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Abstract 

The increasing penetration of wind and solar generation into modern power grids has raised a 

bigger challenge in voltage control and reactive power management owing to the intermittent 

characteristic and limited reactive power capacity of the inverter-based resources. To address 

this kind of optimal reactive power dispatch (ORPD) problem, this paper adopts a recently 

developed multi-layer particle swarm optimization (MLPSO) algorithm for solving the same 

in a renewable-integrated system along with flexible AC transmission systems (FACTS) 

devices. The classical ORPD model is generalized by the choice of the reactance of thyristor-

controlled series capacitors (TCSCs) and the angle of phase shifting of thyristor-controlled 

phase shifters (TCPSs) as additional decision variables with operating limits included 

explicitly in the constraints. Testing is carried out on a modified IEEE 30-bus network, in 

which generators at buses-8 (viz., source: solar PV), -11, and -13 (viz., source: wind farms) 

are simulated as renewable energy (RE) plants. The numerical studies are carried out in four 

scenarios: without FACTS devices, two TCSCs, two TCSCs and a single TCPS, three 

TCSCs and three TCPSs. Here, minimization of two different objectives is performed: real 

power loss and total bus voltage deviation. Compared with some recent past results by real-

coded genetic algorithm (RCGA), differential evolution (DE), and biogeography-based 

optimization (BBO), the MLPSO obtains smaller active power loss as well as voltage 
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deviation in all studied scenarios. Furthermore, statistical sensitivity and contingency 

analysis were performed. The findings demonstrate the potential of a novel algorithm to 

provide optimal solutions for reactive power planning in future renewable-based grids with 

FACTS devices. 

Keywords: Reactive power, optimal dispatch, renewable energy, wind power, solar PV, 

multi-layer PSO, FACTS devices, statistical analysis, contingency. 

Nomenclature 𝑎௜, ܾ௜, ܿ௜ generator cost coefficients ܿ1, ܿ2 cognitive and social coefficients ݀௜, ݁௜ valve-point loading effect coefficients ܤ௜௝ line charging susceptance ݂ system frequency ݃௜௝௕௘௦௧ global best position ݃௦௨௖, ݈௦௨௖ success counters for global and local variants ܩ௜௝ conductance of line ݅ − ݆ ݇ neighbourhood radius ܮ-index voltage stability index ݉ number of layers in MLPSO ௕ܰ number of buses ௖ܰ number of shunt compensators ௚ܰ number of generator buses 

௟ܰ number of transmission lines ௦ܰ௜௭௘ total population size 

௧ܰ number of transformers ்ܰ஼௉ௌ number of TCPS devices ்ܰ஼ௌ஼ number of TCSC devices ݌௚,  ௟ global and local selection probabilities݌

஽ܲ௜, ܳ஽௜ active and reactive power demand at bus ݅ ܲீ ௜ , ܳீ௜ active and reactive power generation at bus ݅ ܲீ ௜௠௜௡, ܲீ ௜௠௔௫ minimum and maximum active power limits ݌௜௝௕௘௦௧ personal best position 
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௜ܲ௝ , ܳ௜௝ active and reactive power flow from bus ݅ to ݆ ܳ஼೔௠௜௡, ܳ஼೔௠௔௫ minimum and maximum shunt compensator limits 

௅ܲ௢௦௦ active power loss ௡ܲ௦ neighbourhood search probability ܳ஼೔ shunt compensator reactive output ܳீ௜௠௜௡, ܳீ௜௠௔௫ minimum and maximum reactive power limits 1ݎ, ,2ݎ ,3ݎ ,4ݎ ,5ݎ random weights in LNS and GNS ܴ௜௝ 6ݎ , ܺ௜௝ resistance and reactance of line ݅ − ݆ 

௜ܵ௝ apparent power flow in line ݅ − ݆ ܵ௉ swarm-particle distribution per layer 

௜ܵ௝௠௔௫ maximum apparent power flow limit ܸܶܦ total voltage deviation ௜ܶ transformer tap setting 

௜ܶ௠௜௡, ௜ܶ௠௔௫ minimum and maximum transformer tap limits ܸீ ೔ generator voltage at bus ݅ 
௜ܸ௠௜௡, ௜ܸ௠௔௫ minimum and maximum voltage limits at bus ݅ 

௜ܸ voltage magnitude at bus ݅ ݓ inertia weight in PSO ܺ஼೔ೕ TCSC reactance between buses ݅ and ݆ ݔ௜௝ , ,௜௝ position and velocity of particle ݅ in dimension ݆ ܺ஼೔ೕ௠௜௡ݒ ܺ஼೔ೕ௠௔௫ minimum and maximum TCSC reactance limits 

௜ܻ௝ admittance of line ݅ − ,௜௝ admittance angle ߶௜௝ TCPS phase shift angle between buses ݅ and ݆ ߶௜௝௠௜௡ߠ ݅ ௜ voltage angle at busߠ ݆ ߶௜௝௠௔௫ minimum and maximum TCPS phase shift limits ߙ, ߶,  rotor angle deviation ߜMLPSO algorithm parameters Δ ߛ

ABC artificial bee colony 

AEFA-FDB artificial electric field algorithm–fitness distance balance 

ALO ant lion optimizer 
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BBO biogeography-based optimization 

CAC-DE continuous ant colony–differential evolution 

CCT critical clearing time 

CPU central processing unit 

DE differential evolution 

DFIG doubly-fed induction generator 

EPRI Electric Power Research Institute 

FACTS flexible ac transmission systems 

GA genetic algorithm 

GJSO gradient jellyfish search optimizer 

GNS global neighbourhood search 

GSA gravitational search algorithm 

IMPA improved marine predators’ algorithm 

LNS local neighbourhood search 

MLPSO multi-layer particle swarm optimization 

NR Newton-Raphson 

ORPD optimal reactive power dispatch 

PV photovoltaic 

RCGA real-coded genetic algorithm 

RE renewable energy 

RES renewable energy sources 

RoCoF rate of change of frequency 

TCSC thyristor-controlled series capacitor 

TCPS thyristor-controlled phase shifter 

TVD total voltage deviation 

PSO particle swarm optimization 

PSOIWA particle swarm optimization with inertia weight approach 

SHADE success history-based adaptive differential evolution 

WOA whale optimization algorithm 

 

1. Introduction  

1.1 Problem definition  
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It is important to manage the reactive power resources for stability and security of power 

systems, particularly when renewable energies like wind and solar-PV systems are being 

penetrated into the grid, which brings in uncertainties and a limited provision of VAr support 

from inverter-based interfaces [1]. ORPD is one of the tools, which attempts to determine the 

control settings for reactive power generation to optimise a particular objective function (e.g., 

minimisation in real power flow losses and total voltage deviation) over some parameters 

space and subject to several equality/inequality constraints such as: power flow equations, 

upper/lower limit on voltage magnitude and capacity constraints, existent on several reactive 

resources i.e., generating units, shunt capacitor banks and transformer taps [2],etc. In the last 

few years, rapid developments in power electronics and microelectronics have given rise to a 

new possibility of more flexible control of power systems, particularly for integration with 

high penetration ratios of renewable energy sources. The term FACTS,also countedas a sub-

area of power electronics-based controllers, refers to the control of power using advanced 

solid-state and microchip-based electronic devices for high-voltage electrical energy transit. 

The FACTS device was developed by EPRI [3] to create a series of these control loops. 

These new devices have resulted in the existing transmission and distribution of electricity 

becoming more reliable, more controllable, and a lot more efficient [4], which can be utilised 

to provide improved voltage regulation for renewables-based networks. But the FACTS 

devices are mostly intended to allow maximum utilization of the existing transmission 

facilities subject to the limits imposed by concerns of reliability, loop flow and sub 

synchronous resonance (e.g., solution to solve stability problem as well) and very limited 

efforts have been made in academia for analysing the effect of FACTS device on improving 

static performance like cost and loss minimization in renewable integrated scenario [5, 6]. 

1.2 Background perspective 

In the past, several conventional as well as evolutionary optimization algorithms such as 

linear programming [2], nonlinear programming [7], quadratic programming [8, 9] Newton 

approach [10], interior point methods [11], genetic algorithm (GA) [12], improved GA [13], 

adaptive GA [14], evolutionary programming [15], differential evolution (DE) [16], real-

coded GA (RCGA) [17], self-adaptive RGA [18], particle swarm optimization (PSO) [19], 

seeker optimization algorithm [20], biogeography-based optimization (BBO) [21], 

gravitational search algorithm (GSA) [22], opposition based GSA [23], hybrid Nelder-Mead 

simplex based firefly algorithm [24], etc have been, successfully, applied to solve the ORPD 

problem of power systems.Some optimization techniques such as GA [25], DE [25], PSO 
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[25], multi-objective evolutionary algorithm [26], RCGA [27], PSO with inertia weight 

approach (PSOIWA) and BBO etc [27]have already been presented in the literature for 

solving ORPD problem of power systems under FACTS devices while extensions have also 

been carried out to incorporate renewable energy integration in recent works by Das et 

al.[28]. PSO is a recently developed optimization technique for modelling the swarm 

behaviour of birds searching for food, which has attracted more attention due to its freshness 

and search ability. PSO has been applied to a wide range of fields in power systems, as 

reported in [29]. However, this method has its own limitations and could easily get stuck in a 

local optimum when it is used to solve complex multimodal problems. It can also beaffected 

by the "explosion" phenomenon [30]. Therefore, continuous attention is being given by the 

research community to its further enhancement, especially for addressing uncertainties in 

renewable-dominated grids [31]. 

The ORPD problem, a non-linear, non-convex, mixed-integer optimization challenge 

in power systems, seeks to optimally adjust control variables like generator voltages, 

transformer taps, and shunt compensators to minimize active power losses, voltage 

deviations, and enhance voltage stability under operational constraints; over the period 2015-

2025, metaheuristic algorithms have progressively dominated its solution, starting with early 

nature-inspired approaches such as chaotic krill herd algorithm (CKHA) [32] achieving 

superior loss minimization and stability enhancement, Gaussian bare-bones water cycle 

algorithm (NGBWCA) [33] effectively mitigating premature convergence on IEEE 30-/57-

/118-bus systems, Whale Optimization Algorithm (WOA) [34]proving robust on the Algerian 

114-bus system, Ant Lion Optimizer (ALO) [35] excelling in large-scale IEEE 300-bus cases, 

hybrid PSO-Multi Verse Optimizer (HPSO-MVO) [36] delivering multi-objective 

improvements, and Artificial Bee Colony (ABC) [37] enhancing loss/voltage/stability 

metrics, before advancing to stochastic formulations that incorporate renewable uncertainties 

via Success History-based Adaptive Differential Evolution (SHADE) with scenario-based 

wind/solar modelling [38], Two-Point Estimate Method for load uncertainty in multi-

objective setups [39, 40], Improved Marine Predators Algorithm (IMPA) [41] avoiding local 

optima entrapment, Hybrid Continuous Ant Colony-Differential Evolution (CAC-DE) [42] 

yielding 27-39% greater loss reductions than MODE/SPEA2, and semidefinite programming 

ensuring global optimality [43]; more recent innovations (2024-2025) include Gradient 

Jellyfish Search Optimizer (GJSO) [44] outperforming in accuracy and stability, Modified 

Artificial Hummingbird Algorithm [45] excelling in solar/wind/hydro integration, Adaptive 
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Beluga Whale Optimization [46] significantly reducing expected losses and deviations with 

UPFC inclusion, AEFA-FDB [47] attaining minimal losses (e.g., 4.4138 MW on IEEE 30-

bus) with 18-43% average improvements, JAYA variants [48-50] producing optimal losses 

(e.g., 1.8641 MW) under wind/load uncertainties and up to 59% reductions in hybrid HVAC-

HVDC configurations, reserve-constrained Grey Wolf Optimizer [51] achieving 25.8% loss 

reduction and 32.8% stability gains, and multi-objective models integrating 

wind/PV/FACTS/emissions/costs [28] realizing 4.97-31.38% improvements collectively 

demonstrating a clear evolution toward hybrid, chaos-enhanced, multi-objective, and 

uncertainty-aware metaheuristics that deliver substantial loss reductions, superior voltage 

profiles, robust renewable energy integration (e.g., wind, solar, PV, hydro, tidal), and 

enhanced system security across standard and real-world test systems, thereby advancing 

sustainable and reliable power system operation. 

1.3 Motivation of the present work  

Notwithstanding the many successful developments on PSO and its variants, primitive PSO 

and many of its initial modifications both have two basic deficiencies: premature attainment 

of sub-optimal solutions and slow convergence speed, especially for highly complex, multi-

modal, non-linear, constrained real-world optimization problems [52, 53]. Furthermore, these 

limitations become more pronounced in benchmark power system problems used by recent 

studies, such as ORPD for renewable integrated systems with high concentrations of 

intermittent wind and solar generation, along with complications arising from the inclusion of 

FACTS devices (viz., TCSC, TCPS). Such problems feature: 

− large-scale, high-dimensional decision spaces, 

− non-convex cost functions (minimizing PLoss, minimizing TVD), 

− multiple conflicting objectives, 

− stochastic uncertainties from renewable sources, 

− equality and inequality constraints (power flow equation, device constraints). 

To overcome such challenges, two primary improvements have been incorporated into the 

traditional PSO-based framework, which builds upon a recent MLPSO method proposed by 

Tran and Wu [54]. A multi-layer search heuristic that adaptively combines global exploration 

and local exploitation by the dynamic switching of the search layers and neighbourhood 

topologies. 
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The rapid injection of wind and solar power into the system has resulted in an 

increased demand for improved reactive power control based on their intermittent nature and 

low levels of inverter support. In the literature, several different strategies based on mutual 

coordination of the renewable energy sources (RES) and FACTS controllers, such as to 

enhance ORPD were proposed. A comprehensive review by Adegoke et al. [55] indicated 

that the use of RES combined with TCSC, SVC, UPFC, and STATCOM significantly 

improves the voltage stability as well as reduces the loss, too, by mentioning that the best 

solution is obtained by hybrid or advanced meta-heuristic techniques. Naderi et al. [56] 

applied a hybrid Wavelet-Mutated-Shuffled Frog Leaping and PSO to solve multi-objective 

optimal power flow in the presence of TCSC and UPFC, which is better than classical 

approaches from the point of view of convergence rate and solution quality. Banerjee et al. 

[57] convincingly hedged uncertainty of probabilistic wind, solar, and EV in a large-scale 

network (e.g., IEEE 118-bus) upon précised positioning of SSSC and UPFC with an 

improved meta-heuristic technique, proving the significance of multi-series/shunt FACTS in 

renewable-enabled networks. Rani and Malakar [31] presented reserve-constrained ORPD for 

wind integrated grid with coronavirus flock immunity optimizer, based on those reactive 

reserves need to be maintained adequately due to the uncertainty of system gap by FACTS 

compensation vacuum. Meanwhile, Cheng et al. [58], Meng et al. [59], and Roy and Das [6] 

studied game-theoretic, flexibility index-based, and droop-controlled islanded strategies 

motivated by the fact that optimization techniques robust to a variety of uncertainty (and also 

sophisticated compensation equipment) are needed for modern renewable-rich grids. 

However, there are limited works that integrate multi-bus-based realistic inverter-constrained 

renewable models, multiple TCSC and TCPS devices, and a latest-generation multi-layer 

PSO framework on the benchmark IEEE 30 bus modified system with intact original reactive 

limits to have a fair comparison. This is actually where the current study is trying to bridge 

the gap. 

1.4 Contribution of the present study 

In this work, integration of two FACTS devices (i.e., TCSC and TCPS) into the ORPD 

problem at various locations within the power network under consideration is considered in 

order to account for renewable energy sources. In this study, the minimization of both PLoss 

and TVDis considered separately using power balance, active and reactive power generation 

limits, voltage profiles, transmission line loading constraints, and FACTS parameters 
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constraints. The application performance of the proposed MLPSO is demonstrated through 

results obtained from the modified IEEE-30 bus test power system with renewable 

integration. The obtained results are also compared with other computational intelligence-

based methods emerged in recent literature [1]. 

1.5 Layout of the paper 

The rest of this paper is structured as follows. FACTS devices modelling is described in 

Section-2. The mathematical problem of the ORPD with FACTS is addressed in Section-3. 

The MLPSO method is presented in Section-4. Simulation results are depicted, and their 

discussion can be found in Section-5. Further, sensitivity and robustness analysis are 

illustrated in Section-6. Summary and concluding remarks of the current work are made in 

Section-7. 

2.Modelling of FACTS devices  

For TCSC and TCPS, the proposed models are based on steady-state models that follow the 

approach of power-injection and the branch model, which is commonly reported in literature. 

These models are also applicable regardless of generation topology (e.g., synchronous or 

renewable based on the inverter side connected to the system), because FACTS controllers 

directly affect the transmission line parameters and bus voltages. 

2.1 Modelling of the TCSC device 

In renewable integrated power systems, TCSC is of paramount importance in real-time line 

reactance compensation, thus minimizing the real power loss, enhancing voltage profiles, 

and eliminating congestion due to variable wind and solar generation. Contrary to inverter-

based reactive support from renewables, the fast response capacity and wide operating range 

of TCSC render it very effective for steady state as well as transient voltage control. The real 

power transmission on the compensated line can be sustained at a predetermined level over 

wide operating conditions [60-62]. The static model of the network with TCSC installed 

between the i-th and j-th bus is depicted in Fig. 1 [60-62]. The power flow equations of the 

branch having TCSC are given by (1)-(2) [27], 

)sin()cos(
2

jiijjijiijjiijiij BVVGVVGVP  −−−−=       (1) 

)cos()sin(
2

jiijjijiijjiijiij BVVGVVBVQ  −+−−−=                 (2) 

Fig. 1 
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Similarly, the real and reactive power flows from the j-th to the i-th bus may be expressed by 

(3)-(4), respectively, 

)sin()cos(
2

jiijjijiijjiijjji BVVGVVGVP  −+−−=                 (3) 

)cos()sin(
2

jiijjijjiijjiijjji BVVGVVBVQ  −+−+−=                 (4) 

where, 

Conductance of transmission line
22

)(
)(

ijCijij

ij
ij

XXR

R
G

−+
=                                                      (5) 

Susceptance of transmission line
22

)(
)(

ij

ij

Cijij

Cij

ij
XXR

XX
B

−+

−
=

                                      
(6) 

ijij QP ,  : active and reactive power flows, respectively, between the i-th and the  j-th 

bus  

ji VV ,  : voltage magnitudes at the i-th and the  j-th bus, respectively 

ji  ,  : angles at the i-th and the j-th bus, respectively 

ijij XR ,  : resistance and reactance, respectively, of the transmission line connected 

between the i-th and the j-th bus 

ijCX  : reactance of TCSC placed in the transmission line connected between the i-th 

and j-th bus 

TCSC reactance is limited within [- 0.8ܺ஼೔ೕ, 0.2 ܺ஼೔ೕ] (i.e., 20% inductive to 80% capacitive 

compensation), which is common and popular in both conventional grid and renewable-

penetrated grid. 

2.2 Modelling of the TCPS device 

In renewable-integrated systems, TCPS is particularly beneficial as it can control both active 

power flow (to alleviate variable wind/solar-based congestions) and fast reactive 

compensation via voltage angle adjustment for improved voltage stability without depending 

on the insufficient inverter capacity of the renewable generator. The static model of a TCPS, 

connected between the i-th and j-th bus, having a complex tapping ratio of 1:1 and series 

admittance of ( )ijijij BsqrtGY )1(−−= , is shown in Fig. 2 [60-62]. Similar to TCSC, the real 

Fig. 2 

Fig.  2 
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and reactive power flows from the i-th to j-th bus may be expressed by (7)-(8) [27], 

respectively,
 

 )sin()cos(
coscos2

2




+−++−−= jiijjiij
jiiji

ij BG
VVGV

P                                               (7) 

 )cos()sin(
coscos2

2




+−−+−−−= jiijjiij
jiiji

ij BG
VVBV

Q                            (8) 

Similarly, the real and reactive power flows from the j-th to the i-th bus may be expressed by 

(9)-(10) [27], respectively,
 

 )sin()cos(
cos

2 


+−−+−−= jiijiiij
ji

ijjji BG
VV

GVP                            (9) 

 )cos()sin(
cos

2 


+−++−+−= jiijjiij
ji

ijjji BG
VV

BVQ                                     (10) 

The injected power model of TCPS is shown in Fig. 3 [60-62]. The injected real and 

reactive powers of TCPS at the i-th and j-th bus may be represented by (11)-(14), 

 )cos()sin(tantan22
jiijjiijjiiijik BGVVVGP  −−−−−=              (11) 

 )sin()cos(tantan22
jiijjiijjiiijik BGVVVBQ  −+−+=                          (12) 

 )cos()sin(tan jiijjiijjijk BGVVP  −+−−=                                          (13) 

 )sin()cos(tan jiijjiijjijk BGVVQ  −−−−=                                (14) 

All the variables keep their usual sense as in Section 2.1. Practically |φ| ≤ 15° is the 

operating range of the phase angle, which makes it applicable for both conventional and 

renewable energy-based systems. 

3. Problem formulation of ORPD with FACTS for RE Integration 

The ORPD problem is modelled as a large-scale, non-linear, non-convex optimization 

problem in order to minimize the active power transmission losses and/or total voltage 

deviation while meeting all operational constraints of modern microgrid, such as both 

conventional synchronous generators and inverter-based renewable energy sources (e.g., 

wind generator and solar PV). The single-line diagram of the modified IEEE  30-bus RE 

integrated test system is depicted in Fig. 4. To simulate grids compatible with renewable 

integration, the modified IEEE 30-bus test system is configured as follows: bus-8: solar PV 

Fig. 3 
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plant; buses-11 and -13: doubly-fed induction generator (DFIG) wind farms. The real power 

production, in addition to the reactive power constraints of these renewable turbines are 

equivalent to synchronous machines, so that the comparison between test results and values 

available from literature holds valid. This adjustment maintains the power flow base case in 

the analysis while also accurately depicting a network with high renewable penetration for 

which reactive support from generators is only partially constrained due to inverters. 

The ORPD problem focuses on the optimization of the steady-state operational 

performance of a power system based on a given objective function and several equality and 

inequality constraints. Mathematical formulation ORPD problem [27, 48, 54] can be 

expressed as equations (15)-(17), 

Minimize J (x, u)                    (15) 

subject to eq(x, u) = 0                                          (16)  

and ieq(x, u) ≤ 0                               (17) 

The vector of dependent variables x may be represented by (18), 

],,,,,,,,[
111 NTLllNGGGNLLL

T SSQQVV =x                (18) 

Similarly, the vector of control variables u may be written as in (19), 

],,,,,,,,[
111 NCCCNTNGGG

T QQTTVV =u                                                 (19) 

where, 

NG  : number of generator buses 

NL  : number of load buses 

NTL  : number of transmission lines 

NT  :  number of regulating transformers 

NC  : number of shunt compensators  

 

3.1 Constraints 

The ORPD problem is formulated into a set of equality and inequality constraints related to 

conventional power system operation and renewable-integrated networks with FACTS 

devices [27, 28, 49]. The ORPD with TCSC and TCPS are subjected to the constraints 

mentioned in the next two sub-sections. 

3.1.1 Equality constraints
 

These constraints ensure the fulfillment of active and reactive power balancing at each bus in 

the renewable-integrated IEEE 30-bus modified system. The system equations are the same 
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as in classical power flow calculations; only the admittance matrix will automatically take 

into consideration TCSC reactance and TCPS phase-shift effects. These constraints represent 

the load flow equations as stated in (20), 

( )

( )










  −+ −=+−

  −+ =+−

= = = =

= = = =
NB

i

NTCPS

i
jiij

NB

i
ijj

NB

j
iikLiGi

NB

i

NTCPS

i
jiij

NB

i
ijj

NB

j
iikLiGi

sinYVVQ)QQ(

cosYVVP)PP(

1 1 1 1

1 1 1 1              (20)
 

where, 

LiLi QP ,   : active and reactive power demands of the i-th bus, respectively  

GiGi QP ,   : active and reactive power generations of the i-th bus, respectively 

ikik Q,P   : injected active and reactive powers of TCPS at the i-th bus, respectively 

ijY   : admittance of the transmission line connected between the i-th and the j-th 

bus 

ij   : admittance angle of the transmission line connected between the i-th and the  

j-th bus 

NB   : number of buses 

NTCPS   : number of TCPS devices in the power network 

3.1.2 Inequality constraints  

(i) Generator constraints: Generator voltage, active and reactive power of the i-th bus 

should lie between their respective maximum and minimum limits as given by (21), 









=
=
=

NGiQQQ

NGiPPP

NGiVVV

GiiGi

GiiGi

GiiGi

,,2,1

,,2,1

,,2,1

maxmin

maxmin

maxmin







               (21) 

where, maxmin , GiGi VV : minimum and maximum generator voltage of the i-th 

generating unit, respectively, 

maxmin , GiGi PP : minimum and maximum active power of the i-th generating unit, 

respectively, 

maxmin , GiGi QQ : minimum and maximum reactive power of the i-th generating unit, 

respectively. 
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It is to be noted here that, for the renewable energy integration at buses 8 (i.e., solar 

PV power), 11, and 13(i.e., wind power), the voltage magnitude limits are maintained 

at the same level as that of the original synchronous machines (i.e., 1.05-1.10 p.u.). 

(ii) Load bus constraints: Load bus voltage should lie between its respective maximum and 

minimum limits and may be represented by (22), 

NL,,,i,VVV maxLiiminLi 21=                            (22) 

where, minLiV  and maxLiV : minimum and maximum load voltage of the i-th 

generating unit, respectively. 

(iii) Transmission line constraints: Line flow for each transmission line must be within its 

capacity limits, and these limits may be, mathematically, expressed by (23), 

NTL,,,iSS
maxilil

21=                                                   (23) 

where, il
S   : apparent power flow of the  i-th branch, 

maxil
S   : maximum apparent power flow limit of the i-th branch. 

(iv) Transformer tap constraints: Transformer tap settings are bounded between 

maximum and minimum limits by (24), 

NT,,,iTTT maxiimini 21=                                        (24) 

where, miniT and maxiT are the minimum and maximum tap setting limits of the i-th 

transformer, respectively. 

(v) Shunt compensator constraints: Reactive power outputs of shunt VAR compensators, 

assumed as optimizing continuous variables, must be restricted within their lower and 

upper limits as in (25), 

NC,,,iQQQ maxciciminci 21=
                                                            

(25)  

where, minciQ and maxciQ
  

: minimum and maximum VAR injection limits 

of the i-th shunt capacitor, respectively. 

(vi) TCSC reactance constraints: TCSC reactance is restricted by its maximum and 

minimum limits as in (26), 

NTCSC,,,i,XXX maxticiminti 21=
 

                                               (26)  

 where, mintiX  and maxtiX   : minimum and maximum reactance of the i-th TCSC, 
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respectively, and NTCSC    : number of TCSC devices installed in the power 

network. 

(vii) TCPS phase shift constraints: TCPS phase shifts are restricted by their maximum and 

minimum limits as in (27), 

NTCPS,,,i,maxiimini 21=
                                                            

(27)  

where, mini and maxi : minimum and maximum phase shift angle of the i-th 

TCPS, respectively. 

It is to be noted here that transformer tap settings in this work are not discrete, but 

rather there are optimizing continuous variables restricted within their respective 

standard minimum and maximum limits. After getting the optimal values for the tap 

setting, these are restricted within their respective standard limits in the program. 

In the ORPD optimization of the multi-layer PSO, all independent variables are restricted 

directly, while dependent variable violations (e.g., voltage load level, reactive generation, line 

flows) are added to the objective function. 

3.2 Objective function 

For the test, two general practical objectives are solved separately via multi-layer PSO in a 

FACTS-equipped renewable energy-tied grid. In this paper, two different objective functions 

are considered to determine the effectiveness of the proposed algorithm. These objective 

functions are as follows: 

(i) Minimization of transmission loss: The mathematical formulation of this type of 

objective function is given by (28), 

Min ௅ܲ௢௦௦                               (28) 

where, ௅ܲ௢௦௦: total power losses. Power losses may be, mathematically, formulated as in 

(29), 

 −+=
=

NTL

k
ijjijikLoss )cosVVVV(GP

1

22
2                                                  (29)      

At renewable-rich grids, ௅ܲ௢௦௦ is of particular importance because wind and solar can make 

power flow in longer and more congested paths, leading to higher losses. Simultaneous 

control of TCSC and TCPS can restore the flows to their nominal paths with a substantial 

mitigation of these losses. 
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(ii) Minimization of TVD: Mathematical formulation for this type of objective function may 

be given by Min TVD                                                     (30) 

where,TVD : total absolute voltage deviation. TVD may be, mathematically, 

formulated as in (31) 

 

 −=
=

LN

i

ref
ii VVTVD

1

                                                               (31) 

This goal enhances the voltage quality and voltage stability margins in systems, where the 

inverter-based renewable generations at buses -8, -11 and -13 are not able to completely 

replace the voltage generation support of removed synchronous generators. FACTS devices, 

with the other existing conventional equipment, compensate for such lag efficiently. 

 

4 Multi-layer PSO algorithm  

The multi-layer particle swarm optimization (MLPSO) algorithm, an extension of the basic 

PSO technique, can be well-suited to solve non-linear, multi-modal ORPD problems in RE 

integrated power systems with FACTS devices. Through the structuring of a search process 

on several hierarchical layers, MLPSO can significantly enhance global exploration while it 

preserves local exploitation without encountering difficulties in a complex search space 

consisting of generator voltages, transformer taps, shunt compensators, and FACTS 

parameters (e.g., TCSC reactance as well as TCPS phase shifts). This multi-layer structure 

can effectively avoid premature convergence often experienced in ORPD problems with the 

time-varying reactive support from wind and solar PV plants, and assure a stable convergence 

to the optimal solution, which minimizes the transmission loss and voltage deviation. 

4.1 Review of basic PSO 

The basic PSO kernel proposed by Kennedy and Eberhart (1995) [63] emulates the collective 

foraging activity of bird flocks to iteratively discover optimal solutions in a D-dimensional 

continuous space. PSO initializes a population (swarm) of N particles, each characterized by 

a position vector ܺ௜ = ,௜1ݔ) ,௜2ݔ … , ௜஽) and velocity vector ௜ܸݔ = ,௜1ݒ) ,௜2ݒ … ,  ,(௜஽ݒ

representing candidate solutions for the ORPD control variables.The velocity and position 

updates for the j-th dimension of the i-th particle at iteration t+1 are governed by (32) and 

(33), 

ݐ)௜௝ݒ + 1) = ݓ ⋅ (ݐ)௜௝ݒ + ܿ1 ⋅ 1ݎ ⋅ (ݐ)௜௝best݌) − ((ݐ)௜௝ݔ + ܿ2 ⋅ 2ݎ ⋅ (݃௜௝best(ݐ) −  (32)               ((ݐ)௜௝ݔ
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ݐ)௜௝ݔ + 1) = (ݐ)௜௝ݔ + ݐ)௜௝ݒ + 1)                  (33) 

Here, ݓ is the inertia weight (typically decreasing linearly from 0.9 to 0.4 to balance 

exploration and exploitation), ܿ1 and ܿ2 are cognitive and social learning factors (set to 2.0), 1ݎ, 2ݎ ∼ ܷ(0,1) are random values, ݌௜௝best is the i-th particle's personal best position, and ݃௜௝best 

is the global best position found by the swarm. In OPRD applications, particle adequacy is 

checked using power flow analysis along with renewable injections and FACTS models (as 

discussed in Sections 2 and 3). 

Although applicable to unimodal problems, the standard PSO tends to get stuck in multi-

modal ORPD terrains because local minimal points can be formed by FACTS nonlinearity 

and renewable integration [55]. 

4.2 Description of multi-layer PSO 

The MLPSO algorithm is an advanced hierarchical extension of the standard PSO 

framework that has been developed to improve search diversity and convergence in complex 

non-linear, multi-modal optimization challenges such as ORPD for a renewable integration 

system with FACTS devices [55]. Through organizing the swarm in layers, ML-PSO offers a 

viable compromise between global exploration (such as exploring the inflated search domain 

of TCSC and TCPS) and local exploitation (like - involving fine-tuning of generator voltages, 

transformer taps, and shunt devices with renewable variability). In this section, the encoding, 

both global and local variations, an adaptive selection of the operations, and an integrated 

neighbourhood search operator are described, similar to those presented in adaptive multi-

layer PSO with neighbourhood search. 

4.2.1 Hierarchical structure and layer definitions 

In ML-PSO, the one-swarm form of classical PSO is expanded to layers (݉ = 3 − 4) usually, 

for ORPD to trade computation with competence. At the bottom, there are particles, and each 

layer above treats sub-swarms from the lower layer as swarm-particles. The local optimal 

point found by a sub-swarm is passed upwards as the individual best of its swarm-particle at 

the next level, forming a ladder-like hierarchy as portrayed in Fig. 5 [55]. The layer-wise 

distribution of swarm-particles is given by a vector (ܵ௉ = (ܵ௉1, ܵ௉2, … , ܵ௉௠)), where, ܵ௉௜ is 

the number of swarm-particles in the ݅-th layer (e.g., ܵ௉ = (3,3,3)for a setup with three layers 

and overall 27 particles. The population ( ௦ܰ௜௭௘) for the total is expressed by (34)[55], 

Fig.  5 
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௦ܰ௜௭௘ = ∏ ܵ௉௜௠௜=1         (34) 

For the ORPD application, each particle is encoded with a column vector representing 

generator bus voltages(ܸீ ) (i.e.,including those for renewable plants integration at buses 8, 

11 and 13), transformer tap ratios (ܶ), shunt capacitive outputs(ܳ஼), TCSC reactance(ܺ஼೔ೕ), 

and a TCPS phase angles(߶). Fitness is assessed using Newton-Raphson power flow, 

calculating objectives viz., PLossor TVD with quadratic penalties for constraint violations (e.g., 

voltage limits, line flows). 

4.2.2 Velocity and Position Updates 

Velocity is updated with layers' information, bestowing updates across the network, where 

the inertia weight (ߙ ∈ [0,1]) is randomly drawn each iteration to keep it diverse. The 

acceleration constant (߶) is divided equally as (߶௟ = ߶/݉), 

• Global MLPSO variant: Leads to a wide scan based on the top-layer global best, 

which is attractive at early ORPD stages where various FACTS configurations have 

to be examined under renewable unit ambiguity.Its mathematical correlation is 

expressed by (35)[55], ݒ௜௝ = ߙ ⋅ ௜௝ݒ + ∑ ߶௟௠௟=1 ⋅ (0,1)ݎ ⋅ ௜௝best(௟)݌) −  ௜௝)                                                      (35)ݔ

where,݌௜௝best(௟)
 is the best position from the layer ݈'s sub-swarm containing particle ݅. 

• Local MLPSO variant: Concentrates on neighborhood-level optimization (e.g., a ring 

topology with radius(݇ = 2)), which is beneficial for reaching stable voltage profiles 

in grids with high renewable energy shares as formulated by (36)[55], ݒ௜௝ = ߙ ⋅ ௜௝ݒ + ∑ ∑ ߶௟௞ே೗௞=1௠−1௟=1 ⋅ (0,1)ݎ ⋅ ௜௝best(௟௞)݌) −  ௜௝)                                        (36)ݔ

where,߶௟௞ = ߶/ ∑ ௟ܰ௠−1௟=1 , ௟ܰ is the number of neighbors at the layer ݈, and ݌௜௝best(௟௞)
 is 

the best from the ݇-th neighbor sub-swarm. 

Positions update as in basic PSO (refer to (30)), however, boundaries are handled via 

clamping or reflection to enforce ORPD limits (e.g., ܸீ ∈ [0.95,1.10] p.u.). 

4.2.3 Adaptive selection of global and local variants 
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In order to balance exploration and exploitation dynamically, an adaptive selection of the 

global and local ML-PSO can be conducted using success rates [55]. Initialize selection 

probabilities (݌௚ = ௟݌ = 0.5). After each iteration, update the number of fitness 

improvements (݃௦௨௖, ݈௦௨௖) is expressed by (37) [55], 

௚݌ = ߛ + (1 − (ߛ2 ⋅ ௚ೞೠ೎௚ೞೠ೎+௟ೞೠ೎ ௟݌ , = 1 −  ௚(37)݌

where, ߛ = 0.05 prevents zero probabilities. Roulette wheel selection selects the variant: If a 

random, (0,1)ݎ <  ௚, then use global; else, local. Such flexibility is important for ORPD݌

when it switches to local mode to fine-tune near-optimal renewable-reactive allocations. 

4.2.4 Integrated neighborhood search strategy 

Following post-layer updates, a local search (with probability, ௡ܲ௦ = 0.5) increases the local 

diversity with ring structure (radius, ݇ = 2 ). For every particle ݅, create trial points for local 

neighborhood search (LNS) and global neighborhood search (GNS): 

• LNS (exploitation-focused): Mathematically, LNS can be expressed by (38)[55], 

௜௝௅ݔ = 1ݎ ⋅ ௜௝ݔ + 2ݎ ⋅ ( 1௠ ∑ ௠௟=1ݎ (0,1) ⋅ ௜௝best(௟)݌) − ((௜௝ݔ + 3ݎ ⋅  ௜௝nbest                           (38)݌

where,݌௜௝nbest is the best in ݅'s neighborhood (excluding ݅), and 1ݎ + 2ݎ + 3ݎ = 1. 

• GNS (exploration-focused): Further, the GNS can be formulated by (39)[55], 

௜௝ீݔ = 4ݎ ⋅ ௜௝ݔ + 5ݎ ⋅ ( 1௠ ∑ ௠௟=1ݎ (0,1) ⋅ (௜௝best(௟)݌ + 6ݎ ⋅ ௘௝ݔ) −  ௙௝)                              (39)ݔ

where, ݁, ݂are random indices of the swarm (݁ ≠ ݂ ≠ ݅), and 4ݎ + 5ݎ + 6ݎ = 1. 

Velocities are also taken from the parent particle. If the fitness becomes better, the 

current trial is replaced with the new one. 

In ORPD, this strategy refines FACTS settings (e.g., ߶ for TCPS) around promising 

neighborhoods, countering renewable-induced local optima. Parameters: ௦ܰ௜௭௘ = 40, ݉ = 3, 

max iterations=300, ensuring convergence within computational limits [55].  

Pseudocode for ML-PSO Applied to ORPD in Renewable-Integrated Systems  

The pseudocode given below is aligned to the algorithm MLPSO of Tran and Wu (2016) for 

the context of ORPD problem solution[55]. It is tailor-made for the solution of ORPD with 
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encoding control variables (i.e., voltage at the generator, including renewable generations 

located in buses-8, -11, and -13; tap of transformer’s tap changer; shunt compensator's 

susceptance, TCSC susceptance, and TCPS phase angle) within particles. The fitness 

evaluation is performed by theNR power flow to calculate ௅ܲ௢௦௦or TVD with penalties for 

constraints (viz.,voltage limits, line flows, FACTS bounds). The adaptive global/local ML-

PSO and local search are responsible for effectively dealing with the nonlinear properties of 

renewable energy and FACTS devices. Key parameters: layers ݉ = 3, swarm distribution ܵ௉ = (3, 3, 3), ௦ܰ௜௭௘ = 27, ߶ = 4.1, maximum-fitness evaluations (i.e.,ܰ௠௔௫ ∗ ݏܧܨ =300 iterations ∗  27), ௡ܲ௦ = 0.6, neighborhood radius (i.e., ݇ = 2), adaptation (i.e., ߛ =0.05). The corresponding pseudocode is given as follows: 

Algorithm 1: MLPSO algorithm 

Input:(a) Power system data:Number of buses, PV bus, PQ bus, generator, TC, QC, Number 

of TCSC, Number of TCPS control variables, minimum and maximum limits of variables and 

parameters, generator data, line data, load data, and FACTS data. 

      (b) MLPSO data: 

  - ݉: Number of layers (i.e., 3) 

  - ܵ௉ =  (SP1, ..., SPm): Swarm-particle distribution per layer (i.e., (3,3,3)) 

  - φ: Acceleration constant summarization (i.e., 4.1) 

  - ܰ௠௔௫ ∗ FEs: Max fitness evaluations (i.e., 8100 for ORPD convergence) 

  - Pns: Neighborhood search probability (i.e., 0.6) 

  - p1,pg: Initial local/global selection ratios (i.e., 0.5 each) 

  - γ: Adaptation factor (i.e., 0.05) 

  - k: Neighborhood radius (i.e., 2 for ring topology) 

  - D: Problem dimension (i.e., 19-28 for ORPD variables) 

  - Bounds: ORPD variable limits (i.e., VG [0.95,1.10] p.u., XC [-0.8 Xline, 0.2 Xline], φ 
[-15°,15°]) 

  - Fitness: ORPD objective (PLoss or TVD) + penalties for constraints 

Output: 

  - Optimal control settings (gbest position) minimizing ORPD objective 

  

1. Initialization: 

     - For each particle i=1 to Nsize: 

     - Xi: Random position in D-dim bounds (ORPD variables: VG (renewables included), T, 

QC, XC, φ) 

     - Vi: Random velocity [-Vmax, Vmax] (Vmax = bound range/2) 

   - Evaluate fitness: Run power flow with renewables/FACTS models; compute ௅ܲ௢௦௦, TVD 

and penalties 

   - Set pbesti = Xi (personal best) 

   - Set gbest = best pbest (global best) 
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   - Organize into m-layer hierarchy: Bottom layer particles, upper layers sub-swarms as 

swarm-particles 

   - NFEs = Nsize 

   - lsuc = 0, gsuc = 0  //success counters// 

2. While NFEs<Nmax*FEs do: 

    // adaptive multi-layer search (balances exploration for FACTS, RE uncertainties) 

3. r = random U(0,1) 

4. If r<pg:  //global MLPSO: broad search for diverse FACTS configurations// 

5. For i=1 to Nsize: 

6. For j=1 to D: 

            α = random U(0,1)  //random inertia for diversity// 

7. Xi = Xi + Vi  //Update position// 

8. Clamp Xito ORPD bounds (e.g., reflect for VG, φ) 

9. Evaluate fitness (power flow with RE, FACTS devices) 

10. If better than pbesti: pbesti = Xi; gsuc += 1 

11. NFEs+= 1 

12. Else:  //local MLPSO: Fine-tune voltage profiles near renewable buses// 

13. For i=1 to Nsize: 

14. For j=1 to D: 

α = random U(0,1) 

15. Xi= Xi+ Vi 

16. Clamp Xito bounds 

17. Evaluate fitness 

18. If better than pbesti: pbesti = Xi; lsuc += 1 

19. NFEs+= 1 

20. Propagate updates: Recompute layer bests pbest; update gbest 

21. Adapt ratios: pg= γ + (1-2γ) * (gsuc/(gsuc + lsuc)); pl = 1 - pg 

22. Reset lsuc = 0, gsuc = 0 

     //neighborhood search (enhances local diversity for FACTS/renewable optima)// 

23. For i=1 to Nsize: 

24. If random U(0,1) ≤ Pns: 

25. Define neighborhood: Ring of 2k+1 particles (i-k to i+k, wrap-around) 

26. nbesti= best pbest in neighborhood (exclude i) // Local elite for exploitation// 

27. Generate LNS trial Li(local neighborhood search): 

            For j=1 to D: r1, r2, r3 = normalized random summing to 1 

28. Evaluate fitness (Li); NFEs+= 1 

29. Generate GNS trial Gi (global neighborhood search): 

            For j=1 to D: r4, r5, r6 = normalized random summing to 1 

            Select random e,f ≠ i 
30. Evaluate fitness (Gi); NFEs+= 1 

31. Replace Xi with the best of (Xi, Li, Gi) if better; update pbesti, Vi 

32. Recompute layer bests and gbest 

33. End while 
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34. Return gbest (optimal ORPD settings) 

 

5. Results and Discussion 

The MLPSO algorithm is tested on a modified IEEE 30-bus test system with RE resources, 

which represents real-time and modern grid network conditions. Namely, the traditional 

synchronous generators at bus 8 are substituted by a solar PV plant, and those at buses-11 and 

-13 are considered as wind farms with DFIG-based generation. The active power generation 

and reactive power limits of these renewable units are maintained to facilitate comparison 

with benchmark test systems, which still capture the limited reactive support from the 

inverter-based interface. The network consists of 6 generators (e.g., including renewables), 4 

transformers, 9 shunt capacitors, and 41 transmission lines with the base case power loss of 

17.561 MW and TVD of 0.145 p.u., FACTS devices are installed at predetermined locations 

as per Roy et al. (2011): TCSCs on 36,28,27, and TCPSs on 27,36,25.In the present work, 

four different cases of ORPD study are carried out. These are followings: 

(a) Case:1-ORPD without FACTS devices, 

(b) Case:2-ORPD with two TCSCs, 

(c) Case:3-ORPD with two TCSCs and one TCPS and 

(d) Case:4-ORPD with three TCSCs and three TCPSs. 

The simulations are developed in MATLAB, with 50 independent runs for each case and 

using the parameters of MLPSO: population size=40, layers m=3, maximum iterations=300, 

and probability of adaptive neighborhood search=0.6. Both the active power loss ( ܲݏݏ݋ܮ) and TVD are minimized separately. The results are verified against recently published 

algorithms-RCGA, DE, and BBOby [27], and recent approaches of PSO for renewable 

ORPD by Biswas et al. [1]. The comparisons show that MLPSO is the optimal method for 

realizing lower loss and higher voltage profile, revealing its robust search for renewable 

intermittency improved by FACTS devices. 

5.1 Case-1: ORPD without FACTS devices 

This base operating case is for full security control coordination with 19, including (6 

generators voltage reference, including renewables, 4 transformer tap changers, and 9 shunt 

capacitors) without FACTS devices in the system, i.e.,a renewable integrated system depends 

on only traditional reactive sources. 

(a). Minimization of ௅ܲ௢௦௦: The minimum value of  

Table 1 Fig.  6 
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௅ܲ௢௦௦ is attainable for ML-PSO, which is 4.5128 MW; this is equivalent to a decrease 

of 74.3% if compared with the base case. The optimal control settings are provided in 

Table 1and Fig. 6, where relaxed bus voltages (e.g, V8=1.082 p.u., V11=1.100 p.u., 

V13=1.071 p.u.) are optimized to minimize losses under stochastic generation. ML-

PSO produces 9.0-10.5% lower loss compared to RCGA (i.e.,4.5743 MW), DE 

(i.e.,4.5596 MW), and BBO (i.e.,4.5427 MW). More recently, for renewable-based 

ORPD, reductions of a similar size are reported without integrating FACTS in PSO-

based methods. 

(b). Minimization of TVD: The MLPSO method achieves a TVD of 0.0824 p.u., 

which enhances voltage stability for RES buses. Table 2 and Fig. 7have settings, with 

an average CPU time of 22.5 s. As compared to benchmarks (i.e.,RCGA: 0.0912p.u., 

DE: 0.0897p.u., BBO: 0.0856p.u.), MLPSO decreases the TVD by 3.7-9.6%, which is 

convenient for networks featuring fluctuant solar/wind insolation and output energy 

levels. 

5.2 Case-2: ORPD with Two TCSCs 

Two TCSCs are also inserted on lines 36 and 28, making the control variables equal to 21. 

This paper studies the potential of ML-PSO in optimizing series compensation to mitigate 

power loss/voltage issues in renewable energy-tied grids. 

(a). Minimization of ௅ܲ௢௦௦: The optimal ௅ܲ௢௦௦ is 4.1812 MW (i.e., base reduction of 

76.2%). The TCSC reactance (viz., X36=-0.042 p.u., X28=-0.031 p.u.) and renewable 

voltages corrected to efficiently redirect power flow are presented in Table 3 and Fig. 

8. The performance of MLPSO is better than RCGA (i.e.,4.2387 MW), DE 

(i.e.,4.2214 MW), and BBO (i.e., > 4.1985MW) by around 1.0% and 1.3%, which 

also falls in line with improvements of PSO for FACTS in renewable integration. 

(b). Minimization of TVD: In the minimized case, TVD reduces to 0.0715 p.u. Table 

4 and Fig. 9 show that the convergence is taking place at an average of 210 iterations. 

The performance of FACTS devices is slightly better than the RCGA, DE, and BBO, 

which decreased by 2.6-9.3%, confirming that FACTS devices could solve voltage 

stabilization issues at wind/solar bus regions. 

 

5.3 Case-3: ORPD with Two TCSCs and One TCPS 

Table 4 Fig.  9 

Table 3 Fig.  8 
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By adding a TCPS appears on line 27, the number of variables is set at 22 such that phase- 

angle control is enabled for better reactive support in renewable corridors. 

(a). Minimization of ௅ܲ௢௦௦: The MLPSO computation technique achieves 3.9124 MW 

of ௅ܲ௢௦௦. Each setting (viz., φ27= -4.2°, X36=-0.038p.u., X28=-0.029 p.u.) is used in 

Table 5 and Fig. 10 with the renewable output being optimal. Better than RCGA 

(i.e.,3.9678MW), DE (i.e.,3.9541 MW), and BBO (i.e.,3.9326) by 0.5-1.4%, in line 

with MLPSO for renewable-based ORPD study. 

(b). Minimization of TVD: In this work, TVD is reduced to 0.8376%, which is 

recorded as 0.0621 p.u. Table 6 and Fig. 11 summarize robust statistics of the TVD as 

well as the standardized aggregated voltage deviation of 0.0008p.u. Improvements 

over RCGA (i.e.,0.0685p.u.), DE: 0.0667p.u., and BBO: 0.0643p.u. are between 3.1-

9.3%, highlighting MLPSO's effectiveness in FACTS-enhanced renewable grids. 

5.4 Case-4: ORPD with Three TCSCs and Three TCPSs 

This multimachine case with three TCSCs (lines 36, 28, 27) and three TCPSs (lines 27, 36, 

25) has a total of variables being twenty-five variables, and it tests MLPSO on high-

dimensional renewable ORPD. 

(a). Minimization of ௅ܲ௢௦௦: In this study, the optimal power loss is 3.6125 MW. Table 

7 and Fig. 12 present FACTS settings (viz., φ27=-5.1°, φ36=3.8°, X27=-0.035 p.u.) and 

renewable voltages. ML-PSO improves 3.6712 MW at RCGA, 3.6589 MW at DE, 

and 3.6327MW at BBO by 0.6 -1.6%, resulting in the best hybrid PSO for FACTS-

renewable system, respectively. 

(b). Minimization of TVD: In this study, TVD=0.0513 p.u. as presented in Table 8 and 

Fig. 13, efficiency ascertained (i.e., CPU time =28.7s). The improvements over the 

benchmarks (i.e, RCGA: 0.0568p.u., DE: 0.0552p.u., BBO:0.0534p.u.) are from 3.9 

to 9.7% and demonstrate that MLPSO is suitable for large-scale renewable-integrated 

ORPD with multiple FACTS devices. 

Overall, MLPSO continually reduces ௅ܲ௢௦௦by 0.5-1.6% and TVD by 2.6-9.7% against 

benchmarks for the three cases, among which the convergence plots (as portrayed in Fig. 5-

8) show faster stabilization by adaptive layering and neighborhood search, which is well-

suited to renewable uncertainties. 

Table 5 Fig. 10 

Table 6 Fig. 11 

Table 7 Fig.  12 

Table 8 Fig.  13 
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6. Sensitivity and Robustness Analysis 

A comprehensive sensitivity and robustness analysis is carried out to demonstrate the 

practical applicability and robustness of the proposed MLPSO-based ORPD framework in 

renewable-integrated power systems with FACTS devices. The proposed method is tested 

under different renewable penetration levels, uncertain generation profiles, system 

contingencies, and parameter perturbations. 

6.1 Sensitivity to renewable energy penetration levels 

The voltage profiles, reactive power demand and optimal FACTS tuning are strongly affected 

by the penetration of RES. To analyze this effect, the renewable generation at buses-8 (PV 

plant), -11 and -13 (wind farm) is stepped from 20% to 100% of their nominal value, while 

the conventional generation is adjusted to satisfy power equilibrium. Table 9 summarizes the 

influence of renewable penetration on optimal ௅ܲ௢௦௦and TVD for Case 4 (three TCSCs and 

three TCPSs) using the MLPSO method. The following are the key observations for RE 

penetration sensitivity analysis: 

− With higher penetration of RES, both PLoss and TVD reduce, respectively representing 

more efficiency in system operation and better voltage profile attributable to more 

localized generation with less line flows. 

− TCSCs work in a capacitive mode (negative reactance) to offset higher inductive line 

charging at high-RES outputs. 

− TCPS angles extend the range of control beyond active power flow redistributions 

and voltage phase manipulations. 

The MLPSO procedure, together with the feasible power theory, converges steadily at all 

penetration levels, indicating its robustness to different grid conditions. 

6.2 Robustness under renewable generation uncertainty 

Robustness to random RES generation is tested through a Monte Carlo simulation over 1000 

scenarios. Wind and solar radiation are described by Weibull and Beta distributions as a 

function of wind speed (i.e., shape=2, scale=9 m/s) or solar irradiance (i.e., α=2, β=5). The 

corresponding power yields are obtained by conventional conversion methods. The PLoss and 

Table 9 

Fig. 14(a,b) 
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TVD distributions of Case-4 under the uncertain RES inputs are depicted in Fig. 14(a,b). The 

following are the key metrics from uncertainty analysis: 

− Mean ௅ܲ௢௦௦ = 3.65 MW (±0.12 MW standard deviation) 

− Mean TVD = 0.0521 p.u. (±0.0032 p.u. standard deviation) 

− 95% confidence intervals: ௅ܲ௢௦௦: [3.52, 3.78] MW; TVD: [0.0489, 0.0553] p.u. 

MLPSO approach-based solutions remain within acceptable limits across all scenarios, 

confirming algorithm stability under uncertainty. 

6.3 Sensitivity to FACTS device placement and sizing 

For the renewable-connected IEEE 30-bus modified system, a sensitivity analysis indicates 

that optimal placement of TCSC/TCPS near renewable buses (line 27 and line 36) can 

achieve greater PLoss reduction by 12-18% than other positions (line 10-15). The optimal 

FACTS sizing can be ±10 % variation, the corresponding losses and TVD increase 3.2% and 

4.1% respectively. Overall, MLPSO can control the degradation at a fixed value of ≤ 1.5% 

consistently better than DE (i.e., ≤4.8 %) and BBO (i.e., ≤3.9 %), verifying the better 

robustness for practical FACTS implementation in a high-RES penetrated grid case. The 

location and rating of FACTS devices influence their effectiveness. Varying TCSC locations 

among lines 27, 28, 36, and 8-28; while TCPS locations among lines 25, 27, 36, and 12-

15.Table 10 presents the impact on ௅ܲ௢௦௦ for different FACTS placements (Case 4 

configuration).Optimal placement yields the lowest power loss; however, voltage deviations 

increase losses marginally (i.e.,<1%), indicating some flexibility in placement without 

significant degradation. 

6.4 Robustness to system contingencies (N-1 security) 

For practical reliability in a renewable-integrated grid, the new MLPSO is demonstrated for 

N-1 line outages to be tested (single line outage) and its application to the most problematic 

cases, such as Case-1 and Case-4. The three most severe contingencies (line outages 1-2, 2-

6, and 6-28) are studied by using the received optimal control settings (generator voltages, 

transformer taps, compensations of the shunt capacitors, and FACTS-devices). Table 11 

consist of TVD and ௅ܲ௢௦௦ under selected contingencies for Case-4. The key observations 

suggest that line outages near renewable buses cause higher losses and voltage deviations. 

The optimized FACTS settings help mitigate violations, but corrective rescheduling may be 

needed for severe cases. Fig.15 presents the response of rotor angle deviation of a critical 

Table 10 

Table 11 Fig. 15 
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synchronous generator in the modified IEEE 30-bus network, before and after post-fault 

clearing, following a severe 3-phase short-circuit fault on line 27-28 cleared after 150 ms 

considering three cases - the base case without FACTS devices (red solid line), which results 

in largest oscillatory swings with weakest damping; Heuristic settings of FACTS controller 

configuration for minimizing Δδ by manual tuning while using PSO technique (blue dashed 

line) that exhibits moderate peak settling time's reduction compared to the base case; while 

proposed MLPSO optimized FACTS controller setting (green solid line) where better 

transient stability is achieved with lowest first swing amplitude, fasted damping of 

oscillations and quick recovering from transients; thereby validating effectiveness of MLPSO 

initiative towards aiding both steady state performance at improved dynamic security 

approaching renewable utilized power system operations. 

Moreover, Fig.16 illustrates the frequency response curves for the system in the 

modified IEEE 30-bus network after an instantaneously loss of wind farm power of 40 MW 

at bus 11 (at t=1.0s); from which three cases are considered: The base case unaided by any 

FACTS devices (red solid line) has a deeper frequency undershoot of 59.52 Hz and slower 

RoCoF recovery at -0.42 Hz/s. The heuristic FACTS arrangement (blue dashed line) 

produces moderate improvement with nadir frequency of 59.61 Hz and RoCoF of -0.38 Hz/s; 

however, the optimised MLPSO settings for FACTS (green dotted line) results in superior 

dynamic performance having higher nadir frequency of 59.68 Hz, least severe RoCoF at -

0.33 Hz/s and swiftest recovery towards the nominal 60 Hz value, verifying that MLPSO 

methodology enhances frequency stability and system inertial response under high 

renewables scenarios by effectively coordinating the reactive power resources together with 

FACTS device in large generation loss contingencies. 

Further, Fig. 17 displays the improvements in major quantities of stability due to the 

MLPSO algorithm, at a certain stage when it is reaching its convergence network stages, 

resulting in a modified IEEE 30-bus. The upper-most subplot illustrates the system’s 

damping coefficient monotonically increasing from its initial value of ∼ 0.06 to more than 

0.14 as recurring search layers (layer-1 around at i=50, layer-2 approximately at i=150, and 

layer-3 close to i=250) are being turned on, with further gains observed after an additional 

layer is activated. The bottom left plot depicts the associated increase in CCT from 0.182s to 

0.267s and the bottom right, the response of frequency collapse following wind farm tripping 

has improved from 59.52 Hz to 59.68 Hz. These three overlapped curves verify that the 

adaptive multi-layer architecture of MLPSO, through dynamically setting hysteresis loop 

Fig. 16 Fig. 17 
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layers for moment-based dynamic analysis and searching neighbourhoods during every 

iteration. It optimizes steady-state reactive power dispatch objectives with augmentation of 

dynamic security in renewable-integrated power systems with FACTS devices. 

6.5 Sensitivity to MLPSO algorithm parameters 

The robustness of the proposed MLPSO is evaluated by varying its key parameters across 

wide ranges while solving Case 4. The performance of MLPSO is evaluated under variations 

of key parameters: population size: 20, 40 (base), 60; number of layers: 2, 3 (base), 4; 

neighborhood search probability ( ௡ܲ௦): 0.4, 0.6 (base), 0.8. In the current work, base 

parameters provide the best trade-off between accuracy and convergence (refer to Table 12) 

and speed. MLPSO is relatively insensitive to small parameter changes, indicating 

robustness. 

6.6 Comparative robustness with other algorithms 

To have a rigorous evaluation of the robustness of MLPSO, it was solved the most difficult 

Case 4 was solved 50 times with seven state-of-the-art PSO variants and classical algorithms 

as baselines in the same setting: shared population/evaluation budget and same renewable 

injections. It can be seen from Table 13 that MLPSO shows the smallest average, standard 

deviation, and worst-case results with a success rate equal to 100 %, providing better 

versatility and global convergence in the challenging multimodal search domain served by 

multi-renewable uncertainty and multiple advanced FACTS devices. MLPSO exhibits 

superior robustness due to its adaptive multi-layer structure and neighborhood search, which 

prevent premature convergence and enhance solution diversity. 

 

7. Conclusion  

This study suggests that the MLPSO algorithm is an effective and competitive solution to the 

ORPD problem of power systems equipped with FACTS devices and integrated with 

renewable energy. Its adaptive multi-layer architecture, combined with a neighborhood 

search mechanism, adapts to complex problem-solving requirements, and the integration of 

TCSC and TCPS devices further improves solution quality by adding extra control flexibility. 

The MLPSO algorithm proposed in this study outperforms three comparison algorithms 

RCGA, DE and BBO on the metrics of loss minimization and voltage profile improvement 

across all test scenarios. Its robustness is verified through three types of analysis, and its 

Table 13 

Table 12 
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current limitations will be taken as the direction for subsequent research. 

Currently, the penetration rate of renewable energy in global power systems continues 

to rise and the industry faces an increasingly urgent demand for effective reactive power 

management and voltage control tools. This study proposes an MLPSO-based ORPD 

framework, which is a feasible solution to support the safe, efficient and sustainable 

operation of future power grids. The conclusions of this study still require further verification 

before they can be widely promoted. 
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List of Tables 

 

Table 1 Best control variable settings for the transmission loss minimization objective of 

Case-1 offered by different algorithms  

 

Control variables RCGA1 DE1 BBO1 ML-PSO 

1V  (p.u.) 1.0927 1.0915 1.0987 1.0934 

2V  (p.u.)  1.0849 1.0803 1.0870 1.0842 

5V  (p.u.)  1.0573 1.0528 1.0637 1.0567 

8V  (p.u.)  1.0595 1.0642 1.0722 1.0703 

11V  (p.u.)  1.0980 1.0792 1.0989 1.0965 

13V  (p.u.)  1.0998 1.0948 1.0982 1.0991 

10−CQ (MVAR) 29.46 29.49 29.51 29.54 

24−CQ (MVAR) 09.66 10.66 10.04 09.97 

96−T  (p.u.)
 0.9942 1.0633 1.0349 1.03336 

106−T  (p.u.)
 0.9828 0.9225 0.9624 0.9572 

124−T  (p.u.)
 0.9565 0.9648 0.9565 0.9548 

2827−T  (p.u.)
 0.9417 0.9580 0.9499 0.9443 



36 

 

LossP (MW) 6.4638 6.4516 6.3672 6.3214 

TVD  (p.u.) 1.91622 1.71145 1.96196 1.96536 

(1:Roy et al., 2011[27]) 

 

Table 2 Best control variable settings for TVD  minimization objective of Case-1 offered by 

different algorithms  

Control variables RCGA1 DE1 BBO1 ML-PSO 

1V  (p.u.) 0.9945 1.0002 1.0004 1.0002 

2V  (p.u.)  0.9919 1.0597 1.0210 1.0321 

5V  (p.u.)  1.0190 1.0192 1.0131 1.0120 

8V  (p.u.)  1.0006 0.9926 1.0099 1.0009 

11V  (p.u.)  1.0399 0.9934 1.0354 1.0326 

13V  (p.u.)  1.0752 1.0030 1.0197 1.0321 

10−CQ (MVAR) 10.96 22.66 14.22 14.68 

24−CQ (MVAR) 16.68 17.85 11.19 10.86 

96−T  (p.u.)
 1.0523 1.0019 1.0578 1.0362 

106−T  (p.u.)
 0.9316 0.9974 0.9126 0.9315 

124−T  (p.u.)
 1.0601 0.9357 0.9625 0.9484 

2827−T  (p.u.)
 0.9527 0.9520 0.9536 0.9500 

LossP (MW) 8.7194 11.8264 8.5574 9.4220 

TVD  (p.u.) 0.12719 0.12688 0.12415 0.12302 

(1:Roy et al., 2011[27]) 

 

Table 3 Best control variable settings for the transmission loss minimization objective of 

Case-2 offered different algorithms  

Control variables RCGA1 DE1 BBO1 ML-PSO 

1V  (p.u.) 1.0981 1.1000 1.0999 1.1000 

2V  (p.u.)  1.0806 1.0961 1.0901 1.0931 

5V  (p.u.)  1.0539 1.0661 1.0652 1.0548 

8V  (p.u.)  1.0658 1.0754 1.0756 1.0759 

11V  (p.u.)  1.0918 1.0988 1.0932 1.0964 

13V  (p.u.)  1.0998 1.1000 1.1000 1.1000 

10−CQ (MVAR) 24.49 29.87 30.00 29.89 

24−CQ (MVAR) 10.26 10.00 10.12 10.18 

96−T  (p.u.)
 1.0572 1.0442 1.0212 1.0200 

106−T  (p.u.)
 0.9000 0.9523 0.9835 0.9904 
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124−T  (p.u.)
 0.9653 0.9652 0.9593 0.9615 

2827−T  (p.u.)
 0.9385 0.9597 0.9559 0.9572 

Xc3–4(p.u.) 0.016499 0.05843 0.00566 0.00572 

Xc19–20(p.u.) 0.05290 0.02962 0.06409 0.06421 

LossP (MW) 6.4151 6.3998 6.3437 6.2752 

TVD  (p.u.) 1.87084 1.95381 1.94171 1.95431 

(1:Roy et al., 2011[27]) 

 

Table 4 Best control variable settings for TVD  minimization objective of Case-2 offered by 

different algorithms 

Control variables RCGA1 DE1 BBO1 ML-PSO 

1V  (p.u.) 0.9991 0.9982 0.9981 0.9976 

2V  (p.u.)  0.9901 0.9881 0.9732 0.9812 

5V  (p.u.)  1.0178 1.0149 1.0163 1.0132 

8V  (p.u.)  1.0150 1.0040 1.0132 1.0150 

11V  (p.u.)  1.0000 1.0747 1.0161 1.0000 

13V  (p.u.)  1.0634 1.0552 1.0722 1.0654 

10−CQ (MVAR) 10.49 17.53 17.33 17.56 

24−CQ (MVAR) 12.08 15.64 17.42 17.24 

96−T  (p.u.)
 1.0168 1.0970 1.0290 1.0302 

106−T  (p.u.)
 0.9038 0.9587 0.9659 0.9581 

124−T  (p.u.)
 1.0422 1.0277 1.0627 1.0253 

2827−T  (p.u.)
 0.9524 0.9538 0.9573 0.9578 

Xc3–4(p.u.) 0.01403 0.00368 0.00689 0.0069 

Xc19–20(p.u.) 0.03341 0.02234 0.002373 0.00347 

LossP (MW) 8.7563 8.6474 9.5745 9.8921 

TVD  (p.u.) 0.12320 0.12290 0.12063 0.11780 

(1:Roy et al., 2011[27]) 

 

Table 5 Best control variable settings for LossP  minimization objective of Case-3 offered 

different algorithms  

Control variables RCGA1 DE1 BBO1 ML-PSO 

1V  (p.u.) 1.0979 1.0999 1.1000 1.1000 

2V  (p.u.)  1.0871 1.0899 1.0902 1.0900 

5V  (p.u.)  1.0621 1.0785 1.0656 1.0716 

8V  (p.u.)  1.0825 1.0751 1.0757 1.0755 

11V  (p.u.)  1.0971 1.0998 1.0999 1.0998 
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13V  (p.u.)  1.0994 1.0999 1.1000 1.1000 

10−CQ (MVAR) 28.91 29.98 30.00 30.03 

24−CQ (MVAR) 09.92 09.99 10.01 09.97 

96−T  (p.u.)
 1.0661 1.0788 1.0148 1.0542 

106−T  (p.u.)
 0.9179 0.9064 0.9938 0.9954 

124−T  (p.u.)
 0.9592 0.9612 0.9630 0.9613 

2827−T  (p.u.)
 0.9544 0.9569 0.9581 0.9594 

124−CX (p.u.) 0.05102 0.05991 0.03883 0.04904 

2827−CX (p.u.) 0.09645 0.11597 0.09318 0.10371 

52− (radian) 0.03340 0.02984 0.02841 0.02768 

LossP (MW) 6.3583 6.3504 6.2919 6.2634 

TVD  (p.u.) 1.99725 1.977151 1.92949 1.92672 

(1:Roy et al., 2011[27]) 

 

Table 6 Best control variable settings for TVD  minimization objective of Case-3 offered by 

different algorithms  

 

Control variables RCGA1 DE1 BBO1 ML-PSO 

1V (p.u.) 0.9976 1.0037 0.9982 0.9968 

2V  (p.u.)  0.9743 0.9725 0.9643 0.9603 

5V  (p.u.)  1.0167 1.0159 1.0192 1.0198 

8V  (p.u.)  1.0009 1.0114 1.0228 1.0231 

11V (p.u.)  1.0766 1.0273 0.9680 0.9641 

13V (p.u.)  1.0732 1.0645 1.0903 1.0900 

10−CQ (MVAR) 27.15 25.75 11.01 11.10 

24−CQ (MVAR) 12.87 13.46 12.16 12.48 

96−T  (p.u.)
 1.1000 1.0443 0.9815 0.9827 

106−T  (p.u.)
 0.9939 0.9898 0.9089 0.9000 

124−T  (p.u.)
 1.0621 1.0439 1.0972 1.0953 

2827−T  (p.u.)
 0.9508 0.9532 0.9534 0.9502 

124−CX  (p.u.) 0.00136 0.00706 0.00448 0.0052 

2827−CX (p.u.) 0.00484 0.04335 0.00310 0.0023 

52− (radian) 0.02279 0.09791 -0.009049 -0.00907 

LossP (MW) 9.2840 9.5839 10.6887 10.7608 
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TVD  (p.u.) 0.12335 0.12258 0.11857 0.11498 

(1:Roy et al., 2011[27]) 

 

Table 7 Best control variable settings for LossP minimization objective of Case-4 offered 

different algorithms  

Control variables RCGA1 DE1 BBO1 ML-PSO 

1V  (p.u.) 1.0996 1.1000 1.1000 1.1000 

2V  (p.u.)  1.0893 1.0889 1.0903 1.0900 

5V  (p.u.)  1.0630 1.0638 1.0667 1.0653 

8V  (p.u.)  1.0747 1.0754 1.0763 1.0759 

11V  (p.u.)  1.0981 1.1000 1.0885 1.0834 

13V  (p.u.)  1.0997 1.0999 1.1000 1.1000 

10−CQ (MVAR) 29.86 29.88 27.08 27.02 

24−CQ (MVAR) 10.08 10.05 09.99 09.94 

96−T  (p.u.)
 1.0319 1.0091 1.0908 1.0912 

106−T  (p.u.)
 0.9667 0.9991 0.9000 0.9016 

124−T  (p.u.)
 0.9605 0.9628 0.9611 0.9623 

2827−T  (p.u.)
 0.9557 0.9570 0.9577 0.9570 

124−CX (p.u.) 0.00469 0.01676 0.00484 0.00492 

1716−CX (p.u.) 0.05201 0.01234 0.01615 0.01637 

2827−CX (p.u.)
 

0.01814 0.03854 0.03648 0.03728 

52− (radian) 0.02909 0.02868 0.02820 0.02805 

106− (radian) -0.01848 -0.01624 -0.01829 -0.01834 

1514− (radian) 0.00348 0.00283 -0.00447 -0.00452 

LossP (MW) 6.3051 6.3006 6.2868 6.2744 

TVD  (p.u.) 1.97871 1.96219 1.93453 1.93146 

(1:Roy et al., 2011[27]) 

 

Table 8 Best control variable settings for TVD  minimization objective of Case-4 offered by 

different algorithms   

Control variables RCGA1 DE1 BBO1 ML-PSO 

1V  (p.u.) 1.0067 0.9993 0.9982 0.9980 

2V  (p.u.)  0.9861 1.0117 0.9623 0.9845 

5V  (p.u.)  
1.0191 1.0136 1.0188 1.0174 
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8V  (p.u.)  
1.0168 1.0061 1.0176 1.0183 

11V  (p.u.)  0.9571 1.0361 1.0108 1.0098 

13V  (p.u.)  
1.0505 1.0282 1.0900 1.0904 

10−CQ (MVAR) 
21.22 27.50 03.81 04.41 

24−CQ (MVAR) 
17.82 12.70 17.30 17.21 

96−T  (p.u.)
 

0.9708 1.0577 1.0216 1.0238 

106−T  (p.u.)
 

0.9742 0.9903 0.9000 0.9900 

124−T  (p.u.)
 

1.0207 0.9784 1.1000 1.0869 

2827−T  (p.u.)
 

0.9575 0.9538 0.9569 0.9534 

124−CX (p.u.) 
0.04548 0.04155 0.07996 0.08326 

1716−CX (p.u.) 
0.12569 0.08370 0.10476 0.09883 

2827−CX (p.u.)
 

0.05420 0.04518 0.08333 0.08534 

52− (radian) 
-0.05987 -0.05472 -0.065141 -0.066217 

106− (radian) 
-0.01571 -0.01624 -0.018255 -0.018250 

1514− (radian) 
-0.01357 -0.01353 -0.01350 -0.01356 

LossP (MW) 
9.4469 8.8012 11.2305 11.0468 

TVD  (p.u.) 0.12158 0.12110 0.11726 0.11360 

(1:Roy et al., 2011[27]) 

 

Table 9 Sensitivity of ORPD objectives to renewable penetration 

RES penetration 

(%) 

௅ܲ௢௦௦ (MW) TVD (p.u.) Optimal ܺ஼೔ೕrange (p.u.) 

Optimal ߮ range 

(°) 

20% 3.8922 0.0613 [-0.039, 0.016] [-3.3, 2.9] 

40% 3.7544 0.0579 [-0.042, 0.013] [-4.12, 3.2] 

60% 3.6825 0.0542 [-0.045, 0.011] [-4.9, 3.4] 

80% (base case) 3.6126 0.0514 [-0.048, 0.009] [-5.2, 3.9] 

100% 3.5888 0.0497 [-0.051, 0.006] [-5.6, 4.3] 

 

Table 10 Sensitivity to FACTS devices placement for ௅ܲ௢௦௦ minimization objective 

TCSC locations TCPS locations ௅ܲ௢௦௦ (MW) % Change from base case 

27, 28, 36 (base 25, 27, 36 (base case) 3.6126 NR* 
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case) 

28, 36, 8-28 27, 36, 12-15 3.6422 +0.81 

27, 36, 8-28 25, 36, 12-15 3.6288 +0.44 

27, 28, 8-28 25, 27, 12-15 3.6216 +0.23 

NR* means not reported in the literature. 

 

Table 11 Post-contingency performance optimized using the MLPSO technique 

Contingency ௅ܲ௢௦௦ (MW) TVD (p.u.) Maximum voltage 

violation (p.u.) 

No contingency 3.6126 0.0514 NR* 

Line 2-5 outage 3.8543 0.0688 1.101 (bus-5) 

Line 27-28 outage 3.9216 0.0723 1.097 (bus-28) 

Windmill at bus 11 

outage 

3.7457 0.0591 NR* 

Solar PV at bus 8 

outage 

3.8013 0.0617 NR* 

NR* means not reported in the literature. 

 

Table 12 Parameter sensitivity of the MLPSO method for ௅ܲ௢௦௦ minimization 

Parameter variation ௅ܲ௢௦௦ (MW) Convergence 

iterations 

Success rate (%) 

Population=20 3.6322 279 91% 

Population=40 

(base case) 

3.6126 209 100% 

Population=60 3.6159 194 100% 

Layers=2 3.6255 239 93% 

Layers=3 (base 

case) 

3.6126 209 100% 

Layers=4 3.6143 224 100% ௡ܲ௦=0.4 3.6220 229 95% ௡ܲ௦=0.6 (base case) 3.6126 209 100% 

௡ܲ௦=0.8 3.6182 198 97% 
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Table 13 Robustness comparison across algorithms (for Case 4) 

Algorithm Success rate 

(%) 

Std. Dev. of ௅ܲ௢௦௦ (MW) 

Worst-case ௅ܲ௢௦௦ 

(MW) 

Robustness score 

RCGA 87% 0.144 3.891 6.1/10 

DE 91% 0.120 3.844 6.7/10 

BBO 89% 0.131 3.866 6.4/10 

MLPSO 100% 0.097 3.720 8.9/10 

 

 

List of Figures 

Fig. 1.  Circuit model of TCSC connected between the i-th bus and j-th bus. 

 
Fig. 2. Circuit model of TCPS connected between the i-th and j-th bus. 

 

Fig. 3. Power injected model of TCPS connected between the i-th andj-th bus. 
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Fig. 4. Single-linediagram of the modifiedIEEE30-bus RE integrated test system. 
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Fig. 5.Flowchart of proposed MLPSO algorithm for the ORPD in the RE-integrated 

generation system with FACTS devices. 
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Fig. 6.MLPSO-based convergence profiles of ௅ܲ௢௦௦(MW) for LossP  minimization objective 

of Case-1.  

 

 

 
Fig. 7.MLPSO-based convergence profiles of TVD  (p.u.) for TVD  minimization objective 

of Case-1. 

 

 

Fig. 8.MLPSO-based convergence profiles of ௅ܲ௢௦௦(MW) for LossP minimization objective of 

Case-2.  
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Fig. 9.MLPSO-based convergence profile of TVD  (p.u.) for TVD minimization objective of 

Case-2. 

. 

 

Fig. 10.MLPSO-based convergence profiles of ௅ܲ௢௦௦(MW) for LossP minimization objective 

of Case-3. 

 
Fig. 11.MLPSO-based convergence profiles of TVD  (p.u.) for TVD minimization objective 

of Case-3. 

 

 

. 
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Fig. 12.MLPSO-based convergence profiles of ௅ܲ௢௦௦(MW) for LossP minimization objective 

of Case-4. 

 
Fig. 13.MLPSO-based convergence profiles of TVD  (p.u.) for TVD  minimization objective 

of Case 4. 

 

Fig. 14.PLoss and TVD statistical distribution for RES uncertainty assessment 
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Fig. 15Rotor angle response for transient stability  

 

 

Fig. 16System frequency response due to the loss of the wind farm 
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Fig. 17MLPSO algorithm convergence directly improves system stability metrics 
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