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ABSTRACT

To address the limited capability of conventional distributed secondary control methods in exploiting multi-node coupling
and dynamic information during frequency and voltage restoration in islanded microgrids, this paper proposes a
spatiotemporal convolutional network-based distributed secondary restoration control method. First, a microgrid model
incorporating droop control, communication topology, and restoration objectives is established, and the restoration
problem is formulated as a distributed control task based on local measurements and neighborhood information. Then,
spatiotemporal input features integrating frequency and voltage deviations and power information are constructed.
A spatiotemporal convolutional network is employed to extract spatial correlation among distributed generators and
temporal characteristics during disturbances, thereby generating secondary compensation signals. Furthermore, a hybrid
control framework combining a distributed secondary controller with a spatiotemporal compensator is developed to
enhance regulation capability while preserving the control structure. Simulation results show that the proposed approach
achieves smaller deviations, shorter recovery times, and stronger disturbance rejection under load variations, parameter
perturbations, and communication delays. The results indicate that introducing spatiotemporal feature modeling into
distributed secondary control reduces transient deviations, shortens recovery time, and improves disturbance rejection

capability in the tested microgrid scenarios.

KEYWORDS
microgrid, distributed secondary control, spatiotemporal convolutional network, cooperative frequency and voltage
restoration

INTRODUCTION

With the rapid development of distributed energy resources, energy storage systems, and power electronic

interfacing technologies, microgrids have emerged as an important solution for enhancing renewable energy
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integration, improving distribution system flexibility, and ensuring reliable power supply [1, 2]. In particular,
under islanded operating conditions, microgrids are capable of autonomous power supply and local energy
management, which makes them highly promising for remote-area electrification, critical load support, and
the development of future power systems [3, 4]. In general, inverter-based distributed generators are oper-
ated under a hierarchical control architecture to achieve stable operation and proper power regulation [5].
Among these control layers, primary droop control has been widely adopted due to its simple implementation
and low communication requirements [6, 7]. However, while droop control enables active and reactive power
sharing, it inevitably leads to deviations in system frequency and voltage magnitude from their nominal values.
Therefore, high-performance secondary control strategies are essential to restore frequency and voltage
rapidly and accurately, thereby guaranteeing power quality and operational stability in islanded microgrids.
In recent years, extensive research efforts have been devoted to secondary control of microgrids. Centralized
secondary control can achieve high control accuracy by utilizing global information, but it strongly depends
on a central controller and communication infrastructure, which makes it vulnerable to single-point failures
and limits its scalability [8]. By contrast, distributed secondary control has attracted increasing attention
because of its superior flexibility, robustness, and scalability [9]. Existing distributed approaches are mainly
developed based on consensus algorithms, proportional-integral regulation, state-feedback strategies, and
event-triggered mechanisms, which can restore frequency and voltage to a certain extent while maintaining
power-sharing performance. Nevertheless, as microgrid structures become increasingly complex and the
coupling among distributed generators becomes stronger, conventional control schemes still show limited
capability in exploiting the spatial correlations among multiple nodes and the temporal dynamic characteris-
tics during disturbance transients. In addition, frequency restoration and voltage restoration are often treated
in a relatively decoupled manner, and their intrinsic coordination mechanisms have not been fully utilized. This
limitation may further restrict the improvement of dynamic performance and overall control effectiveness
[10, 11].

To address the above issues, this paper proposes a spatiotemporal convolutional network-based distributed
secondary cooperative restoration control method for frequency and voltage in microgrids. The proposed
method is developed for the coordinated control of multiple distributed generators in islanded microgrids,
where a feature representation model is constructed to jointly capture spatial correlations among DG nodes

I”

and temporal dependencies over a finite historical window. In this paper, “spatiotemporal” specifically refers
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to the combination of node-to-node coupling described by the communication/electrical neighborhood and
the time-sequential variations of frequency, voltage, and power variables within the sliding window. Based
on this representation, a distributed secondary control framework is designed to generate cooperative
compensation signals for frequency and voltage restoration. Compared with conventional approaches that
rely mainly on instantaneous errors or fixed control laws, the proposed method can extract spatiotemporal
response features from the operating scenarios covered by the training dataset, thereby reducing transient
deviations, shortening recovery time, and improving disturbance rejection capability within the considered
operating range. Furthermore, the effectiveness of the proposed approach will be systematically investigated
through system modeling, controller design, stability analysis, and comprehensive case studies under multiple

operating conditions.

SYSTEM MODELING AND PROBLEM FORMULATION
Microgrid Structure and Primary Control

Consider an islanded AC microgrid composed of NV inverter-based distributed generators (DGs), local loads,
and distribution lines [12, 13]. The DG units are coupled through the electrical network for power exchange
and interact through a communication network to support the implementation of distributed secondary
control. To ensure stable operation, a hierarchical control architecture is adopted, where the primary control
layer is responsible for active and reactive power regulation as well as preliminary power sharing, while the
secondary control layer is employed to restore system frequency and voltage to their nominal values.

For the 7 -th DG, the primary droop control law can be described as:

w; =w" —m, (- F) (1)

Vi=Vr—n,(Q; — Q) (2)

where w; and V, denote the output frequency and voltage magnitude of the ¢ -th DG, respectively, w* and
V* are the nominal system frequency and voltage, P, and (), represent the active and reactive power out-
puts, P* and @)} are the corresponding reference values, and my, and n, are the active-power/frequency

and reactive-power/voltage droop coefficients, respectively.
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It can be seen from the above equations that primary droop control enables power regulation and sharing
without requiring high-speed communication [14]. However, this benefit comes at the cost of steady-
state deviations in frequency and voltage when load conditions change. Therefore, primary control alone
is insufficient to meet the requirements of high-quality power supply and accurate system regulation, and
an additional secondary control mechanism is required to provide compensation for frequency and voltage
restoration.

For consistency, u;’ and uy are used throughout this paper to denote the frequency and voltage secondary

compensation signals, respectively. Then, the control laws augmented by secondary control can be written as:

w; =" —m,, (B — B) +uf (3)

Vi=V*—ng (Q; — Q) +uf (4)

where u’ and uY are generated by the designed distributed secondary controller to achieve cooperative

restoration of frequency and voltage.
Communication Topology and Distributed Information Exchange

To coordinate information exchange among multiple DG units, an undirected communication graph
G = (V,€&)is introduced to describe the distributed communication network, where the node setV =
{1,2,..., N} represents all DG units and the edge set £ C V x V denotes the communication links among
them. If there exists a communication link between node ¢ and node j , then (i,5) € E .
Let A = [a;,] € RM*N denote the adjacency matrix, where a;; = 1if node j can transmit information to
node i, and a;; = 0 otherwise. The degree matrix is defined as D = diag(d;,dy, ...,dy), whered; =
Zj.vzl a;; - Accordingly, the Laplacian matrix is given by:

L=D-A (5)

For the 7 -th DG, the set of its neighboring nodes is defined as

Ny={j€V]ay;=1} (6)
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Under the distributed control framework, each DG makes its control decision using only local measurements
and limited information received from its neighboring nodes, without relying on any centralized global infor-
mation. Specifically, the i -th DG can access its local frequency deviation Aw, = w; — w* , voltage deviation
AV, =V, —V*, active/reactive power outputs F, and @), , as well as the corresponding local states of its
neighbors. This information exchange pattern provides the control architecture with good scalability and
resilience against single-point failures, while also laying the foundation for subsequent control design based

on spatiotemporal feature extraction.

Secondary Control Objectives

The objective of this study is to develop a distributed secondary control strategy for islanded microgrids such
that each DG can achieve cooperative restoration of frequency and voltage using only local measurements
and neighborhood communication, while maintaining satisfactory dynamic performance. Specifically, the
secondary control objectives can be summarized as follows.

First, the system frequency should be restored to its nominal value, i.e., for all DG units,

lim w,;(t) =w*,i=1,2,..,N (7)

t—o0

Second, the output voltage of each DG should be restored to its nominal value, namely,

tlgglo Viit)y=V*i=12,.,N (8)
Third, while restoring frequency and voltage, the controller should preserve the desirable power-sharing
characteristics established by the primary control layer as much as possible, so as to avoid introducing
significant active/reactive power-sharing errors through the secondary compensation process. In addition,
the designed controller is expected to exhibit fast dynamic response, low overshoot, and strong disturbance
rejection capability, so as to meet the control requirements under load fluctuations, parameter perturbations,
and other complex operating conditions.
It should be noted that although frequency restoration and voltage restoration can be defined as separate
control objectives, they are not completely independent in practical microgrid operation [15]. On the one
hand, active and reactive power regulation jointly affect the system dynamics through network coupling.

On the other hand, the DG units are interconnected through both electrical and communication networks,
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which gives rise to multi-node coupling effects. Therefore, if both the spatial correlation among nodes and
the temporal evolution of system responses can be exploited simultaneously in the secondary control design,

the coordinated restoration performance of frequency and voltage is expected to be further improved.
Problem Formulation

Based on the above system model and control objectives, this paper addresses the following problem: for an
islanded AC microgrid consisting of multiple inverter-based DGs, and under a given communication topology
satisfying basic connectivity requirements, how can a spatiotemporal convolutional network-based distrib-
uted secondary controller be designed such that each DG generates the frequency compensation signal u;’
and the voltage compensation signal uy online using only local measurements and neighboring information,
thereby achieving fast and coordinated restoration of system frequency and voltage?

Furthermore, considering that microgrid dynamics under disturbances exhibit both strong inter-node coupling
and significant temporal evolution characteristics, the local operating states of all DGs over a continuous time
window are organized as spatiotemporal input features. For the 7 -th DG, the input at time ¢ can be expressed

as:
X, =x0t—T+1),x,(t—T+2),....,x,;(t)] (9)

where T denotes the time-window length, and z,(t) is the feature vector composed of local states and

neighborhood information. For example, it can be defined as:

x;(t) = [Aw;(t), AV(t), Fi(t), Q;(t), { Aw; (1), A‘G’(U}jeNi] (10)

Accordingly, the objective of this paper can be further formulated as constructing a nonlinear mapping:

[ (), ui (8)] = fo(X,(2)) (11)

where fy(-) denotes the distributed control mapping parameterized by the spatiotemporal convolutional
network. Through this mapping, the controller can comprehensively exploit historical dynamic information

and inter-node coupling characteristics to generate cooperative compensation signals for frequency and
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voltage restoration. The subsequent sections will focus on the construction of this control mapping, closed-

loop stability analysis, and control performance evaluation.

STCN-BASED DISTRIBUTED SECONDARY COOPERATIVE CONTROL DESIGN
Overall Control Framework

Based on the system model and control objectives established in Section 2, this paper develops a spatiotem-
poral convolutional network (STCN)-based distributed secondary cooperative restoration control framework.
The proposed framework is designed for coordinated operation of multiple DG units in islanded microgrids.
By simultaneously exploiting the spatial coupling among nodes and the temporal dynamic characteristics
during disturbances, it generates online secondary compensation signals for frequency and voltage, thereby
improving both the dynamic and steady-state performance of system restoration.

The proposed control framework mainly consists of three parts: a local measurement and neighborhood
information exchange module, a spatiotemporal feature extraction module, and a distributed secondary
compensation generation module. First, each DG collects its local operating information in real time, including
frequency deviation, voltage deviation, active power, and reactive power, while receiving local state informa-
tion from neighboring nodes through the communication network. Then, the local and neighborhood data
over a continuous time window are organized into a spatiotemporal input tensor and fed into the STCN for
feature extraction. Finally, the output layer of the network generates the frequency compensation signal
uy’ and the voltage compensation signal u}/ , which are injected into the primary droop control reference
channels to realize coordinated restoration of frequency and voltage.

Unlike conventional distributed secondary control strategies, which typically construct fixed consensus terms
or proportional-integral regulation terms directly from instantaneous deviations, the proposed approach
explicitly models both the temporal evolution of the dynamic process and the spatial correlation among
nodes. In this way, the controller can better characterize the dynamic response of the microgrid under
disturbances. To avoid the potential stability risks associated with a purely data-driven controller, the STCN
outputis designed as a cooperative compensation term embedded into the secondary control channel, so that
the proposed method preserves the basic distributed control structure while enhancing dynamic regulation

capability.
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Spatiotemporal Feature Construction

The effectiveness of the STCN controller critically depends on the construction of input features. Since the
frequency and voltage restoration process in microgrids exhibits both strong temporal dependence and inter-
node coupling, a sliding time-window mechanism is adopted to organize the operating states of DGs over
multiple consecutive sampling instants into spatiotemporal input features.

For the i -th DG, the local feature vector at time ¢ is defined as:
x;(t) = [Aw,; (1), AV,(¢), Fi(t), Q;(¢)] (12)

where Aw;, (t) = w;(t) — w* and AV,(t) = V;(t) — V* . To reflect neighborhood coupling, the state informa-
tion of neighboring nodes is further incorporated into the input, leading to the enhanced feature represen-

tation:

%;(t) = [x;(t), {x,;(t) } (13)

jeNi]
Based on this representation, for a time window of length T, the sequential input matrix of the 7 -th DG is

constructed as:

Xt =x0t—-T+1),%x,(t—T+2),....%,(t)] (14)

(1

To unify the multi-node input form, the states of all DGs within the same time window can be further organized

into a global spatiotemporal input tensor:
X (t) € RVXFXT (15)

where N denotes the number of DG nodes, F'is the feature dimension of each node, and T is the time-
window length. The three dimensions of this tensor correspond to the node-space dimension, the state-
feature dimension, and the time dimension, respectively. Through this construction, the network is able to
simultaneously learn: 1) the spatial interactions among different DG nodes; 2) the coupling among frequency,

voltage, and power variables; and 3) the temporal evolution of system states after disturbances.
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It should be noted that the input variables are not limited to the basic state quantities listed above. In practical
implementations, other measurable variables, such as voltage phase angles, neighborhood error terms, and
power-sharing deviation terms, may also be incorporated depending on the desired modeling fidelity and
measurement availability. Nevertheless, for the sake of controller simplicity and engineering practicality, this
paper adopts a compact core feature set consisting of frequency deviation, voltage deviation, and active/

reactive power outputs.
STCN Architecture Design

To effectively extract the spatial correlation and temporal dynamic characteristics of the multi-node microgrid
system, an STCN control network is constructed with four main components: a spatial convolution module, a
temporal convolution module, a feature fusion module, and an output mapping module. In order to improve
reproducibility, the detailed implementation of the STCN used in this study is specified as follows. The network
takes the spatiotemporal state tensor X (t) € RV*F'*T a5 input, where N =4, F =4 ,and T = 12 in the
case studies. The same STCN parameters are shared by all DG units, and the distributed implementation is
realized by masking the spatial aggregation according to the communication adjacency matrix. The output
dimension of the network is 2V , corresponding to the frequency and voltage compensation signals of all DG
units, namely [ o Uy grons o UK stens UN. sten) -

First, for the input tensor X (¢) , the spatial convolution module aggregates local spatial information among
DGs according to the communication topology. In the implemented STCN, two spatial convolution layers are
used. Each spatial convolution is performed along the node dimension with a kernel size of K, = 3, and the
graph adjacency relationship is used as a binary mask to ensure that each DG only aggregates information
from itself and its neighboring DGs. The numbers of output channels of the first and second spatial convolution
layers are 32 and 64, respectively. Zero padding is adopted to preserve the node dimension. The rectified linear
unit (ReLU) activation function is used after each spatial convolution layer, followed by layer normalization to
improve training stability. For the [ -th spatial convolution layer, the output can be expressed as:

HY = o(W(" », B 4 b)) (10

s

where *_ denotes the masked convolution or neighborhood aggregation operation along the spatial node

dimension, W;(l) and bgl) are the kernel parameters and bias term of the [ -th spatial convolution layer, and
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o(-) is the ReLU activation function. In this work, H{®) = X (t),and I = 1,2 . The spatial convolution kernel
size is set to 3, and the hidden channel numbers are set to 32 and 64, respectively. The adjacency mask derived
from A is applied during spatial aggregation so that non-neighboring node information is not used. Therefore,
the spatial convolution module remains consistent with the distributed communication topology.

After obtaining the spatial feature representation, the temporal convolution module further extracts dynamic
features along the time dimension. In the implemented network, three one-dimensional temporal convolution
layers are adopted along the time axis. The kernel size of each temporal convolution layer is K, = 3. To
enlarge the temporal receptive field while maintaining a compact network size, dilated causal convolutions
are used, and the dilation rates of the three temporal convolution layers are set to 1, 2, and 4, respectively.
The corresponding output channel numbers are 64, 64, and 32. ReLU activation and layer normalization are
applied after each temporal convolution layer. With the time-window length T' = 12, the above dilation
configuration is sufficient to cover the dominant transient dynamics considered in the simulation scenarios.
Compared with recurrent neural networks, temporal convolutional structures offer advantages such as
stronger parallel computation capability, more stable gradient propagation, and easier modeling of long-range

temporal dependencies. The output of the k -th temporal convolution layer can be written as:
1Y = oW s, B 401 (17)

where *, denotes the causal convolution operation along the time dimension, and Wt(k) and bik) are the
parameters of the temporal convolution layer. In the above, Ht(o) is the output of the spatial convolution
module, and k£ = 1,2, 3 . The temporal convolution layers use causal padding to prevent the controller from
using future information. Therefore, the compensation signals at time ¢ are generated only from the current
and historical measurements within the sliding time window.

After spatiotemporal feature extraction, global average pooling is applied along the temporal dimension to
obtain a compact spatiotemporal feature representation for each DG node. The resulting feature vector is
then sent to two fully connected layers for feature fusion and output mapping. The dimensions of the two

fully connected layers are 32 and 2, respectively, where the final two outputs correspond to u%’ (t) and

1,8tcn

14
i,stcn

u (t) . Let z;(t) denote the fused feature vector. Then, the control outputs for the i -th DG are given by:

[ug (), ul (t)] = ¢(2,(t)) (18)
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where ¢(-) denotes the output mapping implemented by fully connected layers. A hyperbolic tangent activa-
tion function is used in the final layer, and the output is scaled by the preset compensation limits to satisfy

the amplitude constraints. Therefore, the STCN compensation signals are constrained as:

u(;) (t) € [umimumax]?uzy <t> € [umimumax] (19>

By constraining the compensation signals within bounded ranges, excessively abrupt control actions can
be avoided, thereby improving the stability and safety of the closed-loop control system. Under the above
configuration, the STCN used in the simulations contains approximately 3.8 x 10* trainable parameters. This
relatively compact size enables real-time forward inference in the secondary control layer. The detailed

hyperparameters of the implemented STCN are summarized in Table 1.

Table 1. Detailed hyperparameters of the implemented STCN

Module Layer Kernel size Dilation rate Output channels / di- Activation
mension
Input Spatiotemporal tensor - - (NXFxT) -
Spatial convolution Spatial Conv 1 3 — 32 RelU
Spatial convolution Spatial Conv 2 3 — 64 RelLU
Temporal convolution Temporal Conv 1 3 1 64 RelU
Temporal convolution Temporal Conv 2 3 2 64 RelU
Temporal convolution Temporal Conv 3 3 4 32 RelU
Feature fusion Global average pooling — — 32 —
Output mapping Fully connected layer — — 32 RelLU
Output mapping Fully connected layer — — 2 per DG Tanh

Layer normalization is applied after each convolutional layer. The final tanh output is multiplied by the

compensation limits to generate bounded secondary compensation signals.
Distributed Secondary Control Law

In conventional distributed secondary control frameworks, the control input is usually constructed from fre-
guency consensus errors, voltage consensus errors, and reference deviations. Although such approaches have
clear physical interpretations and good explainability, their performance is often limited by fixed controller
parameters and predefined control structures under complex operating conditions. To address this issue,

the STCN is embedded into the distributed secondary control loop as a dynamic compensator, so that the
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controller can better adapt to complicated dynamic scenarios while retaining the basic distributed control
structure.
Specifically, let u% and u) denote the conventional distributed secondary control inputs for the 7 -th

i,conv i,conv

DG. Then, the proposed secondary control law is designed as:

W o__ W w

Uy = ui,conv + ui,stcn (20)
v _ .,V |4

u; = ui,con'u + ui,stcn (21)

and u)

w
where u i sten

1,8ten

are the frequency and voltage cooperative compensation terms generated by the
STCN, respectively. Accordingly, the reference update equations under the proposed secondary control can
be written as:

w; = w* — mpi (Pz - ]:)z*) + uy + u;{‘jstcn (22)

i,conv

Vi =V — nfh(Qz - Q:) + ul‘{conv + qutcn (23)

This “conventional controller + spatiotemporal compensator” design offers two major advantages. First, the
conventional control component provides the basic restoration capability and preserves the physical inter-
pretability of the control law, ensuring that the overall design remains consistent with the standard distributed
secondary control framework. Second, the STCN compensation term can adaptively adjust the control action
online according to the historical multi-node states, thereby enhancing the controller’s capability to cope with
load variations, model uncertainty, and complex coupled dynamics.

To emphasize the cooperative nature of frequency and voltage restoration, this paper does not design two
completely independent control networks. Instead, a shared spatiotemporal feature extraction backbone with
two output heads is adopted. In other words, the frequency compensation and voltage compensation share
the same spatiotemporal representation in the lower layers and are mapped separately to u;” and u}/ in the
output stage. This design enables the network to explicitly capture the potential coupling between frequency

and voltage during joint modeling, thereby improving coordinated restoration performance.
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Training and Online Implementation

Considering the real-time and safety requirements of microgrid control, an “offline training + online deploy-
ment” strategy is adopted in this paper. To improve the reproducibility of the proposed method, the training
dataset construction, optimization settings, validation procedure, and loss-function coefficients are specified
in detail in this subsection.

Specifically, a simulation environment covering multiple operating scenarios is first established, including
sudden load changes, parameter perturbations, communication delays, and consecutive multi-disturbance
events. In this study, 2400 time-domain simulation runs are generated for offline training and evaluation. The
scenarios include 800 load-increase cases, 600 load-decrease cases, 400 DG-parameter perturbation cases,
400 communication-delay cases, and 200 combined-disturbance cases. In each simulation run, the load vari-
ation level is randomly selected from 10% to 30%, the DG parameter perturbation is randomly selected from
—15% to +15% , and the communication delay is randomly selected from 20 ms to 100 ms. The disturbance
occurrence time is randomly sampled between 0.8 s and 1.5 s to avoid overfitting to a fixed disturbance instant.
The sampling period is 10 ms and the simulation horizon is 8 s. Therefore, each simulation run produces 800
sampling instants. By applying a sliding time window with 7 = 12, approximately 1.89 x 108 spatiotemporal
samples are obtained before data splitting.

It should be noted that the STCN is not assumed to learn universal physical laws of the microgrid. Its general-
ization capability mainly depends on the coverage of the offline training scenarios. To reduce overfitting to
a single transient pattern, the training data are generated with randomized disturbance magnitudes, distur-
bance occurrence times, parameter perturbations, and communication delays, and the dataset is divided at
the simulation-trajectory level rather than at the individual-sample level. Therefore, the validation and test
trajectories are not identical to the training trajectories.

The generated samples are divided into training, validation, and test datasets according to a ratio of 70%,
15%, and 15%, respectively. The division is performed at the simulation-run level rather than at the individual-
sample level, so that samples from the same disturbance trajectory do not appear simultaneously in the
training and validation/test sets. This strategy helps provide a more reliable evaluation of the generalization
capability of the trained STCN under unseen disturbance trajectories. All input features are normalized using
the mean and standard deviation calculated from the training dataset, and the same normalization parameters

are used during validation, testing, and online inference.
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To ensure that the network outputs are aligned with the control objectives, the loss function is designed
as a comprehensive performance index that simultaneously considers frequency restoration error, voltage

restoration error, dynamic performance, and control smoothness, i.e.,

L =al,+ Ly +vLy+ 1L, (24)

where L, and Ly, denote the loss terms associated with frequency deviation and voltage deviation, respec-
tively; L; denotes the dynamic performance term, which reflects restoration speed, overshoot, oscillation
level, and inter-node consistency error; L,, denotes the penalty term associated with the rate of change and
magnitude of the control input. These two terms are included to reduce the risk of poorly timed or excessively
oscillatory compensation signals, so that the STCN output is not optimized only for instantaneous error
reduction but also for smooth transient behavior. a, 8,7y, 7 are the corresponding weighting coefficients.
In the simulations, the weighting coefficients are set asa=1.0,3=1.0,7v=0.2, andnp = 0.01. The
relatively larger weights of L, and L, emphasize the primary restoration objectives, while L is assigned a
moderate weight to suppress oscillations and improve dynamic consistency. The control-smoothness penalty
L, is assigned a smaller weight to avoid excessive control variation without weakening the main restoration
capability.

The training targets are generated from the desired compensation signals obtained by minimizing the restora-
tion-oriented performance index over the offline simulation trajectories. In this way, the STCN is trained in a
supervised manner to approximate the compensation policy that reduces frequency and voltage deviations
while maintaining smooth control actions. The STCN is trained using the Adam optimizer. The initial learning
rateissetto 1 x 1073, and alearning-rate decay factor of 0.5 is applied if the validation loss does not decrease
for 10 consecutive epochs. The batch size is set to 128, and the maximum number of training epochs is 200.
Early stopping is adopted when the validation loss does not improve for 20 consecutive epochs. The model
with the lowest validation loss is selected for online deployment.

After training is completed, the resulting STCN parameters are fixed and deployed in the local controller of
each DG. During online operation, each DG constructs its input window X (¢) in real time according to local
sampled measurements and received neighborhood information. The current compensation signals ¥

1,sten

and uY

2,8tcn

are then obtained through forward inference of the STCN and superimposed onto the conven-

tional secondary control terms to form the final control inputs. Since the online stage only involves forward
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propagation, the computational burden is much lower than that of online training or optimization. In the
implemented STCN, the number of trainable parameters is approximately 3.8 x 10% , and each inference step
only requires a fixed sequence of convolutional and fully connected operations. In the present implementa-
tion, the average inference time of one STCN forward pass was measured to be below 1 ms on a desktop
CPU equipped with an Intel i7 processor and 16 GB RAM, which is lower than the 10 ms control sampling
period. Therefore, the proposed controller can meet the sampling interval in the tested implementation.
Nevertheless, inference latency and timing jitter should be further considered when the method is deployed
on low-cost embedded controllers.

In summary, the proposed STCN-based distributed secondary cooperative restoration control method does
not directly replace the original control structure with a standalone black-box neural controller. Instead, it
embeds the neural network into the secondary control loop as an intelligent compensation module tailored
for multi-node spatiotemporal dynamics. This design not only enhances the controller’s ability to characterize
complex dynamic behavior, but also provides a clear structural basis for the subsequent closed-loop stability

analysis and performance validation.
STABILITY AND CONVERGENCE ANALYSIS

Closed-Loop System Representation

Based on the system model in Section 2 and the control law proposed in Section 3, the closed-loop dynamics
of the microgrid under secondary control can be represented as a coupled system consisting of the physical
plant, the conventional distributed secondary controller, and the STCN-based dynamic compensator. For

convenience of analysis, define the state vector of the i -th DG as:

s;(t) = [Aw; (1), AV, ()] (25)

)

and stack the states of all DG units into a global state vector:

s(t) = [s1 (t),83 (1), ., sy ()] (26)

where Aw,(t) = w,;(t) —w* and AV,(t) = V;(t) — V* . According to the proposed “conventional controller

+ STCN compensator” structure, the secondary control input of the 7 -th DG can be written as:
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U () = 05 oy () + W5 510 (1) (27)
Where:
w, () = [ug (t), w ()] (28)
W, cony(t) = (U8 cono () U conu (B)] (29)
W son (t) = (U5 aren (), U pen ()] (30)

Then, the overall closed-loop system can be abstractly expressed as:

5(t) = F(s(t)) + G(s(t) Ucony (t) + G(8(8)) gy, (1) + d(2) (31)

where F'(-) denotes the nonlinear state evolution of the microgrid under plant dynamics and primary
droop control, G(+) is the control input matrix, d(t) represents external disturbances such as load variations,
parameter perturbations, and communication errors, and u,,,,,(t) and u,., (t) denote the conventional
distributed secondary control input and the STCN compensation input, respectively.

This representation shows that the proposed method does not alter the basic control structure of the
original microgrid, but rather introduces a spatiotemporal feature-driven dynamic compensation channel
into the conventional secondary control loop. Therefore, the stability analysis of the closed-loop system can
be reduced to investigating how the STCN compensation term affects the boundedness and convergence
properties of the overall system, given that the conventional control term already provides basic restoration
capability.

To avoid ambiguity in the stability discussion, the following assumptions are made for the subsequent analysis.
The communication graph is assumed to be undirected and connected. In the considered operating region, the
microgrid dynamics F'(s) and the input matrix G(s) are locally Lipschitz, and G(s) is bounded. The conven-
tional distributed secondary controller is assumed to be properly designed such that the nominal closed-loop
system without the STCN compensator is input-to-state stable with respect to the external disturbance d(t) .

That is, there exists a continuously differentiable Lyapunov function V() satisfying:
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2 2
cllslI<Vis) <eyll sl (32)

and

V(s) <y || s || +eu || dO) | (33)

where ¢, ¢y, c3, ¢4 are positive constants. In addition, the external disturbance and the STCN output are
bounded, namely || d(t) ||< d and || u,,,,,(t) | < @ . These assumptions explicitly define the scope of the sta-
bility analysis. The proposed STCN is therefore analyzed as a bounded performance-enhancing compensator

built upon a stabilizing distributed secondary controller, rather than as an independent stabilizing controller.
Boundedness of the STCN Compensation Signals

To guarantee safe operation of the closed-loop control system, it is first necessary to show that the compen-
sation signals generated by the STCN remain bounded under bounded inputs. According to the network design
in Section 3, the input of the STCN is composed of local measurements and neighborhood information over a

finite time window, i.e.,

Xt =x0t—-—T+1),%x,(t—T+2),....%,(t)] (34)

(3

Since the frequency deviation, voltage deviation, and power measurements in practical microgrids remain
bounded within normal operating ranges, and the neighborhood information transmitted over the commu-
nication network is also physically constrained, it is reasonable to assume that there exists a positive constant

M, > 0 such that:
X (@) l< M, (35)

foranyt > 0.

On the other hand, the proposed STCN consists of a finite number of convolutional layers, nonlinear activation
functions, and fully connected mappings, and all network weights are fixed finite values after training.
Moreover, explicit saturation or amplitude constraints are imposed at the output layer. Therefore, for any

bounded input X;(t) , there exist positive constants M > 0 and M > 0 such that:
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foralli=1,2,...,Nandt>0.

Hence, the STCN compensator constitutes a bounded-input bounded-output (BIBO) mapping. This property
guarantees that, under bounded states and measurement signals, the neural network will not generate
unbounded control inputs, thereby preventing excessively large compensation terms from destabilizing the
original secondary control loop.

Since the STCN consists of a finite number of convolutional and fully connected layers with continuous acti-
vation functions, its input-output mapping is locally Lipschitz over the compact operating region considered in
this study. Together with the output saturation layer, this property allows the STCN compensator to be treated

as a bounded auxiliary input in the subsequent I1SS-based analysis.
Closed-Loop Stability Analysis

Under the action of the conventional distributed secondary controller alone, if the communication graph
is connected and the controller parameters satisfy the corresponding design conditions, the frequency and
voltage errors can be driven to zero or confined within a sufficiently small neighborhood. In this paper, the
STCN compensation term is introduced on top of this baseline controller, and its essential role is to provide
a bounded dynamic correction to the conventional control input. Therefore, the stability of the closed-loop
system can be analyzed by treating the STCN compensation term as an additional bounded input and invoking
the concept of input-to-state stability (ISS).

Based on the above assumptions, the influence of the STCN compensator can be explicitly included in
the Lyapunov analysis. Since G(s) is bounded in the considered operating region and the STCN output is
constrained by the saturation layer, there exists a positive constant c; such that the additional term caused

by ug,.,, (t) satisfies

. 2 2 2
Vi(s) < —cg |l s || +eq | d(t) [| +e5 [ wgpen () Il - (38)

Using || d(t) ||< d and || u,,,,(t) |< %, one obtains

sten
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. 2 -
V(s) < —cz || s || +c4d% + c5u® (39)

Therefore, V(s) < 0 when

Jz =2
['s 1> 4 A5 (40)
C3

This indicates that the closed-loop state under the proposed STCN-assisted secondary controller is uniformly
ultimately bounded. The frequency and voltage deviations converge to a residual neighborhood whose size
is related to the disturbance bound, the STCN output bound, and the dissipation margin of the baseline
distributed controller. Therefore, the boundedness of the STCN output alone is not used as an independent
stability guarantee; rather, it is combined with the ISS property of the baseline controller to establish practical
closed-loop stability.

It should be emphasized that the above I1SS-based result only establishes practical closed-loop stability and
boundedness. It does not, by itself, prove that the STCN compensation necessarily improves transient perfor-
mance. A bounded auxiliary compensation signal may still lead to undesirable oscillations if it is not properly
trained or timed. Therefore, the performance improvement of the proposed method is not inferred solely
from the boundedness of u,,,,(t) , but is supported by the restoration-oriented training objective and the

comparative simulation results presented in Section 5.
Convergence and Cooperative Restoration Performance

Based on the above analysis, the STCN-assisted controller preserves practical closed-loop stability under the
stated assumptions. It should be noted that this theoretical result concerns boundedness and convergence to
a residual neighborhood, while the improvement in transient response is evaluated through the restoration-
oriented training objective and the comparative simulations. Therefore, the boundedness of the STCN output
is a stability-preserving condition, not an independent proof of performance improvement.

From the perspective of the convergence mechanism, conventional secondary control mainly relies on current
errors and neighborhood consensus information to drive the restoration process. By contrast, the proposed
STCN compensation term further exploits the state trajectories over a historical time window to extract the

variation trend under disturbances and the correlation pattern among multiple nodes. When a sudden load
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change or node-state deviation occurs, the STCN can identify the error growth trend from the spatiotemporal
features and generate more targeted corrective actions, thereby accelerating the convergence of frequency
and voltage errors toward the equilibrium point while reducing overshoot and oscillation during the transient
process.

In addition, since frequency restoration and voltage restoration share the same spatiotemporal representation
in the lower layers, the proposed controller can simultaneously account for the potential coupling between
the active-power/frequency regulation channel and the reactive-power/voltage regulation channel within a
unified framework. This means that when changes in one class of states indirectly affect the other control
objective, the network can automatically adjust the relative strengths of the two compensation channels
through joint feature mapping, thereby enhancing the cooperative restoration capability of frequency and
voltage.

Based on the above analysis, the following conclusion can be drawn: under a connected communication
topology, a baseline conventional distributed secondary controller with basic stability guarantees, bounded
external disturbances, and bounded STCN outputs. Under the explicitly stated assumptions, the proposed
STCN-assisted control framework ensures uniform ultimate boundedness of the closed-loop frequency and
voltage deviation states. The residual convergence neighborhood depends on the external disturbance
bound, the STCN output bound, and the dissipation margin of the baseline distributed secondary controller.
Therefore, the proposed method should be interpreted as a stability-preserving performance enhancement
framework built upon a stabilizing distributed controller, rather than as an unconditional neural-network-

based stabilizing controller.

CASE STUDIES AND PERFORMANCE EVALUATION
Simulation Setup and Test Scenarios

To validate the effectiveness of the proposed STCN-based distributed secondary cooperative restoration
control method, case studies are carried out on an islanded AC microgrid simulation platform established
in MATLAB/Simulink. The microgrid is modeled using averaged voltage-source inverter models with output
L filters and droop-controlled primary regulation. Since this paper focuses on secondary frequency and
voltage restoration rather than high-frequency switching behavior, the switching dynamics of power electronic
devices are not explicitly modeled. The simulation is performed using a fixed-step discrete solver with an

electrical simulation step size of 1 x 107 s, while the secondary controller and the STCN inference module
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are updated every 10 ms. Therefore, the sampling period in Table 2 refers to the control sampling period

rather than the numerical solver step size.

Table 2. Main simulation settings and system parameters

Parameter

Value

Simulation platform
Model type
Solver and step size
Control sampling period
Rated frequency / voltage
DG units
Electrical line set
Communication link set
Line impedances
Filter parameters
Droop coefficients
Time-window length

Disturbance time / horizon

MATLAB/Simulink
Averaged VS| with (LC) filter
Fixed-step discrete, (1 x 1074 ) s
10 ms
50Hz /1.0 p.u.

4
ee={(1,2),(2,3),(3,4)})
ec={(1,2),(2,3),(3,4)})
(212=0.010+j0.050) p.u.; (223=0.012+j0.055) p.u.; (Z34=0.010+j0.050) p.u.
(Lf=1.8) mH, (Cf=25uF)
(mp=0.002), (ng=0.010) p.u./p.u.
12 steps
1.0s/8s

The test system consists of four inverter-based DG units, local loads, distribution lines, and a communication
network. The electrical topology is represented by the line set &, = {(1,2), (2,3),(3,4)}, and the commu-
nication topology is selected as &, = {(1,2), (2, 3), (3,4)} . The corresponding line impedances and main
simulation parameters are summarized in Table 2. Standard droop control is employed in the primary layer,
while the secondary layer is configured with three different methods for comparison, namely, the conven-
tional distributed secondary control, an improved distributed control method, and the proposed STCN-based
method.

In addition to the microgrid simulation settings, the main implementation parameters of the STCN are also
specified for reproducibility. The sampling period is 10 ms, and the sliding time-window length is 12 sampling
steps. The STCN contains two spatial convolution layers, three temporal convolution layers, and two fully
connected layers. The temporal dilation rates are set to 1, 2, and 4, respectively. ReLU is used as the activation
function in hidden layers, while tanh is used in the output layer to impose bounded compensation signals.
The total number of trainable parameters is approximately 3.8 x 10% . During online operation, only forward

inference is performed, and the network parameters remain fixed after offline training.
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As shown in table 3. The dataset split is performed at the simulation-run level to avoid trajectory-level data

leakage. The model with the lowest validation loss is used in all test cases reported in this paper.

Table 3. Training settings of the STCN

Parameter

Value

Number of simulation runs 2400
Load-increase cases 800
Load-decrease cases 600
DG-parameter perturbation cases 400
Communication-delay cases 400
Combined-disturbance cases 200

Load variation range 10%-30%

DG parameter perturbation range (-15%) to (+15%)

Communication delay range 20-100 ms

Disturbance time Randomly selected from 0.8-1.5 s

Dataset split 70% training, 15% validation, 15% testing

Optimizer Adam
Initial learning rate (1x10°3)
Batch size 128
Maximum epochs 200
Early stopping patience 20 epochs

Learning-rate decay 0.5 after 10 stagnant validation epochs

Loss weights (a=1.0,=1.0,y=0.2,n=0.01)

To evaluate the proposed method from both dynamic restoration and robustness perspectives, four repre-

sentative operating scenarios are considered, involving load disturbances, parameter perturbations, and

communication constraints. The detailed test cases are listed in Table 4.

Table 4. Test cases for performance evaluation

Case Scenario Purpose
Case 1l 20% step load increase Dynamic restoration test
Case 2 20% step load decrease Recovery symmetry test
Case 3 DG parameter perturbation (+15%) Robustness to model uncertainty
Case 4 Communication delay (80 ms) + load disturbance Communication robustness test

In terms of evaluation criteria, this paper mainly focuses on the maximum frequency deviation, frequency

recovery time, maximum voltage deviation, voltage recovery time, overshoot, and power-sharing error. Here,
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the recovery time is defined as the time required for the system state to enter and remain within a prescribed
tolerance band around the nominal value. These metrics provide a comprehensive basis for assessing the

controller performance in transient response speed, steady-state accuracy, and overall robustness.
Frequency and Voltage Restoration under Load Increase

Case 1 is first considered, where a 20% step load increase is applied at ¢t = 1.0 s to examine the restoration
performance of different methods under a typical transient disturbance. Figure 1 presents the dynamic
response of frequency deviation under the three control strategies, while Figure 2 shows the corresponding

voltage deviation restoration curves.

Frequency restoration performance under a 20% load increase
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Figure 1. Frequency restoration performance under a 20% load increase
Voltage restoration performance under a 20% load increase
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Figure 2. Voltage restoration performance under a 20% load increase
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As observed from Fig. 1, all three methods are able to drive the system frequency back toward its nominal
value after the disturbance, but the restoration processes differ significantly. The conventional distributed
secondary control exhibits a relatively large frequency drop after the disturbance, accompanied by more
pronounced oscillations and a slower convergence process. The improved distributed control outperforms the
conventional one in terms of restoration speed and oscillation suppression, yet noticeable transient fluctua-
tions still remain. By contrast, the proposed STCN-based method shows a faster frequency restoration rate and
smaller transient oscillations, indicating that the controller can more effectively exploit the spatiotemporal
dynamics during disturbance evolution and generate more targeted compensation for frequency deviations.
A similar trend can be observed in the voltage restoration results shown in Fig. 2. The conventional method
leads to a larger voltage dip and a longer recovery period following the load increase. Although the
improved distributed method enhances the transient voltage response to some extent, its performance is still
constrained by its fixed control structure. In comparison, the proposed STCN-based method demonstrates
better characteristics in terms of voltage deviation magnitude, recovery speed, and transient smoothness.
This suggests that the shared spatiotemporal feature extraction mechanism can simultaneously enhance the
regulation capability of both the frequency channel and the voltage channel, thereby improving the overall

performance of secondary cooperative restoration control.
Quantitative Performance Comparison

To provide a more direct comparison of the control performance, Table 5 summarizes the major performance

indices of the three methods under Case 1.

Table 5. Performance comparison under Case 1

Method Max frequency Frequency re- Max voltage de- Voltage recov- Overshoot (%) Power-sharing
deviation (Hz) covery time (s) viation (p.u.) ery time (s) error (%)
Conventional 0.42 4.8 0.060 5.2 8.6 4.8

distributed  sec-
ondary control

Improved distrib- 0.36 3.5 0.053 3.9 5.1 3.2
uted control
Proposed  STCN- 0.30 2.1 0.047 2.4 2.3 1.7

based control

As shown in Table 5, the proposed STCN-based method outperforms the two benchmark methods in all key

performance indices. Compared with the conventional distributed secondary control, the proposed method
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reduces the maximum frequency deviation from 0.42 Hz to 0.30 Hz and shortens the frequency recovery time
from 4.8 s to 2.1 s. Meanwhile, the maximum voltage deviation is reduced from 0.060 p.u. to 0.047 p.u., and
the voltage recovery time is shortened from 5.2 s to 2.4 s. In addition, the STCN-based method also achieves
better performance in terms of overshoot and power-sharing error, indicating that it not only improves the
restoration speed of frequency and voltage, but also maintains better coordinated control quality with less
impact on power-sharing characteristics.

These results demonstrate that, by jointly modeling the spatial coupling among multiple nodes and the
temporal evolution of system dynamics, the proposed controller is able to go beyond the conventional
paradigm based solely on instantaneous error correction, thereby achieving more significant advantages in

both restoration accuracy and transient performance.
Robustness under Communication Delay and Parameter Perturbation

To further verify the robustness of the proposed method under more challenging operating conditions, Case
4 is considered, where an 80 ms communication delay is introduced together with load disturbance and
parameter perturbation. Figure 3 shows the frequency restoration curves of different methods under this

scenario.

Frequency restoration under communication delay and parameter perturbation
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Figure 3. Frequency restoration under communication delay and parameter perturbation

As can be seen from Fig. 3, under the combined effects of communication delay and parameter uncertainty,
the dynamic performance of the conventional distributed secondary control degrades significantly, as re-

flected by a larger frequency deviation, longer recovery time, and stronger oscillatory behavior. This indicates
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that a fixed-parameter controller has limited adaptability to rapidly changing system dynamics under complex
conditions. Although the improved distributed method alleviates these issues to some extent, its restoration
process is still noticeably affected by the communication constraints. In contrast, the proposed STCN-based
method maintains a relatively fast convergence speed and a smaller oscillation amplitude, demonstrating
stronger robustness against complex disturbances and communication uncertainty.

The reason lies in the fact that the STCN controller does not rely solely on instantaneous local deviation infor-
mation when generating the online compensation signals. Instead, it comprehensively utilizes the historical
state trajectories within the time window as well as the coupling relationships among multiple nodes. There-
fore, when communication delay or model perturbation leads to accumulated control errors, the network
can adjust the compensation signals in a timely manner through spatiotemporal feature mapping, thereby

enhancing the system’s adaptability to uncertainty.
Discussion of Results

Based on the above case studies, several conclusions can be drawn. First, under typical load disturbance
conditions, the proposed STCN-based distributed secondary control method exhibits faster dynamic response
and smaller transient deviations in both the frequency and voltage channels, demonstrating strong cooper-
ative restoration capability. Second, according to the quantitative performance comparison, the proposed
method consistently outperforms the benchmark methods in terms of recovery time, overshoot, and power-
sharing error, indicating that it not only improves restoration speed but also enhances the smoothness and
coordination of the control process. Finally, under complex conditions involving communication delay and
parameter perturbation, the proposed method still maintains stable and superior dynamic performance,
which verifies the robustness of the proposed control framework under uncertainty.

Overall, the simulation results are consistent with the theoretical analysis presented in the previous sections.
Since the proposed method explicitly exploits the spatial correlation among multiple DG nodes and the
temporal evolution characteristics of disturbance responses through the STCN, the resulting secondary
compensation signals can better match the dynamic requirements of the microgrid. This is the key reason
why the proposed method achieves improved control performance in the cooperative restoration problem of

frequency and voltage.
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DISCUSSION

Although the case studies presented in the previous section demonstrate that the proposed STCN-based
distributed secondary cooperative restoration control method achieves superior performance in frequency
and voltage restoration, it is still necessary to further discuss its applicability, the underlying sources of its
advantages, and its possible limitations from both methodological and engineering perspectives.

First, from the viewpoint of control mechanism, the key strength of the proposed method does not simply
lie in the introduction of a neural network, but rather in its ability to jointly model the spatial coupling
characteristics and temporal dynamic features inherent in the secondary control problem of microgrids. In an
islanded microgrid composed of multiple DG units, the nodes interact through both electrical interconnections
and communication topology, which makes the overall system dynamics strongly networked in nature. At
the same time, frequency and voltage restoration are typical transient evolution processes, whose control
performance depends not only on the instantaneous deviations but also on the historical state trajectories
following a disturbance. Conventional distributed secondary control methods mainly construct fixed control
laws based on local errors or neighborhood consensus information, whereas the proposed method employs a
shared spatiotemporal feature extraction mechanism that allows the controller to perceive the system oper-
ating condition in a higher-dimensional manner. This provides richer information support for the coordinated
regulation of frequency and voltage.

Second, from an engineering implementation perspective, the proposed structure adopts a “conventional
controller + STCN compensator” architecture instead of directly replacing the existing control framework with
a purely data-driven controller. This design choice is practically meaningful. On the one hand, the conventional
distributed secondary controller preserves the basic physical structure and interpretability of the control
law, allowing the overall method to remain compatible with the hierarchical control architecture of existing
microgrids. On the other hand, the STCN compensator acts as an auxiliary regulation module whose main role
is to enhance dynamic performance and robustness under complex operating conditions. This helps alleviate
engineering concerns regarding the stability and safety of purely black-box control strategies. Therefore,
from the deployment point of view, the proposed approach is better regarded as a “data-enhanced control
framework” rather than a complete replacement of conventional control theory.

Furthermore, the proposed method has promising application potential for systems with high penetration

of inverter-based distributed generation. As the degree of power-electronic interfacing continues to increase
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in future power systems, the operational dynamics of microgrids become increasingly coupled, fast-varying,
and uncertain. Under such conditions, conventional controllers based on fixed parameters or linearized
approximations may suffer from performance degradation. By contrast, controllers equipped with spatiotem-
poral feature extraction capability are, in principle, better suited for handling multi-node, multivariable, and
strongly coupled dynamic control problems. Therefore, the control framework proposed in this paper is not
only relevant to secondary restoration control in islanded microgrids, but also provides a methodological basis
for future extensions to more complex scenarios, such as grid-connected/islanded mode transitions, auxiliary
energy management control, and coordinated control of multiple microgrids.

Nevertheless, this study still has several limitations. First, the performance of the STCN depends on the
coverage and quality of the training data. If the training dataset does not adequately represent practical
operating conditions, the generalization capability of the network under unseen scenarios may be limited.
In particular, the present STCN is trained and tested under a fixed four-DG topology with randomized distur-
bances and parameter variations. For substantially changed network topologies, newly added DG units, or
strong unmodeled nonlinearities beyond the training range, the controller may require retraining, fine-tuning,
or an additional topology-adaptive mechanism. Therefore, the proposed method should be interpreted as a
data-enhanced secondary control approach with scenario-dependent generalization, rather than a topology-
invariant controller that automatically applies to arbitrary microgrid configurations. Second, although only
forward inference is required during online operation, the proposed method remains more complex than con-
ventional Pl- or consensus-based controllers in terms of computational burden and parameter configuration,
which may impose higher requirements on the controller hardware platform and communication quality. In
addition, the validation in this work is mainly conducted in a simulation environment, and further verification
on hardware-in-the-loop platforms or physical experimental systems has not yet been carried out. Therefore,
future research may focus on lightweight network design, online adaptive updating mechanisms, and exper-
imental implementation, so as to further improve the engineering applicability and practical credibility of the
proposed method.

It should also be noted that neural-network inference introduces additional computation time and possible
timing jitter compared with conventional PI- or consensus-based controllers. Although the implemented STCN
is compact and its measured inference time is below the 10 ms control sampling period in this study, the

same latency cannot be automatically guaranteed on all embedded hardware platforms. Therefore, practical
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deployment should benchmark the inference time on the target controller, and techniques such as model
pruning, quantization, hardware acceleration, or latency compensation may be required. Further hardware-

in-the-loop and experimental validation will be considered in future work.

CONCLUSION

This paper has proposed a spatiotemporal convolutional network-based distributed secondary cooperative
restoration control method to address the insufficient coordinated control performance in frequency and
voltage restoration of islanded microgrids. First, within the hierarchical control framework of microgrids,
a system model incorporating primary droop control, distributed communication topology, and secondary
restoration objectives was established, and the coordinated restoration problem of frequency and voltage was
formulated as a distributed control problem based on local measurements and neighborhood information. On
this basis, a spatiotemporal feature representation tailored for the dynamic coupling among multiple DG units
was constructed, and an STCN control framework consisting of spatial convolution, temporal convolution, and
a dual-output compensation structure was designed to generate online secondary compensation signals for
frequency and voltage restoration.

From the theoretical perspective, the boundedness of the STCN compensation signals and the stability of the
closed-loop system were analyzed based on the closed-loop system representation. The analysis shows that,
under explicitly stated assumptions on the baseline distributed secondary controller, bounded disturbances,
and constrained STCN outputs, the proposed closed-loop system is uniformly ultimately bounded, and the
frequency and voltage deviations converge to a residual neighborhood of the equilibrium point. From the
case-study perspective, comparative simulations were conducted under multiple representative scenarios,
including load disturbances, parameter perturbations, and communication delays. The results demonstrate
that the proposed method consistently outperforms the benchmark methods in terms of maximum frequency
deviation, maximum voltage deviation, recovery time, overshoot, and power-sharing error, thereby confirm-
ing its effectiveness in improving both the dynamic performance and robustness of cooperative frequency
and voltage restoration.

Overall, the findings of this paper indicate that incorporating node-correlation information and finite-window
temporal state variations into distributed secondary control can reduce transient deviations, shorten recovery
time, and improve disturbance rejection in the tested microgrid scenarios. Compared with conventional

methods based on fixed control structures, the proposed approach can make more effective use of the spatial
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correlation information in multi-node systems and the temporal dynamic information during disturbance

evolution, thereby achieving faster, smoother, and more robust restoration control. Future work will further

consider event-triggered communication mechanisms, lightweight network deployment, and hardware exper-

imental validation to enhance the practical applicability of the proposed method in real microgrid scenarios.
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