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Abstract

High renewable penetration turns microgrid dispatching from an optimiza-
tion problem into an uncertainty management one. Solar and wind outputs
flicker; load demand wavers without rhythm. Both economic efficiency and
operational stability come under threat. Conventional methods fall into two
camps: model-based approaches, brittle against parameter errors, and search-
heavy algorithms, too sluggish for real-time shifts. Neither manages to recon-
cile global exploration with instantaneous responsiveness—the very balance
that dynamic environments demand. To address these issues, this paper pro-
poses a hybrid intelligent optimization framework that integrates an improved
genetic algorithm and deep reinforcement learning, aiming to achieve real-
time economic dispatching of microgrids with a high proportion of renewable
energy. At the algorithmic level, an adaptive hybrid encoding strategy is de-
signed to unify the representation of continuous control variables and discrete
equipment states; further, a dynamic mutation mechanism based on deep re-
inforcement learning is introduced, enabling the algorithm to adjust the mu-
tation probability in real time according to the degree of load disturbance, en-
hancing the system’s robustness in sudden conditions. At the optimization
mechanism level, a DRL-driven fitness evaluation system is constructed: the
deep reinforcement learning agent obtains real-time reward signals through
interaction with the environment and uses these signals to dynamically modify
the fitness function of the genetic algorithm, thereby achieving collaborative
optimization of global exploration and local fine search. Simulation results
based on the NREL OpenElI Commercial Building and Microgrid Reference
Datasets (2018-2022) and the IEEE 33-node system show that, compared with
traditional genetic algorithms, Deep Q-Network (DQN), and particle swarm
algorithms, the proposed method performs exceptionally well in multiple key
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indicators: compared to traditional genetic algorithms, the average daily com-
prehensive operating cost is reduced by 16.3%; compared to particle swarm
algorithms, the penetration rate of renewable energy increases by 8.7%; the
convergence speed is increased by 20% (based on the genetic algorithm as the
benchmark). Moreover, in load disturbance scenarios, the dynamic mutation
strategy reduces the cost fluctuation amplitude by 25.0%, demonstrating ex-
cellent dynamic adaptability and robustness.

Keywords

Hybrid Optimization Framework, Improved Genetic Algorithm,
Reinforcement Learning, Microgrid Scheduling, Renewable Energy
Penetration Rate, Dynamic Mutation Strategy, Robust Optimization

1. Introduction

Decarbonization is now the common goal of major economies—China’s carbon-
neutrality drive, the EU’s Green Deal, and the US rejoining the Paris Agreement
all attest to that. In 2023, global renewable capacity overtook fossil fuels for the
first time, and the IEA expects clean energy to supply nearly half of world electric-
ity by 2030. China, the world’s largest energy producer and consumer, has long
led in wind and solar installations.

But this expansion introduces a grid stability problem that conventional dis-
patch cannot easily solve. Unlike fossil plants, renewables are inherently intermit-
tent—and increasingly so at sub-minute timescales. A passing cloud can slash so-
lar output by over 50% in mere seconds, compressing uncertainty from the minute
level to the second level. For microgrids, that shift turns routine power balancing
into a high-frequency, real-time control challenge—one that fundamentally rede-
fines operational reliability.

The large-scale integration of distributed renewable energy has profoundly
transformed the traditional “generation-transmission-distribution-consumption”
one-way radial structure. Microgrids, as the key technical carrier for integrating
distributed energy and achieving autonomous management, embody their core
value in the following aspects: aggregating dispersed resources to reduce the im-
pact on the main grid, smooth switching between grid connection and island
mode to ensure power supply for critical loads, and providing technical support
for new business models such as demand response and virtual power plants. There-
fore, microgrids are widely regarded as a key link in building a new power system
and promoting energy transformation. The United States, Europe, and China
have all incorporated them into their national energy strategies and deployed
demonstration projects.

However, the optimal scheduling of microgrids faces four core challenges:

* Source-load dual uncertainty: The output of wind power and photovoltaic (PV)

generation is highly intermittent and random due to meteorological conditions,
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while load demand is also difficult to predict precisely. The combination of
these two factors makes real-time power balance extremely complex.

e Multi-device collaborative control is complex: Wind power and photovoltaic
energy should be fully absorbed; energy storage should be used for bidirec-
tional regulation to smooth out fluctuations; diesel engines should be used as
backups to ensure power supply but with associated fuel costs and carbon emis-
sions; and the interaction with the main grid is subject to price and contract
constraints. Coordinating these devices with diverse characteristics constitutes
a high-dimensional, nonlinear, and mixed-integer programming problem.

* Multi-objective conflicts are difficult to balance: there is a complex trade-oft
among economic factors (reducing operating costs), environmental factors
(maximizing the consumption of renewable energy), reliability (avoiding load
shedding), and equipment health (preventing excessive charging and discharg-
ing of energy storage). For instance, prioritizing the consumption of renewable
energy may accelerate the aging of energy storage, while reducing costs may
rely on diesel engines with high carbon emissions.

* High dynamic response requirements: The power generation output, load, and
electricity price are constantly changing. The dispatching algorithm needs to
quickly generate stable and non-oscillating adjustment plans within millisec-
onds to minutes.

As akey carrier for integrating distributed renewable energy, the optimal sched-
uling of microgrids faces complex characteristics such as high uncertainty, multi-
objective conflicts, and strong nonlinear coupling, which pose challenges to tra-
ditional optimization methods. The proposed hybrid framework of improved ge-
netic algorithm and deep reinforcement learning in this paper aims to break
through the bottleneck where a single algorithm is unable to balance global search
in dynamic environments and real-time adaptability. Through adaptive mixed en-
coding, DRL-driven dynamic mutation, and fitness correction based on reinforce-
ment learning feedback, this framework achieves unified representation of heter-
ogeneous variables, dynamic environment response, and collaborative optimiza-
tion of global and local search, enriching the theoretical achievements in the in-
tersection of evolutionary computation and reinforcement learning.

At the engineering level, the performance of this framework directly affects the
economic operation efficiency, renewable energy absorption capacity, and power
supply reliability of the microgrid. Quantitative indicators have verified its effec-
tiveness and robustness. This framework has excellent scalability and can be inte-
grated into the existing energy management system, providing real-time and sta-
ble scheduling decision support for operators and reducing the system’s reliance
on fossil energy. Moreover, based on the NREL OpenEI Commercial Building and
Microgrid Reference Datasets (2018-2022) and the simulation of the IEEE 33-
node system, the research conclusions have engineering reference value and can
provide theoretical support and technical solutions for microgrids in islands, in-

dustrial parks, and remote areas.
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With the deepening of research, the limitations of a single method have become
increasingly prominent, and the hybrid optimization method has gradually be-
come a hot topic of concern in the academic community.

A detailed literature review reveals that existing approaches to microgrid sched-
uling optimization can be classified into three main technical routes.

In terms of traditional optimization methods, dynamic programming can solve
multi-stage decision-making problems, but it suffers from the “curse of dimen-
sionality” [1]; model predictive control handles uncertainties through rolling op-
timization, but its performance depends on the prediction accuracy [2]; mixed
integer linear programming can uniformly handle continuous and discrete varia-
bles, but its adaptability to nonlinear constraints is limited [3]. In terms of intelli-
gent optimization algorithms, the genetic algorithm achieves global optimization
through population iteration. The multi-objective version (such as NSGA-II) can
generate the Pareto front [4], but it is prone to premature convergence and the
fixed parameters are difficult to adapt to dynamic environments [5]. The particle
swarm algorithm has a simple structure and fast convergence [6], but it is prone
to falling into local optima. The differential evolution algorithm performs well in
continuous optimization [7]. In terms of reinforcement learning methods, Q-
learning models scheduling as a Markov decision process but suffers from the
“curse of dimensionality” due to state space discretization [8]. Deep Q-network
(DQN) addresses this issue by using neural networks to approximate the value
function, enabling end-to-end control [9]. However, DQN faces challenges such
as overestimation bias and training instability, which are mitigated in our frame-
work through the collaborative optimization with genetic algorithms. The deep
deterministic policy gradient can handle continuous action spaces, but is sensitive
to hyperparameters. In terms of hybrid optimization methods, researchers have
attempted to apply reinforcement learning to adaptively adjust the parameters of
genetic algorithms, or to adopt multi-agent collaborative optimization. However,
the deep integration of these two types of algorithms still requires further break-
throughs.

Although previous studies have achieved significant results, the following key
issues still remain:

* The algorithm’s adaptability and dynamic response capability are insufficient.
The evolutionary mechanism of a single genetic algorithm is fixed in a dynamic
environment, making it difficult to promptly adjust the search direction; alt-
hough reinforcement learning has the ability for online learning, its training
relies heavily on a large number of trial-and-error attempts, resulting in slow
convergence and poor stability. These two types of algorithms have not yet
formed an effective synergy.

* It is difficult to uniformly represent heterogeneous variables. The continuous
variation of the energy storage SOC and the discrete decision-making of the
diesel engine’s start/stop operation are usually handled using stepwise optimi-

zation or relaxation methods, which separate the coupling on the time scale.
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The pure binary encoding has limited accuracy in handling continuous varia-
bles, while the pure real number encoding cannot naturally express discrete
decisions, which restricts the search efficiency.

* Robustness needs to be improved in dynamic environments. The traditional
genetic algorithm uses a fixed mutation probability. In sudden conditions such
as load fluctuations, the mutation operation is blind and may destroy high-
quality genes. There is no mechanism to adaptively adjust the search behavior
according to the degree of environmental disturbance.

* The balance mechanism between global exploration and local development is
still not perfect. The existing hybrid methods mostly adopt simple serial struc-
tures or parameter grafting, failing to achieve a deep integration of the two
types of search capabilities, and thus it is difficult to achieve an ideal balance
between convergence speed and solution accuracy.

This paper conducts a systematic study on the real-time economic dispatch
problem of microgrids with a high proportion of renewable energy. A multi-ob-
jective optimization scheduling model including wind power generation, photo-
voltaic arrays, energy storage systems, diesel generators, and grid interaction was
established. The uncertainty of wind and solar power output and the random fluc-
tuations of load demand were handled using scenario-based stochastic program-
ming. A hybrid intelligent optimization framework integrating improved genetic
algorithm and deep reinforcement learning was proposed. Firstly, a real-number-
binary hybrid encoding strategy was designed to achieve unified representation of
heterogeneous variables; secondly, a dynamic mutation mechanism driven by
deep reinforcement learning was introduced to enable the algorithm to adjust the
search mode in real time in response to environmental disturbances; thirdly, a
fitness evaluation system driven by reinforcement learning was constructed to
achieve deep integration and complementary advantages of the two algorithms.
Based on the NREL OpenElI dataset and the IEEE 33-node system, three sets of
experiments were designed for benchmark algorithm comparison, encoding strat-
egy comparison, and mutation strategy comparison. These experiments evaluated
the performance of the algorithms from multiple dimensions.

The main contributions of this work are summarized as follows:

1) A unified hybrid encoding strategy that represents continuous and discrete
decision variables within a single chromosome, enabling collaborative optimiza-
tion of heterogeneous variables and improving computational efficiency by 23%
over traditional binary coding.

2) A DRL-driven adaptive mutation mechanism that dynamically adjusts the
mutation probability based on real-time feedback from the DQN agent, enhanc-
ing the algorithm’s responsiveness to sudden load disturbances and reducing cost
fluctuations by 25%.

3) A reinforcement learning-guided fitness evaluation system that integrates
the DQN’s reward signals into the genetic algorithm’s fitness function, achieving

a synergistic balance between global exploration and local exploitation.
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4) A comprehensive case study based on the NREL OpenEI datasets (2018-2022)
and the IEEE 33-node system, demonstrating that the proposed framework re-
duces average daily operating costs by 16.3% compared to traditional GA, in-
creases renewable energy penetration by 8.7% compared to PSO, and accelerates

convergence by 20%.

2. Structure of Microgrid System and Dispatching
Framework

A microgrid system is typically composed of distributed power sources (such as
photovoltaic, wind power, and energy storage systems), loads, control equipment,
and grid connection/island switching devices. These components achieve energy
interconnection through AC or DC busbars, forming a localized local power net-
work that can operate autonomously. Its scheduling architecture generally adopts
a hierarchical control strategy: the bottom layer is the local controller, responsible
for rapid regulation at the unit level; the middle layer is the microgrid-level energy
management system (EMS), which undertakes real-time balance and coordina-
tion of sources, storages, and loads; the upper layer connects with the external
large power grid or power market to participate in demand response or price op-
timization. The core goal of scheduling is to coordinate the operation of each unit
while ensuring economic efficiency, reliability, and low-carbon performance. The
core algorithms typically include power prediction, rolling optimization (such as
model predictive control MPC), and feedback correction to support power inter-
action in grid-connected mode and stable operation in island mode.

The structure of the green energy microgrid system studied in this paper is

shown in Figure 1.

Power Generation Energy Storage and Backup Power
Photovoltaic array Wind turbine Energy Storage X
Diesel generator
System
AC/BC Bus
Load and Grid Connection
PCC Point of

Common Coupling
Variable Load

External Power Grid

Figure 1. Structure diagram of green energy microgrid system.
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This system is mainly composed of distributed renewable energy sources (pho-
tovoltaic arrays, wind turbines), energy storage systems (lithium-ion batteries),
diesel generators, and variable loads. The system is connected to the external large
power grid through the public connection point (PCC) and can autonomously

maintain power supply in the isolated island mode [10].

2.1. Photovoltaic Power Generation Model

The photovoltaic power generation model simulates the process of converting so-
lar energy into electricity using mathematical methods. The model mainly takes
into account factors such as light intensity, solar incidence angle, environmental
temperature, characteristics of photovoltaic modules (such as conversion effi-
ciency, temperature coefficient), and system losses (such as shading, line losses).
Usually, the DC output power is calculated based on equivalent circuits (such as
single diode or double diode models) or empirical formulas, and then combined
with the efficiency of the inverter to obtain the AC power generation. This model
can be used to predict power generation efficiency, optimize system design, or
evaluate the power generation performance under different conditions, and is the
core tool for planning and operation analysis of photovoltaic systems. The output
power B, () of the photovoltaic array is jointly determined by solar irradiance

G(t) and environmental temperature T, () :
oy (£) = 1wy - Apy - G (2)-[ 1-0.005(7, (£) +0.025G (¢) - 25) ]. (1)

In the formula, 7,, represents the photoelectric conversion efficiency, and
A,y represents the area of the photovoltaic panel [11].

The theoretical maximum output power Fyy™ (¢) is jointly determined by so-
lar irradiance and ambient temperature, as shown in Equation (1). In the actual
scheduling process, the photovoltaic array is allowed to operate below this maxi-
mum value through active power curtailment when grid absorption capacity is
insufficient or prices are negative. Therefore, the actual dispatched photovoltaic

power P, (¢) must satisfy the following upper-bound constraint:
0< Py (1)< By (2). ()

This curtailment mechanism provides an additional degree of freedom for sys-
tem operation, effectively preventing overvoltage and reducing the economic losses

caused by reverse power flow.

2.2. Wind Power Generation Model

The wind power generation model uses mathematical methods to simulate the
process of converting wind energy into electrical energy. The model mainly con-
siders wind speed distribution (such as Weibull distribution), wind turbine char-
acteristics (such as power curve, cut-in/cut-out wind speed), air density, tower
height (wind shear effect), as well as mechanical and electrical losses. Generally,
the theoretical power generation is calculated based on aerodynamic power for-

mulas or empirical data, and is then corrected by taking into account the turbine
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efficiency, yaw control, and grid constraints. This model can be used to predict
power generation capacity, optimize the layout of wind farms, or evaluate the op-
erational performance under different wind speed conditions, and is an important
tool for wind farm design and energy management.

The relationship between the output power of the fan Py, (t) and the wind

speed W(£) can be expressed as:

0 v(t)<v,orv(t)zv,;
t)—v._.
PWT (t): Rated.% Viei SV([)<VV; (3)
Pratcd Vr S(t)<l/m,

In the formula v, v,, v, represent the Cut-in wind speed, the rated wind
speed and the cut-out wind speed respectively [12]. Similarly, the actual dis-
patched wind power Py (¢) is constrained by its theoretical maximum
Py (1) derived from the wind speed-power curve:

0< Py; (1)< Py (1). (4)

2.3. Energy Storage System Model

The energy storage system model is used to describe the dynamic process of its
energy storage and release. The model mainly considers key parameters such as
the type of energy storage (e.g., batteries, supercapacitors, flywheels, etc.), charg-
ing and discharging efficiency, capacity decay, power limit, and state of charge
(SOCQ). It is typically based on electrochemical equations, equivalent circuits, or
data-driven methods to simulate the energy input, storage losses, and output char-
acteristics of the energy storage device, and can integrate thermal management,
life prediction, and control system strategies. This model can be used to optimize
the configuration of energy storage systems, evaluate their economic benefits, en-
hance grid stability, or promote the consumption of renewable energy, and is one
of the core tools for the design of smart grids and microgrids.

The dynamic equation for the state of charge (SOC) of a battery is as follows:
SOC(1+1)=80C 1) + Teofeo (Ac By (1)Ar

Eya Mais Eva

Amongthem, 7., isforchargingand discharging efficiency, and the battery

)

capacity must meet [13]:
SOC,,, < SOC(t) <SOC,,,- (6)

2.4. Objective Function and Weighted Optimization Formulation

The microgrid scheduling optimization problem involves multiple competing ob-
jectives, including economic cost, renewable energy penetration, and operational
safety. To enable efficient solution using the proposed GA-DRL framework, we
transform these objectives into a single weighted objective function as follows:

min{ﬁ[cd (6)4 Coa (1) 4 AC,., (z)]}, @

t=1
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m{%} ®

Among them, the economic objective is:

C,(t)=aP; (t)+bP,(t)+c, 9)
Cgfid (t) = pbuy (t)Rbuy (t) ~ Peent (t)f;cll (t)’ (10)
Coue (1) = B[P (2)]- (11)

In the formula, C,(7) represents the fuel cost of the diesel generator (using a
quadratic function model) [14]; Cyy (t) represents the purchase and sale elec-
tricity cost in interaction with the power grid; C,, (¢) represents the loss cost of
the energy storage system.

At the heart of environmental protection strategy lies a single metric: the re-
newable energy penetration rate. Defined as the share of generation from wind,
solar, hydro, and other clean sources within the total system power supply, this
figure is far more than a statistical convenience—it serves as a direct barometer of
both structural cleanliness and long-term sustainability.

Yet the relationship between penetration and progress is not one-dimensional.
A rising share of new energy undoubtedly signals advancement, yet it simultane-
ously imposes stiffer demands on the system’s flexible regulation capacity—think
of dispatchable storage, responsive grid infrastructure, and predictive load fore-
casting. In this sense, the penetration rate operates as a double-edged indicator:
the higher it climbs, the more it tests the resilience of supporting technologies.

Ultimately, however, its significance remains unambiguous. Whether measured
against decarbonization milestones or transitional roadmaps, this single number
condenses the twin ambitions of the energy shift—reducing fossil dependence
while scaling up intelligent integration. It is, for policymakers and engineers alike,
the most concrete yardstick of low-carbon effectiveness, and arguably the clearest
signal of whether the transition is merely aspirational or genuinely underway.

Although the problem involves multiple competing objectives (economy, re-
newable penetration, and safety), we adopt a weighted sum approach to scalarize
them into a single fitness function. This formulation enables the genetic algorithm
to efficiently search for a single compromise solution that reflects the decision-
maker’s preferences encoded in the weights. A systematic sensitivity analysis of
the weights is presented in Section 4 to validate the robustness of the chosen
weighting scheme. This weighted single-objective formulation is widely adopted
in microgrid dispatch studies due to its computational efficiency and ease of inte-

gration with evolutionary algorithms.

2.5. Key Operating Assumptions

The following assumptions are adopted throughout the dispatch model to ensure

reproducibility and practical feasibility.
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1) Energy storage system: initial and terminal SOC

The battery energy storage system is assumed to start each scheduling day with
a state of charge (SOC) of 50% of its rated capacity, z.e, SOC(0)=0.5-E_,.To
ensure operational sustainability for the next day, a terminal SOC constraint is

imposed:

SOC(T)>0.4-E (12)

rated >

where 7 =24 hours. This constraint prevents the battery from being fully de-
pleted at the end of the day and maintains sufficient reserve for the following dis-
patch cycle. No penalty is applied for SOC deviations within the allowable range
[soc

penalty in the fitness function as defined in Section 3.2.

mins SOC. | =[0.1,0.9] violations beyond these limits incur an exponential
2) Electricity tariff structure
The microgrid interacts with the main grid under a time-of-use (TOU) pricing
scheme. The purchase price p,, (¢) and sell-back price p,, (¢) attime ¢ are
defined in Table 1 as:

Table 1. Time-of-use electricity tariff structure.

Purchase Price p,, Sell-Back Price p
Period Time Slot
(¥/kWh) (¥/kWh)

Off-peak 23:00-07:00 0.06 0.04
07:00-10:00,

Standard 15:00-18:00, 0.09 0.06
21:00-23:00
10:00-15:00,

Peak 0.12 0.08
18:00-21:00

The sell-back price is set lower than the purchase price in all periods to reflect
the grid operator’s margin, discouraging arbitrage and encouraging self-con-
sumption of renewable energy. Power exchange with the main grid is limited to
|Pgrid (t)| < Pryt =150 kW as specified in Section 2.6.

3) Grid-connected vs. islanded mode switching

The microgrid operates in grid-connected mode by default, allowing power ex-
change with the external grid within the prescribed limits. The system switches to
islanded mode only when:

The grid price exceeds 0.12 ¥/kWh for three consecutive hours (economic in-
centive), or

The external grid experiences a simulated outage event, which is imposed as an
external scenario in the comparative experiments (see Section 4).

No automatic switching occurs based solely on renewable generation levels. In
islanded mode, the diesel generator serves as the primary backup, and load shed-
ding is permitted only as a last resort with a high penalty (see Assumption 4 be-

low). The switching decision variable M, (r)€{0,1} islanded, 1 = grid-con-
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nected) is optimized by the GA as part of the control parameter section in the
hybrid encoding (see Section 3.1).

4) Penalties for unmet load and renewable curtailment

Unmet load penalty: Load shedding is permitted only when all available gen-
eration (renewables, storage discharge, diesel, and grid import) is insufficient to
meet demand. The penalty for unmet load is set to a high value to strongly dis-

courage shedding:

Daned =2.0 ¥/kWh, (13)

which is approximately 17 times the peak electricity purchase price. This value
ensures thatload shedding occurs only under extreme conditions. The unmet load
Py (7) is defined as:

])shed (t) = max {07}31, (t) _PWT (t) _I)PV (l) - ])bat,dis (t) _PDE (t) _I)grid,buy (t)} s (14)

and the total shedding penalty is calculated as 2,2:1 Paned * Bhea (1) -
Renewable curtailment penalty: When renewable generation exceeds the sys-
tem’s absorption capacity (due to limited load, storage saturation, or grid export

limits), surplus power may be curtailed. The curtailment penalty is set to:
Peuwrat = 0.03 ¥/kWh. (15)

This relatively low penalty reflects the operational preference to curtail only
when necessary, while still encouraging maximum renewable utilization. The cur-

tailed power is defined as:

Py (1) = max {0, P (1) + PR (1) = Py (£) = Fov (1)} (16)

and the total curtailment cost is Y. P - Para (1) - Both penalty terms are in-
corporated into the total cost C,, (¢) in the objective function (Section 2.4).

5) Diesel generator operating constraints

The diesel generator is assumed to have a minimum stable operating level of
30% of its rated capacity (ie, By =0.3- Py =60 kW ) to avoid inefficient low-
load operation. Startup and shutdown are modeled as discrete decisions
U, (t) IS {0,1} , and once started, the generator must run for at least 2 consecutive
hours before it can be shut down again (minimum up-time constraint). For sim-
plicity, the current model does not include an explicit startup cost. However, the
authors acknowledge that this simplification may artificially favor frequent switch-
ing behaviors, which would be economically non-viable in practice due to engine
wear-and-tear and thermal cycling penalties. This limitation is addressed in the
concluding section, and a detailed startup cost model is proposed as a key direc-
tion for future work.

6) Forecast horizon and uncertainty treatment

All dispatch decisions are made using hourly time steps over a 24-hour look-
ahead horizon. Wind and solar power forecasts are generated using LSTM-based
predictions with a mean absolute percentage error (MAPE) of <8%, as specified
in Section 3.3. The scenario-based stochastic programming approach (Section 2.6)

accounts for forecast uncertainty by generating 100 combined scenarios; the final
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dispatch schedule is optimized over the expected cost across all scenarios, with

robustness ensured by the penalty term A- ||x - x0||§ in Section 2.7.

2.6. Constraints

The safe and stable operation of the system must satisfy the following constraints:

Power balance constraint:

R’V (t)+PWT (t)+Bl' (t)+}?3at (t)—‘r};rid (t) = Road (t)’ (17)
0< Ry (1)< BV (2), (18)
0< Py; (1)< Py (1). (19)

Output range and climbing rate constraints for diesel generators:

PP <P, ()< P, |P ()= P, (t=1)| < AR™. (20)

Power limits for charging and discharging of the energy storage system:
—Pi™ <R, (1)< Py (1)

Power limit for interaction with the main power grid:
24
max max
|Pgrid (t)| < Pgrid s ngrid (t) < Qdaily' (22)
t=1

2.7. Uncertainty Handling

To address the uncertainties in wind power, solar power output, and load demand,
this paper employs a scenario-based stochastic programming approach for han-
dling:

Wind and solar power uncertainty modeling: By fitting the Weibull distribution
to historical wind speed data and the Beta distribution to irradiance data, we gen-
erate N= 1000 initial scenarios for each time period using Monte Carlo simulation

[15]. The probability density functions are:

f(vik,c)= %(gl exp{—(%jk}, (23)

I'(a+p)

WG‘H (1-G6)"", (24)

f(Ga.B)=
where vis wind speed, kand care the shape and scale parameters of the Weibull
distribution, Gis the normalized irradiance, and aand Sare the shape parameters
of the Beta distribution.
* Wind speed (Weibull): k£ =2.15, ¢=5.8m/s (annual average);
* Solar irradiance (Beta): =245, f=3.12 (clear-sky); a=1.85,
£ =295 (cloudy).
To reduce computational burden while preserving statistical characteristics, we

apply a scenario reduction procedure using the fast forward selection (FFS) algo-
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rithm, which iteratively removes scenarios with the smallest Kantorovich distance

to the remaining set. This reduces the initial 1000 scenarios to N,

reduced

=20, rep-
resentative scenarios per time period. The probability p, of each reduced sce-
nario § satisfies:

N,

reduccd

z p. =1, p. 20, Vs=12,---, N, (25)

>+ Treduced *
s=1
Load demand uncertainty modeling: A Gaussian Mixture Model (GMM) with
M = 3 components is used to describe the random fluctuation characteristics of
the load [16]:
2
1 (I)L . )

exp| — |,

(26)
el 2no, 20,

I

Mk
N

3

Jowm (P)

where 7, represents the mixture weight of the m-th component, g, is its
mean, and o, is its standard deviation. Based on the NREL Commercial Build-
ing load data, the fitted GMM parameters for the base load are:

Component m Weight =, Mean u, (kW) Std o, (kW)
1 0.25 65.4 8.2
2 0.50 95.3 10.5
3 0.25 125.8 12.3

For each of the 20 reduced wind-solar scenarios, we sample 5 load scenarios
from the GMM, yielding a total of 100 combined scenarios for the stochastic op-

timization problem.

2.8. Transformation of the Hybrid Optimization Problem

To facilitate the solution, the above stochastic optimization problem is trans-

formed into a deterministic equivalent form:
S
min F(x)=Yp, -Cs(x)+/1-||x—x0||§, (27)
s=1

where C,(x) denotes the total operating cost under scenario §, S=100 isthe
total number of combined scenarios (20 wind-solar scenarios x 5 load scenarios),

and the expectation E[CS (x)] is computed as the probability-weighted sum

Zf:lps -G (x)

The robustness adjustment coefficient A =0.15 controls the trade-off between
expected cost and operational robustness, x, is the benchmark scheduling strat-
egy, and the penalty term A ||x - x0||z penalizes large deviations from the bench-
mark to enhance decision robustness under worst-case realizations [17]. The sce-
nario probabilities p; are derived from the scenario reduction procedure in Sec-
tion 2.6 and satisfy >° p, =1.
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2.9. Thought Flowchart

Co-evolution Phase

3. Research Methods

In response to the challenges of heterogeneous variable coordination and insuffi-
cient dynamic environment adaptability in microgrid scheduling, this paper pro-

poses an improved hybrid optimization framework combining genetic algorithm
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and deep reinforcement learning (DRL), specifically implemented using the Deep
Q-Network (DQN) algorithm. This framework includes three core innovations:
Firstly, a real-binary hybrid encoding strategy is designed to uniformly express
continuous variables and discrete variables in the chromosome, achieving the col-
laborative optimization of heterogeneous variables; Secondly, a dynamic fitness
function integrating economic cost, renewable energy penetration rate, and en-
ergy storage charge state penalty is constructed, balancing multi-objective con-
flicts through weighted coefficients; Finally, an adaptive mutation mechanism
driven by the DQN agent is introduced, dynamically adjusting the mutation prob-
ability based on real-time rewards, and combining directional mutation and Gauss-
ian perturbation to quickly locate high-quality solutions in load mutation scenar-
ios. Experimental results show that the convergence speed is increased by 20%,
compared to the traditional genetic algorithm, the cost is reduced by 16.3%, and

the number of daily constraint violations is reduced to only 2 times.

3.1. Hybrid Coding Strategy

Aiming at the heterogeneous variable characteristics of wind, solar and energy
storage in microgrid dispatching, this paper proposes a real-binary hybrid coding

scheme. Each chromosome consists of three parts (as shown in Table 2):

Table 2. Chromosome composition data.

rimety ouput - Phoowlaic g Gridmode

(kW) output (KW) o/1) o/1) (0/1)
1 25.3 0.0 0 1 1
2 26.1 0.0 1 1 1
3 18.7 0.0 0 1 1
4 22.4 0.0 1 1 1
5 30.2 5.1 0 0 1
6 34.5 32.7 1 0 1
7 28.9 45.2 1 0 1
8 24.1 68.3 0 0 1
9 20.8 72.5 0 0 1
10 18.3 80.1 1 0 1
11 15.6 85.4 1 0 1
12 12.9 92.0 0 0 1
13 14.2 88.7 1 0 1
14 16.8 75.3 1 0 1
15 19.5 60.2 0 0 1
16 22.1 45.8 0 0 1
17 25.7 30.4 1 0 1
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Continued
18 29.3 10.2 1 1 1
19 27.6 0.0 0 1 1
20 23.9 0.0 1 1 1
21 20.4 0.0 0 1 1
22 17.8 0.0 1 1 1
23 14.5 0.0 0 1 1
24 12.1 0.0 1 1 1

Continuous variable section: Represents the actual dispatched active power of
the wind turbine P, (¢) and photovoltaic array P, (¢), using real-number
coding with a precision of 0.1 kW. It is important to emphasize that these variables
encode the dispatch commands rather than the theoretical maximum available
generation. This design explicitly allows the optimization algorithm to curtail re-
newable output when the system lacks sufficient load or storage absorption capac-
ity, thereby converting the inherent uncertainty of renewables into a controllable
decision variable.

Discrete variable segment: Represents the charging and discharging states of
energy storage S, , using binary coding (0 charging /1 discharging).

Control parameter section: It includes diesel engine start-stop signs Ud and grid
interaction modes M, (0 island /1 grid connection).

This coding method represents the 24-hour scheduling plan as a chromosome
of length 120 (5 variables x 24 hours), which not only retains the accuracy of con-
tinuous variables but also meets the requirements of discrete decision-making
[18]. Compared with the traditional binary coding, the computational efficiency
is increased by 23%.

3.2. Dynamic Fitness Function

The fitness function is designed as a weighted index that scalarizes economic, en-
vironmental, and safety objectives into a single scalar value to be minimized. This
weighted single-objective formulation allows the genetic algorithm to efficiently
guide the population toward a high-quality compromise solution:

Fitness = ! + £-SOC

Z[Ctotal (t) + a(l " hen (t))]

t=

(28)

penalty *

Co (7) is the total cost of period ¢ (including fuel cost, energy storage loss,
etc.).

no (1) = 22 (;)+PWT (1)

o (1)

T
SOC()-0.5 . . .
= Ze‘ 005 _7.% s to impose an exponential penalty on over-
t=1

charging/overdischarging of energy storage.

is the penetration rate of renewable energy.

SOC

penalty
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The coefficients o =0.8 and S =0.3 are determined through sensitivity
analysis to balance the three objectives, following the common practice in
weighted-sum microgrid dispatch studies [19].

Traditional fixed mutation rates (such as p, =0.1) are prone to cause the de-
struction of high-quality genes in dynamic environments. This paper proposes a
DRL-driven adaptive mutation strategy, where the mutation probability is ad-
justed based on feedback from the DQN agent:

Associate the mutation probability p, with the Qvalue:

.ok
Y =petl, (29)

0" is the average reward of the recent 10 generations and is the attenuation
coefficient.

* For individuals with high fitness, directional variation is adopted: the energy
storage gene loci are mutated preferentially during the load mutation period
(such as 18:00-20:00).

* Introducing Gaussian perturbation to enhance local search: Random pertur-

bation applied to continuous variable segments [20].

3.3. DRL Interaction Mechanism

The state vector of the DRL environment contains six types of real-time infor-

mation:
s, = [Pload (£),G(),v(2).S0C(t), Py, (2). B, (;+1)]_ (30)

P, (t+1) is the predicted values of wind and solar power based on LSTM
(prediction error < 8% [21]) and normalize the state to [0, 1] to accelerate training.

Map the scheduling scheme generated by GA into DRL actions.

Discrete actions: Select the Top 5 individuals from the population as the can-
didate action set A, ;

Continuous adjustment: Fine-tune the output F,; and energy storage power
B, of the selected action diesel engine by £10%.

This “rough selection + fine adjustment” mechanism balances the efficiency of
exploration and development [22].

The reward function is designed as a multi-objective weighted sum:
h= _|:W1Ct(’tal (t) + w, (1 ~hen (t)):| + Wi Kafe- (31)

The weight coefficients w; =06 , w,=0.3, w,=0.1 are determined
through sensitivity analysis.

Safety rewards 7, include:

safe

e Power balance reward:

10-5-|B,, (1)), (32)

(P

gap

* SOC out-of-bounds penalty:
-20-1

is the power shortage).

(33)

S0Cg[0.2,0.9]
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3.4. GA-DRL Collaborative Optimization Framework

The operation process of the hybrid algorithm is divided into three stages: Initial-
ization stage. GA randomly generates N scheduling schemes, and the DRL envi-
ronment assesses the initial fitness; Coevolution stage. GA updates the population
through selection, crossover, and dynamic variation and the DQN agent updates
the Q network based on TD error and adjusts the fitness function through feed-
back; Output stage. Select the best individual (with the minimum weighted fitness
value) from the final population as the final scheduling plan.
Key Parameter Settings:
* GA parameters: Population size 100, crossover rate 0.8, initial p, , =0.1.
* DRL parameters: The DQN network structure is 128-64-32, the learning rate
is 0.001, the discount factor y =0.95, and the replay buffer size is 10,000.
* Training period: Maximum iteration 200 generations, early stop condition is
fitness variance < 0.01.

3.5. DRL Formulation Summary

The reinforcement learning component in our hybrid framework is implemented
as a Deep Q-Network (DQN), which interacts with the microgrid environment
and provides real-time feedback to guide the genetic algorithm. The complete for-
mulation is summarized compactly below.

State space: At each time step ¢, the DQN agent observes a six-dimensional

state vector:
s, = P (¢), B (), P, (),80C(¢), TOU (1), AP(¢) ], (34)

where P (¢) and PR (7) are LSTM-based predictions of wind and solar out-
puts (prediction error <8%), P, (t) is the load demand, SOC(t) is the battery
state of charge, TOU(¢) is the time-of-use electricity price, and AP(r) is the
power imbalance. All variables are normalized to [0, 1].

Action space: The agent selects discrete actions from the candidate set
A={a,a,,, as} , corresponding to the Top-5 elite individuals from the current
GA population. Each action a; encodes a complete 24-hour dispatch schedule.
The selected action is then fine-tuned via £10% adjustments on diesel output B,

and battery power £, , forming a two-stage “rough selection + fine adjustment”

at >
mechanism.

Reward function: The immediate reward 7, isa multi-objective weighted sum:
(£)+w, -RPR(£)+w; - ryr. (1), (35)

’; = _Wl : Ctotal

with weights w; =0.6, w,=0.3,and w, =0.1. The safety reward 7, (7) in-
cludes a power balance penalty and an SOC out-of-bounds penalty:
Fae (1) =~ ~|Pgap (t)|—ﬁ-]I(SOC(t) ¢[s0C,,,.80C,..]). (36)

safe min >

where a=10, =50, P (¢) is the power imbalance, and I(-) is the indi-
cator function.
Q-network update: The DQN agent minimizes the TD error using the Bellman

equation:
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O(s,.a,) < Q(S,,a,)+f7[r, +7maaxQ(sm»a’)—Q(S,,at)} (37)

where 77=0.001 is the learning rate and y =0.95 is the discount factor. Expe-
rience tuples (s,,4,,7,s,,,) are stored in a replay buffer and sampled in mini-
batches for network training.

The learned Q-values are fed back to the GA to dynamically adjust the fitness
function (Section 3.2), enabling a closed-loop collaboration where GA handles
global exploration and DQN guides local exploitation. The overall GA-DRL co-

evolution procedure is illustrated in the flowchart of Section 2.8.

3.6. Comparative Experiment Design

To verify the effectiveness of the algorithm, three groups of comparative experi-
ments were set up:

Benchmark algorithm comparison: Compare costs and penetration rates with
traditional GA, PSO, and DQN, with results summarized in Table 3.

Table 3. Benchmark algorithm comparison.

) Average daily ~ Penetration Number of Calculation
Algorithm . . . .
cost (¥) rate (%) convergence iterations time (min)
Traditional GA 3560 + 150 62.1+£2.3 150 + 10 253+1.8
PSO 3280 + 120 68.5+1.9 180 £ 15 32.7x2.1
DQN 3420 + 130 65.3+2.0 200% 48.5+3.5
Proposed method 2980 + 80 71.0 + 1.5 120+ 8 22.1+1.2

Note: DQN has not fully converged (marked as *), and the data is the result at 200 genera-

tions.

Comparison of coding strategies. Hybrid coding vs. Pure binary/Real Number
Coding, with results shown in Table 4.

Table 4. Comparison of coding strategies.

Encoding type  Cost (¥) Calculation time (s/ generation) Constraint violation times

Binary codes 3280 + 120 42+03 18+3
Real number codes 3120 + 90 58+%0.5 5+2
Mixed coding 2980 + 80 35+0.2 2+1

Comparison of mutation strategies: Dynamic mutation vs fixed mutation vs

Gaussian mutation, with results shown in Table 5.

Table 5. Comparison of mutation strategies.

Calculation time Constraint violation

Encoding type Cost (¥) (s/ generation) times
Fixed variation (0.1) 3120 £100 480 + 30 160 + 12
Gaussian variation 3050 + 90 420 = 25 140 + 10
Dynamic variation 2980 + 80 360 =20 120+ 8
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The four typical weather scenarios used in the comparative experiments corre-
spond to the clustered scenarios derived from the NREL OpenEI datasets (2018-
2022) as described in Section 2.6 [23].

This paper systematically verifies the superiority of the proposed hybrid opti-
mization framework through three sets of comparative experiments. In the com-
parison of benchmark algorithms, compared with the traditional Genetic Algo-
rithm (GA), Particle Swarm Optimization (PSO), and Deep Q-Network (DQN),
the method proposed in this paper significantly reduces the average daily operat-
ing cost by 12.3% to 17.3% (2980¥ vs. 3280 - 3560¥). The penetration rate of re-
newable energy has increased to 71.0% (5.7 percentage points higher than that of
DQN), and the convergence speed has accelerated by 20% (only 120 generations
are needed, compared to 150 generations for traditional GA). The comparison of
coding strategies shows that hybrid coding reduces the number of constraint vio-
lations by 88.9% (2 times vs. 18 times) compared with pure binary/real number
coding and shortens the computing time by 16.7% to 39.7% at the same time. The
comparison of mutation strategies further reveals that dynamic mutation sup-
presses cost fluctuations by 25% in the scenario of sudden load changes (cost fluc-
tuation of only 360¥ vs. 480¥ under fixed mutation), which highlights its strong
adaptability to uncertainty. All experimental data are based on 10 Monte Carlo
simulations of the IEEE 33-node microgrid, confirming the comprehensive ad-
vantages of the proposed weighted single-objective framework in terms of stability,

economy and environmental protection.

4. Experiment and Result Analysis

To comprehensively evaluate the performance of the proposed hybrid optimiza-
tion framework, multiple sets of comparative experiments are designed in this
chapter. The experimental platform consists of an Intel Core i7-11800H processor
(2.30 GHz) and 32 GB of memory and runs in the Python 3.9 environment. The
simulation model is constructed based on the IEEE 33-node microgrid system,
which includes two wind turbines with a rated power of 100 kW, a photovoltaic
array with a total installed capacity of 150 kW, a lithium-ion energy storage system
with a capacity of 200 kWh, and one diesel generator with a maximum output of
200 kW [24].

The experimental data are derived from the NREL OpenEI platform over the
period 2018-2022. Renewable resource data (GHI, wind speed, temperature) are
obtained from the NSRDB and WTK datasets. Load data are taken from the NREL
Commercial Reference Building profile for a medium office in Chicago, IL. Four
typical scenarios (clear, cloudy, rainy, extreme) are selected via k-means clustering.
To simulate uncertainties, 15% Gaussian noise and +20% load fluctuations are
applied, consistent with Section 2.6 [25].

The NREL load profile is mapped onto the IEEE 33-node test feeder as follows.
Two 100 kW wind turbines are placed at nodes 18 and 33, a 150 kW PV array at
node 12, a 200 kWh/50kW battery at node 22, and a 200 kW diesel generator at

DOI: 10.4236/jamp.2026.149183

3735 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2026.149183

S. K. Zhuo

node 1. The base load is scaled to approximately 3.5 MW according to the stand-
ard IEEE 33-node load distribution. The point of common coupling (PCC) is set
at node 1 with a grid exchange limit of 150 kW. This configuration ensures con-
sistency with the IEEE 33-node benchmark while accommodating the renewable
generation capacity defined in Section 2.

Table 6 shows the basic parameter configurations in four typical scenarios (De-
rived from NREL OpenEI 2018-2022).

Table 6. Basic parameter configuration in typical scenarios.

Maximum photovoltaic output ~ Wind speed

Scene type (W) range (m/s) Base load (kW)
Sunny day 135-150 3.5-6.2 80 - 120
Cloudy day 45 -75 48-7.5 70 - 110
Rainy day 15-30 6.0-9.0 90 - 130
Extreme weather 0-10 8.5-12.0 110 - 160

Under clear conditions, the 24-hour scheduling results of the proposed method
show that by allocating the energy storage system more reasonably, the average
daily operating time of diesel engines is reduced from 8.2 hours to 4.5 hours, and
the fuel cost is reduced by approximately 28.7%. During the peak electricity price
period (12:00-14:00), this method takes advantage of the off-peak period (03:00-
05:00) to store electricity in advance, reducing the purchase of high-priced elec-
tricity by 42.3%. During the 10:00-15:00 period when wind and solar power output
is sufficient, the algorithm prioritizes the consumption of renewable energy, rais-
ing the renewable energy penetration rate (RPR) to 85.7%, which is 12.5 percent-
age points higher than that of the PSO algorithm. The cost comparison in different
scenarios throughout the year shows that the proposed method has always been
economically superior to the traditional GA, PSO and DQN. The average annual
cost savings range is between 12.3% and 15.6%, and the advantages are particu-
larly significant in rainy and cloudy scenarios.

Figure 2 compares the convergence performance of the four algorithms over
200 generations. The proposed dynamic mutation strategy not only reaches sta-
bility faster than two established baselines, but it also does so with markedly su-
perior solution quality and lower computational cost. In concrete terms, conver-
gence is achieved within 120 generations, yielding a fitness value of 11.2 x 10—
a figure that stands in sharp relief against the premature plateau of traditional GA,
which exhausts its adaptive capacity by generation 150 and never advances beyond
3.8x 107,

Turn next to DQN, and a different weakness emerges. Its exploration mecha-
nism is too conservative for multi-cloud complexity; even after 200 generations,
the learning curve remains unsettled, with no clear optimum in sight. This slug-
gishness stands in direct contrast to the proposed method’s brisk 120-generation
trajectory. And time efficiency tells a similar story: when measured against PSO,

the new approach shaves off more than a fifth of the runtime—22.3%, to be pre-
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2000 2200

cise—making it not only more accurate but also more practical for dynamic
scheduling windows. Taken together, these results shift the comparison from a
simple race of speeds to a clear verdict on overall algorithmic viability. The com-
parative experiments on the coding strategies show that the hybrid coding, while
maintaining the solution quality (RPR > 70%), controls the computing time per
generation at 3.5 seconds and only has two minor constraint violations (SOC de-
viation < 2%), which has obvious advantages over the 18 violations of pure binary
coding and the longer computing time (5.8 seconds per generation) of pure real
number coding. To further verify the robustness of the mutation strategy, a test
was conducted in an extreme scenario where the simulated load suddenly in-
creased by 30%: the fixed mutation (p, = 0.1) caused the cost to instantly soar by
480 yuan due to blind search; Gaussian variation is controlled within 420 yuan
through local fine-tuning. Dynamic mutation relies on DRL to quickly adjust the
search direction, generating only a cost fluctuation of 360 yuan and reducing the

response time by 40%.

Cost (¥)
2400 2600 2800 3000 3200 3400 3600 3800 4000

04

20+

40+

60 -

80+

100 4

Generation

120 4

140 4

160 4

1804

2004

Figure 2. Convergence performance comparison. * Circular line (® ): Improved Adaptive Genetic Algorithm with Deep
Reinforcement Learning (IAGA-DRL); * Rectangular line (Hl): Particle Swarm Optimization (PSO); * Triangle line (4 ):
Traditional Genetic Algorithm (GA); * Rhombus line (@ ): Deep Q Network (DQN).

Four algorithms were demonstrated—the traditional genetic algorithm (GA),
the particle swarm algorithm (PSO), the deep Q-network (DQN), and the IAGA-
DRL hybrid optimization framework proposed in this paper—for the convergence
performance comparison in the microgrid scheduling optimization problem. The
x-axis represents the number of generations, ranging from 0 to 200 generations;
the y-axis represents the average daily operating cost (unit: yuan), with lower val-
ues indicating better economic performance.

In contrast, the traditional genetic algorithm (solid line with star marks) shows

a relatively slow downward trend, stabilizing at around 3140 yuan after approxi-
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mately the 150th generation, and unable to further optimize—this is a typical sign
of prematurely converging to a local optimum. The particle swarm algorithm
(dotted line with triangle marks) performs in the middle, stabilizing at around
3060 yuan after approximately the 160th generation, but still about 130 yuan
higher than the method in this paper. The deep Q-network (dashed line with circle
marks) converges the slowest, not fully stabilizing even after 200 generations, with
the final cost being approximately 3230 yuan, indicating its insufficient explora-
tion ability when dealing with high-dimensional continuous action spaces.

The experimental results fully demonstrate that the hybrid optimization frame-
work proposed in this paper has significant advantages in terms of economy, re-
liability and adaptability. These improvements mainly stem from: the hybrid cod-
ing balance the accuracy and computational efficiency of understanding; The col-
laborative mechanism of GA and DRL enhances the global and local search capa-
bilities.

5. Conclusion

This paper has presented a hybrid intelligent optimization framework for real-
time economic dispatch of renewable-rich microgrids, integrating an improved
genetic algorithm with deep reinforcement learning. The proposed approach ad-
dresses the fundamental tension between global exploration and instantaneous
responsiveness—a balance that conventional model-based and search-only meth-
ods fail to achieve in highly uncertain, dynamic environments.

The framework introduces three interconnected innovations. First, a real-bi-
nary hybrid encoding strategy unifies continuous dispatch commands (wind tur-
bine and photovoltaic active powers) and discrete equipment states (storage
charging/discharging status, diesel on/off, and grid connection mode) within a
single chromosome, enabling the genetic algorithm to jointly optimize heteroge-
neous decision variables. Second, a DRL-driven adaptive mutation mechanism,
powered by a DQN agent, dynamically adjusts mutation probabilities in response
to real-time load disturbances, replacing the fixed, blind mutation of traditional
genetic algorithms. Third, the DQN’s reward signals are fed back to guide the ge-
netic algorithm’s fitness evaluation, creating a closed-loop collaboration where
GA handles global search and DRL refines local exploitation.

The simulation results carry several physical insights. The hybrid encoding
strategy, by explicitly representing dispatch commands rather than theoretical re-
newable maxima, converts the inherent uncertainty of wind and solar resources
into a controllable decision variable—effectively treating curtailment as a dispatch
option rather than a prediction error. This is particularly significant for high-pen-
etration microgrids, where overgeneration risks become as critical as undergen-
eration. The DRL-driven mutation mechanism, by accelerating convergence dur-
ing sudden load events, mimics the intuitive response of an experienced operator
who prioritizes storage and grid adjustments before resorting to diesel backup.
The 25% reduction in cost volatility under disturbance scenarios confirms that the

framework effectively dampens the propagation of uncertainty through the sys-
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tem, a property essential for real-world microgrid control.

Despite its demonstrated advantages, the current framework has several limi-
tations that should be acknowledged. First, the model adopts a weighted single-
objective formulation that scalarizes economic, environmental, and safety objec-
tives into a single fitness function. While computationally efficient, this approach
produces a single compromise solution rather than a full Pareto frontier, limiting
the decision-maker’s ability to explore trade-offs among competing objectives.
Second, the framework assumes perfect communication between the GA and DRL
components without considering latency or packet loss, which may not hold in
field-deployed energy management systems. Third, the diesel generator model
does not include explicit startup costs—an assumption that may artificially favor
frequent switching behaviors. In reality, repeated starts and stops incur significant
wear-and-tear and thermal cycling penalties, and future versions of the model
should incorporate a startup cost term (e.g., a fixed penalty per start event or a
time-dependent thermal stress function) to discourage economically non-viable
cycling. Fourth, the scenario-based stochastic programming approach relies on
historical data to fit the Weibull, Beta, and GMM distributions; these statistical
models may not capture extreme events or long-term climate shifts, and their pa-
rameters would need periodic recalibration in practice.

Several promising directions merit further investigation. Extending the current
framework to a true multi-objective formulation—for instance, by incorporating
the Non-dominated Sorting Genetic Algorithm (NSGA-II) or multi-objective
DRL architectures—would enable the generation of a Pareto front, offering oper-
ators a richer set of trade-off solutions between cost, emissions, and reliability.
Incorporating realistic diesel generator startup costs, including time-dependent
thermal effects, would improve the economic fidelity of the dispatch model. The
hybrid GA-DRL framework could also be scaled to multi-microgrid systems, where
coordination among interconnected microgrids introduces additional challenges
in communication, competition, and resource sharing. Finally, field deployment
and hardware-in-the-loop testing would provide valuable validation of the frame-
work’s real-time performance under actual communication constraints and sen-
sor noise, bridging the gap between simulation-based research and practical en-

ergy management systems.
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