduction of 79.58%,
followed closely by WOA, GA, and GWO, respectively. Figure 8 represents the voltage profile using no DG as the
base case against the integration of two DGs for cases from (A) to (D) with applying ZOA.
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Voltage (p.u)

The figure shows that integrating 2 DGs on the distribution system enhances the voltage profile. Also,
integrating EV and applying peak load shifting with load variance in case (D) considering fixed integration of
RER, improves the voltage profile significantly compared to cases (A) and (C). Figure 9 showcases a comparison
between all cases for part (1) with respect to power loss reduction percentage.

The figure illustrates that ZOA outperforms WOA, GWO, and GA in achieving the maximum power loss
reduction. Also considering the load variance in case (B) and peak load shifting reflects an increased power loss
reduction in comparison to constant 100% loading as in case (A) by approximately 40%. Even though integrating
EVs increases power losses, in case (C) power loss reduction increased relative to case (A) for the ZOA by nearly
8%. Moreover, applying peak load shifting along with EV integration in case (D) increases power loss reduction
by almost 23% compared to case (C). Figure 10 shows the conversion rates for the ZOA, WOA, GWO, and GA
in case (D) for the first 20 iterations.

The curves indicate that the ZOA outperforms the WOA, GWO, and GA in reaching the optimal solution
requiring fewer iterations and less time for simulation. Accordingly, the rest of the study has been simulated
utilizing the ZOA only.

In part (2), the whole configuration has been assessed after considering the stochastic behavior of wind/PV.
Except for cases (G) and (H), where the system has perceived the variable loading profile to evaluate the system
under total uncertainties. The wind/PV were integrated as two DGs (hybrid) using the PDF of their forecasted
data in winter over 24 h with a level of integration of 60% and 40%, respectively, of the total renewable generation
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Applied Algorithm | Optimal location (1) PV | Optimal location (2) Wind | DG PV size (KW) | DG Wind size (KW) | Power loss (KW) | Reduction %
Base case - - - - 224 -

Case (E) 12 61 315.48 163.09 51.73 76.91

Case (F) 61 11 360.25 108.86 24.64 89.00

Case (G) 12 61 125.95 39.7 11.26 94.97

Case (H) 61 36 151.42 92.89 7.16 96.80

Table 7. Simulation cases for Part (2) in the winter season.
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Fig. 11. Part (1) and (2) comparison results for all cases using ZOA.

capacity. The simulation was utilized by using the ZOA with 20 iterations. Table 7 summarizes the results of cases
from (E) to (H) during the winter season for part (2). Figure 11 showcases a comparison between all cases for
part (2) with respect to power loss reduction percentage by ZOA.

The figure indicates that case (H) which incorporates EV and RER during uncertainties and after applying
peak load shifting reduces power loss the most among all cases. Despite connecting EV on the network without
PLS increases power losses, case (C) and (G) power loss reduction increased in comparison to case (A) due to
the V2G and G2V alleged scenarios.

Secondly, the whole configuration was repeated with the same sequence and steps with the integration of the
summer season data. Table 8 summarizes all results for part (1) and part (2) during summer season cases from
(A) to (H) and Fig. 12 shows case a comparison between all cases results for summer versus winter seasons for
part (1) and part (2).
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Algorithm type ‘ Case ‘ Optimal location (1) ‘ Optimal location (2) | DG PV size (KW) | DG Wind size (KW) | Power loss (KW) | Power loss reduction %
(a)

A 61 64 433.33 303.96 87.78 60.81

B 61 64 454.48 302.98 28.87 87.11
ZOA

C 61 64 455.05 289.63 57.73 74.23

D 61 64 443.24 296.39 46.11 79.42

A 65 63 30.04 245.84 145.23 35.17

B 64 62 419.68 282.72 30.97 86.17
WOA

C 65 27 401.4 264.94 93.98 58.04

D 64 61 370.36 268.5 54.64 75.61

A 65 27 432.28 219.14 133.58 40.37

B 63 62 427.26 298.87 37.44 83.29
GWO

C 62 19 456 54.2 96.49 56.92

D 63 64 456 195.78 68.06 69.62

A 64 62 456 247.7 98.4 56.07
GA B 61 62 292.74 218.77 48.94 78.15

C 62 24 374.55 148.25 98.26 56.13

D 64 21 415.42 196.61 73.44 67.21
(b)

E 30 61 186.34 98.92 55.6 75.18

F 12 61 201.54 58.84 30.28 86.48
ZOA

G 8 2 253.07 11.01 15.23 93.20

H 9 2 190.3 193.02 10.77 95.19

Table 8. Summary for all case studies during the summer season in (a) part (1) and (b) part (2).

The tables and figures indicate that in part (1) ZOA power loss reduction for cases (B), (C), and (D) reached
87%, 74%, and 79%, respectively. While in part (2) the power loss reduction for cases (E), (F), (G), and (H)
reached approximately 75%, 86%, 93%, and 95%, respectively.

Discussion

This paper presented an energy management strategy combining the integration of EVs and peak load shifting to
optimally utilize the size and location of RERs on the distribution network during winter and summer seasons.
The applied DSM strategy implemented the ZOA in case of load, RESs, and EV's uncertainties. The first phase of
the simulation started by processing the winter season data.

In part (1) the system investigated the ZOA performance in comparison to WOA, GWO, and GA across
four cases while considering fixed RER integration. In part (2) the remaining four cases investigated the ZOA
performance only taking into consideration the stochastic behavior of RERs.

In case (A), the investigation focuses on the system performance under constant output power generation for
the RERs with 100% loading utilizing the four optimization algorithms. The results revealed that ZOA achieved
the maximum power loss reduction of 60.81% followed by GA, GWO, and WOA with a power loss reduction
of 56.07%, 40.37%, and 35.17%, respectively. While in case (B), the load uncertainty is considered with the
implementation of peak load shifting. The results indicated an increase in the power loss reduction by applying
ZOA, WOA, GWO, and GA by 85.36%, 77.85%, 73.28%, and 78.75%, respectively.

In case (C), the incorporation of EV is considered with 100% loading and fixed integration of RERs. Although
EV integration increases power losses, results illustrated an increase in power loss reduction across the four
algorithms compared to case (A). The power loss reduction for ZOA, WOA, GWO, and GA reached 64.81%,
64.22%, 63.34%, and 53.17% respectively. While applying peak load shifting in case (D), the power loss reduction
increased to 79.58%, 76.27%, 66.84%, and 70.87% for ZOA, WOA, GWO, and GA, respectively. Even though the
power losses decreased but the capacity of the utilized DG increased for the PV and wind during the optimization
process by the ZOA. The approach optimally places the DGs closer to the load demand thus minimizing the
resistive losses associated with long-distance power transmission. Furthermore, DG units support load demands
improving the VSI and confirming that the marginal increase in size yields a proportionately significant reduction
in losses and an overall enhancement in grid reliability.

In part (2), the ZOA is utilized to integrate the PDF of wind/PV. In case (E),100% loading is considered
while in cases (F), (G), and (H) the load variance is taken into consideration. The power loss reduction for cases
(E) and (F) reached 76.91% and 89%, respectively. Results also show that considering full system uncertainty
reached the maximum power loss reduction of 94.7% in case (G) which is the worst-case scenario. Also, after
applying the peak load shifting in case (H), the maximum power loss reduction is 96.8%. Case (G) should serve
as a foundational basis and will be thoroughly utilized in conducting a more comprehensive investigation in the
subsequent stage of the research. In the second phase of the simulation, the summer season data is processed.
Results indicated that considering the uncertainties in load, EVs and RERs affect the power loss reduction in
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Fig. 12. Comparison for all cases results for (a) Part (1) and (b) Part (2) (Summer versus Winter seasons).

. . . . Particle Swarm Optimization (PSO) and
1 | IEEE 33-bus y X |X Minimize daily active power losses and improve voltage profile Butterfly Optimization (BO)*!
IEEE 33-bus and . . 1.1, | Hybrid grey wolf optimization and particle

2 | IEEE 69-bus v X Lessen the active power losses, enhance VSI and adequate reliability swarm optimization (HGWOPSO)™
3 | IEEE 37-bus N N Reducing total real power loss and improving system performance GAS

indices

Line loss reduction index, voltage profile improvement index and Dynamic fault tree analysis and Bayesian
4 | IEEE 33-bus Vo penetration level index Optimization Technique®*
5 ggg zg:gzz and |y 1y |y Increase power loss reduction and VSI Analytical method®®
6 | IEEE 69- bus y NN Minimize power loss and apply peak load shifting Proposed work

Table 9. Comparison between the proposed work and previous research.
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PHEYV penetration level (%) | Optimal EVCS location | Optimal EVCS capacity (kW, kVAR) | Power loss (kW) | Voltage index | Voltage at bus 61 (V)
Base Case - - 224.96 0.0266 0.9197
10% 22 357,188 128.98 0.02 0.9550
15% 37 191, 354 127.87 0.0198 0.9568
20% 54 739, 308 126.377 0.0196 0.9579
30% 56 904, 561 125.39 0.0193 0.9618

Cost (€/kW)

Table 10. Summary for four different penetration levels of EV.

-Power loss cost before PLS -Power loss cost after PLS —€— Savings

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 21 22 23 24
Time of day

Fig. 13. The hourly savings after applying PLS on IEEE 69-bus system.

the winter season more than in summer season by approximately 5%. The usage and consumer behavior during
which emphasis the network’s overall performance.

Comparison with existing literature

In previously published research, a variety of strategies were applied to optimally select the size and location
of DGs. Table 9 presents a comprehensive comparison between the proposed algorithm and previous research.
The comparison encompasses several factors including the optimization algorithm, the integration of DGs and
EVs, and the formulated objective function. Few prior studies combined the generation mix of DGs and EV on
IEEE 69-bus system for power loss reduction. This research takes a more integrated comprehensive approach
by simultaneously addressing both aspects within the same framework under various uncertainty conditions
on large scale networks. Consequently, the proposed optimization technique is implemented for power loss
reduction and applying DSM through peak load shifting for cost savings and system stability.

High EV penetration level

The cumulative charging demand of EV's on the power networks significantly impacts grid efficiency and stability.
Effective optimal charging strategies assess in balancing these demands influenced by the penetration levels of
EVs on the network. Accordingly, adaptive solutions shall be considered to scale with the EV demand based
on the varying penetration levels. At low penetration levels, the limited number of EVs does not dramatically
affect voltage profile and peak demand. On the other hand, the increased penetration levels reflect negatively
on the power losses and voltage stability which highlights the need for optimal charging strategies®®. Moreover,
dynamic integrated solutions for infrastructure including electric vehicle charging stations (EVCS) are required
to manage the high penetration levels®’.

In light of the above, further analysis is implemented on the system to examine the impact of high penetration
levels of PHEV's to optimally integrate EVCS on the proposed model before and after PLS aiming to flatten the
demand curve, reduce costs, and improve grid efficiency.

The investigation is carried out on the IEEE 69-bus system which entails a fixed integration of wind/PV
modules considering the uncertainty of EVs and load profile. Based on another simulation for case (G), the
optimal DG integration of PV and wind is set at bus numbers 61 and 36 with a capacity of 200 kW and 55 kW,
respectively. The optimal location and capacity of EVCS is optimized using the ZOA. Table 10 summarizes a
comparison between different penetration levels of PHEV impact on power loss and voltage index with a focus
on voltage at bus 61.

The table indicates that high penetration levels of EVs along with DERs lead to a reduction in voltage index
and an increase in power losses. However, it is noteworthy that at 20% and 30% EV integration levels on the
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Fig. 14. The hourly savings after applying PLS on IEEE 123-bus system.

network incorporating DERs, the voltage at bus 61 reached 0.9579 and 0.9618, respectively. The best possible
plan for charging EVs aiming to minimize power loss and stabilize voltage levels is at 15%.

Using the time of use (TOU) pricing scheme®® and the average day-ahead hourly price data in Spain®, the
proposed model has the potential to significantly reduce costs while maintaining system stability. Extended
analysis has been implemented after PLS with a 15% EV penetration level. The ZOA optimized the integration of
EVCS, PV, and wind at bus numbers 56, 61, and 36 with a capacity of 452 kW, 200 kW, and 55 kW, respectively.
Figure 13 summarizes the hourly savings for integrating a cumulative penetration level of 35% from the total
network for EVs and DERs before and after PLS.

The results indicate that the most expensive hour during the day before PLS is 9 for 38 €/kWh. On the other
hand, the new loadability profile derived from PLS reduced the cost of this time to 24 €/kWh. Also, the applied
strategy reduces the daily average power loss by nearly 24%. Subsequently, the average savings arising from this
DSM are up to 4.65 €/kWh.

Comparison with large-scale optimization

The developed algorithm and implemented strategy have been tested on the IEEE 123-bus system®’. The analysis
has been conducted as in case (G) which is the worst-case scenario for the uncertainty of load, EVs, and DERs.
The total active and reactive power loss is 3490 kW and 1920 kVAR, respectively with a voltage of 4.16 kV. Results
revealed a reduction in power loss from 74.54 to 64.12 kW which is approximately 15%. The ZOA optimized
the location of EVCS integration to be at bus number 39 with a capacity of 210.12 kW while considering PV and
wind at bus numbers 67 and 21 with a capacity of 210.32 kW and 19.21 kW, respectively. Figure 14 summarizes
the hourly savings for integrating a cumulative penetration level of 35% from the total network for EVs and
DERs before and after PLS for IEEE 123-bus radial system.

The results indicate that the most expensive hours during the day before PLS are 9, 17 and 18 with a cost
of 18.79 €/kWh, 17.67 €/kWh and 18.44 €/kWh, respectively. However, the new loadability profile derived
from PLS reduced the cost of these hours to 16.13 €/kWh, 15.18 €/kWh and 15.82 €/kwh. Moreover, the new
loadability profile derived from PLS reduces the daily average power loss by nearly 14%. Accordingly, the average
savings from this DSM is up to 1.6 €/kWh.

Conclusion

The growing integration of EVs and RERs as DGs into the power system holds great promise for reducing
greenhouse gas emissions and improving system performance. But it also represents difficulties in maintaining
efficiency and reliability. The dynamic charging pattern of EVs and the unpredictable nature of renewable energy
contribute to power loss, voltage instability, and peak load surge. These issues underscore the need for effective
DSM strategies such as shifting the peak load hours to oft-peak hours which reduces costs and stress on the
grid. To address these challenges, advanced optimization algorithms were developed to boost the overall system
performance and reduce costs. One of the recent optimization techniques is the ZOA, inspired by the natural
behavior of zebras and their zigzag patterns to defend predators thus finding the optimum solution. This paper
presented an energy management strategy combining the integration of EVs and RERs to optimally utilize the
size and allocation in smart cities, along with the demand-side management strategies. The proposed strategy
was applied using the ZOA in case of load, RERs and EV uncertainties, and compared with WOA, GWO, and
GA. The investigation simulated the proposed algorithm on a typical IEEE 69-bus and 123-bus system with
multi-objective functions of power loss reduction and DSM by applying peak load shifting during winter and
summer seasons. EV consumption is assumed to act as a load on the network for 12 h (G2V mode) and as a
DG (V2G mode) for the rest of the day. The investigation for each season was applied in two parts, each of 4
cases. Part (1) considers a constant output power for the RER while part (2) considers the stochastic behavior
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of the RER. In cases (A) and (E), the integration is simulated using 100% loading throughout the day. While
in cases (B) and (F) the load variance profile is considered after peak load shifting. And in cases (C) and (G)
considered integration of the EV. Lastly, cases (D) and (H) considered all system uncertainty and applied peak
load shifting. Results showed that the combined integration of DERs along with the EVs as a load and as a DG
reduced power loss significantly with a remarkable effect on voltage profile. Moreover, applying the load peak
shifting on the worst-case scenario decreased power losses the most. Furthermore, the ZOA performance with
respect to achieving the minimum power loss and peak load shifting with optimal location and size of the RER,
is better than the WOA, GWO, and GA in most cases. In addition, applying winter season data on the system
reduced power loss in comparison to the summer season. Lastly, high penetration levels of EVs require optimal
charging strategies to reduce expenses.

In future work, peak shaving shall be considered from the cost perspective from one hour to another. Also,
other seasons should be considered using different machine-learning techniques to find the optimal location
using ZOA and then compared to other techniques.

Data availability

The datasets used during the current study is available from the corresponding author on reasonable request.

Received: 28 July 2024; Accepted: 30 April 2025
Published online: 27 May 2025

References

1. Radhika, R., Thampatty, K. C. S. Impacts of renewable energy integration on power system stability. In 2023 IEEE Technology and
Engineering Management Conference—Asia Pacific (TEMSCON-ASPAC), pp. 1-6. IEEE Xplore, https://doi.org/10.1109/TEMSCO
N-ASPAC59527.2023.10531586 (2023).

2. Shafiullah, Md.,, et al. Grid integration challenges and solution strategies for solar PV systems: A review. IEEE Access, 10, 52233~
52257 https://doi.org/10.1109/ACCESS.2022.3174555 (2022).

3. Sawant, S., et al. Impact of wind energy on reliability of generation system. In 2023 IEEE Renewable Energy and Sustainable
E-Mobility Conference (RESEM), IEEE, pp. 1-5, https://doi.org/10.1109/RESEM57584.2023.10236220 (2023).

4. Caballero-Pefia, J. et al. Distributed energy resources on distribution networks: A systematic review of modelling, simulation,
metrics, and impacts. Int. J. Electr. Power Energy Syst. 138, 107900. https://doi.org/10.1016/j.jjepes.2021.107900 (2022).

5. Agajie, T. F. et al. Reliability enhancement and voltage profile improvement of distribution network using optimal capacity allocation
and placement of distributed energy resources. Comput. Electr. Eng. 93,107295. https://doi.org/10.1016/j.compeleceng.2021.107295
(2021).

6. Yang, Y. et al. Allocating cost of uncertainties from renewable generation in stochastic electricity market: General mechanism and
analytical solution. IEEE Trans. Power Syst. 39(2), 4224-4239. https://doi.org/10.1109/TPWRS.2023.3298519 (2024).

7. Khan, M. O. et al. Impact assessment of electric vehicle charging on distribution networks. Renew. Energy Focus 50, 100599. https
://doi.org/10.1016/j.ref.2024.100599 (2024).

8. El Din, M. A, et al. Energy trading strategy incoporating electric vehicles. In 2023 13th International Symposium on Advanced
Topics in Electrical Engineering (ATEE), IEEE, pp. 1-4. https://doi.org/10.1109/ATEE58038.2023.10108240 (2023).

9. Caro, L. M. et al. State of charge influence on the harmonic distortion from electric vehicle charging. IEEE Trans. Ind. Appl. 57(3),
2077-2088. https://doi.org/10.1109/TIA.2021.3057350 (2021).

10. Nutkani, I et al. Impact of EV charging on electrical distribution network and mitigating solutions: A review. IET Smart Grid 7(5),
485-502. https://doi.org/10.1049/stg2.12156 (2024).

11. Srivastava, A. et al. Integration of power systems with electric vehicles: A comprehensive review of impact on power quality and
relevant enhancements. Electr. Power Syst. Res. 234, 110572. https://doi.org/10.1016/j.epsr.2024.110572 (2024).

12. Yuvaraj, T, et al. “A Comprehensive Review and Analysis of the Allocation of Electric Vehicle Charging Stations in Distribution
Networks.” IEEE Access, vol. 12, pp. 5404-61, https://doi.org/10.1109/ACCESS.2023.3349274 (2024)

13. Injeti, S. K. & Thunuguntla, V. K. Optimal integration of DGs into radial distribution network in the presence of plug-in electric
vehicles to minimize daily active power losses and to improve the voltage profile of the system using bio-inspired optimization
algorithms. Protect. Control Mod. Power Syst. 5(1), 3. https://doi.org/10.1186/s41601-019-0149-x(2020) (2020).

14. Ahmadi, S. E. et al. Multi-objective stochastic techno-economic-environmental optimization of distribution networks with G2V
and V2G systems. Electr. Power Syst. Res. 218, 109195. https://doi.org/10.1016/j.epsr.2023.109195 (2023).

15. Ebrahimi, Mehrdad, et al. “Stochastic Charging Optimization of V2G-Capable PEVs: A Comprehensive Model for Battery Aging
and Customer Service Quality” IEEE Transactions on Transportation Electrification, vol. 6, no. 3, pp. 1026-34, https://doi.org/10.1
109/TTE.2020.3005875 (2020)

16. Dranka, G. G. et al. Integrating supply and demand-side management in renewable-based energy systems. Energy 232, 120978.
https://doi.org/10.1016/j.energy.2021.120978 (2021).

17. Nebey, A. H. Recent advancement in demand side energy management system for optimal energy utilization. Energy Rep. 11,
5422-5435. https://doi.org/10.1016/j.egyr.2024.05.028 (2024).

18. Manoharan, M., Padma, S. An optimized demand side management with automatic peak clipping and load scheduling for energy
conservation. In 2023 Second International Conference on Augmented Intelligence and Sustainable Systems (ICAISS), pp. 1710-15.
IEEE Xplore, https://doi.org/10.1109/ICAISS58487.2023.10250574 (2023).

19. Mohanty, S. et al. Demand side management of electric vehicles in smart grids: A survey on strategies, challenges, modeling, and
optimization. Energy Rep. 8, 12466-12490. https://doi.org/10.1016/j.egyr.2022.09.023 (2022).

20. Ragab, Mohamed Mustafa, et al. “Optimal Energy Management Applying Load Elasticity Integrating Renewable Resources.”
Scientific Reports, vol. 13, no. 1, p. 15000, https://doi.org/10.1038/s41598-023-41929-1 (Sept. 2023).

21. Xia, L. et al. Valley filling estimation of coordinated electric vehicle charging on distribution networks. IET Conf Proc. 2023(21),
47-49. https://doi.org/10.1049/icp.2023.2992 (2023).

22. Wen, X, et al. Optimized charging strategy of electric vehicles considering power distribution network load. In 2024 3rd
International Conference on Energy, Power and Electrical Technology (ICEPET), IEEE, pp. 1227-31, https://doi.org/10.1109/ICEPE
T61938.2024.10627432 (2024).

23. Zangmo, R., et al. Optimal placement of distributed generators and electric vehicles using whale optimization algorithm (WOA).
In 2024 Ist International Conference on Innovative Sustainable Technologies for Energy, Mechatronics, and Smart Systems (ISTEMS),
IEEE, pp. 1-6, https://doi.org/10.1109/ISTEMS60181.2024.10560189 (2024).

24. Wang, T., et al. An optimization model for orderly charging and discharging of electric vehicles based on the grey wolf optimization
algorithm. In 2024 6th International Conference on Energy Systems and Electrical Power (ICESEP), IEEE, pp. 1446-1449, https://d
0i.0rg/10.1109/ICESEP62218.2024.10651905 (2024).

Scientific Reports |

(2025) 15:18570 | https://doi.org/10.1038/541598-025-00752-6 nature portfolio


https://doi.org/10.1109/TEMSCON-ASPAC59527.2023.10531586
https://doi.org/10.1109/TEMSCON-ASPAC59527.2023.10531586
https://doi.org/10.1109/ACCESS.2022.3174555
https://doi.org/10.1109/RESEM57584.2023.10236220
https://doi.org/10.1016/j.ijepes.2021.107900
https://doi.org/10.1016/j.compeleceng.2021.107295
https://doi.org/10.1109/TPWRS.2023.3298519
https://doi.org/10.1016/j.ref.2024.100599
https://doi.org/10.1016/j.ref.2024.100599
https://doi.org/10.1109/ATEE58038.2023.10108240
https://doi.org/10.1109/TIA.2021.3057350
https://doi.org/10.1049/stg2.12156
https://doi.org/10.1016/j.epsr.2024.110572
https://doi.org/10.1109/ACCESS.2023.3349274
https://doi.org/10.1186/s41601-019-0149-x(2020)
https://doi.org/10.1016/j.epsr.2023.109195
https://doi.org/10.1109/TTE.2020.3005875
https://doi.org/10.1109/TTE.2020.3005875
https://doi.org/10.1016/j.energy.2021.120978
https://doi.org/10.1016/j.egyr.2024.05.028
https://doi.org/10.1109/ICAISS58487.2023.10250574
https://doi.org/10.1016/j.egyr.2022.09.023
https://doi.org/10.1038/s41598-023-41929-1
https://doi.org/10.1049/icp.2023.2992
https://doi.org/10.1109/ICEPET61938.2024.10627432
https://doi.org/10.1109/ICEPET61938.2024.10627432
https://doi.org/10.1109/ISTEMS60181.2024.10560189
https://doi.org/10.1109/ICESEP62218.2024.10651905
https://doi.org/10.1109/ICESEP62218.2024.10651905
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.
48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

An, L., et al. Optimization of renewable energy and electric vehicle charging based on multi particle swarm optimization algorithm.
In 2024 IEEE 6th Advanced Information Management, Communicates, Electronic and Automation Control Conference (IMCEC),
IEEE, pp. 23-26, https://doi.org/10.1109/TMCEC59810.2024.10575498 (2024).

Peesapati, R., and Yadav, V. K. Energy optimization with electrical vehicles optimal pattern for charging/discharging in smart
distribution systems. In 2024 IEEE Third International Conference on Power Electronics, Intelligent Control and Energy Systems
(ICPEICES), IEEE, pp. 459-63, https://doi.org/10.1109/ICPEICES62430.2024.10719260 (2024).

Sahoo, J. P, et al. Impacts of plug-in EVs and decentralized power generation on distribution system operation. E-Prime Adv. Electr.
Eng. Electron. Energy, 9, 100658. https://doi.org/10.1016/j.prime.2024.100658 (2024).

Zhang, H., et al. Optimal scheduling strategy for multi-type electric vehicle charging based on improved GA. In 2024 6th
International Conference on Energy Systems and Electrical Power (ICESEP), IEEE, pp. 1383-86, https://doi.org/10.1109/ICESEP62
218.2024.10652221 (2024).

Yadav, N. K., & Das, S. Optimal V2G and G2V scheduling for cost-effective power management in distribution system. In 2024
IEEE 4th International Conference on Sustainable Energy and Future Electric Transportation (SEFET), IEEE, pp. 1-6. https://doi.or
¢/10.1109/SEFET61574.2024.10718089 (2024).

Kortam, S. S., et al. Optimal EVs scheduling win-win strategies applying arithmetic technique. In 2022 International
Telecommunications Conference (ITC-Egypt), IEEE, pp. 1-6, https://doi.org/10.1109/ITC-Egypt55520.2022.9855758 (2022).

Xi, Z., et al. Power supply optimization for an overload feeder: An electric vehicle aggregator demand response solution. In 2023
Panda Forum on Power and Energy (PandaFPE), 1EEE, pp. 802-806, https://doi.org/10.1109/PandaFPE57779.2023.10141007
(2023).

Chukwu, Uwakwe C. “The Impact of Load Patterns on Power Loss: A Case of V2G in the Distribution Network.” 2020 Clemson
University Power Systems Conference (PSC), IEEE, 2020, pp. 1-4, https://doi.org/10.1109/PSC50246.2020.9131314 (2020).
Yuvaraj, T,, et al. Optimizing the allocation of renewable DGs, DSTATCOM, and BESS to mitigate the impact of electric vehicle
charging stations on radial distribution systems. Heliyon, 9(12), €23017. https://doi.org/10.1016/j.heliyon.2023.e23017 (2023).
Trojovska, E., et al. Zebra optimization algorithm: A new bio-inspired optimization algorithm for solving optimization algorithm.
IEEE Access, 10, 49445-49473. https://doi.org/10.1109/ACCESS.2022.3172789 (2022).

Zare, P, et al. Maiden application of zebra optimization algorithm for design PIDN-TIDF controller for frequency control in
offshore fixed platforms microgrid in the presence of tidal energy. In 2023 8th International Conference on Technology and Energy
Management (ICTEM), IEEE, pp. 1-7. https://doi.org/10.1109/ICTEM56862.2023.10083612 (2023).

Ghadi, Y. Y., et al. State-of-the-art frequency control strategy based on an optimal fuzzy PI-FOPDF* for SMES and UPFC integrated
smart grids using zebra optimization algorithm. IEEE Access, 11, 122893-122910, https://doi.org/10.1109/ACCESS.2023.3328961
(2023).

Pazhanimuthu, C. et al. Performance analysis of voltage profile improvement in AVR system using zebra optimization algorithms
based on PID controller. E-Prime Adv. Electr. Eng. Electron. Energy 6, 100380. https://doi.org/10.1016/j.prime.2023.100380 (2023).
Rana, A, et al. A ZEBRA optimization algorithm search for improving localization in wireless sensor network. In 2022 2nd
International Conference on Technological Advancements in Computational Sciences (ICTACS), IEEE, pp. 817-24, https://doi.org/1
0.1109/ICTACS56270.2022.9988278 (2022).

Kandel, A. A,, et al. Efficient reduction of power losses by allocating various DG types using the ZOA algorithm. Results Eng. 23,
102560. https://doi.org/10.1016/j.rineng.2024.102560 (2024).

Choudhary, J. K., et al. Application of zebra optimisation algorithm for solving optimal power flow issues. In 2023 OITS International
Conference on Information Technology (OCIT), IEEE, pp. 214-219, https://doi.org/10.1109/OCIT59427.2023.10431341 (2023).
Jasim Mohamed, M., et al. Hybrid controller with neural network PID/FOPID operations for two-link rigid robot manipulator
based on the zebra optimization algorithm. Front. Robot. Al 11, 1386968, https://doi.org/10.3389/frobt.2024.1386968 (2024).
Ghofrani, M., and Hersi, N. Multi-objective stochastic optimization for EV and renewable DG integration. In 2024 IEEE Texas
Power and Energy Conference (TPEC), IEEE, pp. 1-6, https://doi.org/10.1109/TPEC60005.2024.10472239 (2024).

Grigg, C. et al. The IEEE reliability test system-1996. A report prepared by the reliability test system task force of the application of
probability methods subcommittee. IEEE Trans. Power Syst. 14(3), 1010-1020. https://doi.org/10.1109/59.780914 (1999).

Goyal, S. K., et al. A review on uncertainty modelling approaches for stochastic optimization in power system. In 2024 4th
International Conference on Innovative Practices in Technology and Management (ICIPTM), IEEE, pp. 1-6. https://doi.org/10.1109
/ICIPTM59628.2024.10563410 (2024).

El-Azab, H.-A., et al. Seasonal forecasting of wind and solar power using deep learning algorithms. In 2023 24th International
Middle East Power System Conference (MEPCON), IEEE, pp. 1-8, https://doi.org/10.1109/MEPCONS58725.2023.10462338 (2023).
Kavousi-Fard, A. & Niknam, T. Optimal distribution feeder reconfiguration for reliability improvement considering uncertainty.
IEEE Trans. Power Deliv. 29(3), 1344-1353. https://doi.org/10.1109/TPWRD.2013.2292951 (2014).

Online resources - electric vehicle database, https://ev-database.org/cheatsheet/useable-battery-capacity-electric-car

Cama-Pinto, D,, et al. Forecasted datasets of electric vehicle consumption on the electricity grid of Spain. Data Brief, 31, 105823,
https://doi.org/10.1016/j.dib.2020.105823 (2020).

El-Azab, H.-A I et al. Seasonal electric vehicle forecasting model based on machine learning and deep learning techniques. Energy
AI 14, 100285. https://doi.org/10.1016/j.egyai.2023.100285 (2023).

Dey, Bishwajit, et al. “Microgrid System Energy Management with Demand Response Program for Clean and Economical
Operation?” Applied Energy, vol. 334, 2023, p. 120717, https://doi.org/10.1016/j.apenergy.2023.120717 (2023)

Hudson, B. et al. Mitigating impacts associated with a high-penetration of plug-in electric vehicles on local residential smart grid
infrastructure. J. Power Sources 593, 233961. https://doi.org/10.1016/j.jpowsour.2023.233961 (2024).

Injeti, S. K. & Thunuguntla, V. K. Optimal integration of DGs into radial distribution network in the presence of plug-in electric
vehicles to minimize daily active power losses and to improve the voltage profile of the system using bio-inspired optimization
algorithms. Protect. Control Mod. Power Syst. 5(1), 3. https://doi.org/10.1186/s41601-019-0149-x (2020).

Bilal, M. et al. Al-based approach for optimal placement of EVCS and DG with reliability analysis. IEEE Access 9, 154204-154224.
https://doi.org/10.1109/ACCESS.2021.3125135 (2021).

Patel, D. K. et al. A comparative analysis for impact of distributed generations with electric vehicles planning. Sustain. Energy
Technol. Assess. 52, 101840. https://doi.org/10.1016/j.seta.2021.101840 (2022).

Chowdhury, R. et al. Performance assessment of a distribution system by simultaneous optimal positioning of electric vehicle
charging stations and distributed generators. Electr. Power Syst. Res. 214, 108934. https://doi.org/10.1016/j.epsr.2022.108934
(2023).

Sivakumar, S. et al. Analysis of distribution systems in the presence of electric vehicles and optimal allocation of distributed
generations considering power loss and voltage stability index. IET Gener. Transm. Distrib. 18(6), 1114-1132. https://doi.org/10.1
049/gtd2.12968 (2024).

Karmaker, A. K. et al. Multi-stakeholder perspectives for transport electrification: A review on placement and scheduling of
electric vehicle charging infrastructure. J. Clean. Prod. 427, 139145. https://doi.org/10.1016/j.jclepro.2023.139145 (2023).

Zhao, D. et al. Time-of-use pricing for energy storage investment. IEEE Trans. Smart Grid 13(2), 1165-1177. https://doi.org/10.11
09/TSG.2021.3136650 (2022).

Online resources—Day-Ahead Hourly Price | OMIE. https://www.omie.es/en/market-results/daily/daily-market/daily-hourly-pri
ce.

Online resources—IEEE PES Test Feeder. https://cmte.ieee.org/pes-testfeeders/resources/.

Scientific Reports |

(2025) 15:18570

| https://doi.org/10.1038/s41598-025-00752-6 nature portfolio


https://doi.org/10.1109/IMCEC59810.2024.10575498
https://doi.org/10.1109/ICPEICES62430.2024.10719260
https://doi.org/10.1016/j.prime.2024.100658
https://doi.org/10.1109/ICESEP62218.2024.10652221
https://doi.org/10.1109/ICESEP62218.2024.10652221
https://doi.org/10.1109/SEFET61574.2024.10718089
https://doi.org/10.1109/SEFET61574.2024.10718089
https://doi.org/10.1109/ITC-Egypt55520.2022.9855758
https://doi.org/10.1109/PandaFPE57779.2023.10141007
https://doi.org/10.1109/PSC50246.2020.9131314
https://doi.org/10.1016/j.heliyon.2023.e23017
https://doi.org/10.1109/ACCESS.2022.3172789
https://doi.org/10.1109/ICTEM56862.2023.10083612
https://doi.org/10.1109/ACCESS.2023.3328961
https://doi.org/10.1016/j.prime.2023.100380
https://doi.org/10.1109/ICTACS56270.2022.9988278
https://doi.org/10.1109/ICTACS56270.2022.9988278
https://doi.org/10.1016/j.rineng.2024.102560
https://doi.org/10.1109/OCIT59427.2023.10431341
https://doi.org/10.3389/frobt.2024.1386968
https://doi.org/10.1109/TPEC60005.2024.10472239
https://doi.org/10.1109/59.780914
https://doi.org/10.1109/ICIPTM59628.2024.10563410
https://doi.org/10.1109/ICIPTM59628.2024.10563410
https://doi.org/10.1109/MEPCON58725.2023.10462338
https://doi.org/10.1109/TPWRD.2013.2292951
https://ev-database.org/cheatsheet/useable-battery-capacity-electric-car
https://doi.org/10.1016/j.dib.2020.105823
https://doi.org/10.1016/j.egyai.2023.100285
https://doi.org/10.1016/j.apenergy.2023.120717
https://doi.org/10.1016/j.jpowsour.2023.233961
https://doi.org/10.1186/s41601-019-0149-x
https://doi.org/10.1109/ACCESS.2021.3125135
https://doi.org/10.1016/j.seta.2021.101840
https://doi.org/10.1016/j.epsr.2022.108934
https://doi.org/10.1049/gtd2.12968
https://doi.org/10.1049/gtd2.12968
https://doi.org/10.1016/j.jclepro.2023.139145
https://doi.org/10.1109/TSG.2021.3136650
https://doi.org/10.1109/TSG.2021.3136650
https://www.omie.es/en/market-results/daily/daily-market/daily-hourly-price
https://www.omie.es/en/market-results/daily/daily-market/daily-hourly-price
https://cmte.ieee.org/pes-testfeeders/resources/
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Author contributions
Investigation: M. M., R. A. and T. S. Methodology: M. M., R. A. and T. S. Validation: M. M., R. A. and T. S. Writ-
ing up: M. M. Review and editing: all authors reviewed the manuscript.

Funding
Open access funding provided by The Science, Technology & Innovation Funding Authority (STDF) in cooper-
ation with The Egyptian Knowledge Bank (EKB).

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/1
0.1038/s41598-025-00752-6.

Correspondence and requests for materials should be addressed to M.M.E.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025

Scientific Reports |

(2025) 15:18570 | https://doi.org/10.1038/s41598-025-00752-6 nature portfolio


https://doi.org/10.1038/s41598-025-00752-6
https://doi.org/10.1038/s41598-025-00752-6
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Demand side management with electric vehicles and optimal renewable resources integration under system uncertainties
	﻿Problem formulation
	﻿Probabilistic power loss
	﻿Peak load shifting
	﻿System under study
	﻿Load profile
	﻿Wind and PV integration
	﻿Electric vehicle integration



