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Abstract 

To address voltage fluctuations, low renewable energy permeability, and high power loss 
in low-voltage distribution networks (LVDNs) integrated with photovoltaic (PV) and en-
ergy storage systems (ESSs), a Chaotic Particle Swarm Optimization (PSO)-based hierar-
chical optimal operation method is proposed. Firstly, the mathematical model for grid-
forming control (GFM)-based PV and ESSs in LVDNs is developed. Then, the multi-ob-
jective optimization problem is formulated to: (1) minimize voltage deviation, (2) maxim-
ize PV generation power, and (3) minimize power losses. Next, the objectives are ranked 
based on priority, and the multi-objective optimization problem is split into several single-
objective sub-problems, each solved with the chaotic PSO algorithm. Several test studies 
confirm that the proposed strategy achieves faster convergence (68 iterations vs. 142, re-
ducing total computation time by 36.9%), along with a marginal accuracy improvement 
over standard PSO. Finally, both simulation and hardware-in-the-loop (HIL) experi-
mental results demonstrate the effectiveness and reliability of the proposed operation 
scheme in LVDNs. 
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1. Introduction 
The construction of a renewable energy source (RES)-dominated power system is 

essential for fulfilling climate commitments and accelerating the green energy transition. 
[1,2]. Nevertheless, the high penetration of intermittent RESs, along with the proliferation 
of power electronic devices, poses new challenges to loads, active distribution networks 
(DNs), and the power system as a whole [3]. For example, the integration of numerous 
photovoltaic (PV) panels via grid-following (GFL) control-based converters can cause a 
voltage rise at the point of common coupling (PCC) and output power limitation in severe 
cases [4]. In response, the integration of inductive power–electronic loads results in a low 
power factor and harmonics at the PCC, thereby affecting system efficiency [5]. Due to the 
ability to support voltage and frequency, grid-forming control (GFM)-based converters 
have been increasingly applied in both the main grid and DNs [6,7]. Owing to the stable 
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voltage-source characteristics, GFM-based converters offer better adaptability in low-volt-
age DNs (LVDNs) than GFL-based converters and present a novel perspective for tackling 
complex power quality (PQ) and RES utilization issues. 

Existing research on GFM-based converters has primarily focused on control strate-
gies. Due to the ability to provide inertia, damping, and frequency–voltage characteristics 
by simulating synchronous generators [8,9], droop control and virtual synchronous gen-
erator (VSG) control have been widely used. In recent years, nonlinear GFM schemes (in-
cluding matching control and virtual oscillator control) have emerged as alternative ap-
proaches [10,11]. However, these GFM methods primarily focus on providing frequency 
and voltage support for the main grid. Consequently, the aforementioned GFM schemes 
neglect comprehensive PQ management in LVDNs, leading to fragmented research that 
targets individual issues rather than holistic optimization. 

To address specific PQ problems in LVDNs, many GFM-based strategies have been 
proposed. In [12], an adaptive dynamic voltage support scheme for multiple GFM-based 
converters is proposed, which enables distributed, communication-free coordination 
through local parameter estimation to maximize voltage support efficiency. To mitigate 
harmonic distortion in weak grids, Tarraso et al. [13] proposed a selective harmonic com-
pensation scheme for GFM-based converters, which uses virtual admittance branches to 
suppress specific harmonics and naturally shares the mitigation effort among parallel con-
verters, effectively reducing THD at the PCC. Reactive power sharing among multiple 
GFM-based converters is another critical concern, since mismatches in line impedance or 
converter parameters may result in uneven power distribution and circulating currents. 
To address this issue, a feed-forward droop control with line impedance compensation is 
proposed in [14], which tracks line impedance online and compensates voltage drops in 
the dq frame. This approach effectively eliminates the adverse effects of impedance mis-
matches, achieving precise reactive power sharing and circulating current suppression 
without prior knowledge of line parameters. Beyond reactive power sharing, the adaptive 
droop control in [15] further addresses the trade-off between sharing accuracy and system 
damping by adjusting the reactive droop coefficient in real time, while remaining appli-
cable to grids with unknown R/X ratios. However, most of the above studies adopt con-
trol-level strategies, which are insufficient for complex PQ issues. 

In essence, this complex PQ and RES utilization issue constitutes a multi-objective 
optimization operation problem, which has been explored by some researchers from this 
perspective. In [16], a hybrid HGPC (combining Grey Wolf Optimization (GWO), Particle 
Swarm Optimization (PSO), and Cuckoo Search Optimization (CO))-based multi-objec-
tive approach is proposed for joint EV charging station and capacitor placement, balanc-
ing traffic flow capture, power loss, and voltage deviation in a DN. In [17], Nazih et al. 
employed a multi-objective whale optimization algorithm (WOA) to maximize distrib-
uted generator (DG) hosting capacity while reducing loss and voltage unbalance in un-
balanced DNs. In [18], the Non-Dominated Sorting Genetic Algorithm II (NSGA-II) is 
adopted for multi-objective coordination of ESSs in DC DNs, effectively minimizing op-
erational costs and energy losses. However, the Pareto-front nature of multi-objective op-
timization requires preference-based decision-making, which imposes a heavy computa-
tional burden and impedes real-time control for GFM-based converters. 

To address voltage fluctuations, low RES permeability, and high power loss in 
LVDNs integrated with PV and ESSs, an improved PSO-based operation strategy is pre-
sented. The proposed strategy uses a priority-based hierarchical framework to convert the 
multi-objective problem into sequential single-objective ones for real-time implementa-
tion. Recently, various single-objective optimization algorithms have been developed for 
power system operational issues. For instance, Shaheen et al. [19,20] proposed a catch fish 
optimization algorithm (CFOA) and a circle search algorithm (CSA) for optimal power 
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flow incorporating RES uncertainties. Meanwhile, Dimara et al. [21] introduced an evolu-
tionary-based optimization approach for real-time PV error handling. In contrast, this 
study employs a Lorenz-based chaotic PSO (C-PSO) [22] that dynamically adjusts accel-
eration coefficients to balance exploration and exploitation, achieving faster convergence 
and higher accuracy than conventional PSO. A comprehensive comparison of different 
algorithms is summarized in Table 1. 

Table 1. Comparison of optimization algorithms. 

Algorithm Type Key Mechanism 
Pareto-Front 

Handling 
Computational 

Cost 
HGPC [16] Multi-objective Hybrid GWO-PSO-CS; dominance ranking Yes High 
WOA [17] Multi-objective Spiral hunting; dominance ranking Yes High 

NSGA-II [18] Multi-objective Non-dominated sorting; crowding distance Yes High 
CFOA [19] Single-objective Fish schooling; hunting behavior No Moderate 
CSA [20] Single-objective Circle-based geometric search No Moderate 
GA [21] Single-objective Selection, crossover, mutation No Moderate 

Proposed C-
PSO 

Single-objective 
(hierarchical) Lorenz chaos + dynamic tuning No Moderate–low 

The main contributions of this study are as follows: 
(1) An optimal operation strategy is proposed for LVDNs integrated with GFM-based 

PV and ESSs, which coordinates PV and ESSs to reduce voltage deviation, maximize the 
power generation of the PV, and minimize losses. 

(2) A hierarchical optimization idea-based multi-objective optimization algorithm is 
proposed, which splits the multi-objective problem into a sequence of single problems 
and facilitates real-time control applications. The order of priority is: (1) to minimize volt-
age deviation, (2) to maximize PV output power, and (3) to minimize power loss. 

(3) An improved PSO algorithm is proposed for solving single-objective optimization 
problems. The proposed algorithm employs chaotic sequences generated from the Lorenz 
attractor rather than random numbers, enabling better initial value selection and faster 
solution speed. 

2. Description and Models for GFM-Based PV and ESSs in LVDNs 
2.1. System Description of LVDNs Integrated with GFM-Based PV and ESSs 

Figure 1 shows the topology of a LVDN integrated with GFM-based PV and ESSs. 
The utility power grid supplies power to the LVDN through transmission lines and trans-
formers. The PV panels and ESS are connected to a DC bus and linked to the utility power 
grid through a GFM-based converter. In addition, the GFM-based converter could also 
provide reactive power Qsl to compensate the load reactive power demand, in order to 
maintain high-power-factor operation of the grid. The AC load is connected to the AC 
bus. 

Based on the active power flow of the PV and ESS, the operation conditions can be 
divided into the following categories: 

(a) The PV and ESS are disconnected, with Ppv = Pba = 0 kW. The power grid supplies 
the load, and the converter provides reactive power compensation for the load. 

(b) The ESS is disconnected, with Pba = 0 kW. The power grid and PV panels supply 
the load, and the converter provides reactive power compensation for the load. 

(c) The ESS is disconnected, with Pba = 0 kW. The PV panels supply power to both the 
power grid and the load, while the converter provides reactive power for the load. 

(d) The PV, ESS, and the power grid jointly supply the load, and the converter pro-
vides reactive power compensation for the load. 
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(e) The PV and ESS supply power for the power grid and load, and the converter 
provides reactive power compensation for the load. 

(f) The power grid is disconnected: the PV and ESS jointly supply the load, and the 
converter provides reactive power compensation for the load. 

PV

ESS

sli +l lP jQ

gv gZ sgi pv li

 

Figure 1. Topology of an LVDN integrated with GFM-based PV and ESS. 

The power flow under different conditions is presented in Figure 2. As illustrated, 
the integration of an ESS allows the PV panels to deliver surplus power to the power grid 
or store it in batteries for later deployment, thereby supporting peak shaving and valley 
filling while improving RES accommodation. Additionally, the coordinated operation be-
tween the ESS and GFM-based converters contributes to voltage quality enhancement and 
reactive power compensation. 
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Figure 2. Power flow of the GFM-based PV and ESS. 

2.2. Mathematical Model for GFM-Based PV and ESSs 

Based on Figure 1, the load voltage can be described as: 

     −   
= −       

              

pd gd g g sgd

pq gq g g sgq

v v R ωL i
v v ωL R i

 (1) 

The output currents of the GFM converter are expressed as: 

    
= −     

          

sgdsld ld

slq lq sgq

ii i
i i i

 (2) 

The complex power demand at the load terminal is: 
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( ) ( )= ⋅ = + ⋅ + = +ˆ1.5 1.5l p l pd pq ld lq l lS v jv i ji P jQv i  (3) 

The load active and reactive power could be further described as: 

    
=      −       

1.5 pd pq ldl

lql pq pd

v v iP
iQ v v

 (4) 

From Equations (1)–(3), the output complex power of the converter is derived as: 

= ⋅ =1.5 p sl pv ba sl
ˆ P +P + jQslS v i  (5) 

Based on Equation (5), the output apparent power of the converter can be written as: 

( )=
2 2

pv ba slP + P +QslS  (6) 

The power supplied by the grid is expressed as: 

= ⋅1 5g g sg g g
ˆ. = P + jQS v i  (7) 

Equation (7) can be further written as: 

     
     

−          
1.5g gd gq sgd

g gq gd sgq

P v v i
=

Q v v i
 (8) 

According to the power balance theory, the complex power delivered by the grid is 
further expressed as: 

( )( )= − 1.5 2 2
g l sl sgd sgq g g+ i + i R + jXS S S  (9) 

Since the phase-locked loop (PLL) tracks the phase angle of the grid voltage, 
= *

gd gv kV  and = 0gv q . Combing (8) and (9), Equation (9) can be rewritten as: 

 = +


= − +





1 5 1 5

1 5 1 5

*
g g sgd g

*
g g sg q g

P . kV i = P . MR

Q . kV i = Q . MX
 (10) 

where 

Δ − −
Δ −
 +

2 2

l pv ba

l sl

sgd sgq

P = P P P
Q = Q Q

M = i i

  

By squaring the two equations of Equation (10) individually and summing them, the 
following quadratic equation is obtained: 

( ) + Ω − + Δ + Δ  

222 25 3 2 25 0
2 *

g g. Z M . kV M P Q =  (11) 

where = +2 22

g g gZ R X
 
and Ω= + g gPR QX . 

Solving Equation (11), the following expression can be obtained: 

( ) ( ) ( )
     − Ω − − Ω − Δ Δ         

22 2 2 22 21.5 2 1.5 2 4 3* *
g g g gM = kV kV P + Q Z Z  (12) 

Substituting Equation (12) into Equation (10), the grid current can be obtained as: 
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( ) ( )
( ) ( )

 Δ


− Δ

1.5 1.5

1.5 1.5

*
sgd g g

*
sgq g g

i = P+ R M kV

i = Q + X M kV
 (13) 

Moreover, by substituting Equation (13) into Equation (1) and performing algebraic 
manipulation, the magnitude of the PCC voltage can be calculated as: 

( ) ( ) ( ) + = − + + +  
2 22 2 4 1 5 1 5 3*

p pd pq g g g g g gV = v v kV + Z M R P . MR X Q . MX /  (14) 

Similarly, the system power loss is formulated as: 

( )= =21.5 1.5 1.52 2
loss sg g sgd sgq g gP = I R i + i R R M  (15) 

2.3. Optimization Problem and Constraints 

To improve the PQ and operational efficiency in LVDNs, the following three optimi-
zation objectives are primarily considered: (1) to minimize the voltage magnitude devia-
tion; (2) to maximize the power generation of the PV; (3) to minimize the system power 
loss. 

Therefore, the optimization objectives and constraints for the LVDNs integrated with 
the GFM-based PV and ESS can be described as follows: 

( )
( )

 −


−




2

1

2

2

2
3

*
p g

pv pv,max

Loss

f = V V

Min      f = P P

 f = P

 (16) 

 ≤


≤ ≤
 ≤ ≤
 ≤ ≤
 ≤ ≤

0

0.90 1.07
0

*
sl sl

pv pv,max

- +
ba,max ba ba,max

* *
g p g

sl sl,max

S S

P P

s.t .      P P P

 V V V
I I

 (17) 

where (16) represents the optimization objective function, and (17) denotes the con-
straints, including converter capacity, output power of the PV and ESS, PCC voltage mag-
nitude, converter output current, etc. 

3. Simplified Multi-Objective Optimization Problem 
The optimization problem described in (16) and (17) is inherently multi-objective in 

nature, meaning that its solution comprises a Pareto front rather than a unique optimum. 
Consequently, a preference-based selection step is required before the final decision can 
be implemented, and this step imposes a considerable additional computational cost. 
Thus, the multi-objective optimization problem in (16) and (17) is not easy to solve in real 
time. 

To facilitate real-time implementation, this study proposes a hierarchical multi-ob-
jective optimization scheme that converts the original multi-objective problem in (16) and 
(17) into sequential single-objective ones according to the priority of each objective. The 
prioritization is established as follows: (1) the highest priority is given to minimizing volt-
age deviation, as secure and reliable voltage supply is the foremost guarantee for end-
users; (2) the second priority is assigned to maximizing PV power generation, so that users 
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can reap maximum economic benefits once voltage security is ensured; (3) the lowest pri-
ority is given to minimizing system power losses, as they are directly linked to operational 
costs. This hierarchical approach does not pursue global Pareto optimality but rather an 
engineering-feasible compromised optimum, where higher-priority objectives are strictly 
satisfied at the possible expense of lower-priority ones. This trade-off is intentional and 
justified by practical system requirements, where voltage security overrides economic 
considerations. 

3.1. Operating Condition A 

Under this condition, the first two optimization objectives could be accurately 

achieved, i.e., VP∈[0.9
*
gV , 1.07

*
gV ] and Ppv = Ppv,max. Therefore, the optimization problem in 

(16) and (17) can be further written as: 

2
3 LossMin      f = P  (18) 

 ≤


=
 ≤ ≤
 ≤ ≤
 ≤ ≤

0.90 1.07
0

*
sl sl

pv pv,max

- +
ba,max ba ba,max

* *
g p g

sl sl,max

S S

P P

s.t .      P P P

 V V V
I I

 (19) 

3.2. Operating Condition B 

Under this condition, only the first optimization objective can be accurately achieved, 

i.e., VP∈[0.9
*
gV , 1.07

*
gV ]. Therefore, the optimization problem in (16) and (17) can be fur-

ther expressed as: 

( )2

2 pv pv,maxMin     f = P - P  (20) 

 ≤


≤ ≤
 ≤ ≤
 ≤ ≤
 ≤ ≤

0

0.90 1.07
0

*
sl sl

pv pv,max

- +
ba,max ba ba,max

* *
g p g

sl sl,max

S S

P P

s.t .      P P P

 V V V
I I

 (21) 

3.3. Operating Condition C 

Under this condition, none of the optimization objectives can be accurately achieved. 
Thus, the optimization problem can be written as: 

( )2

2
*

p gMin     f = V - V  (22) 
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 ≤


≤ ≤
 ≤ ≤
 ≤ ≤
 ≤ ≤

0

0.80 1.20
0

*
sl sl

pv pv,max

- +
ba,max ba ba,max

* *
g p g

sl sl,max

S S

P P

s.t .      P P P

 V V V
I I

 (23) 

To maintain stable operation, the GFM-based converter should comply with stricter 
voltage constraints (e.g., 0.90–1.07 p.u.). Relaxing the voltage constraint to 0.80–1.20 p.u. 
enables feasible solutions under harsh conditions, avoiding operational failures. 

Based on the proposed scheme, in Condition A, the optimization problem in (18) and 

(19) is first solved under the voltage constraint (VP∈[0.9
*
gV , 1.07

*
gV ] and Ppv = Ppv,max). If a 

feasible solution exists, the system operates in its nominal high-efficiency mode. Other-
wise, the algorithm proceeds to solve the relaxed sub-problem defined in Equations (20) 

and (21) for Condition B (VP∈[0.9
*
gV , 1.07

*
gV ]). Should Condition B also prove infeasible, 

the algorithm further degrades to Condition C. Thus, the multi-objective problem is trans-
formed into three single-objective tasks, markedly accelerating the solution. An improved 
single-objective algorithm is then introduced in the next subsection to achieve faster and 
more accurate results. 

4. Improved PSO-Based Algorithm for Single-Objective Optimization 
4.1. Overview of Traditional PSO Algorithms 

The PSO algorithm is a reliable population-based algorithm that generates an initial 
population at random. The particle movement of this population is updated at each iter-
ation [16], and the update mode can be written as: 

( ) ( ) ( ) ( )
( ) ( ) ( )

        


1 1 2 21

1 1

m m
i i best,i i best i

i i i

V m+ = ηV m + c r p - X m + c r g - X m
 

X m+ = X m + V m+
 (24) 

where 
…∈ ，，{ }1 2, POPi

. 

4.2. Improved PSO Algorithm 

According to (24), the velocity update of traditional PSO particles relies on random 
numbers r1 and r2, which leads to slow convergence and difficulty in escaping local op-
tima. To address this issue, an improved PSO is proposed, where all random numbers are 
replaced by chaotic sequences. The dynamic determinism and high sensitivity of chaotic 
systems effectively maintain population diversity and significantly enhance the conver-
gence of random optimization methods. Specifically, the Lorenz attractor is used to gen-
erate chaotic sequences, which are then used for both initial particle generation and ve-
locity updates in (24). The Lorenz attractor can be described as: 

( ) ( )
( ) ( )
( )







1

2

3

dα dt = F α ,β ,γ = κ β - α

d β dt = F α ,β ,γ = α λ - γ - β

d γ dt = F α ,β ,γ = αβ - μγ

 (25) 

If κ  = 10, λ = 28, and μ = 8/3, respectively, the Lorenz system exhibits chaotic be-
havior. Equation (25) can be numerically solved by using the fourth-order Runge–Kutta 
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(RK4) method. This method first fixes the initial conditions 0α , 0β , and 0γ  of the se-

quences 
{ }mα , 

{ }mβ , and 
{ }mγ , respectively. Then, the numerical values of 

{ }mα , 
{ }mβ , 

and 
{ }mγ  at time mt  can be calculated as: 

( )
( )
( )

 = +
 = +
 = +

1 11 12 13 14

1 21 22 23 24

1 31 32 33 34

6

6

6

m m-

m m-

m m-

α α n + 2n + 2n + n

β β n + 2n + 2n + n

γ γ n + 2n + 2n + n

 (26) 

( )
( )
( )
( )

 Δ


Δ


Δ
 Δ

1

1 11 1 1 1 31

1 1 1 1 3

1 13 1 3 1 33

2 2 2

2 2 2

2 2 2

i i m-1 m-1 m-1

i 2 i m- m- 2 m-

i 3 i m- 2 m- 22 m- 2

i 4 i m- m- 2 m-

n = F α ,β ,γ t

n = F α + n ,β + n ,γ + n t
 

n = F α + n ,β + n ,γ + n t

n = F α + n ,β + n ,γ + n t

 (27) 

where 1 2m = , , ,M  and 1 Δm m -t = t + t . 

To keep the values of sequences 
{ }mα  , 

{ }mβ  , and 
{ }mγ   within the interval [0, 1], 

these sequences must be normalized as follows: 

min
m m

m max min
m m

ι - ι
 ̂ι =

ι - ι
 (28) 

where { }∈ι α,β,γ . 

The chaotic sequence 
{ }mα  corresponding to the state variable α  is used to generate 

the initial population. Therefore, for a D-dimensional problem, the size of the chaotic se-

quence must satisfy 
≥K D POP

. The matrix Γ  corresponding to the sequence 
{ }mα  

can be defined as: 

( )

 
 

Γ  
 
  


  



1

1

D

D POPD POP -

α α
=
α α

 (29) 

Thus, the initial population can be generated as follows: 

( )Γ = Γ + Γ − Γ Γij j,min j,max j,min ij  (30) 

where = 1 2j , , , D . 

To update the velocity described in (24), the chaotic sequences 
{ }mβ  and 

{ }mγ  are 
used to replace the random numbers r1 and r2. The matrices corresponding to the se-

quences 
{ }mβ  and 

{ }mγ  can be written as: 
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( )

( )

−

−

  
  
  Δ =
  
    


 
 
 Θ =
 
   



  




  


1 POP

POPPOP 1

1 POP

T POPPOP 1

maxmax

maxmax

TT

β β

β β

γ γ

γ γ
T

 (31) 

Then, at each iteration m, for each particle i, the values of r1 and r2 are extracted from 

matrices Δ  and Θ  as follows: 

 = Δ
 = Θ

1

2

mi

mi

r
r  (32) 

Therefore, the updated velocity is then modified as: 

( ) ( ) ( ) ( )
( ) ( ) ( )

    Δ Θ    


1 21

1

m m
i i mi best,i i best i

i i i

V m+ = ηV m + c p - X m + c g - X m

X m+ = X m + V m+ 1
mi  (33) 

where = 1 2 maxm , , ...,T . 
The flowchart of the improved PSO-based optimal operation strategy for GFM-based 

PV and ESSs is shown in Figure 3. To align with GFM-based LVDNs’ operational demands, 
the proposed chaotic PSO incorporates three key adaptations: Lorenz-attractor-generated 
chaotic sequences are adopted to initialize the population of the PSO; initial particles are 
constrained to the physically feasible region of LVDNs to eliminate infeasible solutions 
that may disrupt system operation; core control variables (Pba, Qsl, and Ppv) and priority 
objectives (voltage deviation minimization, PV generation maximization, and system 
power loss reduction) of GFM converters are embedded into the algorithm. In the pro-
posed scheme, the constraints in Equation (16) are handled via a penalty function method 
combined with a constraint repair strategy. The fitness function augments the original 
objective with penalty terms for each violation, using dynamically increasing penalty co-
efficients to allow initial exploration and later enforce feasibility. 
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Algorithm
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Initialize Lorentz attractor (25)−(27) 
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Determine the local and global optima

Update particle position/direction (32)

Evaluate the fitness function of each particle

Converged?

Output the optimal decision variables Ppv, Pba, Qsl

End  

Figure 3. Flowchart of the optimal operation strategy. 

5. Simulation Verification 
This section validates the effectiveness and rationality of the proposed optimal oper-

ation strategy in the simulations. The electrical and control parameters used in the simu-
lations are shown as Table 2. In addition, the GFM-based converter adopts droop control. 

Furthermore, the parameters of the proposed PSO are selected within commonly 
used ranges, with their specific values determined through offline tests. The Lorenz sys-
tem adopts its classical parameters, striking a balance between preserving chaotic dynam-
ics and computational efficiency. The normalization strategy employs linear mapping to 
unify all decision variables to the same order of magnitude, thereby preventing any single 
dimension from dominating the particle update process. 

Table 2. Parameters used in the verification. 

 Symbol Value 

Electrical parameters 

*
gV  311 V 

ω 314 rad/s 
Zg 2 + j0.016 Ω 
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Sl 10 + j10 kVA 

⏐S* 
sl⏐

*
slS  8 kVA 

Isl,max 50 A 
+

ba,maxP  4 kW 
−

ba,maxP  −4 kW 

Parameters of proposed 
PSO 

η 0.6 
Δt 0.05 
κ 10 
λ 28 
μ 8/3 

⏐POP⏐ 30 
M 300 

Control parameters 

Dm 3.14 × 10−4 rad/(s⋅W) 
Dn 1.9 × 10−3 V/var 

kvp, kvi 1, 100 
kip, kii 6, 0.01 

5.1. Performance Analysis of the Improved PSO Algorithm 

To verify the practicality and robustness of the proposed scheme, several studies 
were conducted on a platform with an Intel Core i5-12600KF CPU, 32GB of RAM, and 
MATLAB R2024a. In addition, the optimization problem is solved using parallel compu-
ting techniques. In this subsection, the maximum PV output power is 4 kW, and the grid 
voltage amplitude is 1 p.u. 

5.1.1. Comparative Analysis with Other Algorithms 

In this case, thirty independent trials were performed for each algorithm under iden-
tical settings. By calculation with the proposed and other algorithms (including traditional 
PSO, the GA, and the Free Energy Perturbation (FEP) algorithm), the system operates in 
Operating Condition A, where the PCC voltage remains within acceptable limits, and the 
PV output power is 4 kW. The power loss is approximately 0.5950 kW. 

Figure 4 demonstrates that the proposed algorithm yields the highest accuracy and 
fastest convergence. By integrating the Lorenz chaotic map for deterministic velocity up-
dates, the algorithm effectively preserves population diversity and rapidly escapes local 
optima. 

0 100 200 300

0.596

0.598

0.600

0.602

0.604 Traditional PSO

FEP
GA

Improved PSO

P L
os

s/k
W

Iteration number  

Figure 4. Power loss with different algorithms under Ppv,max = 4 kW. 

5.1.2. Computational Cost Comparison 

It can be observed from Table 3 that the average per-iteration time of the proposed 
algorithm is 0.81 μs, which is 30.6% longer than that of traditional PSO (0.62 us). This 
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increase is a reasonable trade-off caused by the computational overhead of generating Lo-
renz-based chaotic sequences instead of simple uniform random numbers. Yet C-PSO cuts 
average convergence iterations by 52.1% (142 to 68), thanks to normalized chaotic se-
quences ([0.1, 0.9]) that avoid extreme particle positions and boost global search efficiency. 
This iteration reduction offsets per-iteration overhead, slashing the total convergence time 
by 36.9% (55.1 us vs. 87.3 us). This improvement shows strong potential for supporting 
real-time control requirements. Notably, C-PSO retains better optimization accuracy and 
a smaller standard deviation, helping to maintain solution quality alongside efficiency 
gains. 

Table 3. Comparative analysis of computational cost. 

Algorithm 
Convergence 

Iterations  
Avg. Time per 
Iteration (us) 

Avg. Total Convergence 
Time (us) PLoss (kW) Std. Deviation  

Traditional PSO 142 ± 11 0.62 ± 0.03 87.3 ± 4.2 0.5953 1.68 × 10−4 
Chaotic PSO 68 ± 7 0.81 ± 0.04 55.1 ± 3.5 0.5950 8.56 × 10−8 

5.1.3. Convergence Characteristics of C-PSO with Various Parameters 

To further test the sensitivity of key parameters (including the inertia weight (η) and 
chaotic map time step (Δt)) for the proposed algorithm, several studies are implemented. 

As seen in Figure 5a and Table 4, the inertia weight η = 0.6 achieves the best overall 
performance, characterized by the minimum optimal PLoss, smallest standard deviation, 
and fastest convergence. A smaller η (0.4) weakens global search capability, leading to 
slower convergence, while a larger η (1.0) reduces local search precision, resulting in sub-
optimal solutions and higher standard deviations. This confirms that an intermediate in-
ertia weight balances global exploration and local exploitation. 

From Figure 5b and Table 5, a time step smaller than 0.05 increases computational 
overhead due to the need for more RK4 steps to generate chaotic sequences, without sig-
nificant performance gains, while a time step larger than 0.1 reduces chaotic sequence 
diversity (lower entropy), leading to premature convergence and worse optimal values. 
The original setting Δt = 0.05 is close to the optimal range, yielding performance compa-
rable to Δt = 0.01. 

 

Figure 5. Convergence characteristics of the proposed algorithm with various parameters. 

Table 4. Comparative analysis with different inertia weights. 

η Optimal PLoss (kW) 
Average Value 

(kW) 
Standard Devia-

tion 
Convergence Itera-

tions 
0.4 0.5951 0.5953 1.21 × 10−7 98 ± 9 
0.6 0.5950 0.5953 8.56 × 10−8 68 ± 7 
0.8 0.5951 0.5953 1.53 × 10−7 95 ± 10 
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1.0 0.5954 0.5956 3.27 × 10−7 123 ± 14 

Table 5. Comparative analysis of chaotic map time step. 

Δt Optimal PLoss (kW) Average Runtime (us) Convergence Iterations 
0.01 0.5950 90.0 ± 5.1  65 ± 7 
0.05 0.5950 55.1 ± 3.5 68 ± 7 
0.1 0.5951 65.1 ± 4.5 93 ± 9 
0.2 0.5952 72.0 ± 3.2 131 ± 12 

5.1.4. Performance Comparison with Different Chaotic Maps 

To verify the rationality of selecting the Lorenz attractor, this subsection compares 
the proposed algorithm with two common chaotic maps (Tent and Logistic) and tradi-
tional PSO. 

In this test study, the Lorenz attractor (original) uses parameters σ = 10, ρ = 28, and β 
= 8/3 (solved via RK4), the Tent map follows xn+1 = 2xn (initial value x0 = 0.3), and the Lo-
gistic map uses xn+1 = 3.9xn(1 − xn) (initial value x0 = 0.4). Evaluation metrics include optimal 
PLoss, standard deviation, convergence iterations, and average convergence time, with each 
algorithm running 30 independent trials to ensure reliability. 

The results presented in Figure 6 and Table 6 demonstrate that all chaotic PSO vari-
ants outperform traditional PSO in both accuracy and convergence speed. The Lorenz-
based C-PSO achieves the highest accuracy (optimal PLoss = 0.5950 kW, standard deviation 
= 8.56 × 10−8), attributed to the high-dimensional chaotic sequence that provides richer 
population diversity. The Tent-based C-PSO exhibits the shortest convergence time (52.5 
us) due to its one-dimensional structure and no requirement for RK4 numerical solutions, 
making it suitable for resource-constrained embedded systems. The Logistic-based C-PSO 
performs moderately in both accuracy and efficiency. These results confirm the rationality 
of selecting the Lorenz attractor for the proposed strategy, as it balances high accuracy 
and practical feasibility. 
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0.600
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Figure 6. Convergence characteristics of the proposed algorithm with different chaotic maps. 

Table 6. Performance comparison of different chaotic maps. 

Algorithm Optimal PLoss (kW) Std. Deviation Convergence Iterations 
Avg. Convergence 

Time (us) 
Traditional PSO 0.5953 1.68 × 10−4 142 ± 11 87.3 ± 5.2 

Chaotic PSO (Lorenz) 0.5950 8.56 × 10−8 68 ± 7 55.1 ± 3.5 
Chaotic PSO (Tent) 0.5951 1.12 × 10−4 60 ± 9 52.5 ± 4.2 

Chaotic PSO (Logistic) 0.5951 1.35 × 10−4 65 ± 10 53.8 ± 4.8 
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5.2. Test Study Analysis 

To further verify the correctness of the proposed strategy, the simulation model is 
established in the MATLAB/Simulink platform. The GFM-based converter adopts the tra-
ditional P-ω/Q-V droop control, while the PV and ESS units are governed by PI controllers 
on the DC side. Table 7 presents the optimal operation results with different Ppv,max. In 
addition, to deeply analyze the optimal operation, several test studies are implemented: 
in test study 1, the PV is disconnected; in test study 2, the maximum output power of PV 
is 6kW; in test study 3, the off-grid transitions are implemented. 

Table 7. Performance comparison under various operation conditions. 

k 0.9 1 1.1 1.2 

1 Ppv,max = 0 W 

VL (V) \ 280.63 315.41 332.77 
Pba (kW) \ 4.00 4.00 0.42 
Qsl (kvar) \ 6.93 6.93 7.99 
PLoss (kW) \ 0.76 0.60 1.14 

2 Ppv,max = 4 kW 

VL (V) 262.70 289.74 323.34 332.77 
Ppv (kW) 4.00 4.00 4.00 4.00 
Pba (kW) 3.76 1.77 1.76 −3.49 
Qsl (kvar) 1.96 5.54 5.55 6.18 
PLoss (kW) 1.32 0.60 0.48 1.25 

3 Ppv,max = 6 kW 

VL (V) 262.49 290.25 324.66 332.78 
Ppv (kW) 6.00 6.00 6.00 6.00 
Pba (kW) 1.53 −0.12 0.08 −3.94 
Qsl (kvar) 2.70 5.42 5.19 −3.49 
PLoss (kW) 1.13 0.60 0.48 2.87 

Furthermore, the improved PSO algorithm is not executed in every control cycle; in-
stead, it is activated only upon the occurrence of significant disturbances, such as grid 
voltage fluctuations, load changes, or variations in PV output. 

5.2.1. Test Study 1 

In test study 1, the PV panel is disconnected, and only the ESS is connected. 
Figures 7 and 8 present the waveforms of grid voltage, PCC voltage, grid current, 

and active/reactive power. As shown in Figures 7 and 8 and Table 5, within [0.1, 0.3] s, the 
grid voltage amplitude is 1.0 p.u., and the optimized PCC voltage is 280.63 V. Concur-
rently, the ESS discharges at its maximum power of 4 kW, and the reactive power gener-
ated by the converter is 6.93 kvar. In this condition, the system operates in Condition C, 
which means that the two optimization objectives—minimizing line loss and PCC voltage 
deviation—cannot be fully achieved. 

Within [0.3, 0.5] s, the grid voltage rises to 1.1 and 1.2 p.u. To offset the over-voltage, 
the GFM-based converter dynamically adjusts reactive power absorption and curtails the 
output active power of the ESS. Consequently, the PCC voltage is safely maintained at 
315.41 V and 332.77 V (<1.07 p.u.). Specifically, within the [0.4, 0.5] s interval, when the 
grid voltage amplitude is 373.35 V (1.2 p.u.), the optimized ESS discharge power is 0.42 
kW and Qsl is 7.99 kvar. The system still operates under Condition A, with the PCC voltage 
deviation strictly within the allowable range and a minimum line loss of 2.88 kW. 

Furthermore, the system frequency remains strictly within the permissible 49.8–50.2 
Hz range. Concurrently, the chaotic PSO algorithm minimizes line losses by rapidly opti-
mizing the Pba-Qsl combination. In response to grid voltage variations (1.0–1.2 p.u.), the 
GFM-based converter dynamically adjusts Qsl to compensate for line impedance drops, 
successfully maintaining the PCC voltage within the allowable limits. 
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Figure 7. Waveforms of voltage, current, and frequency in case 1. 
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Figure 8. Power waveforms in test study 1. 

5.2.2. Test Study 2 

In this test study, the PV panel and ESS are connected, and Ppv,max = 6 kW. 
As presented in Figures 9 and 10 and Table 7, within [0.1, 0.3] s, the system coordi-

nates PV and ESS outputs under varying grid voltages. When the grid sags to 280.01 V 
(0.9 p.u.), the ESS shifts to discharging mode (1.53 kW) to supplement the maximum PV 
generation, compensating for the energy deficit. Conversely, when the grid recovers to 
311.13 V (1.0 p.u.), the ESS dynamically switches to charging mode (0.12 kW) to absorb 
excess energy. This demonstrates how the strategy utilizes the ESS as a buffer to balance 
power flow and stabilize the PCC voltage. Within [0.3, 0.4] s and [0.4, 0.5] s, the grid volt-
age rises to 342.24 V (1.1 p.u.) and 373.35 V (1.2 p.u.), respectively. Under the proposed 
scheme, the PCC voltage is successfully maintained within [0.90 p.u., 1.07 p.u.]. Conse-
quently, the system operates under Condition A (where voltage and frequency are strictly 
regulated, PV operates at maximum power, and the ESS charges). These results align with 
Table 7, confirming the effectiveness of the proposed strategy. 
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Figure 9. Waveforms of voltage, current, and frequency in test study 2. 
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Figure 10. Power waveforms in test study 2. 

5.2.3. Test Study 3 

In this test, the PV panel and ESS are connected to the converter, and Ppv,max = 4 kW, 
where the system switches from grid-connected to off-grid mode at 0.3 s. 

According to Figures 11 and 12 and Table 7, within [0.1, 0.3] s (grid-connected), the 
grid voltage is 373.35 V (1.2 p.u.); after optimization, the magnitude of PCC voltage is 
332.77 V, the PV panel operates at maximum power, the ESS charges at 3.49 kW, the reac-
tive power generated by the converter is 6.18 kvar, and the system operates under Condi-
tion A. The grid is disconnected at 0.3 s, and the system transitions to off-grid mode. As 
shown in Figure 10, the GFL-based converter relies entirely on a PLL; upon grid discon-
nection, it loses its tracking target, causing severe voltage distortion and frequency oscil-
lations. Unlike the GFL baseline, the proposed GFM strategy leverages its voltage-source 
characteristics to autonomously establish the grid frequency and a stable PCC voltage 
without severe transients (as seen in Figure 11). Within 0.03 s, the PCC voltage strictly 
stabilizes at 311.13 V (1 p.u.), and the frequency remains within 49.8–50.2 Hz. Simultane-
ously, the local load demand is fully satisfied by the coordinated PV and ESS output, 
demonstrating highly reliable off-grid performance. 

The simulation results for the three cases are consistent with the optimized operation 
in Table 7, further confirming the effectiveness of the proposed optimization scheme. 
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Figure 11. Simulation waveforms with the GFM scheme in test study 3. 
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Figure 12. Simulation waveforms with the GFL scheme in test study 3. 

5.3. Comparative Analysis of the Test Study Results 

In this subsection, the effectiveness of the proposed scheme is further verified by test-
ing another two schemes, including only injecting active power (IAP) and only injecting 
reactive power (IRP). 

To evaluate the performance of proposed scheme, the voltage deviation is defined as: 

Δ = − * *
p p g gV V V V  (34) 

Figure 13a–f show the comparison of optimization results under three schemes. As 
can be seen, the proposed optimization scheme demonstrates superior performance over 
the IAP and IRP schemes in most cases. For example, as illustrated in Figure 13a, when 
the grid voltage is 1.0 p.u., the proposed scheme achieves a minimum voltage deviation 
of 0.092 p.u., outperforming the IAP (0.106 p.u.) and IRP (0.167 p.u.) schemes. When the 
grid voltage reaches 1.1 p.u. (Figure 13d), while all schemes satisfy the voltage constraints, 
the proposed strategy achieves a remarkably lower power loss of 0.48 kW, compared to 
1.51 kW (IAP) and 1.85 kW (IRP). Analytically, both the IAP and IRP schemes are forced 
to inject excessive currents to meet voltage limits, inherently increasing thermal losses on 
distribution lines. By contrast, the proposed multi-objective approach strategically bal-
ances the output vectors, eliminating unnecessary circulating currents and optimizing 
overall energy transfer efficiency. 
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Figure 13. The optimization results under various schemes. 

6. Controller Hardware-in-the-Loop Experimental Validation 
To validate the real-time execution capability of the proposed strategy, a Controller 

Hardware-in-the-Loop (CHIL) platform is established, as shown in Figure 14. The LVDN 
physical power stage is emulated in the Modelingtech MT 6090 simulator, manufactured 
by Shanghai Yuankuan Energy Technology Co., Ltd. (Shanghai, China), with a 1µs time 
step for high-fidelity transient reproduction. The control sampling period and the PWM 
switching frequency are both set to 10 kHz (i.e., 100 µs). By calculation, the worst-case 
execution time of the underlying GFM control loop—including measurement, communi-
cation, and controller update—is estimated to be approximately 85 µs, which is well 
within the 100 µs control interval, leaving a 15 µs safety margin. It should be noted that 
the PSO optimization is not executed in every control cycle; it is triggered only upon sig-
nificant disturbances (grid voltage fluctuations, load changes, or PV variations). The 
measured execution time for a full PSO optimization is approximately 20 ms, which is 
acceptable for disturbance-response scenarios, as typical grid disturbances evolve on a 
time scale of hundreds of milliseconds to seconds. In steady-state operation, the system 
relies on previously computed optimal set-points to avoid unnecessary computational 
overhead. For future hardware implementation, we plan to adopt FPGA-based accelera-
tion to further reduce the PSO computation latency and enhance overall real-time perfor-
mance. 

Host PC

MT 6090 
Real-time 
Simulator Digital 

Oscilloscope

 

Figure 14. CHIL experimental setup. 
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Figures 15 and 16 present the dynamic responses under grid-connected conditions. 
Both test study 1 and 2 in simulation are conducted in the CHIL experimental setup. 

As shown in Figures 15 and 16, the real-time oscilloscope performs the waveforms of 
the PCC voltage (vp), grid voltage (vg), load current (il), and grid current (isg). As can be 
seen, the waveforms confirm that the proposed optimal operation scheme could accu-
rately execute the multidimensional optimal set-points in real time. Even during the step 
fluctuations of vg (0.9 p.u. to 1.2 p.u.), the GFM converter dynamically compensates for the 
reactive power, maintaining vp strictly within the safe limits without severe transient over-
shoots. 

Vgvg
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Vg400 V/div

50 A/div

Time: 40 ms/div

Vg=1.0p.u. Vg=1.1p.u. Vg=1.2p.u.

 

Figure 15. Experimental waveforms under test study 1. 
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Figure 16. Experimental waveforms under test study 2. 

To explicitly evaluate the transient robustness, comparative real-time experiments 
were conducted at the exact instant of grid disconnection. As illustrated in Figure 17, de-
spite the 25 µs hardware control delay, the proposed GFM strategy seamlessly transitions 
to off-grid mode, autonomously establishing a highly stable sinusoidal vp profile within 
0.03 s. In stark contrast, as demonstrated in Figure 18, the traditional GFL baseline com-
pletely loses its tracking target upon grid disconnection, leading to immediate and severe 
PCC voltage distortion. These real-time CHIL results perfectly align with the theoretical 
analysis and offline simulations, firmly substantiating the computational efficiency and 
practical reliability of the proposed strategy in LVDNs. 
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Figure 17. Real-time GFM waveforms during the transition. 
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Figure 18. Real-time GFL waveforms during the transition. 

7. Conclusions 
In this study, an improved PSO-algorithm-based hierarchical optimal operation 

strategy is proposed for LVDNs integrated with GFM-based PV and ESSs. The proposed 
strategy can simultaneously address voltage fluctuations, low penetration of RES, and 
high system power losses, and it is convenient for real-time implementation. The main 
conclusions are as follows: 

(1) A priority-based hierarchical simplification method is designed to enable real-time 
control feasibility, which transforms the multi-objective optimization problem into 
single ones. The comparative analysis of optimization results verifies the effective-
ness of the proposed optimization strategy in reducing load voltage deviation and 
system power losses. 

(2) Compared with traditional algorithms (NSGA-II, GA, and PSO), the improved PSO 
algorithm exhibits better performance: reducing total convergence time by 36.9% 
while achieving an optimal power loss of 0.5950 kW. 

(3) The proposed strategy is verified to support reliable operation in both grid-connected 
and off-grid modes, maintaining the PCC voltage within 0.90–1.07 p.u. and frequency 
within 49.8–50.2 Hz under all test conditions. 

Future work will extend the proposed strategy to multi-GFM-based converters in 
parallel operation, refine the system loss model, and develop high-dimensional optimiza-
tion methods for complex LVDNs to address scalability challenges in coordinating multi-
ple DGs. Meanwhile, robust optimization will be employed to enhance anti-interference 
capability, ultimately improving the strategy’s engineering practicality and scalability in 
large-scale networks. 
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Nomenclature 

Ppv, Pba Output power of the PV panel and energy storage system (ESS) 
Qsl Output reactive power of the converter 
Zg, Rg, Lg Equivalent impedance, resistance and reactance of the power grid 
vp, vg Point of common coupling (PCC) voltage and grid voltage vectors 
il, isg Load current and grid current vectors 
vpd, vpq Dq axis voltages at PCC 
isgd, isgq Dq-axis components of grid current 
vgd, vgq Dq-axis components of grid voltage 
isld, islq Dq-axis components of the converter output current 
ild, ilq Dq-axis components of the load current 
Vp, Vg Magnitudes of the PCC voltage and grid voltage 
Isg, Isl  Magnitudes of grid current and converter current 
Sg, Sl, Ssl Complex power of the power grid, load and converter 
Pg, Qg Active and reactive power generated by the power grid 
Pl, Ql Load active and reactive power 
Psl, Qsl Active and reactive power delivered by the converter 
ΔVp Voltage deviation at PCC 
* Nominal quantities 
k Voltage ratio between nominal voltage and actual voltage 
^ Conjugate quantities 
max, min Maximum and minimum quantities  
+, − Discharging and charging power of the ESS 
⏐⏐ Magnitude of complex variables 
Ploss System loss 
Xi(m), Vi(m) Position and velocity of the i-th particle  
⏐POP⏐, M Maximum population size and iterations number 
c1, c2  Acceleration coefficients 
η, r1 and r2 Inertia coefficient, random values 

m
b es t ,ip  Optimal position achieved by the i-th particle at the m-th iteration.   

m
bestg  Current global optimal position, i.e., the optimal solution 

α, β, γ State variables of the Lorenz system  
κ, λ, μ System parameters 
Δt Time step 
Γ, Δ, Θ Parameter matrices 
Γ ij  Value of the j-th decision variable of the i-th particle 
Dm, Dn P-f and Q-V droop coefficient 
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kvp, kvi Proportional and integral gains of the voltage outer loop 
kip, kii Proportional and integral gains of the current inner loop 
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