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Abstract —This research work presents the tri-level optimization framework for the optimal scheduling of
grid-connected and autonomous microgrids to diminish power losses and maximize loadability. Since the
network's voltage profile depends on the loading level, the flexible load shaping-based demand-side
management strategy is incorporated to investigate its impact on microgrid loadability. With the
consideration of uncertain parameters related to renewable power generation, load demand, and power loss,
voltage limit constraints, the resultant problem is formulated as a stochastic mixed-integer non-linear
problem to enhance microgrid loadability and optimize daily operating costs. The interdependency of
demand side management program and microgrid loadability is investigated. The seasonal load profiles
covering the weekend and weekday loads in winter, summer, and spring/fall seasons are examined in this
research work. The enhanced versions of the distribution networks IEEE-33 and IEEE-69 based microgrid
test systems are chosen to evaluate the proposed framework in both off-grid and autonomous modes of
operation. Simultaneously, the overall customer satisfaction index is evaluated and improved according to
the seasonal load profiles winter weekday, winter-weekend, summer-weekday, summer-weekend, spring-
weekday, and spring-weekend by 8.68%, 7.97%, 16.7%, 19.62%, 17.14%, 20.50% respectively. The
recently reported Whale Optimization Algorithm is adopted to solve the proposed optimization problem,
and the obtained simulation results are validated by comparing them with popular metaheuristic algorithms.
The computational burden on the utility is reduced for optimal scheduling of grid-integrated microgrid to
extract maximum power by maintaining network voltage profile.

Keywords: Energy Management, Loadability, Whale optimization algorithm, Microgrid Operation and
Planning
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j Battery storage device index )_()(t) Location of the search Agent
t Scheduling time index K, 6 Coefficient vectors
ND Total number of distributed generators b Logarithmic spiral shape
NB Total number of battery storage devices { Random number
NL Load demand index Abbreviations
Nb Number of buses BS Battery Storage
Parameters DG Distributed Generation
F(x) Cost objective function FC Fuel Cell



P Output power of DG units FFA Firefly Algorithm

Pt Utility power output GWO Grey Wolf Optimization
Pl Load Demand MG Microgrid
B DG units bidding cost MLI Maximum Loadability Index
MPy, Utility Market price MT Microturbine
SgR, ST DG unit startup/shutdown costs PSO Particle Swarm Optimization
Pl s Power losses PV Photovoltaic
Pl Gimns Minimum and Maximum power limits of QPSO Quantum Particle Swarm
Pp6imx DG unit Optimization
Pgsjmns Minimum and Maximum power limits of QTLBO Quantum Teaching Learning
Pt sjmx BS device Based Optimization
Plemns Minimum and maximum values of utility SSA Sparrow Search Algorithm
Plemx power exchange
V/ié Voltage magnitude/Phase TLBO (])T;z;';;it:;ammg Based
Y/o Line admittance magnitude/ Phase VDI Voltage Deviation Index
e X ::slts;;asnl(;e and Reactance between bus m WT Wind Turbine

1. Introduction

The evolution from fossil fuel-based conventional centralized power generation to prosumer-based
distributed generation (DG) enables efficient, reliable, and more economical operation of power systems.
Integrating such prosumer-based DG sources with information and communication infrastructure plays a
crucial role in the smart grid paradigm [1]. However, this transition brings various operational challenges,
such as energy management, control strategies for seamless integration of DG sources, and managing
intermittent renewable energy resources. The concept of microgrids (MG) has emerged as one of the
building blocks for smart grid architecture to cope with the above challenges and maximize the resiliency
and reliability of the power grid in the face of contingencies [2]. The principal characteristic differentiating
MG from DG sources is controllability, having control strategies defined for grid-connected and isolated
operation modes. The voltage and frequency control for balancing loads and generation within the MG
system is typically managed by centralized, decentralized, and distributed architectures [3]. The typical
centralized MG architecture with power and communication flow among DG sources and loads is shown
in Figure 1.

The optimization strategies of the MG network operation have been highly influenced over a decade to
yield energy security and economic benefits. In this regard, optimal power flow (OPF) has been considered
a powerful economic and technical tool to support the operator during microgrids' planning, operation, and
control. The detailed taxonomy of OPF with single and multi-objective and corresponding methodologies
are listed in [4]. As per the comprehensive literature survey conducted by the authors in [5], the power
losses at the distribution level account for 70% of total power network losses. In light of this, alleviating
power dissipation in the microgrid network at the smart distribution network level is paramount. Although
several literature indices related to power loss and voltage profile enhancement are considered, the
loadability index is least considered at the distribution level [6]. The recently reported state-of-the-art covers
the detailed research analysis on enhancing loadability in balanced [7] and unbalanced [8] distribution
networks as well as microgrid networks in on grid and isolated modes of operation [9].
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Figure 1. Typical centralized microgrid architecture

The most straightforward approach to enhance the loadability of a distribution system is to determine the
voltage gradient at the weakest bus and placing the DG source at the appropriate node, such as in [7], where
an analytical approach based on saddle-node is implemented to find the weakest bus. In [8], the future load
scenario is evaluated and considered in the optimization problem to enhance the loadability of an
unbalanced radial distribution network. The critical loading point of the system is evaluated, and the look-
ahead approach is designed to develop a new voltage stability index. However, the proposed stability index
only detects the most stressed feeder, thus only leading to a marginal improvement in the lodabilty by
rescheduling the control variables. Similarly, a two-level microgrid control hierarchy is proposed in [9],
where local controllers control the DG sources installed in the MG network to optimize energy and power
in a synchronous mode of operation. But this approach leads to an active power loss over a fifteen-minute
schedule during a one-day optimization period. The authors in [10] have modified the DC continuation
power flow approach to determine the loadability limit of a distribution network. The impedance matrix of
the above approach is modified by adding mathematical models of DC-DC converters to investigate their
impact on loading capability. Their simulation results report that the approach only helps identify the
weakest node in a network to formulate a stability index for a DC distribution system with only two DRs
like PV and fuel cells. In [11], the authors proposed an analytical approach for mitigating voltage
unbalances and enhancing the loadability of the distribution network. Here, only battery energy storage is
used to leverage benefits like robust capacity support and voltage regulation and the loadability point is
treated as a voltage stability loading margin. The computational burden for their approach is enormous, and
their system validation is only done for a local distribution network utilizing only one optimization
technique without providing any fair comparison with other metaheuristic techniques.

From the viewpoint of intermittent power output from renewable energy sources (RES), the day-ahead
optimized load management of reconfigurable MG networks is linked with operational risk. A TOU DR
scheme is implemented in [12] to enhance loadability on transmission lines under contingencies and
dynamic stability for a local distribution network (Columbia). The obtained outcomes show that their DR
strategy works only when the penetration level is =>30 % and enhances the distribution system's frequency



and rotor angle fluctuations. The results are based only on PowerFactory DIgSILENT software, and the
strategy is applied directly without any changes to the DR program or variables. Similarly, a risk-based
hourly configuration is determined in [13] in the presence of a reward/penalty scheme. But their method is
only suitable for 10 and 32-bus small systems for short-term scheduling and has limitations in applicability
to large network systems with multiple DR units. In [14], the demand response concept is integrated with
the volt/var optimization problem to investigate the influence of load level due to the application of DR
against voltage profile to mitigate voltage instability. The devices influencing the volt/var optimization,
such as circuit breakers, tap-changing transformers, inverters, and solar PV, were considered. Reactive
power loads affecting these devices were rescheduled to minimize loss and unbalance with cost
optimization. The maximum load that can be supplied within the isolated MG network without violating
frequency and voltage limits is one of the major concerns for its optimal operation to maintain the MG
network's reliability, which has not been investigated in the above work. Also, the loadability maximization
problem of an islanded MG in the presence of multiple storage systems and RES is not explored.

Although a few works, such as [15], reported a multi-objective approach to optimize emission and
operational costs using a multi-objective Ant Lion optimizer, the effect of variable renewable generation
sources on the loadability limit of microgrids is not investigated. The independent and correlated variables
in the non-linear optimization problem are identified by employing the global sensitivity analysis method
in [16] for determining the loadability limit of islanded microgrids for only a 33-bus system. Similarly, in [17],
the droop control, distributed line capacity limits, and tie-line limits were considered to achieve the
optimum loadability of islanded MG. In [18], the effect of DSM on loading margin and network losses with
higher penetration of electric vehicles and pumps are presented. The shifting and reconnection of constant
impedance loads on network performance are investigated before and after applying for DSM programs
with prioritization of impedance and induction motor loads. The authors in [19] formulated a supervisory
control system for AC-DC hybrid MG to enhance the overall loadability of the system. The active and
reactive power mismatches in the three-phase loading are balanced with the help of a power routing
mechanism. Although their simulated results prove that the loadability index is maximized, voltage
fluctuations and MG energy losses are reported.

Further, an operation management scheme was developed to solve the day-ahead scheduling of a distributed
islanded microgrid test system [20]. The proposed problem is formulated as multi-period mixed integer
non-linear programming. This study only considers an isolated MG system and is not evaluated for large-
scale active network systems. In [21], the authors utilized FACTS devices, i.e., enhanced dynamic voltage
restorer (EDVR), to compensate for the voltage levels and stabilize the grid-connected microgrid. The
control strategy consists of two sub-control units with an enhanced synchronous reference frame control
unit and fuzzy control unit for the performance of EDVR. The controller's response is dynamic and fast at
every iteration process, but the unavoidable time delay in the control process makes the microgrid unstable
because of numerous heterogeneous inefficiencies.

To handle the time delays issue for improving the stability condition of the microgrid [22] proposes a
general cyber-physical model of a synchronously controlled, distributed microgrid based on inverters,
considering numerous time delays. The method in this study only assumes the partially distributed MG
control. The model predictive control strategy technique is adopted for hybrid poly-generation power
system plants by incorporating two variables method for the optimal microgrid operation and maintaining
the system stability [23]. The study shows an overall capacity loss of around 3%, and battery ageing is not
considered exclusively. The control strategies discussed in the above-discussed works were adopted to
control the decision variables with different methodologies for obtaining microgrid stability with the
dynamic response of the controllers. But the distributed generator units associated with any microgrid
should be provided adequate power during the scheduled time for the optimal operation of the microgrid.
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In this case, if the associated DGs, RES, and BES should not dispatch the required power to the respective
loads and extract power from the utility, the system burden would increase with the power outages that may
cause system instability.

A 2-stage novel stochastic optimization approach is implemented to handle a rural microgrid's energy
management problem as a case study in [24]. The stochastic approach is compared with the deterministic
approach. It proves that the proposed methodology outperforms in terms of the quality of the solution. Still,
the convergence speed is slow compared to other stochastic algorithms, and fewer case scenarios were
considered to evaluate the algorithm. In [25], green energy is generated by employing electrolyzes with
high participation levels of RES sources of a medium voltage distributed network microgrid, and the
problem is formulated as a bi-level mathematical model. The incentive-based demand response program is
implemented to enhance consumer consumption flexibility, but congestion concerns on the utility side were
not considered while calculating the overall system performance. A physical-model-free voltage control
method utilizes a deep supervised learning methodology facilitated by surrogate models to investigate the
connection between the power injections and voltage variations of individual nodes [26]. The surrogate
model, which was discussed in a controlled way, utilizes a limited quantity of collected historical
information. Furthermore, the deep learning method is employed to develop an ideal control method based
on continuous interactions with the surrogate model. Still, it does not support the topology change in the
active distribution network.

The interdependency of loadability and the voltage enhancement of distributed microgrid networks is
described in [27]. It has been observed that there is a convergence issue between undervoltage load-
shedding and maximum loadability limit when load growth is considered. Several operational scenarios
where the maximum loadability can be reached before triggering any load-shedding scheme are discussed,
such as the loadability assessment by replacing synchronous generators with wind power plants [28].
Similarly, the overall power loss indices were proposed to characterize the distribution network losses
considering wind power integration in [29]. Wind power farms' sizing and siting and effect on voltage
stability margin are analyzed. However, with 34% wind power penetration, the loadability margin reaches
a voltage instability point. Authors in [30] provided a solution for optimal placement of DG sources in
reducing network losses and improving voltage profile. Likewise, other works in the literature have focused
either on optimal microgrid scheduling, including stochastic-based energy management approaches [31],
load dynamics [32], [33], but their optimal scheduling of DG sources in a microgrid network considering
the loadability margin is not fully covered.

Further, utility-oriented DSM programs [34] and customer-oriented price-driven [35], and incentive-driven
[36] DR programs can enhance the operational costs to a certain extent of on-grid MGs, the changes in load
profile due to DSM influence voltage profile and network loadability is yet to be investigated. For instance,
the maximization of loadability in droop-controlled islanded MGs is studied, and the influence of random
input variables on islanded MG loadability is investigated in [39]. In the case of research works studied on
grid-connected networks, the impact of BS on the loadability of MG is investigated in [38]. The effect of
annual load growth on distribution system loading capacity with penetration of multiple DG units is studied
in [41]. In a similar work [46], the optimal placement of capacitors and DG units is considered to improve
the voltage profile. The two essential functions of microgrid energy management are demand-side
management and efficient power scheduling. Although prior research has studied numerous indices related
to power loss and voltage profile enhancement, the influence of demand-side management strategies on the
loadability index and customer satisfaction index is least considered at the microgrid network level.

To summarize, the majority of the studies in the literature on MG loadability are confined to either on-grid
or islanded systems. As outlined in the above-discussed research works, none have considered both



operating modes simultaneously to maximize the system loadability with provisions of network power flow
and voltage stability constraints. A brief comprehensive comparison of existing research works with the
proposed work associated with different optimization techniques and the corresponding technical indices
considering different objectives for grid-connected and islanded microgrid systems applicable to large
networks is iterated in Table 1.

Table 1. A comprehensive comparison of existing research outcomes with proposed work

Ref Test System Grid- Islanded Optimization Objective Outcome
Connected approach
[37] IEEE 33-bus - v Droop control Enhancing the system's maximum
loadability and minimizing the system
generation cost
[38] IEEE 69-bus v - PSO Power loss minimization, system
loadability and voltage enhancement.
[39] IEEE 38-bus - v Density-based Evaluation of uncertainties on
GSA Method performance in Islanded MGs.
[40] UFSC 16 v - Sequential Monte | Assessment of voltage signal quality
node test Carlo approach | and loadability enhancement
feeder
[41] IEEE 33-bus v - PSO Optimum siting/ sizing of DGs to
cater to several feeders' loads.
[42] IEEE 33, v - Butterfly Minimize the losses and Maximizing
IEEE 69- Optimization the loadability margin factor
buses
[43] IEEE 33, v - DIgSILENT To detect maximum loadability at
IEEE 69- Power Factory connected buses and improve the
buses voltage profile
[44] 1EEE 6, v - Differential Enhancement of maximum loadability
IEEE 33- approach index
buses
[45] IEEE 33, - v Multi-objective | Estimate the voltage stability margin
IEEE 69- harmony search | and loadability index for islanded MG
buses approach
[46] IEEE 33, v - WIPSO-GSA Loss minimization and loadability
IEEE 85- enhancement of radial distributed
buses
[47] IEEE 12, v - PSO Optimal placement/sizing of
IEEE 34, capacitors based on Shannon's entropy
IEEE 108- and min. of power losses.
buses
v - Minimization of power losses and
PSO voltage deviation at corresponding
[48] IEEE 14-bus buses are evaluated on the 14-bus
Kumamoto system in japan.
[49] 12kV,33kV V4 - CYME software | Optimal sizing of BESS and mitigate
feeders the voltage losses
[50] - - - Decomposition | Wind speed forecasting using Neural
method Networks, and the Grey Wolf
Optimization approach




[51] IEEE-33 bus Stochastic Minimizing the overall operating
programming costs of the microgrid with the
integration of demand response
programs
[52] IEEE-69 bus Benders To ensure fair trade-off for local
Decomposition | energy markets without raising the
approach energy cost.
[53] IEEE-33 bus Mixed integer a multi-stage resilient enhancement
(7-Node) second-order cone | technique and multi-level
programming decentralized  storage for the
electricity-gas incorporated energy
infrastructure for optimal scheduling
and fault restoration schedule
framework.
[54] IEEE-24 bus Binary Particle | Optimal location of wind and storage
swarm unit of 24-bus distributed network
Optimization feeder.
[55] IEEE 12, Sine-cosine Optimal sizing and placement of
IEEE 34, optimization DERs to reduce the annual costs of
IEEE 141- approach DERs and power losses for improving
buses the system's reliability.
[56] IEEE-33 bus Machine learning | To improve the resiliency of multi-
technique microgrids in extreme operating
conditions
[57] IEEE-33 Reinforcement Optimal placement of DG units,
and 118 learning strategy | RESs, and Energy storage units to
buses reduce the power losses and improve
the voltage profile.
[58] IEEE test Neural Networks | To enhance the scalability and
systems computational efficiency of the
distributed test systems.
Proposed IEEE 33- WOA Voltage enhancement and maximizing
Work bus, IEEE Optimization the loadability of grid-connected and
69-bus islanded systems using DSM strategy
incorporating customer satisfaction
index.

Moreover, enhancing the loadability of MGs in light of applying utility-induced DSM strategies is an area
left unexplored in the literature. The relationship between loadability and voltage is not studied extensively
for grid-connected and islanded systems in the literature. The customer satisfaction index is also not
considered when evaluating the test systems to enhance microgrid reliability. Thus, a new optimal
scheduling problem of an MG is formulated for effective day-ahead planning and operation in both on-grid
and islanded modes, respectively. The proposed problem considers the stochastic parameters involved with
Solar PV, Wind power, and utility market prices and has been solved using the recently reported Whale
Optimization Algorithm. A new tri-level optimization framework is proposed and verified on enhanced
versions of IEEE-33 & 69 bus networks. The customer satisfaction index is also evaluated on different real-
time seasonal load profiles for enhancing the microgrid reliability and operation. The superiority of the
obtained simulation results proves the proposed approach's efficacy and significance in distinguishing from
available metaheuristic methods of system operation. The brief contribution of this research paper is listed

below.

1. A new optimum scheduling problem of an MG in on-grid and islanded systems is formulated by

considering various network-flow constraints.

2. Inthe first stage of the proposed three-tiered framework, uncertainty parameters in the MG network
are addressed. Second, by strategically placing DG units and a capacitor simultaneously, we may




reduce network flow losses and boost the quality of the voltage distribution. Third, we look into
the interdependence of the DSM program's implementation and its effect on loadability while
incorporating the customer satisfaction index.

3. The framework is implemented using upgraded IEEE-33 and 69 distributed networks, and the
influence of the variable load-shaping DSM method on power losses, loadability, operational cost,
and customer satisfaction index is evaluated. The Whale Optimization Algorithm (WOA) increases
MG operating expenditures and determines the best day-ahead plan for on-grid and islanded system
operation. The suggested approach is compared to state-of-the-art algorithms to demonstrate its
efficacy in solution quality, convergence rate, and computational time.

The organization of the research paper is as follows. Section 2 covers the details regarding problem
formulation, and a brief description of the mathematical modelling of the microgrid is discussed in Section
3. In Section 4, the tri-level implemented framework is elaborated with details on the proposed algorithm
to solve the proposed problem. Finally, the simulation results with technical discussions on outcomes are
provided in Section 5.

2. Problem Formulation

The proposed MG scheduling problem consists of continuous and discrete variables as decision variables
during optimization. Hence, it is articulated as an MINLP to minimize MG's daily operating and utility
power exchange expenses. The network flow constraints and voltage stability index are considered for
evaluation.

2.1 Objective function

F(x) is the objective function for the proposed MG daily operating cost-minimization problem is
represented in (1), which consists of DG procurement costs DG., battery storage costs BS. and utility power
exchange prices. The final objective cost function value, which is determined by decision variables, are
arranged in a x vector as represented by (2). Since the overall operation cost of the DG sources and battery
storage devices involves startup/shutdown costs and bidding costs, the expanded version of DG operating
costs DG, and battery storage operating costs BS, are given in (3) and (4).

F(x) = i, Operating Cost = 3{_,{3}7 [DG ] + T} [BS,]| + R{ MP{} ()
x = [Phg1, Phear-- Pip, Phs1,Phsa-- Pags Di» D Do BI | 2

DG, = [uf Py Bhg: + Spemax{0,uf —uf 7'} + Sgg max{0,uf "t — uf] €y
BS, = [ufPésj Bpg; +555; max{0, uf — tﬁ-t_l} + Sgg max{0, uf‘l - ujt}] (4)

2.2 Operational constraints

The performance of MG networks depends on effective planning and operation to mitigate total power loss
and improve system voltage and loadability. The objective function F (x) is subjected to the power balance
equation shown in (5) where Pf_, is the power loss in the microgrid. The feasible operation of DG units
and battery storage units is assured when the evaluated power is obtained within the minimum and
maximum boundary values, as shown in (6). The proposed problem considered active and reactive network
flow constraints are represented in (7) and (8). In (7), the active power flow calculation of the distributed
network subjected to network constraints is represented in (7), and the reactive power flow calculation of
the distributed network subjected to network flow constraints is represented in (8), respectively. With the



application of the BFS power flow algorithm [59], the power losses at each bus of the proposed test system
are obtained. As mentioned earlier, the network's voltage profile enhancement depends on the loading
factor. The maximum loadability index [60] between two consecutive buses can be evaluated from (9). The
typical power-voltage characteristics for determining the maximum loading point with and without the DG
unit's consideration are shown in Figure 2.

0 Phor + B = Xy P4 + Plogs (5)
Pét;i,mn = PBGE < Pigai,mx
P;sj,mn < Pé.s‘j = Pé.s‘j,mx (6)
Pimn < Bi < Pimx
E(PL) = ZNE1 EWE (V) Yomn €080 + E(85) — E(8)) (7
E(Qn) = J,:21 EWVR)E (VY)Y sin(my + E(65,) — E(85)) (8)
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Figure 2. Power-Voltage characteristic curve

The voltage profile at each node must be sustained within the prescribed operational limits to ensure stable
and reliable operation of the microgrid network. The highest value of the voltage deviation index [6] in (10)
implies enriched voltage levels of the corresponding bus. The parameters v, and v, depicts the actual
node voltage and the reference voltage. To enhance the system's voltage profile, installing capacitors at the
optimal locations is done to evaluate the total power loss. With this viewpoint, the BFS-based load flow
algorithm is chosen to determine the power loss matrix and to inject the reactive power Q. ,, into the bus,
as shown in (11). The current in the respective branch, say m to n is evaluated in the backward sweep based
on injected current and again, in the forward-sweep, the current from the branch m to n is evaluated based

9



on a voltage of the bus m [61]. Finally, the overall active power loss taken in the optimal placing of
capacitors is evaluated as per (12).

2.2.1 Customer satisfaction for Power Export/Import of Microgrid:

The Distributed energy resources are integrated with the microgrid to provide an adequate amount of energy
to critical and non-critical loads at optimal scheduling configuration to satisfy load demand during the day
ahead scheduling. Therefore, customer satisfaction for a microgrid is to extract the maximum amount of
energy from the distributed energy resources instead of power import from the utility to minimize the
microgrid's overall operating cost and provides better optimal scheduling of interconnected DG units in the
microgrid. From the power scheduling perspective, the Customer Satisfaction Index (CSI) is satisfied when
the DG sources extract the maximum energy instead of importing power from the utility [62]. Suppose
more power is imported from the utility to the microgrid; in that case, the overall operating cost is increased
due to the dynamic nature of the market bid prices, and the increased market price results in the user
dissatisfaction index of the microgrid. If the customer satisfaction is more than one indicates, surplus power
can be extracted through the DG units and supplied to BS unit such that the MG can export power to the
utility to optimize the overall operating cost of the MG and enhance customer satisfaction needs. The CSI
is expressed as follows.

_ Protal
CSI = { E PTotal = ETotal
Total

(13)
{1 PTotal > ETotal
Protar » ETorar Tepresents the actual and expected output power extracted from the distributed energy

resources to meet the load demand for the day-ahead scheduling problem of grid-connected microgrid.

2.3 Demand Side Management

The demand-side management is categorized into utility-oriented and customer-oriented strategies, and it
has been given greater attention in microgrid research owing to several techno-economic benefits [63]. The
flexible load-shaping based DSM approach [64] is implemented in the proposed research work to modify
the existing load demand profiles with 10% load participation. Implementing such a strategy can fully
leverage the time independence of flexible loads, especially in the residential feeder. In general, the central
DSM controller at the utility will receive the load forecast data, produce the desired load profile, and modify
the customer load accordingly. The consumers keen to contribute to the DSM program will receive these
signals via two-way communication architecture in the smart microgrid paradigm. The objective is to
minimize the gap between the targeted load and desired load profile. The targeted load is formulated by
taking forecasted, connected, and disconnected loads at a given scheduling period. The detailed
mathematical analysis for the DSM strategy can be found in the research works [34] and [65].

3. Numerical Modelling

The considered problem is assessed on the enhanced version of the IEEE 33-bus and IEEE 69-bus
distribution feeder-based microgrid network, as shown in Figure 3 and Figure 4, respectively. The prime
difference between the standard and enhanced versions lies in incorporating multiple DG units subjected to
minimizing the network losses through optimal placement strategy. The enhanced IEEE 33-bus system
consists of several DG units, such as one PV unit, two WT units, two FC units, two MT units, and one
battery storage unit, to sustain the power demand equilibrium in-between utility and customers. Similarly,
the enhanced IEEE-69 bus test network consists of two units of WT, PV, FC, and MT, each with one BS
unit supporting renewable sources and maintaining the energy balance. The Backward-Forward Sweep
(BFS) based optimal DG placement strategy [59] is implemented to evaluate the power loss matrix and
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optimally allocate the DG sources in both test systems. Moreover, the power scheduling configuration for
each DG source is obtained from the MGCC. With an assumption of receiving switch-over command from
the MGCC during appropriate times, a unified conversion over on-grid and islanded system operation
modes is done with the help of an intelligent switch placed near the point-of-coupling. The stable operation
of the network is subjected to deviations in estimating power from RES. The numerical modelling of
individual DG units is represented in the following section.

3.1 Solar Photovoltaic (PV)

The PV output power is dependent on the rated efficiency 7, area A,,,, and solar irradiance .. Out of
these parameters, the output power of the solar PV is solely dependent on solar irradiance. Solar power
prediction is truly challenging to network operators in practical conditions due to its intermittent nature.
The nominal output power generated by the PV Solar panel is represented in (14).

P, = 1y X Apy, X I, (14)
3.2 Wind Turbine (WT)

The WT output power relies on wind velocity (m/s) and its direction. As a result of wind speed's uncertain
nature, the relationship between power output and wind speed is considered non-linear. The WT's output
power is zero when the range is below cut-in (v,;) and above cut-out ( v,,) speed. The rated wind output
power P,,te0q is mathematically represented in (15).

v? — v
ci

2 2 X Prated Uei sv<s Uco
Ur — Vg

Poowry ={0 0=<v =<y or v=v,

= {Vratea Prated Vrated SV = Vgo (15)

3.3 Microturbine (MT), Fuel cell (FC) and Battery Storage (BS) modelling

MT and FC advantages are analogous to diesel generator in perspective of backup generation, reliable and
efficient power supply units installed at consumer premises. The cost function of MT and FC are typically
considered as quadratic cost functions given in (16) and (17), where a, b, c are cost coefficients and Py,
Prc are MT, and FC power outputs, respectively. Due to the dynamic response nature of the MT and FC,
the microgrid system attains good stability and is able to supply the required demand to the consumer end.
The relative bid price coefficients Bp are represented in terms of production cost P., depreciation cost D,
investment costs A, are expressed in (18).

FMT =aP]aT+bPMT+C (16)
FFC =0PEC+6PFC+C (17)
P PpGgn
{Bpg = Cfuel ﬁ +A. A =D, l;,i (18)

The following expressions (19) and (20) characterizes the charge level and the rate limit set for the BS
charge and discharge.

1
Qps;t = Qpst—1 + NP6t — an(St (19)

{ Qesmn < Qgst < Opsmx

20
Pch,t < Pch,mx; Pdch,t < Pdch,mx (20)
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where Qps ¢ and Qps (-1 represents the net energy stored during the period t and ¢ — 1. P.(P;) and 17.(14)
are rate of charge/discharge allowed and BS efficiency during charging/discharging, for a set period of time
6t. Qesmn(Qesmyx) and P 5 (Pgmy) tepresents the min./max. limitations and upper bound on the
charge/discharge rate of the BS. The hourly utility market price and feasible generation-limits of DG-units

with its hourly bid prices are taken from the reference [34] and also provided in the supplementary martial
attached.
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Figure 4. Enhanced IEEE 69-bus distribution network
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3.4 Scenario generation and reduction process

The intermittent energy sources exhibit stochastic behavior due to their uncertain nature. The stochastic
input variables such as solar irradiance, wind velocity, and market prices are addressed in this research
work. Since solar irradiance and wind velocity are random parameters, they cannot be modelled using a
normal distribution function. Hence, Beta PDF and Weibull PDF are commonly used in literature. The
related mathematical modelling of uncertain parameters is taken from the work [15]. With the consideration
of 9 levels of probability density evaluation, as represented in Figure 5 for each uncertain parameter, a total
of (9)% = 729 scenarios will be generated to address the random input variables. To reduce the
computational burden, the scenarios for solar irradiance, wind velocity and utility market prices are reduced
to 9 scenarios and their respective output power are evaluated each as illustrated in Figure 6, Figure 7 and
Figure 8.

Figure 5. Discretization of probability densities
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Figure 6. Scenarios for Solar power generation
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Figure 8. Scenarios for utility market prices

4. Methodology
4.1 Tri-level stochastic optimization framework

The tri-level stochastic optimization framework is presented in Figure 9, which is utilized to work out the
considered MG optimum scheduling problem in on-grid and islanded systems operation subjected to
maximizing the loadability and minimizing the operating costs and voltage deviation. The challenges in
solving the proposed problem are i) Intermittency of RES, ii) Voltage deviations, iii) Loadability
Enhancement in on-grid and islanded systems operation iv) Optimal scheduling configuration based on the
DSM application. Since the problem involves diversified objectives, the proposed tri-level stochastic
optimization framework is envisioned to meet the above-mentioned challenges. The detailed description at
each level is as follows.

a) Level-1: Stochastic Optimization

Since random input variables such as solar irradiance, wind speed, and utility market prices were
considered, the stochastic scenario generation and reduction method is implemented to handle the
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Figure 9. Proposed three-level stochastic optimization framework

b) Level-2: Voltage profile enhancement

In Level 2, the enhanced IEEE 33-bus and IEEE 69-bus distribution networks are considered to evaluate

voltage profile and mitigation of power losses by

incorporating DG sources and capacitors in optimal

locations. Both grid-connected and islanded modes of operation are considered for evaluating voltage
profiles. The overall power losses were evaluated based on Backward-Forward Sweep (BFS) based load

flow algorithm [67].

15



c) Level-3: Loadability enhancement, optimal scheduling of DG Units and customer satisfaction index

The maximum loadability is evaluated based on the loading factor at different DG bus locations. Later, the
DSM strategy is applied in Level 3 of the proposed framework to determine the day-ahead hourly optimum
scheduling of on-grid and islanded MG networks. The impact of DSM on microgrid loadability
enhancement and MG operational costs considering real-time seasonal load profile is investigated. Further,
the Customer satisfaction index is evaluated based on the optimum scheduling of DG units for enhancing
the microgrid reliability and operation. With the evaluation of CSI, The WOA is chosen to obtain optimal
scheduling configuration. The details regarding the proposed Whale Optimization Algorithm are as follows.

4.2 Whale Optimization Algorithm (WOA)

The complex engineering optimization problems which involve continuous and discrete variables as
optimization parameters needs powerful metaheuristic algorithms to solve without getting stuck at the local
optimum point [68]. According to the theories behind the inspiration of metaheuristic algorithms, they are
categorized into several distinct groups of algorithms: nature-inspired, swarm intelligence, evolutionary,
and human-based algorithms. In view of this one of the applications WOA is bio-printing-3D for artificial
tissues and organs in the field of plastic surgery to avoid errors during bio-printing process [69]. The
recently reported WOA [70] comes under nature-inspired technique is that the whales are remarkable
creatures consisting of spindle cells in their brain, enabling whales to think, judge, learn, and communicate.
The unique preying behavior used by humpback whales is called the 'bubble-net feeding' strategy, and it is
the inspiration behind the mathematical modelling of this algorithm. The mathematical modelling of WOA
consists of three stages. When the location of prey is identified, the humpback whale encircles the prey,
and this concept is utilized to update the search agents in the solution space.

3]

0
L]
‘l”iuu\lll

Figure 10. Helix-shaped encircling behaviour of whales

16



D=|C.X*(t) - X(®)|
Xt+1D)=X"(t)-AD
X(@t+1) =D".eblcos (2rl) + X*(t)
Xt+1) =) -4AD ifp<05 D.eb. cos(2nl)+X*(t) if p=0.5
D = €' Xrana — |
Xt+1) =X,

S

> =
rana — A.D

.| Initialize the search agent (population), decision
variables and maximum iteration count

v

Calculate individual search agent and update among |
the total search agents and choose the best search agent|

Apply Shrinking| Yes

—  Encircling
Mechanism
No
Apply Spiral
Yes Model
Update Search agent
> position as per <
equation (23)

Is maximum
iteration count
reached

Display the best fitness solution and best
position

Figure 11. Flowchart of WOA

17

1)
(22)
(23)
24)
(25)
(26)

At first, the current best solution X (t) is assumed to be at the optimum point, and its position gets updated
after the best agent F(t) is defined in the iterative process according to (21) and (22). The parameters A

and C are the coefficient vectors. In the exploitation phase, the bubble net strategy of humpback whales is
mathematically modelled with the help of a spiral equation as represented in (23). This equation models



their helix-shaped movement shown in Figure 10, where D’ denotes the distance between the current
position and the best position in the solution space. The logarithmic spiral's form is determined by the
constant values indicated by the parameter b, whereas 1 is a random integer. Humpback whales' encircling
habit is specified by a random parameter p that ranges evenly from O to 1. During this phase of exploitation,
humpback whales use two distinct methods to pursue their prey. The former tactic relies on a contracting
encircling mechanism, whereas the later employs a spiral model mechanism. However, the odds of using
any of these tactics are even, thus a uniformly random value is used to describe the arbitrary parameter p.
A contracting encircling mechanism is selected if p < 0.5, whereas a spiral model is selected if p > 0.5 (21).
In the exploration phase, the random searching behaviour is modelled with the determination of coefficient
vector 4 as either greater than 1 or less than -1 to enhance the global search capability. The position of
whales is mathematically updated as per (25) and (26). The overall procedure for applying WOA to solve
the proposed problem is shown in Figure 11.

5. Simulation results and discussion
5.1 Performance of WOA

The enhanced IEEE 33-bus and IEEE 69-bus distribution network-based MG test system is chosen to
evaluate the proposed optimal scheduling problem in both grid-connected and islanding modes. The WOA
is determined to solve the proposed problem in the MATLAB R2022b M-file programming having a system
configuration of 64-bits, core 19, 3.20 GHz processor, 16 GB RAM with dedicated GPU of 8 GB. The MG
test system consists of DG sources, including dispatchable and non-dispatchable energy sources. To
validate the efficacy of the proposed approach, a baseload shown in Figure 12 is considered, and the optimal
operating cost subjected to operational constraints is obtained by solving with WOA.. The simulation results
are compared with eight state-of-the-art algorithms, namely RCGA, PSO, TLBO, QTLBO, QPSO, FFA,
GWO, and SSA. The initial population of one-hundred fifty and iteration count of two hundred is selected,
and each algorithm is run for 30 successful trial runs for a reasonable comparison. The details regarding
algorithm-specific parameters are shown in Table 2. In the later part of this section, the detailed analysis of
applying DSM strategy to weekend and weekday seasonal load profiles shown in Figure 12 is discussed.

With the consideration of above-mentioned state-of-the-art algorithms, a brief comparative study is
conducted to validate the efficiency of proposed algorithm. Table 3 and Table 4 shows the obtained optimal
operation costs of on-grid and islanded system of IEEE 33-bus distribution network by solving the proposed
optimization problem with WOA. Similarly, the simulation results for on-grid and islanded system of IEEE
69-bus distribution network are shown in Table 5 and Table 6.
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Figure 12. Seasonal load profiles
The obtained simulation results in both test networks prove the superiority of WOA in comparison to
solution efficacy and computational time required. From the obtained results in both test systems, it is
observed that the bid prices considered for the power exchange with the utility in on-grid mode incurs less
operating cost. The islanded mode of operation where the DG units alone incurs high operating cost based
on their bid prices. The proof of convergence for IEEE 33-bus distribution network is shown in Figure 13,
where WOA is observed to converge to the optimum solution in less than 40 iterations.

Table 2. Specific control parameters for algorithms

Algorithm

Control parameters

SSA

BWO

QPSO

TLBO

QTLBO

PSO

FFA

GWO

WOA

Number of Producers & Scroungers = 0.8 & 0.2

Procreation, Mutation & Cannibalism rates =
0.8, 0.6 & 0.2

Contraction coefficient & expansion coefficient
a=0.75

No Explicit Parameters
No Explicit Parameters

Cognitive, Social constant value = 2,
Maxi. & Min inertia = 0.7 & 0.5

Randomization & Attractiveness Parameter
value = 0.2, Absorption Coefficient value =1
Distance Control Parameter value{a); 0 <a<2

Coefficient vector constant (a): 0 <=a <2
Logarithmic spiral constant (p): -0.5 <p < 0.5
Arbitrary parameter constant (k): [-1, 1]
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Figure 13. Convergence characteristics of WOA

Table 3. Simulation results of grid-connected enhanced IEEE 33-bus distribution network

Best Mean Worst .

Algorithm Cost Cost Cost ]S)t:f;:;:;ﬂ Contli[:: Za(tsl)o nal

($/day)  ($/day) ($/day)

RCGA 21041  212.5925 214.775  0.154326 56.866
PSO 207.44  209.2525 211.065 0.128163 45.242
TLBO 202.64 204.1525 205.665  0.10695 41.034
QTLBO 199.23  200.7125 202.195 0.104829 35.502
QPSO 197.19 198.45 199.71 0.089095 30.568
FFA 194.66  195.685 196.71 0.072478 28.273
GWO 191.96 192.485 193.01 0.037123 21.063
SSA 188.15 188.482  188.814  0.023476 16.688
WOA 18447  184.486  184.502  0.001131 12.337

Table 4. Simulation results of islanded enhanced IEEE 33-bus distribution network
Best Mean Worst  Standard

Alg::lrlth Cost Cost Cost Deviatio Coln:?lll;a(t;;ma
($/day) ($/day) ($/day) n

PSO 400.38 402915 40545 0.2070 46.06146
RCGA 394.51 396.08 397.65 0.1282 36.64602
TLBO 390.59 391.865 393.14 0.1041 33.23754
QPSO 384.16 385.2 386.24 0.0849 28.75662
QTLBO 376.68 377.58 378.48 0.0735 24.76008
FFA 373.5 373.805 374.11 0.0249 22.90113
GWO 368.59  369.105  369.62 0.0420 17.06103
SSA 360.26 360.94 361.62 0.0555 13.51728
WOA 348.68 348.82 348.96 0.0114 9.99297

Table 5. Simulation results of grid-connected enhanced IEEE 69-bus distribution network

Best Mean Worst .
Algorithm Cost Cost Cost ]S)tx;:gz(; Contli[:: ft:a(tsl)o nal
($/day)  ($/day)  ($/day)

RCGA 157.02 160.32 163.62 0.07260 0.269444
PSO 155.23 157.39 159.55 0.03110 0.176363
FFA 154.95 156.29 157.63 0.01197 0.109411

TLBO 150.17 151.89 153.61 0.01972 0.140437

QPSO 149.92 151.27 152.62 0.01215 0.110227

QTLBO 147.16 148.42 149.67 0.01050 0.102470
SSA 146.41 147.28 148.14 0.00499 0.070627
GWO 145.92 146.40 146.88 0.00154 0.039192

WOA 144.63 144.71 144.79 0.00043 0.006532
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Table 6. Simulation results of grid-connected enhanced IEEE 69-bus distribution network
Best Mean Worst

Standard Computational

Algorithm  Cost Cost Cost Deviation time (s)
($/day)  ($/day) ($/day)

PSO 206.53 208.26 209.98  0.01984 0.140846
RCGA 203.24  205.55 207.86  0.03557 0.188611
TLBO 202.85 204.25 205.65  0.01307 0.11431

QTLBO 202.5 203.68 204.86  0.00928 0.096347
QPSO 201.06  202.36 203.66  0.01127 0.106145
GWO 199.15  200.95 202.74  0.02148 0.146561

FFA 197.88 198.89 199.89  0.00673 0.082058

SSA 193.97 194.30 194.62 0.0007 0.026536
WOA 192.44 192.75 193.06  0.00064 0.025311
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Figure 14. Voltage profile (p.u.) evaluated at each bus

5.2 Evaluation of loadability and voltage deviation

The improved IEEE 33-bus radial distribution network's voltage profiles are assessed at each bus after the
optimum location of DG-units, as shown in Figure 14. With the simultaneous incorporation of DG units
and capacitors at optimal locations [45] in the network, the voltage profile is enhanced in contrast with the
case without any DG sources and capacitors are considered. For instance, the improvement of voltage at
bus 19 is increased by 2.836 % with the incorporation of DG units.

Despite the fact that the voltage stability is subjected to change with loading factor, the initial load demand
profile is modified by applying flexible load shaping DSM strategy. An increase of voltage of 4.272% is
again observed at bus 19 in the enhanced IEEE 33-bus distribution test system as shown in Figure 14. The
loadability factor presented in (9) is evaluated with WOA at the buses where DG units are located. To show
the effectiveness of both enhanced test systems, the comparison of parameters being assessed with and
without consideration of DG units, and DSM strategy is provided in Table 7 and Table 8. The obtained
simulation results show that the interdependency of loadability factor and incorporation of flexible load
shaping DSM strategy. The overall voltage deviations and power losses are evaluated by solving the
proposed algorithm and a comparative analysis with existing state-of-the-art algorithms is presented. Table
9 shows the simulated results without consideration of DG units, and Table 10 shows the simulated results
with consideration of DG units. And it is evident that a significant extent of overall voltage deviation and
power losses are mitigated as shown in Table 10. From the obtained simulation results, it is observed that
the voltage profile and loadability factor are enhanced and the overall voltage stability gets improved to
accommodate peak loads effectively.
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Table 7. Evaluation of Loadability factor with optimal placement of DG sources and implementation of DSM
program for enhanced IEEE 33-bus network

Without  With DG With

Busno 15 units units DSM
6 15191 1.792512  2.1151
8 19601 2312875  2.6366
12 2062 2432775  2.8950
18 1.1455 1351647 1.6084
25 1.0793  1.273598 1.5155
28 07930  0.935793 1.1697
33 04824 0569225  0.7229

Table 8. Evaluation of Loadability factor with optimal placement of DG sources and implementation of DSM
program for enhanced IEEE 69-bus network

Without With DG With
Bus no

DG units units DSM
1 0.269 0.429 0.622
5 0412 0.657 0.953
7 0.513 0.818 1.186
9 0.568 0.906 1.314
13 0.696 1.110 1.610
16 0.716 1.142 1.656
57 0.826 1.317 1.910
58 0.939 1.498 2.172
59 1.099 1.753 2.542
60 1.193 2.903 2.759
64 1.293 2.062 2.990
65 1.314 2.096 3.039

Table 9. Evaluation of voltage deviation and power losses without consideration of DG sources

Active Reactive
Voltage
. o e Power Power
Algorithm Deviation
(p.u.) losses losses
p-u. (kW) (kVAR)
RCGA 0.0793 210.47 140.632
PSO 0.0747 210.065 140.112
TLBO 0.0742 209.976 139.965
QTLBO 0.0722 209.62 139.915
QPSO 0.0719 208.889 139.67
FFA 0.0718 208.665 139.12
GWO 0.0711 208.11 138.96
SSA 0.0704 206.932 138.64
WOA 0.0686 206.732 137.9
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Table 10. Evaluation of voltage deviation and power losses with consideration of DG sources

Active Reactive

Voltage Power Power
Algorithm  Deviation
losses losses
(p-u.) (kW) (kVAR)
RCGA 0.0721 203.96 133.84
PSO 0.0706 203.58 133.78
TLBO 0.0689 203.11 133.56
QTLBO 0.0681 202.97 133.08
QPSO 0.0678 202.77 132.95
FFA 0.0671 202.12 132.88
GWO 0.0668 201.91 132.65
SSA 0.0665 201.63 132.11
WOA 0.0663 200.91 131.93

5.3 Simulation results for optimal scheduling of microgrid
The impact of flexible load-shaping strategy improved the overall loadability of the system and thus, the
concerned microgrid optimal scheduling is determined. The enhanced IEEE 33-bus system is evaluated
with both weekend and weekday loads of distinct seasonal load profiles [43], as shown in Figure 12. The
flexible load-shaping DSM approach with 10% load contribution is applied to modify the loads before
optimal scheduling configuration is determined. It should be noted that the enhanced test system consists
of flexible loads that are utilized as target loads, and the concerned data is sent through the DSM central
controller. It is assumed that both renewable sources, i.e., PV and WT, are operated at maximum power
point condition. The detailed analysis on hourly scheduling of DG sources in grid-connected MG
considering seasonal load profiles is discussed below.
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Figure 15. Optimal schedule of microgrid network considering winter weekday load profile

The simulated results obtained for solving the proposed problem on grid-connected enhanced IEEE 33-bus
under the winter weekend and weekday load profiles is illustrated in Figure 15 and 16, respectively. In
contrast with the winter weekend load profile, the contribution from DG units has increased by a substantial
amount. With the application of the DSM strategy, the battery charging profile is enriched by 21.35%. The
load factor is improved by 0.34% and 1.01% in weekday and weekend cases, respectively, and the peak
demand is reduced to 10%. Concerning bid prices, the optimal configuration is obtained through maximum
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contribution from MT and FC units. It is observed that the consumption of battery is 14.72% more during
weekdays in comparison with weekend loads.
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Figure 16. Optimal schedule of microgrid network considering winter weekend load profile
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Figure 17. Optimal schedule of microgrid network considering summer weekday load profile

Considering IEEE 33-bus active distribution network case of summer load profiles for weekdays and
weekends shown in Figure 17 and Figure 18, the contribution from MT is increased by 6.6% with the
employment of the DSM strategy. Similarly, the load profile is boosted by 1.90% and 3.33% for weekday
and weekend loads. The peak demand for summer load profile has been reduced by 12.7% with
implementing the proposed strategy. From hour 12 to hour 21, the load demand in all seasonal profiles is
usually high, especially at the spring load profile.
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Figure 19. Optimal schedule of microgrid network considering spring weekday load profile

Figure 19 and 20 shows that the contribution from both MT units is high and FC units are low before
implementation of DSM strategy, and this scenario changes entirely with the application of DSM. The load
factor is improved by 1.58% and 4.53% in weekday and weekend load profiles, respectively. As mentioned
earlier, the two WT and solar PV units deliver maximum power to the connected loads over the scheduling
horizon. The voltage profiles are enhanced with the proposed WOA optimization technique and compared

with different state-of-the-art is represented in Figure 22, respectively.
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Table 11. Impact of DSM strategy on operating costs ($/day)

Winter Winter Summer Summer Spring Spring
Test System DSM Weekday Weekend Weekday Weekend Weekday Weekend
Grid-connected  Without
IEEE 33-bus DSM 273.5 262.7 281.3 260.5 266.1 271
network With
DSM 182.7 176 174.4 170.8 197.2 169.3
Islanded IEEE  Without
33-bus network DSM 495.98 511.06 487.48 498.83 45431 499.18
With
DSM 389.16 437.6 421.27 425.14 413.05 420.08
Grid-connected Without
IEEE 69-bus DSM 232.06 237.72 218.82 225.35 226.81 232.94
network With
DSM 177.11 180.01 184.36 189.94 187.09 196.36
Islanded IEEE  Without
69-bus network DSM 384.56 386.03 370.76 376.71 396.70 387.54
With
DSM 268.02 269.35 260.28 255.11 270.95 259.45
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Figure 21. Impact of DSM strategy on battery charging profile

Table 12: Evaluation of Customer satisfaction Index IEEE-69 Bus Grid-Connected Network

Winter Winter Summer Summer Spring Spring
weekday Weekend Weekday Weekend Weekday Weekend
CSI (With 0.6034 0.615 0.590 0.598 0.5717 0.601
Out DSM)
CSI (With 0.6608 0.6683 0.7083 0.744 0.69 0.756
DSM)
1.02
—— PSO
1 ——=— QPSO
| == TLBO
QTLBO
0.98
= FFA
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2, L —=— WOA
S
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Figure 22: Enhancement of Voltage profile with WOA and compared with other algorithms

6. Discussion

The overall operating cost comparison with the implementation of DSM strategy is shown in Table 11. As
discussed earlier, with the load participation of 10%, the flexible load-shaping approach is able to reduce
the operating cost of on-grid and islanded system operation to a significant level. For instance, the operating
costs for grid-connected IEEE 33-bus system got reduced by 38% for summer weekday profile and in
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islanded mode, the operating cost on winter weekday got reduced by 21%. Similar comparative study is
done on enhanced IEEE 69-bus system and the scalability of the proposed framework is verified effectively.
From the observation, it is concluded that the proposed DSM strategy can be applied to obtain cost savings
throughout the year and in long run, the DNO can yield potential economic benefits annually. The impact
of flexible load shaping DSM strategy on battery state of charge (SOC) for enhanced IEEE-33 bus active
distribution network is shown in Figure 21. As the state of charge of the BS unit is improved with the
implementation of DSM strategy, their charging and discharging cycle will be improved in long run and
provides necessary support to maintain power balance. With the incorporation of demand side management
programs on different seasonal load profiles the customer satisfaction index is enhanced for extracting the
maximum amount of energy from the distributed energy sources instead of importing power from the utility
for reducing the overall operating cost of MG and also provide sufficient amount of power to the respective
loads without any interruption to the end users and the evaluated values are tabulated in Table 12,
respectively. It should also be noted that it can be computationally challenging to discover the ideal solution
to energy management problems because of their complexity and the size of the search space involved. For
real-world energy management issues where an optimal solution cannot be found or would be too complex
to implement, metaheuristics offer a workable alternative. In this study, we evaluate the proposed algorithm
against state-of-the-art algorithms and argue that it provides significant improvements in terms of
performance, accuracy, and convergence speed, making it a near-ideal solution for solving difficult issues
in energy management.

7. Conclusion

In this study, we explore a new optimum scheduling problem for microgrids coupled with the restrictions
of the network's flow, an ideal solution is created and found. In order to measure how well the improved
IEEE 33-bus and IEEE 69-bus radial distribution networks function, the maximum loadability index and
the voltage deviation index along with customer satisfaction index are considered as evaluation metrics.
This research endeavor examines how the loadability of a microgrid is affected by the interplay between a
variable load shaping DSM technique and the best placement of DG units. A stochastic scenario-based
approach handles the uncertain parameters of solar power and wind power outputs and utility market prices.
The three-level framework is designed and implemented to determine optimal power scheduling of
microgrids subjected to network flow constraints. The voltage deviation is mitigated by 16.39% with the
incorporation of distributed generation units and capacitors at the optimal location and implementation of
flexible load shaping based demand-side management strategy. The overall operating cost savings obtained
for implementing the proposed DSM strategy for winter-weekday, winter-weekend, summer-weekday,
summer-weekend, spring-weekday, and spring-weekend load profiles are 33.19%, 33%, 38%, 34.43%,
25.89% and 37.52%, respectively. The overall system performance in terms of voltage stability is improved,
and the power losses are reduced by 4.73 % per day. The loadability of enhanced IEEE 33-bus test system
and IEEE 69-bus test system is improved by 33.26% and 37.30%, respectively. The Customer satisfaction
index is also evaluated based on the power exchange between utility and the microgrid. With the customer
satisfaction index point the maximum power is extracted from the distributed energy resources instead of
power importing from the utility to reduce the overall operating costs to satisfy the required load demand
at the end users. The overall customer satisfaction index is evaluated and improved according to the
seasonal load profiles winter weekday, winter-weekend, summer-weekday, summer-weekend, spring-
weekday, and spring-weekend by 8.68%, 7.97%, 16.7%, 19.62%, 17.14%,20.50% respectively. The
obtained results using WOA decrease the overall computational burden on the system when compared with
other well-established metaheuristic algorithms which has been exclusively discussed with tabular and
graphical representation in section 5. The attained results also convey that the annual cost and power losses
will be reduced significantly from the perspective of microgrid operators, and the customer satisfaction
index is also improved. Further to add, the interdependency of the microgrid is decreased towards utility
simultaneously and the overall microgrid stability is enhanced by the associated DGs RESs and storage
units with less emissions. An expansion of the proposed approach is now in development as an extension
in future work to include thorough modelling with multiple generating and storage systems for a multi-
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microgrid environment considering uncertainty utilizing machine learning, reinforce learning, distributed
learning models and derivative based optimization models or tools such as “General algebraic modeling

system (GAMS)”.
Appendix: Indices:
RCGA  Real Coded Genetic Algorithm = = -
. ] L i 1% DG unit
PSSO Particle Swarm Optimization .  enerev storace unit
SSA Sparrow Search Optimization {\Tb 13“3 mﬁ ber g
BWO Black Widow Optimization £ T Time intervals
QPSO Quant_um Partic!e Swarm Optimi;atipn E(‘pmt) Active power during
TLBO Teaching Learning Based Optimization time interval t
QTLBO Quantum Teaching Based Optimization Q(Px) Reactive power during
FFA Firefly Algorithm time interval t
GWO Grey Wolf Optimization mx Maximum
WOA Whale Optimization Algorithm mu Minimum
CSI Customer Satisfaction Index r Resistance at cach bus
EMS Energy Management System w.r.t reference node
. - X Reactance at each bus
MG Microgrid
w.r.t reference node
MLI Marginal Loadability
Index
VDI Voltage Deviation
Acknowledgment Index

This work is supported by the National Key R&D Program of China (Grant 2022YFE0101900).

References

[1] M. Papadimitrakis, N. Giamarelos, M. Stogiannos, E.N. Zois, N.A.-I. Livanos, A. Alexandridis,
"Metaheuristic search in smart grid: A review with emphasis on planning, scheduling and power flow
optimization applications", in Renewable and Sustainable Energy Reviews, Volume 145, 2021, 111072,
ISSN 1364-0321, https://doi.org/10.1016/j.rser.2021.111072.

[2] Adam Hirsch, Yael Parag, Josep Guerrero, "Microgrids: A review of technologies, key drivers, and
outstanding issues", in Renewable and Sustainable Energy Reviews, Volume 90, 2018, Pages 402-411, ISSN
1364-0321, https://doi.org/10.1016/j.rser.2018.03.040.

[3] Lejla Ahmethodzic, Mustafa Music, "Comprehensive review of trends in microgrid control", in Renewable
Energy Focus, Volume 38, 2021, Pages 84-96, ISSN 1755-0084, https://doi.org/10.1016/j.ref.2021.07.003.

[4] Hamdi Abdi, Soheil Derafshi Beigvand, Massimo La Scala, "A review of optimal power flow studies applied
to smart grids and microgrids", in Renewable and Sustainable Energy Reviews, Volume 71, 2017, Pages
742-766, ISSN 1364-0321, https://doi.org/10.1016/j.rser.2016.12.102.

[5] Ola Badran, Saad Mekhilef, Hazlie Mokhlis, Wardiah Dahalan, "Optimal reconfiguration of distribution
system connected with distributed generations: A review of different methodologies", in Renewable and
Sustainable  Energy Reviews, Volume 73, 2017, Pages 854-867, ISSN 1364-0321,
https://doi.org/10.1016/j.rser.2017.02.010.

[6] B.Ismail, N.I. Abdul Wahab, M. L. Othman, M. A. M. Radzi, K. Naidu Vijyakumar and M. N. Mat Naain,
"A Comprehensive Review on Optimal Location and Sizing of Reactive Power Compensation Using Hybrid-
Based Approaches for Power Loss Reduction, Voltage Stability Improvement, Voltage Profile Enhancement
and Loadability Enhancement,” in IEEE Access, vol. 8, pp. 222733-222765, 2020, doi:
10.1109/ACCESS.2020.3043297.

[7] Mithulananthan, N., and Than Oo. "Distributed Generator Placement to Maximize the Loadability of a
Distribution System." The International Journal of Electrical Engineering & Education 43, no. 2 (April
2006): 107—18. https://doi.org/10.7227/1JEEE.43.2.2.

29



[8] A. Tyagi, A. Verma and P. R. Bijwe, "Loadability assessment and enhancement in unbalanced distribution
systems," in CSEE Journal of Power and Energy Systems, vol. 4, no. 4, pp. 524-532, Dec. 2018, doi:
10.17775/CSEEJPES.2016.00850.

[9] Mirostaw Parol, Tomasz Wojtowicz, Krzysztof Ksig¢zyk, Christoph Wenge, Stephan Balischewski,
Bartlomiej Arendarski, “Optimum management of power and energy in low voltage microgrids using
evolutionary algorithms and energy storage”, in International Journal of Electrical Power & Energy Systems,
Volume 119, 2020, 105886, ISSN 0142-0615, https://doi.org/10.1016/j.ijepes.2020.105886.

[10]Ram Krishan, Ashu Verma, Sukumar Mishra, "Loadability analysis of DC distribution systems", in
International Journal of Electrical Power & Energy Systems, Volume 103, 2018, Pages 176-184, ISSN 0142-
0615, https://doi.org/10.1016/j.ijepes.2018.05.019.

[11]A. Kumar, N.K. Meena, A.R. Singh, Y. Deng, X. He, R. C. Bansal, and P. Kumar, “Strategic integration of
battery energy storage systems with the provision of distributed ancillary services in active distribution
systems”, Applied Energy, vol. 253, no. 113503, pp. 1-16, 2019.

[12]C. Restrepo, L. Lopez and A. Arango-Manrique, "Evaluating the Effect in Frequency and Loadabilities
Including Demand Response in a Power System: Colombian case," 2020 IEEE International Conference on
Environment and Electrical Engineering and 2020 IEEE Industrial and Commercial Power Systems Europe
(EEEIC / I&CPS Europe), 2020, pp. 1-6, doi: 10.1109/EEEIC/ICPSEurope49358.2020.9160836.

[13]M. Hemmati, B. Mohammadi-Ivatloo, S. Ghasemzadeh, E. Reihani, "Risk-based optimal scheduling of
reconfigurable smart renewable energy based microgrids", in International Journal of Electrical Power &
Energy Systems, Volume 101, 2018, Pages 415-428, ISSN 0142-0615,
https://doi.org/10.1016/].ijepes.2018.04.005.

[14] Vineeth Vijayan, Abheejeet Mohapatra, S.N. Singh, "Demand Response with Volt/Var Optimization for
unbalanced active distribution systems", in Applied Energy, Volume 300, 2021, 117361, ISSN 0306-2619,
https://doi.org/10.1016/j.apenergy.2021.117361.

[15]Mohammad Jafar Hadidian-Moghaddam, Saber Arabi-Nowdeh, Mehdi Bigdeli, Davood Azizian,"A multi-
objective optimal sizing and siting of distributed generation using ant lion optimization technique", Ain
Shams Engineering Journal, Volume 9, Issue 4, pp. 2101-2109, 2018.

[16]X. Xu et al., "Maximum Loadability of Islanded Microgrids With Renewable Energy Generation," in IEEE
Transactions on Smart Grid, vol. 10, no. 5, pp. 4696-4705, Sept. 2019, doi: 10.1109/TSG.2018.2848958.
[17]W. T. Elsayed, H. Farag, H. H. Zeineldin and E. F. El-Saadany, "Formation of Islanded Droop-Based
Microgrids with Optimum Loadability," in IEEE Transactions on Power Systems, doi:

10.1109/TPWRS.2021.3099691.

[18]J. Ponoc¢ko and J. V. Milanovié¢, "The Effect of Load-follow-generation Motivated DSM Programme on
Losses and Loadability of a Distribution Network with Renewable Generation," 2019 IEEE PES GTD Grand
International Conference and Exposition Asia (GTD Asia), 2019, pp. 165-170, doi:
10.1109/GTDAsia.2019.8715988.

[19]M. M. Esfahani and O. A. Mohammed, "Loadability Improvement of Unbalanced Hybrid AC-DC Microgrids
Using a Supervisory Control Scheme for Interlinking Converters,” 2018 IEEE Innovative Smart Grid
Technologies - Asia (ISGT Asia), 2018, pp. 1129-1134, doi: 10.1109/ISGT-Asia.2018.8467962.

[20] M. Elgamal, Nikolay Korovkin, A. Abdel Menaem, Akram Elmitwally, “Day-ahead complex power
scheduling in a reconfigurable hybrid-energy islanded microgrid with responsive demand considering
uncertainty and different load models”, in Applied Energy, Volume 309, 2022, 118416, ISSN 0306-2619,
https://doi.org/10.1016/j.apenergy.2021.118416.

[21] Ahsan Igbal, Ayesha Ayoub, Asad Waqar, Azhar Ul-Haq, Muhammad Zahid, Syed Haider. Voltage stability
enhancement in grid-connected microgrid using enhanced dynamic voltage restorer (EDVR)[J]. AIMS
Energy, 2021, 9(1): 150-177. doi: 10.3934/energy.2021009.

[22]Luo Xu, Qinglai Guo, Guannan He, Hongbin Sun, “The impact of synchronous distributed control period on
inverter-based cyber—physical microgrids stability with time delay”, in Applied Energy, Volume 301, 2021,
117440, ISSN 0306-2619, https://doi.org/10.1016/j.apenergy.2021.117440.

30



[23]Michele Pipicelli, Massimiliano Muccillo, Alfredo Gimelli, “Influence of the control strategy on the
performance of hybrid polygeneration energy system using a prescient model predictive control”, in Applied
Energy, Volume 329, 2023, 120302, ISSN 0306-2619, https://doi.org/10.1016/j.apenergy.2022.120302.

[24] Simone Polimeni, Luca Moretti, Emanuele Martelli, Sonia Leva, Giampaolo Manzolini, “A novel stochastic
model for flexible unit commitment of off-grid microgrids, in Applied Energy, Volume 331, 2023, 120228,
ISSN 0306-2619, https://doi.org/10.1016/j.apenergy.2022.120228.

[25] Sina Ghaemi, Xinyu Li, Machiel Mulder, “Economic feasibility of green hydrogen in providing flexibility to
medium-voltage distribution grids in the presence of local-heat systems”, in Applied Energy, Volume 331,
2023, 120408, ISSN 0306-2619, https://doi.org/10.1016/j.apenergy.2022.120408.

[26] Di Cao, Junbo Zhao, Weihao Hu, Fei Ding, Nanpeng Yu, Qi Huang, Zhe Chen, “Model-free voltage control
of active distribution system with PVs using surrogate model-based deep reinforcement learning”, in Applied
Energy, Volume 306, Part A,2022,117982,ISSN 0306-2619,
https://doi.org/10.1016/j.apenergy.2021.117982.

[27]1R. Kuiava, T. Bogodorova, T. C. C. Fernandes and R. A. Ramos, "A Study on the Relation between the
Maximum Loadability Point and Undervoltage Load Shedding Schemes," 2020 IEEE Power & Energy
Society General Meeting (PESGM), 2020, pp. 1-5, doi: 10.1109/PESGM41954.2020.9281752.

[28]J. C. Mecon and M. A. Rios, "Impact on Power System Loadability with High Participation of Wind Power
Plants," 2020 IEEE/PES Transmission and Distribution Conference and Exposition (T&D), 2020, pp. 1-5,
doi: 10.1109/TD39804.2020.9299948.

[29]C. Wang, X. Pan, Y. Liu, X. Deng, J. Cui and Q. Wang, "Sizing and Siting Strategy of Dispersed Wind Farm
for Reducing Network Loss and Improving Loadability," 2018 IEEE International Conference on Energy
Internet (ICEI), 2018, pp. 77-82, doi: 10.1109/ICEI1.2018.00022.

[30]S. R. Gampa, K. Jasthi, P. Goli, D. Das, and R.C. Bansal, “Optimum sizing and placement of DGs, shunt
capacitors and EV charging stations using grasshopper optimization algorithm”, Journal of Energy Storage,
vol. 27, article no. 10117, pp. 1-13, 2020.

[31]L. P. Raghav, R. S. Kumar, D. K. Raju and A. R. Singh, "Optimal Energy Management of Microgrids using
Quantum Teaching Learning Based Algorithm," in IEEE Transactions on Smart Grid, doi:
10.1109/TSG.2021.3092283.

[32]Raghav, LP, Rangu, SK, Dhenuvakonda, KR, Singh, AR. "Optimal energy management of microgrids-
integrated nonconvex distributed generating units with load dynamics", inInt J Energy
Res. 2021; 1- 16. https://doi.org/10.1002/er.6995

[33] Cao, Zhengnan, Xiaoqing Han, William Lyons, and Fergal O'Rourke. "Energy management optimization
using a combined Long Short-Term Memory recurrent neural network—Particle Swarm Optimisation model."
Journal of Cleaner Production (2021): 129246.

[34]R. Seshu Kumar, L. Phani Raghav, D. Koteswara Raju, Arvind R. Singh, "Intelligent demand side
management for optimal energy scheduling of grid connected microgrids", in Applied Energy, Volume 285,
2021, 116435, https://doi.org/10.1016/j.apenergy.2021.116435.

[35]Kumar, RS, Raghav, LP, Raju, DK, Singh, AR. "Customer-oriented energy demand management of grid
connected microgrids" in Int J Energy Res. 2021; 1- 18. https://doi.org/10.1002/er.6984

[36]R. Seshu Kumar, L. Phani Raghav, D. Koteswara Raju, Arvind R. Singh, "Impact of multiple demand side
management programs on the optimal operation of grid-connected microgrids", in Applied Energy, Volume
301, 2021, 117466, https://doi.org/10.1016/j.apenergy.2021.117466.

[37]Mohamed, Morad & El-Saadany, Ehab. (2014). Maximum loadability consideration in droop-controlled
islanded microgrids optimal power flow. Electric Power Systems Research. 106. 168-179.
10.1016/j.epsr.2013.08.020.

[38] Mukhopadhyay, B., & Das, D, “Multi-objective dynamic and static reconfiguration with optimized allocation
of PV-DG and battery energy storage system”, Renewable and Sustainable Energy Reviews Volume 124,
2020,109777, ISSN 1364-0321, https://doi.org/10.1016/j.rser.2020.109777.

31



[39]Z. Lu, X. Xu, Z. Yan and H. Wang, "Density-based Global Sensitivity Analysis of Islanded Microgrid
Loadability Considering Distributed Energy Resource Integration," in Journal of Modern Power Systems and
Clean Energy, vol. 8, no. 1, pp. 94-101, January 2020, doi: 10.35833/MPCE.2018.000580.

[40]G. S. Bolacell, D. E. D. Calado, L. F. Venturini, D. Issicaba and M. A. da Rosa, "Distribution System
Planning Considering Power Quality, Loadability and Economic Aspects," 2020 International Conference
on Probabilistic Methods Applied to Power Systems (PMAPS), 2020, pp. 1-6, doi:
10.1109/PMAPS47429.2020.9183582.

[41]Mistry, Khyati & Roy, Ranjit. (2014). Enhancement of loading capacity of distribution system through
distributed generator placement considering techno-economic benefits with load growth. International
Journal of Electrical Power & Energy Systems. 54. 505-515. 10.1016/j.ijepes.2013.07.032.

[42] Thunuguntla, VK, Injeti, SK. €-constraint multi-objective approach for optimal network reconfiguration and
optimal allocation of DGs in radial distribution systems using the butterfly optimizer. Int Trans Electr Energ
Syst. 2020; 30:e12613. https://doi.org/10.1002/2050-7038.12613

[43] Akbarzadeh Aghdam, Pouria; Khoshkhoo, Hamid: 'Voltage stability assessment algorithm to predict power
system loadability margin', IET Generation, Transmission &amp; Distribution, 2020, 14, (10), p. 1816-1828,
DOI: 10.1049/iet-gtd.2019.0230 IET Digital Library, https://digital-
library .theiet.org/content/journals/10.1049/iet-gtd.2019.0230.

[44]Kumar, G Sasi and Kumar, S Sarat and Kumar, S. V. Jayaram, Mli Technique for Placement and Sizing of
DG for Minimum Line Losses (2020). International Journal of Electrical Engineering and Technology, 11(4),
2020, pp. 266-274, Available at SSRN: https://ssrn.com/abstract=3658034.

[45]Mohammad Hasan Hemmatpour, Mohsen Mohammadian, Ali Akbar Gharaveisi, Optimum islanded
microgrid reconfiguration based on maximization of system loadability and minimization of power losses,
International Journal of Electrical Power & Energy Systems, Volume 78, 2016, Pages 343-355, ISSN 0142-
0615, https://doi.org/10.1016/j.ijepes.2015.11.040.

[46] Arulraj Rajendran & Kumarappan Narayanan (2020) Optimal multiple installation of DG and capacitor for
energy loss reduction and loadability enhancement in the radial distribution network using the hybrid
WIPSO-GSA algorithm, International Journal of Ambient Energy, 41:2, 129-
141, DOI: 10.1080/01430750.2018.1451371

[47]S. Gupta, V. K. Yadav and M. Singh, "Optimal Allocation of Capacitors in Radial Distribution Networks
using Shannons Entropy," in IEEE Transactions on Power Delivery, doi: 10.1109/TPWRD.2021.3107857.

[48]D. Ramawat, G. P. Prajapat and N. K. Swarnkar, "Reactive power loadability based optimal placement of
wind and solar DG in distribution network," 2016 IEEE 7th Power India International Conference (PIICON),
2016, pp. 1-5, doi: 10.1109/POWERI.2016.8077410.

[49]V. Salehi, S. Kahrobaee and J. Araiza, "Sizing and Operation of BESS to Increase Loadability of a Weak
Distribution Feeder," 2020 IEEE Power & Energy Society Innovative Smart Grid Technologies Conference
(ISGT), 2020, pp. 1-5, doi: 10.1109/ISGT45199.2020.9087799.

[50] Aytag Altan, Seckin Karasu, Enrico Zio, “A new hybrid model for wind speed forecasting combining long
short-term memory neural network, decomposition methods and grey wolf optimizer”, Applied Soft
Computing, Volume 100, 2021, 106996, ISSN 1568-4946, https://doi.org/10.1016/j.asoc.2020.106996.

[51]Kasra Saberi-Beglar, Kazem Zare, Heresh Seyedi, Mousa Marzband, Sayyad Nojavan, “Risk-embedded
scheduling of a CCHP integrated with electric vehicle parking lot in a residential energy hub considering
flexible thermal and electrical loads”, in Applied Energy, Volume 329, 2023, 120265, ISSN 0306-2619,
https://doi.org/10.1016/j.apenergy.2022.120265.

[52]Fernando Garcia-Mufioz, Sebastian Davila, Franco Quezada, “A Benders decomposition approach for
solving a two-stage local energy market problem under uncertainty”, in Applied Energy, Volume 329, 2023,
120226, ISSN 0306-2619, https://doi.org/10.1016/j.apenergy.2022.120226.

[53] Chaoxian Lv, Rui Liang, Wei Jin, Yuanyuan Chai, Tiankai Yang, “Multi-stage resilience scheduling of
electricity-gas integrated energy system with multi-level decentralized reserve,” in Applied Energy, Volume
317,2022, 119165, ISSN 0306-2619, https://doi.org/10.1016/j.apenergy.2022.119165.

32



[54]Hossein Chabok, Jamshid Aghaei, Morteza Sheikh, Mahmoud Roustaei, Mohsen Zare, Taher Niknam, Matti
Lehtonen, Miadreza Shafi-khah, Jodo P.S. Cataldo, “Transmission-constrained optimal allocation of price-
maker wind-storage units in electricity markets,” in Applied Energy, Volume 310, 2022, 118542, ISSN
0306-2619, https://doi.org/10.1016/j.apenergy.2022.118542.

[55]Bahman Ahmadi, Oguzhan Ceylan, Aydogan Ozdemir, Mahmoud Fotuhi-Firuzabad, “A multi-objective
framework for distributed energy resources planning and storage management,” in Applied Energy, Volume
314,2022, 118887,ISSN 0306-2619, https://doi.org/10.1016/j.apenergy.2022.118887.

[56] Dillip Kumar Mishra, Mojtaba Jabbari Ghadi, Li Li, Jiangfeng Zhang, M.J. Hossain, “Active distribution
system resilience quantification and enhancement through multi-microgrid and mobile energy storage,” in
Applied Energy, Volume 311, 2022, 118665, ISSN 0306-2619,
https://doi.org/10.1016/j.apenergy.2022.118665.

[57] Adetunji, K. E., Hofsajer, I. W., Abu-Mahfouz, A. M., & Cheng, L. (2022). “An optimization planning
framework for allocating multiple distributed energy resources and electric vehicle charging stations in
distribution networks”. in Applied Energy, 322, 119513. https://doi.org/10.1016/j.apenergy.2022.119513.

[58] Weiqi Hua, Jing Jiang, Hongjian Sun, Andrea M. Tonello, Meysam Qadrdan, Jianzhong Wu, “Data-driven
prosumer-centric energy scheduling using convolutional neural networks,” in Applied Energy, Volume 308,
2022, 118361, ISSN 0306-2619, https://doi.org/10.1016/j.apenergy.2021.118361.

[59]B. Venkatesh, R. Ranjan and H. B. Gooi, "Optimal reconfiguration of radial distribution systems to maximize
loadability," in IEEE Transactions on Power Systems, vol. 19, no. 1, pp. 260-266, Feb. 2004, doi:
10.1109/TPWRS.2003.818739.

[60] Ali, Muhammad, Krishneel Prakash, Md Alamgir Hossain, and Hemanshu R. Pota. "Intelligent energy
management: Evolving developments, current challenges, and research directions for sustainable future."
Journal of Cleaner Production (2021): 127904.

[61]Rahim, Sahar, Nadeem Javaid, Rahim Dad Khan, Nadia Nawaz, and Muhammad Igbal. "A convex
optimization based decentralized real-time energy management model with the optimal integration of
microgrid in smart grid." Journal of Cleaner Production 236 (2019): 117688.

[62] Weihe Huang, Yichen Li, Weichao Yu, Haitao Yu, Xiangying Shan, Hao Wang, Jing Gong, “An
evaluation index system of the user satisfaction for the natural gas pipeline network”, Journal of
Pipeline Science and Engineering, Volume 1, Issue 4,2021, Pages 452-458, ISSN 2667-
1433, https://doi.org/10.1016/j.jpse.2021.11.001.

[63] MansourLakouraj, Mohammad, Haider Niaz, J. Jay Liu, Pierluigi Siano, and Amjad Anvari-Moghaddam.
"Optimal risk-constrained stochastic scheduling of microgrids with hydrogen vehicles in real-time and day-
ahead markets." Journal of Cleaner Production 318 (2021): 128452.

[64]Lolla, PR, Rangu, SK, Dhenuvakonda, KR, Singh, AR, "A comprehensive review of soft computing
algorithms  for optimal generation scheduling”, in International Journal of Energy
Research, 2020; 1- 20. https://doi.org/10.1002/er.5759.

[65]Seyedali Mirjalili, Andrew Lewis, "The Whale Optimization Algorithm", in Advances in Engineering
Software, Volume 95, 2016, Pages 51-67, ISSN 0965-9978,
https://doi.org/10.1016/j.advengsoft.2016.01.008.

[66]C. Grigg 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,” in IEEE Transactions on Power
Systems, vol. 14, no. 3, pp. 1010-1020, Aug. 1999, doi: 10.1109/59.780914.

[67]Jabari, Farkhondeh, Khezr Sanjani, and Somayeh Asadi. "Optimal Capacitor Placement in Distribution
Systems Using a Backward-Forward Sweep Based Load Flow Method." In Optimization of Power System
Problems, pp. 63-74. Springer, Cham, 2020.

[68] Amin Khodabakhshian, Mohammad Hadi Andishgar, “Simultaneous placement and sizing of DGs and shunt
capacitors in distribution systems by using IMDE algorithm”, in International Journal of Electrical Power
& Energy  Systems,  Volume 82, 2016,  Pages 599-607, ISSN  0142-0615,
https://doi.org/10.1016/j.ijepes.2016.04.002.

33



[69] Altan, Aytac & Parlak, Ahmet. (2020).” Adaptive Control of a 3D Printer using Whale
Optimization  Algorithm  for Bio-Printing of  Artificial Tissues and Organs”.
10.1109/ASYU50717.2020.9259820.

[70]Jabari, Farkhondeh, Somayeh Asadi, and Sahar Seyed-barhagh. "A novel forward-backward sweep based
optimal dg placement approach in radial distribution systems." In Optimization of Power System Problems,
pp- 49-61. Springer, Cham, 2020.

34



