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abstract

Traditional numerical optimization methods have been employed to solve optimal energy management (EM) problems for
microgrids; however, their mathematical complexity often creates a gap between theoretical analysis and stable, real-time
implementation. This paper introduces a novel use of deep neural networks (DNNs) to predict optimal solutions for noncon-
vex EM problems in both centralized and distributed control architectures. A significant portion of this work is dedicated to
offline sample generation and training of DNNs using high-quality, optimal solutions derived from existing numerical ap-
proaches. Once the DNNs are trained, a learning-based controller utilizing these well-trained DNNs is implemented online
to produce the optimal power output for each generator within a fraction of a second. If the DNNs lack generalizability or
fail to meet accuracy requirements under new operational conditions, an iterative sampling and retraining process will be
employed to progressively improve their output convergence, accuracy, and robustness. This novel approach demonstrates
significant potential in handling nonconvex and nonlinear EM formulations, where traditional methods may struggle with
convergence or computational challenges. Simulation results of a notional microgrid validate the effectiveness and perfor-
mance of our proposed method and showcase its advantages over existing numerical approaches in both centralized and
distributed scenarios. The centralized DNN achieved a 99.98 % success rate with a generalization error below 0.5 MW, op-
erating up to 57X faster than the CSA method and 2.8x faster than the SQP method. Similarly, the distributed DNN reached
a 99.98 % success rate with a generalization error under 0.5 MW, while delivering speedups of up to 61X over CSA and
3.6x over SQP.

1. Introduction

Conventional research on power and energy control primarily focuses on
applied mathematics and model-based optimization methods [4]. For instance,

Microgrids, including terrestrial microgrids, ship power systems, port mi-
crogrids, and community microgrids, have become significantly more elec-
trified and informatized over recent years, driven by the integration of dis-
tributed energy resources and advanced energy management (EM) systems that
optimize their operation. Research has shown that advanced control architec-
tures can improve operational performance of microgrids, in terms of fuel con-
sumption, maintenance costs, reliability, resiliency, and environmental impact.
In contrast to terrestrial and automotive power systems, EM in the maritime
domain is extremely challenging because ships usually contain multiple dis-
tributed, independently controlled power generators, energy storages, convert-
ers, propulsion systems, power electronic apparatus, and high-power ramp rate
loads [1]. In addition to advanced power electronics and power distribution ar-
chitectures [2], resilient EM and power control strategies also play a key role in
boosting the microgrid performance [3].
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rule-based [5] and dynamic programming [6,7] approaches have been utilized
to tackle power management problems for ships and terrestrial vehicles. Nev-
ertheless, these methods often encounter difficulties in achieving real-time per-
formance and resilience against disturbances. Model predictive control (MPC)
has emerged as a prominent approach for optimal power and energy manage-
ment in recent years [8—10]. However, implementing MPC-based strategies in
real-time poses challenges due to unpredictable performance and high compu-
tational complexity associated with nonconvex formulations. This complexity
can lead to loss of stability and degradation of control performance [11,12]. Ad-
ditionally, real-time optimization usually requires oversimplification of under-
lying models, which can increase the risk of suboptimal solutions. Furthermore,
nearly all existing research assumes known systems and given load demand
profiles, which are impractical assumptions and difficult to obtain in real-world
operations and missions [13].

Received 22 July 2025; Received in revised form 14 September 2025; Accepted 29 October 2025

Available online 7 November 2025

0378-7796/© 2025 Elsevier B.V. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


https://www.elsevier.com/locate/epsr
https://www.elsevier.com/locate/epsr
https://orcid.org/0009-0000-0835-5074

$0.5~\text {MW}$


$57\times $


$2.8\times $


$0.5~\text {MW}$


$61\times $


$3.6\times $


$q$


\begin {align}\label {deqnex1a} C_i (P_i) = \left ( \alpha _0 + \alpha _1 P_i + \alpha _2 P_i^2 + \cdots + \alpha _m P_i^m \right ) P_i\end {align}


$P_i$


$i^{th}$


$C_i$


$P_i$


$\alpha _k$


$k=1,2,3,\ldots ,m$


$N$


$i$


$j$


$P_{ji}$


\begin {align}\label {deqnex2a} \sum _{j \in N_i} f_i(P_{ji}) = C\left ( \sum _{j \in N_i} P_{ji} + \sum _{j \in N_i} \alpha _{ji} P_{ji}^2 \right )\end {align}


$P_{ji}$


$j$


$i$


$C$


$\alpha _{ji}$


\begin {equation}\label {deqnex3a} \begin {array}{l} \min _{P_i, P_{ji}} \left ( C_i(P_i) + \sum _{j \in N_i} f_i(P_{ji}) \right ) \\ \text {subject to} \quad \sum _{j \in N_i} P_{ji} + P_i = P_{L,i}, \quad P_{i}^{\text {min}} \leq P_{i} \leq P_{i}^{\text {max}} \\ P_{ji}^{\text {min}} \leq P_{ji} \leq P_{ji}^{\text {max}}, \quad P_{ji}^{\text {min},1} \leq \sum _{j \in N_i} P_{ji} \leq P_{ji}^{\text {max},1} \end {array}\end {equation}


$P_i$


$P_{i}^{\text {min}}$


$P_{i}^{\text {max}}$


$P_{ji}$


$P_{ji}^{\text {min}}$


$P_{ji}^{\text {max}}$


$P_{L,i}$


$j$


$i$


\begin {equation}\label {deqnex4a} \begin {split} \min _{P_i, P_{ji}, Z_{ji}} \quad \left ( C_i(P_i) + \sum _{j \in N_i} \left ( f_i(P_{ji}) + g_i(Z_{ji}) \right ) \right ) \\ \text {subject to} \quad \sum _{j \in N_i} P_{ji} + P_i = P_{L,i}, \quad P_{ji} - Z_{ji} = 0, \quad P_{ji} \in \mathcal {C}_i \end {split}\end {equation}


$Z_{ji}$


$i$


$j$


$P_{ji}$


$i$


$j$


$g_i$


$\mathcal {C}_i$


$\mathcal {C}_i = \{ P_{ji} | P_{ji}^{\text {min}} \leq P_{ji} \leq P_{ji}^{\text {max}} \, \text {and} \, P_{ji}^{\text {min},1} \leq \sum _{j \in N_i} P_{ji} \leq P_{ji}^{\text {max},1} \}$


\begin {align}\label {deqnex6a} P_{ji}^{(h+1)} = \operatorname *{arg\,min}_{P_{ji}} \Bigg ( C_i(P_i) + f_i(P_{ji}) + \frac {\rho }{2} \left \| P_{ji} + Z_{ji}^h + U_{ji}^h \right \|_2^2 \Bigg )\end {align}


\begin {align}\label {deqnex7a} Z_{ji}^{(h+1)} = \frac {P_{ji}^{(h+1)} - P_{ij}^{(h+1)}}{2}\end {align}


\begin {align}\label {deqnex8a} U_{ji}^{(h+1)} = U_{ji}^h + P_{ji}^{(h+1)} - Z_{ji}^{(h+1)}\end {align}


$\rho $


$U_{ji} = \frac {1}{\rho } \lambda _{ji}$


$\lambda $


$h$


$X_l$


$X_l$


$X_l$


$N$


$f_l$


$X_l$


\begin {align}\label {deqnex9a} X_l^{(i, \text {iteration}+1)} = \begin {cases} X_l^{(i, \text {iteration})} + r_i \cdot f_l \cdot \left ( m^{(j, \text {iteration})} - X_l^{(i, \text {iteration})} \right ), & \\ \quad \quad \quad \quad \quad \quad \text {if } r^{(j, \text {iteration})} \geq AP^{(j, \text {iteration})} \\ \text {a random number}, \quad \text {otherwise} \end {cases}\end {align}


$X_l^{(i,\text {iteration})}$


$i$


$f_l$


$m^{(j,\text {iteration})}$


$j$


$j$


$\text {AP}^{(j,\text {iteration})}$


$j$


$r_i$


$[0,1]$


$r^{(j,\text {iteration})} > {AP}^{(j,\text {iteration})}$


$i$


$j$


$j$


$i$


\begin {align}\label {deqnex10a} m^{(j, \text {iteration} + 1)} = \begin {cases} X_l^{(i, \text {iteration} + 1)} & \text {if } \text {cost}\left (X_l^{(i, \text {iteration} + 1)}\right ) \\ & < \text {cost}(m^{(i, \text {iteration})}) \\ m^{(i, \text {iteration})} & \text {otherwise} \end {cases}\end {align}


$P_{ji}$


$P_{ji}$


$P_{ij}$


$Z_{ji}$


$U_{ji}$


\begin {align}\label {deqnex11a} \| r_{i,h} \|_2^2 = \sum _{j=1}^{N_j} \left \| P_{ji,h} - Z_{ji,h} \right \|_2^2 \leq \epsilon _i^{\text {pri}}, \quad \| S_{i,h} \|_2^2 = \rho ^2 \sum _{j=1}^{N_j} \left \| Z_{ji,h+1} - Z_{ji,h} \right \|_2^2 \leq \epsilon _i^{\text {dual}}\end {align}


$\epsilon _i^{\text {pri}}$


$\epsilon _i^{\text {dual}}$


$[10^{-5}, 10^{-3}]$


$i$


$r_i(t)$


$r_i(t)$


\begin {align}\label {deqnex12a} \Delta r_i(t) = r_i(t) - r_i(t-h) \quad \text {for } t \geq 0\end {align}


$h$


$\Delta r_i(0) = r_i(0)$


$i$


$t$


$x_i(t)$


\begin {align}\label {deqnex13a} x_i(t+h) = x_i(t) + \sum _{\substack {j=1 \\ j \neq i}}^N a_{ij} \left ( x_j(t) - x_i(t) \right ) + \Delta r_i(t)\end {align}


$a_{ij}$


$i$


$j$


\begin {align}\label {deqnex14a} \lim _{t \to \infty } x_i(t) = x_j(t) = \frac {\sum _{i=1}^N r_i(t)}{N} \quad \forall i, j = 1, 2, \ldots , N\end {align}


$r_i(t)$


$i$


$t$


$\frac {\sum _{i=1}^N P_{L,i}}{N}$


$P_i$


$\sum _{i=1}^N P_{L,i}$


$P_i$


$i=1,2,3,\ldots ,N$


$\frac {\sum _{i=1}^N P_{L,i}}{N}$


$y_i$


$\hat {y}_i$


\begin {align}\text {MSE} = \frac {1}{M} \sum _{i=1}^{M} (y_i - \hat {y}_i)^2 \label {Xeqn14-14}\end {align}


$M$


$x_i \in \mathbb {R}$


$\omega _i$


$W^{(l)}$


$l, b^{(l)}$


$l, \sigma $


$y$


$\hat {y}$


$\sigma (z) = \max (0, z)$


\begin {align}\label {eq16} &z^{(1)} = W^{(1)} x + b^{(1)}\\ \label {eq17} &a^{(1)} = \sigma \left ( z^{(1)} \right ) = \max \left ( 0, z^{(1)} \right )\end {align}


$z^{(1)}$


$a^{(1)}$


$l$


\begin {align}\label {eq17} z^{(l)} &= W^{(l)} a^{(l-1)} + b^{(l)}\\ \label {eq19} a^{(l)} &= \sigma \!\left ( z^{(l)} \right ) = \max \left ( 0, z^{(l)} \right )\end {align}


\begin {align}\label {eq20} \hat {y} = W^{(\text {output})} a^{(\text {last hidden layer})} + b^{(\text {output})}\end {align}


$(x_i, y_i), i = 1, 2, \ldots , m$


$m$


\begin {align}\label {eq21} \text {Error} = \frac {1}{\text {number of outputs}} \sum _{j=1}^{\text {number of outputs}} \left ( \hat {y}_j - y_j \right )^2\end {align}


$\hat {y}_j$


$j^\text {th}$


$y_j$


\begin {align}\label {eq22} L(\theta ) = \frac {1}{m} \sum _{i=1}^{m} \frac {1}{\text {number of outputs}} \sum _{j=1}^{\text {number of outputs}} \left ( \hat {y}_{ij} - y_{ij} \right )^2\end {align}


$\theta $


$\theta = [W, b]$


$t$


\begin {align}\label {eq23} g_t = \nabla _{\theta } L(\theta _{t-1})\end {align}


$m_t$


$v_t$


\begin {align}\label {eq24} m_t = \beta _1 m_{t-1} + (1 - \beta _1) g_t\\ \label {eq25} v_t = \beta _2 v_{t-1} + (1 - \beta _2) g_t^2\end {align}


$g_t$


$t, \beta _1$


$0.9$


$\beta _2$


$0.999$


$\beta _1$


$\beta _2$


$t = 0, m_0 = 0 \, \text {and} \, v_0 = 0$


$m_t$


$v_t$


$t$


\begin {align}\label {eq26} \hat {m}_t = \frac {m_t}{1 - \beta _1^t}\\ \label {eq27} \hat {v}_t = \frac {v_t}{1 - \beta _2^t}\end {align}


$\theta = [W, b]$


\begin {align}\label {eq28} \theta _{t+1} = \theta _t - \alpha \frac {\hat {m}_t}{\sqrt {\hat {v}_t} + \epsilon }\end {align}


$\alpha $


$\epsilon = 10^{-8}$


$\delta ^{(L)} = \frac {\partial L}{\partial z^{(L)}} = \frac {\partial L}{\partial a^{(L)}} f'^{(L)}(z^{(L)})$


$f'(z) = 1$


$\delta ^{(L)} = \frac {\partial L}{\partial a^{(L)}}$


$\frac {\partial L}{\partial W^{(L)}} = \delta ^{(L)} \left ( a^{(L-1)} \right )^T$


$\frac {\partial L}{\partial b^{(L)}} = \delta ^{(L)}$


$L$


$a$


$z$


$\delta ^{(l)} = \left ( W^{(l+1)} \right )^T \delta ^{(l+1)} \odot f'^{(l)}(z^{(l)})$


$f'(z) = 1 \text {if } z > 0 \text {and} f'(z) = 0 \text {otherwise}$


$\frac {\partial L}{\partial W^{(l)}} = \delta ^{(l)} \left ( a^{(l-1)} \right )^T$


$\frac {\partial L}{\partial b^{(l)}} = \delta ^{(l)}$


$t = 0$


$m_0 = 0, v_0 = 0$


$t$


$g_t = \nabla _\theta L(\theta _{t-1})$


$m_t = \beta _1 m_{t-1} + (1 - \beta _1) g_t$


$v_t = \beta _2 v_{t-1} + (1 - \beta _2) g_t^2$


$\hat {m}_t = \frac {m_t}{1 - \beta _1^t}$


$\hat {v} = \frac {v_t}{1 - \beta _2^t}$


$\theta _{t+1} = \theta _t - \alpha \frac {\hat {m}}{\sqrt {\hat {v}} + \varepsilon }$


$\|\nabla _\theta L(\theta _t)\| \to 0$


$\|\theta _t - \theta _{t-1}\| \to 0$


\begin {equation*}C_i(P_i) = \left (87.52 - 1.8689 P_i + 0.0597 P_i^2 - 0.0006845 P_i^3\right ) P_i\end {equation*}


$\sum _{i=1}^N P_{L,i}$


$N$


$P_i$


$i=1,2,\ldots ,N$


$P_{\text {new load 1}} - P_{\text {DNN generation}} = 0.0015~\text {MW}$


$34.8~\text {MW}$


$69.6~\text {MW}$


$P_L = 24.95~\text {MW}$


$0.05~\text {MW}$


$0.187~\text {MW}$


$0.29~\text {MW}$


$0.5~\text {MW}$


$[P_{\text {min}}, P_{\text {max}}]$


$P_1$


$P_2$


$10^{-4}$


\begin {align}\text {Success Rate} = \frac {\text {Number of Successful Runs}}{\text {Total Number of Runs}} \label {Xeqn28-28}\end {align}


$0.49~\text {MW}$


$e_k=e_0\cdot \gamma ^k$


$0<\gamma <1$


$\gamma ^{100} \approx 0$


$\gamma ^{10} > 0$


$\phi (N_p \times N_d \times N_{iter})$


$N_p$


$N_d$


$N_{iter}$


$O(\sum _{l=1}^{L}n_{l-1} \times n_l)$


$n_l$


$l$

https://orcid.org/0000-0002-8979-9765
https://orcid.org/0000-0002-0081-7702
https://orcid.org/0000-0003-3264-3839
https://orcid.org/0009-0007-5222-3002
https://orcid.org/0000-0002-9733-9478
https://orcid.org/0000-0001-8883-834X
mailto:zwang124@utk.edu
https://doi.org/10.1016/j.epsr.2025.112466
https://doi.org/10.1016/j.epsr.2025.112466
http://crossmark.crossref.org/dialog/?doi=10.1016/j.epsr.2025.112466&domain=pdf

N.S. Boghrabadi et al.

The EM problem can be addressed using either centralized or distributed
approaches. A centralized optimal EM for grid connected DC microgrids was
presented in [14], which aimed to forecast optimal power generation based on
varying loads in different operational conditions . In [15], a centralized MPC
method was proposed to optimize the coordination of energy storage and gen-
erators. Additionally, [16] explored the use of the alternating direction method
of multipliers (ADMM) as an effective approach for distributed convex opti-
mization, particularly in large-scale statistical or machine learning problems.
Various distributed optimization techniques, including ADMM, have been sug-
gested for solving power management and control problems [17,18]. However,
these methods have primarily focused on achieving accurate solutions, often
overlooking the challenges associated with real-time implementation. Conse-
quently, existing approaches typically encounter issues such as high computa-
tional and communication expenses and slow convergence rates. This is largely
because most distributed algorithms rely on gradients and require numerous it-
erations, with each iteration involving at least one consensus operation, neces-
sitating extensive communication. To reduce computational load, [19] trans-
formed the nonconvex EM problem into a relaxed convex second-order cone
programming model. This transformation reduces computational costs and
provides an optimal decision-making strategy for the global operation of the
microgrid.

Recently, reinforcement learning (RL) methods, including distributed Q-
learning and consensus-based distributed RL, have emerged for optimal power
allocation. These methods treat the problem’s input (typically a specific load)
as the state and its corresponding power allocation solution as the action, effec-
tively transforming the problem into learning the discrete state-action relation-
ship [20,21]. However, these RL algorithms often lack generalization ability
and real-time performance. Particularly when dealing with continuous, time-
varying loads, these algorithms struggle to address the problem in a distributed
manner in real time.

To address the aforementioned challenges, this study proposes a novel
learning-based optimization framework to solve nonconvex EM problems of
microgrids in real time. The core concept of this approach is to treat the solution
from mature yet slow numerical optimization algorithms as an unknown nonlin-
ear mapping from inputs (load demand) to outputs (power output of each gen-
erator). This mapping is approximated by deep neural networks (DNNs) within
a framework, where either one DNN serves as a global centralized controller
or several distributed DNNs that act as local controllers that communicate with
the neighboring controllers. Unlike RL’s trial-and-error policy learning, our su-
pervised DNN learns a direct input-output mapping from optimizer-generated
labels, avoiding reward design and exploration overhead. Given that the pri-
mary objective of the EM optimization problem in microgrids is to supply the
necessary power to meet the total load demand, the proposed DNN approach
operates based on the average load. This is achieved through the dynamic aver-
age consensus (DAC) algorithm, which enables a group of agents to track the
average of their reference inputs (average load demand) in a distributed manner.

While DNNs have been applied to various aspects of EM in microgrids
such as fault detection, energy consumption, energy forecasting, and state es-
timation of power systems [22], research on DNNs for optimal EM or optimal
power allocation is rare. A similar approach was investigated recently in [23]
for a convex optimal power allocation problem in islanded microgrid systems;
however, our work significantly advances the state-of-the-art by extending the
approach to highly nonconvex EM problems for microgrids, which may suf-
fer from significant convergence issues and locally optimal solutions. The main
contribution of this work is threefold:

1) A novel approach is proposed to EM of microgrids that integrates data-
driven DNN models with formal model-based methods to provide the opti-
mal power outputs of dispatchable generators with guaranteed convergence and
real-time performance.

2) The developed DNN-based EM approach eliminates the need to solve
highly complex nonconvex mathematical optimization problems online, mini-
mizing human supervision and allowing autonomous generation of optimal ac-
tions for microgrids in real environments, despite learning being performed on
a limited subset of solutions.

3) The resulting EM controller is practical to implement on local computing
devices for real-time optimal EM with guaranteed convergence, as both sample
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generation and network training are performed offline, and only the well-trained
networks and simple matrix-vector multiplications are required online.

The rest of the paper is structured as follows. Section 2 presents the problem
formulation of EM optimization based on the generator dynamics of microgrid
in both centralized and distributed control configurations. Section 3 outlines the
numerical approaches utilized for sample generation and comparison, focus-
ing on the application of the ADMM method for distributed optimization and
the utilization of the crow search algorithm (CSA) for solving the underlying
nonconvex EM problems. Section 4 introduces the load demand determination
technique using the DAC method and details the development of DNNss, includ-
ing their structure, training, testing, and implementation. Section 5 provides an
example microgrid model and simulation results, showcasing the outcomes of
CSA, anonlinear programming algorithm, and the developed novel DNN-based
framework for comparison. Finally, concluding remarks are given in Section 6.

2. Problem statement
2.1. Energy management for microgrid

When formulating the EM optimization problem, multiple objectives may
be considered, including fuel consumption, power loss through transmission
lines, and other factors related to generators. As more devices are incorporated
into the EM calculations, the complexity of the computations increases. How-
ever, it is advisable to prioritize crucial components such as generators, energy
storage systems, and significant loads.

As discussed above, an EM layer is needed to ensure that the total load
demand will be met during mission operations with the optimal output power
for each generator. The optimization process will be based on the minimization
of the cost for power generated by each generator and power transferred from
other neighboring areas to each node. In this study, a nonconvex and nonlinear
cost function is considered as follows [24]:

Ci(P) = (ag + o\ P, + 0y P? + - + @, P") P, (1

where P, is the generated power of the i generator and C; is the cost function
calculated to produce power P;, and a; (k =1,2,3,...,m) are scalar coeffi-
cients assigning both positive and negative amounts.

This study considers a total of N generators in the microgrid and a con-
troller for each of these generators that controls the generated power of each
generator and the interchanged power with neighboring nodes. The cost func-
tion of the interchanged power from a neighboring area can be explained as the
cost that node i needs to pay node j when buying an amount P;;, which can be
expressed as follows:

> frppy=c( Y P+ Y P @)
JEN; JEN; JEN;

where P;; is the transmitted power from node j to node i, C is the price fac-
tor, and aj; is related to power loss. Due to the size of the electric network
of the microgrid, this study neglects the power loss of transmission lines. The
optimization problem in each controller becomes:

ming, . (C(P)+ Zyen, /i(P)
subjectto 3, n P+ P =Pr;, P <P <P 3)
min max min, 1 max, |
P < By < PR PN <Xy By < P
where P, pmin pmax_ p_ pmin  pmax_,pq Py ; are the generator output power,
i i Ji Ji Ji N

generator minimum output power limit, generator maximum output power
limit, the power transferred from node j to node i, minimum and maximum
limit of transferred power, and the load demand in each area needed to be met

by the generators, respectively.
2.2. Centralized and distributed control architectures
When it comes to system control such as EM of microgrids, various meth-

ods can be utilized. In a centralized architecture as shown in Fig. 1, all agents in
the system communicate with a single main controller. In this setup, all system
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Central

controller
Generator Generator | Generator
#1 #2 #N
Fig. 1. Centralized control.

Controller — Controller - > Controller
#1 — #2 - ---- #N
Generator Generator Generator
#1 #2 | T #N

Fig. 2. Distributed control.

measurements are sent to the central controller, which solves a large-scale prob-
lem and performs the necessary calculations for the control algorithm. Then the
controller dispatches the control commands to each agent to achieve the desired
control action. Based on Fig. 2, in a distributed control configuration, multiple
controllers manage their respective local agents. A communication network en-
ables information exchange between the agents, allowing for coordination to
ensure that overall system goals are met. Unlike centralized control, distributed
agents do not need to solve the control algorithm for the entire system, reducing
the computational tasks for individual controllers while providing the benefit of
redundancy for the network. In this paper, the design and training of DNNs
are explored to learn optimal EM solutions for both the centralized and dis-
tributed control architectures and evaluate the performance of the well-trained
controllers under various load demands.

3. Numerical approaches for sample generation and comparison

The selected numerical optimization methods play a key role in our pro-
posed DNN-based EM approach. A number of numerical approaches have been
applied to EM of microgrids. In this paper, ADMM and CSA are chosen from
our previous work to solve the formulated EM problems for sample generation
and comparison purposes. An overview of these approaches is provided in this
section.

3.1. Alternating direction method of multipliers (ADMM)

In dealing with optimization problems, it is important to note that if the
objective function is convex, then the solution would be a global minimum or
maximum. However, a nonconvex function will have more than one local min-
imum or maximum, which will hinder the optimization algorithm in finding
the global minimum or maximum. Utilizing the ADMM algorithm among ex-
isting methods can be helpful in solving nonconvex problems for distributed
control methodology [16,25,26]. It will allow the control system to expand to
include more agents and fits for solving a nonconvex optimization problem in a
distributed framework. By applying ADMM that involves the method of multi-
pliers and dual ascent method, problem (3) is rewritten as follows [25,26]:

P_rg,l_irlz__ <Ci(Pi)+ z (fi(Pji)+gi(Zji))>

15 PjisZji jen, @

subjectto O P+ P =Py, P;-Z;=0, P,€C
JEN;

where Z;; is a variable introduced to guarantee that node i agrees with its

neighbor j in determining the optimal solution for the power transmitted

P;; and is calculated as the average power of node i and neighbor node
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Jj, and g; is the indicator function of the constraint set C; that is rewrit-
i in,1 8|

ten as: C; = {Py| PP < P; < PR and P < 3y Py < P} Us-

ing the augmented Lagrangian for problem (4), the distributed algorithm is ex-

pressed as follows [16,25,26]:

h+1 . p 2

PO = arg min <c,.(1>,.)+f,.(1>j,.)+ z”P,,.+z;1,.+Uj’j.”2> )
Ji
(h+1) (h+1)
pth _ pl

AR L ©6)

ji 2

(h+1) _ 77h (h+1) (h+1)
vt =ul+ P - 74 )

where p is a positive number called the penalty parameter, Uj; = 13 ji 1s called
the dual variable, A is the Lagrangian multiplier, and 4 denotes the iteration
number. To obtain the optimal solution of the nonlinear Eq. (5), several meth-
ods could be used such as particle swarm optimization, genetic algorithm, ant
colony optimization, and crow search algorithm (CSA). In this research the
CSA method is chosen due to its simplicity, flexibility, superior convergence
speed, and capability of escaping local optima for nonlinear and non- convex
problems [27].

3.2. Crow search algorithm (CSA)

The CSA method was created to introduce a powerful heuristic optimizer
for solving nonlinear and non- convex optimization problems based on crow’s
behavior [27]. In the model representing crow’s behavior, each crow’s position
is a subset of features from the global set. Each variable of the optimization
problem is a dimension of the general variable X;. So, if there are three vari-
ables in the problem statement, then the dimension of X; will be three. In this
method the X is the location of a crow and there are N crows in a group. Also,
each one has a location, and this location will be updated during the process by
the flight length f;. The best location will be introduced as the optimal solution
based on its minimum or maximum cost function value. The update process of
crow location X, can be denoted as [27]:

Xl(i,iteration) o f) (m(j,iteration) _ Xl(i,iteration)>’

Xl(i,ileraliou+l) = if r(j,iteration) > AP(/’,iteratinn) (8)

arandom number, otherwise

where X' [(i’itmli(m) is the location of the i-th crow in the current iteration, f;
is the flight length, mU-eraion is jdentified as the memory location of the j-th
crow, which is the best location for the j-th crow to hide food after the iteration.
APpUiteration) yerresents the awareness probability of the j-th crow, and r; is a
random number subject to uniform distribution in [0, 1]. When rU siteration) ,
APUeration “he i_th crow tracks the j-th crow to a new hiding-food location
according to Eq. (8). Otherwise, the j-th crow will distract the i-th crow to a
new randomly generated position. At the end of each iteration, the matrix for
storing the hiding food locations is updated as follows [27]:

(i,iteration+1) . (i iteration+1)
X, if cost(X p )
< cost(m(i,iteration)) (9)

otherwise

m(/,llerallon+ D _
m(i,ilemtion)

In each iteration, the best crow’s memory (minimum or maximum cost) is
saved and after all iterations completed, the final solution is selected as the opti-
mum cost from all stored memories. Therefore, each controller starts the proce-
dure by applying the CSA algorithm to Eq. (5) to obtain P;; in each iteration. It
then sends P;; back to its neighbors and receives P;; from the neighbors in the
same iteration. In the next step, Eq. (6) will be solved to obtain Z i1 which will
lead to an updated Uj; using Eq. (7). This procedure is repeated until reaching
the stopping criteria as described below [25,26]:

Nj , Nj
Wrenl2 = 3 2 - Zials < 18412 =2 | Zgies - Zjin | <8 (10)
j=1 j=1
where €/Pri and eid“"‘l are small positive numbers in the range of [107,1073] in a
per-unit system. In this paper, the CSA is used to solve the EM problem in both
the centralized and distributed (in combination with ADMM) control architec-
tures to generate sample data for DNN training as detailed in the following
section.
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4. DNN-based optimal energy management

In this section, our proposed novel learning-based framework based on
DNNs is introduced to solve the optimal EM problem in real time under both
centralized and distributed architectures depending on the desired conditions.
The development, design, and implementation of the framework and approach
are detailed in this section.

4.1. A two-step DNN-based EM method

The proposed DNN-based EM algorithm is decomposed among all the gen-
erators and each sub-algorithm consists of two steps. In the first step, it deals
with load demand determination that computes and updates the average load
demand by synchronously monitoring and measuring the load profiles of local
generators. To this end, a first-order dynamic average consensus (DAC) algo-
rithm is applied to determine the time-varying load demand in a distributed
manner through communications among dispatchable generators (DG) [23].
Supposing the reference signal for the i-th DG is denoted as r;(f), then the
incremental change of r;(¢) in the most recent sample can be calculated as: 1

Ar()=r(t)—ri(t—h) fort>0 an

where h is the time discretization unit, and Ar;(0) = r;(0). Denote the state of
the i-th DG at time instant ¢ as x;(¢). Then, the DAC protocol can be written as:

N
X+ h) = x,0+ Y a;(x;(0) = x,(0) + Ary(0) (12)
j=1
J#i
with a;; being the interacting gain between the i-th and j-th DG. It has been
proved in [28] that under the DAC protocol in Eqs. (11) and (12), all the DGs
can track the average of their input references asymptotically, that is,
DIMID

lim x,() = x;() = ==-— Vij=12....N (13)

Considering r;() as the local load consumption at the i-th DG at time ¢,
the discrete-time DAC algorithm Eqs. (12) and (13) are utilized to realize the
global load consumption discovery in a distributed way. The flowchart in Fig. 3

shows the DAC algorithm as the first step of the proposed approach.

N
Once the average load demand % is ready, it will be fed into the

DNN as the input for DNN training. During the training procedure, the training

DAC module
for Gen #1

DAC module
for Gen #2

az3 (xa @) —x, (t))
DAC module
r3(t) = PL3 fOI’ Gen #3 x3(t) = P3
a5 (%0 — 1(0))
DAC module
TN(t) =PLN for Gen #N xN(t) =PN

Fig. 3. DAC algorithm sketch.
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data set is utilized to optimize the weights of the DNN so that it gradually
approaches the desired output. Once the offline training of the DNN finishes, the
distributed learning-based optimization algorithm based on well-trained DNN
will be implemented online to calculate the optimal power P; for each DG in
real time as will be detailed in the following subsections.

4.2. Training of DNNs

A significant step of our method is to train the local DNNs offline letting
them learn the nonlinear mathematical relationship between input (load de-
mand) and the optimal output (output power of each generator). With a training
data set, the DNNs can learn and estimate the output with the best approxima-
tion and accuracy.

In centralized control, 2,111 Py ; is determined as the input, and P; (i =
1,2,3,..., N) represents the output of the training data set obtained from opti-
mal numerical solutions using the CSA algorithm. Regarding distributed con-
trol, the training sample consists of the optimalNoutput power of each generator

N P

and the corresponding average load demand # obtained using numerical

methods such as ADMM and CSA. The training dataset is constructed by tak-
ing as many data samples as possible to improve generalization purposes. To
this end, this study uses a constant step sampling technique, in which approx-
imately 20 % of the total data is selected with a fixed sampling interval. This
approach ensures uniform coverage across the entire dataset, thereby preserving
the statistical representativeness and diversity of the original data distribution
while maintaining the quality and generalizability of the learned model.

The obtained data set is divided randomly into a training set, a validation
set, and a test set with a ratio of 70 %, 15 %, and 15 %, respectively. Addition-
ally, normalization of data is suggested in the case of a large amount of data.
The proposed DNNSs used in this research are fully connected feedforward net-
works consisting of multiple layers and neurons. The number of hidden layers
(depth) of a DNN allows it to learn complex, hierarchical patterns and often
improves generalization but makes training harder and slower, while increasing
the number of neurons (width) can make training more stable and improve fine-
grained learning but increases the risk of overfitting and computational cost.
The appropriate number of hidden layers and neurons in each layer is chosen
by cross-validation to prevent underfitting caused by a small number of hid-
den layers and overfitting seen as the result of a large number of hidden layers.
During the training and validation steps, the cost function used in this study is
the Mean Square Error (MSE) between the actual values y; and the predicted
values J;, defined as:

M
1 N
MSE = - 3 (= 9)° (14)
i=1

while M is the total number of sample points. Also, the optimization algorithm
utilized for training is Adam, and the rectifier linear unit (ReLU) is adopted
as the activation function of hidden layers, while appropriate learning rate and
batch size are determined through cross-validation, which will be investigated
and detailed in Section 5.

4.3. Testing of DNNs

After training, the DNN is tested by feeding in load demand and comparing
its output with results from numerical optimization. The error between them
indicates the model’s accuracy (smaller errors mean better performance). If the
error exceeds a threshold, the model is retrained with adjusted layers, neurons,
or activation functions. Once accuracy is sufficient, the framework’s computa-
tional speed is evaluated for real-time application.

4.4. Implementation

An overview of the proposed two-step approach is depicted in Fig. 4. As
shown in this figure, once the training and testing of the DNNs are completed,
the well-trained DNNs are used to replace the numerical, time-consuming op-
timization algorithms to calculate the optimal output power for each generator
based on the load profile in either centralized or distributed manner. Using this
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Fig. 4. A DNN-based approach to EM for microgrids.

DNN-based optimal controller is expected to reduce the processing time by a
considerable amount. If the initial version of the DNN lacks generalizability,
fails to converge, or does not efficiently meet load demand under new opera-
tional conditions, an iterative sample generation and learning mechanism will
be triggered [29,30]. In such cases, the CSA algorithm will run again to obtain
new optimal solutions according to the updated conditions. These newly gen-
erated samples will be added to the existing data set, making the model adapt
to changing operational environments. Hence, the DNN will be retrained using
this expanded dataset, which includes both previous and new data. Therefore,
this iterative learning strategy progressively improves the model’s predictive ac-
curacy and robustness, resulting in more dependable forecasts of optimal power
generation across a wider range of conditions.

4.5. Theoretical foundations

Theoretical foundations are provided in this subsection by examining the
architecture and functionality of the DNNs through key components including
perceptron, activation functions, loss functions, backpropagation, and their ca-
pacity and expressiveness. To this end, we consider a single perceptron shown
in Fig. 5, where x; € R are the inputs, o, are the weights that constitute W,
the weighting matrix of layer /, ) is the bias vector for layer /, ¢ is the ac-
tivation function applied in each neuron, y is the target output, and y is the
network output. The operation of a DNN in achieving a successfully converged
output can be described in the following sequence: forward pass equations and
mathematical formulations, loss function calculation, optimization algorithm
performance, and backpropagation derivative calculations. Each of these steps
is discussed in detail below.

Based on the main network characteristics in this study with Relu activation
function o(z) = max(0, z), the Adam optimizer algorithm, and the MSE loss
function, we consider all neurons in the first layer:

20 = wOx 4 p® s)
a» zo(z(l)) = max (O,Z(l)) (16)
where z(1) is the input of the first hidden layer neurons and a") is the output

of the first hidden layer neurons. Considering the forward pass, the input and
outputs of neurons located in layer / will be:

72O = D at=b 4 p® a7

a® = O’(Z(I)) = max (0, z(’)) (18)

Continuing the forward pass yields the final network outputs as follows:

§ = W output) y(last hidden layer) 4 p(outpu) (19)
To calculate the loss function, considering a batch point in the dataset

(x;,¥),i =1,2,...,m where m is the desired batch number, the squared error
over all outputs is:

1 number of outputs

2
Error= ——— b~y -
rror number of outputs ]g} (y i 1) (20)
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where §; is the j™ network output and y ; is the target output corresponding
to the same output neuron. The total loss is calculated for all batch sizes as
follows:

number of outputs

m
1 2
o=y b — . 21
©® m g number of outputs (9 =25 ) @D

j=1
where 6 represents the general parameters of the network calculated during the
training process, given by 0 = [W, b].

The optimization algorithm used in this case study is the Adam optimizer,
which combines momentum and adaptive learning rates. This optimizer updates
the network’s parameters to drive the gradient of the loss function toward zero.
At step time ¢, the gradient of the loss is:

8 = VoL(6,_1) (22)

Adam keeps two exponential moving averages per parameter: the first moment
m, (which is the mean of gradients) and the second moment v, (which is the
mean of squared gradients). Thus, we have:

my = fym,_; + (1= p))g (23)
v =Povy + (1= By)g} 24)

where g, is the gradient at step ¢, f is the first moment decay rate that is com-
monly chosen as 0.9, and g, is the second moment decay rate that is commonly
chosen as 0.999. In practice, f; smooths the direction of movement, while f,
smooths the magnitude of movement. At time ¢t = 0, m, = 0and v, = 0. Be-
cause m, and v, are initialized at zero, their expectations are biased low, espe-
cially for small 7. Adam corrects this by defining bias-corrected estimates as:

m,
1- ﬂi

Uy

1- ﬁ;
During the training process, the parameters 6 = [W, b] will be updated accord-
ing to:

m;

(25)

(26)

,hl
Oy =0, —a——— 27)
where « is the learning rate, and the typical default e = 108,

In the calculation of backpropagation derivatives, the loss gradient will
be calculated with respect to the weight and bias parameters from the output
layer in a backward direction until the first layer. Thus, considering the loss
gradient in the output layer, which has a linear activation function, we have

L)y _ oL _ L L _ L) _ OJL
50 = = = a(L> L_ 1) (z(1)), For linear functions, f'(z) = 1, s0 6 = =0
Gradient with respect to weights is av?/( 5 =60 (al~ 1)) and gradient with
respect to bias is aZ(LL) = 61, where L is the output layer and the loss function,

a is the output of a neuron, and z is the input to a neuron.

Considering a hidden layer, the gradients will be calculated as 6% =
(W(’“))T&(’“) © f'D(z®). For the ReLU activation function where f’(z)
1if z > Oand f'(z) = Ootherwise, gradient with respect to weights is % =

8" (a(’ ‘1))T and gradient with respect to bias is W = 6. Therefore, the pro-
cedure for updating parameters with Adam optimizer can be briefly shown for
each mini batch point based on as follows: 1) Initialize at ¢ = 0: my = 0, vy = 0;
2) At time ¢, calculate g, = V,L(0,_1); 3) Calculate m, = pym,_; + (1 = py)g;;
4) Calculate U, prv,_ + (1 = ﬁz)gf; 5) Calculate bias-corrected first mo-
ment rh, 6) Calculate D = and 7) Parameter update by 6,,, =

1— ﬂ)‘ ,
by calculating the gradient norm and parameter variation

]ﬂr,

norm, converged solution from the DNN will be approved by ||V, L(8,)|| = 0
and [|6, - 6, | > 0.

5. Case studies and simulation results
5.1. A two-generator microgrid model

The case study considers a two-generator, notional microgrid model hav-
ing two windings fed by liquefied natural gas. Because of the expectation for
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Fig. 5. Single perceptron.
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Fig. 6. Load demand profile.

dual winding generators, each winding is modeled as a separate voltage source
to achieve independent operation. This requires that each generator has two
control inputs from the external control algorithm, one for each winding. It is
assumed that both generators have identical dynamic characteristics with mini-
mum generation limit as zero and maximum generation limit as 34.48 MW, and
their cost function is as follows [25]:

C,(P,) = (87.52 — 1.8689P, + 0.0597 P? — 0.0006845P?) P,
5.2. Centralized scenario

First, this paper investigates the performance of the proposed approach on
the centralized control scenario. The optimal solution for the centralized EM
control is obtained via the CSA algorithm capable of solving the nonlinear and
nonconvex total cost functions. After that, the numerical, optimized data is used
for training and testing the DNN consisting of one network with one input as
Zi]il Py, and N outputs as P, i = 1,2,..., N. Fig. 6 shows the total load pro-
file provided to the system. The simulation runtime is 4000 s and the powers
are in MW. The DNN training dataset is provided by constant sampling of the
numerical results over its whole range.

CSA is used to solve the problem with the given load demand profile, and
the results are provided in Fig. 7, which shows the optimal output power of each
generator and the total generated power, respectively. It can be seen from these
figures that CSA is efficient to converge to the optimal output power for each
generator such that their total generation meets the whole load demand shown
in Fig. 6. These obtained optimal solutions are used to generate sample data for
DNN training and comparison.

According to the development in the previous section, offline training is
performed to train and well tune the DNN and its weights. The trained DNN
consists of one input, two outputs, and four hidden layers containing 15, 40, 40,
and 30 neurons, respectively, as shown in Fig. 8. The batch size is chosen to be
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g Generator 1 output power
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Fig. 7. Results from CSA in centralized mode.

1000, and the learning rate is 0.001 based on their least MSE values shown in
Table 1 obtained via cross-validation studies. According to this table, enough
large batch size is selected to yield faster training and gradient convergence,
while ensuring it is not too large to avoid overfitting and poor generalization
performance. Conversely, the learning rate is chosen small enough to ensure
more accurate modeling and better convergence, while preventing the risk of
getting stuck in local minima oscillations or divergence. After training, the cen-
tralized DNN control is provided to the two-generator model. Fig. 9 shows each
generator output power an acceptable performance of the trained DNN in meet-
ing the load demand and the power limitations of the generators.

In the next step, two new load profiles are introduced to the centralized DNN
to further evaluate its generalization performance. As shown in Fig. 10, the first
new load contains different values from the original training load in Fig. 6 but
shares similar minimum and maximum ranges. The DNN demonstrates strong
performance by providing an acceptable power estimation that could accu-
rately meet the desired demand with the average error calculated on the entire
prediction horizon of only Pyey 10ad 1 — PONN generation = 0-0015 MW, which is
practically negligible. Fig. 11 presents an evaluation of the generalization ca-
pability of the DNN under the second new load demand profile, which includes
values that exceed the maximum of the original training data. Given that the
maximum generation capacity of each generator is approximately 34.8 MW,
the total load should not exceed 69.6 MW, as there are no additional genera-
tion units available. For load intervals not exceeding the training data range, the
DNN maintains negligible estimation error. However, for load values exceed-
ing the original dataset’s maximum, the estimation error is analyzed in crit-
ical regions labeled operational conditions 1 through 4. According to Table 2
indicating results of Fig. 11, in operational condition 1 where P; = 24.95 MW,
the total power estimation met the desired demand very closely with just the es-
timation error of 0.05 MW (about 0.2 % of main load) and in operational con-
dition 2 the estimation error is about 0.187 MW ( 0.4 % of main load), while
in operational condition 3 this error is 0.29 MW (almost 0.55 % of main load)
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Fig. 9. Results from DNN in centralized mode.

and finally in operating condition 4 the estimation error reaches about 0.5 MW,
which is just about 0.7 % of the load demand. These results indicate that the
proposed DNN effectively handles unseen load profiles with higher ranges.

To further evaluate the performance of our proposed method, a compara-
tive analysis is conducted between our DNN approach, CSA, and the sequen-
tial quadratic programming (SQP) algorithm as a representative gradient-based
method through the MATLAB fmincon function. Comparison benchmarks in-
clude convergence stability, success rate, objective value achieved, and com-
putational efficiency. To perform a statistical analysis, the three methods are
evaluated in the entire original load data set using a consistent set of initial
conditions, randomly selected from the interval [P, Py ]- A run is success-
ful if both the P, and P, solutions converge with a solution accuracy within a
threshold 10~ of the true solution for each approach, and the success rate is
computed as:

Number of Successful Runs

Success Rate = Total Number of Runs

(28)

After each run, the objective function value and computational time are
recorded, and their averages are computed for comparison as shown in Table 3.
Statistical results express that the proposed DNN approach is more successful
than the gradient-based method in convergence stability with a higher success
rate, lower average objective value, and less computational time.

Table 1

Electric Power Systems Research 252 (2026) 112466

Batch size and learning rate selection through cross validation for the centralized

case.

Batch | Learning Final Average
Size Rate Validation MSE | Validation MSE
50 0.01 2.6915e-15 0.3690
50 0.001 4.8040e-11 2.3313
50 0.0005 2.8128e-10 1.6313
500 0.01 1.0067e-11 0.3133
500 0.001 2.7575e-12 0.0681
500 0.0005 4.5421e-10 0.5731
1000 0.01 1.8946e-09 1.6681

1000 0.0005 4.0933e-09 0.5270
10000 | 0.01 9.7238e-08 1.8028
10000 | 0.001 1.0570e-11 0.1073
10000 | 0.0005 2.9432e-11 0.1175

Table 2

Generalization evaluation for centralized DNN with new load demand 2.
Operational Condition 1 2 3 4
New Load Demand 2 (MW) 24.95 43.74 52.71 66.78
Total Generation (MW) 25.00 43.92 53.00 67.28

Error (MW) = Pocy 1oaa2 - Pony genermion. 005 0187 029 0.50

30 T

Total generated power
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Fig. 10. New load demand profile 1 and total generated power by DNN.

5.3. Distributed scenario

In addition to the centralized case, this study also demonstrates the DNN-
based approach on the distributed control scenario using the same two-
generator model. It is assumed that both generators have the same load profile,
and the total load demand is the same as illustrated in Fig. 6. The results of the
numerical optimization approach using ADMM and CSA for distributed EM
are shown in Fig. 12. Same as the centralized scenario shown in the previous
subsection, the training data set is selected by constant sampling over the entire
main data to capture about 20 % of it consisting all value levels.
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Table 3
Statistical analysis and comparison in centralized mode.
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Method Total Number of Runs Total Number of Successful Runs Success Rate (%) Average Objective Function Value Average Computational time
CSA 800,001 800,001 100 % 646.0973 626 micro sec
fmincon 800,001 578,973 72 % 650.0254 30.36 micro sec
DNN 800,001 799,868 99.98 % 646.0973 10.94 micro sec
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erators in the distributed EM approach is very close, even identical, to the total
load demand, demonstrating the ability of the proposed DNN-based method to
generate accurate and optimal EM solutions for microgrids.

To evaluate the generalizability performance of the distributed DNNs, the
new load demand 1, shown in Fig. 14, is equally distributed to the generators,
with each handling half of the total load. It is seen that both distributed DNNs
perform effectively to adjust power such that their summation can fulfill the
whole new load as unseen data. In the next step, same as the previous subsec-
tion, the new load profile 2, illustrated in Fig. 15, consisting of varied values
higher than the maximum ranges of the original data set, is provided to the dis-
tributed DNNs as an unseen input. According to the results shown in Table 5,
both distributed DNNs demonstrate successful performance on higher ranges of
unseen data and in the highest possible value shown in operational condition 4,
the difference between total generation and new demand is just about 0.49 MW,
which is about 0.7 % of the load and can be neglected in practice.

Finally, statistical analysis is performed to compare the three methods
(DNN, CSA, and SQP) for the distributed mode based on the same evalua-
tion procedure and the benchmarks in the previous subsection. The results are
shown in Table 6, demonstrating that the DNN-based approach outperforms the
SQP solver with a higher success rate, a lower objective function value, and less

Fig. 13. Results from DNNs in distributed mode.

computational time. The server computer used in this research is equipped with
a 11th Gen Intel 4-Core i7 processor and 1.0 TB RAM.

5.4. Discussion and future work

Communication Challenges: Communication networks are essential to dis-
tributed microgrids. Although this study assumes ideal communication, real-
world challenges, such as latency, packet loss, and synchronization, can af-
fect how well a trained DNN generalizes and executes decisions. Latency or
packet loss may delay the exchange of information among distributed energy
resources, leading to outdated or incomplete data for local optimization. This
may degrade decision quality and prediction accuracy, as DNNs depend on
timely, accurate inputs. Such delays can shift operations away from the global
optimum, even if the DNN was trained under perfect conditions. In extreme
cases, excessive packet loss may cause the EM algorithm to diverge, with model
parameters drifting from optimal values. The impact of communication delay
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Table 4
Batch size and learning rate selection through cross validation for the distributed
case.

Batch | Learning Final Average
Size Rate Validation MSE | Validation MSE
50 0.01 2.6915e-15 0.3690
50 0.001 4.8040e-11 2.3313
50 0.0005 2.8128e-10 1.6313
500 0.01 1.0067e-11 0.3133
500 0.001 2.7575e-12 0.0681
500 0.0005 4.5421e-10 0.5731
1000 0.01 1.8946e-09 1.6681
1000 0.001 4.7177e-23 0.0353
1000 0.0005 4.0933e-09 0.5270
10000 | 0.01 9.7238e-08 1.8028
10000 | 0.001 1.0570e-11 0.1073
10000 | 0.0005 2.9432e-11 0.1175
Table 5
Generalization evaluation for distributed DNN with new load demand 2.
Operational Condition 1 2 3 4
New Load Demand 2 (MW) 24.95 43.74 52.71 66.78
Total Generation (MW) 25.00 43.9 52.97 67.27

Error (MW) = Py 10ad 2 = PoNN generation 0.05 0.16 0.26 0.49

30 T T T
Total generated power

— — —load demand

5 . . . . . . .
0 500 1000 1500 2000 2500 3000 3500 4000

Time (s)

Fig. 14. New load demand profile 1 and total generated power with distributed DNNs.

can be examined through its influence on control horizons and the number of
communication rounds. In our simulation, the total duration is 4000 s with a
sampling time of 0.005 s, resulting in 800,000 discrete steps. Assuming a con-
trol horizon of 0.5 s, this translates to 100 discrete steps per horizon. For low
latency scenarios, such as 5 milliseconds per hop, the system can accommo-
date approximately 100 communication rounds within each control horizon,
enabling rapid convergence. However, under high latency conditions, such as
50 milliseconds per hop, only about 10 communication rounds are feasible,
which significantly slows convergence. If consensus error decreases exponen-
tially per round, modeled as e, = e; - y¥ with 0 < y < 1, then in low latency
cases, y'% ~ 0, indicating near-perfect convergence within a single horizon.
However, in high latency cases, y'? > 0, leaving a non-negligible residual er-
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Fig. 15. New load demand profile 2 and total generated power with distributed DNNs.

ror that requires multiple horizons to resolve. As a result, low latency enables
smooth and efficient operation with convergence achieved in nearly every hori-
zon, while high latency leads to delayed convergence, sustained suboptimal
dispatch, and gradual error accumulation across horizons. Therefore, designing
latency-aware control and communication strategies is important to ensure re-
liable and optimal performance in microgrid environments. Additionally, poor
scheduling of message exchanges can desynchronize nodes, forcing them to
wait for updates and reducing overall efficiency and convergence speed. To
address these issues, this study recommends: (a) robust DNN training that ac-
counts for noisy and delayed inputs; (b) edge intelligence, enabling autonomous
operation via local fallback DNNs during communication disruptions; and (c)
communication-aware control, which co-designs DNN models and protocols to
dynamically adjust control frequency based on network quality.

Scalability to Larger Systems: Although the current validation is limited
to a two-generator system for proof-of-concept purposes, the proposed CSA-
DNN framework is inherently scalable to larger power systems. From a com-
putational perspective, CSA is a population-based metaheuristic whose com-
putational complexity scales approximately linearly with the number of deci-
sion variables (e.g., generators, storage units) and the number of iterations as
¢(N, X Ng X Nj,,.), where N, is the population size, N, the number of de-
cision variables, and N, the number of iterations. This implies that increas-
ing the number of generators tenfold results in a roughly linear increase in of-
fline computation cost, which does not affect real-time performance. Once the
dataset is generated, the DNN surrogate handles online decision-making, with
forward inference cost given by O(Z[L=l n;_y X n;), where n; is the number of
neurons in layer /. This cost grows approximately quadratically with the size of
the largest hidden layer but remains independent of the number of training sce-
narios. As system size increases, the input and output dimensions of the DNN
expand, yet modern architectures can efficiently accommodate such growth. In
addition, scalability also depends on the communication and control architec-
ture: in centralized implementations, the DNN processes higher-dimensional
input vectors, but fast inference mitigates this cost; in distributed implementa-
tions, multiple smaller DNNs can be trained on local CSA-derived solutions,
with global coordination achieved via lightweight consensus protocols, reduc-
ing data explosion risks and communication overhead. In sum, our CSA-DNN
framework remains scalable because CSA complexity grows linearly with sys-
tem size and is offline and parallelizable, DNN inference time is essentially
constant with respect to system size and bounded by architecture, and dis-
tributed control strategies ensure communication scales with local connectiv-
ity rather than total system size. However, scaling to very large systems intro-
duces challenges such as increased training data requirements and communi-
cation overhead. Each additional generator expands the decision space, requir-
ing exponentially more samples for effective DNN generalization, which risks
overfitting and longer training times. On the communication side, a fully
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Table 6
Statistical analysis and comparison in distributed mode.
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Method Total Number of Runs Total Number of Successful Runs Success Rate (%) Average Objective Function Value Average Computational time
CSA 800,001 800,001 100 % 646.0973 810 micro sec

fmincon 800,001 724,001 90.5 % 648.708 47.27 micro sec

DNN 800,001 799,895 99.98 % 646.0974 13.21 micro sec

connected mesh leads to quadratic growth in links, increasing latency and syn-
chronization issues. To address these challenges, several strategies may be pur-
sued. For example, generators may be clustered into virtual power plants to
reduce dimensionality. More advanced machine learning approaches such as
federated learning may be used to share model updates trained locally instead of
raw data. Consensus-based or event-triggered communication may be adopted
to minimize unnecessary exchanges. Also, alternative architectures such as
graph neural networks or multi-agent RL may be leveraged to efficiently cap-
ture system interactions.

Sensitivity, Transparency, and Dependency: DNNs in microgrid energy
management face additional challenges, including vulnerability to unseen op-
erating conditions, limited interpretability, and computational overhead from
iterative learning. Enhancing robustness requires strategies such as data aug-
mentation, hybrid control mechanisms, online learning, uncertainty quantifi-
cation, and anomaly detection. Improving transparency involves explainability
tools, interpretable model architectures, constraint-aware designs, and system-
atic auditing. While iterative learning enhances adaptability, it also increases
computational demands and may reduce system responsiveness, highlighting
the need for efficient retraining methods and reliable fallback mechanisms.

6. Conclusion

This study introduces a novel learning-based optimization algorithm for the
optimal EM of microgrid systems under both centralized and distributed con-
trol scenarios. Our approach leverages DNNs to address the computational and
convergence challenges associated with nonconvex and nonlinear EM prob-
lems. The proposed DNN-based method offers several significant advantages
over traditional numerical optimization techniques. First, it enables real-time
optimization by directly providing optimal power generation solutions based
on load demand inputs, significantly reducing computational time and increas-
ing convergence speed. This is particularly beneficial for real-time applications
in microgrids where quick and reliable decision-making is crucial. Second, the
distributed control framework ensures that each local controller can operate
independently while coordinating with others to achieve global optimization
goals. In addition, the DNN-based EM approach combined with iterative learn-
ing technique increases the model generalizability in varying operational con-
ditions. The integration of DNNs into the EM of microgrids represents a sig-
nificant advancement in the field, offering a practical and efficient solution for
real-time EM in maritime, terrestrial, and other microgrids. However, although
empirical validation on unseen load profiles shows consistently low deviation
from optimal results, the proposed method has only been tested on a small, two-
generator microgrid, leaving its performance on larger systems as an open area
for future investigation. In addition, the optimality of DNN predictions is as-
serted under the assumption that the CSA-generated training data represent op-
timal solutions. CSA’s results are considered reliable based on its convergence
behavior and defined stopping criteria. As a global search algorithm, CSA is
better at avoiding local minima than local methods like SQP, as evidenced by
the comparisons in this paper. However, guaranteeing strict, particularly global,
optimality remains a difficult task and presents an interesting direction for fu-
ture research.
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