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Abstract: The randomness, volatility, and intermittency of renewable energy sources such as
wind and solar energy present significant challenges to energy management in microgrids,
resulting in low management efficiency and poor accuracy. This paper proposes an energy
optimization method for microgrids based on an uncertainty-aware deep deterministic
policy gradient (DDPG) algorithm. First, considering the uncertainty of renewable energy
output, an uncertainty awareness model is constructed based on information gap decision
theory (IGDT). Second, the DDPG algorithm is employed to optimize the energy scheduling
strategy, incorporating a bidirectional feedback collaborative optimization framework. The
uncertainty radius is used for forward feedback adjustment of the optimization step size
of the DDPG model, while the risk-aversion coefficient of the IGDT model is adjusted
via backward feedback based on the DDPG optimization results. This approach enables
adaptive regulation in dynamic and complex environments. The research demonstrates
that the proposed algorithm significantly enhances the robustness, convergence, and adapt-
ability of the microgrid in uncertain environments, improving peak shaving and valley
filling performance as well as the adaptability to fluctuations in renewable energy sources.
The proposed method demonstrates significant improvements in robustness, convergence
speed, and adaptability when applied to microgrid energy management. Numerical results
show a 5.44% and 70.26% improvement in total microgrid revenue compared to baseline
algorithms, highlighting the effectiveness of the uncertainty-aware DDPG algorithm in
dynamic and uncertain environments.

Keywords: microgrid; energy optimization; uncertainty awareness; DDPG; bidirectional
feedback

1. Introduction
With the deepening reforms in power systems, traditional large-scale centralized en-

ergy supply models are undergoing a transformation towards more flexible and efficient
microgrid and smart grid models [1]. A microgrid is a regional energy interconnection
network that builds a smaller-scale power system based on local distribution networks [2].
This system enables efficient energy distribution within a limited area and features flexi-
bility and reliability. Unlike traditional grid models, which rely on large-scale centralized
power deployment, microgrids, which integrate distributed energy sources such as wind
and solar energy, offer significant potential for improving energy efficiency and sustain-
ability. Additionally, with the help of distributed generators and energy storage facilities,
microgrids effectively balance local energy generation and user consumption. Research
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on microgrid energy management is essential for flexibly adjusting power generation,
transmission, distribution, and consumption equipment in response to variations in energy
demand and environmental conditions [3]. This, in turn, ensures the stability and reliability
of the power supply. However, the integration of renewable energy sources into microgrids
introduces significant challenges due to the inherent randomness, volatility, and intermit-
tency of these sources [4]. These characteristics lead to source–load fluctuations that make
it difficult to accurately control energy demand and output variations, resulting in low
energy management efficiency and poor accuracy. Uncertainty awareness, by quantifying
and evaluating the uncertainty of renewable energy output, enables the adjustment of
energy management strategies, significantly improving the economy and robustness [5,6].
However, existing energy optimization methods for microgrids often fail to adequately ad-
dress these uncertainties, leading to suboptimal performance. Therefore, there is an urgent
need to develop advanced energy optimization strategies that can effectively incorporate
uncertainty awareness to enhance the robustness, adaptability, and overall efficiency of
microgrids. This highlights the need for advanced energy management strategies that can
effectively address these uncertainties and improve the overall performance of microgrids.

Deep reinforcement learning (DRL) offers advantages such as automatic feature
learning, strong adaptability to complex environments, and effective handling of high-
dimensional state spaces, making it widely applied in microgrid energy management.
Zhou et al. proposed a generalized dynamic non-smooth control framework combined
with the deep actor–critic (DAC) algorithm, which uses the adaptability of non-smooth con-
trol to achieve DC microgrid control [7]. A real-time scheduling strategy was developed to
realize economic scheduling for microgrid energy storage based on a dual deep Q-network
(DQN) algorithm [8]. Compared to DAC and DQN, the deep deterministic policy gradient
(DDPG) algorithm has clear advantages in handling continuous action spaces, improving
sample efficiency, and enhancing stability, making it more suitable for microgrid energy
optimization scenarios. Buraimoh et al. proposed a real-time energy management method
based on distributed DDPG, which dynamically adjusts power generation and storage
usage. It can ensure efficient energy utilization within the microgrid and adapt to different
microgrid configurations [9]. A real-time microgrid optimization method based on the
DDPG algorithm was proposed to achieve optimal scheduling strategies through offline
training and online decision-making, addressing the impact of non-linear constraints from
distributed renewable energy on microgrids [10]. However, these studies generally fail to
incorporate comprehensive uncertainty awareness mechanisms. As a result, they are highly
susceptible to disturbances caused by load fluctuations and the inherent intermittency and
volatility of renewable energy sources. This limitation leads to several critical issues: First,
the optimization strategies for microgrid energy management may become unstable under
dynamic operating conditions, resulting in frequent and unpredictable adjustments to the
energy scheduling plans. Second, the lack of robustness against uncertainties can degrade
the overall performance of the algorithms, reducing their convergence speed and accuracy.
Finally, without proper uncertainty awareness, these methods may struggle to balance
economic efficiency and system stability, especially in the face of severe fluctuations in
renewable energy output and load demand. Overall, these shortcomings highlight the
necessity for a more adaptive and uncertainty-aware approach to enhance the reliability
and effectiveness of microgrid energy optimization.

To enhance the scheduling capabilities of microgrids in uncertain environments, many
scholars have proposed various uncertainty optimization methods, such as robust op-
timization, chance-constrained optimization, and conditional value-at-risk (CVaR) opti-
mization. The robust optimization method guarantees that the system maintains good
performance under extreme uncertainties by optimizing decisions for the worst-case sce-
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nario. Nishida et al. proposed a robust optimization model to address the regulation
risks introduced by the fluctuations in wind and solar energy outputs. It also ensures
the stability and reliability of the system by considering optimal solutions under different
uncertainty scenarios [11]. Liu et al. proposed a trading energy framework for the coor-
dinated energy management of interconnected microgrids in future distribution systems.
The distribution network operator does not directly coordinate signals and fixed pricing
schemes, but organizes a trading market with MG to coordinate energy management in
operation. In addition, an algorithm based on distributed robust optimization has been
developed to provide robust solutions for detailed scheduling decisions in the proposed
trading energy framework under uncertainty [12]. The chance-constrained optimization
method optimizes the system operation by modeling uncertainty under a specified reli-
ability level. A microgrid energy scheduling strategy based on the chance-constrained
optimization model was constructed to satisfy demand with high probability, effectively re-
ducing the system energy scheduling risks [13]. The CVaR optimization method optimizes
losses at a specific confidence level by quantifying risk. Ran et al. proposed a microgrid
scheduling method based on CVaR by considering uncertainties and risks, which ensures
the system can maintain acceptable operation performance for unforeseen fluctuations [14].
Although the above methods have made progress in addressing uncertainty issues, they
often rely on assumptions about the probabilistic distributions of uncertain variables, which
are difficult to be obtained accurately in practical applications. In contrast, information gap
decision theory (IGDT) offers a novel approach to addressing this challenge. IGDT does
not require the exact probabilistic distributions of uncertain variables. Instead, it optimizes
decisions by setting information gaps, i.e., constraining the uncertainty intervals, thereby
enhancing decision flexibility and adaptability. A wide-area power system robust stabilizer
based on IGDT was designed by considering the power output fluctuations from wind
farms and transmission line interruptions, effectively improving the robustness of wind
farm regulation [15]. Nasr et al. introduced an energy management system considering
the optimal power flow framework for linking unit commitment. This system effectively
handles uncertainties caused by generator switching states and power flow constraints
through IGDT [16]. Li et al. proposed a 5G BS integrated BS aggregation regulation and
collaborative scheduling method that considers PV load uncertainty, in which a PV load
uncertainty model was established based on IGDT [17]. However, the aforementioned stud-
ies generally lack sophisticated dynamic feedback mechanisms, which prevents real-time
adjustments to model parameters based on current states and empirical performance. This
limitation leads to several challenges: First, these models cannot adaptively respond to
rapid changes in microgrid conditions, such as fluctuations in renewable energy generation
or load demand. Second, the absence of real-time adjustments restricts the models’ ability
to learn from past performance and optimize parameters, which is crucial for maintaining
accuracy and efficiency. Third, the static nature of these models makes them less robust and
more prone to errors in complex, time-varying microgrid scenarios. Overall, these short-
comings highlight the need for advanced feedback mechanisms to enhance adaptability,
responsiveness, and performance in microgrid applications.

In summary, the current research on microgrid energy optimization still faces the
following challenges: First, there is a lack of effective uncertainty awareness mechanisms,
making it difficult to address the uncertainty risks brought by the volatility and intermit-
tency of renewable energy integration. Second, traditional DDPG algorithms suffer from
poor convergence performance and unstable optimization processes in microgrid scenarios
with uncertainty factors, which affect the algorithm optimization efficiency. Finally, tradi-
tional IGDT models and DDPG algorithms lack suitable feedback mechanisms and cannot
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dynamically adapt to environmental changes, thus impacting the accuracy and robustness
of optimization results.

To address the above challenges, this paper proposes an energy optimization strategy
for microgrids based on uncertainty-aware DDPG. First, a microgrid revenue and cost
model is constructed to reasonably model each microgrid entity and establish the energy
management optimization problem aimed at maximizing the microgrid operation revenue.
Next, a microgrid energy management algorithm based on uncertainty-aware DDPG
is introduced, which designs the uncertainty awareness model using IGDT theory and
addresses energy optimization strategies through the uncertainty-aware DDPG model. This
method also introduces a bidirectional feedback collaborative optimization mechanism.
The optimization step size of the DDPG model is forward-fed according to the uncertainty
radius calculated by the IGDT model. In parallel, based on the DDPG optimization results,
the risk-aversion coefficient of the IGDT model is adjusted through backward feedback,
considering the current uncertainty state and historical performance data. This enhances
the algorithm’s adaptability to dynamic, time-varying microgrid environments. Finally,
simulation results are provided to validate the superiority and feasibility of the proposed
method. The innovations of this work are as follows:

• An uncertainty awareness model of renewable energy output based on IGDT is pro-
posed, employing uncertainty intervals for decision optimization without relying
on precise probability distribution assumptions. This enhances the robustness and
stability of the microgrid for renewable energy volatility and other uncertainties.

• A microgrid energy optimization algorithm based on uncertainty-aware DDPG is pro-
posed. Through forward feedback of equivalent uncertainty radius, the optimization
step size is adaptively adjusted. When the environment uncertainty is high, the step
size is reduced to improve stability, while under low uncertainty, the step size is
increased to accelerate the decision-making process. This method better addresses
external fluctuations and improves the economy, stability, and overall operation effi-
ciency of the microgrid.

• An IGDT risk-aversion coefficient adaptive adjustment method based on the backward
feedback of DDPG optimization results is proposed. Based on the DDPG optimiza-
tion results, this method adjusts the risk-aversion coefficient considering current
uncertainty state and historical performance data. It increases the real-time decision-
making and uncertainty-aware capabilities of the microgrid in complex environments,
improving optimization efficiency while ensuring system stability.

2. Microgrid Revenue and Cost Model
Optimization time includes T time slots, represented by the set T = {1, 2, · · · , T},

with each time slot having a duration of ∆t. In each time slot, the microgrid utilizes an
energy management system to implement unified management and regulation of internal
resources, which include micro gas turbines (MGTs), photovoltaic arrays (PVAs), wind
turbines (WTs), energy storage units (ESs), and loads. Specifically, ∆t is dynamically
adjusted according to the volatility of renewable energy and load fluctuations. When the
uncertainty is high, a smaller step size is used to improve stability and avoid overshooting
during the optimization process; when it is more stable, a larger step size is used to speed
up the convergence.

2.1. Micro Gas Turbines Model

In a microgrid, MGTs are characterized by stable power generation and quick response,
making them suitable as a backup power source for the system to enhance its stability.
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The revenue from MGT represents the revenue earned from electricity sales, which is
expressed as

JDE =
T

∑
t=1

( p̃(t)PDE(t)∆t) (1)

where JDE denotes the revenue from MGTs, p̃(t) represents the real-time electricity price in
time slot t, and PDE(t) denotes the output power of the MGT in time slot t.

The cost of MGT consists of three components: fuel expenses required for their operation,
device maintenance costs, and treatment costs of pollutants, which is expressed as

CDE =
T

∑
t=1

(
Cgaz

λQLHV
PDE(t)∆t +

I

∑
i=1

Cp,imiPDE(t) + kDE_OMxDE(t)

)
(2)

where CDE denotes the cost of MGTs and Cgaz and QLHV are the fuel gas selling price per
unit and the lower heating value of fuel gas, respectively. λ represents the power generation
efficiency of MGTs in the microgrid. i ∈ {1, 2, · · · , I} is the index for different types of
pollutants generated during the operation of MGTs. Cp,i denotes the cost of treating per
unit mass of pollutant i. mi is the mass of pollutant i emitted by MGTs when generating
unit power. kDE_OM is the operation and maintenance cost coefficients per unit time for
MGTs and xDE(t) denotes the operation and maintenance cost of MGTs in time slot t.

To ensure that the MGT does not exceed its designed performance limits, its output
power cannot surpass its nominal maximum rated power. Additionally, to prevent the
device from operation under no-load conditions, thereby avoiding unnecessary wear
and tear and inefficiency, a minimum output power limit should also be set. Therefore,
the power constraint condition for MGTs is expressed as

Rdown
MT ≤ PDE(t + 1)− PDE(t) ≤ Rup

MT (3)

where Rdown
MT and Rup

MT are the upward and downward ramp rate limits, respectively, for the
MGTs in the microgrid.

2.2. Photovoltaic Arrays and Wind Turbines Model

The revenue of PVAs and WTs consists of two parts: revenue from photovoltaic power
generation transactions and revenue from wind power transactions. The revenue of PVAs
and WTs is expressed as

JRE =
T

∑
t=1

p̃(t)(PPV(t) + PW(t))∆t (4)

where JRE denotes the revenue of PVAs and WTs, PPV(t) represents the output power of
the PVAs in time slot t, and PW(t) denotes the output power of the WTs in time slot t.

The cost of PVAs and WTs consists of three parts: maintenance costs for PVAs and
WTs, curtailment costs for unused solar energy, and curtailment costs for unused wind
energy, which is expressed as

CRE =
T

∑
t=1

(kRExRE(t) + αPV(Pmax
PV (t)− PPV(t))∆t + αW(Pmax

W (t)− PW(t))∆t) (5)

where CRE denotes the cost of PVAs and WTs, xRE(t) represents the operation and main-
tenance cost for PVAs and WTs in time slot t, and kRE represents the operation and
maintenance cost parameter per unit time. αPV

(
Pmax

PV (t)− PPV(t)
)

is the curtailment cost
for unused solar energy, αPV represents the penalty parameter per unit of curtailed so-
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lar energy in the microgrid. Pmax
PV (t) denotes the output power of PVAs in time slot t.

αW
(

Pmax
W (t)− PW(t)

)
is the curtailment cost for unused wind energy and and αW repre-

sents the penalty parameter per unit of curtailed wind energy in the microgrid. Pmax
W (t)

denotes the output power of WTs in time slot t.
The constraints that the output of PVAs and WTs should follow are expressed as

0 ≤ PPV(t) ≤ Pmax
PV (t)

0 ≤ PW(t) ≤ Pmax
W (t)

(6)

2.3. Energy Storage Model

The ES device possesses dual attributes: during charging, it acts as a load, and during
discharging, it serves as a power source. It can alleviate the temporal and spatial mismatch
between renewable energy output and load demand, primarily playing a role in balancing
power and reducing peak loads and filling valleys. The revenue from ES in a microgrid
represents the income earned from selling surplus power to the grid, which is

JES =
T

∑
t=1

(
p̃(t)yES(t)Pdischarge

ES (t)∆t
)

(7)

where JES denotes the revenue from ES. yES(t) is an indicator variable for the charging and
discharging of ES, taking a value of 1 when ES is discharging and 0 otherwise. Pdischarge

ES (t)
represents the discharging power of ES in time slot t.

The cost of ES is mainly composed of two parts: the cost of purchasing electricity from
the grid and the operation and maintenance cost of the ES device, which is expressed as

CES =
T

∑
t=1

(
p̃(t)(1− yES(t))Pcharge

ES (t)∆t + kESxES(t)
)

(8)

where CES denotes the cost of ES. Pcharge
ES (t) represents the charging power of ES in time

slot t. kES is the operation and maintenance cost parameter per unit time for the ES device.
xES(t) denotes the operation and maintenance cost of the ES device in time slot t.

The constraints that the output of ES should follow are expressed as

E(t + 1) = E(t)−
(

yES(t)Pdischarge
ES (t) + (1− yES(t))Pcharge

ES (t)
)

∆t

E(t) ≥ Emin

0 ≤ Pcharge
ES (t) ≤ Pmax

ES,c

0 ≤ Pdischarge
ES (t) ≤ Pmax

ES,d

(9)

where E(t) denotes the charged capacity of the ES in time slot t, Emin denotes the prescrip-
tive minimum capacity of the ES, Pmax

ES,c is the maximum charging power of the ES, and Pmax
ES,d

is the maximum discharging power.

2.4. User Load Model

In microgrid systems, users’ electricity demand is classified into dispatchable flexible
loads and critical important loads. Important loads, due to their necessity and urgency,
are typically fixed and constrained, and they are not discussed in this context. Flexible
loads refer to those that can adjust their electricity consumption patterns according to
grid operation conditions and demand changes. These loads can flexibly increase or
decrease electricity usage under the guidance of grid dispatch, contributing to mitigating
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the difference of peak and valley. Through coordinated cooperation with ES systems,
flexible loads can effectively increase the utilization rate of renewable energy.

The cost of flexible loads mainly consists of three main components, including electric-
ity consumption cost, discomfort cost, and device operation and maintenance cost. The cost
of users’ flexible loads is expressed as

CLD =
T

∑
t=1

(
p̃(t)

L

∑
l=1

Pl(t)∆t−
L

∑
l=1

ρl
(

Pl(t)− P̃l(t)
)2

+ kl xl(t)

)
(10)

where l ∈ {1, 2, · · · , L} is the index for different flexible loads, Pl(t) denotes the actual
power consumption of the l-th flexible load in time slot t and ∑L

l=1 ρl
(

Pl(t)− P̃l(t)
)2 is the

discomfort cost, reflecting the economic impact of reduced user comfort due to restrictions
or adjustments in electricity use. P̃l(t) is the planned electricity consumption of the l-th
flexible load in time slot t, and ρl is the willingness parameter for the l-th flexible load; a
higher value of this parameter indicates that the user is more inclined to follow the original
electricity consumption plan. kl is the operation and maintenance cost parameter per unit
time for user load equipment and xl(t) denotes the operation and maintenance cost of user
load equipment in time slot t.

2.5. Formulation of Optimization Problem

This paper addresses the key issue of coordinated energy management for multiple
types of resources in a microgrid. By jointly optimizing the output power of MGTs, PVAs,
and WTs; the charging and discharging power of ES; and the actual power consumption
of flexible loads, the operation revenue of the microgrid is maximized. The optimization
problem is formulated as

max F = JDE + JRE + JES − (CDE + CRE + CES + CLD) =
T

∑
t=1

Ftime(t)

s.t. (3), (6), (9)

(11)

where Ftime(t) represents the time-series decomposition value of the optimization objective,
which will be used in subsequent algorithm solving to improve the model’s dynamic
adjustment capability.

3. Energy Optimization Algorithm for Microgrids Based on
Uncertainty-Aware DDPG

The problem of microgrid energy optimization is highly complex, especially after the
integration of renewable energy sources such as wind and solar power. The randomness
and dynamics of these energy sources introduce volatility and intermittency, posing sig-
nificant challenges to energy management. Traditional DDPG methods, while performing
well in continuous action spaces and dynamic environments, overly rely on deterministic
models or models with uncertainty assumptions. This leads to issues such as sensitivity
to optimization step size parameters and poor adaptability to uncertainty, resulting in
unstable training in complex environments and affecting optimization efficiency.

To address the aforementioned issues, this paper proposes an energy optimization
algorithm for microgrids based on uncertainty-aware DDPG. The principle of the algorithm
is illustrated in Figure 1. Firstly, an IGDT-based uncertainty awareness model is constructed,
and an uncertainty-aware DDPG model is introduced to solve the energy management
strategy. On this basis, a bidirectional feedback collaborative optimization framework
is designed. The uncertainty radius calculated by the IGDT model is used for forward
feedback adjustment of the optimization step size of the DDPG model. Combining the



Processes 2025, 13, 1047 8 of 19

optimization results of DDPG, the risk-aversion coefficient of the IGDT model is adjusted
through backward feedback based on the current uncertainty state and historical perfor-
mance data, in order to improve the algorithm’s adaptability, stability, and optimization
efficiency in uncertain environments.

Figure 1. Energy optimization algorithm schematic diagram for microgrids based on uncertainty-
aware DPGG.

3.1. IGDT-Based Uncertainty Awareness Model

The IGDT method effectively deals with uncertainty by analyzing the mechanism
of uncertainty risk and quantifying the error between the predicted and actual values of
uncertain parameters. IGDT represents uncertainty as a function of predictive variables.
After obtaining the predicted values of wind and solar power output through calculation,
it adds a description of the fluctuation in the predicted values of uncertain parameters,
thereby constructing the corresponding uncertainty set.

In deterministic models, the probability density of WT output is expressed as

f
(

P̃W(t)
)
=

d
ξ

(
P̃W(t)

ξ

)d−1

e

(
−
(

P̃W(t)
ξ

)d
)

(12)

where d represents the shape parameter of the probability density distribution curve for
WT output, ξ is the scale parameter, and P̃W(t) is the predicted value with the highest
probability density for WT output in time slot t.

The output of PVAs is positively correlated with irradiance. It is assumed that the
probability density of irradiance in the microgrid follows a Beta distribution [18]. Therefore,
the probability density of the output of PVAs is expressed as

f
(

P̃PV(t)
)
=

Γ(α + β)

Γ(α)Γ(β)

(
P̃PV(t)
PPV(t)

)α−1

·
(

1− P̃PV(t)
PPV(t)

)β−1

(13)

where α and β are the shape parameters of the probability density distribution curve for PVA
output, which are calculated based on the characteristics of the probabilistic distribution of
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irradiance. Γ(·) denotes the Gamma function. P̃PV(t) is the predicted value of PVA output
where the probability density is maximized.

Using the envelope boundary uncertainty model to mechanistically model the uncer-
tainty of wind and solar power output, the corresponding uncertainty set is expressed as

U
(
δW(t), P̃W(t)

)
=
{

PW(t) :
∣∣∣ PW(t)−P̃W(t)

P̃W(t)

∣∣∣ ⩽ δW(t)
}

U
(
δPV(t), P̃PV(t)

)
=
{

PPV(t) :
∣∣∣ PPV(t)−P̃PV(t)

P̃PV(t)

∣∣∣ ⩽ δPV(t)
} (14)

where δw(t) and δpv(t) are the uncertainty radii for WT and PVA output, respectively.
U
(
δW(t), P̃W(t)

)
and U

(
δPV(t), P̃PV(t)

)
represent the fluctuation ranges of the uncertain

parameters for WT and PVA output, respectively.
The risk-averse robust model provided by IGDT can cater to the needs of conservative

decision-makers. Its purpose is to identify the largest set of uncertain variables that can meet
predefined objectives, thereby mitigating risks associated with uncertainty. Fluctuations in
energy sources and loads mostly exert adverse effects on energy optimization outcomes.
In response to this, this paper adopts a risk-averse robust model, assigning different weights
to the uncertainty radii of uncertain parameters for PVAs and WTs. The uncertainties are
unified through a weighted sum approach, resulting in an equivalent uncertainty radius
for the combined uncertain parameters. The specific model is defined as

ρ(t) = γWδW(t) + γPVδPV(t) (15)

where ρ(t) denotes the uncertainty radius of the equivalent uncertain parameter and γw

and γPV are the weights of the uncertainty radii for the power output fluctuations of WTs
and PVAs, respectively, satisfying the condition that γW + γPV = 1.

The risk-averse robust model can be expressed as

max ρ(t)

s.t. max Ftime(t) ≥ (1− ξ(t))F0(t)

∀PW(t) ∈ U
(
δW(t), P̃W(t)

)
∀RPV(t) ∈ U

(
δPV(t), P̃PV(t)

)
∀(3), (6), (9)

(16)

where F0(t) is the benchmark value, representing the operation revenue of the microgrid
when the uncertain parameters of wind and solar power take their predicted values. ξ(t)
is the risk-aversion coefficient, which reflects the preference for robustness in decision-
making and will be introduced in detail later with its feedback process. Equation (16)
represents a bi-level scheduling model. The objective function at the upper level is to
maximize the uncertainty radius ρ(t) of the power output of PVAs and WTs under the
constraints of the regulation decisions at the lower level. A larger value of ρ(t) indicates
better robustness of the system, but correspondingly, reduces the achievable revenue of the
microgrid. The objective function at the lower level is to optimize the operation revenue of
the microgrid through risk-averse decisions, intending to restrict the energy optimization
decisions in the model within the uncertainty set.

3.2. Uncertainty-Aware DDPG Model with Forward Feedback

Addressing the aforementioned energy optimization problem, this section constructs a
Markov decision process (MDP) model to solve it using reinforcement learning algorithms.
An MDP model is generally represented by a 3-tuple (S ,A, R),where S denotes the state
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space, A denotes the action space, and R denotes the reward function. Below is the specific
modeling process.

(1) State Space: The state space includes the real-time output of PVAs and WTs, the state of
charge of ES, the planned electricity consumption of flexible loads, real-time electricity
prices, and the optimization time slot of the microgrid operation environment, which
is expressed as

S =
{

Pmax
PV (t), Pmax

W (t), E(t),
{

P̃l(t)
}

, p̃(t), t
}

(17)

(2) Action Space: The action space encompasses the output power of MGTs, the output
power of PVAs and WTs, the charging and discharging states of ES, the charging and
discharging power of ES, and the actual power consumption of flexible loads, which
is expressed as

A =
{

PDE(t), PPV(t), PW(t), yES(t), Pdischarge
ES (t), Pcharge

ES (t), {Pl(t)}
}

(18)

(3) Reward Function: The reward function is denoted as Ftime(t).

The DDPG algorithm is based on the actor–critic (AC) algorithm framework, with the
actor network serving as the policy network and the critic network serving as the value
network. Additionally, the DDPG algorithm adopts the experience replay mechanism and
the separate target network structure from the DQN algorithm. The policy network consists
of an online network and a target network, denoted as µG(S ,A|θµG ) and µ′G

(
S ,A|θµ′G

)
,

respectively, where θµG represents the parameters of the online policy network and θµ′G

represents the parameters of the target policy network. During the exploration and learning
process of the DDPG algorithm, when the current state S(t) of the microgrid operation
environment is input into the current policy network, the network will output an action
A(t) based on a deterministic policy µ, which is expressed as

A(t) = µG(S(t)|θµG ) (19)

The task of the value network is to evaluate the generated actions by fitting the value
function. It includes two parts: an online network and a target network, denoted as
QG
(
S ,A|θQG

)
and Q′G

(
S ,A | θQ′G

)
, respectively, where θQG represents the parameters of

the online value network and θQ′G represents the parameters of the target value network.
Under a given state S(t), the online value network generates an action A(t), and after
obtaining a reward R(t), the action A(t) together with the state S(t) form an experience
tuple (S(t), A(t), R(t), S(t + 1)) that is stored in the experience replay buffer as a training
sample. The specific training process is as follows.

Firstly, after the experience replay buffer reaches a certain size, N random samples of
experience tuples are drawn from the experience replay. The target value y(n) and the loss
function Lg are then computed using the online value network, which are expressed as

Lg = E
[(

y(n)−QG

(
S(n),A(n)|θQG

))2
]

(20)

y(n) = R(n) + γQ′G
(
S(n + 1), µ′G

(
S(n + 1)|θµ′G

)
|θQ′G

)
(21)

where n denotes the index of the sampled training sample.
Then, the online policy network θµG is updated using a gradient descent strategy and

by minimizing the loss function, which is expressed as
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∇θµG J(θµG ) ≈ 1
N

N

∑
n=1
∇AQG

(
S ,A | θQG

)
|S=S(n),A=µG(S(n))∇θµG µG(S|θµG )|S(n)

θµG ← θµG − σ(t)∇θµG J(θµG )

(22)

where σ(t) represents the current optimization step size. To enhance the uncertainty
awareness capability of the DDPG model, this paper incorporates forward feedback based
on the equivalent uncertainty radius calculated by the IGDT model at the beginning of
time slot t. This feedback enables adaptive adjustment of the optimization step size, which
is expressed as

σ(t) = σ0 exp(−ρ(t)) (23)

where σ0 denotes the base step size under no uncertainty. The equation implies that if the
uncertainty radius is large, indicating significant fluctuations in the external environment,
the step size should be reduced to enhance the stability of the decision. Conversely, if the
uncertainty radius is small, suggesting a relatively stable environment, the step size can be
appropriately increased to accelerate the optimization process and improve the efficiency
of finding the optimal solution. Thus, this approach can enhance the awareness and
adaptability of the DDPG algorithm to the highly uncertain environment of microgrids.

Finally, the target policy network θµ′G and the target value network θQ′G are updated
using a soft update method, which is expressed as

soft update:

θµ′G ← τθµG + (1− τ)θµ′G

θQ′G ← τθQG + (1− τ)θQ′G
(24)

where τ denotes the rate of soft update for the target networks.

3.3. IGDT Risk-Aversion Coefficient Adaptive Adjustment Method Based on Backward Feedback of
DDPG Optimization Results

Considering that traditional IGDT models primarily deal with static uncertain pa-
rameters, this paper proposes an adaptive adjustment method for the IGDT risk-aversion
coefficient based on the backward feedback of DDPG optimization results. This method
aims to improve the algorithm’s decision-making capability under complex conditions,
enabling the microgrid to maintain efficient and stable operation in a real-time changing
environment. The specific process is expressed as

ξ(t + 1) = ξ(t) + ∆ξ(t)

∆ξ(t) = γun∆ξun(t) + γhis∆ξhis(t)

∆ξun(t) = ρ(t)− 1
t ∑t

j=1 ρ(j)

∆ξhis(t) = 1
t ∑t

j=1 F(j)− F(t)

(25)

where ∆ξ(t) denotes the adjustment magnitude of the risk-aversion coefficient at time
slot t. ∆ξun(t) represents the adjustment magnitude considering uncertainty fluctuations.
If the uncertainty fluctuation level at the time slot is high, ∆ξun(t) is increased to elevate
the risk-aversion coefficient at time slot t + 1, allowing for better handling of uncertainty
risks. Conversely, if the fluctuation level is low, the risk-aversion coefficient is decreased
to enhance system flexibility. ∆ξhis(t) denotes the adjustment magnitude considering
historical performance. If the DDPG optimization results at time slot t have a positive
impact on historical performance, the risk-aversion coefficient at time slot t+ 1 is reduced to
pursue economic efficiency. Otherwise, the risk-aversion coefficient is increased to promote
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robust decision-making by the system. γun and γhis are weight coefficients that balance the
two adjustment terms. The algorithm flow is shown in Figure 2.

Figure 2. The proposed algorithm flowchart.

3.4. Algorithm Complexity Analysis

The time complexity of the DDPG model is generally related to the size of the neural
network, the number of training episodes, and the number of time steps per episode.
Assuming there are E training episodes in total, and the total number of parameters in
the DDPG neural network is N, then the time complexity can be expressed as O(E · T · N).
In comparison, the data complexity of the forward feedback process for optimizing the step
size mainly arises from the calculation of the uncertainty radius, with a complexity of O(2).
This complexity is negligible compared to the overall complexity of the DDPG algorithm.

For the IGDT-based uncertainty awareness model, similar to the forward feedback
process, its complexity arises from the uncertainty modeling of WT and PVA output.
The computational complexity is of constant order, having a minor impact on the overall
complexity of the algorithm. Therefore, the microgrid energy optimization algorithm based
on uncertainty-aware DDPG has a complexity approximately equal to O(E · T · N).

4. Simulation
In order to verify the validity of the proposed model, the typical daily load data of a

microgrid in summer are selected for simulation. This dataset contains daily load data from
1 June 2023 to 30 June 2023, with a time range covering the summer peak load period. There
are a total of 3000 data entries covering 24 h of daily load records. Each record item contains
the load value and its corresponding timestamp. Tables 1 and 2 list the main parameters.
The simulation was carried out using MATLAB R2022a (9.12.0.1884302), 64-bit version
(released on 16 February 2022).

Figures 3 and 4 depict the distribution of microgrid user load and the output dis-
tribution of wind and solar power, respectively. These figures provide a comprehensive
overview of the temporal variations in load demand and renewable energy supply, which
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are essential for understanding the operational dynamics of the microgrid. These insights
are critical for evaluating the effectiveness of the proposed energy management strategy.
To systematically assess the proposed algorithm, we conducted a comparative analysis
using two established baselines. Baseline 1 employs a DDPG algorithm augmented with
uncertainty considerations [20], while Baseline 2 utilizes the conventional DDPG algo-
rithm without any feedback mechanisms [21]. Both baselines share the same optimization
objective as the proposed algorithm: to maximize the operational revenue of the micro-
grid. Specifically, Baseline 1 incorporates forward feedback but lacks backward feedback,
whereas Baseline 2 does not feature any feedback mechanisms. Through this comparative
analysis, we elucidate the superior adaptability of the proposed algorithm in addressing
the inherent volatility and uncertainty associated with renewable energy sources, thereby
enhancing the robustness and economic efficiency of microgrid operations.

Table 1. Main parameters [19].

Parameter Value

Fuel gas selling price per unit Cgas 0.49 $/m3

Lower heating value of fuel gas QLHV 9.7 MJ/m3

Generation efficiency of MGTs in microgrids λ 34%

Cost of treating per unit mass of pollutant i Cp,i

Cp,SO2 = 1.2 $
Cp,NO2 = 2.0 $
Cp,CO2 = 0.012 $

Downward ramp rate of grid MGTs Rdown
MT 200 kW

Upward ramp rate of grid MGTs Rup
MT 200 kW

Operation and maintenance cost coefficients for internal MGTs
kDE_OM

1.57× 10−3

Maintenance cost parameter for PVAs and WTs kRE 0.5× 10−3

Maintenance cost parameter for ES device per unit kES 3.1× 10−3

Maximum charging power of the ES system φ̃max
ES,c(t) 200 kW

Maximum discharge power of the ES system φ̃max
ES,d(t) 200 kW

Table 2. Time-of-use electricity price.

Load State Time Slot Electricity Price
($/kWh)

Charging Price
($/kWh)

Peak 7:00–11:00, 17:00–21:00 0.17 0.04
Flat 11:00–17:00, 21:00–23:00 0.11 0.04
Valley 00:00–7:00, 23:00–24:00 0.05 0.04

Figure 3. Microgrid user load distribution.
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Figure 4. Microgrid wind and solar power output distribution.

Figure 5 illustrates the comparison of the microgrid user load curve after optimization
adjustment. As shown in the figure, the power consumption of users decreases during
the periods of 00:00–01:00, 09:00–10:00, and 15:00–21:00, while it increases during the
periods of 08:00–10:00 and 21:00–24:00. These changes reflect the rational adjustment
and redistribution of flexible loads while ensuring that the basic electricity demand is
met. Through this optimized scheduling, some of the peak-hour loads are successfully
transferred to the off-peak hours of 04:00–16:00, effectively balancing the load peaks and
valleys. Therefore, the optimization strategy proposed in this paper not only alleviates
the power supply pressure of the microgrid system to a certain extent but also enhances
the system’s stability and operational efficiency through peak shaving and valley filling.
Additionally, this optimization strategy reduces the reliance on traditional fossil fuels and
improves the utilization rate of renewable energy sources, offering significant economic
and environmental benefits.

Figure 6 presents a comparison of the convergence performance in microgrid energy
management optimization. The results indicate that the proposed algorithm achieves supe-
rior convergence for microgrid gain optimization, reaching the fastest convergence speed
at the 12th iteration. Moreover, the proposed algorithm attains the highest total microgrid
revenue after 20 iterations, which is 5.44% and 70.26% higher than Baseline 1 and Baseline
2, respectively. This enhanced performance is attributed to the joint optimization of the
IGDT and DDPG algorithms, where the update step of the DDPG algorithm is dynamically
adjusted based on the uncertainty radius. Additionally, the introduction of a bidirectional
feedback mechanism enables the algorithm to adapt more effectively to environmental
changes, thereby improving optimization efficiency. In practical applications, the rapid
convergence and high optimization efficiency demonstrated by the proposed algorithm
imply that microgrids can achieve optimal energy scheduling strategies within a shorter
timeframe. This not only enhances the economic viability and stability of the system but
also reduces reliance on traditional energy sources and increases the utilization efficiency
of renewable energy, offering significant economic and environmental benefits.

Table 3 shows the comparison between the total training time and optimal performance
of the three algorithms. It can be seen from the table that, in terms of total training time,
the total training time of the proposed method is the longest, and that of Baseline 2 is
the shortest, because the proposed method has a mechanism of forward feedback and
backward feedback, while Baseline 1 only considers forward feedback, and Baseline 2
does not consider any feedback. However, the total training time of the proposed method
is only 8.87% longer than that of Baseline 2. In terms of optimal performance, the total
revenue of the proposed method is 7.39% and 67.08% higher than that of Baseline 1 and
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Baseline 2, respectively. Combined with the results of Figure 6, although the proposed
algorithm requires more computational time due to the enhanced feedback mechanism,
its improvement in convergence speed and optimization performance fully proves the
necessity of increasing computational time.

Figure 5. Microgrid user load curve comparison after optimization adjustment.

Figure 6. Comparison of microgrid energy management convergence.

Table 3. Total training time and optimal performance.

Algorithm Total Training Time (s) Total Revenue ($)

Proposed algorithm 135 1076
Baseline 1 130 1002
Baseline 2 124 644

Figure 7 illustrates the variation of microgrid total revenue and risk-aversion coef-
ficient with the equivalent uncertainty radius. As shown in the figure, the total revenue
of both the proposed algorithm and Baseline 1 decreases as the equivalent uncertainty
radius increases. However, the proposed algorithm exhibits a slower rate of revenue de-
cline when the equivalent uncertainty radius is larger. This indicates that the proposed
algorithm is more capable of maintaining system economic viability in the face of higher
uncertainty. During this process, the risk-aversion coefficient of the proposed algorithm
initially increases and then stabilizes, whereas that of Baseline 1 continues to rise. This
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difference arises because both algorithms account for uncertainty, but the proposed al-
gorithm incorporates a bidirectional feedback mechanism. When the microgrid revenue
significantly decreases, the bidirectional feedback mechanism delays the increase in the
risk-aversion coefficient, thereby slowing down the reduction in revenue. From a practical
standpoint, this characteristic implies that the proposed algorithm can better balance the
economic viability and robustness of the microgrid in environments with high uncertainty.
By dynamically adjusting the risk-aversion coefficient, the algorithm not only meets the
stability requirements of the microgrid but also minimizes revenue loss as uncertainty in-
creases. This capability is crucial for the economic operation and sustainable development
of microgrids.

Figure 7. The variation of microgrid total revenue and risk-aversion coefficient with equivalent
uncertainty radius.

Figure 8 illustrates the power output of each component in the microgrid. During the
period from 00:00 to 09:00, the output of renewable energy is sufficiently abundant to
meet the power demand of users. Consequently, there is no need to activate the micro
gas turbines (MGTs), which helps to reduce fossil fuel consumption and environmental
pollution. Particularly from 01:00 to 04:00, the high output of renewable energy provides an
optimal charging period for energy storage (ES) devices, enabling flexible load adjustment
and transfer. In contrast, during the period from 19:00 to 21:00, the output of wind and
photovoltaic power generation may not fully satisfy user demand due to natural conditions.
In such cases, MGTs must be activated to provide additional power support, ensuring
adequate electricity supply. Meanwhile, ES devices switch from charging to discharging
mode to release previously stored power, maintaining the continuity and stability of the
power supply. These observations demonstrate that the proposed algorithm, through
uncertainty awareness and the integration of forward and backward feedback mechanisms,
significantly enhances the adaptability of the microgrid to source–load fluctuations. In prac-
tical applications, this capability enables the microgrid to more efficiently utilize renewable
energy across different time periods, reduce reliance on traditional energy sources, and op-
timize the charging and discharging strategies of ES devices to cope with dynamic changes
in power supply and demand. This not only reduces operational costs but also enhances
the reliability and environmental sustainability of the microgrid. The apparent negative
power of the ES devices in the figure is due to the time period during which the ES is
charging. Specifically, following the convention in the figure, the power output of the ES
during the charging state is shown as negative.
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Figure 8. The power output of each component in microgrids.

5. Conclusions
In this paper, an energy optimization strategy for microgrids based on an uncertainty-

aware DDPG algorithm has been proposed. The strategy aims to address the challenges
posed by the uncertainty of renewable energy sources and improve the robustness and
stability of microgrid operations. The main conclusions are summarized as follows:

(1) An uncertainty awareness model for wind power output based on information gap
decision theory (IGDT) has been constructed. This model employs uncertainty in-
tervals for decision optimization without relying on precise probability distribution
assumptions. As a result, it provides a flexible and robust framework for describing
and coping with uncertainty. This approach enhances the robustness and stabil-
ity of microgrids when facing the volatility of renewable energy sources and other
uncertainty factors.

(2) The DDPG algorithm has been utilized to optimize the energy management strategy.
The algorithm adaptively adjusts the optimization step size based on the forward
feedback of the equivalent uncertainty radius. When the environmental uncertainty is
large, the step size is reduced to improve stability. Conversely, when the uncertainty
is small, the step size is increased to accelerate the decision-making process. This
mechanism allows the microgrid to better cope with external fluctuations, thereby
improving the economy, stability, and overall operational efficiency.

(3) Based on the DDPG optimization results, the risk-aversion coefficient has been dy-
namically adjusted using backward feedback from the current uncertainty state and
historical performance data. This adjustment mechanism enhances the real-time
decision-making capabilities of microgrids in complex environments. It improves the
balance between economic efficiency and robustness while ensuring system stability
and optimal performance.

Simulation results demonstrate the superiority of the proposed algorithm over tra-
ditional optimization methods in terms of both total microgrid revenue and convergence
speed. Specifically, at an iteration number of 20, the optimization effect of the proposed
algorithm is improved by 5.44% and 70.26% compared to Baseline 1 and Baseline 2, re-
spectively. These results highlight the enhanced adaptability, robustness, and convergence
capabilities of the proposed strategy in microgrid energy optimization.

The main limitations of the paper are as follows:

(1) Our approach assumes that the uncertainty in renewable energy output (wind and
solar) can be adequately modeled using IGDT. However, this model assumes that the
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uncertainty bounds can be estimated with reasonable accuracy, which may not always
be the case in real-world applications due to the dynamic nature of renewable energy
sources. Further research could explore more accurate models for uncertainty estimation.

(2) In our model, ES is simplified by assuming that it operate with perfect charging
and discharging efficiencies. This simplification may not hold true in practice due
to degradation and efficiency losses over time, which could influence the overall
performance of the microgrid. Future work could incorporate more realistic modeling
of ES behavior.

In the future, further research will focus on extending this work to address more
complex scenarios. This includes the regulation and control of multi-energy flow coupling
in microgrids and the cooperative optimization of large-scale multi-microgrid systems.
These research directions aim to further improve the economy, stability, and adaptability of
microgrid systems, ensuring their efficient operation in diverse and dynamic environments.
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