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Abstract: The optical storage microgrid system composed of
power electronic converters is a small inertia system. Load switch‐
ing and power supply intermittent will affect the stability of the di‐
rect current (DC) bus voltage. Aiming at this problem, a virtual in‐
ertia optimal control strategy applied to optical storage microgrid
is proposed. Firstly, a small signal model of the system is estab‐
lished to theoretically analyze the influence of virtual inertia and
damping coefficient on DC bus voltage and to obtain the con‐
straint range of virtual inertia and damping coefficient; Secondly,
aiming at the defect that the Sailfish optimization algorithm is
easy to premature maturity, a Sailfish optimization algorithm
based on the leak-proof net and the cross-mutation propagation
mechanism is proposed; Finally, the virtual inertia and damping
coefficient of the system are optimized by the improved Sailfish
algorithm to obtain the best control parameters. The simulation re‐
sults in Matlab/Simulink show that the virtual inertia control opti‐
mized by the improved Sailfish algorithm improves the system in‐
ertia as well as the dynamic response and robustness of the DC
bus voltage.
Key words: optical storage microgrid; virtual inertia; damping co‐
efficient; improved Sailfish optimization algorithm; optimal control
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0 Introduction

Digital technology is leading the development and

evolution of the Fourth Industrial Revolution and pro‐

moting industrial digital transformation. Promoting the

deep integration of advanced digital technologies and

power grids is an important way for the digital transfor‐

mation of power grids[1,2]. The shortage of fossil energy

and environmental problems have accelerated the devel‐

opment of new power technologies for distributed gen‐

eration based on renewable energy[3]. The rapid develop‐

ment of microgrids has laid the physical foundation for

the digital transformation of energy, interconnectivity,

and mesh coverage[4,5]. At present, on the power genera‐

tion side, the output of mainstream photovoltaic units

and energy storage units are all direct current (DC); on

the power consumption side, the high-frequency devices

in the market, such as electric vehicles, mobile phones,

and LEDs, are all DC loads. In the optical storage mi‐

crogrid, there is no need to consider issues such as phase

and reactive power, and the high-frequency DC-DC con‐

verter greatly reduces the space. The construction of the

optical storage microgrid can effectively reduce the con‐

version loss of electric energy in the converter, and pro‐

vide a great physical help for the development of the

digital microgrid. The optical storage microgrid system

composed of power electronic converters is a small iner‐

tial system. The load switching in the system and the in‐

termittent power output will lead to violent fluctuations

in the DC bus voltage, which in turn affects the safe and

stable operation of the microgrid system[6]. The energy
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storage unit in the microgrid plays an important role in
stabilizing the bus voltage of the DC microgrid[7]. Appro‐
priate control improvements on the basis of the droop
control can effectively enhance the inertial support of
the DC microgrid system. Virtual synchronous generator
control (VSG) provides inertial support for the system
by simulating the rotor characteristics of traditional syn‐
chronous motors. At present, the application research of
this control in the alternating current (AC) system has
been relatively mature.

Wu et al[8] proposed a virtual inertia control strategy
for bidirectional grid-connected converters of DC mi‐
crogrid by analogy with the virtual inertia of AC mi‐
crogrid. This strategy can effectively solve the stability
problem caused by constant power load, but its control
parameters are not adaptive. In the process of digitaliza‐
tion of the power grid, intelligent control is an important
part. In order to realize the intelligent control of the con‐
trol parameters, Ren et al[9] used the voltage fluctuation
rate as a function variable, and carried out an adaptive
function design for the virtual inertia and damping coef‐
ficient; Yang et al[10] added the voltage deviation to the
adaptive function variable; Karimi et al[11] used fuzzy
control to adaptively design the virtual inertia and damp‐
ing coefficient. The above self-adaptive design is ob‐
tained from the analysis of the voltage fluctuation curve
of the system disturbance. This method has fuzzy charac‐
teristics. It can only be adjusted by experience in the
simulation project, and it is difficult to achieve digital ac‐
curacy.

Swarm intelligence optimization algorithm is a
powerful tool to provide solutions to complex problems
by simulating the behavior of some special groups in na‐
ture, and it has been widely used in many fields[12-15]. In‐
jecting intelligent algorithms into VSG control can inject
vitality into the development of digital power grids. Li
et al[16] used the multi-objective particle swarm optimiza‐
tion algorithm to obtain the optimal inertia and damping
coefficient of VSG control in AC system; Cheng et al[17]

added the elimination mechanism to optimize the par‐
ticle swarm optimization, which further improved the ac‐
curacy of particle swarm optimization; Yao et al[18] pro‐
posed a virtual inertial control based on neural network.
Different from the engineering experience dependence
of fuzzy control, the virtual inertial parameter design is
realized by means of intelligent algorithm, which makes
the virtual inertial control more accurate. However, the
intelligent virtual inertial control of the above intelligent

algorithm is applied to the AC system. This paper takes
the bidirectional DC/DC converter with the energy stor‐
age unit connected to the optical storage microgrid as
the research subject, obtains the virtual inertial control
suitable for the bidirectional DC/DC converter through
the analogy of the virtual inertial control of the AC sys‐
tem, then uses the improved AC sailfish optimization al‐
gorithm (ACSFO) to optimize virtual inertia and damp‐
ing coefficients. Firstly, a small-signal model is estab‐
lished, and the stability constraints of the virtual inertia
and damping coefficient are analyzed by means of the
transfer function Bode diagram; Secondly, the sailfish al‐
gorithm is improved by integrating the anti-leakage net
strategy and the vertical and horizontal crossover varia‐
tion propagation mechanism, and the validity of the algo‐
rithm is verified and analyzed by using the high-
dimensional test function. After verification, the im‐
proved sailfish optimization algorithm is used to obtain
the optimal solution of virtual inertia and damping coef‐
ficient. Finally, the optimal control strategy of virtual in‐
ertia and damping coefficient based on the improved
sailfish algorithm proposed in this paper is simulated by
Matlab/Simulink, then the simulation results are used to
verify its effectiveness and the correctness of theoretical
analysis.

1 Optical Storage Microgrid
Structure and VSG Control

1.1 Optical Storage Microgrid Structure and
Control Strategy

Figure 1 shows the topology of the optical storage
microgrid studied in this paper, which is mainly com‐
posed of photovoltaics, energy storage units, AC loads,
DC loads and corresponding power electronic convert‐
ers. The whole system uses the DC bus as the medium to
exchange energy through the corresponding power elec‐
tronic converters. The inverter connected to the photo‐
voltaic unit uses maximum power point tracking to
make full use of the new energy. The AC and DC loads
are connected to the DC bus through a one-way voltage
reducer. The energy storage unit is connected to the DC
bus through a bidirectional DC/DC converter. The
equivalent circuit diagram of the converter is shown in
Fig. 2. The converter adopts VSG control and uses the
improved sailfish algorithm to improve the virtual iner‐
tia and damping coefficient to achieve optimal control,
which can improve system inertia as well as the dynamic
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response of DC bus voltage.

1.2 The Principle of VSG Control

The active power-frequency control of the VSG in

the inverter in the AC system is to improve the inertia of

the system by simulating the rotor motion characteristics

of the synchronous generator. The specific expression

obtained from the simulation is

Pref -P0 -D(ω -ωn )= J
dω
dt

(1)

where Pref, P0 are the reference active power and output

power, ω , ωn are the angular frequency and rated angu‐

lar frequency, and D, J are the damping coefficient and

virtual inertia, respectively. According to the control

analogy analysis of the AC system and the DC system in

Ref. [13], the corresponding relationship of the param‐

eters can be obtained, as shown in Table 1.

According to the parameter correspondence in

Table 1, the virtual inertia control of the bidirectional

DC/DC converter applied to the optical storage mi‐
crogrid can be obtained, and its expression is

iref - idc -Dv (u*
dc - uref )=Cv

du*
dc

dt
(2)

where iref is the reference output current, Cv and Dv are
the virtual inertia and damping coefficient respectively,
u*

DC is the reference value of the DC bus voltage, and uref

is the rated value of the DC bus voltage. The bidirec‐
tional DC/DC converter connected to the energy storage
unit adopts the control method of formula (2), which can
increase the inertia and damping characteristics on the
basis of the droop control. When the DC bus voltage
changes suddenly, the virtual inertia Cv can quickly
simulate the output current and enhance the inertial sup‐
port of the system. When the DC bus voltage unit is
changed, Dv describes the active power change of the
control output, and the damping coefficient can speed up
the recovery of the DC bus voltage.

The bidirectional DC/DC virtual inertial control
block diagram of the optical storage microgrid estab‐
lished according to the VSG control is shown in Fig. 3.
Its control consists of three parts: droop control, virtual
inertia control and voltage and current double closed-
loop control to stabilize the DC bus voltage.

2 Stability Constraint Analysis

2.1 Small Signal Modeling

In order to obtain the optimal configuration of vir‐
tual inertia and damping parameters through the ACSFO
algorithm, a small-signal model is established for the
scenario where VSG control is applied to a bidirectional
DC/DC converter. Constraints of relevant control param‐
eters are obtained by small signal analysis.

According to Fig. 2, the small signal model of the
bidirectional DC/DC converter is

Table 1 Correspondence of VSG control parameters of DC

system compared with AC system

DC/AC inverter with VSG

ω

P0

J

DC/DC converter

udc

idc

Cv

Fig. 3 Virtual inertial control block diagram
kd: droop coefficient; ib: output current of the energy storage unit

Fig. 1 Topology of DC microgrid

Fig. 2 Bidirectional DC-DC converter equivalent circuit

diagram
R: equivalent resistance; L: filter inductance; udc: DC bus voltage; idc: the

converter output current; C: voltage regulator capacitor
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ì
í
î
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ïï

sCûdc (s)= (1 -D)îb (s)- Ib d̂(s)- îdc (s)

sLîb (s)= ûb (s)-Rîb (s)- (1 -D)ûdc (s)+Udc d̂(s)
(3)

where ûdc, îb, d̂, îdc, ûb are the disturbance of the DC bus

voltage udc, the output current of the energy storage unit

ib, the duty cycle d, the output current of the converter

idc, and the output voltage of the energy storage unit ub,

respectively; and Udc, Ib, D are the steady-state values of

udc, ib, d, respectively.

From formula (3), after substituting the steady-state

operating point, its system transfer function is

ì

í

î

ï

ïï
ï
ï

ï

ï

ï
ïï
ï

ï

G id =
Udc /RL + sCudc

s2CL + sCR + (1 -D)2

Gvd =
udc (1 -D)-

udc (sL +R)
RL (1 -D)

s2CL + sCR + (1 -D)2

(4)

where RL is the load resistance value.

2.2 PI Parameter Setting

In order to eliminate the influence of the

proportional-integral (PI) parameters of the controller on

the stability, it is necessary to design the PI parameters

of the voltage and current double closed-loop control.

The proportional and integral parameters of the current

inner loop are kip, kii, and the current inner loop compen‐

sation function is G i = k ip + k ii /s.The proportional and in‐

tegral parameters of the voltage outer loop are kvp, kvi,

and the voltage outer loop compensation function is Gv =
kvp + kvi /s. The switching frequency of the converter is 50

kHz, and the cut-off frequency of the current loop is set

to 20% of the switching frequency. The obtained Bode

diagram of the current inner loop correction is shown in

Fig. 4.

The designed current inner loop PI values are

0.068 02 and 2 467.4, respectively. It can be seen from

Fig. 4 that the crossover frequency after system correc‐

tion is 10 kHz, and the phase angle margin is 60°, which

meets the requirements of the system stability.

The cut-off frequency of the voltage loop is set to

4% of the switching frequency, and the resulting Bode

diagram of the voltage outer loop correction is shown in

Fig. 5.

The designed voltage outer loop PI values are

32.881 8 and 22 431.8, respectively. It can be seen from

Fig. 5 that the crossover frequency after system correc‐

tion is 2 kHz, and the phase angle margin is 60°, which

meets the requirements of the system stability.

2.3 Virtual Inertia and Damping Coefficient
Stability Constraints

From Eq. (4), we can know that the small signal

model of the VSG equation is:

û*
dc=

-îdc

sCv +Dv

(5)

From Fig. 3, the transfer function of the output volt‐

age deviation to the output current deviation after adding

VSG control can be obtained as:

G5 =
G iG idGvdGv

G id (sCv +Dv )(1 +G iG id )
(6)

Substituting Table 4 and the designed double

closed-loop PI value into the transfer function can obtain

the Bode diagram when the virtual inertia and damping

coefficient change, as shown in Fig. 6 and Fig. 7.

From Fig. 6, when Dv increases within a certain in‐

terval, its phase margin decreases and the system cut-off

frequency decreases, so the increase of the damping co‐

efficient will reduce the system stability. When Dv =30,

Fig. 4 Bode diagram of current inner loop correction
Gi: the current inner loop compensation function; Gid: Bode diagram

before compensation; Gl: Bode diagram after compensation

Fig. 5 Bode diagram of voltage outer loop correction
Gv: the voltage outer loop compensation function; G3: Bode diagram

before compensation; G4: Bode diagram after compensation
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the phase margin is 39.6°. In engineering, the phase mar‐

gin is generally 40° to 60° as the system stability crite‐

rion.

From Fig. 7, when Cv increases within a certain in‐

terval, its phase margin remains unchanged, and the sys‐

tem cut-off frequency remains unchanged, which does

not affect the system stability. Therefore, the increase of

virtual inertia within a certain range will not reduce the

system stability. However, if the virtual inertia exceeds a

certain value, the phase margin will decrease rapidly and

the system will become unstable.

For the virtual inertia and damping coefficient, the

limit range of the phase margin of 40° to 60° in engineer‐

ing can be used as a constraint for the subsequent optimi‐

zation of the algorithm to ensure its stability.

2.4 Droop Coefficient Stability Constraint

It can be seen from Fig. 3 that the transfer function

of output voltage deviation to output current deviation

under simultaneous droop control is

G6 = kd

G iG idGvdGv

G id (sCv +Dv )(1 +G iG id )
(7)

where kd is the droop coefficient. It can be seen from the

above formula that as kd increases, both the virtual iner‐
tia and the damping coefficient are reduced. It can be
seen from Fig. 5 that if the damping coefficient is too
low, the phase margin will be reduced, and the system
will become unstable. Considering the need to improve
the inertial support and stable operation of the system, a
smaller droop coefficient should be selected. Consider‐
ing the current power limit of the converter and the fluc‐
tuation range of the DC bus voltage, the design formula
of the droop coefficient is

kd =
imax

Dudc_m

(8)

where imax is output maximum current for the converter,
and Dudc_m is the maximum value of DC bus voltage fluc‐
tuation. The output current of the converter is limited by
its capacity, and a better droop coefficient can be de‐
signed by using formula (8).

3 Sailfish Optimization Algorithm
and Its Improvement

3.1 Basic Sailfish Optimization Algorithm

The sailfish algorithm simulates the alternate hunt‐
ing of sailfish in groups of sardines[19]. First, the sardine
and sailfish populations are randomly initialized; Sec‐
ond, the sailfish uses the attack alternately to break the
collective defense of the sardines; Finally, the sailfish
catches suitable sardines through hunting to complete
the position optimization.

1) Sailfish location update
Sailfish adopts the method of attack substitution in

the hunting process, and learns in coordination with each
other during the attack process. The position update for‐
mula is as follows:

X i
newSF =X i

eliteSF - λ i ´(rand(01)´(
X i

eliteSF +X i
injuredS

2
)-X i

oldSF )

(9)

where X i
oldSF is the current position of the sailfish, X i

newSF is

updated position for sailfish, and X i
eliteSF is elite sailfish

that the closest to the prey with the best fitness, X i
injuredS is

injured sardine with optimal fitness, rand(01) is a ran‐

dom number from 0 to 1, and λ i is the iteration coeffi‐

cient of the i-th iteration as in formula (10)

λ i = 2*rand(01)*PD - PD (10)

where PD is the prey density, and its variation formula is

PD = 1 - (
NSF

NSF +NS

) (11)

Fig. 6 Bode diagram with Dv changed

Fig. 7 Bode diagram with Cv changed
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where NSF, NS are the numbers of sailfish and sardines,
respectively. The number of sailfish is expressed as:

NSF =N*Percent (12)

where N is the total number of sailfish and sardine popu‐
lations, and Percent is the proportion of sailfish in the to‐
tal population.

2) Sardine location update
When the sardine is attacked, its position update

formula is:
X i

newS = r*(X i
eliteSF -X i

oldS +AP) (13)

where X i
oldS, X i

newS are the current and updated positions of
the sardines, respectively, r is a random number from 0
to 1, and AP is the best attack power for sailfish. The at‐
tack power of the sailfish will decrease with the number
of iterations, which is expressed as:

AP =A*(1 - 2*t*e) (14)

where t is the current number of iterations, and A and e
control the conversion of attack power. The attack
strength changes linearly from A to 0, and the reduction
of the sailfish attack strength can speed up the conver‐
gence. When AP > 0.5, we should update all the posi‐
tions of the sardines with formula (5); when AP < 0.5 ,
we should update the sardine section location. Locations
are represented as:

α =NS*AP (15)

β = d i*AP (16)

where α is the number of sardines to update, β is the

number of dimensions to update, and d i is the number of
variables.

3) Predation stage
During the final phase of the hunt, sardines injured

by a sailfish attack during an iteration are quickly caught
by the sailfish, in which the sailfish will update to the
sardine's location as soon as it kills the sardine. Its posi‐
tion update formula is as follows:

X i
SF =X i

S if f (S i )< f (SFi ) (17)

where X i
SF, X i

S are the current positions of sailfish and sar‐
dines, and f (SFi ), f (S i ) are the fitness of sailfish and sar‐

dines, respectively.

3.2 Improvement of Sailfish Optimization
Algorithm

Compared with other swarm intelligence algo‐
rithms, the sailfish algorithm has good convergence
speed and optimization accuracy, but it is easy to lag and
fall into a local optimal state during the convergence pro‐
cess. In order to speed up the convergence, improve opti‐
mization accuracy, and enhance the optimal configura‐

tion effect for virtual inertia and damping coefficient,
the following three improvement methods are proposed.

1) Cubic mapping initializing the population
Population initialization affects the convergence

speed and accuracy of the algorithm. Using random
numbers to generate the initialized population does not
have good ergodicity, and the population will appear lo‐
cal aggregation, which will affect the performance of the
algorithm. Cubic mapping is conducted with excellent
maximum Lyapunov exponent and excellent ergodic per‐
formance. Its expression is as follows:

xn + 1 = ρxn (1 - x2
n ) ρÎ(1.53)xnÎ(01) (18)

where ρ is the control parameter. In mapping, x0 takes a

random number between 0 and 1. Experimental analysis
shows that the best condition is ρ= 2.95. The simulation

is performed according to formula (18), and the simula‐
tion results are shown in Fig. 8. Compared with random
distribution, the sequence distribution generated based
on Cubic mapping is more uniform.

2) Anti-leakage net strategy based on self-
triggering mechanism

Sailfish keeps approaching the injured individual
sardines during the iterative process and attacks them in
a single way during the hunting process. During preda‐
tion, some fast-moving sardines could not avoid escap‐
ing, which leads to the premature maturity of the algo‐
rithm; and as the number of iterations of the algorithm
increases, sailfish populations will gather around the cur‐
rent optimal solution, causing the algorithms falling into
a local optimum.

In order to improve the predation efficiency of sail‐
fish and avoid getting stuck in local optima, this paper
proposes a self-triggering mechanism of the anti-leakage
net strategy. After the sailfish is updated according to
formula (9), the anti-leakage net strategy is used to per‐
turb the position of the sailfish. The expression of the
anti-leakage net strategy is as follows:

Fig. 8 Sequence release diagram generated by different

methods
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X i
newSF =

ì
í
î

r1*(ub - lb)+ lb (r2 < β)

p*X i
oldSF (r2 > β)

(19)

where r1, r2 is a random number from 0 to 1, ub, lb are
the upper and lower bounds of the search space, respec‐
tively, p is a scaling factor that decreases linearly from 1

to 0 with the number of iterations, and β is the expansion

factor.
In formula (19), when r2 < β, we reinitialize the cur‐

rent individual, expand the search range of the sailfish
population in the global space, prevent sardines from es‐
caping the encirclement, and prevent the algorithm from
falling into local optimum. When r2 > β, the individual

sailfish will move to the vicinity of the current position
in the proportion of p, get rid of the attraction of some
sardines in a small range, and jump out of the local ex‐
treme value. The linearly decreasing p combines the
characteristics that the sailfish algorithm needs a large-
scale search in the early stage of iteration and a small-
scale fine-scale search in the later stage of the iteration,
which enhances the algorithms optimization ability.

In the anti-leakage net strategy, it will reinitialize
the current individual when r2 < β. The larger the value

of β, the greater the probability of re-initialization, and it
is difficult to avoid the decrease of the algorithm solving
efficiency at this time. In order to solve the problem that
the fixed β value leads to the decrease of algorithm solv‐
ing efficiency, this paper adopts a dynamically changing
β, and the formula is as follows:

β = 0.1 + 0.4 ´
t
T

(20)

where β will increase with the increase of the number of
iterations, so the anti-leakage net strategy will move pro‐
portionally with a greater probability in the early stage
of the iteration, and the anti-leakage net will increase the
probability of re-initialization accordingly in the later
stage of the iteration so as to avoid the decline of popula‐
tion diversity.

Considering that adopting the anti-leakage net strat‐
egy in each iteration will increase the running burden of
the algorithm, a self-triggering mechanism is embedded
to improve the burden of running the algorithm. Its ex‐
pression is:

γ = (γmax - γmin )- (γmax - γmin )´(1 - (
t
T

)δ )
1
δ (21)

where γmax, γmin are the maximum value and the minimum

value of the trigger factor γ, respectively (The preset

maximum is 0.8 and the minimum is 0.2). When the ran‐
dom number is rand(01)< γ, the anti-leakage net strat‐

egy is triggered; otherwise, the anti-leakage net strategy
is not used. δ(δ≥ 1) is the adjustment factor.

The self-triggering curve is shown in Fig. 9. Com‐
pared with the linear increment (δ = 1), the nonlinear in‐

crement method (δ > 1) has a slow growth of the γ value

and a lower trigger probability in the initial stage of the
algorithm iteration, which ensures the convergence
speed in the early stage of the iteration. In the later stage
of the iteration, γ becomes larger and grows rapidly, and

the trigger probability increases. At this time, the sailfish
will escape from the local extreme value space through
the anti-leakage net strategy so as to avoid falling into
the premature algorithm in the later stage of the itera‐
tion. The degree of concaveness of the nonlinear increas‐
ing function can be adjusted by δ. If the algorithm ap‐
pears premature, δ can be appropriately reduced to im‐
prove the trigger probability in the early stage of itera‐
tion and avoid the algorithm from falling into local opti‐
mum.

3) Cross mutation propagation mechanism
To further adapt the algorithm to complex environ‐

ments and to fully improve its global development abil‐
ity and local exploration ability, this paper proposes a
cross-mutation propagation mechanism to improve the
sailfish search method through the horizontal cross-
information propagation mechanism to allow sufficient
information dissemination among individuals, and at the
same time refers to elite individual information to avoid
blind learning among individuals, which ensures the op‐
timization efficiency while improving the optimization
accuracy. The vertical cross-variation is to carry out
cross-variation in different dimensions of the individual
so as to prevent the individual from falling into the local
optimum due to a stagnant dimension, and to improve

Fig. 9 Relationship between trigger factor and iteration

number

224



LIAO Hongfei et al: Optimal Control Virtual Inertia of Optical Storage …

the activity of the population and the ability to jump out
of the local optimum.

The horizontal cross information dissemination
mechanism can effectively allow two individuals(i and j)
to learn from each other and produce high-quality off‐
spring. The specific improved crossover operation is as
follows:

MSX id
oldSF = r3*X id

oldSF + (1 - r3 )*X jd
oldSF +

c1*(
X jd

oldSF +X id
eliteSF

2
-X id

oldSF ) (22)

MSX jd
oldSF = r4*X id

oldSF + (1 - r4 )*X jd
oldSF +

c2*(
X id

oldSF +X id
eliteSF

2
-X jd

oldSF ) (23)

where MSX id
oldSF, MSX jd

oldSF are the d-dimension individu‐
als generated by the sailfish individual X jd

oldSF, X id
eliteSF and

the reference sailfish elite individual, r3, r4 are random
numbers from 0 to 1, and c1, c2 are random numbers of
[-1,1]. The individuals generated by the horizontal cross‐
over operation need to be preserved with the parent.

The vertical crossover operation mainly mutates
one of the dimensions, allowing the dimensions to learn
from each other so as to avoid the parental individual
from falling into a local optimum due to the stagnation
of a certain dimension. The specific mutation methods
are as follows:

MSX id
oldSF = r5*X id1

oldSF + (1 - r5 )*X jd2

oldSF (24)

where MSX id
oldSF is the offspring individual generated by

d1 and d2 of the individual through longitudinal varia‐
tion; r5 is a random number between 0 and 1. The prog‐
eny and parent of the longitudinal variation are preferen‐
tially preserved. Through the preferential mechanism,
the optimal dimension information in the individual sail‐
fish can be retained and the stagnant dimension informa‐
tion can be removed to improve the population diversity.

The excellent individual information generated by
the vertical mutation will be spread to other individuals

through the horizontal crossover operation, and the activ‐
ity of the whole population will be improved. The cross-
optimization of the population through the cross-
mutation propagation mechanism improves the activity
of the population, enhances the ability to jump out of the
local optimum, and further improves the convergence
speed and the performance of solving complex optimiza‐
tion problems.

3.3 ACSFO Algorithm Optimization Test

In order to test the effect of ACSFO algorithm on
function optimization, this paper compares ACSFO algo‐
rithm with 4 classical intelligent algorithms (Particle
Swarm Optimization (PSO) algorithm, Multi-Verse Opti‐
mizer (MVO) algorithm, Grey Wolf Optimizer (GWO)
algorithm, Moth-flame optimization (MFO) algorithm)
and the original sailfish optimization algorithm SFO in 4
typical test functions. The optimization is carried out in
the test function. The four groups of test functions are
shown in Table 2. The F1 and F3 test functions are shown
in Fig. 10. The population size is 30, the dimension is
set to 30, and the maximum number of iterations is set to
500 times. In order to avoid randomness, each algorithm
is optimized 30 times. Taking the average fitness value
of 30 calculations as the ordinate, and the number of it‐
erations as the abscissa, the function convergence curve
is shown in Fig. 11.

Table 2 Test function

Test function

Sphere (F1)

Rosenbrock (F2)

Rastrigin (F3)

Griewank (F4)

Test

dimension

30

30

30

30

Search scope

[-100,100]

[-30,30]

[-5.12,5.12]

[-600,600]

Optimal

solution

0

0

0

0

Fig. 10 Test function graph
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It can be seen from Fig. 10 that F1 is a multi-
dimensional single-peak test function, which can test the
global optimization ability of the algorithm, and F3 is a
multi-dimensional multi-peak test function, which can
test the algorithm s ability to jump out of the local opti‐
mum.

From the convergence curves of F1, F2, F3 and F4, it
can be seen that, ACSFO has a great improvement in
convergence speed and optimization accuracy compared
with SFO. From F2, F3, and F4, it can be clearly seen that
the initialization of the population based on the Cubic
map makes the generated initial value closer to the opti‐
mal solution and improves the diversity of the search
space. F1, F2, F3, and F4 found the optimal solution, indi‐
cating that after introducing the anti-leakage net strategy
based on the self-triggering mechanism, the sailfish can
expand the hunting range during the alternate hunting
process, enhance the sailfish search ability, and avoid
falling into the local optimum. It can be seen from F1, F2

and F4 that in the later stage of the iteration, there is a
tendency to fall into the local optimum. The addition of
the horizontal cross-propagation mechanism makes the
convergence speed faster, and the addition of the vertical
cross-mutation makes the stagnant dimension jump out
of the local area. It can be clearly seen from F3 and F4

that the algorithm stagnates at 300 and 290 iterations re‐
spectively, and vertical cross-mutation avoids the defect
of dimensional iteration stagnation, and then quickly
finds the optimal solution.

It can be seen that the ACSFO algorithm has a great

improvement in the SFO algorithm, and its convergence
speed and optimization accuracy are improved. Com‐
pared with other classical intelligent algorithms, it also
has very superior optimization performance.

4 Improvement of VSG Control
Based on ACSFO Algorithm

4.1 Fitness Function Design

The fitness function used to evaluate the position of
the particle can guide the search direction of the algo‐
rithm, and plays a key role in the optimization algorithm
to meet the convergence accuracy and convergence
speed of the system.

In this paper, the integral of time multiplied by ab‐
solute value of error (ITAE) is adopted as the perfor‐
mance optimization objective of microgrid system. Its
expression is:

ITAE = ∫
0

t

t|e(t)|dt (25)

where e(t) is the output error. Taking ITAE as the fitness

function can make the transient response oscillation of
the system smoother and the voltage followability strong.

In order to improve the inertial support of the mi‐
crogrid system, obtain the optimal virtual inertia and
damping coefficient, enhance the smoothness of the tran‐
sient response of the system, and follow the voltage, the
designed fitness function is:

fitness = ∫
0

t

t|Dudc (t)|dt (26)

where fitness is the fitness function value of the popula‐
tion, and Dudc (t) is the deviation of the DC bus voltage.

4.2 ACSFO Algorithm Flow Design

The main logic and flow of the ACSFO algorithm
to improve virtual inertial control are shown as follows.

ACSFO algorithm flow

1) Parameter initialization: sailfish population size, sardine

population size, iteration times

2) Chaos initialization population

3) Calculate and sort the fitness values of sailfish and sardine

respectively according to formula (26). Pick the best position in

the two populations and record its position.

4) while t<T

5) for i = 1 to NSF

6) Calculate γ according to formula (21)

7) if r1>γ

8) Update the sailfish position according to formula (9)

Fig. 11 Convergence curves of test functions under different

algorithms
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9) end if

10) Calculate β according to formula (20)

11) if r1 < γ

12) Update the sailfish position according to formula (19)

13) end if

14) end for

15) if (AP<0.5)

16) for i = 1 to α

17) Update the sardine position according to formula (13)

18) end for

19) else

20) for i = 1 to NS

21) Update the sardine position according to formula (13)

22) end for

23) end if

24) Calculate the fitness values of sailfish and sardine

populations separately

25) for i = min(NSF，NS)

26) if sardine fitness value < sailfish fitness value

27) Sardine sailfish position swap

28) end if

29) end for

30) Initialize the removed sardine position

31) Calculate the fitness value of sardines, complete the sorting

of sailfish and sardines according to the fitness value, and

compare the two groups with each other to record the optimal

individual

32) for i=1: NSF/2

33) Get the i-th pair of laterally propagated individuals

34) for d = 1 to D

35) According to formulas (22) and (23), calculate the offspring

formed by horizontal cross-propagation, and compare with their

parents to leave outstanding individuals

36) end for

37) end for

38) for i=1: D/2

39) for j=1: NSF

40) Calculate the offspring formed by longitudinal variation

according to formula (24), and compare with their parents to

leave outstanding individuals

41) end for

42) end for

43) t = t+1

44) end while

5 Simulation Results

In order to verify the effectiveness of the improved

sailfish algorithm proposed in this paper for the virtual

inertia optimal control strategy and the correctness of

the theory, the optical storage microgrid model shown in

Fig. 1 is built in Matlab/Simulink, and the photovoltaic

adopts the Maximum Power Point Tracking (MPPT) con‐

trol. The bidirectional DC/DC converter connected to

the battery grid adopts different control strategies accord‐

ing to the needs. The corresponding system parameters

are shown in Table 3.

Figure 12 describes the effect of virtual inertia on

the optical storage microgrid. The blue curve only

adopts droop control, and the droop control means that

we should set virtual inertia Cv=0. For the rest of the

curves, the damping coefficient is set to 20, and the vir‐

tual inertia is a variable. Figure 12(a) describes the volt‐

age dynamic response. When the reference voltage

changes, the voltage rapidly changes to the voltage refer‐

ence value in the droop control case; in the VSG control

case, the voltage changes slowly to the voltage reference

value, and the system inertial support is significantly im‐

proved. As the virtual inertia increases, the voltage

changes more slowly, the inertial support is stronger, and

the voltage quality improves. Figure 12(b) shows the in‐

fluence of load power mutation on the DC bus voltage.

Similarly, as the virtual inertia increases, the inertial sup‐

port is stronger and the fluctuation is weakened. When t=

1 s, the load power suddenly increases by 5 kW, at this

time, the VSG control will reduce the power delivered to

the microgrid; when t=1.5 s, the load power will sud‐

Table 3 System parameters

Project

Photovoltaic modules

Battery

Photovoltaic one-way converter P-DC

Energy storage bidirectional converter

B-DC

Load

Parameter

Rated temperature TN=25°

Rated irradiance Ir=1 000 W/m2

Rated capacity PN=4 000 W

Rated voltage UbN=160 V,

rated capacity 50 A

Lc=5 mH，Cc=3 300 μF

L=0.5 mH，C=200 μF

RL=6 Ω
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denly drop by 5 kW, and the VSG control will increase

the power delivered to the microgrid and enhance the in‐

ertial support of the microgrid.

Figure 13 describes the effect of the damping coef‐

ficient on the optical storage microgrid, setting the vir‐

tual inertia Cv=0 and the damping coefficient Dv as a

variable. Figure 13(a) depicts the voltage dynamic re‐

sponse. In the case of VSG control, as the damping coef‐

ficient increases, the voltage response is faster and the

deviation from the reference voltage is smaller, but it

also reduces a certain inertia. In Fig. 13(b), when t=1 s,

the load power suddenly increases by 5 kW, and when t=

1.5 s, the load power suddenly drops by 5 kW. In the

two cases of sudden change, with the increase of the

damping coefficient, the deviation is smaller and the re‐

covery of stable values is faster.

Through theoretical and simulation analysis, we

can know that the larger the virtual inertia, the stronger

the inertial support of the system, which avoids the vio‐

lent fluctuation of the DC bus voltage, but at the same

time the voltage recovery speed becomes slower. The

larger the damping coefficient, the higher the voltage re‐

sponse speed, but the damping coefficient will have a

certain weakening effect on the inertia. At the same

time, it can be seen from the theoretical analysis in Fig. 6

that the damping coefficient is too large which will af-

fect its stability. In order to realize the optimal solution

of virtual inertia and damping coefficient of VSG con‐

trol, formula (26) is used as the fitness function, and the

ACSFO algorithm is used to find the optimal solution of

parameters. The value ranges of the virtual inertia and

damping coefficient are set to [0, 2.5] and [0, 30], re‐

spectively, the number of algorithm population is 20,

and the number of iterations is 50. The iteration curve is

obtained as shown in Fig. 14.

It can be seen from Fig. 14 that the ACSFO algo‐

rithm has a great improvement over the original SFO al‐

gorithm, showing great advantages in finding the op‐

ticient, and its convergence speed and convergence accu‐

Fig. 12 Influence of virtual inertia on optical storage DC

microgrid

Fig. 13 Influence of damping coefficient on optical storage

DC microgrid

Fig. 14 Iterative curve diagram of algorithm
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racy are greatly improved in the original SFO algorithm.
When the load power changes, the simulation com‐

parison diagram of the optimal configuration of virtual
inertial control using the ACSFO algorithm is shown in
Fig. 15.

It can be seen from Fig. 15 that the ACSFO algo‐
rithm has better dynamic response ability, shorter recov‐
ery time and smaller fluctuation than the SFO algorithm.

6 Conclusion

In order to promote the digitization process of the
power grid, this paper uses an intelligent method to
solve the voltage quality problem caused by the low iner‐
tia of the DC microgrid. Firstly, by analogy with the DC/
AC inverter with VSG, the VSG control is applied to the
DC bidirectional DC/DC converter of the optical storage
microgrid. After that, the anti-leakage net strategy and
the cross-mutation propagation mechanism are inte‐
grated into the Sailfish optimization algorithm to im‐
prove the global optimization ability. Finally, an intelli‐
gent optimization control strategy of virtual inertia and
damping coefficient is proposed.

Through theoretical analysis and experimental veri‐
fication, the following conclusions are drawn:

1) The low inertia problem of the DC microgrid is
effectively solved by constructing a VSG control strat‐
egy, and the voltage following performance is enhanced.
Using ACSFO algorithm to realize the configuration of
VSG control parameters can effectively improve its sys‐
tem adaptability and intelligence. Effectively using
ITAE as a fitness function can take into account its error
accuracy and convergence speed at the same time in pa‐
rameter configuration, which can improve the following
performance while enhancing the inertial support of the

system, and provide ideas for the acquisition of electri‐
cal data in digital power grids.

2) The ACSFO algorithm integrates the anti-
leakage network strategy and the vertical and horizontal
crossover mutation propagation mechanism, which en‐
hances the global development ability and local explora‐
tion ability of the SFO algorithm, greatly improves the
algorithm optimization accuracy and convergence speed.
By using the ACSFO algorithm, the optimal configura‐
tion of the VSG control parameters can be achieved.

3) This paper only aims to add VSG control based
on ACSFO algorithm to the bidirectional DC/DC con‐
verter in a single optical storage microgrid, and does not
consider the coordinated control of the intelligent mi‐
crogrid system with mesh interconnection of the optical
storage microgrid. The insufficiency of this paper is also
the future research direction.
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