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In order to maximize residential energy use and reduce electricity costs, home energy Accepted 9 November 2025

management systems (HEMS), are crucial. A distinct dynamic pricing-driven load optimiza-
tion technique for HEMS running in islanded mode where grid access is either limited or KEYWORDS
nonexistent is presented in this paper. Incorporating important distributed energy resources Battery energy storage
like photovoltaic (PV) systems, electric vehicles (EVs), battery energy storage systems (BESS), systems; home energy
and limited grid access, the optimal schedule is also used for real-time dynamic pricing management; islanding;
analysis. A planned short-duration outage and a full 24-hour islanding scenario are the two ~ ™icrogrid

different outage scenarios that are assessed. In short-duration outages, grid dependency

decreases to roughly 10% in the spring and approximately 50% in the summer and winter,

according to a thorough seasonal analysis conducted in the spring, summer, and winter. The

suggested approach guarantees total self-sufficiency in the 24-hour outage scenario, with

local resources satisfying load demands in full.

1. Introduction

In addition to the pressing need to prevent climate change, which is caused primarily by the massive amount of
greenhouse gas emissions (GHG) (Icaza et al. 2024), more detrimental environmental effects have been observed.
Power outage incidents are increasing in frequency due to the ever-increasing energy demand and extreme
weather days caused by global climate change (Byrd and Matthewman 2014). The average number of blackout
incidents in the United States, for example, increases every five years, according to statistical data (Brogowski
2024). Scheduled or planned and unscheduled or unplanned outages are the two broad categories into which
grid outage occurrences can be divided. Unscheduled outages are those caused by unforeseen circumstances,
including transmission line failures caused by severe weather or unanticipated accidents. The term ‘planned
outages’ describes brief outages that the utility has scheduled. These planned outages frequently result from pre-
established causes like load shedding and system maintenance. Currently, planned outages are widespread on the
grids. For example, between 2015 and 2016, more than 1700 planned power outages occurred throughout
Australia as a result of equipment maintenance; at least 500 customers were affected by each outage (reported
power outages accessed on 20 April 2025 (Ausgrid 2025)).

The energy management of a single residential home or unit during planned outages was examined by the
authors of (Tuttle et al. 2013; Shin and Baldick 2017; Yang and Wang 2021; Wu, Aziz, and Haque 2024).
Individual residential homes or units would have the opportunity to share energy and withstand the duration of
the grid outage if powered with distributed renewable energy sources, such as wind turbines or rooftop
photovoltaic (PV) solar panels. Modern buildings that operate off-grid have changed from being solely energy
consumers to energy ‘prosumers (producers and consumers)’ (Mulleriyawage et al. 2023). The analysis of home
energy management system (HEMS) is presented in a number of works as a result of an inspiring metaheuristic
approach. Energy cost reduction, peak-to-average ratio (PAR) improvement, free charging of electric vehicles, and
offline self-planning are some of the many goals. Although load management is not covered, (Zupanci¢, Filipic,
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and Gams 2020) describes a multipurpose oftline tree-based genetic analysis technique for HEMS that was created
by applying a genetic algorithm (GA) to real-life historical data. As the cost of electricity in energy systems
increases, Jiang suggested a genetic algorithm-based technique to improve PAR and the electricity cost. To detect
single and multiple users with a small population of 30, a study based on genetic compatibility was proposed by
Hussain et al. (2018). The simulation results are presented for a small data set of three residences (Xin, Xiao, and
Sun 2019). The real-time operation of the appliances is not reflected in the one-hour sampling period. The
authors of HAN et al. (2023) presented a global two-layer particle swarm optimization (PSO) technique for
HEMS that are coupled to electric vehicles and photovoltaic systems. The algorithm does not take into account
the uncertain behavior of PVs, but it does take into account the smoothing of the load curve, the reduction of
power costs, and the provision of free electric vehicle charging. Similarly to this, an artificial bee colony with
adaptive traits is suggested in (Marzband et al. 2017) to achieve a balance of energy generation and, in severe
situations, lower power costs; however, the uncertainties of load demand and photovoltaic are not covered. For a
comparatively large number of homes, homogeneous loads are taken into account in (Aziz et al. 2016; Aziz et al.
2017). (Abbasi et al. 2021) concentrates on the electricity distribution of the residential area and the reduction of
PAR in the load curve for large non-uniform customers in order to lower the cost of electricity for the customers.
In (Ahmad et al. 2025), energy management for the community is discussed. The study discusses the optimal
utilization of resources to reduce the bill at the end of the month using the dynamic pricing (DP) technique.
Various dynamic pricing techniques from the literature are discussed in Table 1.

Microgrid-based solutions (MG) with local photovoltaic energy generation (PV) and demand-response
strategies (Kazemi et al. 2023) and dynamic pricing can be relied upon by distribution system operators
(DSO) and charge point operators (CPO) to reduce the effects on the energy grid and to develop a profitable
service (Zhou et al. 2020). Due to problems such as main grid instability, including periods of high load demand,
islanding events, and degradation of electrical power quality, MGs are a stable and strong complement to
guarantee resilience and reliability in the supply of electricity to customers (Najafi et al. 2021; Kabeyi and
Olanrewaju 2023). Smart building energy management in emergency situations that prioritizes adaptability,
resilience, and sustainability in the face of ongoing and future challenges is discussed in Chatzikonstantinidis
et al. (2025).

Similarly, for islanded microgrid, the power infrastructure is disconnected from the main grid. To
maximize its daily energy schedule operation, Islanded MG needs an energy management system (EMS)
(Meng et al. 2016). All local sources provide energy generation and load demand data to an EMS, which
then optimizes a number of objectives to establish decision strategies for each local source (Zia,
Elbouchikhi, and Benbouzid 2018). The literature has previously presented several EMS strategies. To
reduce its operating costs, an optimal EMS for PV and fuel cell-based MG was created in (Cingoz,
Elrayyah, and Sozer 2016). For grid-connected MG with tidal generating and pumped hydro storage, a
linear programming (LiP) EMS was created in (Faridnia et al. 2019). The authors of (Sukumar et al. 2017)
created EMS models based on LiP and mixed-integer linear programming (MILiP). The development and
experimental validation of MILiP-based MG EMSs took place in (Anglani, Oriti, and Colombini 2016;

Table 1. Comparison of dynamic pricing techniques in the literature.

Technique

Description

Key features

Advantages

Disadvantages

Time-of-Use (TOU)
(Muttagee et al. 2024)

Critical Peak Pricing (CPP)
(Schittekatte et al. 2024)
Real-Time Pricing (RTP)
(Navesi et al. (2025)
Incentive-Based (Moreno,
Valor, and Chaves (2025))
Peak Load Pricing (Jeon,
Lamadrid L, and
Mount (2025))
Seasonal Pricing (Ranta,
Karhunen, and
Laihanen (2025)
Usage-Based
(Mobtahej 2024)
Proposed Solution

Price varies by time
blocks (peak/off-peak)

High prices during rare
critical peaks

Prices vary with real-time
supply-demand

Financial incentives for
reduced use at peak

Higher rates during
predicted peak loads

Adjusts prices seasonally
based on trends

Rates increase with
consumption level
Combines RTP with
seasonal variation

Fixed daily time-based
tiers

Price spikes in extreme
conditions

Continuous dynamic
pricing signals

Rewards for reduced
demand

Anticipatory pricing
during demand spikes

Aligned with seasonal
demand shifts

Tiered consumption
brackets

Seasonal real-time
adjustments

Reduces peak load;
encourages off-
peak use

Effectively reduces peak
demand

Improves efficiency and
grid balance

Lowers peak load; user-
friendly

Reduces consumption
during stress periods

Reflects long-term usage
trends

Encourages energy
conservation

Energy-efficient;
seasonally adaptive

Inflexible; may
inconvenience users

Can cause dissatisfaction if
poorly forecasted

Complex to implement;
bills may fluctuate

Requires monitoring
infrastructure

Needs accurate peak
forecasting

Long-term variation may
confuse users

May not shift usage
patterns

Risk of unexpected
monthly billing
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Siddique and Gabbar 2023). The authors created a MILiP model for optimal MG dispatch based on
photovoltaic and storage in (Conte et al. 2019). Using techniques based on the Taylor series approxima-
tion, estimation operation points, and auxiliary variables on the initial nonlinear problem, another MILiP
model for residential MG EMS is described in (Vergara et al. 2017). With fewer calculations, the solution
error of the created model was less than 2%. The authors of (Solanki, Bhattacharya, and Caiizares 2017)
examined the effects of DR on the operation of MG and suggested a mixed-integer quadratic EMS model
for isolated MG based on operational and emission costs. The authors introduced a mixed integer
nonlinear programming model (MINLP) in (Solanki, Bhattacharya, and Canizares 2017) to integrate
DR with MG EMS. With further calculations, it was able to minimize the cost of DG operations and the
penalty costs associated with energy reduction. In (Giraldo, Castrillon, and Castro 2017), an EMS model
based on mixed-integer second-order cone programming (MISOCP) was created, which reduces the cost
of load shedding for isolated MG. On the other hand, integer variables lead to convergence issues and
increase computations. In addition, they are deficient in demand response (DR) calculations for each bus,
battery degradation cost consideration, and solutions against wind turbine based islanded MG EMS.

Due to poor planning and rash policy choices, Pakistan has had recurrent energy crises for a long time,
particularly since the 1980s (Jamil 2012; Jamil 2013; Ahmad and Jamil 2024). The demand for electricity in this
country increased during this period. Because thermal power plants take less time to build, the government
responded by progressively allowing commercial power providers to develop them. Currently, there are various
planned and unplanned power outages in Pakistan. The study is based on the observation of power outages in
developing countries.

In the study, we investigate the energy management issue of the home community in two cases. Scheduled
grid outages and islanding the grid for 24 hours. These cases are applied in four classes; lower class (LC), middle
class (MC), upper middle class (UMC), and higher class (HC). All classes have 10 houses each. Communities are
formed from these houses and via dynamic clustering discussed in Section 3, loads are scheduled. The load
profile achieved after dynamic clustering is compared with other algorithms shown in Figure 2. The load profile
achieved through dynamic clustering has a flatter curve compared to the other techniques. The dynamic
clustered load profile is given for dynamic pricing. In the dynamic pricing technique, for two cases, the cost is
optimized and maximum utilization of sources other than the primary grid is ensured in grid-connected mode.
The technique used to optimally use the resources is named dynamic clustering dynamic pricing islanded
community home energy management system (DCDPICHEMS). The block diagram of the proposed solution is
shown in Figure 1. During the study of the DCDPICHEMS technique, the main contributions are;

(1) This study presents a comprehensive analysis of an islanded microgrid that operates continuously for
24 hours under different weather conditions. The energy resources are optimally allocated with respect
to the load demand to ensure uninterrupted power supply.

(2) Different optimization algorithms are proposed for two outage scenarios: prolonged islanding (24
hours) and short-duration outages (a few hours). Resource prioritization algorithms are developed to
effectively manage and dispatch available energy sources, ensuring optimal performance and reliability
under each operating condition.

(3) For brief power outages due to scheduled maintenance or limited grid availability, multiple events are
examined. In order to meet the load, the system dynamically combines the primary grid with all
available resources. Although resources other than primary grid are preferred.

The manuscript is organized as; Section 2 is the generalization of the methodology of the proposed
solution. Section 3 and Section 4 discuss the load scheduling and dynamic pricing on the load curve
respectively. Results and analysis of dynamic pricing are discussed in Section 5. In the last Section 6,
conclusion and future work is discussed.

2. Methodology

In this study, equivalent loads of 40 residential units are scheduled with the objective of maximizing
customer preference satisfaction in the majority of households. Consumers provide the necessary
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Figure 1. Block diagram of the proposed methodology.

information regarding their preferred operating times for various appliances, which serves as the
basis for the load scheduling process. The duration of the scheduling is selected to accommodate the
highest possible number of users within the available time frame. Although prior work, such as in
(Dinh and Kim 2021), explicitly considers individual user convenience and associated appliance
waiting times, the approach presented in this study prioritizes aggregated consumer preferences
without modeling waiting times or detailed inconvenience experienced by individual users.
Distributed energy resources (DERs) are set up to take battery deterioration into account with
storage devices because we are a developing nation with rising inflation. EVs have state of charge
(SoC) of (90,20), while the BESS SoC is (90,30) for a grid-connected microgrid, while for an island
microgrid, the SoC can be lowered beyond the lower bound. In this situation, during tariff hours, the
cost of power is 49.98 PKR per unit during peak hours and 41.68 PKR per unit during off-peak hours
for communities using 400 to 500 units, depending on the units consumed. According to the
Islamabad Electric Supply Company (IESCO), Pakistan, peak hours for September through
November are 6 p.m. to 10 p.m. (Sattar 1998). Photovoltaic, electric vehicle, BS and the main
grid are the energy sources taken into account in the study. Taking into account all constraints, the
load is optimally scheduled to achieve a flatter curve. The optimization of load scheduling is
discussed below in Section 3. The optimally scheduled load profile is given as an input for dynamic
pricing where multiple resources are considered to meet the load for islanded microgrid in various
weather conditions. For spring season, summers, and winters, the loads are met by resources; EVs,
PVs and BESS. Further details on dynamic pricing are discussed in Section 4.
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3. Load scheduling with dynamic clustering

For load scheduling, four classes are considered; LC, MC, UMC and HC. Ten homes are considered for every
class. These homes make up a community-based system with centralized DERs and some local DERs as well.
The appliances or loads used by these classes are un-controllable devices (UCDs) and controllable devices (CDs).
CDs operate independently and do not require human intervention, such as air conditioners and washing
machines. Appliances can be further divided into two categories: non-interruptible (like a rice cooker) and
interruptible (like a clothes dryer) (Waseem et al. 2021). However, UCD is dependent on the consumer, such as
computers and television. It is assumed that the CD percentage varies per class. The percentage of CD is 20% in
LC, 40% in MC, 60% in UMC, and 80% in HC. The preferred time for appliance usage by consumers is shown
in Table 2, Table 3, Table 4 and Table 5 for lower class, middle class, upper middle class, and higher class,
respectively. The respective ratings of the appliances for each class are shown in Table 6.

In HEMS, the electricity management system (EMS) is configured at the customer’s end. To optimize the
community center’s electricity usage pattern, the electricity management controller (EMC) takes into account
power pricing, as well as consumer preferences for appliance operation. The hour division is taken from Aziz
et al. (2017), which states that the optimal time interval is 10 min. The entire day is divided into 144 time slots,
with the time represented as 7 €T, where the range of T is {1, 2, 3. ....144}, and the power rating values are

Table 2. Usage pattern of appliances in summers, winters, and spring on consumer’s preference for lower class.

Class Controllable devices Operation hours (Summers) Operation hours (Winters) Operation hours (Spring)
LC Air conditioner 1to4, 21to024 NA NA

LC Electric heater NA 5to0 8, 19 to 21 NA

LC Washing machine 1108, 15to0 20 1to 11 1to 11

LC Clothes dryer NA 7 to 12 7 to 12

LC Dishwasher 1to 13,18 to 24 9 to 15, 16 to 24 9 to 15, 16 to 24

LC Water pump 1to 8, 13 to 15, 20 to 24 1to 7,17 to 24 1to7,17 to 24

LC Electric kettle 41t06,10to 12,17 to 19 5t09 11to 1, 18 to 20 5t09 11to 1, 18 to 20
LC Rice cooker 1to6,9to 11,16 to 18 1to8 10to 12, 15to 18 1to8, 10to 12, 15to 18

Table 3. Usage pattern of appliances in summers, winters, and spring on consumer’s preference for middle class.

Class Controllable devices Operation hours (Summers) Operation hours (Winters) Operation hours (Spring)
MC Air conditioner 1106, 21 to 24 NA NA

MC Electric heater NA 7109, 151t0 23 NA

MC Washing machine 1109, 17 to 21 11012 1to0 12

MC Clothes dryer 7 to 15, 20 to 24 8to 15 8to 12

MC Dishwasher 9to 12, 15 to 18, 19 to 24 9to 15,16 to 1 9to 15,16 to 1

MC Water pump 9 to 10, 21 to 23 8 to 11, 20 to 22 8 to 11, 20 to 22
MC Electric kettle 6 to 10, 13 to 15, 18 to 20 6 to 10, 18 to 21 6 to 10, 18 to 21
MC Rice cooker 1to 10, 12 to 14, 16 to 19 1to 12, 16 to 19 1to 12, 16 to 19

Table 4. Usage pattern of appliances in summers, winters, and spring on consumer’s preference for upper middle class.

Class Controllable devices Operation hours (Summers) Operation hours (Winters) Operation hours (Spring)
uMcC Air conditioner 1t08, 19 to 24 NA NA

umc Electric heater NA 7t009, 15 to 23 NA

UMC Washing machine 1to 10, 17 to 22 1to 13 1to 13

umc Clothes dryer 11to 18 9to 17 9to 17

uUMcC Dishwasher 9to 12,15 to 17, 19 to 24 9 to 15, 19 to 23 9 to 15, 19 to 23
UMC Water pump 1to 11, 20 to 24 1to 12, 20 to 24 1to 12, 20 to 24
UMcC Electric kettle 8 to 13, 13 to 16, 19 to 21 8to 13, 18 to 22 8 to 13, 18 to 22
umc Rice cooker 1to 11,12 to 15, 18 to 23 1to 13,17 to 22 1t0 13,17 to 22

Table 5. Usage pattern of appliances in summers, winters, and spring on consumer’s preference in higher class.

Class Controllable devices Operation hours (Summers) Operation hours (Winters) Operation hours (Spring)
HC Air conditioner 1to 24 1to 24 1to 24

HC Electric heater 15 to 24 15 to 24 15 to 24

HC Washing machine 1to 24 1t015 1t015

HC Clothes dryer 1to 24 1to 15 1to 15

HC Dishwasher 10to 3,7 to 24 10to 2, 5to 24 10to 2, 5t0 24

HC Water pump 1to 24 1to 24 1to 24

HC Electric kettle 11 to 14, 18 to 24 10 to 13, 18 to 24 10 to 13, 18 to 24
HC Rice cooker 1to 12, 18 to 24 1 to 14, 18 to 23 1to 14, 18 to 23

HC Electric vehicle 12to 15,24 to 3 12to 15,24 to 3 12to 15,24 to 3
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Table 6. Power rating in kW of appliances for different classes.

Appliances LC MC umc HC
Air conditioner 1 1.5 2 2.5
Electric heater 1.4 14 14 14
Washing machine 0.5 0.5 15 15
Clothes dryer 1.8 1.8 5 5
Dishwasher 0.4 0.4 1.5 1.5
Washing machine 0.5 0.5 1.5 1.5
Water pump 0.5 0.5 15 15
Electric kettle 15 1.5 15 15
Rice cooker 0.6 0.6 0.6 0.6
Electric vehicle NA NA NA 1

represented as R;. Consumers have a list of their automatically operated devices (AOD), which contains several
parameters: operation start time (OST) represented as S, operation end time (OET) represented as E,, and
operation length (OL) represented as I,x. These parameters are sent to EMS via their EMC.

There are eight to sixteen appliances in each home. A represents the appliances in which the power
scheduling vector of dimension 1x144 is denoted by P,x. The power consumption of k* house in kW during

the time interval 7 is denoted by Py. The activation time (AT) of the appliance, indicated by ty, is the
time slot allotted for its operation. The time slot ¢, is represented by

lak € [Saka Eak - lak] (1)

Kennedy and Eberhart (1995) developed the iterative particle swarm optimization (PSO) approach, which
is predicated on the idea of a population of particles. Setting initial values for the particle positions and
velocities starts the optimization process. PSO permits the particles of the candidate solutions to assemble
around the optimal solution space. To track the particle flight curves, the global best (gbest) and particle best
(pbest) define the particle best solution and the local best location, respectively. Using PSO, the consumer-
provided time window is modified to minimize device AT overlapping. Based on Equation (1), the
appliances are operated, where every a appliance in k" home is scheduled. The scheduling of any
household appliance is given by the Equation (2).

XAk

P=p|paj==", V ayeA, te(tay + layl; )
pai =0, VageA, v & [tay + lay]

The objective function is represented as in Equation (3), and the loads are optimally planned to achieve
the flatter curve of the load profile.

To create a load profile with a flatter curve, PSO is applied to it. The purpose of the study is to attain a
flatter load profile curve in order to provide additional dynamic pricing for cost reduction. Equation (3)
represents the reduction in power cost (PC).

MINIMIZEPC(P) s.t. tu€ [Sak» Eak — Lutl 3)

where
144
PC(P) = ), DynPri(t). P (1) (4)

7=1

DynPri is for dynamic pricing, which is covered in the Section 4. Using maximum DERs for cost
optimization and attaining a smoother curve, the ideal value will be minimal PC.

3.1. Dynamic clustering for load scheduling

To determine the desirable clustering parameters, PSO is applied to the load profile. After carefully evaluating
the characteristics of the optimization challenge and the relative applicability of the various techniques, PSO was
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chosen, and also in (Cao et al. 2019), the results obtained a significant improvement in cost savings using PSO.
Similarly in (Hussain et al. 2019), authors use PSO to manage demand response, integrate photovoltaics and
storage, and optimize mixed scheduling of shiftable appliances. They evaluate PSO against alternative strategies
and demonstrate positive outcomes in load shifting and cost reduction. Various other articles in literature also
use PSO for dynamic clustering of load profiles (Abbasi et al. 2021; Ahmad et al. 2025). Three layers of clustering
parameters cl, c2, and c3 are applied to the load profile (LP) of the PSO. cl is the community size of 40
dwellings. The values of each community range from 10, 20 homes. The device sorting criterion is denoted by
c2. Sorting by OST, OET, OL, load rating, and devices running until the threshold time slot is part of c2. The size
of the cluster per community is measured by c3, which ranges from 2 to 7 clusters per community with uniform
and unequal cluster sizes. In c1, we have 4 communities with 10 houses each, while in (Aziz et al. 2017) and
(Abbasi et al. 2023), these researches have 4 communities with 10 houses each. Although the grouping in c2
includes the OET-based classification, c3 has five groups per community for these communities. For the
scheduling of the load profile, different algorithms along with an unoptimized solution are shown in Figure 2.
One of the algorithms is the dynamic clustered community home energy management system (DCCHEMS)
proposed in (Abbasi et al. 2021). Our algorithm also uses dynamic clustering, but the parameters differ from
Abbasi et al. (2021). Another algorithm is a power reduction optimization model proposed in Du et al. (2016)
and integrates the two inclination block rate schemes (IBR) and the real-time electricity price using PSO. By
comparing the four algorithms, DCDPICHEMS gives a flatter LP curve as compared to the others. For dynamic
pricing, the LP with a comparatively flatter curve is provided as an input.

4. Dynamic pricing

For dynamic pricing (DP), the load profile given as input is passed through tiers to meet the load. In the
study, two cases for islanded microgrids are discussed. One is islanding for 24 hours and the second is for a
few hours of power outages. For planned and unplanned power outages and their respective solutions are
represented in the form of flowchart as shown in Figure 3. The idea of using dynamic pricing is to use real-
time pricing and critical peak pricing. The objective of DP is to meet the load for two cases. The solution
model for both the cases are as follows in Figure 3.

4.1. Dynamic pricing for few hours power outage in a day

Islanding for a few hours in a day has few constraints, also discussed in (Ahmad et al. 2025). Power sources
considered other than the main power grid are photovoltaics, electric vehicles, and BESS. The objective of
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Figure 2. Comparison of Load Profile for a day using various techniques (Ahmad et al. 2025).
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Figure 3. Flowchart of the proposed technique.

DP is to reduce the cost at the end of the month to pay for the bill and to meet the load without
interruption of the power supply. Resources are optimally managed so that the load in demand is met. An
hour is divided into six time slots, 10 minutes each. 24 hours a day, there are 144 time slots. Constraints
are selected based on the power outage. If there is no power outage, constraints are as;

For Tariff hours; As in tariff hours, PV power is not available. The battery is the preferred source of
load. It can be used up to 30%. If the battery is used up to 30%, and the load remains to be met, electric
vehicles are used to meet the load. Battery utilization is restricted to these hours in grid-connected mode.

PV available; If PV is available and there is a load on demand. The load is met by photovoltaics. If there
is enough photovoltaic power available to charge the battery after the load is met, the battery is charged
with photovoltaic. If PV is not enough to meet the load, the load is forwarded to electric vehicles.

Utilizing EVs; 30% of electric vehicles can be used in the daily routine when there is no power outage.
The remaining load is met by the main power grid.

If there is power outage; the constraints are as follows; There is no limitations of discharge of the devices
used under study.

PVs; If PV is available, it is preferred to meet the load. EVs; After utilizing PV, if load exists, EV's are used to
carry the load. BESS; After utilizing PVs and EVs, BESS come into play. The remaining load is met by BESS.

4.2. Dynamic pricing for 24 hours power outage

The constraints for the full day power outage are based on the availability of the resources. Photovoltaics
are given priority if they are available, after which EVs are used. After EV utilization, BESS are given
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preference to meet the demand load. For spring, summers and winters; PVs, EVs and BESS penetration in
the power system varies based on the demand needed. Centralized DERs are also used to meet the load.
The percentages of penetration for each resource are discussed in the following Section 5.

4.3. Modeling of BESS

Lithium-ion batteries are taken into account in this study. Due to its enormous potential and capacity to
integrate renewable energy sources and applications of e-mobility, the lithium ion battery capacity
framework has gained popularity, leading to global carbon neutrality by 2050 (Abu et al. 2023).
Internal battery dynamics, such as the impact of degradation, cycle life, and response time of storage
technology, is outside the purview of our study; an ideal battery is taken into account for BESS modeling.
The operational cost rate remains constant when the battery is being charged or discharged. Based on the
calculations of their depreciation costs as indicated in eqs. 5 and 6, the operating expense rate of the
battery itself and power converter is included in the complete operating expense rate of charging/
discharging batteries.
Battery:

_ Ibatt,X - Sbatt,X
Cpatx = ————— (5)
Ubatt,X- Ebatt,X

Power converter:

Iconv,X - Sconv,X
CCOM’X Uconv,X- Ecunv,X (6)
where subscript X = ES or EV. Cy,y x = Operating cost of battery (Baht/kWh), I, x = Initial cost of
battery (Baht), Spuux = Salvage value of battery (Baht), Uy x = Average usable life of battery (cycles),
Epan,x = Average energy usage of battery (kWh/cycle), Cp,py, x = Operating cost of power converter (Baht/
kWh), I.,nyx = Initial cost of power converter (Baht), S, x = Salvage value of power converter (Baht),
Uonv,x = Average usable life of power converter (year), E.,,, x = Average energy usage of power converter
(kWh/year) (Sangswang and Konghirun 2020).
In the case study for planned power outage, two modes of battery are used. Battery charging and
discharging is done using a rule-based approach (Manojkumar et al. 2021). Mode I, a discharge mode, is
the first mode. Mode II, a charging mode, is the second mode.

4.3.1. Mode | - discharging

The battery’s discharging mode (DM) is the one mode. When the battery is more than 50% charged and
the load is ready to be supplied, this mode is triggered. It is possible to deplete the battery BESS(¢) up to
30% of its maximum capacity. PV is not accessible in this mode, may be due to cloudy weather or PV is
utilized fully. The equation for Mode I is (7), && is for logical AND.

BESS (t) > 50% && load(t) > 0 after EV is utilized to its full capacity (7)

4.3.2. Mode Il - charging

There are two more situations in mode II, which is the battery’s charging mode (CM). Modes IIa and IIb:
Throughout the day, the PV charges the battery in Mode Ila to a maximum of 90%. The battery’s 90%
capacity is denoted by BESSqyy. The battery gets charged to its maximum SoC in this instance. If
PV > BESSqpe and PV remains available, the load receives the remaining PV.

On cloudy days, mode IIb is used; available PV charges the battery up to 90%. If PV is unable to reach
this amount, PV < BESSqyy, the primary grid will cover the remaining BESS (¢).
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In the case of 24 hours power outage, there is one mode of BESS (t) which is battery discharge mode.
Due to power outage, the BESS (t) is used from central repository and cannot be charged during that time.
The utilization of BESS can be shown graphically in Figure 3.

4.4. Modeling of EVs

In DP, the role of electric vehicles depends on their availability at the station to meet the load. In the study, 12V
batteries at 200 Ah are used for bikes that are considered EVs, as 12V will give 2.4 kW for 1 hour, 14.4 kW
(2.4 x 6) for a duration of 10 minutes or 1 hour/6, since each hour has 6 time slots. For each EV, 2 to 3 batteries
are connected. Depending on the availability of electric vehicles and the charge in batteries, the availability of
electric vehicles in 10 minutes varies from 14.4 kW to 43.2kW as minimum and maximum range for three
batteries in one electric vehicle by varying the SoC of the EVs. The EV model is taken from Ahmed and
Karmaker (2019). It explains how EVs are modeled for Bangladesh. When it comes to EV adoption models,
Bangladesh and Pakistan, two developing nations with comparable socioeconomic and infrastructure profiles,
have a lot in common, particularly with regard to grid constraints and irregular power supplies. For repository
availability of EVs as a DER for planned and un-planned power outage, Monte Carlo is used to simulate
different adoption scenarios for specific EV penetration rates.

5. Results and analysis for dynamic pricing
The results are evaluated for the two cases discussed above;

(1) Island for a few hours a day in spring, summer, and winter.
(2) Islanded mode for 24 hours in spring, summer, and winter.

5.1. Islanding for few hours

Weather driven analysis of three different seasons is performed. For summers, winters, and springs,
LP is given for dynamic pricing. In this case, dynamic pricing is performed for two cases. The first is
to island the microgrid for 24 hours and the second is planned power outages for a few hours. Both
cases are discussed for three different seasons of Pakistan. For the spring season, islanding occurs for
5 hours throughout the day, whereas 6 time slots represent 1 hour power outage. In Figure 4d,
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Figure 4. Availability of resources other than main grid in spring season - 5 hours power outage.
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for spring season, the power outages are shown, the power outages occur at 5 different times with 6
slots each, which makes each power outage of 1 hour. Figure 4d shows the availability of grid
throughout the day. Figure 4a, Figure 4b and Figure 4c shows the PV available in the system, the
utilization of the BESS and the use of EVs, respectively. In Figure 5a, the resources utilization are
shown which include EVs, PVs, and BESS. Figure 5b is the load profile achieved after optimal
scheduling of loads with minimized peaks. Figure 5c shows the load left after using all resources
other than the primary grid. Positive values show that the load will be met by the primary grid,
negative values show that PV resources are sold to the primary grid. The primary grid utilization
shows that its utilization is limited because load in demand is less as compared to DERs. Almost
5-10% of main grid is utilized. Similar cases are shown for summers and winters. Figure 6d is the
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Figure 5. Utilization of resources other than primary grid in spring season - 5 hours power outage.
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power outages throughout the day and Figure 6b and Figure 6¢ are the utilization of BESS and EV
throughout the day. Figure 7c shows the need for a primary grid after utilizing all other resources
other than the main grid. There are very few negative-valued bars in the figure, which shows that the
load is high due to which limited power is sold to the primary grid via net metering. Although the
grid-utilization is reduced to almost 50% due to optimal utilization of DERs. Figure 7b is the load
profile after optimal load scheduling. Figure 7a shows the resources utilization with respect to the
timings of the day with the highest utilization of available resources. For winters, the same results
are acquired in Figure 8d show the power outages during the day. Figures 8b and 8c show the
utilization of BESS and EV resources, respectively. A similar pattern can be observed in Figure 9¢ for
the resources left to be met by the primary grid. Due to high load, limited PVs is sent for net
metering. Figure 9a shows the resources utilization and Figure 9b shows the load profile after the
optimal scheduling of the loads.
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5.2. Islanding mode for 24 hours

Islanding for the entire day means the need for abundant resource availability. DERs are penetrated
in percentages for long-duration power outages. The available resources include electric vehicles,
BESS, and PVs. During the day, the resources used are the same as in the daily routine. Weather
patterns are considered for the three seasons; summer, winter and spring. For the spring season, PV
penetration is 100% whereas EV penetration varies depending on the availability of the EV and its
value varies according to the Section 4.4. The penetration of BESS in the microgrid varies from 15%
to 30%. Few of the results are discussed in the research. For the spring season, 20% BESS penetration
is shown in Figure 10 and Figure 11. Figure 10a shows the load profile along with PV availability.
Figures 10b and 10c show the utilization of electric vehicles and BESS throughout the day in the
island microgrid where the primary grid is cut off for 24 hours, while Figure 10d is the total available
electric vehicle. Similarly Figure 11a shows the utilization of resources used during the day when
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there is no primary grid available throughout the day. Figure 11b shows the optimized load profile for
houses with minimized peaks.

For summers, the penetration of photovoltaics is 100%, the penetration of EVs is according to
the availability of EVs, and the BESS is 20% in the microgrid. During the summer season, the
utilization of BESS and EVs is shown in Figure 12b and Figure 12c respectively whereas Figure 12d
shows EVs available during each time slot. The utilization of resources is shown in Figure 13a when
primary grid is closed for the entire day. The load profile in summers after optimization is shown in
Figure 13b.

For the case of winters, it can be observed through the bar graphs in Figure 14b and Figure 14b
that they observe a similar pattern of load during the day because of similar loads during these
seasons. Figure 14a shows the resources used during the day for complete power outages throughout
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the day. EVs and BESS utilization are shown in Figure 15¢ and Figure 15b respectively. Figure 15d
shows the available electric vehicles in summers for each time slot. The study shows that the DERs are
utilized in a way that satisfies the load on demand. Even in some cases PV is sold to the main grid
which further reduce the cost.

6. Conclusion and future work

In the study, the optimal scheduled load profile using PSO is subject to dynamic pricing. Using DP,
resources are utilized considering two cases of power outages. The first is a planned power outage for
a few hours, whereas the other is an unplanned power outage for the entire day. Throughout the day,
resources are managed to meet the load without delay. The total power outage for a day is long, and
our algorithm was able to meet the demand with limited resources. In the future, the study can be
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Figure 15. Utilization of EVs and BESS in winters - 24 hours power outage.

extended for more DERs, the number of houses can be further increased, and the results can be
analyzed in this scenario.
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