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Scalable Neural Network Control for Nonlinear
DC Microgrids Under Plug-and-Play Operations

Abstract— Plug-and-play (PnP) operations of distributed
generation units (DGUs) with constant power loads (CPLs)
often destabilize DC microgrids (DCmGs). To address this
issue, this paper proposes a scalable neural network con-
trol strategy for nonlinear DCmGs with CPLs, enabling
seamless PnP operations of DGUs. A radial basis function
(RBF) neural network is employed to handle the uncertain
CPL nonlinearity without requiring any prior knowledge.
A structured Lyapunov matrix is utilized to eliminate the
coupling effects of power lines by reshaping them into a
Laplacian matrix structure. Within this framework, a scal-
able neural network control approach is proposed, inte-
grating a nominal controller with explicit gain inequalities
and an adaptive controller governed by an adaptation law.
This approach operates locally, independent of other DGUs
and power lines, ensuring PnP operations and maintaining
uniformly ultimately bounded stability. The effectiveness of
the proposed method is validated through case studies on
a modified IEEE 37-bus test system.

Index Terms— DC microgrids (DCmGs), scalable control,
plug-and-play (PnP), constant power loads (CPLs), radial
basis function (RBF) neural network.

. INTRODUCTION

HE on-going energy crises and growing environmental

concerns have accelerated the development and adoption
of renewable energy sources (RESs), such as photovoltaic
panels and wind turbines [1]-[3]. Microgrids have emerged
as essential components of modern power systems, providing
a sustainable and low-carbon platform for integrating diverse
RESs [4]-[6]. They are typically categorized into direct-
current microgrids (DCmGs) and alternating-current micro-
grids (ACmGs), both of which can perform in islanded or grid-
connected modes [7]-[9]. DCmGs, in particular, offer notable
advantages over ACmGs, including independence from fre-
quency regulation, harmonics cancellation, and reactive power
flow [10]. Therefore, DCmGs are widely applied in electric
vehicle (EV) charging stations, green building communities,
and marine power systems [11].

However, when the distributed generation units (DGUs)
integrating RESs are used to meet constant power loads (CPLs)
in DCmGs, two issues have to be addressed. 1) Voltage sta-
bilization under CPLs: Electronic loads, such as EV chargers
and air conditioners, behave as CPLs, introducing nonlinear
features and negative impedance effects [12]. These features
can destabilize the system, often leading to voltage drifts or
even collapse [13]. Consequently, CPLs are considered among
the most challenging components in the standard ZIP (constant
impedance, constant current, and constant power) load model
used in DCmG stability analysis [14]. 2) Scalability under

plug-and-play (PnP) operations: In practice, some DGUs may
need to be temporarily unplugged during low-demand periods
to improve system efficiency and reduce costs [15], while
additional DGUs must be plugged in during peak demand
periods to stabilize voltage under increased loads, such as
those imposed by fast EV charging [16]. These PnP operations
may induce voltage shocks due to variations in both the
number of DGUs and the coupling configuration of power
lines [17], [18]. In this context, it is not surprising that DCmG
stabilization and scalability have garnered significant attention
in recent years.

Voltage stabilization under CPLs can be achieved by ad-
dressing their nonlinearities. For example, Hu et al. [19]
proposed a robust control strategy that models CPL nonlin-
earity as bounded external disturbances. In [20], Jacobian lin-
earization was employed to analyze eigenvalues in linearized
DCmGs with CPLs. A nonlinear backstepping control method
was introduced in [21], where the nonlinear DCmG system
is transformed into Brunovsky’s canonical form. Other ap-
proaches, such as those in [22]-[24], approximated nonlinear
DCmGs with CPLs as linear systems, using polytopic set-
based control techniques [22] or T-S fuzzy control methods
[23], [24]. However, these methods typically assume that CPL
dynamics need to satisfy the Lipschitz or bounded constraints,
which are strong assumptions, limiting their applicability to
the complex nonlinearities encountered in DCmGs. Moreover,
their effectiveness is restricted by the specific DCmG sizes
and topologies, making them non-scalable for frequent PnP
operations of DGUs.

Scalable control methods are essential for ensuring seamless
PnP operations of DGUs while maintaining voltage stability
of DCmGs [18]. In recent years, several scalable control
schemes have been extensively developed in DCmGs. For
instance, Wang et al. [25] proposed a scalable reliable voltage
control scheme using a structured free-weight matrix (SFWM)
to mitigate the coupling effects of power lines. Eliminating
the line coupling is critical for scalability of DCmGs, as the
plugging-in/-out of DGUs alters the coupling configuration
of power lines. In this regard, a scalable robust voltage
control method adopting a structured slack matrix (SSM) was
introduced in [26], and a scalable optimal voltage control
approach was developed utilizing a structured Lyapunov ma-
trix (SLM) [27]. Furthermore, a SLM-based scalable fault-
tolerant control strategy was proposed in [28] against actuator
faults. While these scalable control methods enable smooth
PnP operations, they fail to address the nonlinearities and
negative impedance effects associated with CPLs. Moreover,
their controller designs require solving linear matrix inequality
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TABLE I: Comparative Analysis Between the Contributions of
This Paper and the Existing Results in the Literature

Refs.! VSUCPL? Sca3 SANCPL* WRLBCPL> MES®
[19] v/ X BC’ X -
[20] v X JL8 X -
[21] v X BM® X _
[22] v X ps!o X _
[23] v X T-SFR'! X -
[24] v X T-SFR X _
[25] X v - - SFWM12
[26] X v - - SSM13
[27] X v/ - - SLM!4
(28] X v - - SLM

15 v/ v/ RBFNN!© v/ SLM

TReferences. > Voltage stabilization under CPL. > Scalability.
4Solutions for addressing the nonlinearity of CPL.

5Without requiring Lipschitz or boundedness of CPL.
SMethods for ensuring scalability. “Bounded condition.
8Jacobian linearization. 9Backstepping method. 'OPolytopic set.
TS fuzzy rule. 2Structured free-weight matrix.

13Structured slack matrix. 14Structured Lyapunov matrix.
15This paper. 16Radial basis function neural network.

(LMI) problems with structured matrices, often resulting in
numerical infeasibility or over-conservatism.

Motivated by these observations, the following challenges
will be addressed:

1) How to stabilize voltage in nonlinear DCmGs without the

need for prior knowledge of CPLs?

2) How to design a control method that enables the seamless
PnP operations of DGUs under CPLs?

3) How to ensure that the proposed controller design is
numerically solvable, thus preventing rejection of plug-
in/-out requests?

To cope with these challenges, this paper proposes a scalable
neural network control scheme for voltage stabilization in
DCmGs with CPLs. A comparative analysis of the existing
results in the literature is provided in Table I. It highlights that
existing results primarily focus on either voltage stabilization
with prior CPL knowledge or scalability without CPLs. In
contrast, the proposed control scheme employs a scalable
neural network to enable PnP operations of DGUs with CPLs
while eliminating the need for prior CPL knowledge. The main
contributions of this paper are summarized as follows:

1) Unlike linear [19], [20], nonlinear [21], and approxi-
mated linear methods [22]-[24] that rely on Lipschitz
or bounded conditions of CPLs, this paper employs a
radial basis function (RBF) neural network to accu-
rately approximate CPL nonlinearities without any prior
knowledge, providing a flexible and practical solution for
nonlinear DCmGs.

A scalable neural network control mechanism is pro-
posed based on a structured Lyapunov matrix, ensur-
ing uniformly ultimately bounded (UUB) stability even
during plug-in/-out operations of DGUs with CPLs. By
transforming the coupling effects of power lines into a
Laplacian structure within the admittance matrix, this
mechanism enables local operation, independent of both
the number of DGUs and the coupling configuration of
power lines, thus enhancing scalability.

3) Compared to traditional scalable control methods that are

2)

based on solving LMIs with structured matrices, e.g.,
SFWM [25], SSM [26], and SLM [27], [28], which
often lead to numerical infeasibility and excessive conser-
vatism, this paper develops explicit inequalities for nom-
inal controller in conjunction with an adaptive controller.
This design is inherently feasible, eliminating numerical
infeasibility and ensuring that all plug-in/-out requests for
DGUs are permitted.

Notations: Let R™>*™ denote the space of all real matrices
of dimensions m x n, and 0""*" represent the null matrix
of the same size. For any square matrix G € R"*", the
notation G < 0 (or G > 0) indicates that GG is negative
definite (or positive definite). The symbol * is used to represent
symmetric elements in a symmetric matrix. The operator
diag{z}, for a vector z € R™, generates a diagonal matrix
with the components of z as its diagonal entries. Apax(H)
and A\ (H) denote the largest and smallest eigenvalues of a
matrix H, respectively. S, S} .1 indicates the plugging-in of a
new subsystem S, into system S,,, while S,,|S,_; signifies
the plugging-out of an existing subsystem S, _; from S,,.

This paper is structured as follows. Section II introduces the
DCmG model and problem formulation. Section III presents
the UUB stability analysis and scalable neural network con-
troller design. Section IV outlines PnP operations. Section V
provides simulation results. Section VI concludes this work.

Il. SYSTEM MODELING AND PROBLEM FORMULATION

Graph Theory: The system topology is represented by a
connected graph G = (V,&,A), where V = 1,2,...,n
denotes the set of nodes, £ C V x V represents the set of
edges, and A = [a;;] € R™*™ is the adjacency matrix. For
each node ¢ € V, the condition a;; = O ensures that there is
no self-loop in the local information flow. If an edge (j,i) € £
exists, information flows from node j to ¢ with an associated
weight a;; > 0; otherwise, a;; = 0. The set of neighbors of
node 7 is denoted by N;. The in-degree matrix is defined as
D = diag(»;) € R"*", where 5; = 3, . a;;. The Laplacian
matrix £ = D — A is symmetric, positive semi-definite, and
has non-negative off-diagonal elements.

TABLE II: Nomenclatures of the Local DCmG Parameters

Nomenclature Electrical parameters
U; PCC voltage
Ureti Reference voltage
Us; Source voltage
U, Integrator state

I; Filter current

Ry; Resistance of the RLC filter

Lg; Inductance of the RLC filter
Cti Capacitance of the RLC filter
R;; Resistance of the power line
Lij Inductance of the power line
Py; Power consumed by the CPL.
d; Duty cycle of the converter

As shown in Fig. 1, the interconnected DCmGs are depicted
in a decentralized configuration, where power lines serve as
the sole communication medium, modeled as RL circuits [27].
Each subsystem consists of a renewable DGU, a local con-
troller, and a local CPL. The DGU consists of a buck converter,
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Fig. 1: Framework of scalable neural network control for nonlinear DCmGs under plugging-in/-out operations.

a series RLC filter, and a DC voltage source representing a
RES. The buck converter interfaces between the DGU and
the controller, which regulates the power supply to the load
connected at the point of common coupling (PCC). Detailed
descriptions of the local parameters are provided in Table II.

A. Local Model of a DGU With a CPL

By applying the Kirchhoff’s voltage and current laws to the
local DGU and power line depicted in Fig. 1, the following
local system dynamics are obtained:

| 1 Py
Ui=1i+ 515 — =5+ 1
PR oR L Aron ;7 (1)
. Ry 1 d;
Li=—200 - U+ U, b
Ly; Ly; Ly; (1b)
. 1 1 Ri;
[j=—U - —U, — 25, I
J Lij J Lij Lij J ( C)

Using the quasi-stationary-line (QSL) approximation [29] for
power lines, i.e., I;; = 0, the line dynamics in (lc) can be

simplified as )

According to IEEE standards [30], a key requirement for
the local controller is to ensure voltage stability in DCmGs
by accurately tracking the reference voltage Uly;, thereby
minimizing voltage deviations. To eliminate static error, the
following integrator is introduced:

ui = Urefi -

L =— (U; = U,). )

Ui 3)

where U,.; is treated as a constant because it represents the
target operating voltage for each DGU, set based on standard

conditions for stable and efficient power distribution. The
integrator state U; represents the accumulated voltage error
at the PCC;.

Therefore, the dynamics of the local DCmG model are
described as fOHOWS'

Py,
I
M Z CuRi;  Cnl,
R, d; @)
h=-tip o Ly Gy,
Lo In Iy
ui == Urefi - Uz

For an equilibrium point [Uy;, Uoj, Loi, Uos, doi), the following
Ui RuCnUG

condition holds:
p— P[I.lax
ARy’ Ly } b

where P;}** denotes the maximum power demand of the Icoal
CPL by linearizing the system (4) around the equilibrium
point [24]. After implementing a change of coordinates at the
equilibrium point, the system can be rewritten as

Py; < min {

1
(U
Z sz ij szf( )
- Ry - d; (5)
Wiy~
’ Ly " szU * Ly; [
U, =-U,;
where
Ui = U, — Uy, U; = U — Uy Us = Us — Uoy,
_ — —_— P’LUZ
I = I; — Iy, d; = d; — doi, f;(U;) = -

Uoi(U; + Uoi)
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The state-space model of (5) is expressed as
S; : l‘l(t) = Aiil‘i(t) + Biui(t) + D f; (xl(t))
+ ZjeM Aij (25 (t) — 24(t))

where z; = [U;, 1;,U;]" represents the state vector of S;,
and x; denotes the state vector of S;, for i € V, j € Ni.
The control input is denoted by u; = d;U,;. The function
fi(x;(t)) represents the unknown nonlinearity of the CPL. The
term ), Aij(2;(t) —xi(t)) denotes the coupling of power
lines, with A;; being the corresponding coupling matrix. The
relevant matrices are given as

(6)

[0 4+ O 0
A., — 1 &ﬁ 0 B _ 1
1 T _Tu _Tn 9 (2 Lg; )
-1 0 o0 0
r 1 1
CriRij 00 Ch;
Aij = 0 0 0 , D= 0
0 0 0 0

Remark 1: The local DCmG system (6) is an approximate
model based on the following assumptions: 1) The RES is
modeled as an ideal DC voltage source, justified by the slow
timescale of typical RES power generation fluctuations and
the inclusion of energy storage units that stabilize stochastic
variations in power output [26]. 2) The switching dynamics
of the buck converter are simplified using standard space
averaging techniques [27], allowing the converter output to be
approximated as u; = d;Us;, where Us; is sufficiently large to
avoid saturation of d; € [0,1]. 3) The QSL approximation
for line dynamics is adopted to model neutral interactions
among DGUs, as expressed in (2), with its validity supported
by singular perturbation theory [29]. 4) CPLs are connected
at the PCC through an RLC filter, enabling interconnections
to be represented using the Kron reduction method [31].

B. Global DCmG Model With n DGUs With CPLs

The global DCmG system, comprising n DGUs with CPLs,
can be described as follows:

S, @(t) = Ax(t) + Bu(t) + Df(x(t)) (7
where
w(t) = [oT(8), 21 (1), ... 2L(1)]",
u(t) = [uf (1), ud ®),...,ul ()],
Ft) = [ (@ (0), F @a(t), . FE (8]
and
A+ Aa Aro An
Az Ago + Agz Aoy
A= : : : ’
A;zl An2 Ann + Adn
B = diag{Bl,Bg, .. .7Bn}, FE = diag{El,Eg, .. ,En} .

In (7), the global system matrix A is decomposed into three
distinct parts as follows:

A=A,+A;+ A, (®)

where A, = diag{A11,Ass,...,An,} collects the dy-
namic behavior of all DGUs. The terms Ay and A, de-
note the coupling effects of power lines. Specifically, Ay =
diag {Ag1, Aaz2, - - ., Aan}, where each block is given as

_ Z 1C 1x2
Ri;Cri
Agi = jen; ot 9
02><1 02><2

reflecting the dependence of each local state on neighboring
DGUs. Additionally, A, captures the interaction effects across
power lines, consisting of zero diagonal blocks and off-
diagonal blocks A;;.

C. Description of RBF Neural Network

In a DCmG system, CPLs exhibit nonlinear character-
istics that correspond to first-third quadrant hyperbolas in
the voltage-current relationship. These nonlinearities are in-
trinsically dynamic and dependent on functional conditions
[13]. As these loads are not explicitly know a priori, their
nonlinear behaviors pose significant challenges for direct mod-
eling and control, introducing considerable uncertainty into
the system. Because of the unknown and variable nature of
these nonlinearities, traditional linear modeling approaches are
often inadequate, thereby necessitating the use of advanced
approximation methods, such as neural networks.

RBF neural networks are well-established for their ca-
pacity to approximate unknown smooth nonlinear functions
[32]. Within the context of DCmGs, RBF neural networks
are particularly suited for capturing the continuous nonlinear
dynamics associated with CPLs. Thus, they can be utilized to
approximate the unknown nonlinear function f;(z;(t)) in (6).

An RBF neural network frpr(X) approximates any contin-
uous function f(X): R™ — R and is expressed as

frer(X) = UT(X)

where X € ® C R? is the input vector, with g repre-
senting the input dimension of the neural network. ¥ =
[p1,d2,. .., ¢>l]T € R! denotes the weight vector, where [ is
the number of neurons. The basis function vector ¢ (X)
[01(X), 02(X), ..., gl(X)]T consists of the following Gaus-
sian functions:

(10)

(X —9)T(X — ;)
5

where §; is the width of the Gaussian function, and ¥; =
(i1, V2, . .., Vg represents the center of the receptive field.
As shown in [32], when the number of nodes [ is sufficiently
large, the RBF network (10) can approximate any continuous
function f(X) over a compact set & C R? with arbitrary
accuracy p > 0. This approximation is represented as

FX) = T Th(X) + p(X)

where U* = arg min,,cgi {sup x| f(X) — U7 (X)[} repre-
sents the ideal weight vector minimizing the supremum of the
approximation error over ®, and ¢(X) is the approximation
error, satisfying ¢(X) <.

Remark 2: The approximation accuracy of RBF neural
networks directly affects the control performance in DCmGs.

0i(X) =exp |- 1D

(12)
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A more accurate model, achieved by increasing the number of
neurons, reduces the approximation error ¢(X) and enhances
control precision. However, this improvement increases com-
putational complexity, potentially hindering real-time imple-
mentation. Alternative neural networks, such as deep neural
networks (DNNs) or convolutional neural networks (CNNs),
can achieve higher fidelity in approximating nonlinearities
but often require extensive training datasets and significant
computational resources, making them less practical for real-
time control. The RBF neural network is employed in this
work for its efficiency in approximating smooth nonlinearities
associated with CPLs while balancing accuracy, computational
cost, and real-time applicability.

D. Local Controller Design

The RBF neural networks are employed alongside an adap-
tive control method to facilitate online parameter approxima-
tion and estimation. &q( ) (i eV, q=1,2,...,r) is the online
estimate of &, = || W |*, where & = [€i1, Gz, -, €]

According to [25], the pair (A4;;, B;) is controllable. There-
fore, the local neural network controller for subsystem S; (6)
are designed as follows:

(C,L' DU (t)

where K; = [ky; ko; k3] € R represents the nominal
controller gain, and the adaptive controller u;(t) is formulated
as follows:

= Kxi(t) + ui(t) (13)

i) = égﬁzﬂ( )i 0) B |PD ) DF )
(14)

with the adaptation law defined as
Ealt) = 2 ol @O OIRDIPED a5

where ¢, (¢ = 1,...,r) represents the adaptive gain. The
term 1);(z;(t)) denotes the basis function vector, and P; is
the Lyapunov matrix, which will be discussed in the sequal.

Remark 3: The decentralized control framework presented
in this paper is specifically designed for DCmGs with physical
power line connections, eliminating the need for communi-
cation networks among subsystems. This architecture brings
several key advantages [10], [33]:

1) Scalability: This framework facilitates the seamless con-
nection or disconnection of DGUs, making it well-suited for
applications requiring flexible and scalable system architec-
ture.

2) Simplicity: By avoiding complex communication setups,
the system simplifies the deployment and management, which
is advantageous in practical applications with limited compu-
tational resources.

3) Resilience: The independent functionality of each sub-
system enhances resilience against communication delays,
cyber threats, and privacy issues.

4) Redundancy: The decentralized control approach builds
redundancy by distributing control tasks across subsystems,
minimizing reliance on any single unit and ensuring continued
functioning despite individual failures.

[I. UUB STABILITY ANALYSIS AND SCALABLE NEURAL
NETWORK CONTROLLER DESIGN

In this section, the UUB stability criteria is presented for
the DCmG system described by (6), excluding the coupling
term .o n, Aij(z(t) — x;(t)). Specifically, the focus is on
the dynamics: @;(t) = A;x;(t) + Biui(t) + D; f; (acz(t)) The
primary result is summarized in the following theorem.

Theorem 1: For i € V, the closed-loop local DCmG system
Si, excluding the coupling term .\ A;j(x;(t) — z4(t)), is
UUB if there exists an arbitrary positive definite matrix P; and
a nominal controller gain matrix K; belonging to the set:

kl’i < 17
Ko=q s i (16)
0 < k3; < —(k1; — 1)(k2i — Ry)
Ly;
such that the following condition holds:
Qi = PAy + AP, + P,B;K; + KBl P, <0  (17)

under the adaptive controller u;(t) defined in (14) with the
adaptation law given by (15).
Proof: Define the adaptive error variable as

Eiglt) = &) — Eig (18)
and consider the following Lyapunov function:
Vi(t) = Vaii(t) + Vai(t) (19)

where ‘/11( ) =x; ( )P 1‘1( ) and sz(t) = 2221 glglit)
The time derivative of V7;(¢) along the trajectories of S; is

given by
Vai(t) =

al (O)Qixwi(t) + 2z (t) P, By (t)
+22] () PiD; f;(24(t))
= 2l ()Quzi(t) + 22T () P;D; fi(wi(t))

O T p IED )
(20
Similarly, the time derivative of Va;(t) is
Vai(t) =2 Z f” fia(DEig )
21 -
2D

§(0) i (i (0) | P.Ds| 3 (8).

_Zf T

Z

For the unknown nonlinearity f;(x;(t)) of the CPL in (20),
one has

2] (t)P;D; fi(wi(t)) = — || PiDs || %27 (¢)
+22] () PiD; [ fi(zi(t)) + 0.5(| P Dy|| 23 (t)] (22)
<2x] (t)P,D; F,(i(t)) — || P.Di|*3 (t)
where Fj(x;(t)) = fi(z:(t)) + 0.5]|PD;||2?(t). Since

F;(z;(t)) is unknown and cannot be directly implemented, it
is approximated using the RBF neural network W74, (z;(t)),
leading to

Fi(wi(t)) = Wi ¢i(xi(1) + @ili(1), il (1) < i (23)
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Substituting (23) into (22) and applying the basic inequality
2ab < a? + b2, it can be obtained that

22] (t)PiD; fi(w(t)) < 2x] () PD; U]y (wi(t))
+ 2] () PiDyspi(wi(t)) — | 2Dy || *2 ()

<Z (éqd) (1))l (0)) [ P D 2() *5"2q>

2
+ | BiDill*23 (t) + 27 — | D" (¢)

& _
_Z ( Sl (i) i (@i () | P Da| P (8) + 67, | + %
q=1 0
(24)
where &, = ||¥;® is an unknown parameter.

(] ()P DT i(xi(1))),
wl (t) P Dy by ((t)).
Combining (18), (20), (21), and (24) yields

Vi(t) = Vaia(t) + Vau(t)

+Zé,q+so,

denotes the ¢-th element of

Tt >£Z<2)wT< ()i ()| Dy Pt
Z a0 (0 (1) ()LD 220
+ Z (fzw (e (O (0 [P D 2 >>
(t)Qiws(t) + Z 5z, + 5.
(25)

Considering V;(t) < 2T (t)Qqzi(t) + Z 87, 4+ ;. it can be

< 0 if the followmg condltion is satisfied:

(26)

concluded that V;(t)
() > ai

where «; = [( Z 5“1 +73)/(— de(Ql))]

Thus, VZ( ) is negative definite outside the compact set
Qu, =: {zill|z;(t)]] < a;}, meaning that whenever ||z;(t)||
exits this set, V;(¢t) will decrease, and ||z;(¢)| will remain
bounded with the ultimate bound «;.

Furthermore, since ); < 0 in (17), it can be deduced that
there exists a positive scalar /3; such that

251(1 +@ 501

Multiplying both sides of (27) by efit and integrating, one

obtains
(z 7+ %)

According to the similar method in [34], one has

o ()

(1/2).

Vi(t) < —BiVi( 27)

Vi(t)

i (t)Pyi(t) < Vi(t)

Therefore, it can be obtained that

i (O] < i (28)
where v; = [( 3(0) + (Z 57,q + %) )//\mm( 1)}(1/2)~
From (26) and (28), one can conclude that
a; < [z @) < i (29)

Based on the above analyses, it has been shown that
all solutions of DCmGs will start in a ball Q, =:
{z; | < ||z;(t)]] < ~;}, enter the smaller ball €, and ul-
timately be bounded by a scalar «;, which is consistent with
definition 4.6 in [35]. Thus, the proof of UUB stability is
completed.

Remark 4: Theorem 1 addresses the challenge of the un-
known nonlinearity f;(z;(t) introduced by CPLs, with the
RBF neural network W74, (x;(t)) handling the nonlinearity
without requiring prior knowledge. Existing approaches, such
as the robust control strategy developed in [19], encounter
challenges in dealing with unknown and unbounded CPLs.
Jacobian linearization [20] struggles to balance improvements
in settling time and overshoot performance [36]. Nonlinear
backstepping control [21] may not fully address CPL non-
linearities in the presence of noise [37]. Additionally, linear
approximations, as shown in [22]-[24], often lead to degraded
performance due to their reliance on the Lipschitz conditions
of CPLs, limiting their effectiveness.

Remark 5: The UUB stability analysis presented in Theorem
1 assumes the absence of line coupling >\ Ayj(2;(t) —
2;(t)). When the coupling term is present, the stability con-
dition in (17) may no longer be sufficient, particularly during
the plug-in/-out operations, where coupling characteristics can
vary. However, if the adverse effects of these line couplings
can be mitigated, UUB stability can still be ensured by
satisfying the local condition in (17), thereby demonstrating
the scalability of the proposed approach.

To address the negative effects of line couplings on the
stability condition, the following theorem provides a solution.

Theorem 2: The closed-loop global DCmGs S,,, which
consists of n DGUs interconnected through power lines,
remains UUB during frequent PnP operations of DGUs un-
der CPLs if there exists a positive definite matrix P =
diag{P1, Py, ..., P,}, where each P; is designed as the
following fixed structure:

=T 1x2
P, = { o O ],Pz->o, p>0, (0
and a matrix K = diag{Ky,K>,...,K,}, where each

nominal controller gain matrix K; belongs to the set K; as
described in (16), such that the following condition holds:
A"P+PA+K"'B"P+ PBK <0. 31)

under the local adaptive controller defined in u;(t) (14) with
the adaptation law given by (15).
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Proof: Based on the decomposition of A given in (8), the
term AT P + PA in (31) can be expanded as follows:

AP+ PA=ATP 1 PA,
(©)
+ | ATP+ PA,+(ATP + PA,)

(b)
where term (a) is a block diagonal matrix representing the
dependence of the global system state on neighboring DGUs,
with each block given by Azl;Pi + P;Ag;. Term (b) denotes
the coupling effects of power lines, consisting of blocks with
zeros on the diagonal and off-diagonal blocks of AﬁPj +
PA;;, forieV, je N;. Additionally, term (c) captures the
destabilizing effects due to line couplings.

For term (a), recalling the matrix Ay given in (9) and
the structured Lyapunov matrix P; defined in (30), it can be
obtained that it’s each block is given by

(32)

(2)

T -2 % 0 3%3
AdiPi + PzAdz = j€2/\/-;1 9y e R . (33)
0-% 0-%

It is evident that the matrix in (33) has non-zero elements only

in the (1, 1) position, with all other elements being zero. After
removing the zero terms, define

2p

Di--y

JEN; &

and by collecting these blocks, one obtains
D = diag {D11, D22, ..., Dun} -
For term (b), it can be rewritten as follows:
{AJTin—f—PiAZ-j, ifieV,jeN;
0,

(34)

otherwise.

Reminding the matrix A;; presented in (6) and P; (30), one

has

2p 1x2

ATP;j + PiA;; = [ } e R3*3. (35)

Ri]‘
02><1 02><2

Similarly, only the (1, 1) element is nonzero. Define A;; as
the non-zero entry, i.e.,

2p

, ifieV,jeN;
Aij = Rij
0, otherwise.
Collecting these blocks into the matrix
0 A Ain
~ A1 0 Aon
A= . . . (36)
A Apz -0 0
For term (c), define L=D+A, yielding
Dy1 A2 Ay,
. Az1 Do Aan
L= ) . ) (37)
Anl An2 Dnn

By observing the structure of 73, it can be seen that —YAZ
corresponds to the in-degree matrix in graph theory, while A
represents the adjacency matrix. Therefore, — L resembles the
Laplacian matrix, implying symmetry and positive semidefi-
niteness. This means that

L£<0 (38)
which implies that term (c) is non-positive, i.e.,
AP+ PA,+ ATP 1+ PA, <. (39)

Finally, recalling the local condition (17) from Theorem 1, one
obtains

AP+ PA, + K"B"P+ PBK <0.  (40)

Using the decomposition A = A,+ Az+ A, in (8), we derive
the LMI condition (31) ultilizing the structured Lyapunov
matrix (30). Thus, the proof is completed.

Remark 6: Theorem 2 provides a sufficient condition for
achieving UUB stability in the global DCmG system S,,
comprising n DGUs interconnected by power lines. By uti-
lizing the structured Lyapunov matrix (30), the coupling
effects among DGUs due to power line interconnections are
transformed into a Laplacian structure, thereby eliminating
these effects from the stability condition. This transformation
enables the global UUB stability condition (31) to be inter-
preted as a straightforward aggregation of the local stability
condition (17), independent of line couplings.

Remark 7: The structured Lyapunov matrix used in this
paper adopts a block diagonal structure similar to those in
[27], [28]. Unlike them, where the control design depends on
LMI optimization and may yield a single control gain that
is challenging to compute, the proposed method establishes
the adaptive controller (14) governed by the adaptation law
(15) and designs explicit inequalities for nominal controller
(16), which are always solvable. Consequently, requests to
plug-in/-out DGUs are never denied, ensuring the scalability
for seamless PnP operations. Additionally, this scalability
preserves the privacy of individual DGUs, as it does not
require the disclosure of DGU model specifics or operational
settings during PnP process, which is an essential feature in
decentralized energy markets.

IV. PNP OPERATIONS

This section details the PnP operations of subsystems
(DGUs and CPLs) in a DCmG while ensuring voltage stability.

1) Plugging-in operation: Consider a global DCmG S,
composed of n subsystems, each governed by the proposed
scalable neural network control scheme C; as defined in (13).
When an additional subsystem S,,; is plugged into S,
forming a new system S,, ;1 = S,,[S}", ,, stability is preserved,
provided that the controller C,, 1 complies with the conditions
specified in Theorem 2.

2) Plugging-out operation: The process of removing a sub-
system is straightforward and does not disrupt the stability of
the remaining subsystems. In an interconnected DCmG S,,,
where each subsystem is managed by the proposed controller
C;, any DGU with CPL can be disconnected at any moment.
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The resulting configuration, denoted as S,,—1 = S,|S,_;,
remains stable because the local controller C,,_; requires only
the individual subsystem’s model.

V. SIMULATION RESULTS
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Fig. 2: The modified IEEE 37-bus test feeder.

TABLE Il Electrical Parameters for DCmG System

S;  Re(Q) LemH) Cp(mF) Upr(V)  Pp(W)
1 0.2 1.8 2.2 47 380
2 0.3 2.0 1.9 48 350
3 0.1 2.2 1.7 45 400
4 0.5 3.0 2.5 50 360
5 0.4 1.2 2.0 46 370
6 0.6 2.5 3.0 49 390

This section presents case studies conducted on a modi-
fied IEEE 37-bus test system [38], illustrated in Fig. 2. To
demonstrate the effectiveness of the proposed control strategy,
simulations are performed on the test system, which features
six DGUs, with source voltages set to Us; = 80V and voltage
reference values U (V) slightly varied to induce current
flow I;; through power lines in the asymptotic regime. The
controller gains ky;, k2;, and ks3; are selected from the set K;
defined in (16). The value of p = 10 is set for all DGUs.
Additionally, the RBF neural network W74, (x;(t)) comprises
11 nodes with centers evenly distributed in [—5,5] x [—5, 5]
and a width of two. The electrical parameters are provided in
Table III, sourced from [27].

A. Case Study 1: Open-Loop Performance Without
Controller

In order to better illustrate the effectiveness of the proposed
method, we firstly discuss the open-loop performance of
voltage tracking in this case.

As shown in Fig. 3, without a controller, DCmGs experience
significant voltage shocks and oscillations. According to the
survey [39], 34% of manufacturers consider power semicon-
ductor devices (e.g., IGBTs or MOSFETs within converters) to

Fig. 3: Voltage tracking at PCCs of the open-loop DCmGs
without the controller implementation.
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Fig. 4: Scalable performance for plugging-in/-out operations.

be the most vulnerable components in their power electronics
products. Therefore, such overvoltage events can damage
power electronic devices, leading to failures and damage to
the DCmG infrastructure.

These observations highlight the need for an advanced
control strategy, as detailed in the subsequent case studies,
to tackle the challenges posed by PnP operations and varying
CPL power demands, thereby preventing significant voltage
fluctuations.

B. Case Study 2: Scalable Performance Under PnP
Operations

This case evaluates the scalable performance of the pro-
posed control scheme during PnP operations.

Initially, at ¢ 0 s, DGUs 1-6 are initialized with
all power lines disconnected, resulting in no power transfer
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Fig. 5: Adaptation for increasing/decreasing power of CPLs.

between them. During this phase, the scalable neural network
controllers w;(t),i = 1,2,...,6 regulate PCC voltages to
their reference values Uf;. At t = 1.5 s, DGUs 1-5 are
interconnected, forming the DCmG system S5, while DGU 6
remains disconnected. At ¢t = 3 s, DGU 6 is plugged-in, and
DGU 5 is unplugged at t =4 s.

As depicted in Fig. 4(a), PCC voltage signals exhibit only
minor deviations from their set-point references during PnP
operations, with prompt recovery. The control signal is repre-
sented as u; = d;Ug;, with only the duty cycle d; shown in
Fig. 4(b). These results demonstrate the scalable performance
of the proposed voltage controllers during the PnP operations
of DGUs with CPLs.

C. Case Study 3: Adaptation to Varying CPL Power
Demands

This case assesses the adaptation performance of the pro-
posed control scheme in response to varying CPL power
demands.

After the DCmGs are initialized and interconnected, a
simulation is conducted where P, increases to 570W, Py to
490W, and Py3 to 481W at ¢t = 3 s. Subsequently, at t =4 s,
Pyy decreases to 252W, Pps to 240W, and Pyg to 195W. The
voltage tracking signals at PCCs are depicted in Fig. 5(a), and
the corresponding control signals are presented in Fig. 5(b).
These results demonstrate that the voltage signals remain close
to their reference values, with negligible steady-state error and
fast recovery from any deviations. Therefore, the proposed
scalable neural network control method effectively adapts to
the varying power demands of the CPLs.
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(a) Voltage tracking at PCCs using the control method in [19]
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Fig. 6: Comparative analysis with existing control methods.

D. Case Study 4: Comparative Analysis With Existing
Methods

To further validate the proposed approach, comparative sim-
ulations are conducted with two representative methods: the
robust control strategy in [19], which addresses CPL-induced
nonlinearity but lacks PnP capability, and the scalable voltage
control method in [27], which supports PnP operations but
does not consider CPLs. The initialization and PnP operations
in this case follow the same timing sequence as described in
case study 2.

The results, shown in Fig. 6(a) and Fig. 6(b), highlight the
limitations of these existing methods. Specifically, Fig. 6(a)
shows that the method in [19] exhibits significant voltage
deviations during PnP operations, which remain uncorrected
due to its limited scalability. Meanwhile, Fig. 6(b) indicates
that the method in [27] fails to maintain voltage stability under
the influence of CPLs, reflecting its inability to address the
destabilizing effects of such loads. By contrast, the proposed
approach, as illustrated in Fig. 4, effectively addresses these
issues in one framework.

VI. CONCLUSION

This paper proposed a scalable neural network control
strategy designed to stabilize voltage in nonlinear DCmGs with
CPLs. To address the nonlinearities introduced by CPLs, RBF
neural networks were employed, without relying on Lipschitz
or bounded conditions. To mitigate the line couplings, a
structured Lyapunov matrix was utilized, transforming these
effects into a Laplacian structure of the admittance matrix.
Furthermore, a scalable neural network control approach was
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developed, ensuring scalability for smooth PnP operations and
maintaining UUB stability. Case studies on a modified IEEE
37-node test system verified the effectiveness of the proposed
approach. Future research will focus on extending this scalable
methodology to achieve more advanced control objectives by
combining a hierarchical architecture, such as current sharing
and voltage balancing in cyber-physical DCmGs.
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