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Integrated Energy Optimization
in Manufacturing Through
Multiagent Deep Reinforcement
Learning: Holistic Control of
Manufacturing, Microgrid
Systems, and Battery Storage
Microgrid technology integrates storage devices, renewable energy sources, and controlla-
ble loads and has been widely explored in residential, commercial, and critical facilities.
However, its potential in manufacturing remains largely underexplored, where optimal
control of microgrids containing energy storage systems (ESS) is crucial. Two primary
challenges arise in integrated microgrid-manufacturing systems: fluctuating renewable
energy output and nondeterministic polynomial (NP)-hard demand-side control. Address-
ing both challenges simultaneously increases complexity. This article proposes an inte-
grated control considering ESS degradation, optimizing control on both the
manufacturing demand and microgrid energy supply sides within the production con-
straints. It formulates the problem in a decentralized partially observable Markov decision
process (Dec-POMDP) framework, treating the system as a multiagent environment. The
multiagent deep deterministic policy gradient (MADDPG) algorithm is adapted to optimize
control policies. Investigating the trained policies provides insights into their logic, and a
rule-based policy is introduced for practical implementation. Experimental validation on a
manufacturing system validates the effectiveness of the proposed method and the rule-based
policy. [DOI: 10.1115/1.4067614]
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1 Introduction
A microgrid is a group of interconnected loads and distributed

energy resources that act as a single controllable entity with
respect to the grid. The concept of “microgrid” remains fluid and
ever-evolving, offering both challenges and opportunities [1].
Recent advancements in software systems and reductions in
energy technology costs, along with consumer demands for sustain-
ability and reliability, have propelled microgrids into a new era of
capability and deployment. These interconnected power systems
feature autonomous control and can operate both independently
and in conjunction with the main power grid, offering reliability,
cost-effectiveness, and emission reduction [2]. This surge in
academic discourse surrounding microgrid implementation under-
scores the urgent need for environmental preservation.
Typically, a central controller oversees energy management in

microgrids, allocating solar, wind, and generator energy based on

the overall demand. Battery technology advancements have
increased capacity, allowing surplus energy to serve as flexible
resources [3]. This diversification offers opportunities for optimiz-
ing energy allocation but poses challenges such as degradation of
energy storage systems (ESS), synergy among energy sources,
and managing supply diversity. The longevity of an ESS is influ-
enced by various factors, such as the depth of discharge, discharge
rate, duration at low and high states of charge, current fluctuations,
and the extent and frequency of overcharging. While several studies
have addressed these issues independently [4,5], these factors are
often ignored in an integrated system where besides the demand
and supply, the ESS should be handled in an optimum way,
which not only improves the ESS lifetime but also plays a signifi-
cant role toward sustainability.
The advantages of an integrated demand-supply-storage system

can be examined from several angles. First, microgrids provide an
additional energy supply option, enhancing cost-effectiveness by
offering flexibility in energy source selection and flow regulation
to optimize efficiency. Moreover, microgrid utilization strengthens
resilience against utility failures, such as those caused by natural
disasters. Second, controlling manufacturing on the demand side
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reduces operational costs and enhances production throughput,
leading to lower unit costs. Third, integrating microgrids and ESS
contributes to environmental sustainability by incorporating renew-
able energy sources (RES) and optimizing ESS management, sig-
nificantly reducing the carbon footprint of supplied energy.
Several studies have explored integrating manufacturing and

microgrid systems, employing reinforcement learning (RL) algo-
rithms for joint control of energy distribution and machine opera-
tions [6,7]. However, optimizing control in complex systems with
multiple inputs necessitates improved coordination among them.
The diverse energy sources in microgrids add complexity, requiring
coordination due to multiple supply directions. To consider coordi-
nation, Ref. [7] addressed a similar integrated system using a mul-
tiagent approach. However, their focus was solely on controlling the
microgrid side, without considering the dynamic demand, specifi-
cally the manufacturing operation aspect highlighted in this article
and the storage system. Effective utilization of multiagent reinforce-
ment learning (MARL)-based control in such situations requires a
clearly defined and formulated control problem within a suitable
framework.
Therefore, this article introduces a unified control framework

employing a decentralized partially observable Markov decision
process (Dec-POMDP) that considers the supply (microgrid),
storage (ESS), and demand (manufacturing system) dynamics. A
multiagent deep deterministic policy gradient (MADDPG) algo-
rithm is adopted to address both the discrete and continuous
optimal control actions. Experiments are conducted on a manufac-
turing system equipped with ESS and an onsite microgrid with
renewable sources, utilizing real parameters to determine optimal
control actions for both the manufacturing system and microgrid
to achieve cost optimization. Empirical results validate that the
optimal policies derived from the proposed control algorithm
enhance production efficiency and reduce costs compared to ran-
domly sampled policies and standard operational procedures.
In summary, the main contributions of the proposed joint control

for integrated microgrid-manufacturing systems are as follows:

• Modeling and evaluating the dynamics of combined energy
consumption, covering microgrids, ESS, and manufacturing
systems.

• Framing the supervisory control of the integrated microgrid-
manufacturing system within the Dec-POMDP framework as
a multiagent system comprising both discrete and continuous
agents.

• Employing the MADDPG deep reinforcement learning (DRL)
algorithm to tackle the control challenge. Following training,
the policy is assessed, and a rule-based approach is extracted
for convenient implementation in real-world scenarios, side-
stepping the requirement for intricate computational resources.

The rest of the article is structured as follows. In Sec. 2, the liter-
ature review is conducted. In Sec. 3, the system description is pro-
vided. The system modeling is covered in Sec. 4, followed by the
problem formulation in Sec. 5. The results of the case study,
which compares the proposed method to other control methods,
are presented in Sec. 6. Section 7 introduces and discusses the
proposed rule-based control. Finally, the conclusion is given in
Sec. 8.

2 Literature Review
Microgrids connect various independent and diverse renewable

energy systems to create a complex and dynamic integrated
energy system, essentially a system of systems. The basic structure
of a microgrid includes generators (renewable or nonrenewable),
storage systems, and loads. It can operate in alternating current,
direct current, or a combination of both, each with its advantages
and disadvantages [8]. Despite the dynamic nature of renewable
energy resources, with appropriate balance and control, a complex
renewable energy microgrid can provide stable and satisfactory
electricity and energy.

Apart from the efforts on the energy supply side, efficient energy
usage is also imperative on the demand side. While residential
microgrid literature [9] extensively covers interconnection struc-
tures among different units, there is limited focus on the manufac-
turing sector [6,7]. The industrial sector stands as the largest
global energy consumer, accounting for 52% of total energy con-
sumption [10]. In manufacturing, uninterrupted power is vital for
operations, leading to studies aiming to optimize microgrid designs
and component sizing. For example, one study proposed a model
for sizing onsite generation systems considering energy demands
from manufacturing and heating, ventilation, and air conditioning
(HVAC) systems [11]. Another study forecasted energy load fluctu-
ations and solar availability, evaluating onsite microgrid costs [12].
However, existing studies often oversimplify manufacturing
systems, neglecting system dynamics.
Considering the complex dynamics, particularly the uncertainties

of renewable sources and load involved in microgrid operation,
model predictive control (MPC)-based approaches have been
widely used to estimate uncertainty and arrive at an optimizer to
solve the best schedules of microgrid operations [13]. For
example, an online optimal energy management model for energy
storage systems in a microgrid was developed using mixed
integer linear programming over a rolling horizon period [14]. A
similar method considering the time-varying constraints of a micro-
grid was proposed in Ref. [15]. In Ref. [16], MPC was applied to the
operation of a hydrogen-based hybrid energy storage system in a
microgrid. A robust optimization model was proposed by
Ref. [17] for microgrid operation using ensemble weather forecasts.
Another major approach to addressing the challenges of uncertain-
ties is stochastic optimization. For example, a stochastic energy
scheduling model in microgrids with intermittent renewable
energy resources was proposed in Ref. [18]. A risk-averse stochas-
tic programming method was proposed, which considered not only
the expectation but also the variation of the total cost. From the per-
spective of control objectives, the existing literature focuses on opti-
mizing costs, power system stability such as voltage-frequency
control, and environmental objectives such as reducing carbon
dioxide emissions. However, the intermittent and nondispatchable
nature of RES can pose challenges to system reliability.
Fluctuations in RES output, often due to factors like adverse

weather conditions, can lead to periods of unavailability during
high electricity demand. ESS are commonly integrated into micro-
grids or utility grids to mitigate power imbalances. They serve as
flexible mediators, capable of storing excess energy and exporting
it as needed. Through diverse control strategies, ESS not only pro-
vides auxiliary services but also offers financial benefits to
end-users. Research on ESS within microgrids explores various
applications, including real-time operations for immediate power
sharing and frequency regulation, as well as addressing scheduling
challenges related to charging strategies and long-term operational
optimization [4]. Previous studies have mainly focused on enhanc-
ing energy efficiency and operational reliability through the devel-
opment of energy management systems [19], and the economic
implications of real-time ESS operation across different resource,
load, and environmental scenarios [20]. However, they often
overlook or assume fixed operational costs. Unlike generation
resources, short-term dispatch strategies for ESS significantly
impact its long-term lifespan. Frequent charging and discharging
can degrade battery life [21] while balancing economic and security
concerns adds complexity to energy management optimization in
microgrids [22]. Expanding ESS capacity enhances operating
reserves, thus reducing the risk of load loss but increasing the
need for additional capital investment [23]. However, previous
studies either neglect or provide rough models for ESS degradation
costs. Additionally, to our knowledge, no study considers ESS
degradation in an integrated system comprising variable demand
and supply.
Given the difficulty of controlling complex systems with multiple

inputs and outputs, recent research has heavily focused on employ-
ing RL to tackle challenges in microgrid operation [24]. Markov
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decision process (MDP) forms the basis of RL theoretical frame-
works, enabling the expression of interactive processes through
probability theory for problem-solving. For instance, Lu et al.
[25] proposed a dynamic electricity pricing algorithm based on arti-
ficial intelligence for hierarchical electricity markets, using RL
within a layered structure to address pricing trends as a discrete
MDP, employing Q-learning [23]. Additionally, Kofinas et al.
[26] applied centralized RL in a single-agent system to manage
maintenance in solar energy microgrids, optimizing battery con-
sumption and meeting consumer unit service quality requirements.
Aaltonen et al. [27] developed an RL solution applicable to multiple
time scales, accurately reflecting battery movement through simula-
tion models and bidding on the primary frequency reserves market.
Yang et al. [6] introduced an integrated RL algorithm addressing
both continuous and discrete problems by combining temporal dif-
ference and deterministic policy gradient algorithms, proposing a
bidirectional control framework based on Markov for separate
demand and supply-side control. While these RL-based microgrid
control methods show promise in various environments, they
often overlook cooperation and simultaneous control issues
among multiple energy sources within the microgrid, as well as con-
vergence difficulties due to environmental complexity. Li et al. [28]
introduced a data-driven model predictive control and approxi-
mate dynamic programming-based stochastic real-time operating
approach for realistic multienergy microgrids, aiming to reduce
uncertainty, coordinate multiple energies, and lower operation
costs. However, model-based techniques require specialized
model creation, posing challenges for practical implementation
and necessitating significant historical data and computing power.
In contrast, Huang et al. [7] addressed a joint control problem in
a multiagent control framework but only considered the supply
side, i.e., energy sources as the agents, while neglecting demand-
side variations and control. Their approach underestimates the
complexity of dealing with continuous and discrete agents, and
the critical role of ESS in microgrids is also ignored. Overall,
although DRL-based methods can handle complex environments
[29,30] and devise optimal control strategies, the results usually
depend on the problem formulation and how the system dynamics
are handled.
MARL algorithms, such as MADDPG and multiagent proximal

policy optimization (MAPPO), have been widely used to control
complex environments involving multiple interacting agents.
These algorithms are often applied in environments with homoge-
neous action spaces, where MADDPG is particularly effective for
continuous action spaces, and MAPPO is typically used for discrete
action spaces. However, real-world applications often involve envi-
ronments with mixed action spaces, where agents must handle both
discrete and continuous actions simultaneously. To address this chal-
lenge, several extensions of MARL algorithms have been proposed
in the literature. For example, the P-DQN algorithm introduced by
Ref. [31] combines deep Q-network (DQN) and deep deterministic
policy gradient to handle discrete and continuous action spaces,
respectively. However, this approach is designed for single-agent
environments, and its applicability is limited in multiagent settings
due to the issue of nonstationarity, which arises when agents’ poli-
cies are not stationary because they are continuously adapting to
one another’s behaviors. To extend the P-DQN algorithm to multia-
gent systems, Fu et al. [32] introduced the MAPQN and MAHHQN
algorithms, which aim to address nonstationarity by decoupling the
decision-making process. Their approach first identifies the optimal
discrete action for each agent and then focuses on finding the corre-
sponding continuous action for that specific discrete choice, rather
than exploring all possible combinations of discrete-continuous
action pairs. This hybrid action space framework allows for more
efficient exploration in multiagent environments where agents
must handle both types of action spaces.
Similarly, other works, such as Refs. [33–36], have also explored

the challenges of MARL with hybrid action spaces. These
approaches often involve environments where agents must simulta-
neously decide on discrete and continuous actions, for example, in

gaming scenarios where an agent might need to select a direction
and a corresponding speed. These methods handle complex action
spaces where each agent must manage both discrete and continuous
parameters. In contrast, this work addresses a relatively simpler
setting in which only a subset of agents operates with a hybrid
action space, and the discrete part is limited to only 0 and 1. In
such cases, traditional MARL algorithms like MADDPG are
well-suited to handle the environment effectively. As a result, exist-
ing solutions designed for complex hybrid action spaces, where
each agent must handle both discrete and continuous actions, are
not directly applicable here. Given this simpler structure, we have
chosen to apply MADDPG for both types of agents (i.e., discrete
and continuous), as it offers a more straightforward and computa-
tionally efficient approach. This choice allows to leverage
MADDPG’s strengths in environments with uniform action
spaces for each agent, thereby streamlining the training process
compared to algorithms tailored for more intricate hybrid settings.

3 System Description
In this article, an integrated microgrid and manufacturing system

is considered as illustrated in Fig. 1. The microgrid system includes
a solar energy source, wind energy, a generator, and an ESS, also
known as batteries. Another energy source is the utility grid. The
manufacturing system consists of a serial production line with M
machines and M − 1 buffers. Raw parts arrive at the manufacturing
system’s source, undergo processing through a series of machines,
and the finished products are stored in the sink. A summary of the
notations used is provided in Table 1.
The energy requirements within the manufacturing system pri-

marily rely on machine consumption, which is satisfied by one of
the available energy sources. In case of excess energy production,
the surplus amount is either stored in the ESS or sold back to the
utility grid. Our integrated system operates under the following
assumptions.

(1) The words “ESS” and “battery” are used interchangeably.
(2) Extra energy generated from the power sources is sold back

to the utility grid or used to charge ESS.
(3) To emphasize our focus on the specific production system,

the first machine never starves, and the last machine is
never blocked.

(4) Any amount of energy can be purchased anytime from the
utility grid.

(5) There is at least one source of renewable energy in the micro-
grid system.

4 Modeling of Dynamic Energy Consumption for
the Integrated System
Our integrated system comprises several main components,

including a manufacturing system (demand side), an energy gener-
ation system (supply side), and ESS. To devise a control mechanism
to coordinate all the components for energy-saving purposes, it is
essential to derive real-time energy consumption evaluation for
each component.

4.1 Manufacturing System. The behavior of the manufactur-
ing system is discussed in detail in our previous study [37]. Never-
theless, we will provide a general overview of the manufacturing
system model here. The dynamics of the manufacturing system
can be described by the following state-space equation:

Ẋ(t) = F(X(t), U(t), W(t)) (1)

where

• X(t) = [X1(t), X2(t), . . . , XM(t)]′ represents the production
count of each machine Si at time t.
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• U(t) = [u1(t), u2(t), . . . , uM(t)]′ represents the control inputs at
time t. Here, ui(t) ∈ {0, 1} indicates whether machine Si is off
or on, respectively.

• W(t) = [w1(t), w2(t), . . . , wM(t)]′ represents the disturbances at
time t, where wj(t) describes whether Sj suffers from a disrup-
tion at time t. If there exists e�k ∈ E such that e�k = (i, tk , dk),
t ∈ [tk , tk + dk] and E is a set of disruption events, then,
wi(t) = 1, otherwise, wi(t) = 0. Define the status of a
machine Si at time t as θi(t), i.e., θi(t) = 1 − wi(t). A
machine Si is up at time t when wi(t) = 0, and down when
wi(t) = 1.

The accumulated production difference between two machines Si
and Sj, i, j ∈ 1, 2, . . . , M,i ≠ j, within the time period [0, t], follows
the conservation of flow, which could be represented with the fol-
lowing equations:

Xi(t) − Xj(t) = τij(t) =

∑i
k=j+1

bk(0) −
∑i

k=j+1
bk(t), i > j

∑j
k=i+1

bk(t) −
∑j

k=i+1
bk(0), i < j

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(2)

The production difference τij(t) is bounded by the condition that
all buffers between machines Si and Sj are full (for i < j) or empty
(for i > j). Denote the boundary as βij(t).

βij(t) =

∑i
k=j+1

bk(0), i > j

∑j
k=i+1

Bk −
∑j

k=i+1
bk(0), i < j

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(3)

Thus, τij(t) ≤ βij(t). Considering the interactions between Si and
Sj, in the case of τij(t) < βij(t), machine Si is not starved or blocked
by Sj; thus, it will process parts at its own rated speed. If
τij(t) = βij(t), the processing speed of machine Si will be constrained

by machine Sj. Define a segment function ξ(u, v) as

ξ(u, v) = +∞, u < 0
v, u = 0

{

Then, the actual process speed of machine Si can be described as

Ẋi(t) =min
ξ((Xi(t) − Xj(t)) − βij,uj(t)(1 −Wj(t)))

Tj(t)
,
ui(t)(1 −Wi(t))

Ti(t)

{ }

(4)

Extending this equation to all machines in the system, we have

Ẋi(t) =min

ξ((Xi(t) − X1(t)) − βi1),u1(t)(1 −W1(t))
T1(t)

ξ((Xi(t) − X2(t)) − βi2),u2(t)(1 −W2(t))
T2(t)

..

.

ui(t)(1 −Wi(t))
Ti(t)

..

.

ξ((Xi(t) − XM(t)) − βiM),uM(t)(1 −WM(t))
TM(t)

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

= fi(X(t), U(t), W(t))

(5)

Thus, the state-space function of the production count could be
summarized as

X(t) =

F1(X(t), U(t), W(t))
·
·
·

FM(X(t), U(t), W(t))

⎡
⎢⎢⎢⎢⎣

⎤
⎥⎥⎥⎥⎦ = F(X(t), U(t), W(t)) (6)

Fig. 1 Integrated manufacturing and microgrid system
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Y(t) = XM(t) = [0 . . . 0 1]X(t) =H(X(t)) (7)

where Y(t) is the production output of the last machine SM at time t.
The buffer levels of a certain buffer bi+1 at time t could be calcu-

lated as

bi+1(t) = Xi(t) − Xi+1(t) + bi+1(0) (8)

If the sensor data of random disruption events E, the machine
inputs u1(0), u2(0) , . . . , uM(0), and the initial buffer levels
b1(0), b2(0), . . . , bM−1(0) are provided, the detailed system state
at any given time can be recursively evaluated by (2)–(8).
Each product is associated with a unit reward rp. We denote the

total reward from production throughput as TP, which can be calcu-
lated as follows:

TP = Y(t) × rp (9)

At each time t, an energy demand originates from the manufac-
turing system which is the collective power usage of all the operat-
ing machines. The energy consumed by the manufacturing system

Emfg can be defined as

Emfg t( ) =
∑N
i=1

PCit × Δt (10)

where PCit is the amount of power drawn from machine i during t to
t + 1.

4.2 Energy System. The energy system is composed of
several elements: solar power source, wind power source, generator
power source, and utility grid, which are discussed in the following
subsections.

4.2.1 Microgrid System. The microgrid encompasses various
components that collectively determine its total operational cost [6].
In our scenario, these components include solar panels, wind tur-
bines, a generator, and a battery system. The total operational
cost of the microgrid at each time-step t denoted as MC(t) can be
computed as follows:

MC(t) = es(t) × rsomc + ew(t) × rwomc + eg(t) × rgomc + CB(t) (11)

where es(t), ew(t), and eg(t) represent, respectively, the energy
generated by solar, wind, and generators; rsomc, r

w
omc, and r

g
omc repre-

sent, respectively, the rated operating and maintenance cost of
solar, wind, and generator power source; CB(t) is the cost of battery
degradation at time-step t. Each component of the microgrid is
explained below.
Energy sold back: The extra energy generated by the different

renewable power sources is sold back to the utility grid. Let us
denote the energy sold back as SB, which can be calculated as

SB(t) = Esb(t) × rsb (12)

where Esb(t) = ssb(t) + wsb(t) + gsb(t), and rsb is the unit reward
from sold back energy.
Solar power: The energy generated from solar power source es(t)

at any time-step t typically depends on the solar irradiation I(t) at the
corresponding time t and the size of the solar panels. There is also
an operation and maintenance cost associated with solar panels
denoted as rsomc. Based on Ref. [38], the solar energy es(t) can be
calculated as

es(t) =
0, if as(t) = 0
I(t) × A × δ × Δt/1000, if as(t) = 1

{
(13)

where as(t) denote the switch status of solar at time-step t, which
can be on or off. I(t) is the solar irradiance in W/m2, A is the area
of the solar panel, and δ is the efficiency of the solar PV system.
Wind power: The energy generated from wind depends on the

wind parameters and can be calculated as [6]

ew(t)=

0, if aw(t)=0,orW(t) Wci orW(t)〈 〉Wco

nwRwΔt, if aw(t)=1andWr ≤W(t)<Wco

nwRw
W(t)−Wci

Wr−Wci
Δt, if aw(t)=0andWci≤W(t)<Wr

⎧⎪⎨
⎪⎩

(14)

where aw(t) represents the switch status of the wind power source,
nw is the number of wind turbines, W(t) is the wind speed at
time-step t, Wci is the cut-in speed while Wco is the cutoff speed,
Wr represents the rated wind speed, and Rw denotes the rated
power of wind turbine (kW). The rated power can be calculated as

Rw=
1
2
×ρ×π×r2w×v

3
avg×θ×ηt×ηg/1000 (15)

where ρ denotes the density of air, rw is the radius of the wind
turbine blade, vavg is average wind speed, θ is the power coefficient,
and ηt and ηg represent the gearbox transmission efficiency and
electrical generator efficiency, respectively.

Table 1 Table of notations

Symbol Definition

Ad Discrete actions
ai Action of machine i
Ac Continuous action
EU Energy cost for purchased energy from utility grid
MC Operation cost of the microgrid
TP Throughput reward
SB Reward for selling back energy
P Energy usage from utility grid
rb Electricity cost per unit purchased from utility grid
Pm Energy purchased from grid for manufacturing
Pb Energy purchased from grid for battery charging
sm Solar energy for manufacturing
wm Wind energy for manufacturing
gm Generator energy for manufacturing
bm Energy discharged from the battery supporting

manufacturing
Emfg Total energy consumed by manufacturing system at

time-step t
PCit The amount of power drawn from machine i at time t
Δt Time between two consecutive time-steps
rsomc Unit operation and maintenance cost of solar energy
rwomc Unit operation and maintenance cost of wind energy
rgomc Unit operation and maintenance cost of generator energy
es Energy generated from the solar
ew Energy generated from the wind
eg Energy generated from the generator
CB(t) Battery degradation cost at time t
C Number of charge/discharge cycles
D Depth of discharge
PB Battery operating mode signal (charging/discharging

signal)
ΔT Summation of k intervals
EA Actual capacity of the battery (MWh)
CBC(t, D(ΔT)) Battery degradation cost for one charging–discharging

cycle
Ccap Capital cost of the battery per unit energy
EB,r Rated energy capacity of the battery
f (t) Battery’s charging/discharging cycle transition

identification function
AE(t) Accumulated energy (kWh) related to one charging or

discharging cycle
PC Production count at time t
Esb Total sold back energy
rsb Reward for one unit of sold back energy
SOC State of the charge of battery
rp Reward associated with each finished product
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The wind speed W(t) and the solar irradiance I(t) affect the
system dynamics and cost function but are unaffected by the
control actions. They depend on time and weather conditions.
The model formulation assumes access to a deterministic forecast
of this information. Both W(t) and I(t) are derived from data span-
ning 1 year, assumed to consist of 360 days with 24 h each, totaling
8640 h [39,40].
Generator power: The energy from the generator source eg(t) is a

nonrenewable source of energy that can be utilized in case of exces-
sive demands or unavailability of renewable energies [6]. It can be
calculated as

eg(t) =
0, if ag(t) = 0
ng × Rg × Δt, if ag(t) = 1

{
(16)

where ng is the number of generators, ag(t) is the status of the gen-
erator at time t, and Rg is the rated power of the generator (kW).
Energy storage system: The ESS is modeled based on Ref. [41].

The battery’s lifespan, measured in the number of charge–discharge
cycles C, varying inversely with the depth of discharge D [42], can
be represented as

C(D) = β0 × D−β1 × exp(−β2 × D) (17)

where β0, β1, and β2 are positive curve fitting coefficients. This
expression is valid for different types of batteries with different
parameters [43].
Continuous monitoring of the battery operating mode signal,

denoted as PB, enables the identification of charging or discharging
events. A charging cycle is indicated when PB(t) is positive, indicat-
ing power consumption, while a discharging cycle is indicated
when PB(t) is negative, representing power delivery. Each charging
or discharging cycle can last for k intervals.
Based on Ref. [42], the depth of discharge D after a discharging

or charging event during time ΔT can be represented as

D(ΔT) =
PB(t)ηΔT
EA(t)

∣∣∣∣
∣∣∣∣ (18)

where PB(t) is the charging or discharging power, EA(t) is the actual
capacity at time t, and η is the charging or discharging efficiency. It
can be represented as

η =
ηc, if PB(t) ≥ 0
1
ηd

, if PB(t) < 0

⎧⎨
⎩ (19)

The amount of life lost due to the preceding charging or discharg-
ing cycles is equivalent to 1/2 C(D(t)) [43,44]. Therefore, the
battery degradation cost, denoted as CBC(t, D(ΔT)), for one charg-
ing or discharging cycle can be written as

CBC(t, D(ΔT)) =
Ccap × EB,r

2C(D(ΔT))
(20)

where Ccap indicates the capital cost of the battery per unit energy
and EB,r is the rated energy capacity of the battery. The actual
capacity of the battery decreases after the completion of a charging
or discharging cycle. This degradation analogizes 1/2 C(D). There-
fore, the actual capacity of the battery after completion of a charging
or discharging cycle can be calculated as

EA(t + Δt) = EA(t) −
EB,r

2C(D(ΔT))
(21)

Let f (t) be a binary variable to identify the state transition during
charging and discharging events in two consecutive time intervals,
which can be expressed as

f (t) =
1, if PB(t)PB(t − 1) ≤ 0
0, if PB(t)PB(t − 1) > 0

{
(22)

We define another variable, AE, as the accumulated energy
(kWh) related to one charging or discharging cycle. It can be
written as

AE(t) = (1 − f (t))AE(t − 1) + PB(t)Δt (23)

Hence, the cost of battery degradation CB(t) over successive time
intervals can be represented by the state transition signal f (t) in con-
junction with the accumulated energy AE(t) as follows:

CB(t) = CBC t,
AE(t)
EA(t)

( )
− (1 − f (t))CBC t,

AE(t − 1)
EA(t − 1)

( )
(24)

4.2.2 Utility Grid. Typically, a utility grid is utilized as a last
resort when no other power source is available or when it offers a
more cost-effective option. The cost of power usage from the
public grid, denoted as EU, can be defined as follows:

EU = P(t) × rb(t) (25)

where P(t) is the energy usage from utility grid while rb(t) is the
electricity cost per unit. The purchased power is mainly used to
support the manufacturing system and charge the battery, so P(t)
can be written as

P(t) = (Pm(t) + Pb(t)) (26)

where Pm(t) is the energy purchased from the grid to support the
manufacturing and Pb(t) is the energy purchased to charge the
battery.

Pm(t) = Emfg(t) − (sm(t) + wm(t) + gm(t) + bm(t)) (27)

where Emfg(t) is the total energy consumed by the manufacturing
system at time t as given in Eq. (10).
Our proposed integrated system is based on the following

constraints.

(1) ESS in the microgrid should maintain a certain state of
charge (SOC), i.e.,

SOCmin ≤ SOC(t) + (sb(t) + wb(t)

+gb(t) + pb(t))η −
bm(t)
η

≤ SOCmax (28)

where SOCmin and SOCmax are, respectively, the minimum
and maximum thresholds, which cannot be exceeded by
the battery charge. They depend on the actual capacity of
the battery EA(t) and are given as

SOCmin = 0.05 × EA(t) (29)

SOCmax = 0.95 × EA(t) (30)

(2) The amount of energy provided by solar to the manufactur-
ing, battery storage, and sold back cannot exceed the total
amount of energy generated by the solar panels, i.e.,

sm(t) + sb(t) + ssb(t) = es(t) (31)

Similarly, for the wind and generator energies, the energy gener-
ated cannot exceed the energy supplied which can be presented as
follows:

wm(t) + wb(t) + wsb(t) = ew(t) (32)

gm(t) + gb(t) + gsb(t) = eg(t) (33)

(3) The battery cannot be charged and discharged simulta-
neously, i.e.,
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(sb(t) + wb(t) + gb(t) + pb(t)) × bm(t) = 0 (34)

(4) The energy cannot be purchased from the grid and sold back
to the grid simultaneously, i.e.,

(ssb(t) + wsb(t) + gsb(t))( pm(t) + pb(t)) = 0 (35)

(5) The energy purchased from the grid can be used for either
supporting manufacturing or charging the battery, but not
simultaneously, i.e.,

pm(t) × pb(t) = 0 (36)

(6) The total energy consumed by manufacturing must be equal
to the total energy supplied by different sources to the man-
ufacturing as given by Eq. (27).

5 Control Problem Formulation and Solution
In this integrated system, the control objective is twofold: to

enhance the throughput while conserving energy. Control actions
on the demand side entail activating and deactivating machines.
Conversely, on the supply side, actions involve activating/deacti-
vating energy sources and allocating energy from each source to
the manufacturing system, battery storage, and selling excess
energy back to the utility grid. Managing such an integrated
control setup is exceptionally challenging due to the stochastic
and nonlinear nature of the manufacturing system, which lacks
closed-form representation [37,45]. Furthermore, controlling the
supply side exacerbates the complexity, constituting an NP-hard
problem. Real-time execution further compounds the challenge.
The absence of a closed-form representation impedes the applica-
tion of traditional control methods. Consequently, we approach
the problem as a Dec-POMDP and tackle it using MARL. The over-
arching aim is to determine an optimal policy in stochastic scenar-
ios, mapping states to actions, to maximize rewards.

5.1 Dec-POMDP Framework for MARL. In the MARL
framework, at state st , each agent i,i = 1, 2, . . . , n, selects their
own action ait and receives the corresponding reward rit(st , a

1
t ,

a2t , . . . , a
n
t ). These actions result in a joint action at = (a1t ,

a2t , . . . , a
n
t ), and the state transitions to the next state st+1 with

the transition probability p(st+1|st , at) such that it satisfies∑
st+1∈S p(st+1|st , at) = 1. Each agent strives to maximize their

own discounted accumulated reward by selecting actions ait under
the policy πit , which represents the decision-making rule for the dis-
tribution of their actions. The policy for each agent i is represented
by πi = (πi0, π

i
1, . . . , π

i
t , . . .). Given an initial state s, and discount

factor γ ∈ [0, 1), the accumulated reward can be expressed as

vi(s,π1,π2, . . . , πn) =
∑∞
t=0

γtE(rit |π1,π2, . . . , πn,s0 = s) (37)

Since the transition probabilities are unknown in this system, a
model-free MARL algorithm is employed. This approach elimi-
nates the need for assumed transition probabilities and focuses
solely on defining observations, actions, and rewards.

5.1.1 Observations. Observations refer to information that
each agent has about the current state of the system. These “raw
observations” only reflect local information from individual
agents and may result in sub-optimal performance in coordinated
control problems. Since our system comprises both continuous
agents, i.e., energy sources, and discrete agents, i.e., machines,
each type has a different observation. The ith discrete agents’ obser-
vation is represented as

odi (t) = {θi(t), b1(t),b2(t), . . . ,bM−1(t)} (38)

where θi(t) represents the status of machine i at time t, which can be
either off or on (represented as 0 and 1, respectively), and bit repre-
sent the level of buffer i at time t.
Similarly, the ith continuous agent’s observation can be repre-

sented as

oci (t) = {SOC(t),Ci} (39)

where SOC(t) represents the state of charge of the ESS at time t and
Ci = [cm,cb, csb] with cm being the amount of energy dispatched to
manufacturing, cb being the amount of energy dispatched to the
battery, and csb being the amount of energy sold back to the
utility grid. In this case, i ∈ {solar,wind,generator} and the values
from solar and wind depend on the corresponding values of the
solar irradiation and wind speed.
In a Dec-POMDP, the state usually comprises the observations of

all agents, i.e.,

st = {odi (t), oci (t)} (40)

5.1.2 Action. The actions are also distributed based on the type
of agent. A discrete agent, i.e., the machine can either be on or off. It
is defined as

Ad = {ai} (41)

where ai ∈ {0, 1} represents the action of machine i to be turned on
or off.
Similarly, the continuous agents including solar, wind, and gen-

erator energy sources are responsible for deciding the proportion of
source to manufacturing, battery storage, and sold back. It is defined
as

Ac = {ajθ, a
j
m,a

j
b, a

j
sb} (42)

where ajθ ∈ [0, 1] represents the status of the power source j, which
can be either switched on or off; ajm represents the proportion of
power from source j to the manufacturing; ajb represents the propor-
tion to battery; and ajsb is the proportion sold back to the utility grid.
In this case, j ∈ {solar,wind,generator}.

5.1.3 Reward. The global reward encapsulates the effective-
ness of the collective actions undertaken by all agents. In the
context of this article, our aim is to simultaneously minimize the
total energy cost and maximize production throughput. As previ-
ously mentioned, energy costs stem from various sources: energy
purchased from the utility grid, operational expenses of the micro-
grid responsible for energy generation, and revenue generated
by selling excess energy back to the utility grid, which we seek
to optimize. Likewise, production throughput originates from the
manufacturing system and is contingent upon machine operations.
With these objectives in mind, the following reward function is for-
mulated:

ri = −EU −MC + TP + SBi (43)

where EU is the power purchased from the utility grid, given in
Eq. (25); MC is the operational cost of the microgrid given
in Eq. (11); TP is the manufacturing system’s throughput as given
in Eq. (9); and SB is the reward from energy sold back to the utility
grid by agent i at time t, given in Eq. (12).

5.2 MADDPG. We utilize the MADDPG algorithm [46] to
address our control problem. Each machine, denoted as Si, in the
manufacturing system, and each power source, solar, wind, or gen-
erator, is regarded as an individual agent. Given that machines are
simply switched on or off, discrete actions suffice for their
control. However, energy sources must determine the distribution
of energy among manufacturing, battery storage, and selling
back, necessitating continuous action values. Moreover, energy
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sources must decide whether to activate or deactivate each source.
Therefore, the MADDPG algorithm is employed to handle both dis-
crete and continuous types of agents.
Figure 2 provides a general overview of the control structure

operating in the integrated microgrid-manufacturing system. Each
agent is initialized with its actor and critic networks. Agents delin-
eated by solid boundary lines represent continuous agents, while
those delineated by dashed lines represent discrete agents.
Actions are initialized based on initial observations. Actions from
continuous agents depend on additional parameters; for instance,
solar energy is contingent upon solar irradiance data. The available
solar power is then distributed based on actions generated by the
solar power source. Similarly, wind energy depends on wind
speed, and generator energy depends on the number of generators
and fuel price. For discrete actions, the decision is solely to turn
machines on or off. Based on these actions, total energy demand
is generated depending on the operational status of all machines.
This demand is then compared with the total available energy
from different power sources for manufacturing. If the demand is
less than available energy, it is met, and any surplus energy may
be used for battery charging or sold back to the utility grid. Con-
versely, if the demand exceeds energy supply, battery storage
may be utilized, or additional energy purchased from the utility
grid. Using Eq. (43), the reward is calculated and sent to agents
along with corresponding observations. The control algorithm oper-
ates in this manner, seeking an optimal policy to maximize total
reward while minimizing energy consumption.

Algorithm 1. Pseudocode for the proposed MADDPG with
continuous and discrete agents

Inputs:
- Manufacturing environment with continuous and discrete action
spaces

- Number of agents
- Continuous policy network ( μ) for continuous actions
- Discrete policy network (π) for discrete actions (with Softmax layer)
- Continuous target network ( μ′)
- Discrete target network (π′)
- Critic network (Q) for evaluating actions
- Critic target network (Q′)
- Replay buffer
- Hyperparameters (learning rates, discount factor, exploration noise,
etc.)

Initialize:
- For each agent:
- Continuous policy network ( μ): Neural network for continuous
actions

- Discrete policy network (π): Neural network for discrete actions
with Softmax

- Continuous target network ( μ′): Copy of the continuous policy
network

- Discrete target network (π′): Copy of the discrete policy network
- Critic network (Q): Neural network for evaluating action-value
function

- Critic target network (Q′): Copy of the critic network
- Replay buffer: Store experiences (St , Ac, Ad , Rt , St+1)
- Optimizers for continuous and discrete networks

For each episode:
Initialize the environment and get the initial states (s1, s2, . . . , sN )
For each time-step within the episode:
For each agent:
- Compute continuous action Ac using μ
- Compute action probabilities for discrete actions using π with
Softmax layer

- Sample discrete action Ad based on these probabilities
- Combine Ac and Ad to form the complete action vector
- Execute the combined action in the environment
- Observe new states and reward
- Store experience (S, Ac, Ad , Rt , S′) in replay buffer

Sample a batch of experiences from replay buffer
For each agent:
- Compute the target continuous action using target network (μ′):
A′
c = μ′(s′)

- Compute the target discrete action using target network (π′):
A′
d = π′(s′)

- Compute the target Q value: Qtarget = r + γ × Q′(s′, A′
c , A′

d )
- Update critic network (Q):
- Compute critic loss: lossQ = L(Q(s, Ac, Ad), Qtarget)
- Optimize critic network with lossQ

- Update continuous policy network ( μ) by minimizing the loss
between Q value and Qtarget:lossc = L(Q(s, Ac, Ad), Qtarget)

Optimize continuous policy network with lossc
- Update discrete policy network (π) by maximizing the expected
reward based on action probabilities: lossd = −L(Q(s, Ac, Ad),
Qtarget)

Optimize discrete policy network with lossd using A2C
Update target networks (μ′ and π′) using Polyak averaging

μ′ ← τμ + (1 − τ)μ′

π′ ← τπ + (1 − τ)π′

Q′ ← τQ + (1 − τ)Q′

The MADDPG framework is extended to handle both continuous
and discrete agents. To achieve this, two distinct policy networks
have been integrated: a continuous policy network, denoted as μ,
and a discrete policy network, denoted as π. The continuous
policy network μ is designed to generate continuous actions Ac,
while the discrete policy network π produces probabilities for dis-
crete actions Ad . The discrete actions are sampled based on these
probabilities, which are computed using a Softmax layer in π.
The critic network, parameterized by ψ , evaluates state-action

pairs (S,Ac,Ad) and is used to compute theQ values. To improve sta-
bility and performance, target networks are employed for both con-
tinuous and discrete agents. The target continuous network μ′ and
the target discrete network π′ are copies of the continuous and dis-
crete policy networks, respectively. These target networks are used
to compute the target Q values, which guide the updates of the critic
network and policy networks.
During each episode, the environment is initialized, and initial

states are obtained. For each time-step t within an episode, each
agent computes its continuous action Ac using the continuous
policy network μ. Simultaneously, the discrete policy network π
computes action probabilities for discrete actions, from which dis-
crete actions Ad are sampled. The combined actions Ac and Ad are
executed in the environment, and new states and rewards are
observed. This experience, consisting of the state, actions, reward,
and next state, is stored in the replay buffer. A batch of experiences
is then sampled from the replay buffer for training. For each agent,
the target continuous action A′

c and the target discrete action A′
d are

computed using the target networks μ′ and π′. The target Q value
is calculated as Qtarget = Rt + γQ(S′, A′

c, A′
d; ψ ′), where γ is the dis-

count factor. The critic network is updated by minimizing the loss
function, which measures the difference between the predicted Q
values and the target Q values. The loss function is given by
lossQ = E(S, Ac , Ad , Rt ,S′)∼Replay Buffer[(Q(S,Ac,Ad , ; ψ) − Qtarget)2]. For
the continuous policy network μ, the policy loss is computed using
the critic network. The loss function for the continuous actions is
given by
lossc = −E(S,Ac ,Ad ,Rt ,S′)∼Replay Buffer[L(Q(S, Ac, Ad, ; ψ), Qtarget)], and
the network is optimized accordingly.
Similarly, the discrete policy network π is updated using its

own policy loss function, which is given by lossd = −E(S,Ac , Ad ,
Rt ,S′) ∼ Replay Buffer[L(Q(S,Ac,Ad,; ψ),Qtarget)]. This loss is opti-
mized using advantage actor critic (A2C). Finally, the target net-
works are updated using Polyak averaging to ensure stability in
the training process. The update rules for the target networks
are: μ′ ← τμ + (1 − τ)μ′ and π′ ← τπ + (1 − τ)π′, where τ is the
update rate. This approach effectively integrates both continuous
and discrete action handling within the modified MADDPG
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framework, providing a robust method for managing complex envi-
ronments with mixed agents.

6 Case Study
This section conducts numerical studies to validate the effective-

ness of the proposed modeling and multiagent control solutions. An
integrated microgrid-manufacturing system is examined to demon-
strate the method. The manufacturing data is based on automobile
production lines located in the Midwest of the United States and
it is assumed that the production operates on three shifts. The man-
ufacturing system comprises five machines and four buffers, with
system parameters obtained from Refs. [6,30]. For all the machines,
random disruptions are generated, assuming a geometric distribu-
tion using the mean time between failures and the mean time to

repair. For comparison, random and centralized RL-based control
approaches are employed as alternative methods to address the
same problem. Various performance metrics are considered, includ-
ing (1) system production throughput using the trained policy, (2)
microgrid total operational cost, (3) amount of energy sold back
to the utility grid, (4) ESS degradation cost, and (5) total energy
cost. The case study aims to arrive at several significant conclu-
sions: (1) the proposed MARL control scheme effectively optimizes
energy distribution and management and (2) the proposed MARL
scheme and a rule-based policy derived from the MARL policy sur-
passes a centralized RL-based policy and random control methods
in terms of the performance metrics such as the throughput and
the total energy cost.

6.1 Experiment Parameter Setting. The agents in this study
are trained using the MADDPG algorithm over approximately
600 episodes. Each episode encompasses 3000 time-steps, which
simulates a duration of 1 week, considering a work schedule of 5
days and 10 h per day. During training, after the completion of
each episode, the environment is reset, and agents are randomly ini-
tialized to ensure varied conditions. Training is conducted until
convergence is reached, which typically occurs around 500 epi-
sodes, as illustrated by the reward training curve shown in Fig. 3.
The neural network architecture used for training consists of two

fully connected hidden layers, each containing 64 hidden units. The
reward function is derived based on the formulation provided in
Eq. (43), with a discount factor (γ) set at 0.99. The actor network’s
learning rate (αa) is set to 0.003, while the critic network’s learning
rate (αc) is 0.001.
The parameters for the microgrid used in the experiment are sized

according to the manufacturing load methods outlined in Ref. [11].
Details for the wind turbine, battery storage system, solar panel, and
generator are provided in Table 2. Solar irradiance and wind speed
data are sourced from Solar Energy Local [39] and the State Clima-
tologist of Illinois [40], respectively.Fig. 3 Training curve: reward versus time

Fig. 2 MADDPG-based control framework for the integrated system
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To avoid computational overflow, all parameters are scaled
by employing alternative units of measurement. Specifically, dis-
tance is measured in kilometers (1 km= 1000 m), time in hours
(1 h = 3600 s), speed in kilometers per hour (1 km/h= 3.6 m/s),
energy in megawatts (1 MW= 1,000,000 W), monetary cost in units
of $10,000, area in square kilometers (1 km2= 1,000,000 m2), and
mass in millions of kilograms (1,000,000 kg). The time period is
recorded in hours.

6.2 Effective Evaluation of the Proposed Method. Follow-
ing the training of the algorithm, the proposed integrated control
policy is assessed using performance metrics. The integrated
system operates for a duration of 100 time-steps (hours), after
which various performance metrics are observed and analyzed.

6.2.1 Total Energy Cost. Reducing overall energy con-
sumption stands as a key objective of this study. As mentioned
earlier, it encompasses the costs associated with microgrid opera-
tions, energy procurement from the utility grid, and energy sold
back. To assess the efficacy of our MARL-based control scheme,
we compare the total energy consumption under the MARL
policy with that of centralized RL-based control, random control,
and rule-based control derived from the trained MARL policy.
The rule-based policy is explained in the subsequent section.
As depicted in Fig. 4, random control exhibits the highest energy

consumption, given its lack of adherence to specific rules. Among
the remaining three control methods, RL-based control consumes
more energy than both MARL-based and rule-based controls, The
rule-based approach closely resembles the MARL policy it is
derived from. Overall, MARL-based control incurs the lowest
energy costs due to its training to manage interactions and uncer-
tainties among different agents. Over a 100-h period, MARL-based
control results in an energy expenditure of approximately $5500.
Rule-based control, which is summarized from trained MARL-
based policy and will be introduced in the next section, costs
around $7500, RL-based control around $9000, and random
control approximately $19,000.

6.2.2 Throughput. Another performance metric involves max-
imizing the system throughput, defined as the number of parts pro-
duced by the last machine SM of the manufacturing system. The
throughputs are compared between the RL-based control policies
and the random control strategies. Figure 5 illustrates the compari-
son of throughputs, demonstrating a notable increase in the through-
put with multiagent control compared to the other methods.

6.2.3 Battery Degradation. The cost of battery degradation
stands as another crucial parameter. Batteries represent a significant
investment and must be optimally managed to prolong their useful
life. As discussed earlier, changes in the storage capacity of batteries
occur over time and with different charging/discharging patterns.
To assess the reduction in the cost of battery degradation, we
adapted the work of Ref. [6] and introduced the concept of
battery degradation into their RL-based control policy. Figure 6
illustrates the comparison between the cost of battery degradation
and the actual capacity of batteries within both the RL-based
control framework and our multiagent control framework. Signifi-
cant improvements are evident in both comparisons.
Over a span of 100 h, the battery degradation cost amounts to

nearly $190 under the RL-based control policy. In contrast, under
our proposed MARL-based policy, the degradation cost reduces
to $170, representing a notable decrease compared to the RL
policy. Likewise, in the RL-based control policy, the actual capacity
of the battery diminishes by 0.0006 MWh over the 100-h period.
Conversely, under the proposed control policy, the actual capacity
of the battery decreases by only 0.0005 MWh during the same
time frame.
Figure 7 illustrates the mode variations of the batteries, indicating

whether they are charging or discharging. It is evident that the
charging/discharging cycles switch more frequently under the RL
control policy. In contrast, our updated integrated control takes
these variations into account and adjusts the reward accordingly
based on the corresponding cycle switches. Agents receive penalties
if they contribute to increased battery degradation costs or reduced
actual battery capacity. In our integrated system with battery degra-
dation, the cycle switches occur only six times, whereas in the inte-
grated system without considering battery degradation, the cycles
switch around 14 times. This difference results in an increase in
battery degradation cost and a decrease in actual capacity.

7 Insight From the Trained MARL-Based Policy
RL and DRL are extensively discussed topics across various

fields, proving useful in navigating complex environments, espe-
cially when the system dynamics are partially or completely
unknown. In the realm of renewable energy and microgrids, they
have been widely employed to address issues such as demand man-
agement, distributed control, and price management. However, a
consistent concern exists across domains regarding the nature of
DRL algorithms.
To address this concern, we delve into our trained policies and

extract the usage pattern. Following training across diverse environ-
ments, we examine the energy distribution profile for the manufac-
turing demand, as shown in Fig. 8. The x-axis represents the
time-steps, along which the distribution pattern is observed for
200 time-steps (hours). The y-axis on the left side indicates the
amount of energy dispatched by each power source to meet
the manufacturing demand, which is represented by the y-axis on
the right side.
Based on 1-year data from Solar Energy Local [39] and State Cli-

matologist of Illinois [40], solar power predominantly meets the
demand, with wind power supplementing it as needed. Generator
power remains largely unused due to two main factors: either the
demand is met by solar and wind energy, or the generator’s produc-
tion cost is higher than the utility grid’s cheaper rates. While Fig. 8
shows no generator use, it is infrequently utilized, typically only
when solar, wind, and battery storage are unavailable, or when
grid prices are prohibitively high. Such conditions are rare, explain-
ing the minimal generator use in Fig. 8, where solar, wind, and
battery resources are sufficient to meet demand. In the broader
dataset, the generator is activated only under these specific condi-
tions—when other energy sources are unavailable, and grid costs
are high. Additionally, there are time-steps, such as at 170 and
185, where demand appears to be zero, yet solar or wind power con-
tinues to be supplied. This discrepancy results from smoothing the

Table 2 Parameters for the microgrid

Parameters Value

Wci (m/s)—cut-in speed 3
Wco (m/s)—cutoff speed 11
Wr(m/s) —rate speed 7
ρ (kg/m3)—air density 1.225
r (m)—blade radius 25
ηt—gear box efficiency 0.9
ηg—generator efficiency 0.9
θ—power coefficient 0.593
rwomc($/kWh)—unit cost wind 0.08
nw—number of wind turbines 1
EBr (kWh)—battery capacity 350
η—battery efficiency 0.95
Ccap($/kWh)—capital cost of the battery per unit energy 334
A (m2)—solar panel area 1400
δ—solar panel efficiency 0.2
rsomc($/kWh)—solar unit cost 0.06
ng—number of generators 1
Rg (kW)—generator capacity 65
rgomc ($/kWh)—generator operating cost 0.45
rsb ($/kWh)—reward sold back 0.2
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demand curve for representation, which shows zero demand while
energy is still being consumed.
Overall, the trained policy optimizes control objectives by reduc-

ing energy consumption and increasing the throughput through
actions taken at both the microgrid and manufacturing levels.
However, the rationale behind these actions remains unknown.
Therefore, we plot the correlation between the selected continuous
actions under the trained policy and the climate conditions, as
shown in Fig. 9.
For each climate variable (e.g., solar irradiation, wind speed),

daily averages are calculated across 8 days, which is the evaluation
period, and plotted alongside the corresponding average continuous
actions taken by the agents over a 24-h period. The focus is on con-
tinuous actions, specifically the energy supplied by each source to
the manufacturing system, the battery, and the grid. The different
markers indicate energy sources (solar, wind, and generator) and
energy allocation (manufacturing, battery storage, or grid sales).
Solar irradiance is normalized for clarity, with the x-axis represent-
ing a 24-h cycle and the y-axis showing solar irradiance and wind
speed.
The figure reveals that no energy is supplied by solar, wind, or

the generator during the early hours (midnight to 6 a.m.), when
the battery or utility grid meets the demand. From 6 a.m. to 6
p.m. (starting at 5 a.m. on the x-axis), most energy comes from
solar and wind, peaking around noon when solar power fulfills
manufacturing demand, charges the battery, and is sold to the
grid. After 6 p.m., wind continues to supply some energy, though
it is insufficient, prompting the generator to activate as utility
prices rise.
While Fig. 9 offers a comprehensive view of energy contribu-

tions, the generator markers occasionally overlap, as it supplies
excess energy to manufacturing, battery storage, and grid sales
simultaneously. However, the general trends remain clear.

Using the trained MARL policy as a foundation, we propose a
rule-based schedule applicable to similar environments with compa-
rable climate conditions and energy needs. The 24-h usage profile is
divided into four quarters, as shown in Fig. 10.
From midnight to early morning (12:00 a.m. to 6:00 a.m.), wind

energy is the primary source, supplemented by the utility grid or
ESS, as generator use is more costly during this period. From
morning through early evening (6:00 a.m. to 6:00 p.m.), solar
power is prioritized as the optimal energy source, with wind
energy used as needed to meet demand. During the evening and
into the night (6:00 p.m. to 12:00 a.m.), wind energy remains
active, while the generator is engaged only if utility prices exceed
generation costs, ensuring uninterrupted operation.
In all scenarios, demand from manufacturing takes first priority,

followed by battery storage utilization, with any excess energy sold
back to the utility grid. Based on this distribution profile, we

Fig. 4 Total energy consumption under different control
policies

Fig. 5 Comparison of the throughputs based on different
control policies

Fig. 6 Comparison under RL- and MARL-based controls of (a)
battery degradation cost and (b) actual capacity

Fig. 7 Battery’s charging/discharging patterns
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establish a rule-based control scheme and evaluate it in our environ-
ment, comparing it with RL-based and MARL-based control
policies.
This rule-based approach is crafted based onMARL policies for a

specific manufacturing system based on Ref. [30] and climatic con-
ditions based on Refs. [39,40]. Consequently, its efficacy might
diminish in vastly different settings compared to the current
context. While its effectiveness might be limited in very different
settings, it provides a strong starting point, especially when comput-
ing power is limited. As shown in Fig. 7, this rule-based policy per-
forms just shy of the MARL policy and even outperforms the

centralized RL approach in terms of overall energy cost. Therefore,
this rule may be applied in similar environments and can be easily
implemented in real-world scenarios. It prioritizes cost-effective
renewables like solar and wind, with the potential to integrate addi-
tional options. However, if other renewable sources become more
economical, the rule can be easily adjusted based on their relative
costs.
Moreover, while not as adaptable as MARL, the rule-based

policy can provide baseline performance without requiring the sig-
nificant computational overhead associated with training a DRL
model. We believe it can serve as a useful tool when transitioning

Fig. 8 Energy distribution profile from microgrid to the manufacturing system

Fig. 9 Correlation among climate conditions and MARL actions
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to a more complex MARL policy. Specifically, by using rule-based
strategies to guide initial agent behavior, the exploration phase in
MARL training can be significantly reduced. Since the agents do
not need to explore all possible states from scratch, they can learn
more efficiently, which speeds up the convergence of the MARL
model. This hybrid approach offers a practical balance between
computational simplicity and performance, particularly in the
early stages of training, and can be especially useful when experi-
menting with new environments or applications where training
data is limited or costly.

8 Conclusion
This article addresses the integration of a microgrid with a man-

ufacturing system while considering the degradation cost of energy
storage systems. The study encompasses several key steps: First, it
involves modeling and assessing the dynamics of combined energy
consumption, encompassing microgrids, ESS, and manufacturing
systems. Subsequently, it situates the supervisory control of the
integrated microgrid-manufacturing system within the Dec-
POMDP framework, establishing a multiagent system that includes
both discrete and continuous agents. To address the control chal-
lenge within this framework, the study employs the MADDPG
algorithm. Upon completion of the training phase, the policy is
evaluated, and a rule-based approach is extracted for straightfor-
ward implementation in real-world settings, circumventing the
need for complex computational resources. Comparative analysis
among our MARL-based approach, centralized RL-based approach,
and random control demonstrates that the proposed rule-based
control outperforms random and RL-based control strategies.
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