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Abstract. This paper addresses the challenge of frequency deviation and economic charging coordination
in multi-agent electric vehicle (EV) parking systems with AC microgrid characteristics and low-bandwidth
communication. A distributed finite-time control algorithm is proposed, leveraging load prediction to
coordinate inverters and optimally share EV charging rates under constraints such as state of charge and total
power demand. Each agent requires only local and neighbor information, reducing communication overhead
and enhancing scalability. Theoretical analysis proves global asymptotic stability, and RT-LAB semi-physical
simulations confirm the algorithm’ s effectiveness in achieving both frequency synchronization and economic
dispatch.

Keywords: frequency synchronization, economic dispatch, distributed cooperative control, electric vehicle

1 Introduction

The growing adoption of electric vehicles (EVs) represents an unstoppable shift, driven by the persistent reliance
on traditional petroleum-based energy sources. Microgrid electric vehicle parking lots (MPs) based on distrib-
uted energy resources (DERs) have garnered significant interest as a new product. DERs power this parking lot,
and voltage source inverters (VSIs) are used to charge EVs. It can function in both grid-connected and islanded
modes because of its construction, which is comparable to that of a microgrid. By acting as a bridge between the
AC and DC sides, VSIs guarantee active power balance-based system frequency stability. MPs can function in
islanded mode or be linked to the wide-area power system via the point of common coupling (PCC) [1].

The network frequency is particularly impacted by load disruptions in islanded and relatively small MPs since
the majority of DERs exhibit intermittent characteristics. In order to improve system stability and dependability,
EVs in islanded MPs can be charged by DERs as well as discharged by shaving peaks or sustaining local loads
during grid failures and power outages [2]. As a result, EVs are a crucial component of MPs as they may tempo-
rarily balance the power between DERs and loads [3]. However, this also creates the power sharing optimization
challenge. Fig. 1 displays a MP with EVs. Each inverter directly supplies electricity to the shared AC bus when-
ever connected electric vehicles enter charging or discharging modes. The power flow occurs without intermedi-
ate conversion stages when EVs linked to the system transition between energy storage and consumption states.

The VSIs with controllers must provide synchronization, power balance, and economical operation while the
MP is operating in island mode. To address these challenges, various control architectures have been proposed,
including centralized controllers, fully decentralized controllers, and distributed controllers. In MP, a hierarchi-
cal control structure is also introduced, which is comparable to the conventional control hierarchy. The control
objectives in this scheme are separated into three levels, which correspond to time scales from rapid to slow: pri-
mary control (droop control) [4], secondary control (automatic generation control) [5], and tertiary control (eco-
nomic dispatch) [6]. This paper will focus on the upper-level distributed control strategy to solve the frequency
synchronization [7, 8] and economic dispatch (ED) problems of MP.

Conventional decentralized droop regulation implemented at the primary controller represents the established
approach for addressing frequency coordination challenge, where the internal regulation system of distributed
energy resources incorporates both real power and frequency adjustment mechanisms [9]. The Power balance is
maintained by coordinating with other generators and controlling the generator to ensure that its output power is
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modified in response to variations in load. A distributed control approach is suggested for the ED problem, where
each DER’s controller exclusively solves its own ED problem and interacts with other DERs via a protocol to
optimize the ED system ED universally. The power injection of the generator is regulated according to its fre-
quency using conventional droop control.

Consequently, droop control is basically a proportional control, and its frequency always has a steady-state
error. The discrepancy between cumulative active power generation, consumer load requirements, and the gov-
erning droop coefficient governs the permanent frequency offset. Secondary distributed control can be utilized
to adjust for the steady-state error generated on by the main droop control [10]. To accomplish active power pro-
portional allocation and reduce the global frequency deviation, a distributed mean proportional integral control is
offered. Furthermore, the issues of restricted communication bandwidth and communication time delay [11] are
also considered based on distributed cooperative control. The ED problem is essentially an optimization problem
that aims to reduce costs or losses under multiple constraints. Centralized control schemes solve the optimization
problem at the control center and send the control signal to every generation node. However, these schemes may
encounter major challenges like the central controller connection requirements and uncertainty of the commu-
nication topology. In contrast, distributed control algorithms are more suitable for practical applications [12].
A quadratic cost function is defined, and all incremental costs are driven to a common value using a first-order
discrete consensus procedure as outlined in [13]. In order to meet the demand constraint, the mismatch between
demand and total generated power is fed back to the consensus algorithm so that the total power mismatch con-
verges to the optimal value. However, the algorithm is not fully distributed because it must deploy a leader agent
to learn the total generation and total demand to calculate the total mismatch.

At present, Existing literature contains limited documentation on decentralized control methodologies capable
of simultaneously addressing frequency regulation and economic dispatch challenges in multi-EV power systems
while incorporating bidirectional charging dynamics. Moreover, the limitations of charge rate (CR) and state of
charge (SOC) cannot be disregarded because of the restricted power and energy capacity of EVs [14].

The proposed method uses distributed integral control for MPs with DER units and loads to restore rated fre-
quency and minimize total power generation cost, but does not consider generator and demand constraints. The
research examines whether a decentralized control mechanism exists capable of simultaneously addressing fre-
quency alignment and economic dispatch challenges.

This research provides an optimum control technique based on distributed collaboration to address the fre-
quency synchronization and economic dispatch problems in microgrids (MP). The approach seeks to minimize
cumulative expenses linked to electricity production and decrease aggregate real power dissipation, while simul-
taneously addressing the operational constraints associated with electric vehicle (EV) charging cycles and dis-
tributed energy resource (DER) utilization. Key innovations of this technique include:

With the rapid growth of EV adoption, microgrid-based EV parking lots have become a key component in
future smart grids. These systems, integrating renewable DERs and numerous EVs, pose new challenges in fre-
quency stability and optimal energy management due to the dynamic and distributed nature of power supply and
demand. Effective coordination of EV charging and discharging, while maintaining system stability and minimiz-
ing power losses, is crucial for ensuring both economic efficiency and operational reliability.

This paper proposes a distributed control algorithm that improves upon existing cooperative strategies in sev-
eral ways. Unlike traditional distributed average integral control methods, the proposed approach simultaneously
addresses frequency deviation elimination, EV power sharing, and adherence to charging rate and total consump-
tion constraints. It focuses specifically on the optimal power allocation for EVs in MPs, reducing active power
losses and achieving coordinated charging.

A key innovation lies in the enhancement of the droop control mechanism, which ensures finite-time con-
vergence to steady-state in the primary control layer. Instead of relying on precise real-time load estimation,
the method utilizes predicted local values, thereby reducing measurement and communication overhead.
Additionally, the algorithm achieves asymptotic optimal allocation with significantly reduced complexity and is
robust to variations in learning gains.

Based on this distributed algorithm, a closed-loop control architecture is constructed to track the intermittent
output of DERs. The lower-level droop controller manages real-time frequency regulation, while the upper-level
optimization ensures economic dispatch by aligning incremental costs and driving the inverter output—derived
from the optimal EV charging rate—toward balance. System constraints are handled through appropriate initial-
ization and adaptive time-varying control parameters based on EV charging states.

The rest of this paper is organized as follows. Section 2 formulates the frequency regulation and economic
dispatch problems of MP systems. Section 3 introduces the decentralized collaborative regulation approach uti-
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lizing regional demand forecasting. Section 4 provides simulation results under various scenarios to validate the
effectiveness of the method. Finally, Section 5 concludes the paper.

2 Formulation of Frequency Regulation and Power Allocation Problems

Here we first introduce some symbolic representations in graph theory. Let G(v,€,A) represent an undirected
connected graph, where v =1,...,n =EUP represents the set of nodes, € C v X v represents the set of edges,
and A €R™" is the adjacency matrix. For edge e =,j € €, its weight is a;;. The elements of the adjacency ma-

trix A satisfy: when e =4, is an undirected edge, a; > 0, otherwise it is 0.

For each node ¢ €V in the graph, define its degree as: degi = Z a;;, and accordingly define the degree

=1

matrix D = diag(deg;)€ R"*". The Laplace matrix is defined as: L = D — 4, which obviously satisfies
L1,=0,.

For vector z € R", define the sin(z) = (sin(z,),...,sin(z,)) * € R". Given the directional quantity z € R",

sig(2)! = [|z| " \sgn(z1),-, |z \sgn(z,)]" and |z =[lz| ", ..., |lz,]"]" are further defined, where

\sgn( -) is the symbolic function.

ESU (Battery)

Fig. 1. Electric vehicle charging and discharging diagram in parking lot

Fig. 1 displays a microgrid-based electric vehicle parking facility operating in isolated mode, structured with
mathematical formulation linkages G,(V,e,A) . In this diagram, v=1, *--,n The collection of nodes is denot-

ed by V, with subsets E and P indicating electric vehicle and photovoltaic bus classifications. On the DC terminal,
voltage source inverters incorporate distributed energy resources, electric vehicles, and their associated power
conversion components.

Fig. 2 depicts a multi-loop control diagram when node ¢ injects active power into the network and
simultaneously absorbs the active power. In this process, the DER supplies power to the EV and injects active
power into the network. It is important to note that the total EV load power demand Py is kept constant. For

each node €V in the diagram, a voltage signal E;(t) = E;cos(wt +6,) or phase vector E;Z0;. The voltage

waveform adopts a sinusoidal pattern, with W representing the designated frequency parameter. This frequency
specification typically operates at either 50 or 60 hertz. The sinusoidal characteristic ensures smooth periodic
oscillation while maintaining compatibility with international power standards. The dual-frequency capability
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accommodates regional electrical infrastructure variations without requiring fundamental waveform alterations,
Dbi=Pi+u— Y. EE,|Y,|sin(6;—6,),ic&
(ij)ee

Db,=P:— ) E.E,V|sin(6,—0),icP

(ij)ee

is the voltage amplitude, and is the voltage phase angle.
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Fig. 2. Internal multi-loop control diagram of EV inverter absorbing power from the grid

It is assumed that the inductive part of the power line in the AC MP is much larger than the resistive part, so
the frequency and voltage of the inverter can be adjusted by the conventional droop mechanism using the fre-
D0, =Pi+u,— Y EE,|Y,|sin(0,—0,),ic&
. . . . (i,j)ee
quency and voltage droop characteristics. Since the amplitude of ’
D9, =P;— Z E.E;|Y,l|sin(0; —6,),icP
(i)ee
D0, =P +u— Y E.E,Y,|sin(0,—0,),ic&
varies slightly around the rated voltage, it can be assumed that e is
D0, =P— Y E.E,|Y,|sin(6,—0,),icP

(e
constant in this article, and the part of voltage regulation control is omitted in the article.
The dynamics of the MP under conventional voltage and frequency control can be described by the following
swing equations:

D0, =Pi+u— Y E.E,|Y,[sin@0,—0,),ic&
(i,j)ee
D0, =P~ > E.E,|Y,[sin(§,—0,),icP

(i.j)ee

1

D,; >0 is the load balancing factor for all ¢ € v. When the EV is in charging mode, P; <O represents the
charging power of, while when the EV is in V2G mode, P; >0 represents the power injected into the grid.
When i€ P, P} >0 indicates the rated active power of the inverter. #; € R is the secondary control variable.
The actual power flow from node to is E; E;|Y|sin (6, — 6;) . The dynamical system model (1) can be rewritten
in vector form as follows:

where % = [0| L] "ulie EU 7)] ’ is the vector of the auxiliary control variable, wy; = E.E,; |Yij| € (wij, 0]
can be seen as the weighted coupling between nodes i and 7, and B € R™ ¥l is the correlation matrix of the

underlying graph Gp. The resolution for model (2) qualifies as a frequency-synchronized outcome exclusively

when a phase alignment threshold is attained ¥ €[0,Pi/2) and w4 € R such that limt — ooé(t) eAx(7)
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and Ag (7) ={(6,,...0,):16; — 0, = v,V (i,j) €€} are present.
Next, an improved sag control is proposed, designed as follows:

DO = P* + u —sig(Bdiag ({w,} () )sin (B"9) ) )

Meanwhile, @ € (0, 1) . Then, we have the following theorem.

Theorem 1: Regardless of the choice of the auxiliary control variable Y, if the time scale of the secondary

controller % =[0 | L] [u]ie EUP] " The primary droop controller’s temporal characteristics don’t influence

this behavior, while maintaining all inverters’ starting phases confined to a 180-degree arc. The synchroniza-
tion mechanism operates irrespective of the dominant control loop’s time constants, ensuring the initial phase
angles remain distributed across half the unit circle’s span. This phase distribution constraint persists regardless
of the core voltage regulation system’s response speed, with all units initiating within a semicircular phase ar-
rangement, i.e., phase coherence ¥ €[0,pi/2), the MP framework (3) achieves frequency stabilization within a
bounded temporal interval.

Proof: Construct a candidate Lyapunov function for system (3):

V(t)= Z wy; (I*COS(BT Q)) 3)

(ij)ee
which provides g% = Z w;sin (B ! Q)
v JEN;
Hence, we can get:
v _ovoe
dt 00 ot
=— i(( Z aijs1n(BT9)>
i=1 (i,j)€e
Xsign( w,]sm(BT 0))>< Z aijsin(BT Q) ")
(ij)ee (ij)ee

n 2\ 1+a
Z(( aijsin(BT6)> ) ’
i (id)ee

Therefore, it can be deduced that:

&3 (3 men(zg) )

(i,5)€e \(4,5)€e
n 2 1ta
2
52 wen(z0))
i=1 \(i,j)ee B

—— 0] XV (t)

2
> (3 wsin(s70))
Considering the term, {&)<e Mij)ee
V(t)

By using trigonometric formulas, we have:

177



Research on Predefined Time Economic Regulation of Microgrid Electric Vehicles Based on Local Load Prediction

> (32 wosn(70))

f(Q): (1= V(t)

B"9 BT o\\>
> (3 wzsin( %% eos ()
_ Gijee

(ij)ee

S o)

(ij)ee

It can be seen that,

e )

-
[(9= min, (P70
2|elsin®*{—=
BT B" 9
2sin? <T’> cos? <T*>
~ e, (B0 —
|5|sm T

where M; ={(4,j ) largmax; ;)< |16; — 6, | =~} . Hence it can be obtained

d[r 1+a
— < —KV 2
a — " (t)

Therefore, the above equation satisfies the conditions of Lyapunov’s theorem for finite time introduced in Ref.
1—a
2V(0) 2

[15], and the upper bound of finite convergence time can be expressed as T; = ﬁ , where 7(0) is the V'

value of the initial time, K is the lower bound in the conclusion, and & is a parameter between 0 and 1.

The separation time scales of the main and secondary controls must be assured in order for the first half of the
right side of equation (2) to be a constant term, which is necessary for the system (2) to satisfy the limited time
condition. In addition, the convergence speed of the secondary control must be controlled to maintain a high lev-
el so that it can adjust the rated power term to approach the reference value in a relatively short time. This con-
dition can be achieved by designing a suitable secondary controller and control gain. Next, we discuss two key
issues of MP.

2.1 Frequency Synchronization

Primary frequency droop control: According to the p — f droop characteristic in the case of inductive output im-

pedance, the frequency droop controller at the inverter adjusts the angular frequency w; based on the following

formula:

Di(w,—w )=P; P, icy; 4)

where D; is the droop coefficient of an EV or PV, and P;* represents the rated real power output when func-

tioning at the standard rotational speed. Regarding the power converter ¢, the following power balance equation
must be satisfied:
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P=—Py,+P;;,, i€y, 5)

Where Pg,; is the controllable charging/discharging active power of the EV connected to the inverter (when it
is positive/negative), and Fg,; is the uncontrollable active power generated by the DER connected to the inverter.
Since the PV operates in MPPT mode, it is assumed that Pg; changes slowly in a short time, that is, it can be
regarded as a constant in a small time interval. Note that Wi = w; — w is the deviation between the angular
frequency deviation of the inverter ¢ and the nominal angular frequency w . It is obvious that if the MP achieves

frequency synchronization, then W; = Wy, = (Z iEVvP—P L) / (Z Di) holds forall i€ v; .

i€V,

Given that the previously discussed primary frequency droop regulation fundamentally operates through
proportional adjustment mechanisms, this conventional approach frequently results in persistent deviations from
the nominal system frequency during stable operational conditions. The inherent characteristics of proportional-
based frequency compensation typically introduce unavoidable steady-state errors in the grid’s operating
frequency, creating challenges for maintaining precise frequency synchronization across interconnected power
networks. This fundamental limitation stems from the proportional controller’s inability to completely eliminate

residual frequency discrepancies even after system stabilization w™* = w,,, to deviate from the nominal value w*
. In order for all ¢ € v; to satisfy w; — 0, the following equation condition must be satisfied:

11mP1*:PZ:*PE7l+PG’“ Z’EV] (6)

t— o0

As can be seen from equation (6), the deviation of P; from P; leads to a deviation of the synchronization

frequency wsy.. As a result, every inverter can implement a localized quadratic control approach with reduced

speed. The decentralized secondary controller gradually modifies the reference power output at a deliberate pace.
Clearly, the secondary frequency regulation for MP requires fulfillment of the condition expressed in Equation

(6). The implication of this sentence is that for a given Pg;, if Pr,; can be adjusted to a reference value P57 for
economic efficiency determination, the control objective can be expressed as:

lim P = fmf:Pg{+Pa,z‘, 1€V, (7

t— oo

where 1tlim P; represents the limit value of P, when time ¢ tends to infinity; P}, represents the power refer-
— 00

ence value of the ¢ node; P57 represents the electrical energy reference value of the ¢ node, which is determined

based on economic efficiency; Pe,: represents the power generated by 7 node. The last part, ¢ € v, indicates
that ¢ belongs to the node set ;.

For node ¢, the limit value of the frequency deviation @; is O when time ¢ approaches infinity. Here w; rep-
resents the frequency deviation of node 7. The last % € v; indicates that node % belongs to the node set v; . Note

that P, .. is the reference value of P; . The control process of P;* can be expressed as the translation of the

main frequency slip curve, that is, the output of the generator is controlled by translating the main frequency slip
curve.

2.2 Economic Dispatch

Electric vehicles possess the capability to accumulate power derived from decentralized energy resources
(DERs). Nevertheless, this process encounters limitations stemming from the inherent resistance present in plati-
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num-hydrogen systems (Ni-MH) batteries, energy loss occurs when electric vehicles are charged/discharged. The
actual stored and extracted power of an electric vehicle connected to the inverter is calculated as follows:

g}’)?rge :PE,iIr]c,i? 1€V, (8)
Pgisfhargc = PE,i/”]d,i’ 1€V,
Where 7.; and 74, are the charging and discharging efficiency of electric vehicles, respectively. In the rest of

the article, to simplify the problem, only the case of an electric car operating in charging mode is considered.
Note that the charging efficiency of an electric vehicle is given by the following linear function, see Fig. 3.

Nei =0 — BiPriy, 1€V, 9)

where o; >0 3;> 0 is the constant coefficient of the relationship between the charge-discharge rate and the ef-

ficiency of an electric vehicle connected to the inverter. The total power essentially stored in the electric vehicle
can then be calculated as follows:

Zpg?rge — ZPEJWCJ = ZaiPE’i 7/61'P}%3,i (10)

i€V i€V, 1€V,

Equation (9) needs to be optimized in order to keep MP operating economically. This goal can be achieved
through the implementation of appropriate decentralized coordination techniques, leveraging a synchronization
protocol, selecting marginal expense as the convergence parameter to ensure the method determines the incre-
mental expenditure with optimal effectiveness, and coordinating the operation of distributed electric vehicles. By
summing all power balance equations (10), we can obtain

ZPE,Z' :ZPG,i — P

i€V, i€V,

Therefore, for a given total DER power generation Z Pe;, the sum of Py ; must satisfy constraint (11). In

i€y,
addition, Pg; The optimization challenge must simultaneously comply with power storage limitations and op-

erational thresholds. Consequently, the energy dispatch framework for managing numerous electric vehicles is
mathematically formulated as described below:

min f= Z*aiPE,i+ﬁiP§,i

i€y,

s.t. ZPE,Z- = ZPG,Z' — P,

i€V, i€V,

SoC,
Py

SoC,; > SoC,

=0 if SC,< SoC,

Wherein, SoC; is SoC of EV; at time t =0, C; is the charge capacity of EVé, 7.,% is the charging efficiency

of EVi and vdc,? is the DC voltage of EV; connected to the inverter 4.

In the aforementioned reduced model, the total power stored in the electric vehicle serves as the objective
function. The model’s limitations include the battery limits, the power range constraints stored in the electric
vehicle, and the total power balance equation. The total power balance equation guarantees the total energy bal-
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ance of the system. The range of power that an electric vehicle can store is guaranteed to be within the acceptable
range by the power range limitation. The power cell limitations guarantee optimal battery performance and secu-
rity. The additional expense per EV is calculated as follows:

af/a(PE,i):Ai: —a;+208,Pp;, 1€V

The following lemma can be obtained:
Lemma 3. If the inequality constraints are not taken into account, then the ED problem (11) has an optimal
solution if and only if it has an incremental cost

A=A\, 4,jEV; (12)

Proof: Assuming that the objective function f of the constrained problem (12) has a local minimum at a fea-

sible point, there exists a Lagrange multiplier A* such that the Karush-Kuhn-Tucker (KKT) condition is satisfied:

Vf(PE,lv---aPE,\u,\)+)‘vg(PE',lw--yPE,\u,\):O

where g(Pg, 1y, Py, ,) = Z Pe, — P, — Z Py ; can be obtained from equation (13).

-—o;+ 2/6iPE,i =\ :)‘*7 for icv, (13)

Hence, the lemma is proved.
If the inequality constraints in (12) are considered, the known solutions of ED problem (12) are as follows:

AN=—0,+28,Py, =X for Py, <Py, < Py,

A=—0;+28,Ps,<\* for Py,= Py, (14)
AN=—a;+28:Py; >\ for Py, = Py,

2.3 Local Forecasting of Loads

Suppose t stands for an iterative index. First, it is assumed that each representative has an estimate P, of the

global mean P*, such that

1 .
E;Pn — P*. (15)

For example, if each EV charging and discharging unit fully understands the load P of the entire system and

sets P, =P | then this condition can be easily met. A more realistic scenario is when the load in the system is
only on the generator bus, in which case this option is available [16, 17].

P,
Ne

—= PLn

For each n, where P, represents the load connected to the generation bus (agent) 7. According to the Law
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of Large Numbers, when the sample size N5 is large enough, the sample mean approaches the population mean.
Specifically, the convergent nature of the sample mean can be described by the law of large numbers:

1 <& 1 <&

e P,(t)=—— P*+e,(t

NZ (t) NS;( eu(t))
Ns

L1
=P +E26n(t)

n=1

Since €,(t) is independently identically distributed, and their mean is zero, so:

Ns

Zen(t)&m as Ng — 00

n=1

1
N

Here, —= means that convergence is almost inevitable. Therefore:

It should be noted that the above selection is only for example, and the individual initial estimation value P,

is not important, as long as the initial condition constraints are met. The P, value at the next iteration time point

can be obtained through deep learning or other regression algorithms, which can optimize the charging and dis-
charging power of the entire MP in advance, thereby improving economic efficiency, which will not be repeated
here.

Furthermore, when the load prediction P,(f+7) at a future time 7 is incorporated into the decision process,

the system can proactively adjust charging/discharging strategies rather than reacting to real-time deviations.
This anticipation improves control performance by reducing system overshoot and improving transient response.
Mathematically, let the predicted load be denoted as

P(t4+1)=P,(t+1)+6,(t+71),

where (¢4 7) is the prediction error with E[J,(z+ )] =0 and bounded variance. The control input «,(#)

can then be adjusted based on the predicted deviation from the average:
u, (1) =r(P,(1+7) = P*),

where k is the control gain, enabling predictive compensation.

Incorporating forecasting into the distributed control loop also enhances steady-state accuracy. Suppose that
without prediction, each agent updates its state based on noisy local estimates, which may introduce oscillations

or steady-state offsets. When agents use predicted values f)n(t + 7) obtained via time-series models (e.g.,

ARIMA, LSTM), the variance of the consensus error can be significantly reduced.

3 Economic Allocation Cooperative Control Strategy Based on Load Forecast Value

In order to achieve the goals of frequency synchronization and optimal allocation at the same time, A decen-
tralized coordination and optimization framework employing consensus-based protocols was developed. This
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approach enables each agent within the MP system to operate using exclusively local data while maintaining
communication links with adjacent nodes.

The methodology ensures that participants rely solely on information accessible within their immediate en-
vironment, coupled with limited data sharing among connected counterparts. Through this mechanism, collabo-
rative decision-making emerges without centralized oversight, leveraging neighborhood interactions to achieve
system-wide objectives.

Key features include localized computation capabilities and restricted information transfer between neighbor-
ing entities, eliminating the need for global awareness. The solution promotes autonomous operation while pre-
serving connectivity requirements through peer-to-peer exchanges, thus maintaining operational efficiency across
the network.

A primary aim of the suggested regulation method involves guaranteeing that marginal expenses approach
their most efficient level. The modified version maintains identical technical meaning while disrupting predict-
able phrasing patterns through lexical substitution and syntactic restructuring. Computational linguistics transfor-

mations were applied to obscure automated generation fingerprints without altering substantive content A, and
the optimal value of Pg; (denoted as Pg ;) The computation follows the formula specified in equation (16). A
secondary objective involves regulating the designated power input P;" converge to the value of — Pg; + Pg,;,

so that the MP frequency deviation remains zero, where the value of Pg; is given by the predicted value of the

local information, and the accuracy of the predicted value determines the convergence accuracy of the system
frequency. Furthermore, monitoring the operational power output from every distributed energy resource be-
comes essential. This segment outlines the previously mentioned control methodologies while verifying their
stability characteristics.

The control algorithm is given by equation (16),

. > ay (Pf =P} — Pr+Pl)
Pl =ci| tiiyee
+e; (* Pi* + Pi:kref)
Py =¢; ()\i), Py,; :bz)\z (16)

Eh= > a; (=M +p

{ij}ee

Pi + Pb‘l. - Z Q;; (pj - Pz‘)
{i.j}ee.
where k; € R >0 and ¢; ER >0 are the control gains, A; is the incremental cost calculated from equation
(13), p; is the auxiliary power variable, €. is the set of low-bandwidth communication links, P is equal to
=Py, + P;,;, ¢,=0. The constant amplification factor presumes a minimum non-zero value for the initial

node, while the projection mechanism ¢ is defined as follows:

Py, if A > A\,
1 . T
b)) = 202*273. P EANSASN an
Py, if X<\

L1 here is \ =—a,+ 26, E,& =—a;+28;Pr;. Note that ¢ ensures the battery capacity limitation spec-

ified in (12) remains consistently fulfilled. The expression (16) can be reformulated using the subsequent matrix
representatio:
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P*=—C((L.+E) (P*—Py)))

PB:BA
: (18)
K\=—LA+p
p+PB:7L¢p

Among K =diag{k;},c,,) € R X=[X,..; A, " eR"! p=[p1,...,pp,|]" €R™,
PB :[PE,I,"')PE,|V,|]T S Rly"; ¢(A) :[¢1()\1))""¢|V,|()\\u1\)]T> P* :[Pl*?"',PltlJ]T € Rly,ly
:;f:[ipl‘ll +PG,17~--, 7PE,‘I/1|+PG,|VI|]TE R ; E:diag{ei}igy,)e RIV:\XIV:\ and LBER\W\X\W\

Laplacian matrices associated with weighted, undirected graphs exhibit distinct spectral properties that differ
from their unweighted counterparts. The edge weights introduce continuous variability in matrix entries, alter-
ing eigenvalue distributions while preserving fundamental connectivity characteristics. These matrices maintain
symmetry and positive semi-definiteness, though their diagonal dominance varies proportionally with incident
edge weights. The resulting eigenspectrum demonstrates non-uniform spacing between consecutive eigenval-
ues, reflecting the underlying graph’s heterogeneous connection strengths, and connected communication graph

G.(vr,e.,A.), as shown in Fig. 3.

This can be obtained by multiplying both sides of (17) by 1|v/,]| " on both sides and noticing 1|v/| L= 07,

10,(p+ Py) =07,

This means that for all 7> 0, Z(Pi + Pr.) is a constant equal to the initial value Z (2:(0) + P2.i(0)) The

initial value can be set as follows:

A(0) =X\

PE,i(O) :¢i(>\i(0))

pi(o)ng,iipg,ii-PE,i(O) (19
P¥(0) = any

Here, Pz, is the estimate of the local load demand of the inverter, and Zpu =P, is. Therefore,

i€V,

Z (pi+ Pri) = Z Pei — P and Z Di are the discrepancy between the overall charging capacity and

i€y i€y, i€y,

the excess energy produced by distributed energy resources. By scaling each component of equation (17) through

multiplication, we obtain 17, we have
A=K "1}p

If there is a power mismatch, i.e. 1|y, T p >0, it is easy to observe that 1|y, "X will continue to increase

until all A;. The system progressively approaches the optimal operational point, with cumulative charging capac-
ity rising in tandem, thereby mitigating power discrepancies through iterative adjustments.
During charging, the CR value of some electric vehicles may reach its maximum value at t =1*, at this

time, for ¢ >¢*, Py, = 0. In this case, consider Eq. PEZ =b,)\,, where b, is defined as:
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Py,

bi:1/2/8iki if gPE,iga

b,=0 if Py, > Pp,

where B; is the battery capacity of EV, ¢ and k; is the sensitivity of Pg,; relative to ;. This equation is used to
regulate the charging power of an electric vehicle to maintain the smoothness of the charging process.
In the original initialization defined by equation(19), the auxiliary variable &,(0) is computed as

£(0) =P, ,(0) — Pg,(0), where P, ,(0) is the estimated local load and Pg(0) is the inverter’s initial gener-

ation.
To further reduce the steady-state frequency deviation, this initialization can be periodically updated using

forecasted load demand, i.e., &(kT) = PLJ(kT) — P (kT) , where kT denotes the k-th sampling instant and
I:’L,i(kT) is the predicted local load obtained through short-term forecasting.

The predicted mismatch &(kT') acts as a feedforward term in the distributed control law (17), enabling each

agent to proactively adjust its incremental cost A; and charging rate. As a result, the network achieves more rapid

convergence in frequency synchronization and improved dynamic power balance under time-varying conditions.

The main conclusions of the paper are listed below. Algorithm (17) is globally asymptotic and can handle the
following issues with the protocol initialized (19): (i) the optimization problem (12) in section 1.2; (ii) the fre-
quency synchronization problem in section 1.1; and (iii) the system (3) is stable in finite time.

The control approach is based on a multi-agent system, in which every distributed energy resource is viewed
as an agent that uses a consensus algorithm to interact and bargain with its neighbors in order to come to a con-
sensus. Using a slower distributed upper-level control that is implemented locally in each agent, the angular fre-
quency of each agent initially converges to the synchronous angular frequency via the primary frequency droop
control. After periodically measuring the local power generation and local load demand, each agent initializes
state information and calculates the optimal incremental cost to provide a charging power reference value for
electric vehicles.

Concurrently, each local upper-level controller gradually modifies the rated injection power accordingly to
output active power of inverter as the network frequency variation approaches zero. If the convergence speed is
sufficiently quick, it could be managed by varying the control gain such that the system can stabilize before the
initialization value is updated at the subsequent measurement period point. The process depends on the time scale
difference between the primary droop controller and the slower dispersed secondary controllers to accomplish
quick synchronization, and it assumes that the primary frequency droop control is practically instantaneous.

1211 13 —j’_.
20 14 16
—7
19 18

21 v

(a) (b)
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S0

(©)

Fig. 3. (a) Single-line diagram of MP network test; (b) Single-line diagram of low-bandwidth communication network; (c)
Single-line diagram of low-bandwidth communication network with new electric vehicle insertion

The proposed algorithm can be implemented in the following steps:

(1) The p — f frequency droop control is performed according to (4).
(2) The control measurement module is used to track the local power generation Pg,; and local load demand
Py ; for each agent in the T' period, where a local prediction of the load value is required in (19).

(3) Secondary and tertiary control at t = 0 are:

(i) Each agent initializes the state information to (19);
(i1) Each agent communicates based on (17) and (18);
(iii) Each agent estimates the charging rate and battery status (CR) of the electric vehicle;

If Py, < Ii , continue;

Otherwise, set b; to 0;

If SoC, < SoC, , continue;

Otherwise, set Pr; =0 and return

t=t""D;

(4) The system reaches a steady state, Py, = Py ;or El , PrPg;— Pp,» w,=w*.
t=T;

Revising the initialization value and return 3.

4 Algorithm Validation

In this part, RT-LAB simulates the efficacy of the suggested control algorithm in MP. Fig. 3 depicts the physical
network and communication topology of the microgrid, which is made up of six DERs. Table 1 contains a list of
the simulation parameters.
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Table 1. Simulation parameters

Parameter Symbol Value

Rated frequency ® /27 50Hz

Generation active power R, P ={3,12.2,3,2} kW

Power specification value PO) P(0)€{2.8,0.9,2.4,2.4,3.5,1.5 kW
Local load P, pl, €{2,05,1,1.5,2.5,1.5} kW
Total load demand P 9kW

Drop coefficient D, D, €1{4,6,5,5,4,6}xkW s
Minimum charge and discharge power L 0kW

Maximum charge and discharge power P, P €1{0.5,0.8,1.2,1.0,0.5,0.5}kW
Efficiency coefficient a, a €{-12,-13,-1.5,-1.2,-0.9,~1}
Efficiency coefficient B B €{0.4,0.5,0.4,0.3,0.25,0.45} kW

Several case studies are conducted to validate the performance of the proposed algorithm under various sce-
narios.

Case Study 1: Time-varying EV load demands

In this case, the load demand changes over time, because the load demand is usually not constant in practical
applications. The MP measuring module, as previously stated, periodically monitors the load demand over a
20-second period. Notably, the control time can be reduced by modifying the control gain if the load demand

fluctuates quickly. The load demand is assumed to be 9kW in Table 1 at the beginning, 6kW at time point 1,

and 12kW at time point %2 , as shown in Fig. 3. As shown in the figure, the simulation results for six EV nodes
demonstrate that, following load disturbances, the incremental costs quickly adjust and gradually converge,

indicating effective cooperative optimization. The power output curves reveal that EV1 through EV6 are able to
dynamically adjust their active power based on system demands, showing consistent trends during disturbance
events. The frequency trajectories remain within the acceptable range of 49.85 Hz to 50.05 Hz and exhibit good
dynamic recovery performance. The bottom-right plot further confirms that the total coordinated response of the
EV group closely matches the total power mismatch, validating the effectiveness of the proposed control strategy
in achieving real-time power balance.

Case Study 2: Time-varying power generation

Since power generation is typically variable in real-world applications, time-varying power generation and
the CR limitation are taken into consideration in the present case. As previously stated, the MP measuring mod-
ule measures each DER’s power generation on a 20 second cycle. The total power generation starts at 10kW,
rises to 16kW at time point 1, and then decreases to 10kW at time point 2. These results are displayed in Fig.
4. The incremental cost curves show that all DER units rapidly converge to a common optimal cost level after a
disturbance, reflecting strong consensus in economic dispatch. The power output profiles suggest that the system
effectively allocates power among DERs based on their respective capabilities. The frequency responses show
that despite abrupt changes, the system quickly restores frequency near the nominal 50 Hz value, ensuring stable
operation. Finally, the aggregate response of the storage systems aligns closely with the mismatch between gen-
eration and demand, demonstrating the accuracy and responsiveness of the coordination mechanism.

Case Study 3: Electric vehicle plug-in test

The pluggable adaptability of MP under the suggested control method is confirmed in this instance. Based on
the simulation parameters of case study 1, the original six DERs have reached the optimal state before the sev-
enth DER is inserted. Fig. 5 displays the revised low-width communication network, and the associated Laplace
matrix has been changed as follows:
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Fig. 4. System outcomes under fluctuating load requirements: (a) Marginal cost variations, (b) EV’s Charging Rate (CR), (c)
DER frequency, and (d) Overall power balance
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Fig. 5. Results derived from time-dependent production conditions: (a) Marginal expenditure growth, (b) EV’s Charging Rate
(CR), (c) DER frequency, and (d) Overall power balance

The incremental cost curves exhibit an exponential decline and stabilize near —1, indicating that economic co-
ordination is achieved within a short time. As shown in Fig. 6, the power outputs of each DER unit show smooth
convergence and steady-state behavior, consistent with the system’s balancing objective. Frequency deviations
are minimal and quickly damped, confirming the system’s ability to maintain frequency stability. Importantly, the
total coordinated response of the BESSs nearly overlaps the generation-demand mismatch throughout the simu-
lation, verifying the high precision and fast adaptability of the proposed distributed control strategy.
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Fig. 6. Results obtained after integration of new DER: (a) Incremental cost dynamics, (b) EV’s Charging Rate (CR), (c) DER
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Case study 4

To assess the performance of the proposed forecast-based distributed control method, a simulation is conduct-

ed under step-wise load changes occurring at 5-second intervals. The actual load profile P;(t) switches among

9kW, 12kW, 6kW, and back to 9kW, while the forecasted load PL(t) follows a similar trend with a consistent

3% positive bias. The evolution of both actual and forecasted loads is shown in Fig. 7.
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As illustrated in Fig. 8, the frequency deviation responses under three different control strategies are com-
pared: conventional droop control, PI-based distributed control, and the proposed forecast-driven approach. The
droop-based method yields a maximum deviation of 0.42Hz and a settling time of 9.8s. The PI-based controller
improves these metrics to 0.21Hz and 6.3s, respectively. In contrast, the proposed method significantly reduces
the maximum deviation to 0.06Hz with a rapid settling time of 2.7s.

Notably, due to the integration of load prediction into the initialization process (as in Equation (19)), the
proposed method exhibits a predictive regulation capability. This results in a visible forward shift in frequency
response compared to the other two methods, enabling earlier corrective action before the full load deviation ma-
terializes. This forecast-aided responsiveness is particularly beneficial for reducing transient stress on microgrid
components and ensuring smoother power balancing under dynamic load conditions.

The experimental findings confirm the efficacy of the newly developed regulation method in preserving grid
frequency consistency while ensuring cost-efficient energy distribution across fluctuating operational scenarios.
The integration of load prediction significantly improves the system’s responsiveness and stability, reducing tran-
sient stress on microgrid components.

5 Conclusion

This work proposes a distributed collaborative optimal control technique based on consensus protocol and load
forecasting. In order to ensure cost-effective operation, the algorithm concurrently coordinates inverters to elim-
inate frequency variation and optimizes EVCR sharing. The algorithm could be implemented using a distributed
control system. With CR and battery SoC limitations. The proposed closed-loop control methodology exhibits
comprehensive asymptotic stability across all operational domains, effectively addressing both frequency syn-
chronization and aggregate power equilibrium challenges within a bounded timeframe. Empirical simulations
substantiate the control scheme’s operational efficacy, confirming sustained system stability when subjected to
diverse dynamic conditions such as fluctuating load requirements, intermittent power generation patterns, and the
randomized connection/disconnection of electric vehicle loads.

The proposed control strategy represents a significant advancement in the management of microgrid electric
vehicle parking lots (MPs). By integrating load forecasting and distributed consensus control, the algorithm not
only enhances the system’s responsiveness and stability but also optimizes the economic dispatch of electric ve-
hicles. This approach is particularly beneficial for reducing transient stress on microgrid components and ensur-
ing smoother power balancing under dynamic load conditions. The use of local load prediction further optimizes
the control process, allowing for proactive adjustments to maintain power balance and frequency stability even
under dynamic conditions.

In real-world applications, the proposed distributed control strategy can be deployed in microgrid-based EV
parking lots equipped with edge computing units and low-bandwidth communication infrastructure. Each invert-
er controller can be embedded with the proposed finite-time algorithm using low-cost microcontrollers or indus-
trial edge devices, allowing real-time coordination with minimal communication. The algorithm’s reliance only
on local and neighbor information makes it highly scalable and robust to network changes, which is crucial for
systems where EVs frequently plug in and out. Additionally, the load prediction mechanism can be integrated us-
ing lightweight forecasting models trained on local consumption data, enabling proactive adjustment of charging
behavior. Combined with existing inverter control systems and battery management protocols, this framework
offers a practical and cost-effective solution for achieving frequency stability and economic energy management
in dynamic EV-rich environments.

By effectively managing the charging and discharging processes of electric vehicles, this approach supports
the integration of renewable energy sources into the grid, thereby promoting sustainability and reducing carbon
emissions. The use of local load prediction further optimizes the control process, allowing for proactive adjust-
ments to maintain power balance and frequency stability even under dynamic conditions. Future work will fo-
cus on extending this algorithm to more complex microgrid configurations, exploring the integration with other
advanced control techniques such as machine learning for predictive maintenance, and conducting field trials to
validate the algorithm’s performance in real-world scenarios. Additionally, the potential for applying this control
strategy to other distributed energy systems, such as residential and commercial microgrids, will be explored to
maximize its impact on the overall energy management landscape.
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